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ABSTRACT

GENERATION OF IMAGE SERIES FROM A SEQUENCE OF RELATED SHORT
SENTENCES

The aim of this study is to generate a series of coherent images from a sequence of related
short sentences, effectively illustrating a short story. While generating an image from text
is a well-researched yet open problem, this work extends the challenge by incorporating
information from previous images to ensure narrative continuity and avoid unrelated scenes.
The Pororo-SV Dataset is re-annotated using Chain of Thought (CoT) and few-shot prompting
techniques by Gemini. Additionally, the Dynamic Storytelling Pororo-DS Dataset is
introduced, prepared specifically for this work to capture key dynamics such as emotional
changes, goal achievements, and social interactions, providing a basis for measuring
coherence. The approach leverages a pre-trained Latent Diffusion Model (LDM), adapted
through Low-Rank Adaptation (LoRA), to generate high-fidelity images from text prompts.
A Gated Recurrent Unit (GRU) network-based Coherence Classifier ensures the narrative
consistency of the generated sequences by selecting subsequent scenes based on the initial one.
Evaluation metrics include the Structural Similarity Index (SSIM), Fréchet Inception Distance
(FID), and custom character representation accuracy measures, such as Character Presence
Accuracy (CPA), Duplication Character Rate (DCR), and Character Exact Match Accuracy
(CEMA). The results demonstrate that the model achieves competitive SSIM and FID scores,
with improved character presence and coherence, effectively selecting generated images that
describe a short story. The Coherence Model using CLIP encodings for text and images
outperformed BERT and ResNet models, indicating that CLIP’s superior semantic alignment
and unified representation effectively improve learning coherence. The experiments showed
that GRU with CLIP encodings performed best, highlighting the importance of advanced
sequence modeling and integrated multi-modal representations for coherence learning. This
study illustrates the effectiveness of combining domain adaptation techniques with coherence

classification to enhance text-to-image generation for the generation of image series.



OZET

ILGILI KISA COMLELER DiZiSINDEN GORUNTU SERISININ URETILMESI

Bu calismanin amaci, bir dizi ilgili kisa ciimleden tutarli bir goriintii serisi olusturarak
kisa bir hikayeyi etkili bir sekilde resmetmektir. Metin tabanli goriintii olusturma, iyi
arastirnlmis ancak hala agik bir problemdir. Bu c¢aligma, anlati biitiinliigiinii saglamak
ve alakasiz sahneleri onlemek icin onceki goriintii ve metinlerden bilgi aktarimi yaparak
bu problemi ele almaktadir. Pororo-SV Veri Seti, Diisiince Zinciri (Col') ve az 6rnekli
istem teknikleri (Few-Shot) kullanilarak Gemini tarafindan yeniden etiketlenmistir. Ayrica,
duygusal degisiklikler, hedef basarilar1 ve sosyal etkilesimler gibi temel dinamikleri
yakalamak amaciyla Dinamik Hikaye Anlatimi1 Pororo-DS Veri Seti tanitilmigtir ve tutarliligi
Olcmek i¢in bir temel saglamaktadir. Yaklasim, diisiik dereceli adaptasyon (LoRA) yoluyla
uyarlanan Onceden egitilmig bir stabil difiizyon modeli (LDM) kullanarak metinlerden
yliksek kaliteli goriintiiler iiretir. GRU tabanli Tutarlilik Siniflandiricisi, baglangi¢ sahnesine
dayali olarak sonraki sahneleri segerek dizilerin anlati tutarliligim1 saglar. Degerlendirme
Olciitleri arasinda yapisal benzerlik indeksi (SSIM), Fréchet Inception mesafesi (FID)
ve bu calisma icin Ozellestirilmis karakter temsil dogruluk olciimleri olan Karakter
Varlik Dogrulugu (CPA), Tekrarlanan Karakter Oram1 (DCR) ve Karakter Tam Eslesme
Dogrulugu (CEMA) bulunur. Sonuclar, modelin rekabet¢i SSIM ve FID skorlarina
ulagtigini, karakter varligi ve tutarlilifinda iyilesme sagladigini ve goriintiilerin kisa bir
hikayeyi etkili bir sekilde tanimladigim1 gostermektedir. Metin ve goriintiiler icin CLIP
kodlamalarim1 kullanan Tutarlilik Modeli, BERT ve ResNet kodlamalarindan daha iyi
performans gostererek, CLIP’in iistiin anlamsal hizalama ve birlesik temsil yeteneklerinin
tutarlilig iyilestirdigini gostermektedir. Deneyler, CLIP kodlamalariyla birlikte GRU nun en
1yl performanst sundugunu ortaya koymus ve gelismis dizi modelleme ile entegre coklu
modal temsilin tutarlilik 6grenimindeki 6nemini vurgulamistir. Bu calisma, metinden
goriintii serisi olusturma siirecinde, alan adaptasyon tekniklerinin tutarlilik siniflandirmasi

ile birlestirilmesinin etkinligini gostermektedir.
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1. INTRODUCTION

The advancements in Generative Artificial Intelligence (GAI) have led to major improvements
in generating content. These improvements are seen in different media types, such as text,
image, and audio. Text-guided generation has performed very well when models use more
than one type of media, known as multimodal settings. This success creates new possibilities
for developing advanced applications and tackling challenges in the field. Specifically,
there are exciting opportunities in areas like narrative story visualization (SV) and story
continuation (SC), where these technologies can bring stories to life in new ways. Storytelling,
enhanced by visual and multimedia elements, provides significant advantages in engaging
audiences and conveying complex narratives more effectively. Visual supports, such as
images and animations, can make stories more vivid and memorable, helping to illustrate
critical events and emotional nuances that text alone might not fully capture. This integration
of visual elements into storytelling not only enriches the narrative experience but also aids
in comprehension and retention, making it a powerful tool in education, entertainment, and

beyond.

1.1. PROBLEM STATEMENT

SV requires creating consistent scenes from the textual descriptions of each scene and
constructing cohesive visual narratives from the flow of the story. This statement is
exemplified by mediums such as picture books and comic books, where each illustration

or panel functions as a discrete narrative unit within a larger, cohesive narrative framework.

This research addresses several pivotal questions that emerge from the problem statement.
First, the capability of image generation systems to learn and replicate specific domain
characteristics, ensuring alignment with textual descriptions of scenes, is explored,
particularly in contexts with established visual and thematic elements, such as specific cartoon
TV series. Moreover, the investigation focuses on enhancing the image generation pipeline
by integrating narrative contextual cues, utilizing preceding text and visual content to retain
temporal narrative flow and ensure the coherence and continuity of the visual narrative.

Consequently, this thesis examines the following research questions:



* How effectively can image generation systems learn and replicate specific domain
characteristics to ensure alignment with textual descriptions of scenes, especially in
contexts with established visual and thematic elements, such as specific cartoon TV

series?

* In what ways can preceding text and visual content be leveraged within the image

generation pipeline to maintain temporal narrative flow and coherence?

1.1.1. Contribution of The Thesis

The contribution of this thesis lies in the development and enhancement of text-to-image
generation techniques for narrative story visualization and continuation while maintaining
coherence, including comparisons with different encoding models, while creating synthetic

data to support these advancements.
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2. RELATED WORKS

In this chapter, the details of story visualization will be examined, focusing on three
primary approaches: Retrieval-Based, Generative Adversarial Networks (GANs), and
Diffusion-Based Models. The first part will explore Retrieval-Based Story Visualization,
highlighting how discrete, narratively connected scenes are generated by leveraging annotated
datasets and advanced context modeling techniques. The second part will cover the use of
GAN:Ss in story visualization, discussing significant contributions, such as StoryGAN and
its advancements in generating coherent visual sequences. The final part will delve into
Diffusion-Based Models, explaining how advanced neural network architectures and latent
diffusion processes are employed to convert textual narratives into cohesive visual stories.
Through the analysis of these foundational approaches, a comprehensive understanding of

the advancements in transforming text into engaging visual stories will be provided.

2.1. RETRIEVAL BASED STORY VISUALIZATION

The field of text-to-image generation has seen significant expansion and diversification in
recent research efforts. Within this domain, the specific areas of SV and SC have emerged with
distinct focuses. Unlike video generation tasks that create continuous sequences of motion
within a consistent background, the SV approach generates a series of discrete yet narratively
connected scenes. The ultimate goal of SV is to bridge the gap between textual narratives
and visual representations, creating a seamless and engaging storytelling experience that
captures the essence and progression of the narrative. Early works on creating storyboards
and ordering sequences of consistent images can be traced back to efforts leveraging datasets
with annotated captions. One such approach is the retrieval-based system [1], focusing on
extracting images that correspond to individual sentences within a coherent sequence. This
methodology features an end-to-end architecture, integrating context modeling through a
two-level Gated Recurrent Unit (GRU) [2] network. This approach was effectively applied to
the Visual Storytelling (VIST) [3] dataset. [4,5] also following the story-to-image retriever,

text-based image searching approach respectively.



2.2. GENERATIVE ADVERSARIAL NETWORKS FOR STORY VISUALIZATION

StoryGAN [6], was introduced as a pioneering effort in SV, exploiting the text-to-image
synthesis capability of GANs [7,8]. The model comprises a Generator, which includes a Story
Encoder, Context Encoder, and Image Generator, along with two task-specific discriminators.
The Image Discriminator ensures the relevance of text-to-image conversion, while the Story
Discriminator preserves the coherence of the image sequences over time. Additionally, the
research introduced the Pororo-SV dataset, an augmentation of the Pororo-QA Cartoon dataset
[9], initially used for visual question-answering tasks in videos. This development marked
a significant milestone in the field of SV, illustrating the potential of GANs in generating
narrative-consistent visual sequences. Following this, PororoGAN [10] introduced the use
of an Attentional Word Encoder (AWE) to enhance fine-grained, word-level information
throughout the image generation process, and an Aligned Sentence Encoder (ASE) to better
align story content. This approach aimed to fill the gap in matching image and text pairs by
learning a multimodal encoding representation, as opposed to relying on a universal sentence
encoder [11]. In 2020, Character-Preserving Coherent Story Visualization (CP-CSV) [12]
architecture was introduced, which enhanced the story and context encoders and incorporated
an auxiliary segmentation task by adding an extra figure-ground discriminator. This
improvement aimed to better distinguish between figure-ground elements and preserve
character features within the images. Additionally, they proposed a novel metric, the
Frechet Story Distance (FSD), as an alternative to the Frechet Video Distance (FVD)
[13], designed to measure the score of short and discrete image sequences. Dual-Copy
StoryGAN (DUCO-STORYGAN) [14], to solve the global consistency issue which is related
to maintaining background and character visual properties between frames, the story encoder
leveraged by Memory Augmented Recurrent Transformer (MART) as Context Encoder with
MART based transformers [15]. In addition, they integrate a video captioning module, called
video re-description, to utilize dual learning and adjust the semantic alignment between
story and image frames. In [16], constituency parse trees encoding, which is composed by
Memory-Augmented Recurrent Tree Transformer (MARTT) [15] as input to a structure-aware
encoder is used. In order to provide object and characters information and succeed in semantic
alignment in generated scenes they adopt the intra-story contrastive loss. With Story DALL-E

[17], Maharana et al. introduce the SC task, which is an extension of the SV problem. They



provided the first frame to narrate a story using a series of text captions. This method is
based on retrofitting, which involves combining a pre-trained model with additional modules.
Instead of generating a single image, the procedure can generate images sequentially to
provide the flow of a narrative. It employs a copying mechanism that allows the model to
copy from a previous or specified frame in order to maintain visual consistency. Because

they proposed a new task, SC, they also provided the StoryGANc model as a baseline.

2.3. DIFFUSION BASED MODELS FOR STORY VISUALIZATION

Auto-Regressive Latent Diffusion Models (AR-LDMs) [18] use advanced neural network
architectures to convert textual narratives into cohesive visual stories. The models
use Contrastive Language-Image Pre-Training (CLIP) and Bootstrapping Language-Image
Pre-training (BLIP) encoders, with CLIP encoding textual descriptions and ensuring that
images are relevant to the given text and BLIP integrating multimodal data—combining prior
images and their associated captions to maintain narrative consistency across the sequence of
generated images. Crucially, the AR-LDMs use a U-Net [19] architecture, which is critical in
the diffusion process. The U-Net refines and denoises latent representations gradually,
effectively reversing the initial noise introduction to produce detailed and contextually
accurate images. This architecture not only improves the visual quality of the generated
images but also ensures that they fit seamlessly into the evolving storyline. Story-LDM
[20] is introduced, which uses latent diffusion models (LDM) to generate stories. This
framework includes a novel memory-attention mechanism that captures and applies the
contextual relevance between previously generated parts of the story and the current frame,
thereby improving character and background consistency throughout the narrative. Second,
the study expands the MUGEN, FlintstonesSV, and PororoSV datasets with more complex
scenarios and referential text to address challenges with co-reference resolution and visual

narrative consistency.



3. BACKGROUND

This chapter provides a comprehensive overview of the foundational concepts and
methodologies relevant to this research. It begins with DDPMs, which represent a significant
advancement in generative modeling, allowing for the production of high-quality images
through a reverse diffusion process. Following this, CLIP will be explored, a technique
designed to learn visual concepts from natural language descriptions, enabling various vision
tasks without direct supervision. Additionally, BERT and ResNet will be examined as
prominent architectures for natural language processing and image recognition. Next, LoRA,
amethod for efficiently adapting deep learning models to specialized tasks, will be discussed.
Lastly, RNNs and GRUs will be covered as architectures designed for processing sequential
data. Each section delves into these technologies’ fundamental principles, mathematical
formulations, and practical applications, providing a solid foundation for understanding their

role and implementation in this research.

3.1. DENOISING DIFFUSION PROBABILISTIC MODELS

DDPMs [21] are a significant advancement in the field of generative models, providing a novel
method for producing high-quality images. This methodology is based on non-equilibrium
thermodynamics theory, and it uses a stochastic process called diffusion, which is gradually
reversed to generate data samples [22]. The essential idea is to model data generation as a
reverse Markov process that begins with noise. By gradually removing noise using learned
steps, DDPMs eventually reconstruct samples that resemble the training data. The forward

diffusion process is that;

q(xe|xi—1) = N(xs; V1 — Bixi—1, BeI) 3.1

where the x;_jand x; represent the data in over time between ¢ — 1 and 7. (; is the variance
of the noise added at step ¢, which is a predefined schedule of increasing values, typically
ranging from a small positive value close to O to a value near 1. A indicates a normal

distribution, / denotes the identity matrix, which ensures that the added noise is isotropic so



that Gaussian noise added has the same variance in every dimension of the data space. This
uniformity is critical for the model to learn a generalized capability to reverses she noise in

any direction during the reverse diffusion process.

pB(thl | Xt)
T T

Figure 3.1. Forward and Backward Diffusion Processes

The reverse diffusion process, which can be modeled as a sequence of conditional
distributions, reverse the Gaussian noise added from the forward process 3.1, which can

be written as below;

Po(xe-1lxr) = N (x-1;5 o (x1, 1), Zo(x1, 1)) (3.2)
g(x, 1) and Xg(x;, 1) are the mean and covariance matrix predicted by the neural network,
parameterized by 6, for step ¢.

The primary training objective function is to minimize the expectation of the squared
Euclidean distance between the noise € added to the data during the forward diffusion process

and the noise €y (x;, t) as predicted by the neural network at a given timestep ¢.

6" = arg main Lsimple(g) = arg mgn Ei xo.e [”f — € (xs, t)||2] (3.3)
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Figure 3.2. The architecture of CLIP. Text data and image data are separately encoded using
the Text Encoder and Image Encoder, respectively.

3.2. CONTRASTIVE LANGUAGE-IMAGE PRETRAINING

CLIP [23] is designed to learn visual concepts from natural language descriptions, enabling
the model to perform a variety of vision tasks without direct supervision on those tasks. The
primary methodology involves jointly training an image encoder and a text encoder. The
image encoder processes visual inputs, and the text encoder processes descriptions of those
visuals. Training involves using a contrastive loss function, which aligns the image and text
representations in a shared embedding space. The objective is pairing (/;, ;) over all the

other possible pairings (/;,7;) where j # i in 3.4.

N

L= - 3 g 0T
i—1 Zj:1 exp(sim(/;, Tj))

3.4)

(I, T) are image-text pairs, and L is the total loss for a given batch of N to minimize. sim(/;, T;)
function computes the similarity between the embedding of image /; and the embedding of

its true pair text 7;. Typically, this similarity is measured using cosine similarity 3.5

I - T
cosine_similarity(/;, T;) = —||Il||||71" T 3.5)
illll4i
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Thus, CLIP objective function can be written explicitly;

(3.6)

After training, CLIP can be applied to new tasks without any task-specific training, a method
known as zero-shot learning [24]. This is achieved by constructing text prompts that describe
the classes of the new task (e.g., "a photo of a class label"). At inference time, the text encoder

generates embeddings for these prompts, and the image encoder processes the input image.

y =arg max cosine_similarity(/,Ty) (3.7
keClasses
The prediction is made by selecting the class whose text embedding has the highest cosine

similarity with the image embedding.

3.3. BIDIRECTIONAL ENCODER REPRESENTATIONS FROM
TRANSFORMERS

BERT, Bidirectional Encoder Representations from Transformers [25], marks a significant
advancement in Natural Language Processing (NLP). It utilizes only the encoder part of the
transformer architecture, consisting of multiple layers of transformer blocks (12 layers for
base and 24 for large). Each transformer block includes a self-attention mechanism and a
feed-forward neural network. The most innovative aspect of this model is its bidirectional
training method. Unlike traditional models that process text in a single direction, BERT
simultaneously considers both the left and right contexts. This bidirectional approach
enables the model to capture a richer and more nuanced context for each word within a
sentence. The self-attention mechanism allows each word to attend to every other word
in the phrase, computing attention scores based on the surrounding words. By generating
contextual embeddings for each word, BERT’s representation is influenced by its context.
This approach captures subtle nuances and multiple interpretations of words in different

situations. As a result, the model serves as an excellent text encoder, embedding rich
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contextual information for words. Its comprehensive representation enhances performance
in tasks such as named entity recognition, question answering, and language inference,

demonstrating its effectiveness in text encoding.

3.4. RESIDUAL NETWORK

ResNet (Residual Network) [26] is a sophisticated convolutional neural network (CNN)
architecture renowned for its exceptional depth and ability to effectively address the vanishing
gradient problem, a common issue in training deep neural networks. ResNet incorporates
residual learning frameworks, wherein identity shortcut connections, or skip connections,
bypass one or more layers. These connections allow the network to learn residual
functions with reference to the layer inputs, facilitating more efficient gradient flow during
backpropagation. This architectural innovation permits the training of much deeper networks,

such as ResNet-50, ResNet-101, and ResNet-152, without degradation in performance.

As an image encoder, ResNet excels in extracting robust and hierarchical feature
representations from images. By discarding the final fully connected layers and utilizing
the output from an intermediate layer, often the global average pooling layer, ResNet
transforms input images into fixed-size feature vectors. These vectors encapsulate rich
semantic information about the images, making them ideal for various downstream tasks,
such as image classification, object detection, and image retrieval. Leveraging pre-trained
ResNet models and fine-tuning them on specific datasets can significantly enhance their
performance and adaptability for specialized applications. This involves modifying the
architecture by removing the final fully connected layer, which is originally designed for
classification tasks with a specific number of output classes. Instead, we focus on the layers
preceding this final classification layer to obtain feature encodings. The typical approach
involves loading a pre-trained ResNet model, such as ResNet-50, ResNet-101, or ResNet-152,
and programmatically removing the final layer to access the high-level feature representation

of the image.
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3.5. LOW-RANK ADAPTATION

Adapting deep learning models to specialized tasks without significant retraining is crucial.
[27,28] demonstrates that overparametrized models inherently possess a low intrinsic rank.
Building on this, [29] introduced LoRa, a leading Parameter efficient fine-tuning (PEFT)
method. This approach suggests that weight changes during model adaptation maintain a
low "intrinsic rank." While the outputs of the pre-trained model remain frozen, LoRA learns
low-rank decomposition matrices that represent the necessary changes for the desired task

during fine-tuning.

LoRA Weights

WORdxd ’
A= N0, 02)

Q x4

Figure 3.3. Low Rank Reparametrization

Advantages of LoRa may be listed as below;

* A trained model can be employed to generate various LoRA modules for distinct
applications. By freezing the common model and just changing the matrices A and B,
the task-switching can be efficiently managed, which also benefits in reducing storage

requirements.

* The training process becomes more efficient in terms of memory usage and time

because it only retains the smaller, low-rank matrices that are injected, and it doesn’t
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require computing gradients or keeping the optimizer states for most of the pre-trained

model’s parameters.

* Even with fewer parameters, LoRA maintains the quality and inference speed of the

original model.

* The orthogonality property of LoRa makes it possible to combine it with other PEFT

methods, allowing for enhanced functionality and performance improvements [29].

Since the method is not tied to any particular training objective, it can be applied to any
parametrized model. The method was originally explained for language models, LMg(y |
x), parameterized by @, the pre-training objective is to maximize the language modeling

objective which is given previous words to predict next one. 3.8.

|yl

max D D log (Pa(yilx, y<) (3.8)

(x,y)eZ t=1

Objective function with LoRa weights can be written as below;

[yl

max Y7 > 10g (pagrsve) (ibx. y<)) (3.9)
(x,y)eZ t=1

3.6. RECURRENT NEURAL NETWORKS AND GATED RECURRENT UNITS

Processing sequential data such as speech, text, or time series is fundamental for numerous
applications in artificial intelligence. However, the architecture of basic neural networks like
Multilayer Perceptrons (MLPs) lacks a direct mechanism to handle these types of sequences.
In contrast, RNNs and GRUs [30,2] are two advanced neural network architectures designed
specifically for this purpose. These networks maintain a hidden state that acts as a form
of memory, allowing them to process each element of the input sequence by continually
updating the hidden state based on both the current input and the information retained from

previous inputs.
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he = 0 (Wihi1 + Wix, + bp) (3.10)

Although this model seems good at processing sequences, it actually causes the gradient

vanishing problem on long input sequences during training [31].

GRU s solve this problem through a clever architecture that incorporates gating mechanisms
learning in long sequences, which help to control and manage the flow of information. These
gates decide what information should be passed along to the output and what should continue

to propagate through the network as memory.

Update Gate, given in Equation 3.11, helps the model determine how much of the past
information autoregressively needs to be passed along to the future. This gate acts like a

blend between the memory content and the new information.

7zt =0 (W [h-1,x:]) (3.1D

Conversely, the Reset Gate 3.12 controls the amount of past information to be forgotten,
playing a key role in the network’s ability to discard irrelevant information from earlier in the

sequence.

re =0 (W [hi-1,x]) (3.12)

Here, x; represents the input at time ¢, W, and W, are the weights for the update and reset
gates, respectively, and /;_; is the output from the previous hidden layer. The output of the
candidate hidden layer at time ¢, denoted iz,, retains historical information, influenced by the

reset gate as ShOWl’l;

h; = tanh(W - [r, © hy—1,x:]) (3.13)

The final output of the hidden layer is computed by balancing the information from the

previous hidden state and the candidate hidden state, controlled by z;:
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h=20h 1+ (1-z)0h (3.14)

When targeting complex sequence learning, stacking multiple GRUs layers enhances their
capabilities by allowing each layer to process the hidden states from the previous layer. This
method boosts the network’s ability to handle intricate features and capture detailed temporal
dependencies, increasing both the accuracy and depth of learning. Such a configuration is
particularly effective for challenging tasks requiring advanced sequence learning, enabling the
GRUs to operate at higher abstraction levels and better model complex patterns in sequential

data.
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4. METHODOLOGY

This chapter outlines the research methods and analytical procedures implemented in this
study. The initial section covers the steps taken to sample and prepare the data necessary
for this research, including a detailed explanation of the dataset, the extension of the dataset
pipeline, and the specific procedures followed. The subsequent section focuses on the
image generation process, describing the models used to convert textual scenarios into scene
images. Following the image generation process, this section elaborates on the training of
the coherence function, which is crucial for maintaining story visualization continuity. It
details how narrative coherence is achieved through visualizations and the methods used to
ensure that the generated images are consistent with the ongoing storyline. The final section
of this chapter examines the evaluation metrics utilized in this study. It defines the criteria
for evaluating the effectiveness of the image generation process and the narrative coherence,

providing the foundation for the analysis presented in the subsequent chapters.

4.1. DATASET PREPARATION

The Pororo-SV Dataset [6], derived from a popular cartoon TV series named Pororo the
Little Penguin,is annotated for research in video understanding and narrative comprehension.
This series for preschool children centered around the adventures of Pororo, a curious and
playful little penguin, and his friends in the snowy village of Porong Porong Forest. The show
features educational themes, humor, and fun, teaching lessons on friendship, cooperation,
and problem-solving. Key locations include the characters’ distinct homes, a playground,

and the village square.

In this study, the scene captions were re-annotated to enhance descriptions and reduce caption
error rates. This re-annotated process yields a total of 12,287 scene image-caption pairs to be
used as training data. The occurrence of the six main characters listed above in the cartoon

series within these scene captions is depicted in 4.3

The main characters and their overall description listed as in Figure 4.1
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Pororo: a curious little penguin v g Loopy: a pink beaver who loves to

)= and the titular character of the ¥ e e Hcook
““ show.

< Crong: a green dinosaur who is

Petty: a penguin who is skilled
» Pororo's best friend.

in skiing and piloting

| -
Eddy: a clever fox who Py Harry: a hummingbird from a
e* |loves inventions g tropical island who loves to sing

[iPoby: a kind-hearted polar bear Tongtong: A magical dragon who uses

spells to help his friends.

Figure 4.1. Main characters of Pororo the Little Penguin.

4.1.1. Text to Scene Dataset

The dataset frames were individually captioned using the multimodal large language model
(MLLM) through the Gemini [32]. This process leveraged the few-shot learning capabilities
[33] of LLMs, combination with CoTl' [34] technique, with the prompt function being
formalized as; P(s) = T , which generates a structured text prompt 7 for scene image

s.
The components of 7' can be defined as:
1. Instruction (I): Provides general guidelines on how to approach the captioning task.

2. Character Identification (CI): Offers detailed descriptions and images to help identify

characters in the scenes.

3. Scene Description (SD): Directs how to detail the scene’s elements, such as the

background, objects, and character actions.

4. Few-Shot Examples (FSE): Combines the elements of CoT and example captions to

illustrate how to compose detailed scene captions.
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3

ey —> Prompt

Scene Images
Dataset Image/Caption Pairs

3

Captions

.

Figure 4.2. Scene Captioning Process

Given an array of images I = [iy,i2,...,i,] used for character identification and few-shot

examples, the total prompt 7" can be constructed as follows:

T=1+CI(i1,i2,...,ip) + SD + FSE (i}y41, ..., in) + “caption :” 4.1)
e CI(iy,1i9, ...,i,) represents the character identification text constructed using images i1
to iy,

e FSE(iy+1,...,1n) represents the few-shot examples, combining the narrative flow and
caption examples, using the remaining images i,+1 to i,. FSE providing direct

examples of how to execute this task.

* The final "caption: " string is added to signal the start of the caption generation task

for the image s)

The prompt used in this work can be found in the Appendix A, specifically in Figures A.3,
A4



Frequency of Pororo Character Names

harry

petty

loopy
tongtong

poby

pororo

crong

eddy

Figure 4.3. Frequency of Character Names in Captions

19

Dynamic Storytelling Dataset

Prompt

- initial second final
sentence sentence sentence
LLM background background background
(GPT-4) objects objects objects
characters/description characters/description characters/description

measurable_change between scenes

Figure 4.4. Story Sampling from LLM for Global Consistency
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4.1.2. Dynamic Storytelling Dataset

In this study, we identified that the problem proposed with the Pororo-SV dataset is too
complex and the original dataset has some labeling issues. For instance, in some scenes,
the characters do not appear as described, likely due to misalignment of frames, leading to
annotation corruption. Additionally, while some scenes have multiple sentences, others have
only one, despite the problem being defined as each scene having a single sentence. Moreover,
the image descriptions often lack detail, failing to adequately describe the scene. For example,
in Figure 5.8 frame #5 only mentioned by caption "Crong sighs.", with no explanation about
the background, objects, or character status. These issues make it challenging to assert that the
model learns a coherent function between scenes. To address this, we extended the Pororo-SV
dataset to create the Dynamic Storytelling version, the Pororo-DS, reflecting dynamic changes
and progression in story elements. We crafted story examples that highlight transitions
between scenes through selected "measurable change types," capturing the storyline from
beginning to end with initial and final texts, backgrounds, key objects, and characters. The
prompt used to create Pororo-DS dataset on this purpose with utilizing GPT-4 [35] can be
found in A, in A.1 and A.2.

This approach aims to demonstrate a learnable coherence function between scenes, ultimately
facilitating the sampling of new story continuations. To evaluate long sequence training
results, this dataset was further extended with second and third scenes and their text captions

as shown in 4.9.
The defined change types in this work are in three category:

* Emotional Change: This type traces the evolution of characters’ emotions, starting
from negative feelings like fear, sadness, or frustration, and culminating in positive

outcomes such as joy, comfort, or confidence.

* Goal Achievement: It reflects the journey of characters attaining or transforming their

goals or aspirations, often through acquiring new skills.

¢ Social Interaction: This involves the introduction of new characters who assist

or interact with the initial characters to complete tasks or communicate important
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information, while preserving the significance of the primary characters.

This Pororo-DS dataset will be completed with sampling of initial and final scenes from the
fine-tuned LDM and annotating the positive and negative samples. The dataset was extended
to measure four-scene length by using previously generated stories. GPT-4 was then asked
to insert the second and third texts, including background, objects, and characters. In Figure

4.9, examples of four sequential scenes are provided.

Algorithm 4.1. Textual example of a story data entry in the Pororo-DS dataset, showcasing
the transition from an initial scene to a final scene, along with detailed descriptions of
background, objects, characters, and the measurable change in the storyline.

1 |story_title: "Crong’s Icy Adventure"

2 |initial_text: "Crong is grumpy because of the cold, icy morning."

3 |final_text: "Crong is thrilled, sliding joyfully on the frozen pond."
4 |initial_background: "Snowy land, icy morning"

5| final_background: "Snowy land, frozen pond, midday"

6 |initial_objects: "Ice, snow"

7 | final_objects: "Ice skates, frozen pond"

8 [initial_characters:

9 - name: "Crong"

10 description: "Grumpy, cold"

11| final_characters:

12 - name: "Crong"

13 description: "Thrilled, playful"

14 | measurable_change: "Crong’s grumpiness turns to thrill as he enjoys ice skating"
15 | change_type: "emotional_change"

final scene (negative) final scene (negative) final scene (negative)

initi final scene .
initial scene - lack of desired - uncompleted - wrong character

ositive
® ) character character

Figure 4.5. Visual Examples of Initial and Final Scenes with Labels for Dynamic
Storytelling. The positive final scene maintains narrative coherence, while negative final
scenes show errors such as missing character, incomplete character, and wrong character.

The synthetic dataset manually labeled and the chosen scenes (positives) and rejected scenes

(negatives) distribution listed in Figures 4.10, 4.11, 4.12, 4.13.
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Ground Final
Scene (R)

Ground Initial
Scene (L)

Negative Final Scenes

L: Tongtong is restless, pacing around with
nothing to do.

R: Tongtong is serene, sitting quietly and
enjoying the peaceful forest view.

Change: Tongtong's restlessness changes to
serenity with quiet reflection in nature

lack of character

not imitating
desired change

not imitating
desired change

L: Pororo is annoyed by the strong wind
messing up his play area.

R: Pororo is amused, watching the wind create
funny shapes with the clouds.

Change: Pororo's annoyance turns to
amusement with the playful wind

duplicated characters

duplicated &

hallucinated characters IR Ees] € IS

L: Poby is lethargic, with no motivation to do
his chores.

R: Poby is energized, playfully chasing
butterflies in the garden.

Change: Poby's lethargy changes to energy as
he enjoys nature

defective character

lack of character hallucinated characters

(¢}

Q
-
1

L: Harry is confused, struggling to write a new
song.

R: Harry is inspired, humming a new tune while
watching the sunset.

Change: Harry's confusion turns to inspiration
in a new setting

lack of character

not imitating
desired change

not imitating
desired change

Figure 4.6. Examples of Dynamic Storytelling Emotional Change with Initial and Final

Scenes, Captions, and Negative Labels
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Ground Initial Ground Final
Scene (L) Scene (R)

Negative Final Scenes

lack of and duplicated
character

L: Pororo inflates several colorful balloons in
his living room for a game.

R: Pororo and Eddy use the inflated balloons to
play a floating game, laughing as they keep the
balloons in the air.

Change: Eddy added to the scene to help

wrong characters ‘ wrong characters

L: Loopy starts assembling a large puzzle on the
table in her house.

R: Loopy and Poby complete the puzzle
together, admiring the picture they've
assembled.

Change: Puzzle pieces assembled into a
complete picture with Poby

duplicated characters wrong character hallucinated character

L: Poby decides to bake cookies and sets up all duplicated characters
the ingredients on the kitchen counter.

R: Poby and Petty mix the ingredients together,
placing the cookies in the oven to bake.
Change: Ingredients mixed and cookies baking
in the oven with Petty

missing character missing character

L: Pororo sets up a tent and sleeping bags in his
living room for an indoor camping adventure. characters

. . duplicated and missin;
not desired scene not desired scene P g

R: Pororo and Crong sit inside the tent, sharing
stories with a flashlight under the makeshift
night sky.

Change: Living room transformed into a
camping scene with Crong

Figure 4.7. Examples of Dynamic Storytelling Social Interaction with Initial and Final
Scenes, Captions, and Negative Labels
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Ground Final
Scene (R)

Ground Initial
Scene (L)

Negative Final Scenes

L: Petty decides to start a garden and plants various
seeds in the backyard.

R: Petty proudly looks at her lush garden full of
colorful flowers and vegetables

Change: Empty garden beds turned into a lush
garden

extra character

duplicated character

duplicated character

L: Harry discovers an old guitar and decides to
learn how to play it.

R: Harry joyfully performs a song on the guitar to
audience with Tongtong.

Change: Harry learns to play the guitar and
performs

duplicated and wrong
character

missing character

duplicated and wrong
character

L: Crong starts painting with a new set of colorful
paints and a big blank canvas.

R: Crong exhibits his large, colorful painting at the
art show, receiving praise from Pororo and Petty.
Change: Blank canvas turned into a colorful
painting

not desired scene

not desired scene

not desired scene

L: Crong struggles to learn how to ride a bike,
falling off repeatedly.

R: Crong rides his bike with confidence, smiling
and enjoying the ride.

Change: Persistence in learning to ride a bike
successfully

wrong character

wrong character

wrong character

Figure 4.8. Examples of Dynamic Storytelling Goal Achievement with Initial and Final
Scenes, Captions, and Negative Labels
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Ground Initial
Scene (#1)
-

Ground Second
Scene (#2)

Ground Third
Scene (#3)

Ground Final
Scene (#4)

Caption

| |#1: Tongtong is restless, pacing around with

nothing to do.

#2: Deciding to seek solace, Tongtong takes a
walk outside, heading towards a nearby forest.
#3: As walking deeper into the forest, finds a
perfect spot by a calm lake.

#4 Tongtong is serene, sitting quietly and
enjoying the peaceful forest view.

#1: Pororo is annoyed by the strong wind messing
up his play area.

#2: Pororo tries to fix his toys, but the wind keeps
scattering them.

#3: Curious, Pororo climbs a hill to see where the
wind is coming from.

#4 Pororo is amused, watching the wind create

¥ |funny shapes with the clouds.

#1: Poby is lethargic, with no motivation to do his
chores.

#2: As gazes out the window, notices the vibrant
garden blooming outside.

|| |#3: Deciding to step outside for a bit, Poby feels a

gentle breeze and the warm sun.
#4 Poby is energized, playfully chasing butterflies
in the garden.

#1: Harry is confused, struggling to write a new
song.

#2: Frustrated, Harry decides to take a break and
heads to the beach to clear his mind.

#3: As the sun begins to set, the colors of the sky
and the sound of the waves spark something in
Harry.

#4 Harry is inspired, humming a new tune while
watching the sunset.

Figure 4.9. Examples of Dynamic Storytelling with Four Sequential Scenes and Captions



26

For training and improved generalization, a combination of chosen and rejected scenes was
used. Since the initial image is always positive, the task requires selecting the appropriate
class for the given last image, which can be either positive or negative. For example, the
emotional_change dataset contains 562 initial chosen images with 560 different ways for
chosen stories, and 562 initial images with 829 different ways for rejected stories. For the
long version, there are 260 x 428 x 429 different ways for chosen stories and 260 x 428 x

360 different ways for rejected stories in sequence 3. The same calculations are applied for

sequence 4.
846 829

800 A

700 A
o %07 562 560
a
£ 500
(%]
kS
= 400 -
>
(o]
v)

300 A

200 A

Label
100 ~ Rejected Scene
Hm Chosen Scene
0 ——
g 2
Scene for Emotional Change

Figure 4.10. Distribution of Scene Labels for Emotional Change
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Figure 4.11. Distribution of Scene Labels for Emotional Change - Long Version
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Figure 4.12. Distribution of Scene Labels for Goal Achievement

27



28

800 - 798
714
700 -
610

600 -
k)] 518
Q. .
£ 500
©
(V5]
S 400 -
€
3
(o]
O 300 A

200 A

Label
100 1 Rejected Scene
Il Chosen Scene
0 ——
g 2
Scene for Social Interactions

Figure 4.13. Distribution of Scene Labels for Social Interactions

4.2. TEXT TO IMAGE GENERATION

To adapt a pre-trained LDM for our specific image-caption pairing dataset, LoRa was
employed as a domain adaptation strategy. The underlying principle was to fine-tune the
pre-trained model with our dataset while preserving the general knowledge encoded in the
model. Stable diffusion v1.5 [36] model is leveraged as a foundational LDM due to its
robustness and proven capability in generating high-fidelity images. The model’s parameters
were kept frozen during the adaptation process to retain its pre-trained capabilities. LoRA is
a parameter-efficient fine-tuning approach that introduces trainable rank-decomposed weight
matrices into specific layers of the model. For the selected domain adaptation in this work
the Pororo Cartoon TV-Series, LoRA is applied to the query (q), key (k), value (v), and
output (w) layers of the Transformer within the LDM. This process involved the addition of
trainable weights A and B while the pre-trained weights remained static. This allows for

learning domain-specific features without large-scale changes to the model’s structure.

The prepared dataset comprised pairs of images and captions meticulously curated for this

study. During fine-tuning, only the LoRA weights were updated using the backpropagation
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algorithm. The objective was to minimize the mean squared error (MSE) loss that measures
the discrepancy between the predicted and true noise in the diffusion process. The DDPM
sampler was utilized in the iterative generation of images. The DDPM operates by gradual
denoising a sample through a series of steps, where each step predicts the noise that needs to
be removed from the image representation. The MSE loss function was pivotal for training
the LoRA weights. It was employed to quantify the prediction accuracy of the noise that
the DDPM needs to reverse during the diffusion process. The loss computation is based
on the expected noise at each diffusion step, guiding the model to produce more accurate

reconstructions.
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4.3. TEXT TO IMAGE SERIES GENERATION

D 3
ynam}c Ll gl n . Annotation
Storytelling LDM sampling
Dataset Text to Scene Model
Scene Samples
v v
Chosen/Rejected | |Chosen/Rejected
Initial Scenes Final Scenes
|
CLIP Text CLIP Image
Features Features
To Io
Q
@)
Z
Q)
>
._]
Tj I
Coherence Classifier (GRU) Q
v
| Dense Layer |
| Dense Layer |
v
Sigmoid

Figure 4.14. Pipeline from Annotation to Coherence Classification Model

Following the adaptation of the LDM with LoRA, a binary classification model was
established to assess the coherence of image series for a specific change type c. This classifier
plays a pivotal role in the generation process, determining the acceptance or rejection of scene
samples. A Dynamic Storytelling Dataset, Pororo-DS, consisting of image-text pairs, was

used. The dataset was annotated for coherence to reflect whether the narrative in the text
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aligns with the corresponding image for each change type c. Feature extraction utilized the
same CLIP model [37] , as implemented in the stable diffusion framework. This ensured
consistency in the encoding representations across the textual and visual modalities. For each
image-text pair, extractions of CLIP Text Features and CLIP Image Features were conducted
separately, facilitating the learning of nuanced representations of coherence within the same
embedding space. Scene samples were generated from the LoRA-adapted LDM Text to
Scene Model by sampling n times for each change type c. These samples underwent an
annotation process where they were labeled as coherent (chosen) or incoherent (rejected),
resulting in two sets of scene samples: initial and final scenes. A Gated Recurrent Unit (GRU)
network was employed as the Coherence Classifier. This binary classifier discerns between
coherent and incoherent image-text pairings, trained on the extracted CLIP features using the
annotated samples as ground truth. The classifier was trained using a binary cross-entropy

loss function, optimized via an AdamW [38] optimizer.

Upon completion of training, the Coherence Classifier was integrated into the image
generation process. The classifier functioned as a gating mechanism during the image
sequence generation, allowing only coherent sequences to proceed for each change type c,

thus ensuring the generation of coherent image sequences aligned with the textual narrative.



Algorithm 4.2. Inference Algorithm of Sequencial Image Generation with Coherence
Classifier

Require: I, T{,N, L
1: Initialize InitialConcat with (11, T})
2: fori=2to Ldo
3 Initialize Images; as an empty list
z for j =1to N do .
5: Il «G(Ty) > Diffusion Inference generating I/
6 Append [ l] to Images;
7 end for
8 fork=1toi—1do
9: InitialConcat < Concatenate(/nitialConcat, Iy, Ty)
10: end for
11: for j =1to N do .
12: CandidatelT < Concatenate(ll.j ,Th) > Concatenate each
candidate image with its corresponding text
13: end for
14: I; & C(InitialConcat,CandidatelIT) » Choose the best image from
Images;
15: end for

Coherence

| Classifier

A

image features || text features

Pick the best generated scene .|

and add to the storyline i CLIP Encoder
Text / Image

initial and
previously
selected images

Y

save the caption
fornextstep ~———— generating

initial and text of n sample for caption at 1
previously
selected images

Image Generator

S

caption at scene 1

Figure 4.15. Inference Diagram of Sequential Image Generation
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4.4. IMPLEMENTATION DETAILS

In this thesis, Stable Diffusion v1.5 is fine-tuned with a low-rank approach for enhancing
text-to-image generation capabilities. The model undergoes training for 700 epochs with
a batch size of 1, using a seed of 42. It processes images at a resolution of 512 x 512
pixels with a center crop technique. The learning rate is set to 1 x 1074, with a low-rank
factor r = 256, and LoRA alpha set at 512. A neural network architecture called the
Conditional Coherence Classifier is created to use PyTorch to combine and sort multimodal
data, namely text and image features. The model’s job is to figure out if an image could
reasonably follow a certain scene, a task defined as binary classification. Image and text data
are first processed through a GRU network, capturing the temporal dynamics essential for
understanding the complex interactions between modalities. For image and text encoding, a
CLIP encoder is utilized. To test the effectiveness of CLIP, the image encoder is replaced
with ResNet-50, and BERT is used as the text encoder in another setting. Specifically, we use
the BERT-base-uncased model, which produces encodings of 768 dimensions, and modify
the ResNet-50 by removing its final layer and replacing it with a linear projection layer to
match the 768-dimensional output of BERT. This is followed by several fully connected layers
employing ReLLU activation functions and a dropout rate of 0.05 to prevent overfitting and
introduce necessary non-linearities. The architecture concludes with a sigmoid activation
layer that outputs the probability of binary classification. Training employs the AdamW
optimizer, with a learning rate of 2 x 10™* and a weight decay of 0.01, alongside Binary
Cross-Entropy Loss, to quantify prediction accuracy. The model is trained over 300 epochs
on a CUDA-enabled GPU, specifically a Google Colab V100 GPU, enhancing performance
and efficiency to meet the computational demands of processing large and complex datasets.
This setup was carefully thought out to maximize deep learning’s abilities to handle and make
predictions based on multimodal data. It is an important part of this thesis’s investigation of

using advanced machine-learning techniques in the real world.



34

4.5. EVALUATION METRICS

In this section, various evaluation metrics used to assess the performance and quality of
generated images and classification models will be discussed. These metrics are crucial for
understanding how well the models perform regarding image similarity, binary classification,
realism and diversity of generated images, character representation accuracy, and overall
classification performance. Each subsection will delve into specific metrics, providing
detailed explanations and mathematical formulations to understand their importance and

comprehensive application in model evaluation.

4.5.1. Structural Similarity Index

The Structural Similarity Index (SSIM) [39] is a metric used to measure the similarity between
two images. SSIM is based on the perception-based model that considers image degradation

as a perceived change in structural information.

The SSIM index is calculated using various image windows. The measure between two

windows x and y of common size N X N is:

(2pxpty + ¢1)(20%y + €2)
(U3 + i+ c))(oF + 07 +c2)

SSIM (x,y) = (4.2)

where:
* uy and u, are the average of x and y,
. O'XQ and O'y2 are the variance of x and y,

* Oy 18 the covariance of x and y,

c1 = (kiL)?, ¢y = (koL)? are two variables to stabilize the division with weak

denominator,
* L is the dynamic range of the pixel-values (typically this is 2#Pits perpixel _ 1y

* k1 =0.01 and k2 = 0.03 by default.
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4.5.2. Binary Cross Entropy Loss

In training a neural network for a binary classification task, the Binary Cross Entropy (BCE)
loss function is crucial for updating the model’s weights. The BCE loss function measures the
difference between the predicted probabilities and the actual binary class labels, penalizing
incorrect predictions more heavily. This loss function helps the model learn by adjusting its
weights to minimize the discrepancy between its predictions and the actual outcomes, thereby

improving its accuracy over time. BCE loss function is defined as follows:

BCE(y,p) = —[ylog(p) + (1 —y)log(1 - p)] (4.3)

4.5.3. FID Score

Fréchet Inception Distance (FID) score [40] measures how similar generated images are to
real images based on their feature representations. The assessment evaluates the degree of

realism and diversity exhibited by the generated images.
& (m,2), (my,2,) = [Jm = m, 3+ T (242, -2(22,)1?). (44)

m and X refer to the mean and covariance of the features from the real images, while m,,
and X,, correspond to those from the generated images. The equation first computes the
squared distance between the means of these two groups, which assesses differences in their
overall characteristics. It then measures the variation around the means by comparing the
covariances. A lower FID score, resulting from this calculation, indicates that the generated

images more closely resemble real ones, suggesting higher quality in the generated visuals.

InceptionV3 [41], a convolutional neural network pre-trained on the vast ImageNet [42]
dataset, is integral to calculating the FID score. It serves as a feature extractor, turning images
into feature vectors that encapsulate key visual elements like textures and shapes. When
evaluating the quality of images generated by models like GANSs, InceptionV3 processes
both real and generated images to obtain their deep-layer feature representations. These

features are then used to compute the FID score by calculating the mean and covariance of
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the feature vectors and measuring the Fréchet distance between these statistical distributions.
A lower FID score suggests a closer resemblance between the generated images and real ones,

indicating higher image quality and better model performance.

4.5.4. Character Representation Accuracy

Yolo8 [43] has been fine-tuned as an object detection model to classify the existence of
characters in generated scenes. The accuracy metrics have been enhanced to target the
appearance of characters with more precision. The Character Presence Accuracy (CPA)
assesses how well the characters mentioned in the caption text are actually present in the scene.
The Duplication Character Rate (DCR) measures the frequency of character duplication
within a scene and the presence of characters not mentioned in the caption. Finally, the
Character Exact Match Accuracy (CEMA) evaluates whether the scene contains only
the characters mentioned in the caption, ensuring that there are no additional or missing
characters, thereby confirming an exact match. The corresponding metric functions can be

found in the Appendix B.

4.5.5. Classification Metrics

In evaluating classification model performance, Accuracy, F1 Score, Recall, and Precision.

Accuracy is calculated by the equation:

Number of correct predictions
Accuracy = 4.5
ey Total number of predictions (4.5)

The F1 Score provides a balance between Precision and Recall, computed as:

Precision X Recall
F1S =2X 4.6
core Precision + Recall (4.6)

Recall is defined by the formula:

Recall = True Positives ‘ @7
True Positives + False Negatives
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Lastly, Precision is measured as:

True Positives
Precision = — — 4.8
True Positives + False Positives (4.8)

Recall and precision alone can be misleading, so the F1 Score is crucial. Precision measures
positive prediction accuracy but does not miss positive cases, which can lead to missing
significant cases. Recall also measures the model’s ability to identify all positive cases
but ignores accuracy, potentially including many false positives. The F1 Score is useful
in situations where both the thoroughness of capturing positives and the accuracy of the
predictions are equally important because it balances both the precision of the predictions

and the ability of the model to identify all relevant cases.
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5. RESULTS

The SD1.5-LoRa model has a maximum SSIM score value of 0.894238, a minimum value
of 0.086078, and a standard deviation of 0.087. These values were calculated based on a

sample size of 12202.

Table 5.1. Comparison of SSIM Scores Across Different Models for the Pororo-SV Dataset

Models SSIM Score
StoryGAN 0.481
PororoGAN 0.509
Improved-StoryGan 0.521
SD1.5-LoRa 0.548

Table 5.2. Character Representation Accuracy Scores

Metric Chosen Scenes | Rejected Scenes
Character Presence Accuracy (CPA) 0.8977 0.6224
Duplication Character Rate (DCR) 0.0774 0.2793
Character Exact Match Accuracy (CEMA) 0.8219 0.4554

The Figures 5.1 and 5.2 demonstrate that landscapes, being easier to reconstruct, generally
achieve high scores, while scenes featuring characters receive intermediate scores. The model
appears to encounter difficulties with dark scenes, indicating that these are more challenging

to accurately reconstruct.

Table 5.3 compares FID scores across various models using the Pororo-SV Dataset,
highlighting SD1.5-LoRa as used in this work with an FID score of 21.45. Notably, AR-LDM
stands out as the most successful model, achieving the lowest FID score of 17.40. As this
model is fully pre-trained using the Pororo-SV dataset without any low-rank adaptations,

such a low FID score is expected.

The training and evaluation scores of the coherence model across various story dynamics
and combined categories are presented in Table 5.4 5.5 respectively. The evaluation results

show that the model performs best in social interaction stories with an accuracy of 84.09%.
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Ground Truth Generated

Ground Truth Generated

A whale is moving on the sea. It is cloudy.
SSIM Score: 0.85

Sun rises a snowy mountain
SSIM Score: 0.79

there are high mountains with snow.
SSIM Score: 0.86

there are high mountains with snow.
SSIM Score: 0.77

crong went up the high stairs and arrive on
top of the cloud.
SSIM Score: 0.82

Pororo and Crong are chasing after Eddy who is
riding his sled across the frozen lake. The land is

covered with snow and the sky is blue.
SSIM Score: 0.78

a little boat on the blue sea is heading to
land covered by snow

SSIM Score: 0.81

Loopy looks discouraged. Loopy says that
Loopy is already chubby.
SSIM Score: 0.77

Figure 5.1. Generated Samples with High SSIM Scores Compared to Ground Truths
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Ground Truth Generated

Ground Truth Generated

The sky is blue and clear. The land is covered with
snow. Petty raises her hand and makes a big smile.
SSIM Score: 0.49

the yellow space ship turns away. it goes away
from eddy's space ship.
SSIM Score: 0.08

eddy shows the can, speaks with it, and string

shakes by the reflection of his voice.
SSIM Score: 0.66

At last, Poby approves to fix Loopy's clock.
Poby says thanks to Poby.
SSIM Score: 0.65

The arrow Crong shoot doesn't reach the
moon and falls down.

SSIM Score: 0.18

the space ship is going astray from the earth. the
space ship is getting further away from the earth.

SSIM Score: 0.17

Crong is lying down on the sofa.

SSIM Score: 0.65

it's dark in the night. there are lots of starts in

the sky. SSIM Score: 0.21

Right

Figure 5.2. Generated Samples: Middle SSIM Scores on the Left, Low SSIM Scores on the
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Table 5.3. Comparison of FID Scores Across Different Models for the Pororo-SV Dataset

Models FID Score
StoryGANc (BERT) 72.98
StoryGANCc (CLIP) 74.63

CP-CSV 67.76

StoryDALL-E (prompt tuning) 61.23
StoryDALL-E (finetuning) 25.90
AR-LDM 17.40
SD1.5-LoRa 21.45

Table 5.4. Training Scores of the Coherence Model Across Different Story Dynamics and
Combined Dataset

Pororo-DS Dataset Name | Accuracy | Precision | Recall F1
Emotional Change 0.8367 0.8448 0.875 | 0.8596
Goal Achievement 0.8876 0.881 0.881 | 0.881
Social Interaction 0.9886 0.975 0.9024 | 0.9873

All Stories 0.8945 0.9028 | 0.8966 | 0.8997

Table 5.5. Evaluation Scores of the Coherence Model Across Various Story Dynamics and

Combined Dataset
Pororo-DS Dataset Name | Accuracy | Precision | Recall F1
Emotional Change 0.6327 0.6818 | 0.8654 | 0.7627
Goal Achievement 0.7303 0.8286 0.58 | 0.6824
Social Interaction 0.8409 0.8261 0.7755 0.8
All Stories 0.7164 0.6211 | 0.7937 | 0.6969
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The precision of 82.61%, a recall of 77.55%, and an F1 score of 80%. In comparison, goal
achievement and emotional change stories have lower performance, with goal achievement
showing an accuracy of 73.03% and emotional change with an accuracy of 63.27%. For

combined story categories, the model achieves an accuracy of 71.64%.

The training scores indicate that the model exhibits high performance during training,
especially in social interaction stories, with an accuracy of 98.86% and an F1 score of
98.73%. Emotional change and goal achievement stories also show strong results, with
accuracies of 83.67% and 88.76%, respectively. The combined story categories achieve a
training accuracy of 89.45%. These results suggest that while the model performs well during
training, there is a notable drop in performance during evaluation, highlighting potential areas

for further improvement and fine-tuning.

Table 5.6. Evaluation Scores of the Coherence Model Using Different Representation
Encoding

Dataset+Encoder Pairs | Accuracy | Precision | Recall F1
All Stories+CLIP 0.7084 0.7346 | 0.6556 | 0.6903
All Stories+BERT&ResNet | 0.4994 0.0982 | 0.1745 | 0.1155

The study explored the effectiveness of different model architectures for coherence learning
using sequential image and story text data, comparing GRU architectures and CLIP encodings
versus BERT and ResNet encodings. The GRU model demonstrated superior performance,
showing rapid and steady improvement in accuracy and F1 score over training and evaluation
epochs, suggesting better handling of sequential dependencies and long-term coherence.
Models using CLIP encodings for both text and images outperformed those using BERT
and ResNet, due to CLIP’s ability to capture semantic alignment and provide a unified
representation. The BERT and ResNet model showed the least improvement, possibly due
to less effective cross-modal coherence. The experiments indicated that GRU with CLIP
encodings offered the best performance, highlighting the importance of advanced sequence
modeling techniques and integrated multi-modal representations for coherence learning in

this context.
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Third Scene Final Scene

Pororo notices Crong's fear and ~ Crong is laughing, playing
starts making silly shadow shadow games with Pororo.
figures to show it's all just fun.

Second Scene

Initial Scene

Crong is scared of the shadow in Hearing noises, Crong timidly
investigates and finds Pororo

adjusting the lamp.

=
]
‘g_ his room.
5]
]

Chosen by
Model

Rejected by
Model

Score Bar Score Bar

Score Bar
“ “ | aaaa— |
0 0. 1.0 0 0 1.0 ¢ 05 1.0

Poby relaxes, enjoying the

Poby finds a tranquil pond.

=

.g Poby feels overwhelmed by Poby wanders into the forest.
2 noise. silence.
&)

>

i

-]

g%

2=

@)

Score Bar

Rejected by
Model

Score Bar
=

Score Bar
.| 0.5

05

Figure 5.3. Inference Results of Coherence Classifier for Story Continuation: Four-Scene
Outcomes when an Initial Scene Given Sample: 1
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Initial Scene

Second Scene

Third Scene Final Scene

Pororo feels bored in the ice-

£
8
i covered house.
]
]

Chosen by
Model

Rejected by
Model

Pororo discovers a mysterious
puzzle box in the attic.

Score Bar

0 0.5

Pororo and Crong work together, Pororo beams with pride, holding
deciphering clues to unlock the
box.

the unlocked puzzle box.

Score Bar Score Bar

0.5 100 0.5 1.0

Eddy stares at the blank
blueprint, uninspired in his

=
S
2
5]
S cluttered workshop.

Chosen by
Model

Rejected by
Model

A rainbow after the rain sparks
inspiration.

Score Bar

Score Bar

Q 05

With each wire connected,

Eddy rushes back, eager to
Eddy's invention comes to life.

create.

Score Bar

Score Bar

100 05 100 0.5 10

Figure 5.4. Inference Results of Coherence Classifier for Story Continuation: Four-Scene
Outcomes when an Initial Scene Given Sample: 2
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Caption

Chosen by Model

=
k=]

Cap

Chosen by Model

Rejected b;
l\]'Iodel Y

Initial Scene Final Scene

Initial Scene Final Scene

Eddy proudly plays a beautiful,
harmonious melody on the piano.

Eddy has trouble playing a beautiful
melody on his piano, getting
frustrated.

Score Bar

0.5

Loopy's cooking show is a hit,
with Eddy enjoying the feast.

Loopy prepares to host a cooking
show in the village.

Poby returns with beautiful bird
photos, sharing them with Harry and
Loopy.

Poby decides to explore the forest to
photograph rare birds.

Score Bar

0 0.5 1.0

Tongtong's spell brings a sunny day,
enjoyed by Pororo and Eddy.

Tongtong tries to change the
weather with magic.

Score Bar

0.5

Figure 5.5. Inference Results of Coherence Classifier for Goal Achievement: Two-Scene
Outcomes from an Initial Scene
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Initial Scene Final Scene

Initial Scene

Final Scene

Pororo sets up a picnic blanketand ~ Pororo, Crong, and Poby sit on the

fills a basket with delicious snacks in blanket, enjoying sandwiches and
lemonade, chatting happily under
the shade of a large umbrella.

his backyard for a sunny afternoon
feast.

Chosen by
Model

Rejected by
Model

?
Score Bar

(! !! 0.5 !! !.0

Crong opens a new set of play-dough
and starts to mold different shapes on

his play table.

Crong and Pororo showcase their
play-dough animals, each
colorfully and creatively made.

Score Bar

0 0.5 1.0

Eddy and Tongtong test the
hoverboard outside, zipping around
with ease and excitement.

Eddy starts building a hoverboard in
his workshop, using gadgets and
advanced controls.

Caption

Chosen by
Model

Rejected by
Model

Score Bar

0.5

Harry prepares pots and soil in his
sunroom to start an indoor herb
garden.

10

Harry and Loopy sniff the fragrant
herbs they've grown, discussing uses
for each in cooking.

Score Bar

0 0.5 1.0

Figure 5.6. Inference Results of Coherence Classifier for Social Interactions: Two-Scene
Outcomes from an Initial Scene
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#1 Loopy is in the house. Loopy holds
skis in her hand. Loopy is looking
around the house.

|STORY-GAN| | Ground-Truth |

#2 Petty gets surprised. Petty raises
her hands. Outside the window the sky
is blue and clear.

| CP-CSV |

#3 Petty rushes to the oven and pulls
out the plate.

#4 Petty and Loopy are seated beside
a table. On the table there are two
plates of cookies. Lots of cookies are
stacked on the plate. The cookies are
all burnt.

| puco |

#5 Petty has a plate of cookies on the
table. The cookies are burnt.

| WL-FG |

Ours Chosen
Best

Ours Chosen
Second

Ours
Rejected Samples

Figure 5.7. Comparison of Story Continuation, Example 1: Various Methods Versus Ours,
with Ground Truth, Following an Initial Scene
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‘ Ground-Truth ‘

[buco|

=
%
g
=
(@]
w
=
)
=]

Ours Chosen

#1 Petty asks whether it is because of cookies.
#2 Eddy denies with his hands.

#3 Petty hands her cookies to Eddy.

#4 Petty gives her cookies to Loopy and Crong.
#5 Crong sighs.

Scene Captions

Figure 5.8. Comparison of Story Continuation, Example 2: Various Methods Versus Ours,
with Ground Truth, Following an Initial Scene
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6. DISCUSSION

The process of story visualization and continuation presents a unique set of challenges,
distinguishing it significantly from tasks like video generation. In video generation, the
background elements and objects are usually consistent across a continuous time frame, with
the primary changes being in motion and action sequences. However, story continuation
involves visualizing discrete moments that may not follow a linear or predictable pattern,
making the task of maintaining narrative coherence particularly complex. Unlike videos,
where the continuity is inherently temporal and spatial, story visualization requires bridging
significant narrative gaps between scenes, which can involve drastic changes in settings,
characters, and actions. Developing a practical coherence function is one of the primary
hurdles in this domain. While datasets derived from comic books and cartoons provide a
basis for understanding sequential visual storytelling, they often need to catch up in capturing
the nuanced reasoning and global consistency required for seamless story continuation across
diverse contexts. This limitation underscores the necessity for advanced models capable
of sophisticated reasoning and high computational efficiency. The complexity of ensuring
narrative continuity involves visual consistency and the logical progression of the story,

demanding a model that can navigate the intricacies of both visual and narrative elements.

In this work, SD1.5 LoRa demonstrates improved performance over previous models, as
shown in Table 5.1. This model achieves high image quality for scene generation, closely
resembling the original frames, by training only a subspace of the weights with a rank of 256.
In Figure 5.1, we can see that high SSIM scores are generally for landscapes, mountainous,
and forested areas. In contrast, Figure 5.2 shows that medium scores are for scenes where
characters and environments are intertwined, and very low scores are for night and dark

scenes.

Table 5.2 shows the character representation on the positive (chosen) and negative (rejected)
scenes, providing a more detailed analysis with subcategories such as duplication and exact
match. As expected, duplication is 20% higher in negative scenes compared to positive ones.
CEMA and CPA are 82% and 89%, respectively, in positive scenes, indicating that the model

has performed well in character selection.
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In the Story Continuation comparison results, although the problem statement involves
generating each scene from a single sentence, in the literature and the original Pororo-SV
dataset, some scenes are generated from multiple sentences. In Figure 5.7, the model has
been tested against other models at this point and has produced visuals with coherent story
flow. In frame #2, the text "... Petty raises her hands ..." does not correspond to Petty raising
her hand in the ground truth image. Due to many such story-scene misalignments, it is quite
challenging to make comparisons with the ground truth for this problem. Similarly, in Figure
5.8, in frame #5, the caption is "Crong sighs," but in the ground truth image, Pororo is also
in the scene. There is no mention of Pororo in the previous captions, making it unclear how

this information appeared in the final scene.

Although this model does not provide a guarantee of consistently identifying the subsequent
scene, it enhances the probability of producing a relevant scene by using a substantial sampling
size, L in Algorithm 4.2. This strategy exploits the probabilistic characteristics of the model,
which, with a sufficient number of trials, is highly probable to generate a logical continuation
that aligns with the narrative context. Hence, while individual samples might occasionally be
unrelated, the model’s overall performance improves as the sampling size increases, ensuring
that at least one of the generated scenes aligns with the story’s progression. This method
balances the inherent uncertainties in generative models and practical applications where

multiple attempts can yield the desired outcome.
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7. CONCLUSIONS

In this thesis, text-to-image generation techniques for narrative story visualization and
continuation coherence were developed and enhanced while creating synthetic coherent data
to support these advancements. By re-annotating and extending the Pororo-SV dataset to
include dynamic storytelling elements, a robust foundation for training models that capture
narrative transitions and character developments was provided, and utilizing LoRa for the
domain chosen for the Pororo cartoon series, a pre-trained LDM was fine-tuned, resulting
in the SD1.5-LoRa model. This model demonstrated significant improvements in generating
high-fidelity images that closely resemble the original frames, as evidenced by superior SSIM
and FID scores. Moreover, we successfully tackled the challenges of generating coherent
visual sequences from textual descriptions. A Coherence Classification Model based on CLIP
encodings and a GRU network was developed to ensure temporal and thematic coherence
in generated image series. This classifier effectively filtered out incoherent sequences,
maintaining the narrative flow and enhancing the storytelling experience. Our success
in addressing these challenges demonstrates the potential of GAI in creating immersive
and interactive storytelling experiences and reinforces the effectiveness of our approach.
Additionally, we compared different encoding models, demonstrating that models using
CLIP encodings for text and images outperformed those using BERT and ResNet encodings
in terms of coherence. The evaluation metrics, including SSIM, Binary Cross Entropy Loss,
FID score, and character representation accuracy, comprehensively assessed the model’s
performance. The results demonstrated that the methods could produce coherent and visually

appealing narratives.

7.1. FUTURE WORK

The development of narrative datasets and the annotation of preferences within these
collections open new avenues for research. Future work could investigate the integration
of alignment methods within the diffusion process of LDMs. Such advancements would aim
to refine the LDM’s ability to autoregressively generate images that are not only visually

compelling but also narratively consistent. By aligning the generative process more closely
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with the narrative structure, researchers can work towards models that better understand and
replicate the storytelling dynamics. This approach would mark a significant step forward in
the field, bridging the gap between the current capabilities of image generation models and

the nuanced requirements of story visualization and continuation.

Furthermore, additional research could focus on enhancing the coherence of generated
sequences beyond individual frames to encompass entire video segments. By enabling models
to understand events, semantics, and other relevant features within a video, it becomes possible
to merge coherent video parts to create complete, cohesive movies. This would add a new
dimension to storytelling, as advanced multimodal models could generate single images and
seamless, narrative-driven video content. Additionally, exploring techniques to dynamically
adjust the narrative flow based on user feedback or specific thematic requirements could

further personalize and enhance the storytelling experience.
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APPENDIX A: UTILIZED PROMPTS FOR DATASET PROCESSES
IN LLMS

Create a series of short, interconnected stories for children featuring the
characters from the Pororo TV series engaging in various activities.

Each story should have a clear, simple cause-and-effect relationship.
Include basic events and objects that are easy for children to understand
and relate to.

Start each story with the characters discovering or trying something new,
and end with the outcome or resolution of their actions.

Backgrounds can be indoors or outdoors. Use a wide range of objects.
Choose characters by their names (Pororo, Crong, Eddy, Poby, Loopy, Petty,
Harry, Tongtong, Car).

Do not use phrases like "their/his/her friends."

For backgrounds, use descriptive keywords such as "house," "snowy land,"
"forest," or "sky," instead of specific locations 1like "Pororo's house" or
"Eddy's house."

Do not refer to the characters as friends. Choose character names randomly
to create a coherent storyline.

For each story, provide the following details in a structured JSON format:

- story_title: The title of the story described

- initial_text: A sentence describing the starting situation.

- final_text: A sentence describing the concluding situation, ensuring it's
a direct consequence of the initial action.

initial_background: Keywords describing the setting at the start of the
story.

final_background: Keywords describing the setting at the end of the story,
noting any changes from the initial setting.

initial_objects: Keywords listing significant objects involved in the
initial situation.

final_objects: Keywords listing significant objects present in the final
situation, including any new objects introduced.

initial_characters: Names and brief descriptions of the characters involved
in the initial situation.

final_characters: Names and brief descriptions of the characters present in
the final situation, noting any new characters introduced.

Focus on creating content that is engaging, cause and effect, situation
involving a pictorial change in difference and Initial and final text are
plain, non-complex texts in which only one situation is described, fosters
imagination among young readers. Each story should encapsulate a moral or
learning moment in a subtle manner.

measurable_change: succinctly describes the specific, observable
transformation or outcome from the story's start to its conclusion,
emphasizing the narrative's cause-and-effect progression.

change_type:

CHOOSE THE ACTIONS WHICH ARE MEASURABLE BETWEEN TWO PHOTOS, DONT USE VERY
ABSTRACT THINGS, YOU MAY USE CONCRETE OBJECTS TO MENTION IN THEIR ACTION
ETC.!

Figure A.1. Prompt for Creating the Pororo-DS Dataset: Part 1



EXAMPLE OUTPUT
//START EXAMPLE
“*'json
{
"story_title": "Pororo's Snowman Building",
"initial_text": "Pororo gathers snow to build a snowman in the snowy
land.",
"final_text": "Pororo stands next to a tall snowman, complete with a
carrot nose and coal eyes.",
"initial_background": "Snowy land, daytime",
"final_background": "Snowy land, daytime",
"initial_objects": "Snow, carrot, coal",
"final_objects": "Snowman, carrot nose, coal eyes",
"initial_characters": [
{"name": "Pororo", "description": "Creative, building"}
1,
"final_characters": [
{"name": "Pororo", "description": "Proud, admiring"}
1,
"measurable_change": "Snow piles into a snowman",
"change_type": "physical_transformation"

"story_title": "Poby's Bookshelf Building",

"initial_text": "Poby measures wood to build a new bookshelf in
his house.",

"final_text": "Poby fills the newly built bookshelf with books,
organized neatly.",

"initial_background": "House, morning",
"final_background": "House, afternoon",
"initial_objects": "Wood, measuring tape",

"final_objects": "Bookshelf, books",
"initial_characters": [

{"name": "Poby", "description": "Handy, constructing"}
1,
"final_characters": [
{"name": "Poby", "description": "Satisfied, organizing"}
1,
"measurable_change": "Wood pieces become a bookshelf",
"change_type": "goal_achievement"
b
{
. // other stories
}

//END EXAMPLE

YOU MUST USE THE WORDS PROVIDED IN THESE LISTS!

WORD_LIST_1:

"house, snow, looks, says, covered, looking, something, sky, head ...

Figure A.2. Prompt for Creating the Pororo-DS Dataset: Part 2
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The cartoon tv-series Pororo has the following characters I will introduce
them for you:

The character's names from left to right:
Eddy, Loopy, Crong, Pororo, Poby is behind
them the bear.

The main characters also listed in this image,
the names written under the character
pictures, the photos above listed as Pororo,
. Loopy, Eddy, Harry, Poby respectively and the
Rarors Loopy Eddy Harry Poby photos below listed as Tongtong, Crong, Rody,
Petty respectively. Be careful not to confuse
Petty, Loopy, and Harry between them; Harry is
a bird, Loopy is a pink beaver. Rody seems
like a robotic cat, Tongtong is an orange

Tongtong Crong Rody Petty dragon. Eddy is a fox, Poby is a white polar
bear, Pororo and Petty are penguins. Petty {is
a female penguin. Be careful, the character
name on the caption has to be precise!

The characters respectively: Eddy, Petty,
Poby, Harry (which is flying), Poby, Crong

Loopy on the left, Pororo, Poby white bear in
the center behind sitting in the snow, Crong,
Eddy

Figure A.3. Prompt for Captioning the Pororo-SV Dataset: Part 1
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Instruction: Given the above photos, recall the characters and write caption
text for the given image as shown in the examples below for the characters
in the scene. The caption may include which character, the action or
behavior or situation, background, object, and environment, etc.

Caption: Poby holding two boxes

Caption: Eddy chooses a book from the 1library at
home and looks at its cover.

Caption: Crong hides behind the bed and peeks her
head out slightly.

. some other few-shot examples ...

[image given for annotation] Caption:

Figure A.4. Prompt for Captioning the Pororo-SV Dataset: Part 2




APPENDIX B: CHARACTER REPRESENTATION METRICS

Algorithm B.1. Character Presence Accuracy (CPA)
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def character_presence_accuracy(
pred_array: list[int],
char_name_count: dict[str, int],
char_list: list[str]
) -> float:
Character Presence Accuracy (CPA)
Calculate the character presence accuracy in the predictions.

Args:

pred_array (list[int]): List of predicted character IDs.
char_name_count (dict[str, int]): Dictionary with character
names as keys and their intended counts as values.

char_list (list[str]): List of character names corresponding
to the IDs in pred_array.

Returns:
float: The character accuracy, which is the proportion of
correctly predicted characters.
pred_char_names = [char_list[id] for id in pred_array]
pred_counts = {}
for char in set(pred_char_names):
pred_counts[char] = pred_char_names.count(char)
matched_count = sum(
min(pred_counts.get(char, 0), count)
for char, count in char_name_count.items()
)
total_pred_chars = len(pred_array)
if total_pred_chars > 0:
accuracy = matched_count / total_pred_chars
else:
accuracy = 0
return accuracy
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Algorithm B.2. Duplication Character Rate (DCR)
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def duplication_character_rate(
pred_array: list[int],
char_count_dict: dict[str, int],
char_list: list[str]
) -> float:
Duplication Character Rate (DCR)
Calculate the duplication ratio in the predictions.

Args:

pred_array (list[int]): List of predicted character IDs.
char_count_dict (dict[str, int]): Dictionary with character
names as keys and their intended counts as values.

char_list (list[str]): List of character names corresponding to

the IDs in pred_array.

Returns:
float: The duplication ratio, which is the proportion of
over-predicted or extra characters.
pred_char_names = [char_list[id] for id in pred_array]
pred_counts = {}
for char in set(pred_char_names):

pred_counts[char] = pred_char_names.count(char)
excess_count = 0

for char, count in pred_counts.items():
intended_count = char_count_dict.get(char, 0)
if count > intended_count:
excess_count += count - intended_count

for char in pred_counts:
if char not in char_count_dict:
excess_count += pred_counts[char]

total_pred_chars = len(pred_array)
if total_pred_chars > 0:

duplication_ratio = excess_count / total_pred_chars
else:

duplication_ratio = 0

return duplication_ratio
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Algorithm B.3. Character Exact Match Accuracy (CEM)
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def character_exact_match_accuracy(

pred_array: list[int],
char_count_dict: dict[str, int],
char_list: list[str]

) -> float:

i

Character Exact Match Accuracy (CEMA)
Check if the predicted characters and their counts
exactly match the intended ones.

Args:

pred_array (list[int]): List of predicted character IDs.
char_count_dict (dict[str, int]): Dictionary with

character names as keys and their intended counts as values.
char_list (list[str]): List of character names corresponding to
the IDs in pred_array.

Returns:
float: 1.0 if the predictions exactly match the intended counts,
0.0 otherwise.
pred_char_names = [char_list[id] for id in pred_array]
pred_counts = {}
for char in set(pred_char_names):

pred_counts[char] = pred_char_names.count(char)

return 1.0 if pred_counts == char_count_dict else 0.0
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