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Abstract   

The research explores the integration of generative AI in multimedia content production 

using a fine-tuned Llama 2 model for text generation and the Stable Diffusion algorithm for 

image synthesis.  The research analyses the fine-tuned Llama 2-7b-chat model's adaptability to 

specific content generation contexts, enhanced by a unique dataset and QLoRa, a Quantized 

Low-Rank Adaptation for parameter-efficient fine-tuning, achieving significant reductions in 

training loss and nuanced quality in the generated content. Notably, the model's evaluation 

yielded an impressive perplexity score of 1.49, indicating advanced predictive performance. 

Additionally, stable diffusion's ability to transform textual descriptions into intricate images, 

highlighting its potential in AI-mediated content creation is demonstrated. The experiments 

and qualitative analyses reveal improvements in efficiency and creativity, emphasizing the 

collaborative potential of these models to revolutionize multidisciplinary content generation. 

The research underscores the transformative impact of fine-tuned generative models on content 

creation and offers insights into the broader implications for future AI research, while 

acknowledging the critical need for ethical considerations in the deployment of such 

technologies. 
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 Introduction 

In recent years, Generative Artificial Intelligence (AI) has emerged as a frontier 

technology, revolutionizing digital content creation and consumption. Central to this 

innovation are algorithms that learn from vast data sets to produce new, previously unseen 

outputs that mimic the original data in style and content. These models include generative 

adversarial networks (GANs), transformer models such as GPT variants, and diffusion models 

like Stable Diffusion, significantly expanding AI's creative capabilities [3]. This research 

focuses on the advancements in generative AI, particularly the fine-tuned Llama 2 model for 

text generation and the Stable Diffusion algorithm for image synthesis, highlighting significant 

enhancements in efficiency and creativity in AI-driven content production. 

Significant strides have been made in the advancement of AI models for text generation 

and image synthesis. For example, OpenAI's GPT-3 has shown remarkable abilities in 

generating coherent and contextually relevant text across various applications, while models 

like DALL-E have demonstrated the ability to create detailed images from textual descriptions. 

However, the potential of combining the high-performing, fine-tuned Llama 2 model, 

renowned for its bespoke text generation, with the visually sophisticated Stable Diffusion, 

capable of rendering text descriptions into complex imagery, remains largely unexplored [1]. 

Within this investigation, the Llama 2 model, particularly its Llama 2-7b-chat variant, 

is scrutinized for its adeptness in adjusting to nuanced content creation parameters. The 

implementation of QLoRa, a Quantized Low-Rank Adaptation method, optimizes parameter 

efficiency, leading to significant reductions in training loss and improvements in the granularity 

and sophistication of the content produced [21]. For example, while prior studies such as on 

GPT-3 focused on general text generation capabilities, our approach fine-tunes the Llama 2 

model specifically for article creation, yielding a training loss reduction to 0.66. Additionally, 

while models like DALL-E are used for generating images, our use of Stable Diffusion for 

seamless integration with text generation is a distinctive contribution. Case studies involving 

personalized marketing content and entertainment industry applications demonstrate the 

practical benefits and enhanced performance of our integrated approach. 
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The primary objective of this paper is to optimize the process of content generation 

using the fine-tuned Llama 2-7b-chat model. This involves fine-tuning the model on specific 

datasets and tasks relevant to article creation, enabling it to generate coherent and contextually 

relevant textual content with enhanced efficiency and accuracy. Another key objective is to 

implement Stable Diffusion techniques for image synthesis, allowing for the generation of 

high-quality images that align seamlessly with the generated textual content. This research 

provides a comprehensive examination of the synergies between text and image generative 

models, supported by robust scientific methodology, detailing dataset preparation, fine-tuning 

strategies, and iterative processes leading to a training loss of 0.66, demonstrating the 

effectiveness of our approach. 

 Literature Survey 

The research showcases how language models, such as GPT-3, exhibit the ability to 

handle diverse tasks even with minimal task-specific data, showcases how fine-tuning can 

enhance performance on specific domains [11]. The study's findings provide a compelling 

argument for fine-tuning larger models like Llama 2 7b to refine their content generation 

capabilities. 

The study from Training large scale neural language models dives deep into the training 

methodologies of neural language models, exploring the impact of large-scale datasets and 

architectural innovations. It emphasizes the importance of fine-tuning these models to enhance 

their generative capabilities and align them with specific tasks [12].  

A key resource for understanding how latent diffusion models, akin to Stable Diffusion, 

can generate high-quality images is discussed in the research. The authors investigate the 

model's ability to synthesize images that accurately reflect given text descriptions, focusing on 

the balance between the fidelity of the generated images and the computational resources 

required [7]. 

The research provides deep insights into the generation of high-fidelity images. While 

focused on a different generative model, the paper's exploration of factors that influence image 

quality is relevant to understanding how Stable Diffusion synthesizes images from text 

descriptions [17]. The study offers methodologies that could potentially be applied to improve 

the image synthesis process and outcome in models like Stable Diffusion. 
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 Content Generation using Fine Tuned Llama 2-7b-Chat-Model 

3.1 Llama 2 Model Architecture 

The Llama 2 model architecture represents a leap forward in the field of natural 

language processing. Built upon transformer-based technologies, it is designed to handle a vast 

array of language tasks. It is a decoder only model. Llama-2 is a set of three models rather than 

a single model. The quantity of parameters in each of these models is the only distinction 

between them. The Llama-2 models have parameters of 7B, 13B and 70B, in order of smallest 

to largest. There are many aspects that go into making LLaMA-2 effective [2].  

While The Llama model underwent training with a context length of 2,000 tokens, The 

LLaMA-2 model is trained with an extended context length of 4,000 tokens. Furthermore, 

grouped query attention (GQA) is implemented by LLaMA-2 in every layer [9]. Based on an 

unlabelled textual corpus and the subsequent token prediction aim, all LLMs2 adhere to a 

(relatively) common and straightforward pre-training procedure. Given that the pre-training 

process for Large Language Models (LLMs) follows standardized procedures, the amount and 

quality of data used during pre-training significantly influence model performance. When pre-

training an LLM with a larger and higher-quality dataset, especially for base models that have 

already undergone training, the resulting final model tends to exhibit improved performance. 

However, the models start with a pre-training process and a modified and enhanced model 

architecture. With an architecture designed for faster inference and pre-trained across a larger 

amount of data, LLaMA-2 enables the formation of a more comprehensive knowledge base. 

Additionally, Llama 2 is more effective due to the pretraining conditions provided below [15]. 

To handle the 2 Trillion tokens and internal weights, Llama2 uses a method known as Root 

Mean Square Normalisation, or RMSNorm. Llama 2 uses the SwiGLU activation function to 

decide whether a particular neuron should be active. Finally, Llama-2 uses a novel 

mathematical technique known as "Rotary Positional embedding," or RoPE, to make sure it 

comprehends the idea that the placements of words in sentences matter just as much as the 

words themselves. 
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Figure 1. Optimized Architecture of Llama 2 

The optimized architecture that is designed specifically for Llama 2 model along with 

the RMSNorm layer, SwiGLU activation function Layer and the integration of RoPE is 

represented in the above Figure 1 [14]. 

3.1.1 Llama 2-7B-Chat Model 

Llama 2-7b-chat is a customized version of Llama 2 designed for dialog-based use 

cases. It is fine-tuned through Supervised Fine Tuning (SFT) and reinforcement learning from 

human feedback (RLHF). The pre-trained Llama 2 base model had been trained using 

supervised fine tuning to provide responses in the format that users are likely to expect in a 

chatbot [19]. Here the model is fine-tuned using prompt response pairs to minimize the 

difference between the model’s own response for a given prompt and the example response 

given in the data provided. In RLHF, a "reward model" is trained with direct human feedback 

to identify patterns in the replies that people find most appealing. The reward model is then 

utilised to train Llama-2-chat through reinforcement learning, transforming its predictions into 

a scalar reward signal. 
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Figure 2. Llama 2 Chat Model Training 

The procedure of training the Llama 2 conversation model making use of Supervised 

Fine Tuning and Reinforcement Learning through user responses is depicted in Figure 2 [6]. 

3.2 Fine Tuning of Llama 2-7B-Chat 

3.2.1 Creating the Dataset 

To fine-tune the Llama 2-7B-chat model, a specialized dataset of 150 rows was curated. 

This dataset consisted of high-quality dialogue pairs that target various domains of knowledge 

and conversational contexts. The data was collected from a wide array of articles available on 

the internet, supplemented by AI-generated content, covering a variety of subjects and topics. 

The choice of 150 rows ensures sufficient fine-tuning to enhance the model's contextual 

understanding and conversational adaptability while avoiding catastrophic forgetting, 

maintaining the balance between specificity and the model's foundational knowledge. 

3.2.2 Parameter Optimized Fine Tuning 

The ever-growing capabilities of Large Language Models (LLMs) like Llama 2 come 

at the cost of immense computational demands. Fine-tuning these models for specific tasks, 

like content generation for article creation, typically requires significant resources and time, 

hindering their practical application [5]. Parameter-Efficient Fine-tuning (PEFT) techniques 

aims to overcome these limitations by intelligently selecting and updating only a subset of 

LLM parameters relevant to the desired task. This approach leverages two key principles: 

Focus on Task-Specific Parameters, Reduced Precision for Non-Critical Parameters. 



                                                                                       Shenbagam P., Thrisha Vaishnavi K S., Hariprakassh S., Abhirami K., Abiram B., Rakesh Nandhaa K S. 

 

Journal of Innovative Image Processing, September 2024, Volume 6, Issue 3  225 

 

Among various PEFT methods, LoRA (Low-Rank Adaptor) and QLoRA (Quantized 

Low-Rank Adaptor) stand out for their effectiveness and unique approaches. QLoRa is Built 

upon LoRA, further enhances efficiency by quantizing the remaining parameters to lower 

precision levels. This reduces memory consumption and computational costs without 

sacrificing significant accuracy. LoRa replaces large weight matrices within specific model 

layers with a combination of smaller matrices and low-rank adaptors [16]. These adaptors 

capture task-specific information efficiently, resulting in significant parameter reduction. 

 

Figure 3.  Architecture of Fine-tuned Llama 2-7B-Chat Model 

The architecture of the fine-tuned Llama 2-7B Chat model using QLoRa and the 

decomposition of larger weight matrix into two smaller weight matrices along with the rank r 

and dimension of the model d in LoRa technique is represented in the above Figure 3. The rank 

parameter of the matrix controls the size of the smaller matrix. 

3.2.3 Training and Loss 

Fine-tuning the LLama2-7B-chat model with the QLoRa optimization technique 

involved an iterative process. Various parameter combinations were tested to identify the most 

effective configuration for enhancing model performance. 

Table 1. Parameters for Training 

Parameters Alpha Rank Dropout Learning Rate 

Values 16 64 0.1 2e-4 
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During the training phase, by using the parameters mentioned in the above Table 1, 

along with Adam optimizer, LLama2-7B-chat model underwent rigorous sequences of learning 

and evaluation to minimize this loss. To further enhance efficiency, the base model parameters 

were quantized to 4-bit precision using the "nf4" format [18]. This significantly reduces 

memory consumption and computational costs without using nested quantization. The model 

was trained over multiple epochs, where each epoch processed the entire dataset and updated 

the model's weights in response to the loss function . Throughout the training cycles, a 

continuous decrease in the loss metric was observed with a final loss of 0.24. This decline is 

reflective of the model's increasing capacity to comprehend and generate text that aligns closely 

with human conversation patterns. The fine-tuned model is saved in HuggingFace for further 

use. 

3.2.4 Evaluation Metric 

During the process of fine-tuning the Llama 2 model, we employed perplexity as the 

primary evaluation metric to measure the model's language understanding and predictive 

performance [20]. Perplexity, which gauges the model's uncertainty in predicting the next word 

in a sequence, serves as an inverse indicator of the model's performance. It is usually used only 

to determine how well a model has learned the training set. Lower values of perplexity indicate 

a more confident model with accurate predictions, whereas higher values like 10 to 100 suggest 

a model that is less certain about its predictions [8]. By optimizing our model to minimize 

perplexity, we ensured that the generated text was both contextually coherent and predictively 

precise, leading to more reliable content generation. Upon evaluating fine-tuning the Llama 2 

model, We accomplished a perplexity score of approximately 1.49. This remarkably low 

perplexity indicates an exceptionally high level of predictive performance, affirming the 

model's ability to generate text with a high degree of certainty and fluency. 

3.3 Process of Content Generation 

To streamline the content creation pipeline, we incorporated LangChain, a tool 

designed to interface coherently with LLMs. Langchain helps LLM to access the external files 

and interact with external environments [13]. Leveraging LangChain, we devised a system 

where the user inputs are initially processed to understand the intent and context. The fine-

tuned Llama 2 7b model, embracing its conversational prowess, then generates text that adheres 

to the specified themes or topics. 
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Figure 4. Process of Content Generation 

Thus, by using LangChain, the output for content generation is created as shown in 

Figure 4. 

3.4 Deployment using Streamlit 

Streamlit’s role in our architecture is pivotal for providing an interactive front end. The 

user interface created with Streamlit is intuitive, allowing for easy input of textual prompts and 

displaying the synthesized content. It enables real-time adjustments to the content generation 

parameters, offering users the ability to customize the output.  

 Image Generation using Stable Diffusion Model 

4.1 Stable Diffusion Architecture 

Stable Diffusion serves as a generative model specifically designed to create high-

quality images based on textual descriptions. This technology harnesses the power of deep 

learning and a specific type of neural network known as a diffusion model. As opposed to 

traditional generative models, Stable Diffusion stands out for its ability to create detailed, 

coherent images by gradually refining noise into structured visuals over multiple iterative steps. 

It works by initially introducing random noise into an image canvas and then progressively 

denoising this input through the guidance of trained neural networks, which have learned to 

associate words with visual elements [4]. Stable Diffusion models are trained on large datasets 

of images and their associated textual descriptions, enabling them to generalize and produce 

new images that closely align with a wide range of descriptive prompts. 
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Figure 5. Architecture of Stable Diffusion 

The architecture is split into three main components as described in the above Figure 5 

[10] the variational autoencoder, which is used to decode the images from the latent space into 

the pixel space. The U-Net predicts denoised image representation of noisy latent. A 

transformer-based encoder called CLIP text encoder maps the input tokens to embeddings 

which is given as input to U-Net.  

4.2 Process of Image Generation 

         Using a Stable Diffusion model typically involves the following steps: 

Input Preparation: The process begins with a user providing a textual prompt. This 

prompt is passed through a CLIP text encoder to create an embedding that captures the 

semantic meaning of the text. 

Noise Initialization: An initial noise image in latent space is generated, usually by 

sampling from a normal distribution. This image contains no discernible content and acts 

as a canvas onto which the model will project the user's textual description. 

Diffusion Process: The noise image along with the text embedding is given as input to 

U-Net. It undergoes a series of transformations through the diffusion process. At each 

step, the model applies learned weights to predict and revert a small amount of the noise 

added. The embedding from the Transformer model is used to guide these 

transformations, ensuring that the refinements are aligned with the textual prompt. 
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Iterative Refinement: The refinement process is iterative, with the model gradually 

removing noise and adding structure to the image. Users can monitor intermediate stages 

to see how the model progresses from randomized noise to a coherent image. 

Final Image Synthesis: Once the series of diffusion steps is complete, the result is a 

detailed image obtained through the decoder of variational autoencoder that visually 

interprets the textual prompt provided at the outset. 

 

Figure 6. Example of image generation using Stable Diffusion 

The above Figure 6 [22] showcases the gradual transformation from noise to final image 

through Stable Diffusion given a text prompt. The timestep can be adjusted as needed; 

increasing the number of timesteps generally results in a clearer image. 

4.3 Deployment using Streamlit 

To democratize access and facilitate interaction with the Stable Diffusion model, we 

utilize Streamlit, an open-source application framework tailored for machine learning and data 

science endeavors. Streamlit provides an effecient way for users to engage with the Stable 

Diffusion model, offering an intuitive interface where they can input textual prompts and 

receive generated images in real-time. 

 Integration of Content Generation and Image Generation 

First, the topic for the content is provided as input to the fine-tuned LLama 2 7b chat 

model. The model then generates the desired content as output. Following this, the user 

manually provides a text prompt related to the generated content or the required content for the 

image generation. This prompt is used as input to the Stable Diffusion model to produce the 

final clear image related to the content. 
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 Results and Discussion 

The process fine-tuning of the Llama 2 7b chat model was meticulously carried out 

with a particular emphasis on reducing training loss and enhancing model response quality. 

Our results indicate a significant reduction in training loss to 0.24, demonstrating the 

effectiveness of the fine-tuning process. Utilizing a learning rate of 2e-4 and the Adam 

optimizer, the model exhibited improved conversational capabilities and increased contextual 

understanding. Most notably, the evaluation of the fine-tuned model yielded an impressive 

perplexity score, averaging around 1.49, which underscores the model's advanced predictive 

performance. This low perplexity is indicative of the model's proficiency in accurately 

predicting the next word in a sequence, reaffirming its enhanced generation capability. The 

combined results of diminished training loss and low perplexity point towards a highly 

optimized Llama 2 7b model that excels in generating precise, context-appropriate content 

tailored to our specific production needs. 

 

Figure 7. Training Loss Over Steps 

A continuous decrease in the training loss is observed from the above Figure 7 over 

multiple steps and multiple epochs, thus resulting in an efficient fine-tuned Llama 2-7b-chat 

model. 
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Table 2. Comparative Analysis with Baseline Models 

Model Training Loss Perplexity Score 

Baseline Llama 2 7b 0.40 11.50 

Baseline Llama 2 7b chat 0.35 10.30 

Fine-tuned Llama 2 7b chat 0.24 1.49 

 

The above Table 2 highlights the comparative analysis of the fine-tuned Llama 2 7b 

chat model with the baseline model. Stable Diffusion, on the other hand, served as the backbone 

for our image synthesis endeavors. We leveraged its state-of-the-art algorithm to convert text 

descriptions into high-fidelity images, complementing the textual content with visually 

appealing elements. The images produced were not only contextually relevant but also captured 

the intricate details conveyed by the text descriptions, thus demonstrating Stable Diffusion's 

potent capabilities. 

 Conclusion 

In conclusion, our exploration has reinforced the value of fine-tuning generative models 

like Llama 2 for specialized content creation tasks. The training adaptations we incorporated 

have led to a model that performs with a substantial increase in contextual coherence, providing 

richer and more engaging conversational content generation. The effective combination of the 

fine-tuned Llama 2 7b chat model tailored through QLoRa with the visual synthesis prowess 

of Stable Diffusion holds the promise of revolutionizing the way multimedia content is 

produced, offering creators a powerful tool for crafting engaging and diverse narratives. This 

advancement was further complemented by LangChain's orchestration, which facilitated a 

seamless content generation workflow and ensured coherence and relevance in the output. The 

Streamlit interface provided an accessible and robust platform for real-time user interaction, 

bolstering the user experience and engagement. 

Furthermore, the demonstrated efficiency and creative output establish a benchmark for 

future endeavors in AI-driven content creation. It also opens avenues for the personalization of 

generative AI to cater to a broad spectrum of creative requirements in various domains. While 

the current results are promising, we recognize that continued advancements and ethical 
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considerations are paramount to ensure responsible utilization and mitigate potential biases 

within AI-generated content.  

Future studies could focus on further personalization of the models to cater to diverse 

creative domains, different languages extending their applicability and enhancing the finesse 

of the generated content. Moving forward, the aim is to further refine these technologies, 

expanding their capabilities and applications to foster new and innovative forms of digital 

storytelling and content creation. Additional research is also encouraged to address the ethical 

considerations of AI in content creation, ensuring responsible use and mitigating biases in AI-

generated material. 
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