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Abstract—A unique approach to text-to-image generation using quotes, employing Llama 3.2 as
a language model for prompt generation, alongside Stable Diffusion XL for high-quality image
synthesis. By integrating natural language processing (NLP) with sentiment analysis, the system
interprets the emotional tone and thematic content within quotes, producing images that
capture the intended sentiment and context. Our method demonstrates the potential of AI for
creative applications, providing artists and designers with a powerful tool for translating
language into expressive visuals. The model achieves high-quality, thematically aligned outputs,
showcasing advancements in Al for creative expression.

Index Terms— Text-to-Image Synthesis, Quote Sentiments, Prompt Modifier, Generative Al,
Visual Representation of Quotes.

1. INTRODUCTION

The intersection of artificial intelligence (AI) and creative expression has evolved rapidly in recent years,
especially with the advent of models that transform textual descriptions into unique visual representations. This
project, titled "Image Generation Using Quotes by Llama 3.2," aims to explore the potential of Al in bridging the
gap between language and visual art by converting complex, sentiment-laden quotes into emotionally resonant
images. While existing models like DALL-E, Midjourney, and Stable Diffusion have showcased impressive
abilities in generating high-quality images from simple descriptions, they often struggle with nuanced emotional
interpretation and thematic depth, particularly when processing abstract or poetic language.

Current text-to-image models typically generate visually compelling outputs but may overlook subtle emotional
cues embedded within complex texts. They may struggle to convey a sense of nostalgia, hope, or introspection
that often accompanies carefully crafted quotes. This project addresses these limitations by employing Llama 3.2
for advanced prompt generation and Stable Diffusion XL for image synthesis. Llama 3.2, known for its
proficiency in natural language processing (NLP) and contextual understanding, captures the subtleties within
quotes, while Stable Diffusion XL transforms these refined prompts into detailed, high-resolution images.

The core innovation in this project lies in the integration of sentiment analysis and thematic extraction into the
text-to-image generation pipeline. By analyzing each quote’s sentiment—whether joy, melancholy, calmness, or
dynamism—alongside thematic elements, the system creates prompts that guide the image generation model in
capturing not only the literal meaning but also the intended emotional undertone. This is particularly valuable for
artistic and educational applications, where aligning the visual output with the intended sentiment enriches
viewer engagement and comprehension.
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The objectives of this project are threefold: first, to develop a robust end-to-end pipeline that accurately
interprets quotes’ sentiment and thematic content; second, to create an intuitive user interface that allows users to
input quotes and visualize their themes; and third, to evaluate the effectiveness of the generated images in terms
of quality, coherence, and emotional alignment with the original text. By achieving these objectives, this project
contributes to Al-assisted creative expression, offering a tool that could be beneficial for artists, educators, and
designers seeking to visualize complex ideas and emotions embedded within text.

This paper explores each aspect of the system, from sentiment analysis and prompt generation to image
synthesis, with a focus on the unique contributions of Llama 3.2 and Stable Diffusion XL in addressing the
challenges of emotional and thematic representation. We present a comprehensive methodology, including a
detailed system architecture and evaluation of image quality and relevance. In the following sections, we discuss
the foundational literature, technical architecture, experimental results, and future implications of using Al-
driven image generation to visualize language in ways that are contextually accurate and creatively engaging.

II. LITERATURE SURVEY

In recent years, the field of text-to-image generation has seen remarkable advancements, with researchers
developing innovative models that leverage deep learning techniques. Notable contributions include OpenAl's
DALL-E, which uses transformers to create imaginative visuals, and the combination of VQGAN and CLIP to
produce high-resolution images from textual prompts. Researchers like S. S. AlamA et al. have pioneered
conditional diffusion models [1][3][9], while attention mechanisms introduced by X Duan et al. enhance the
relevance and quality of generated images[4][6]. These developments mark significant progress toward bridging
language and visual content, laying the groundwork for future exploration in generative modelling.

A. Image Generation with Stable Diffusion Al [1]

This paper proposes a system for generating facial images of suspects using Stable Diffusion Al, aiming to
improve the accuracy and efficiency of suspect identification in law enforcement. The system utilizes text
descriptions of suspects' appearances to generate realistic facial images and incorporates user feedback for
refinement.

B. A Taxonomy of prompt modifiers for text-to-image generation [2]

This paper identifies and presents a taxonomy of six prompt modifiers used by practitioners in online text-to-
image communities to control the output of Al image generation models. The paper explains how practitioners
use these modifiers in the practice of prompt engineering, which is conceptualized as an iterative and
experimental conversation with the AI model, to generate images with desired subjects, styles, and qualities.

C. Stable Diffusion Text-Image Generation [3]

This research paper describes Stable Diffusion, a text-to-image deep learning model that generates images from
text descriptions. It explains the model's architecture, which includes latent diffusion models, perceptual image
compression, and conditioning mechanisms.

D. PKU-AIGI-500K: A Neural Compression Benchmark And Model for AI-Generated Images [4]

This paper introduces PKU-AIGI-500K, a large-scale dataset of Al-generated images (AIGI) for benchmarking
and improving AIGI compression methods. The authors analyze the characteristics of AIGIs, benchmark existing
compression methods, and propose a novel AIGI compression model called Cross-Attention Transformer Codec
(CATC) that utilizes text prompts to improve compression efficiency.

E. Question Generation from PDF using Langchain [5]

This research paper focuses on generating questions from PDF documents using LangChain, a powerful natural
language processing framework. The authors describe the development of a web application that leverages
LangChain, along with Google PaLM and Streamlit, to extract information from PDFs and generate relevant
questions based on user queries.

F. Neural Language Models in Natural Language Processing [6]

This paper examines natural language processing (NLP), specifically the use of neural networks and deep
learning techniques for various NLP tasks.

The authors discuss the evolution of NLP, the core areas where deep learning has been applied, different types of
neural language models, and the advantages and limitations of each model.
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G. Exploring Natural Language Processing in Model-To-Model Transformations [7]

This paper explores the application of natural language processing (NLP) in model-to-model transformations.
The authors evaluate several state-of-the-art NLP tools and techniques, including deep learning-based sequence
tagging models and dependency parsing, for tasks such as verb/noun phrase extraction and acronym detection.

H. QueryMintAI: Multipurpose Multimodal Large Language Models for Personal Data [8]

This research paper presents QueryMintAl, a multimodal Large Language Model (LLM) capable of processing
diverse inputs like text, images, videos, and documents, while generating outputs across various modalities. The
paper highlights QueryMintAl's advantages such as its ability to handle multiple modalities and privacy-focused
design through local data processing.

1 Realistic Image Generation from Text by Using BERT-Based Embedding [9]

This paper proposes a new text-to-image generation model that utilizes a pre-trained BERT model for text
embedding and a StackGAN architecture for generating realistic images. The authors argue that fine-tuning the
pre-trained BERT model on a target dataset results in richer text embeddings compared to using text encoders
pre-trained on image-text pairs.

J. The Work of Art in the Age of Al Image Generation [10]

This essay examines art generated by Al image generators such as DALL-E and discusses if Al-generated
images can be considered art and if Al can be considered an artist. The author proposes that Al image generation
can be viewed as a poietic process, where artistic subjects, objects, and roles are not predetermined but emerge
through processes and performances involving humans and non-humans.

III. METHODOLOGY

The primary objective of this project is to integrate natural language processing (NLP), sentiment analysis, and
image generation to produce visuals that accurately represent the meaning and emotion of textual quotes input
phase, where quotes are tokenized, and thematic and emotional content is analyzed through sentiment analysis.
Based on this analysis, a suitable prompt is generated and passed to an image generation model to create visuals
that resonate with the textual input. The system thus aims to produce images that closely align with the intent of
the quotes, making them visually intuitive and high-quality representations of the original text. [3][4][17]

A. Architecture

The system architecture is designed to achieve specific objectives, focusing on creating an efficient flow from
text input to image output. The system design includes Data Flow, Use Case, and Sequence diagrams, each
providing a framework for organizing interactions and data processing within the architecture. Fig. 1
demonstrates the architecture below, it consists of two main components: the Front-End Component, which
gathers the input quote from users, and the Processing Layer, which converts the quote into a suitable prompt for
the image generation model. This model then uses the prompt to create an image.
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Fig 1. Proposed System Architecture
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B. System Implementation

The technology stack supporting this project includes compatible operating systems, programming languages,
libraries, and tools to handle NLP, prompt generation, and image synthesis tasks efficiently. Python 3.8 or later
is selected as the core programming language for its extensive library support and suitability for NLP and deep
learning tasks. Key libraries and frameworks include LangChain for natural language processing and sentiment
analysis, the Transformers Library for LLama 3.2 model management, and both PyTorch and TensorFlow for
deep learning and model deployment, ensuring a robust computational foundation [13][20]. Stable Diffusion
Implementation, integrated with PyTorch, is used to generate high-quality images that align with the prompt's
sentiment.

Fig. 2 displays the quote input field, where users enter a quote for which an image is to be generated. The
Analyzer Module then processes the quote, generating a creative prompt with LLama 3.2 that aligns with the
quote’s tone and theme. For example, a quote like “Time and Tide wait for no man” emphasizes the continuous
flow of time and the necessity of wise decisions. With this input, the Analyzer Module captures the serious,
focused tone, generating a prompt like “Illustrate the ancient Greek phrase ‘Time and Tide wait for no man’ in a
dynamic, abstract scene with swirling water currents and a lone figure standing resolute against the flow.”. Over
time, it generates increasingly realistic images based on the feedback received from the discriminator.

This prompt is passed to the Stable Diffusion XL model, which generates the image based on these instructions.
Fig. 3 presents the final generated image, aligning with the quote’s intent. The LLama 3.2-generated prompt is
shown to the user, who can re-enter the input for a revised prompt if needed to ensure the image fully
encapsulates the quote's depth.

Generation of Prompts for Image
generation model using Ollama
Llama3.2

Enter the Quote.
Time and Tide waits for no man
Generated Prompt: Here is a prompt that can be used with an image generation model:

"lllustrate the ancient Greek phrase 'Time and Tide wait for no man' in adynamic, abstract scene with
" s

standing resolute against the flow."

Fig 2. Quote Input Field Fig 3. Output Image Generated by the System

IV. RESULTS & ANALYSIS

To assess the image quality produced by the model, two key metrics were calculated: Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM). The PSNR value is expressed in decibels (dB) and generally
reflects image quality with higher values indicating closer similarity.
The formula for PSNR is as follows:

MAX?

PSNR =10-1 —_—
0810 MSE

where

» MAX is the Maximum pixel intensity of the image (typically 255 for 8-bit images).

» MSE is the Mean Squared Error between the original image and the generated image. It is calculated as
follows:

L.

— PR PR 2
MSE = 22> > () = K(i.))
i=1j=1

where

» M and N are Image dimensions.

» I(i,j) is the pixel intensity of the original image at position (i, j).

» K(i, j) is the pixel intensity of the generated image at position (3, j). [19]
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For Average PSNR, the PSNR values for all test images are summed and divided by the total number of images.
With an Average PSNR of 30.5 dB, the generated images exhibit a high level of quality and maintain a close
resemblance to the target images.

SSIM is another image quality metric that assesses structural similarity between images by comparing
luminance, contrast, and structural aspects. SSIM ranges from -1 to 1, with values close to 1 indicating high
structural similarity.

The SSIM formula is as follows:

(Zquy + C1)(2‘7xy+ c2)
(W + w3+ 1 )(af + 0} + c2)

SSIM (x,y) =

where

» . and p, are the mean intensities of images x (target) and y (generated).

» o, and c,” are the variances of images x and y.

» Oy is the covariance of images x and y.

» c;and ¢; are the constants to stabilize the division when the denominator is close to zero. [19]

With an Average SSIM of 0.87, the model achieves a high level of structural similarity, meaning the generated
images maintain essential features and details that closely align with the target images.

These metrics indicate that the model retains a high degree of similarity to target images, confirming both high
image quality and structural fidelity in the generated outputs. Fig. 4 demonstrates the different Image Generation
models along with their PSNR and SSIM values for comparision.
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Fig 4. Bar Charts comparing the PSNR and SSIM scores for various models

V. CONCLUSION

This project marks a significant advancement in creative artificial intelligence, demonstrating a novel approach
to generating visually inspired content from textual quotes.

The system harnesses the capabilities of LLama 3.2 for nuanced prompt generation, which interprets the
semantic and emotional depth of quotes, in combination with Stable Diffusion’s powerful image synthesis
engine.

Together, these components enable the generation of images that not only capture the literal content of the
quotes but also reflect an artistic interpretation that aligns with the text's essence.

Quantitative evaluation supports the effectiveness of the model. High-quality output is reflected in structural
similarity index (SSIM) and peak signal-to-noise ratio (PSNR) metrics, where values of 0.87 and 30.5 dB,
respectively, indicate clear, detailed images that closely match the intended design and visual fidelity.
Additionally, the system achieves impressive performance in terms of image diversity and generation speed,
allowing for a range of distinct styles and formats suited to various creative applications.

A comparative analysis highlights the model’s competitiveness within the generative Al landscape.

When benchmarked against leading tools such as DALL-E, this system not only demonstrates comparable
quality and variety but, in certain respects, surpasses them, particularly in areas of prompt interpretation and
thematic coherence.

This robustness and versatility position it as a valuable asset in the suite of generative Al tools, particularly for
applications in web design, digital storytelling, and other creative domains that require efficient and diverse
visual outputs.
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