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Abstract 

This master's thesis investigates the feasibility study of a large language model (LLM) 

comparable to GPT-4, the state-of-the-art model developed by OpenAI. The thesis analyzes 

the technical requirements, financial aspects, ethical considerations, and practical applications 

to provide a comprehensive overview of the opportunities and challenges associated with 

developing such a model. 

Keywords 

large language model, LLM, GPT-4, feasibility study, artificial intelligence, machine learning, natural 

language processing  

Abstrakt 

Tato diplomová práce se zabývá studií proveditelnosti velkého jazykového modelu (LLM) 

srovnatelného s GPT-4, nejmodernějším modelem vyvinutým společností OpenAI. Práce analyzuje 

technické požadavky, finanční aspekty, etické otázky a praktické aplikace, s cílem poskytnout 

komplexní přehled o možnostech a výzvách spojených s vývojem takového modelu. 

Klíčová slova 

velký jazykový model, LLM, GPT-4, studie proveditelnosti, umělá inteligence, strojové 

učení, přirozené zpracování jazyka  
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Introduction 

In recent years, the field of artificial intelligence (AI) has witnessed remarkable 

advancements, particularly in the domain of natural language processing (NLP). The 

development of large language models (LLMs) has revolutionized the way machines 

understand, generate, and interact with human language. These powerful AI systems, trained 

on vast amounts of text data, have demonstrated unprecedented capabilities in tasks such as 

language translation, text generation, question answering, and sentiment analysis. 

The release of OpenAI's GPT-4 in 2023 marked a significant milestone in the 

evolution of LLMs. With its exceptional performance across a wide range of language tasks 

and its ability to generate human-like text, GPT-4 has set a new benchmark for language 

models. The potential applications of such advanced LLMs span various industries, from 

healthcare and education to finance and entertainment, promising to transform the way we 

work, learn, and communicate. 

However, the development of an LLM comparable to GPT-4 presents a formidable 

challenge. It requires substantial computational resources, extensive training data, and a 

highly skilled interdisciplinary team. Moreover, the process is fraught with technical 

complexities, ethical considerations, and regulatory uncertainties. As organizations 

increasingly recognize the value of AI and NLP technologies, it becomes crucial to assess the 

feasibility of undertaking such an ambitious project. 

This thesis aims to conduct a comprehensive feasibility study for developing an LLM 

comparable to GPT-4. The study will examine the technical requirements, including hardware 

specifications, software tools, and dataset needs. It will also explore the financial aspects, 

such as initial capital costs, operating expenses, and potential revenue streams. Furthermore, 

the study will investigate the human resource requirements, including the necessary skills, 

expertise, and team composition. 

In addition to the technical and financial considerations, the study will delve into the 

ethical and legal implications of developing an advanced LLM. It will address key ethical 

aspects, such as data privacy, bias mitigation, and responsible AI development. The study will 

also examine the relevant legal and regulatory frameworks, ensuring compliance with data 

protection laws and intellectual property rights. 
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Given the nature of this feasibility study, which focuses on assessing the viability of 

developing an LLM rather than testing specific hypotheses, no formal hypotheses have been 

formulated. Instead, the study will employ various analytical tools and frameworks to provide 

a comprehensive evaluation of the project's potential. These include SWOT analysis to 

identify strengths, weaknesses, opportunities, and threats; Porter's Five Forces analysis to 

assess the competitive landscape; and PESTEL analysis to evaluate the external factors 

influencing the project. The study will also draw upon case studies of existing LLMs, such as 

GitHub Copilot and Google's Gemini, to gain practical insights and benchmark the project's 

potential. 

The findings of this feasibility study will serve as a valuable resource for organizations 

considering the development of an advanced LLM. By providing a comprehensive assessment 

of the technical, financial, human resource, ethical, and legal aspects, the study will enable 

informed decision-making and strategic planning. It will highlight the potential benefits and 

challenges associated with the project, allowing organizations to weigh the risks and 

opportunities and determine the viability of pursuing such an endeavor. 

For transparency, I want to acknowledge that I used large language models (LLMs) as 

supportive tools throughout the writing of this thesis. These models were instrumental in 

refining the structure, improving translations, enhancing clarity and tone, providing feedback, 

checking grammar, and formatting citations. I also used the LLMs to ensure that my work met 

all the criteria and requirements of a feasibility study. However, it is important to clarify that 

these tools were not used as sources of information due to the high risk of generating false but 

plausible-sounding content, which could negatively impact the quality of the thesis. 

When I encountered difficulties in expressing my ideas in English, I provided the 

LLMs with my intended text in Czech and asked for suggestions on how to phrase it in 

English. Most of the work was done directly in English, and through iterative feedback from 

the LLMs, I refined the text to its final form. The LLMs helped me find appropriate phrases 

and expressions, provided valuable feedback, and supported the clarification of my 

arguments, maintenance of a consistent academic tone, and proofreading of my work. This 

support was essential in ensuring that my ideas were effectively communicated, especially 

since English is not my first language. 

I want to emphasize that all ideas, analyses, and conclusions in this thesis are entirely 

my own. The LLMs were used solely to enhance the presentation and clarity of my original 
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thoughts and research, not to generate content or provide factual information. All sources 

referenced in this thesis are properly cited according to academic standards. 
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THEORETICAL PART 
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1 Literature Review 
The rapid advancements in the field of natural language processing (NLP) have been 

largely driven by the development of large language models (LLMs). These models, trained 

on vast amounts of text data, have achieved remarkable performance across a wide range of 

NLP tasks, pushing the boundaries of language understanding and generation. This literature 

review aims to provide a comprehensive overview of the existing research on LLMs, identify 

key research gaps, and highlight the potential contributions of this feasibility study to current 

research. 

1.1 Overview of Existing Literature on Large Language Models 
The foundation for modern LLMs was laid by the seminal paper "Attention is All You 

Need" (Vaswani et al., 2017), which introduced the Transformer architecture. This 

architecture, which relies solely on attention mechanisms to capture dependencies between 

input and output sequences, has become the backbone of many subsequent LLMs. Building 

upon this, Radford et al. (2018) introduced GPT (Generative Pre-trained Transformer), a 

large-scale unsupervised language model that demonstrated the effectiveness of pre-training 

on large datasets and fine-tuning on specific tasks. This approach was further refined by 

Devlin et al. (2019) with the introduction of BERT (Bidirectional Encoder Representations 

from Transformers), which employed a masked language modeling objective to learn 

bidirectional representations of text, leading to significant improvements across various NLP 

benchmarks. 

A significant milestone in the development of LLMs was the introduction of GPT-3 

(Brown et al., 2020), an autoregressive language model with 175 billion parameters. GPT-3 

showcased the potential of scaling up language models in terms of parameter count and 

training data size, demonstrating remarkable zero-shot and few-shot learning capabilities. 

Following GPT-3, several state-of-the-art models have been developed, such as the Switch 

Transformer (Fedus et al., 2021), Megatron-Turing NLG (Smith et al., 2022), MT-NLG 

(Smith et al., 2022), and Chinchilla (Hoffmann et al., 2022), each pushing the boundaries of 

LLM performance and efficiency. 

Research has also explored the capabilities and limitations of LLMs. Tamkin et al. 

(2021) investigated the ability of language models to serve as knowledge bases, highlighting 

their potential to store and retrieve factual knowledge. LLMs also raise significant ethical 
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concerns, as discussed by Bender et al. (2021), who emphasized the need for responsible 

development and deployment, addressing issues such as bias, fairness, transparency, and 

accountability. Additionally, Bommasani et al. (2021) raised concerns about the 

environmental impact of training large language models, given their substantial computational 

requirements. 

1.2 Identification of Research Gaps 
Despite the rapid progress in LLM development, a significant research gap exists 

when it comes to European-developed models. While American tech giants like Microsoft 

(OpenAI), Google, and Meta have been at the forefront of LLM research, no European 

company or research institution has developed a language model of comparable size and 

capabilities. 

The lack of European-developed LLMs has several consequences. First, it may put 

European companies at a competitive disadvantage in deploying AI applications based on 

natural language processing. Second, it may lead to a dependence on American technologies, 

raising concerns about data privacy, intellectual property rights, and the potential for 

American companies to exert control over the European AI landscape. Finally, it may hinder 

Europe's ability to drive innovation and advance the field of NLP. 

To address this research gap, a comprehensive feasibility study is needed. 
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2 Artificial Intelligence 
Artificial Intelligence (AI) is a broad field that encompasses the study and 

development of intelligent systems capable of performing tasks that typically require human-

level intelligence (Russell, 2010). The pursuit of creating intelligent machines dates to the 

pioneering work of Alan Turing in the 1950s, who proposed the idea of a machine that could 

exhibit intelligent behavior indistinguishable from that of a human (Turing, 1950). 

The field of AI has evolved through various approaches over the years. The traditional 

symbolic approach, which dominated the early decades of AI research, relied on handcrafted 

rules and logic to represent knowledge and reason about problems (Nilsson, 1998). This 

approach faced limitations in dealing with complex, real-world scenarios where rules and 

knowledge representation became increasingly difficult to manage. 

In the late 20th century, the emergence of machine learning techniques, particularly 

those based on neural networks, marked a significant shift in AI (Mitchell, 1997). Unlike 

symbolic approaches, machine learning models can learn from data and adapt their behavior 

based on patterns and statistical regularities present in that data. This data-driven approach 

has proven to be more effective in tackling complex problems, such as image and speech 

recognition, natural language processing, and decision-making in uncertain environments. 

Deep learning, a subfield of machine learning that employs artificial neural networks 

with multiple layers, has been a driving force behind many recent breakthroughs in AI 

(LeCun et al., 2015). Deep neural networks, inspired by the structure of the human brain, can 

automatically learn hierarchical representations from raw data, enabling them to capture 

intricate patterns and relationships that were previously difficult to model explicitly. 

The advent of powerful computing resources, the availability of large datasets, and 

advancements in algorithms and architectures have fueled the rapid progress of deep learning 

and its applications across various domains (Goodfellow et al., 2016). From computer vision 

and natural language processing to robotics and game-playing, deep learning models have 

achieved remarkable performance, often surpassing human-level capabilities in specific tasks. 

2.1 Generative AI: A Paradigm Shift 
The field of artificial intelligence has witnessed a paradigm shift with the emergence 

of generative AI models. Unlike traditional discriminative models, which learn to classify or 
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predict outputs based on given inputs, generative models learn to generate new data instances 

that resemble the training data (Goodfellow et al., 2014). 

Generative AI models can create novel content, such as text, images, audio, and video, 

by learning the underlying patterns and distributions present in the training data. This 

generative capability has opened new possibilities and applications across various domains, 

including natural language generation, image synthesis, speech synthesis, and creative content 

generation (Radford et al., 2019). 

At the core of generative AI models lies the concept of unsupervised learning, which 

allows these models to learn the underlying structure and patterns of the data without relying 

on explicit labels or annotations (Kingma & Welling, 2019). By capturing the statistical 

regularities and dependencies within the training data, generative models can generate new 

instances that exhibit similar characteristics to the original data. 

One of the key advantages of generative AI models is their ability to handle high-

dimensional and complex data distributions, which traditional discriminative models often 

struggle with (Van Den Oord et al., 2016). This capability has made generative models 

particularly valuable in domains where data is abundant, but labels or annotations are scarce 

or expensive to obtain. 

Generative adversarial networks (GANs) and variational autoencoders (VAEs) are two 

prominent classes of generative models that have gained significant attention in recent years 

(Goodfellow et al., 2020). GANs employ an adversarial training process, where a generator 

network learns to produce realistic data instances by competing against a discriminator 

network that tries to distinguish between real and generated data. VAEs, on the other hand, 

use a variational inference approach to learn a latent representation of the data, enabling the 

generation of new instances by sampling from the learned distribution. 

The applications of generative AI models are diverse and far-reaching. In natural 

language processing, generative models are used for tasks such as text generation, machine 

translation, and dialogue systems (Brown et al., 2020). In computer vision, they are employed 

for image and video generation, style transfer, and data augmentation (Karras et al., 2019). 

Generative models have also found applications in areas like audio synthesis, molecular 

design, and anomaly detection (Van Den Oord A. D., 2016) (Gómez-Bombarelli et al., 2018). 
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2.2 Large Language Models: The Frontiers of NLP 
The field of natural language processing (NLP) has witnessed remarkable 

advancements with the advent of large language models (LLMs). These models, which are 

based on the transformer architecture and self-attention mechanism, have revolutionized the 

way we approach language understanding and generation tasks (Vaswani, 2017). 

LLMs are neural networks trained on massive datasets of text, allowing them to 

capture intricate patterns and relationships within natural language (Bommasani, 2021). Their 

sheer size, often comprising billions of parameters, enables them to develop a rich and 

nuanced understanding of language, leading to remarkable performance across a wide range 

of NLP tasks. 

One of the key innovations that enabled the development of LLMs is the transformer 

architecture, introduced by Vaswani et al. in 2017. This architecture relies on self-attention 

mechanisms, which allow the model to weigh and focus on different parts of the input 

sequence when processing and generating output. This approach has proven to be more 

effective than traditional recurrent neural networks (RNNs) in capturing long-range 

dependencies and handling long sequences of text. 

The scaling hypothesis, proposed by Kaplan et al. in 2020, suggests that increasing the 

size of language models can lead to significant performance improvements across a variety of 

tasks. This hypothesis has been supported by the impressive results achieved by models like 

GPT-3 (Brown, 2020), PaLM (Chowdhery, 2023), and Megatron-Turing NLG  (Shoeybi, 

2019), which have demonstrated remarkable capabilities in tasks such as text generation, 

question answering, and language understanding. 

Training LLMs requires substantial computational resources and vast amounts of 

training data. The pre-training process, which involves self-supervised learning on massive 

text corpora, is computationally intensive and often requires distributed training across 

multiple GPUs or specialized hardware like TPUs (Raffel, 2020). 

Despite their impressive performance, LLMs are not without limitations and 

challenges. Issues such as bias, lack of grounding in real-world knowledge, and the potential 

for generating harmful or offensive content need to be carefully addressed (Bender, 2021). 

Additionally, the energy consumption and environmental impact of training these models at 

scale have raised concerns about their sustainability (Strubell, 2019). 
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2.3 Training Large Language Models 
Training large language models (LLMs) is a computationally intensive and resource-

demanding process that requires careful consideration and planning. The pre-training stage, 

which involves self-supervised learning on massive text corpora, is a crucial step in 

developing these powerful models. 

2.3.1 Pre-training Process and Self-Supervised Learning 
The pre-training process for LLMs typically involves self-supervised learning, where 

the model learns to predict missing or masked tokens in a sequence of text (Devlin et al., 

2018). This approach, also known as the masked language modeling objective, enables the 

model to develop a rich understanding of language without relying on explicit labels or 

annotations. 

During pre-training, the LLM is exposed to vast amounts of text data, allowing it to 

capture intricate patterns, relationships, and dependencies within natural language. Popular 

pre-training techniques include masked language modeling (MLM) used in BERT (Devlin et 

al., 2018) and autoregressive language modeling employed in GPT models (Radford et al., 

2019). 

2.3.2 Data Preprocessing and Tokenization 
Before feeding the text data into the LLM, it undergoes several preprocessing steps. 

This typically involves tokenization, which converts the raw text into a sequence of tokens or 

subword units that the model can process (Sennrich et al., 2015). Common tokenization 

techniques include WordPiece (Schuster, 2012), Byte-Pair Encoding (BPE) (Sennrich et al., 

2015), and SentencePiece (Kudo & Richardson, 2018). 

Data cleaning, deduplication, and filtering may also be performed to ensure the quality 

and diversity of the training data. Additionally, steps like byte-level BPE or SentencePiece 

tokenization can help handle out-of-vocabulary words and enable the model to generalize to 

unseen text. 

2.3.3 Distributed Training and Hardware Requirements 
Training LLMs on massive datasets requires substantial computational resources and 

often necessitates distributed training across multiple GPUs or specialized hardware like 

TPUs (Raffel et al., 2020). Techniques like model parallelism, where the model is split across 
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multiple devices, and data parallelism, where the batch is divided across devices, are 

employed to efficiently train these large models (Shoeybi et al., 2019). 

The hardware requirements for training LLMs are significant, often involving high-

end GPUs or TPUs with large memory capacities. Cloud computing platforms like Google 

Cloud, Amazon Web Services, and Microsoft Azure provide access to such specialized 

hardware resources, enabling researchers and organizations to train LLMs at scale. 

2.3.4 Optimization Techniques and Hyperparameter Tuning 
Training LLMs involves carefully tuning various hyperparameters, such as learning 

rates, batch sizes, and optimizer configurations, to achieve optimal performance and 

convergence. Techniques like learning rate warmup, gradient clipping, and mixed-precision 

training are commonly employed to improve training stability and efficiency (Devlin et al., 

2018). 

Additionally, advanced optimization algorithms like AdamW (Loshchilov & Hutter, 

2017) and techniques like gradient checkpointing (Chen et al., 2016) have been developed to 

address the unique challenges associated with training large-scale neural networks. 

2.4 Data Acquisition for LLM Training 
The performance of large language models (LLMs) heavily relies on the quality and 

diversity of the training data. Acquiring high-quality and representative data is crucial for 

developing LLMs that can generalize well across a wide range of domains and tasks. This 

chapter explores various aspects of data acquisition for LLM training. 

2.4.1 The Importance of High-Quality and Diverse Training Data 
LLMs are data-hungry models that require vast amounts of text data to learn 

meaningful representations of language (Raffel et al., 2020). The quality and diversity of the 

training data play a pivotal role in determining the model’s capability to handle different 

domains, styles, and tasks effectively. 

High-quality data refers to well-formed, grammatically correct, and coherent text that 

accurately represents the intended meaning. Diverse data, on the other hand, encompasses a 

wide range of topics, genres, styles, and languages, ensuring that the model can capture the 

nuances and complexities of natural language in its entirety. 
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2.4.2 Web Crawling and Data Filtering Techniques 
One of the primary sources of training data for LLMs is the World Wide Web, which 

offers a vast repository of text data from various domains, including news articles, blogs, 

forums, and websites (Olston & Najork, 2010). Web crawling techniques are employed to 

systematically retrieve and collect text data from these online sources. 

Web-crawled data often contains noise, such as advertisements, boilerplate content, 

and low-quality or redundant text. Data filtering techniques are applied to remove such 

unwanted content and ensure the quality of the training data. These techniques may involve 

pattern matching, language identification, deduplication, and filtering based on heuristics or 

machine learning models (Raffel et al., 2020). 

2.4.3 Considerations for Data Privacy and Bias Mitigation 
As LLMs are trained on large volumes of text data, it is essential to consider privacy 

and ethical concerns related to the data acquisition process. Training data may contain 

personal information, copyrighted material, or sensitive content that could raise privacy issues 

or legal challenges (Bender et al., 2021). 

Furthermore, bias in the training data can lead to biased representations and outputs 

from LLMs, potentially amplifying societal biases and perpetuating harmful stereotypes 

(Bolukbasi et al., 2016). Techniques for bias mitigation, such as data debiasing, 

counterfactual evaluation, and controlled text generation, are actively being researched to 

address these concerns (Dinan et al., 2020). 

2.4.4 Curating Domain-Specific Datasets 
While web-crawled data provides a broad coverage of various domains, there are often 

scenarios where LLMs need to be trained on domain-specific data to achieve optimal 

performance in specialized tasks or applications. In such cases, curating dedicated datasets 

tailored to the target domain becomes necessary. 

Domain-specific datasets can be created by collecting and annotating relevant text 

from authoritative sources, such as scientific publications, technical manuals, or industry-

specific corpora. Crowdsourcing platforms, expert annotators, and automated techniques like 

information extraction and text mining can be leveraged to construct high-quality, domain-

specific datasets. 
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The acquisition of training data for LLMs is a critical aspect that requires careful 

consideration and a multifaceted approach. By leveraging web-crawled data, applying 

appropriate filtering techniques, addressing privacy and bias concerns, and curating domain-

specific datasets, researchers and organizations can equip LLMs with the necessary 

knowledge to excel in a wide range of natural language processing tasks. 

2.5 Fine-tuning and Adaptation 
After the initial pre-training stage, large language models (LLMs) often require further 

fine-tuning and adaptation to perform well on specific downstream tasks or domains. This 

process, known as transfer learning or domain adaptation, involves leveraging the knowledge 

and representations learned during pre-training and fine-tuning the model on task-specific or 

domain-specific data. 

2.5.1 The Concept of Transfer Learning and Fine-tuning 
Transfer learning is a powerful technique that allows models to transfer the knowledge 

gained from one task or domain to another, thereby avoiding the need to train from scratch for 

each new task (Tan, 2018). In the context of LLMs, this involves taking the pre-trained model 

and further training it on a smaller dataset specific to the target task or domain. 

During fine-tuning, the weights of the pre-trained LLM are adjusted using the task-

specific data, while the core architecture and most of the learned representations remain 

intact. This approach leverages the broad knowledge acquired during pre-training, enabling 

the model to quickly adapt to new tasks with limited data requirements (Raffel et al., 2020). 

2.5.2 Techniques for Domain Adaptation and Task-Specific Fine-tuning 
Several techniques have been developed to effectively fine-tune LLMs for specific 

tasks or domains. One approach is to fine-tune the entire model, updating all the model 

parameters using the task-specific data. Alternatively, some methods focus on fine-tuning 

only a subset of layers or adapters, leaving the core representations largely unchanged 

(Houlsby et al., 2019). 

Another technique is prompt-based fine-tuning, where the model is conditioned on 

task-specific prompts or instructions during fine-tuning, enabling it to learn the desired 

behavior for that task (Brown, 2020). This approach has shown promising results in few-shot 

and zero-shot learning scenarios, where the model can generalize to new tasks with minimal 

or no task-specific training data. 
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2.5.3 Evaluation Metrics and Benchmarks for Fine-tuned LLMs 
Evaluating the performance of fine-tuned LLMs is crucial to assess their effectiveness 

and ensure they meet the desired criteria for the target task or domain. Various evaluation 

metrics and benchmark datasets have been developed for different NLP tasks, such as 

language modeling, text generation, question answering, and natural language inference. 

Common evaluation metrics include perplexity for language modeling, BLEU and 

ROUGE scores for text generation, and accuracy or F1 scores for classification tasks like 

sentiment analysis and named entity recognition (Papineni et al., 2002). Additionally, task-

specific benchmarks like SQuAD for question answering and GLUE for general language 

understanding provide standardized evaluation frameworks (Rajpurkar et al., 2016; Wang et 

al., 2018). 

2.5.4 Challenges and Considerations 
While fine-tuning and adaptation offer a powerful approach to tailoring LLMs for 

specific tasks, several challenges and considerations need to be addressed. These include 

potential catastrophic forgetting, where the model forgets its previously learned knowledge 

during fine-tuning (Kirkpatrick et al., 2017), and the risk of amplifying biases present in the 

task-specific data (Zhao et al., 2018). 

Furthermore, the computational requirements for fine-tuning LLMs can be significant, 

particularly for large models and complex tasks. Efficient fine-tuning techniques, such as 

mixed-precision training and model distillation, are being explored to address these 

computational challenges (Hinton et al., 2015; Micikevicius, 2017). 

2.6 Foundation Models: A Unifying Paradigm 
The advent of large language models (LLMs) has given rise to the concept of 

foundation models, a paradigm that seeks to unify and leverage the versatility and 

generalizability of these powerful models across a wide range of tasks and domains 

(Bommasani et al., 2021). 

2.6.1 The Idea of Foundation Models 
Foundation models, also known as multi-purpose or general-purpose models, are 

trained on vast amounts of diverse data, allowing them to develop broad and general 

representations of knowledge (Shoeybi et al., 2019). Unlike traditional task-specific models, 

which are designed and trained for narrow applications, foundation models aim to capture a 
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comprehensive understanding of the world, enabling them to serve as a foundational layer for 

various downstream tasks and applications. 

These models leverage the principles of transfer learning and few-shot learning, 

making it possible to adapt and fine-tune them for specific tasks with relatively small amounts 

of task-specific data. 

2.6.2 Comparing Foundation Models with Task-Specific Models 
Traditional task-specific models, such as those used for image classification, machine 

translation, or sentiment analysis, are trained from scratch on datasets specific to their 

respective tasks. While these models excel in their narrow domains, they often struggle to 

generalize to new tasks or domains, requiring significant retraining efforts and specialized 

architectures. 

In contrast, foundation models like GPT-3 and PaLM (Brown et al., 2020; Chowdhery 

et al., 2023; Ramesh et al., 2022) are trained on massive, diverse datasets spanning various 

domains, allowing them to develop broad and general representations of knowledge. These 

models can then be fine-tuned or adapted to specific tasks with relatively small amounts of 

task-specific data, leveraging their previously acquired knowledge and reducing the need for 

extensive task-specific training. 

2.6.3 The Potential of Foundation Models for Few-Shot Learning 
One of the key advantages of foundation models is their ability to perform well in few-

shot learning scenarios, where they can quickly adapt to new tasks with only a few examples 

or prompts (Brown et al., 2020). This capability is particularly valuable in situations where 

large amounts of labeled data are scarce or difficult to obtain, such as in specialized domains 

or rapidly evolving fields. 

By leveraging the broad knowledge and representations learned during pre-training, 

foundation models can effectively generalize to new tasks and domains, often outperforming 

task-specific models in few-shot or zero-shot settings (Radford et al., 2019). This has opened 

new possibilities for efficient and cost-effective model development, enabling organizations 

to rapidly adapt and deploy models for a wide range of applications. 

2.7 Existing Large Language Models 
This chapter provides an overview of some of the most prominent LLMs, their 

architectures, capabilities, and limitations. 
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2.7.1 GPT (Generative Pre-trained Transformer) 
One of the most influential and well-known LLMs is the GPT series, developed by 

OpenAI. The GPT models, including GPT-2, GPT-3, and GPT-4, have garnered significant 

attention due to their impressive performance across a wide range of natural language tasks 

(Radford et al., 2019). These models are built upon the transformer architecture, which has 

become the de facto standard for language modeling in recent years. The transformer 

architecture, introduced by Vaswani et al. (2017), employs self-attention mechanisms to 

capture long-range dependencies and contextual information within the input sequence, 

enabling the model to learn rich representations of language. 

GPT-3 has garnered significant attention due to its impressive performance across a 

wide range of natural language tasks, including text generation, question answering, and code 

generation. With an astounding 175 billion parameters, GPT-3 showcased the potential of 

scaling language models to unprecedented sizes (Brown et al., 2020). The immense capacity 

of GPT-3 allows it to capture fine-grained nuances and generate highly coherent and 

contextually relevant text, surpassing the capabilities of its predecessors. 

GPT-4, the latest addition to the GPT series, is a state-of-the-art large language model 

developed by OpenAI that pushes the boundaries of language modeling even further. It boasts 

an impressive parameter count and enhanced capabilities, although the exact details have not 

been disclosed by OpenAI. One of the key advancements in GPT-4 is its ability to process 

and generate not only text but also images, making it a multimodal model. This allows GPT-4 

to understand and respond to visual inputs, opening new possibilities for applications such as 

image captioning, visual question answering, and image-based dialogue systems. GPT-4 also 

incorporates architectural improvements and training techniques that enable it to achieve even 

higher levels of performance across a wide range of natural language tasks. With its vast 

knowledge base and advanced reasoning capabilities, GPT-4 has demonstrated aptitude on 

several standardized tests, scoring in high percentiles on exams like the SAT, LSAT, and 

Uniform Bar Exam. 

2.7.2 LLaMA (Large Language Model Meta AI) 
LLaMA is a series of large language models developed by Meta AI, a research 

division of Facebook's parent company, Meta. Released in February 2023, LLaMA models 

are designed to be open and accessible to the research community, in contrast to the closed 

nature of some other large language models like GPT-4 (Weidinger et al., 2023). 
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The LLaMA series includes models of various sizes, ranging from 7B to 70B 

parameters. These models are trained on a vast corpus of text data, including web pages, 

books, and articles, using self-supervised learning techniques like those employed in the 

training of GPT models. By leveraging the transformer architecture and techniques like 

masked language modeling, LLaMA models learn to capture the intricate patterns and 

relationships within the training data, enabling them to generate coherent and contextually 

relevant text. 

One of the key advantages of LLaMA models is their open nature. Meta AI has made 

the model weights and training data available to researchers, encouraging collaboration and 

facilitating further exploration of the models' capabilities and limitations. This transparency 

allows the research community to build upon LLaMA's advancements, investigate potential 

biases and safety concerns, and develop new applications and techniques. 

LLaMA models have demonstrated competitive performance on various natural 

language tasks, such as language understanding, text generation, and question answering. 

Their performance has been evaluated on benchmark datasets and compared to other state-of-

the-art models, showcasing their potential as powerful tools for natural language processing 

applications. 

Like other large language models, LLaMA models are not without limitations and 

challenges. They may exhibit biases present in the training data, generate false or misleading 

information, and struggle with certain types of reasoning and understanding. Ongoing 

research efforts aim to address these issues and improve the robustness and reliability of 

LLaMA models. 

The release of LLaMA has sparked discussions about the importance of open and 

accessible language models in advancing the field of natural language processing. By making 

these models available to the research community, Meta AI has taken a significant step 

towards fostering collaboration, transparency, and innovation in the development and 

application of large language models. 

2.7.3 BERT (Bidirectional Encoder Representations from Transformers) 
Introduced by Google AI, BERT is a bidirectional transformer model that has become 

a widely used foundation for various natural language processing tasks (Devlin et al., 2018). 

BERT’s unique training approach, which involves masked language modeling and next 

sentence prediction, allows it to capture bidirectional context and relationships within text. 
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Since its release, BERT has been adapted and fine-tuned for various downstream 

tasks, such as text classification, named entity recognition, and question answering, achieving 

state-of-the-art results in many benchmarks (Sun et al., 2019). 

2.7.4 T5 (Text-to-Text Transfer Transformer) 
T5 is a unified transformer model that approaches various NLP tasks as a text-to-text 

problem (Raffel et al., 2020). By framing tasks as a sequence-to-sequence mapping, T5 can be 

applied to a wide range of natural language tasks, including translation, summarization, and 

question answering, without the need for task-specific architectures. 

T5’s versatility and strong performance across diverse benchmarks have made it a 

popular choice for researchers and practitioners working on various NLP applications 

(Narang et al., 2020). 

2.7.5 PaLM (Pathways Language Model) 
PaLM is a large language model developed by Google AI that introduces a novel 

approach called Pathways, which aims to improve the model’s ability to perform complex 

reasoning and multi-task learning (Chowdhery et al., 2023). PaLM incorporates a mixture-of-

experts architecture, allowing it to specialize in different sub-tasks while maintaining a shared 

knowledge base. 

With 540 billion parameters, PaLM has demonstrated impressive performance on 

various benchmarks, including question answering, commonsense reasoning, and multi-task 

learning, showcasing the potential of large models combined with architectural innovations 

(Wolf et al., 2019). 

2.8  Data Sources for LLM Training 
Acquiring high-quality and diverse data is a crucial step in training effective large 

language models (LLMs). The performance and capabilities of these models heavily rely on 

the quality and representativeness of the training data. This chapter explores various data 

sources that can be leveraged for LLM training, including publicly available datasets, web-

crawled data, and domain-specific corpora. 

2.8.1  Publicly Available Datasets and Corpora 
Several publicly available datasets and corpora have been widely used for training 

LLMs. These resources provide a vast collection of text data from various domains, genres, 
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and languages, offering researchers and organizations a starting point for their LLM training 

efforts. 

2.8.1.1 The Pile 

Developed by EleutherAI, The Pile is a massive dataset comprising over 825 

gigabytes of text data from diverse sources, including websites, books, and academic papers 

(Gao et al., 2020). This dataset has been used to train several open-source LLMs, such as 

GPT-NeoX-20B and GPT-J-6B. 

2.8.1.2 C4 (Colossal Cleaned Crawled Corpus) 

C4 is a large-scale dataset consisting of cleaned and filtered web crawl data (Raffel et 

al., 2020). With over 750 gigabytes of text data, C4 has been widely used for training LLMs, 

including models like T5 and BERT. 

2.8.1.3 OpenWebText 

Developed by the OpenAI team, OpenWebText is a dataset of over 8 million web 

pages, spanning various topics and genres (Gokaslan & Cohen, 2019). This dataset has been 

employed in training LLMs like GPT-2 and other OpenAI models. 

2.8.1.4 Wikipedia 

The vast collection of articles on Wikipedia, available in multiple languages, has been 

a valuable resource for training LLMs. The structured and well-curated nature of Wikipedia 

data makes it a useful source for developing models with broad knowledge. 

2.8.2  Web Crawling and Data Filtering 
While publicly available datasets provide a solid foundation, the ever-growing nature 

of the internet necessitates continuous web crawling and data filtering to capture the latest 

information and keep LLM training data up-to-date. Web crawling techniques, combined with 

advanced data filtering and cleaning methods, can help acquire fresh and relevant data for 

LLM training pipelines. 

2.8.3  Domain-Specific Corpora and Proprietary Data 
For many applications and industries, domain-specific data is essential for training 

LLMs tailored to specific tasks or domains. Organizations and researchers may need to curate 

and acquire proprietary datasets or domain-specific corpora to ensure their LLMs have the 

necessary knowledge and context for their intended use cases. 
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Examples of domain-specific data sources include: 

• Scientific publications and academic papers for scientific and medical 

domains. 

• Legal documents and case law for legal applications. 

• Technical manuals and industry-specific literature for engineering and 

manufacturing domains. 

• Customer support logs and transcripts for customer service applications. 

2.8.4  Strategies for Data Acquisition 
Acquiring high-quality and diverse training data is a critical step in developing 

effective large language models (LLMs). The performance and capabilities of these models 

are heavily dependent on the representativeness and quality of the training data. Building 

robust datasets that cover a wide range of topics, styles, and domains often requires a 

comprehensive and multi-pronged approach. 

Organizations can employ a combination of the following strategies when acquiring 

data for training LLMs. 

2.8.4.1 Leveraging Public Datasets and Corpora 

A solid starting point is leveraging the wealth of publicly available datasets and text 

corpora from reputable sources. These include resources such as The Pile, C4, OpenWebText, 

Wikipedia, and domain-specific academic/research corpora. While public data provides 

breadth, it needs to be carefully filtered and combined with other sources. 

2.8.4.2 Continuous Web Crawling and Curation 

The dynamic and ever-expanding nature of the internet necessitates continuous 

crawling and text extraction from the web. Advanced web crawling techniques combined with 

robust filtering methods can help gather fresh, relevant data across myriad topics and 

domains. Proper licensing and compliance procedures are essential when scraping website 

content. 

2.8.4.3 Expert Curation of Domain-Specific Datasets 

For many specialized applications, LLMs require high-quality domain-specific 

training data. This can involve engaging subject matter experts to carefully curate, annotate, 
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and clean datasets tailored to the target domain from authoritative sources such as research 

papers, technical documentation, or proprietary industry literature. 

2.8.4.4 Crowdsourcing and Automated Techniques 

Crowdsourcing platforms enable cost-effective creation of annotated datasets by 

leveraging a distributed workforce. For structured data sources, automated techniques like 

web scraping, APIs and information extraction through methods like named entity recognition 

can be employed. 

2.8.4.5 Data Partnerships and Licensing 

Establishing partnerships or licensing agreements with data providers is often crucial 

for accessing large, proprietary datasets across industries like finance, healthcare, legal and 

more. Proper due diligence, robust data governance and compliance processes are vital when 

dealing with proprietary or sensitive data. 

2.8.4.6 Continuous Data Monitoring and Refinement 

As LLMs are deployed, continuous monitoring of their outputs, coupled with human 

feedback, can enable iterative refinement of the training data over time to improve accuracy 

and safety. Active learning techniques can help prioritize which data to annotate next. 

2.8.4.7  Legal and Ethical Considerations 

The acquisition and use of data for training large language models (LLMs) raise 

significant legal and ethical considerations that must be carefully addressed to ensure 

responsible and equitable development of these technologies. As LLMs become increasingly 

powerful and pervasive, it is crucial to navigate the complex landscape of data privacy, 

intellectual property rights, and potential biases inherent in the training data. 
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3 Methodology 

This chapter delves into the methodology employed in this thesis. It draws upon best 

practices and frameworks from the fields of project management and feasibility analysis, 

including Agile methodologies (such as Scrum), feasibility analysis techniques (such as 

SWOT analysis, PESTEL, and Porter's Five Forces), and robust research methods (such as 

analysis, synthesis, observation, and triangulation). 

The definition of an IT project and the development of an MVP are discussed in 

section 4.2, which outlines the objective of the feasibility study and sets the foundation for the 

project. 

The importance of feasibility studies is emphasized throughout Chapter 4, which 

presents a comprehensive feasibility study for developing a large language model. Feasibility 

analysis techniques are extensively employed: SWOT analysis is conducted in section 4.9.1, 

Porter's Five Forces analysis is applied in section 4.9.2, and PESTEL analysis is utilized in 

section 4.9.3. These analyses collectively identify and assess potential project risks and 

challenges. Various types of feasibility studies in IT are thoroughly examined throughout 

Chapter 4, including technical, economic, legal, and operational feasibility. 

The steps involved in conducting a feasibility study, from preliminary analysis to the 

final report, are applied in the structure and content of Chapter 4, following a logical 

progression from project objectives to detailed analyses and conclusions. The analysis method 

is utilized extensively throughout Chapter 4, particularly in sections 4.5, 4.6, and 4.7, which 

examine technical requirements, human resource needs, and financial evaluation respectively. 

Synthesis is applied in section 4.1, which provides a comprehensive overview of the 

study results, integrating findings from different analyses. The Conclusion section also 

synthesizes the overall findings and implications of the feasibility study. Observation is used 

in section 4.4 Case Studies, which examines GitHub Copilot and Google's Gemini to gain 

practical insights from existing implementations of large language models. 

Triangulation is employed throughout Chapter 4, particularly evident in the use of 

multiple analysis frameworks (SWOT, Porter's Five Forces, PESTEL) and the integration of 

various data sources (technical specifications, financial projections, market analyses) to 

corroborate findings and enhance the reliability and validity of the feasibility study 

conclusions. 
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3.1 Project Management 
In the fast-paced world of information technology, the successful execution of 

strategic initiatives is critical to an organization's success. Project management provides a 

structured approach to planning, executing, and controlling complex IT endeavors, ensuring 

that objectives are met within the constraints of time, budget, and quality (Schwalbe, 2019). 

This section explores the specifics of project management within the IT sector, focusing on 

modern methodologies such as Agile and Scrum, and the development of a Minimum Viable 

Product (MVP). 

3.1.1 Agile Methodologies 
Agile methodologies have revolutionized the way IT projects are managed by 

introducing iterative and incremental approaches that prioritize flexibility, collaboration, and 

customer feedback (Rigby, Sutherland, & Takeuchi, 2016). Unlike traditional project 

management methods, Agile allows teams to swiftly adapt to changing requirements and 

priorities, making it particularly suitable for the dynamic nature of the IT industry. By 

embracing Agile principles, organizations can deliver value to their customers more 

frequently and effectively, while minimizing the risks associated with lengthy and inflexible 

development cycles (Highsmith, 2010). 

Implementing Agile methodologies is not without its challenges. Organizations may 

face resistance to change, difficulties in scaling Agile practices to larger projects, and the need 

for a significant shift in organizational culture (Conforto et al., 2014). Overcoming these 

obstacles requires strong leadership, effective communication, and a willingness to 

continuously improve and adapt. 

3.1.2 Scrum Framework 
Scrum, a widely adopted Agile framework, has gained significant traction in IT 

project management (Schwaber & Sutherland, 2017). This framework divides the project into 

time-boxed iterations called sprints, typically spanning 2-4 weeks. The primary objective of 

each sprint is to deliver a potentially shippable product increment, contributing to the 

overarching goal of developing an MVP. Scrum defines three key roles: the Product Owner, 

who is responsible for defining and prioritizing product features; the Scrum Master, who 

facilitates the Scrum process and removes impediments; and the Development Team, a cross-

functional group tasked with delivering the product increment (Rubin, 2012). 
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Scrum events form the backbone of the framework, ensuring transparency, inspection, 

and adaptation throughout the project lifecycle. These events include Sprint Planning, where 

the team collaboratively selects items from the product backlog and defines the sprint goal; 

Daily Stand-up meetings, which promote transparency and alignment; Sprint Review, where 

completed work is demonstrated to stakeholders and feedback is gathered; and Sprint 

Retrospective, where the team reflects on the process and identifies areas for improvement 

(Schwaber & Sutherland, 2017). 

While Scrum has proven to be highly effective in many IT projects, it is not a one-

size-fits-all solution. The framework's success depends on factors such as team size, project 

complexity, and organizational support (Cervone, 2011). Additionally, some critics argue that 

Scrum's emphasis on time-boxed sprints may lead to a focus on short-term deliverables at the 

expense of long-term project goals (Fowler, 2019).   

3.1.3 Defining an IT Project 
An IT project is a temporary endeavor undertaken to create a unique product, service, 

or result within the realm of information technology (PMI, 2017). These projects are 

characterized by their uniqueness, complexity, uncertainty, and resource constraints. The 

lifecycle of an IT project can be divided into four distinct phases: Initiation, Planning, 

Execution, and Closure. Each phase encompasses specific activities and deliverables that 

ensure the project progresses systematically from inception to completion (Marchewka, 

2018). 

The Initiation phase involves defining project objectives, assessing feasibility, and 

establishing a project charter. The Planning phase entails developing detailed plans for scope, 

schedule, budget, and resource allocation, as well as creating a prioritized product backlog in 

Agile projects. The Execution phase is where the project plan is implemented, with Scrum 

teams conducting sprints, monitoring progress, ensuring quality, and maintaining stakeholder 

communication. The Closure phase involves the formal acceptance of deliverables, 

documentation of lessons learned, and release of project resources (PMI, 2017). 

To illustrate these concepts, consider the following example: A financial services 

company embarks on an IT project to develop a mobile app for its customers. During the 

Initiation phase, the project objectives are defined, such as improving customer satisfaction 

and increasing mobile transactions. The feasibility of the project is assessed, considering 

factors like technical requirements, budget, and timeline. In the Planning phase, the project 
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team creates a product backlog, prioritizing features based on customer needs and business 

value. The Execution phase involves multiple sprints, where the development team works on 

implementing the prioritized features, with regular feedback from stakeholders. Finally, in the 

Closure phase, the mobile app is launched, and the project team documents the lessons 

learned for future improvements. 

3.1.4 Developing a Minimum Viable Product (MVP) 
A central tenet of Agile IT projects is the development of a Minimum Viable Product 

(MVP). An MVP represents the simplest version of the product that can be released to users, 

providing essential features while allowing for user feedback and iterative improvement 

(Ries, 2011). This approach minimizes risk, accelerates time-to-market, and ensures that the 

final product closely aligns with user needs and expectations. 

Developing an MVP involves a user-centric design approach, focusing on end-users' 

needs and feedback to guide the development process. Iterative development, rapid 

prototyping, and continuous feedback loops are employed to build the product incrementally, 

adding features based on user input and market demand (Gothelf & Seiden, 2013). By 

releasing the MVP to a select group of users or a specific market segment, organizations can 

validate assumptions, gather real-world data, and ensure that the product meets user needs and 

has market potential. 

For example, a startup developing a new e-learning platform might begin by releasing 

an MVP with core features such as course creation, user registration, and basic learning 

management. By gathering feedback from early adopters, the startup can prioritize future 

features, such as gamification elements or social learning tools, based on user preferences and 

engagement data. This iterative approach allows the startup to continuously improve the 

platform while minimizing the risk of investing in features that do not resonate with the target 

audience. 

3.2 Feasibility Studies 
Feasibility studies are a crucial preliminary step in the planning and execution of IT 

projects. They help determine the viability of a proposed project, identifying potential 

obstacles and assessing whether the project's objectives can be achieved within the constraints 

of time, budget, and resources (Kerzner, 2017). This chapter delves into the different aspects 

of feasibility studies in the IT sector, outlining their importance, methodologies, and 

components. 
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3.2.1 Importance of Feasibility Studies 
Conducting a feasibility study before launching an IT project is essential for several 

reasons. First, identifying potential risks and challenges early in the project lifecycle helps 

mitigate them before they become critical issues (PMI, 2017). Second, providing stakeholders 

with comprehensive information allows them to make informed decisions about the project's 

viability and alignment with strategic goals (Schwalbe, 2018). Third, ensuring that resources 

(time, budget, personnel) are allocated efficiently and effectively avoids waste and maximizes 

returns (Marchewka, 2018). Fourth, building confidence among stakeholders by 

demonstrating that the project has been thoroughly analyzed and planned is crucial (Baca, 

2015). Finally, ensuring that the project complies with relevant laws, regulations, and 

standards is particularly important in industries with stringent regulatory requirements 

(Kerzner, 2017). 

3.2.2 Feasibility Analysis Techniques 
To conduct a comprehensive feasibility study for the large language model project, a 

range of analysis techniques will be employed. These techniques will provide a holistic view 

of the project's viability, considering internal and external factors that may impact its success. 

This section outlines the key feasibility analysis techniques that will be utilized in this study. 

3.2.2.1 SWOT Analysis 

SWOT analysis is a strategic planning tool used to evaluate the Strengths, 

Weaknesses, Opportunities, and Threats involved in a project or business venture (Gürel & 

Tat, 2017). This technique provides a framework for assessing both the internal and external 

factors that can impact the project's success. By conducting a SWOT analysis, project 

managers can identify areas where the project excels, potential challenges that need to be 

addressed, external opportunities to capitalize on, and potential threats to mitigate (Helms & 

Nixon, 2010). 

Strengths: Strengths are the internal factors that give the project an advantage over 

others. In the context of the large language model project, strengths may include the expertise 

of the development team, access to advanced technology and infrastructure, and the 

organization's reputation in the field of artificial intelligence (Schwalbe, 2018). 

Weaknesses: Weaknesses are the internal factors that place the project at a 

disadvantage compared to others. For the large language model project, weaknesses may 

include the complexity of the technology, the high costs associated with development and 
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maintenance, and the lack of established best practices in this emerging field (Marchewka, 

2018). 

Opportunities: Opportunities are external factors that the project could exploit to its 

advantage. In the case of the large language model project, opportunities may include the 

growing demand for advanced AI solutions, the potential to collaborate with other 

organizations or research institutions, and the ability to attract top talent in the field (Baca, 

2015). 

Threats: Threats are external factors that could negatively impact the project. For the 

large language model project, threats may include competition from other organizations 

developing similar technologies, changes in regulations or legal requirements, and the 

potential for negative public perception of AI (Kerzner, 2017). 

Conducting a SWOT analysis involves several key steps. First, identifying the 

project's strengths, weaknesses, opportunities, and threats through brainstorming sessions, 

stakeholder interviews, and market research is essential (PMI, 2017). Second, prioritizing the 

identified factors based on their potential impact and likelihood of occurrence is crucial 

(Helms & Nixon, 2010). Finally, developing strategies to leverage strengths, address 

weaknesses, capitalize on opportunities, and mitigate threats is vital to ensure the project's 

success (Gürel & Tat, 2017). 

By incorporating a SWOT analysis into the feasibility study, project managers can 

gain a comprehensive understanding of the internal and external factors that may impact the 

project's viability. This information can then be used to make informed decisions, allocate 

resources effectively, and develop strategies to maximize the project's chances of success. 

3.2.2.2 PESTEL Analysis 

PESTEL analysis is a framework used to assess the macro-environmental factors that 

can impact an organization or project (Yüksel, 2012). The acronym PESTEL stands for 

Political, Economic, Social, Technological, Environmental, and Legal factors. By conducting 

a PESTEL analysis, project managers can identify and evaluate the external influences that 

may affect the project's viability and success (Cadle et al., 2010). 

Political Factors: Political factors refer to the government policies, regulations, and 

political stability that can impact the project. In the context of the large language model 

project, political factors may include government support for AI research and development, 

data privacy and security regulations, and international trade policies (Schwalbe, 2018). 
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Economic Factors: Economic factors consider the overall economic conditions, such 

as economic growth, inflation, interest rates, and exchange rates, that can influence the 

project. For the large language model project, economic factors may include the availability 

of funding for AI projects, the cost of computing resources, and the potential economic 

benefits of advanced AI technologies (Marchewka, 2018). 

Social Factors: Social factors encompass the demographic, cultural, and attitudinal 

changes in society that can impact the project. In the case of the large language model project, 

social factors may include public perception and acceptance of AI, the demand for AI-driven 

solutions, and the potential social implications of advanced language models (Baca, 2015). 

Technological Factors: Technological factors refer to the technological advancements, 

innovations, and disruptions that can affect the project. For the large language model project, 

technological factors may include the rapid development of AI hardware and software, the 

availability of large datasets for training, and the emergence of competing technologies 

(Kerzner, 2017). 

Environmental Factors: Environmental factors consider the ecological and 

environmental aspects that can impact the project, such as climate change, energy 

consumption, and waste management. In the context of the large language model project, 

environmental factors may include the energy requirements for training and running large AI 

models, the potential for AI to support environmental sustainability efforts, and the need to 

consider the environmental impact of data centers (PMI, 2017). 

Legal Factors: Legal factors encompass the laws, regulations, and legal frameworks 

that can influence the project. For the large language model project, legal factors may include 

intellectual property rights, data protection laws, and potential liability issues associated with 

AI-driven decisions (Schwalbe, 2018). 

Conducting a PESTEL analysis involves researching and analyzing each of the six 

factors, assessing their potential impact on the project, and developing strategies to address 

them (Yüksel, 2012). This may involve gathering data from various sources, such as 

government reports, industry publications, and expert opinions (Cadle et al., 2010). By 

incorporating a PESTEL analysis into the feasibility study for the large language model 

project, project managers can gain a comprehensive understanding of the external factors that 

may shape the project's success and make informed decisions to navigate the macro-

environmental landscape. 
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3.2.2.3 Porter's Five Forces Analysis 

Porter's Five Forces analysis is a framework developed by Michael E. Porter to assess 

the competitive landscape within an industry (Porter, 1979). This tool helps project managers 

understand the external factors that can impact the project's success and make informed 

decisions about how to position the project in the market. The five forces are: the threat of 

new entrants, the bargaining power of suppliers, the bargaining power of buyers, the threat of 

substitute products or services, and the intensity of competitive rivalry (Dobbs, 2014). 

Threat of New Entrants: This force refers to the ease with which new competitors can 

enter the market. In the context of the large language model project, the threat of new entrants 

may be relatively high due to the increasing interest and investment in AI technologies 

(Schwalbe, 2018). The complexity and high costs associated with developing advanced 

language models may act as barriers to entry (Marchewka, 2018). 

Bargaining Power of Suppliers: This force assesses the power that suppliers have over 

the project in terms of pricing, quality, and availability of resources. For the large language 

model project, the bargaining power of suppliers may be moderate, as there are several 

providers of the necessary hardware, software, and data (Kerzner, 2017). The specialized 

nature of some components may give certain suppliers more power (Baca, 2015). 

Bargaining Power of Buyers: This force evaluates the power that buyers (in this case, 

the users or customers of the language model) have in terms of pricing, features, and quality 

expectations. In the context of the large language model project, the bargaining power of 

buyers may be relatively low, as there are currently few alternatives available in the market 

(PMI, 2017). As more organizations develop similar technologies, the bargaining power of 

buyers may increase (Dobbs, 2014). 

Threat of Substitute Products or Services: This force considers the likelihood that 

customers will switch to alternative solutions that meet their needs. For the large language 

model project, the threat of substitutes may be moderate, as there are other AI technologies, 

such as rule-based systems or smaller language models, that could potentially meet some of 

the same needs (Schwalbe, 2018). The advanced capabilities of the large language model may 

differentiate it from potential substitutes (Marchewka, 2018). 

Intensity of Competitive Rivalry: This force assesses the level of competition among 

existing players in the market. In the case of the large language model project, the intensity of 

competitive rivalry may be high, as several major technology companies and research 
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institutions are investing heavily in the development of advanced AI systems (Kerzner, 2017). 

This rivalry may lead to increased pressure to innovate, improve performance, and reduce 

costs (Porter, 1979). 

Conducting a Porter's Five Forces analysis involves gathering and analyzing data on 

each of the five forces, assessing their relative strength, and determining how they may 

impact the project (Dobbs, 2014). By incorporating this analysis into the feasibility study for 

the large language model project, project managers can gain valuable insights into the 

competitive landscape and develop strategies to position the project for success in the market. 

3.2.3 Types of Feasibility Studies 
Feasibility studies encompass several different analyses, each focusing on a specific 

aspect of the project's viability: 

3.2.3.1 Technical Feasibility 

Technical feasibility assesses whether the proposed technology and architecture can be 

implemented successfully. It involves evaluating several key aspects. Identifying the 

hardware, software, and network requirements for the project and determining whether the 

current infrastructure can support them is essential (Schwalbe, 2018). Assessing the technical 

skills and expertise required to implement and maintain the project is also crucial 

(Marchewka, 2018). Ensuring that the new system will integrate seamlessly with existing 

systems and technologies is another important consideration (Baca, 2015). Determining 

whether the proposed solution can scale to meet future growth and demand is vital (PMI, 

2017). 

3.2.3.2 Economic Feasibility 

Economic feasibility, also known as cost-benefit analysis, evaluates the financial 

viability of the project. It involves several key components. Estimating the total costs 

associated with the project, including development, implementation, maintenance, and 

operational costs, is essential (Kerzner, 2017). Identifying and quantifying the expected 

benefits, such as increased efficiency, cost savings, revenue generation, and competitive 

advantage, is also crucial (Schwalbe, 2018). Calculating the ROI to determine whether the 

financial benefits outweigh the costs is another important step (Marchewka, 2018). 

Identifying the point at which the project will start generating a profit is vital (PMI, 2017). 
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3.2.3.3 Legal and Regulatory Feasibility 

Legal and regulatory feasibility examines whether the project complies with relevant 

laws, regulations, and industry standards. It includes several key considerations. Identifying 

and understanding the legal and regulatory requirements that apply to the project is essential 

(Baca, 2015). Ensuring that the project complies with data protection and privacy laws, such 

as GDPR or HIPAA, is also crucial (Kerzner, 2017). Addressing any intellectual property 

issues, such as patents, trademarks, and copyrights, is another important aspect (Schwalbe, 

2018). 

3.2.3.4 Operational Feasibility 

Operational feasibility assesses whether the project can be successfully integrated into 

the organization's operations. It involves several key factors. Evaluating how well the project 

aligns with the organization's strategic goals, culture, and processes is essential (Marchewka, 

2018). Assessing the availability of necessary resources, including personnel, equipment, and 

facilities, is also crucial (PMI, 2017). Planning for the management of organizational change, 

including training and support for users, is another important consideration (Baca, 2015). 

3.2.4 Steps in Conducting a Feasibility Study 
Conducting a comprehensive feasibility study involves several key steps: 

3.2.4.1 Preliminary Analysis 

The preliminary analysis is the initial step in a feasibility study, involving a high-level 

assessment of the project's potential. This includes defining the scope and objectives of the 

project (PMI, 2017), identifying key stakeholders and understanding their needs and 

expectations (Baca, 2015), and identifying major risks and potential obstacles (Kerzner, 

2017). 

3.2.4.2 Defining Project Requirements 

This step involves gathering detailed requirements from stakeholders to understand 

what the project needs to achieve. It includes conducting interviews, surveys, and workshops 

to collect requirements (Schwalbe, 2018) and analyzing and prioritizing requirements to 

ensure they align with the project's objectives (Marchewka, 2018). 
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3.2.4.3 Detailed Analysis 

The detailed analysis phase involves an in-depth evaluation of the different feasibility 

aspects discussed earlier. The technical analysis focuses on evaluating technology 

requirements, system compatibility, and technical expertise (PMI, 2017). This step ensures 

that the proposed technology solution aligns with the organization's existing infrastructure and 

capabilities. 

The economic analysis involves estimating costs, analyzing benefits, and calculating 

the return on investment (ROI) (Kerzner, 2017). This helps determine whether the project is 

financially viable and justifiable, considering the expected costs and benefits. 

Legal and regulatory analysis is crucial to ensure compliance with relevant laws and 

regulations (Baca, 2015). This step involves identifying and addressing any legal or 

regulatory requirements that may impact the project, such as data protection laws or industry-

specific regulations. 

Operational analysis assesses the project's organizational fit, resource availability, and 

change management requirements (Schwalbe, 2018). This step ensures that the project aligns 

with the organization's goals and processes and that the necessary resources and support are 

available for successful implementation. 

3.2.4.4 Feasibility Report 

The feasibility report consolidates all the findings from the analysis phases into a 

comprehensive document. It includes a high-level summary of the feasibility study findings 

and recommendations (PMI, 2017), an in-depth analysis of each feasibility aspect (Kerzner, 

2017), recommendations on whether to proceed with the project and any adjustments needed 

to improve feasibility (Schwalbe, 2018), and a conclusion summarizing the overall feasibility 

of the project (Marchewka, 2018). 

3.2.5 Challenges and Limitations 
While feasibility studies are essential for the success of IT projects, they are not 

without their challenges and limitations: 

Data Accuracy: The accuracy of a feasibility study depends on the quality and 

reliability of the data used in the analysis. Gathering complete and accurate data can be 

challenging, particularly for projects involving new or emerging technologies (Baca, 2015). 
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Stakeholder Conflicts: Different stakeholders may have conflicting requirements or 

priorities, making it difficult to reach a consensus on the feasibility of the project. Balancing 

these competing interests requires careful negotiation and compromise (Kerzner, 2017). 

Changing Circumstances: Feasibility studies are conducted based on the information 

available at a given point in time. Circumstances can change rapidly in the fast-paced world 

of IT, potentially impacting the feasibility of the project. Regular reviews and updates to the 

feasibility study may be necessary to ensure that it remains relevant and accurate (Schwalbe, 

2018). 

3.3 Research Methods 
To ensure a rigorous and comprehensive feasibility study, a combination of research 

methods will be employed. These methods will enable us to gather, analyze, and interpret data 

from various sources, providing a solid foundation for decision-making and problem-solving. 

This section outlines the key research methods that will be utilized in this study. 

3.3.1 Analysis 
Analysis involves breaking down complex information into smaller, more manageable 

components to gain a deeper understanding of the subject matter (Saunders, Lewis, & 

Thornhill, 2016). In the context of the large language model feasibility study, analysis will be 

employed to examine various aspects of the project. 

3.3.2 Synthesis 
Synthesis is the process of integrating and combining different elements or ideas to 

create a coherent whole (Saunders et al., 2016). In the context of the large language model 

feasibility study, synthesis will be employed to integrate the findings from various analyses 

and research methods, creating a comprehensive and holistic view of the project's feasibility. 

By synthesizing information from different sources and perspectives, we can identify 

connections, reconcile contradictions, and develop innovative solutions to address the 

project's challenges. (Repko & Szostak, 2020). 

3.3.3 Observation 
Observation is a research method that involves the systematic watching, recording, 

and analyzing of events, behaviors, or phenomena (Saunders et al., 2016). It is a valuable tool 
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for data collection in various fields, including social sciences, psychology, anthropology, and 

market research. 

3.3.4 Triangulation 
Triangulation is the process of using multiple research methods, data sources, or 

theories to enhance the validity and credibility of the study's findings (Saunders et al., 2016). 

In the context of the large language model feasibility study, triangulation will be employed to 

corroborate the insights gained from different research methods and ensure the robustness of 

the conclusions. By comparing and contrasting the findings from analysis, synthesis, and 

observation, we can identify consistencies, discrepancies, and areas that require further 

investigation. Triangulation will help to mitigate potential biases, increase the reliability of 

the feasibility assessment, and provide a more comprehensive understanding of the project's 

viability (Yin, 2018). 
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PRACTICAL PART 
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4 Feasibility study of LLM 
This study aims to explore the feasibility of developing a state-of-the-art language 

model that rivals the capabilities of GPT-4, the cutting-edge model developed by OpenAI 

(OpenAI, 2023). By conducting a comprehensive analysis of the technical requirements, 

financial considerations, ethical implications, and practical applications, we seek to provide a 

clear understanding of the opportunities and challenges associated with undertaking such an 

ambitious project. 

4.1 Comprehensive Overview of the Study Results 
The feasibility study for developing a state-of-the-art large language model (LLM) has 

yielded a wealth of insights and findings across various dimensions, including technical 

requirements, financial considerations, human resources, ethical and legal aspects, and 

potential risks and challenges. This chapter provides a comprehensive overview of the study 

results, synthesizing the key takeaways and their implications for our company's decision-

making process. 

4.1.1 Technical Feasibility 
The study has demonstrated that developing an LLM comparable to GPT-4 is 

technically feasible, albeit with significant resource requirements. The project demands 

substantial computational power, with an estimated 15 million GPU hours using NVIDIA 

H100 graphics cards. Advanced software tools, frameworks, and high-quality datasets are 

essential for successful model development and training. The estimated training time of 6 

months highlights the scale and complexity of the undertaking. While technically achievable, 

the project requires careful planning, resource allocation, and a dedicated team of experts to 

navigate the technical challenges and ensure optimal performance. 

4.1.2 Financial Viability 
The financial evaluation has revealed the significant investment required for 

developing an LLM, with initial capital costs estimated at 53,298,400 EUR, covering 

computational resources and a dedicated development team. However, the project also 

demonstrates strong revenue potential, with a projected cumulative revenue of 245,436,826 

EUR by the end of the first year of deployment. The expected break-even point in the 12th 



48 

month (6th month from deployment) and the impressive ROI of 270.57% over 18 months 

underscore the project's financial attractiveness.  

4.1.3 Human Resources 
The study has emphasized the critical role of human capital in the success of the LLM 

project. A diverse, highly skilled, and collaborative multidisciplinary team of 14 members is 

necessary to tackle the complex challenges associated with developing a state-of-the-art LLM. 

The team should encompass expertise in AI research, data science, software engineering, and 

project management. Recruiting and training this team is estimated to take 2 months, 

highlighting the need for effective talent acquisition and onboarding strategies. Fostering a 

culture of innovation, knowledge sharing, and continuous learning will be essential for 

attracting and retaining top AI talent and ensuring the team's cohesion and productivity. 

4.1.4 Ethical and Legal Consideration 
The study has underscored the importance of addressing the ethical and legal 

considerations associated with developing an LLM. Key ethical aspects include ensuring 

fairness and non-discrimination, promoting transparency and explainability, establishing clear 

accountability and responsibility, and respecting user privacy and data protection. Compliance 

with relevant laws and regulations, such as data protection and intellectual property rights, is 

crucial for mitigating legal risks. The study emphasizes the need for a strong ethical 

framework, regular legal reviews, and proactive stakeholder engagement to navigate the 

complex landscape of AI ethics and build trust with users and society at large. 

4.1.5 Risks and Challenges 
The comprehensive risk analysis conducted using SWOT, Porter's Five Forces, and 

PESTEL frameworks has highlighted the multifaceted nature of the risks and challenges 

associated with the LLM project. Technical risks include the complexity of model 

development, the need for continuous innovation, and the potential for technological 

disruptions. Ethical concerns, such as the risk of perpetuating biases or generating harmful 

content, require robust mitigation strategies and ongoing monitoring. Legal and regulatory 

uncertainties, particularly around AI-specific regulations, necessitate proactive engagement 

with policymakers and legal experts. Competitive pressures from other players in the AI 

market, as well as the scarcity of top AI talent, pose additional challenges that require 

effective strategies for differentiation and talent management. 
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4.1.6 Conclusion 
The feasibility study has provided a comprehensive assessment of the technical, 

financial, human resource, ethical, legal, and risk dimensions of developing a state-of-the-art 

large language model (LLM). The study has demonstrated that while the project is technically 

feasible and financially attractive, it also entails significant challenges and risks that require 

careful planning, resource allocation, and risk management. 

The study underscores the importance of assembling a highly skilled and collaborative 

multidisciplinary team, establishing a strong ethical framework, ensuring legal compliance, 

and proactively managing risks and uncertainties. These insights serve as a valuable guide for 

any company considering the development of an advanced LLM. 

The potential benefits of developing a state-of-the-art LLM are substantial, including 

technological leadership, competitive advantage, and the opportunity to make a meaningful 

impact across various industries and domains. However, the significant investment required, 

the complex technical challenges, and the multifaceted risks and uncertainties must be 

carefully weighed against these potential rewards. 

For companies that decide to embark on this ambitious endeavor, the insights and 

recommendations provided by the feasibility study can serve as a valuable roadmap for 

successful project planning and execution. By leveraging the identified strengths, 

opportunities, and risk mitigation strategies, and by fostering a culture of innovation, 

responsibility, and collaboration, companies can position themselves at the forefront of AI 

development and make significant contributions to the advancement of language technology. 

Ultimately, the decision to pursue the development of a state-of-the-art LLM will 

depend on each company's unique circumstances, including its strategic priorities, financial 

resources, risk appetite, and organizational capabilities. However, this feasibility study 

provides a solid foundation for informed decision-making and offers valuable guidance for 

navigating the complex landscape of AI development. 

4.2 Objective of the Feasibility Study 
The primary objective of this feasibility study is to comprehensively assess the 

viability of developing a state-of-the-art large language model that rivals the capabilities of 

GPT-4. By conducting a thorough analysis of the technical requirements, financial 

considerations, human resources, and potential risks and challenges associated with such an 
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endeavor, this study aims to provide a clear understanding of the feasibility of undertaking 

this project. 

The feasibility study will evaluate the project from multiple perspectives to determine 

whether it is technically achievable and financially viable. The study will identify the 

necessary computational infrastructure, software tools, and datasets required to develop and 

train the large language model. It will also assess the financial implications, including the 

initial investment, ongoing costs, and potential return on investment, to ensure that the project 

is economically sustainable. 

Furthermore, the study will examine the human resources aspect, determining the size 

and composition of the team needed to successfully execute the project, as well as the 

required skills, expertise, and experience. 

In addition to these factors, the feasibility study will identify and analyze the potential 

risks and challenges associated with developing a large language model, such as technical 

complexities, data privacy and security concerns, ethical considerations, and legal and 

regulatory requirements.  

Overall, the objective of this feasibility study is to provide a comprehensive and 

evidence-based assessment of the viability of developing a large language model, enabling 

informed decision-making and strategic planning. 

4.3 Applications and Benefits 
This section explores the high-impact areas where such a model could revolutionize 

existing practices, the efficiency and productivity gain it could deliver, the new products and 

services it could enable, and the competitive advantages and monetization opportunities it 

could offer. By examining these potential applications and benefits, we aim to provide a 

comprehensive understanding of the transformative power of advanced language models and 

their ability to drive innovation and value creation across industries. The following 

subsections will delve into each of these aspects, highlighting the model's potential to 

streamline processes, enhance decision-making, inspire new forms of interaction and 

creativity, and strengthen organizations' market positions.  

4.3.1 High-Impact Domains 
A language model on par with GPT-4 has the potential to revolutionize various 

domains. In healthcare, it could enable more efficient analysis of medical records and support 



51 

diagnostic processes (Esteva et al., 2019). In education, the model could power personalized 

learning materials and intelligent tutoring systems, adapting to individual students' needs and 

learning styles (Woolf et al., 2013). Customer service could benefit from advanced chatbots 

and automated support systems, providing more natural and context-aware interactions (Cui 

et al., 2017). 

The model's ability to process and generate language could accelerate research and 

development efforts across fields. It could assist in analyzing vast amounts of scientific 

literature, generating hypotheses, and facilitating knowledge discovery (Wang et al., 2019). In 

the realm of creative industries, the model could inspire new forms of interactive storytelling 

and content generation (Roemmele & Gordon, 2018). 

4.3.2 Efficiency and Productivity Gains 
The model's capacity to rapidly process and analyze large volumes of textual data 

could significantly streamline tasks such as due diligence, legal document review, and risk 

assessment (Dale, 2019). By automating routine tasks like customer support inquiries or 

report generation, organizations could free up human resources for more strategic and creative 

endeavors (Davenport & Ronanki, 2018). 

In the public sector, the model could help government agencies process citizen 

inquiries more efficiently, improve the accessibility of public services, and support evidence-

based policymaking (Mehr, 2017). Across industries, the model's language understanding 

capabilities could enable more intelligent search and recommendation systems, enhancing 

information retrieval and decision support (Cambria & White, 2014). 

4.3.3 New Products and Services 
The large language model could serve as the foundation for developing advanced 

conversational agents, offering personalized recommendations and advice in areas such as 

finance, wellness, or career development (McTear, Callejas & Griol, 2016). It could power 

new platforms for interactive learning, creative writing, or content generation, democratizing 

access to high-quality educational resources and creative tools (Huang et al., 2019). 

In the business realm, the model could enable the creation of specialized market 

research and sentiment analysis tools, helping organizations gain deeper insights into 

customer preferences and trends (Liu, 2012). It could also support the development of more 
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engaging and interactive virtual assistants, enhancing user experiences across various 

industries (Chung et al., 2018). 

4.4 Case Studies  
To demonstrate the practical application of large language models (LLMs), we will 

examine two case studies that showcase their real-world impact and potential. These case 

studies, focusing on GitHub Copilot and Google Gemini, illustrate how LLMs can enhance 

productivity, streamline workflows, and drive innovation. By exploring the successes, 

challenges, and prospects of these applications, we aim to provide valuable insights into the 

immense potential of LLMs in shaping the future of technology and society. 

4.4.1 Github Copilot 
GitHub Copilot is an AI-powered code completion tool developed by GitHub in 

collaboration with OpenAI. It leverages the power of large language models to provide 

developers with intelligent code suggestions and autocompletion capabilities directly within 

development environment (IDE) (Brady, 2023). 

4.4.1.1 Overview and Key Features 

GitHub Copilot is built on top of OpenAI's Codex model, which is a variant of the 

GPT-3 language model specifically trained on a vast corpus of publicly available source code. 

By learning patterns and best practices from this extensive dataset, GitHub Copilot can 

generate contextually relevant code snippets and even entire functions based on the 

developer's current context and prompt (Brady, 2023). 

Copilot offers a range of powerful features designed to streamline the coding process 

and boost developer productivity. One of its standout capabilities is code completion, which 

provides real-time suggestions as developers type, enabling them to write code more quickly 

and with greater accuracy (GitHub, 2023). This feature helps minimize errors and accelerates 

the coding workflow, allowing developers to focus on higher-level tasks. 

Another key functionality of GitHub Copilot is function generation. By simply 

providing a natural language description or a function signature, developers can prompt 

GitHub Copilot to generate entire functions or code blocks automatically (Brady, 2023). This 

saves developers the time and effort of writing boilerplate code from scratch, further 

enhancing their efficiency and productivity. 
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GitHub Copilot also boasts extensive language support, catering to a wide array of 

programming languages. Whether developers are working with Python, JavaScript, 

TypeScript, Ruby, Go, or any of the numerous other supported languages, GitHub Copilot 

seamlessly adapts to their preferred programming environment (Brady, 2023). This versatility 

ensures that developers across various domains can leverage the power of GitHub Copilot in 

their specific workflows. 

GitHub Copilot offers seamless integration with popular Integrated Development 

Environments (IDEs). This integration provides developers with a native coding experience, 

allowing them to access GitHub Copilot's features directly within their familiar development 

tools (Brady, 2023). By eliminating the need to switch between different applications, GitHub 

Copilot enables developers to maintain their focus and flow, ultimately boosting their 

productivity and satisfaction. 

4.4.1.2 Impact on Developer Productivity and Satisfaction 

GitHub conducted extensive research to quantify the impact of GitHub Copilot on 

developer productivity and satisfaction. Through surveys and controlled experiments, they 

found that developers using GitHub Copilot reported feeling more fulfilled with their job, less 

frustrated when coding, and able to focus on more satisfying work (Kalliamvakou, 2022). 

The tool helped developers stay in the flow and conserve mental energy during 

repetitive tasks, leading to increased developer happiness. In a controlled experiment, 

developers using GitHub Copilot completed a coding task 55% faster on average compared to 

those not using the tool (Kalliamvakou, 2022). Moreover, developers overwhelmingly 

perceived that GitHub Copilot helped them complete tasks faster, especially repetitive ones. 

These findings suggest that GitHub Copilot not only enhances developer productivity 

in terms of speed but also contributes to overall developer satisfaction and well-being by 

reducing cognitive load and allowing them to focus on more meaningful and enjoyable 

aspects of their work (Kalliamvakou, 2022). 

4.4.1.3 Implementation Details 

GitHub Copilot is powered by OpenAI's Codex model, which is a specialized version 

of the GPT-3 language model. The Codex model has been trained on billions of lines of code 

from various sources, including public repositories on GitHub, allowing it to understand and 

generate code in multiple programming languages (GitHub, 2023). 
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One of the key challenges in implementing GitHub Copilot was ensuring that the 

model could provide contextually relevant and syntactically correct code suggestions. To 

achieve this, GitHub worked closely with OpenAI to optimize the model's performance and 

fine-tune it specifically for code completion tasks (GitHub, 2023). 

GitHub Copilot uses a transformer-based architecture, which allows it to handle long-

range dependencies and understand the context of the code being written. When a developer 

starts typing or provides a natural language prompt, GitHub Copilot processes the input 

through the model and generates code suggestions based on the learned patterns and best 

practices from its training data (GitHub, 2023). 

To integrate GitHub Copilot seamlessly into developers' workflows, GitHub 

developed plugins for popular IDEs such as Visual Studio Code, JetBrains IDEs, and 

Neovim. These plugins communicate with the GitHub Copilot service, sending the necessary 

context and receiving code suggestions in real-time (Brady, 2023). 

4.4.1.4 Business Impact and Adoption 

Since its launch in June 2021, GitHub Copilot has seen significant adoption and 

positive financial results, with over 1.2 million developers signing up for the technical 

preview by September 2022. In June 2022, GitHub transitioned Copilot from a free technical 

preview to a paid subscription model, offering individual and enterprise pricing options. 

GitHub has reported strong growth and adoption across various segments, with many 

developers and organizations incorporating Copilot into their workflows and citing 

productivity gains (Nadella, 2024). 

GitHub Copilot is well-positioned to capture a significant market share and drive 

revenue growth in the coming years, further accelerated by Microsoft's acquisition of GitHub 

in June 2018. 

During the Microsoft Fiscal Year 2024 Second Quarter Earnings Conference Call, 

CEO Satya Nadella highlighted the rapid adoption of GitHub Copilot, with over 1.3 million 

paid subscribers as of January 2024 and more than 50,000 organizations using it to enhance 

developer productivity (Nadella, 2024). Microsoft's strong financial performance and 

commitment to investing in AI and developer tools provide a solid foundation for the future 

growth and expansion of GitHub Copilot, enabling GitHub to continue innovating, improving 

Copilot's capabilities, and exploring new use cases and integrations across the Microsoft 

ecosystem. 
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4.4.2 Gemini 
Gemini is a state-of-the-art multimodal AI model developed by Google DeepMind in 

collaboration with teams across Google, including Google Research. Introduced in December 

2023, Gemini represents a major milestone for Google in becoming an AI-first company 

(Pichai, 2023). 

4.4.2.1 Overview and Key Features 

Introduced in December 2023, Gemini represents a significant milestone in the 

development of AI, marking the beginning of a new era for Google (Pichai, 2023). 

Gemini was built from the ground up to be multimodal, capable of seamlessly 

understanding, operating across, and combining different types of information, including text, 

code, audio, image, and video (Hassabis, 2023). This native multimodality enables Gemini to 

generalize and handle complex tasks more effectively than previous models that relied on 

separate components for different modalities. 

One of the key features of Gemini is its flexibility, allowing it to efficiently run on a 

wide range of hardware, from data centers to mobile devices. The first version, Gemini 1.0, 

was optimized for three different sizes (Pichai, 2023): 

• Gemini Ultra: The largest and most capable model for highly complex tasks. 

• Gemini Pro: The best model for scaling across a wide range of tasks. 

• Gemini Nano: The most efficient model for on-device tasks. 

4.4.2.2 State-of-the-Art Performance 

Gemini has demonstrated remarkable performance across a wide variety of 

benchmarks. Gemini Ultra has exceeded current state-of-the-art results on 30 out of 32 widely 

used academic benchmarks for large language model research and development (Hassabis, 

2023). 

On the challenging MMLU (massive multitask language understanding) benchmark, 

which tests both world knowledge and problem-solving abilities across 57 subjects, Gemini 

Ultra achieved a score of 90.0%, surpassing human expert performance for the first time 

(Hassabis, 2023). Gemini Ultra also achieved a state-of-the-art score of 59.4% on the new 

MMMU benchmark, which consists of multimodal tasks spanning different domains requiring 

deliberate reasoning (Google, 2023). 
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Gemini's native multimodality is evident in its performance on image benchmarks, 

where it outperformed previous state-of-the-art models without the assistance of optical 

character recognition systems (Hassabis, 2023). These results highlight Gemini's ability to 

handle complex reasoning tasks involving multiple modalities. 

4.4.2.3 Next-Generation Capabilities 

Gemini's sophisticated multimodal reasoning capabilities enable it to make sense of 

complex written and visual information, extracting insights from vast amounts of data 

(Hassabis, 2023). This makes it particularly well-suited for delivering breakthroughs in fields 

such as science and finance. 

The model's ability to understand nuanced information across text, images, audio, and 

more allows it to answer questions relating to complicated topics, especially in subjects like 

math and physics (Google, 2023). Gemini can provide detailed explanations of its reasoning 

process, making it a valuable tool for educational and research purposes. 

In the domain of coding, Gemini excels in understanding, explaining, and generating 

high-quality code in popular programming languages such as Python, Java, C++, and Go 

(Hassabis, 2023). Its cross-language capabilities and ability to reason about complex 

information make it one of the leading foundation models for coding. 

Using a specialized version of Gemini, Google DeepMind created AlphaCode 2, an 

advanced code generation system that outperforms its predecessor, AlphaCode, in solving 

competitive programming problems involving complex math and theoretical computer 

science (Hassabis, 2023). AlphaCode 2 is estimated to perform better than 85% of 

competition participants, showcasing the potential of AI models as collaborative tools for 

programmers (Google DeepMind, 2023). 

4.4.2.4 API and Availability 

Google has made Gemini available to developers and enterprise customers through the 

Gemini API in Google AI Studio and Google Cloud Vertex AI (Velloso, 2024). Starting from 

December 13, 2023, developers could access Gemini Pro via these platforms, enabling them 

to build and scale AI applications more efficiently. 

Gemini is also being integrated into various Google products and services, such as 

Android operating system, Gmail, Google Docs and Search (Velloso, 2024). These 
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integrations aim to enhance user experiences and improve the performance of Google's AI-

powered services. 

For Gemini Ultra, Google is conducting extensive trust and safety checks, including 

red teaming by external parties and further refining the model using fine-tuning and 

reinforcement learning from human feedback (Pichai, 2023). Once these processes are 

complete, Gemini Ultra will be made available to select customers, developers, partners, and 

safety and responsibility experts for early experimentation and feedback before a broader 

rollout. 

4.4.2.5 Responsibility and Safety 

Google has prioritized responsibility and safety in the development of Gemini, 

building upon its AI Principles and robust safety policies (Pichai, 2023). The model has 

undergone comprehensive safety evaluations, including assessments for bias and toxicity, and 

has been subjected to adversarial testing techniques to identify critical safety issues before 

deployment (Hind et al., 2020). 

To address content safety concerns, Google has implemented dedicated safety 

classifiers and robust filters to identify, label, and sort out content involving violence or 

negative stereotypes (Pichai, 2023). The company is also collaborating with external experts 

and partners to stress-test the models and develop best practices for safety and security in AI 

systems (Brundage et al., 2020). 

As Gemini continues to evolve, Google remains committed to advancing bold and 

responsible AI, working in partnership with researchers, governments, and civil society 

groups to mitigate risks and ensure the technology benefits everyone (Pichai, 2023). 

4.5 Technical Requirements 
This chapter delves into the critical aspects of hardware specifications, software tools 

and frameworks, dataset requirements, and training time estimation. By examining these key 

components, we can establish a solid foundation for the successful implementation of a state-

of-the-art language model. The following sections will provide an in-depth analysis of each 

technical requirement, highlighting their significance and impact on the overall project. 

Through this exploration, we aim to gain valuable insights into the complexities and 

challenges associated with building a cutting-edge AI system capable of understanding and 

generating human-like text across a wide range of domains. 
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4.5.1 Hardware Specifications 
The hardware specifications for training a large language model are of paramount 

importance, as they directly impact the computational power, efficiency, and cost-

effectiveness of the training process. In this section, we will explore the key considerations 

for selecting the appropriate hardware infrastructure, focusing on the choice between on-

premises and cloud solutions, as well as the comparison of two high-performance graphics 

cards from NVIDIA: the A100 and its successor, the H100. 

4.5.1.1 On-Premises or Cloud Solution 

When considering the computational infrastructure for training large language models, 

we must decide between on-premises solutions and cloud-based platforms. Each approach has 

its advantages and disadvantages, which we should carefully evaluate in the context of our 

project's requirements and constraints. 

Cloud solutions offer us several compelling benefits for training large-scale AI 

models. Firstly, the cloud provides unparalleled scalability, allowing us to quickly and easily 

scale up our computational resources to meet the demands of training massive models like 

GPT-4. With the ability to allocate hundreds or even thousands of GPUs on-demand, the 

cloud enables us to rapidly experiment and iterate, accelerating our development process. 

Moreover, cloud platforms offer near-instant availability of computational resources. 

Instead of procuring, installing, and configuring physical hardware, which can be a time-

consuming and resource-intensive process for us, the cloud allows us to access powerful GPU 

clusters almost immediately. This agility is particularly valuable in the fast-paced field of AI 

research, where quick access to computational power can be a significant competitive 

advantage for our team. 

Another advantage of cloud solutions is the reduced upfront costs. Building an on-

premises infrastructure capable of handling the training of large language models requires 

substantial initial investments in hardware, facilities, and personnel. In contrast, the cloud 

allows us to pay for resources on an as-needed basis, providing greater financial flexibility 

and reducing our risk of overinvestment. 

While the upfront costs may be lower, the long-term costs of using cloud resources 

can be higher than maintaining an on-premises infrastructure, especially if we have consistent 

and intensive computational needs. Additionally, relying on cloud platforms introduces 

potential security risks, as our sensitive data is stored and processed on third-party servers. 
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We must implement robust security measures and strict data governance policies to mitigate 

these risks. 

On-premises solutions, on the other hand, offer us greater control over hardware and 

data. We would have complete ownership and management of our physical infrastructure, 

ensuring that sensitive information remains within our own secure environment. If we have 

stringent data privacy and security requirements, an on-premises approach may be preferable 

for us. 

We can also tailor on-premises infrastructure to our specific needs, allowing for 

custom configurations and optimizations that may not be possible in a standardized cloud 

environment. This customization can lead to improved performance and efficiency for certain 

workloads in our project. 

The scalability of on-premises solutions is limited by the capacity of the hardware we 

procure. Expanding our infrastructure to accommodate the growing demands of large 

language model training can be a costly and time-consuming endeavor for us. Moreover, the 

maintenance and operation of an on-premises infrastructure require dedicated IT resources 

and expertise, adding to our overall costs and complexity. 

However, as a team focused on AI research and development, we want to dedicate our 

time and resources to our core competencies. Building and maintaining a complex ICT 

infrastructure for training large language models would divert our attention and efforts from 

our primary goal of advancing AI technologies. By leveraging cloud solutions, we can focus 

on what we do best - developing cutting-edge AI models and pushing the boundaries of 

natural language processing. 

Considering the unique challenges we face in training large language models, such as 

GPT-4, a cloud-based approach emerges as the more suitable option for us. The ability to 

rapidly scale computational resources to hundreds or thousands of GPUs is crucial for 

handling the massive computational requirements of these models. Achieving such scalability 

with an on-premises infrastructure would be extremely difficult and cost-prohibitive for our 

organization. 

The near-instant availability of computational power in the cloud is a significant 

advantage for us in the rapidly evolving field of AI research. The ability to quickly allocate 

resources and begin training allows our team to iterate and innovate at a faster pace, staying 

competitive in the race to develop state-of-the-art language models. 



60 

While we cannot ignore the long-term costs of cloud usage and the potential security 

risks, the benefits of scalability, agility, and the ability to focus on our core competencies 

offered by cloud platforms outweigh these concerns in the context of our project to train large 

language models. By leveraging the power and flexibility of the cloud, we can concentrate on 

advancing AI research and development, rather than grappling with the complexities of 

building and maintaining a massive on-premises infrastructure. 

4.5.1.2 Selecting Graphics Card 

The choice of graphics card directly impacts the computational power, training speed, 

and cost-effectiveness of the entire process. In this section, we will delve into the comparison 

between two high-performance graphics cards from NVIDIA: the A100 and its cutting-edge 

successor, the H100. 

The NVIDIA A100 GPU has been a popular choice for training large-scale AI models, 

including the renowned GPT-4. Unverified information leaks suggest that the original GPT-4 

model was trained using a staggering array of 25,000 NVIDIA A100 GPUs, running 

continuously for 100 days. The A100 GPU offers impressive high-performance computing 

capabilities, with peak performance figures of 9.7 TFLOPS for FP64 (double precision), 19.5 

TFLOPS for FP32 (single precision), and 156 TFLOPS for TF32 (Tensor Float-32) (NVIDIA 

A100 Tensor Core GPU Datasheet, 2021). 

However, the introduction of the NVIDIA H100 GPU presents a significant leap 

forward in terms of performance and efficiency for training large language models. As the 

successor to the A100 series, the H100 GPU boasts several advancements in computational 

power and memory bandwidth. NVIDIA's benchmarks have shown that the H100 series 

delivers a remarkable 4x performance increase compared to the A100 series when training the 

GPT-3 model with 175 billion parameters (NVIDIA H100 Tensor Core GPU Datasheet, 

2022). This substantial performance boost is attributed to the H100's advanced architecture, 

which features a larger number of CUDA cores, higher memory bandwidth, and improved 

interconnect technology. 

The NVIDIA H100 GPU's performance figures are nothing short of impressive, 

delivering 60 TFLOPS for FP64, 120 TFLOPS for FP32, 480 TFLOPS for FP16 (half 

precision), and an astonishing 960 TFLOPS for TF32 (NVIDIA H100 Tensor Core GPU 

Datasheet, 2022). These numbers represent a significant improvement over the A100 GPU, 

with the H100 offering over 6 times the performance in TF32 alone. 
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The increased computational power of the H100 GPU, coupled with its outstanding 

performance in training large language models like GPT-3, enables us to train state-of-the-art 

models faster and more efficiently than ever before. With the ability to process vast amounts 

of data and perform complex computations at a higher speed, we can significantly reduce the 

overall training time and iterate on our models more quickly. 

While the H100 GPU's superior performance is undeniable, it is crucial to consider the 

cost implications of using these high-end GPUs. On-demand rental of the A100 GPU on 

platforms like Fluidstack comes at a price of $1.65 per hour, while the H100 GPU is priced at 

$3.75 per hour. Although the H100 GPU is more expensive, its remarkable performance and 

the 4x speedup in training GPT-3 make it a more cost-effective choice in the long run. To 

justify the use of the A100 GPU, we would need to find a rental price of around $0.9375 per 

hour, which is approximately one-quarter of the H100's rental price. Unfortunately, no 

providers currently offer the A100 GPU at such a low price point, making the H100 the clear 

choice for our project. 

When considering the choice between the A100 and H100 GPUs for training large 

language models, the H100 emerges as the undisputed winner. Its superior computational 

power, as evidenced by the higher TFLOPS across all precision levels and the impressive 4x 

performance increase in training GPT-3, makes it the ideal choice for handling the demanding 

workloads associated with training models like GPT-4. 

By leveraging the capabilities of the NVIDIA H100 GPU, we can significantly reduce 

the training time, improve the efficiency of our training pipeline, and ultimately accelerate the 

development of state-of-the-art large language models. The H100's advanced features, 

performance improvements, and demonstrated success in training GPT-3 make it a 

compelling choice for organizations and researchers aiming to push the boundaries of natural 

language processing and AI. 

4.5.2 Software Tools and Frameworks 
Selecting the appropriate software tools and frameworks is crucial for efficient 

implementation and optimal performance. PyTorch, a widely used open-source machine 

learning framework, is an excellent choice for this task (Paszke et al., 2019). It offers several 

advantages that make it well-suited for developing advanced language models, such as 

flexible and dynamic computational graphs and a high-level interface for defining and 

training models. 
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PyTorch seamlessly integrates with NVIDIA's software tools, such as CUDA and 

cuDNN, which are essential for GPU acceleration (Nickolls et al., 2008; Chetlur et al., 2014). 

CUDA (Compute Unified Device Architecture) is a parallel computing platform and 

programming model that allows for efficient utilization of NVIDIA GPUs, while cuDNN 

(CUDA Deep Neural Network library) is a GPU-accelerated library of primitives for deep 

neural networks, providing highly optimized implementations of common operations like 

convolutions and recurrent layers. By leveraging these tools, PyTorch can fully harness the 

computational power of NVIDIA GPUs, enabling faster training and inference times (Li et al., 

2020). 

In addition to PyTorch and NVIDIA tools, other libraries and frameworks can 

facilitate the development process. NumPy, a fundamental library for scientific computing in 

Python, provides support for large, multi-dimensional arrays and matrices, along with a 

collection of mathematical functions (Harris et al., 2020). It serves as a foundation for many 

higher-level libraries and is essential for data manipulation and numerical operations. Pandas, 

a powerful data manipulation library, offers data structures and functions for efficiently 

handling and analyzing structured data, making it particularly useful for data preprocessing, 

feature engineering, and exploratory data analysis (McKinney, 2010). 

Visualization libraries like Matplotlib and Seaborn provide comprehensive tools for 

creating informative and visually appealing plots, charts, and graphs, aiding in understanding 

patterns, identifying issues, and communicating results effectively (Hunter, 2007; Waskom, 

2021). Jupyter Notebook, an interactive development environment that combines code, 

documentation, and visualization in a single notebook format, is widely used for prototyping, 

experimenting, and sharing code snippets and results, making it a valuable tool for 

collaborative development and knowledge sharing (Kluyver et al., 2016). 

4.5.3 Dataset Requirements 
The performance and capabilities of large language models are directly influenced by 

the data they are trained on. To create a model that can understand and generate human-like 

text across a wide range of domains, it is essential to curate a dataset that encompasses 

various genres, styles, and subject matters (Radford et al., 2019). One of the primary sources 

for building such a dataset is the vast amount of text data available on the internet. Web 

crawling and scraping techniques can be employed to gather text from websites, blogs, 
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forums, and social media platforms (Castillo, 2005). These techniques involve using 

automated tools to systematically browse and extract relevant information from web pages. 

We need to ensure that the collected data is properly filtered and cleaned to remove 

any irrelevant, low-quality, or potentially harmful content. This process may involve 

techniques such as removing HTML tags, eliminating duplicate or near-duplicate content, and 

filtering out spam or offensive language (Kovilakath et al., 2020). Additionally, legal and 

ethical considerations must be taken into account when using web-sourced data, respecting 

copyright laws and privacy concerns (Snell & Menaldo, 2016). It is important to obtain 

necessary permissions and adhere to web scraping guidelines to avoid any legal issues. 

Another valuable resource for building a comprehensive dataset is open-source 

repositories and pre-existing datasets. Platforms like Hugging Face provide access to a wide 

variety of datasets, including Common Crawl, Wikipedia dumps, and specialized corpora 

focusing on specific domains such as scientific literature, legal documents, or literary works 

(Wolf et al., 2020). These datasets have already undergone initial preprocessing and are often 

available in a structured format, making them easier to integrate into the training pipeline. For 

instance, the Common Crawl dataset contains terabytes of web-scraped data from various 

sources, providing a diverse and extensive collection of text (Smith et al., 2013). Wikipedia 

dumps, on the other hand, offer a more curated and well-structured dataset covering a wide 

range of topics (Merity et al., 2016). Leveraging these existing datasets can significantly 

reduce the effort required in data collection and preprocessing, allowing researchers to focus 

on model development and experimentation. 

It is important to consider the potential limitations and biases present in these pre-

existing datasets. Some datasets may have inherent biases based on the sources they were 

collected from or the period they represent (Bender et al., 2021). Therefore, it is crucial to 

carefully evaluate and validate the datasets before using them for training large language 

models. 

To ensure the robustness and generalization capabilities of the trained model, we need 

to use texts from different languages, cultures, and time periods, as well as a mix of formal 

and informal writing styles (Joshi et al., 2020). By exposing the model to a wide range of 

linguistic variations, it can learn to understand and generate text in multiple languages and 

adapt to different contexts. Including multilingual data is particularly important for 

developing models that can perform cross-lingual tasks. For example, a model trained on 

datasets containing texts in English, Spanish, and French can develop a better understanding 
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of language similarities and differences, enabling it to translate between these languages more 

effectively (Conneau et al., 2020). Additionally, incorporating data from various domains, 

such as news articles, academic papers, technical manuals, and creative writing, allows the 

model to acquire a broad knowledge base and handle diverse topics. 

Benchmarks play a crucial role in assessing the performance and capabilities of large 

language models. Datasets like GLUE (General Language Understanding Evaluation), 

SuperGLUE, and SQuAD (Stanford Question Answering Dataset) provide a standardized set 

of tasks and metrics to evaluate a model's natural language understanding abilities (Wang et 

al., 2018; Wang et al., 2019; Rajpurkar et al., 2016). GLUE and SuperGLUE are collections 

of diverse tasks that cover a range of linguistic phenomena, such as sentiment analysis, 

textual entailment, and natural language inference. These benchmarks allow researchers to 

compare the performance of different models and assess their generalization capabilities 

across various language understanding tasks. SQuAD, on the other hand, focuses specifically 

on question answering. It consists of a set of paragraphs and corresponding questions, 

challenging models to locate the relevant information within the paragraphs to answer the 

questions accurately. This benchmark evaluates a model's ability to comprehend and reason 

over text. By using these benchmarks, we can gain insights into the strengths and weaknesses 

of our model and identify areas for improvement. They provide a standardized way to 

measure progress and compare different approaches in the field of large language models. 

Before training a large language model, the collected data needs to undergo 

preprocessing to ensure its quality and suitability. This involves various techniques to clean, 

normalize, and transform the text data into a format that can be efficiently processed by the 

model. Tokenization is a fundamental preprocessing step that involves breaking down the text 

into smaller units called tokens (Jurafsky & Martin, 2021). These tokens can be individual 

words, subwords, or characters, depending on the tokenization strategy employed. 

Tokenization helps in handling out-of-vocabulary words and reduces the complexity of the 

input space. Other preprocessing techniques include removing stop words (common words 

like "the," "and," "in"), lowercasing the text, and performing lemmatization or stemming to 

reduce words to their base or root forms (Uysal & Gunal, 2014). These techniques help in 

reducing the dimensionality of the data and focusing on the most informative aspects of the 

text. Additionally, techniques like text normalization, which involves converting text to a 

standardized format (e.g., expanding contractions, removing special characters), and handling 
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noise and inconsistencies in the data, such as spelling errors or irregular formatting, are 

important for improving the quality of the training data (Islam & Inkpen, 2008). 

4.5.4 Training Time Estimation 
This chapter outlines the estimated timeline for training an LLM, breaking down the 

process into key phases and providing a realistic timeframe for each. 

The initial phase of data preparation, spanning approximately three weeks, involves 

the critical task of data acquisition and preprocessing. During this period, researchers focus on 

collecting and cleaning vast amounts of textual data from diverse sources. This process 

includes implementing tokenization and formatting procedures, as well as dividing the dataset 

into training and testing subsets. This foundational step is crucial for ensuring the quality and 

representativeness of the data that will inform the model's learning process. 

Following data preparation, attention shifts to the architectural design of the model 

and the establishment of the necessary computational environment, which is expected to 

require two weeks. This phase includes selecting an appropriate model architecture, such as 

those based on the Transformer, configuring model parameters like layer count and hidden 

state dimensions, and setting up the required computational resources, including hardware and 

software dependencies. This phase lays the groundwork for the subsequent training process 

and can significantly impact the model's performance and efficiency. 

The core of the LLM development process lies in the training phase, which is 

estimated to take eight weeks. This extended period encompasses initiating the pre-training 

process on the large corpus of prepared data, continuous monitoring of training progress and 

performance metrics, and implementing necessary adjustments to hyperparameters and 

learning strategies. 

Once the base model has been trained, the focus shifts to specialization and 

performance assessment for about three weeks. This stage involves conducting fine-tuning 

procedures on specific tasks or domains, rigorous testing of the model's capabilities across 

various benchmarks, and analyzing the model's strengths and weaknesses to inform further 

refinement. This stage is crucial for enhancing the model's applicability to targeted use cases 

and ensuring its robustness. 

The final phase, lasting approximately two weeks, concentrates on preparing the 

model for practical deployment. This includes implementing optimization techniques such as 

pruning or quantization, documenting the model's architecture, training process, and 
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performance characteristics, and preparing a comprehensive report summarizing the 

development process and outcomes. This stage ensures that the model is not only performant 

but also efficient and well-documented for future use or further development. 

In conclusion, the estimated total time for developing a large language model, from 

data preparation to final optimization, is approximately 4 months. 

4.6 Human Resources Requirements 
The successful development of a large language model relies heavily on the expertise 

and synergy of the human resources involved in the project. This section explores the critical 

aspects of assembling and managing a high-performing team capable of tackling the complex 

challenges associated with building a state-of-the-art language model. 

In the following subsections, we will examine the required skills and expertise, 

optimal team size and composition, recruitment and training timeline, scaling options, and the 

importance of effective collaboration and communication within the multidisciplinary team. 

By addressing these key factors, we aim to provide a comprehensive understanding of 

the human capital necessary for the successful development of a large language model, 

ultimately enabling the team to push the boundaries of language AI technology and realize the 

full potential of the project. 

4.6.1 Required Skills and Expertise 
Developing a language model requires a highly skilled and experienced 

multidisciplinary team (Kaplan et al., 2020). The team should include experts in machine 

learning, natural language processing (NLP), data engineering, and DevOps. Key skills 

encompass a deep understanding of neural networks, transformer architectures, distributed 

training, and working with large datasets (Sutskever, Vinyals, & Le, 2014). Team members 

should have experience with frameworks such as PyTorch and TensorFlow, as well as tools 

for experiment and model management (Paszke et al., 2019; Abadi et al., 2016). 

4.6.2 Team Size and Composition 
To effectively address the intricate challenges associated with developing a large 

language model, it is imperative to assemble a highly skilled and diverse team of 14 members, 

each contributing a unique set of expertise and experience. The composition of this team has 

been meticulously designed to ensure optimal performance and synergy throughout the 

development process. 
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4.6.2.1 Research and Development 

The team will be led by a Principal Researcher (Senior), boasting extensive expertise 

in NLP, deep learning, and language model development. This individual will be supported 

by a Senior Researcher (Senior), with a strong background in machine learning, deep 

learning, and NLP. A Junior/Mid-level Researcher, focused on NLP and deep learning, will 

complete the research contingent of the team. 

4.6.2.2 Data Science and Engineering 

Data expertise will be provided by a Senior Data Scientist, with extensive experience 

in processing and analyzing large datasets, machine learning, SQL, and Python. Two Mid-

level/Senior Data Engineers, proficient in big data, databases, data pipelines, SQL, Spark, and 

Hadoop, will be responsible for the development and maintenance of the project's data 

infrastructure. 

4.6.2.3 Machine Learning and Software Engineering 

The team will also include a Senior Machine Learning Engineer, skilled in deploying 

ML models into production, MLOps, Python, Docker, and Kubernetes. Two Mid-level/Senior 

Software Engineers, experienced in developing scalable applications using Python, C++, and 

REST APIs, will be tasked with the development of the project's software components. 

4.6.2.4 DevOps and User Experience 

To ensure the smooth operation and deployment of the project, a Mid-level/Senior 

DevOps Engineer, proficient in CI/CD, automation, monitoring, Linux, Ansible, and 

Terraform, will be included in the team. A Mid-level UX Designer, skilled in designing user 

interfaces and interactions for ML applications, using tools such as Figma and Sketch, will be 

responsible for creating an intuitive and engaging user experience. 

4.6.2.5 Project Management and Technical Writing 

The team will be managed by a Senior Product Manager, experienced in defining 

product vision and roadmap, communicating with stakeholders, and utilizing agile 

methodologies. A Senior Project Manager, skilled in project planning, tracking progress, 

reporting, and communication, will ensure the project remains on schedule and within budget. 

A Mid-level Technical Writer, experienced in creating documentation, tutorials, and articles, 

with knowledge of ML/NLP being an advantage, will be responsible for producing high-

quality technical content to support the project. 
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4.6.3 Recruitment and Training Timeline 
Recruiting highly qualified professionals for the project may take weeks or months, 

depending on the availability of talent and competition in the job market (Metz, 2018). The 

recruitment process should focus on attracting individuals with a proven track record in NLP 

and deep learning, as well as those with experience in large-scale AI projects. 

Once assembled, the team will require additional training on the project's specific 

technologies and methodologies. This training period may span several weeks, depending on 

the team members' existing knowledge and the project's complexity (Chollet, 2017). Overall, 

assembling and preparing the team is expected to take 2 months. 

4.6.4 Scaling Options 
As the project progresses and complexity increases, it may become necessary to 

expand the team with additional specialists or strengthen key areas. Scaling options include 

recruiting additional permanent staff, collaborating with external consultants or research 

institutions, and engaging the open-source contributor community (Vaswani et al., 2018). 

To ensure a smooth scaling process, it is essential to establish clear onboarding 

procedures, knowledge-sharing practices, and mentorship programs (Nonaka & Takeuchi, 

1995). This will help new team members quickly integrate into the project and contribute 

effectively. 

4.6.5 Collaboration and Communication 
Effective collaboration and communication are important for the success of a 

multidisciplinary team working on a complex AI project (Barczak & McDonough, 2003). To 

support this, clear roles, responsibilities, and communication channels must be established 

from the outset. Regular meetings, demo sessions, and retrospectives help keep the team in 

sync and foster a culture of transparency and continuous improvement (Schwaber & Beedle, 

2002). 

The project can benefit from using tools like Slack, Jira, and Google Docs to 

communicate and share knowledge daily (Fowler & Highsmith, 2001). The project can also 

rely on code repositories, documentation platforms, and experiment tracking systems to keep 

project artifacts well-structured and easy to access. 

To further enhance team collaboration and cross-functional learning, the project 

should support initiatives such as hackathons, internal workshops, and team-building 
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activities (Crawford & LePine, 2013). These events offer chances for team members to work 

together on side projects, exchange ideas, and develop a common vision. 

4.7 Financial Evaluation and Sustainability 
This chapter presents an analysis of the economic factors involved in developing and 

operating a large language model. It covers initial capital costs, ongoing operational expenses, 

potential funding sources, and revenue projections. The chapter includes calculations for user 

acquisition, token usage, and pricing models to estimate profitability. It also examines the 

break-even point and return on investment, providing a quantitative basis for assessing the 

project's financial viability. This information aims to offer a factual overview of the financial 

aspects of such an AI project, without advocating for or against its implementation. 

4.7.1 Cost Analysis 
This section delves into the comprehensive cost analysis of developing and operating a 

large language model. It breaks down the initial capital costs, including the substantial 

computational resources required for model training and the expenses associated with 

assembling a skilled development team. The chapter then explores the ongoing operational 

costs, encompassing both computational expenses tied to API usage and personnel costs for 

maintaining and optimizing the model. 

4.7.1.1 Initial Capital Costs 

To train the GPT-4 model, 25,000 NVIDIA A100 graphics cards were utilized 

continuously for 100 days, amounting to 60 million GPU hours (A100). By employing 4 

times more powerful NVIDIA H100 graphics cards, the required GPU hours can be reduced 

to 15 million. To optimize resource utilization and expedite the training process, renting 

graphics cards in the cloud from a provider such as FluidStack at a rate of $3.75 per GPU 

hour would necessitate a total of $56,250,000 USD. According to the European Central Bank 

exchange rate on June 18, 2024, this equates to 52,496,500 EUR. 

The model training phase is estimated to span 6 months, during which a dedicated 

development team of contractors will be required. The team will consist of: 

• Principal Researcher (Senior) with a daily rate of 1,100 EUR 

• Senior Researcher (Senior) with a daily rate of 900 EUR 

• Researcher (Junior/Mid-level) with a daily rate of 500 EUR 
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• Senior Data Scientist with a daily rate of 800 EUR 

• Two Data Engineers (Mid-level/Senior) with daily rates of 650 EUR each 

• Senior Machine Learning Engineer with a daily rate of 800 EUR 

• Two Software Engineers (Mid-level/Senior) with daily rates of 650 EUR each 

• Mid-level/Senior DevOps Engineer with a daily rate of 650 EUR 

• Mid-level UX Designer with a daily rate of 500 EUR 

• Senior Product Manager with a daily rate of 800 EUR 

• Senior Project Manager with a daily rate of 650 EUR 

• Mid-level Technical Writer with a daily rate of 400 EUR 

Assuming 21 working days per month and a 6-month duration of the initial phase, the 

estimated cost for this team of contractors during the initial phase is 801,900 EUR. 

Consequently, the total initial capital costs, comprising the computational resources 

and the development team, are projected to be 53,298,400 EUR. 

4.7.1.2 Operating Costs 

The operating costs for the large language model encompass both computational and 

personnel expenses. The computational costs are primarily driven by the number of API 

queries the model receives. Based on data from NVIDIA, we can estimate these costs using 

their performance metrics on the LLama 2 model. Using a GIGABYTE G593-SD1 server 

with 8 NVIDIA H100 cards, NVIDIA achieved a throughput of 22,290 tokens/sec. Assuming 

one card can handle 1/8 of this (2,786.25 tokens/sec), a single card can process 10,030,500 

tokens per hour. With a GPU rental cost of 3.75 USD per hour, the cost per API request of 

1M tokens is approximately 0.37385972 USD for a 70B parameter model. (NVIDIA, n.d.) 

However, our target model aims to be at the level of GPT-4 with 1.76 trillion 

parameters. Given that processing speed decreases in direct proportion to model size, we can 

expect our speed to be approximately 2.5 times lower. This results in an estimated cost of 

0.9346493 USD for processing 1M tokens, which is approximately 0.87228119458 EUR at 

the European Central Bank exchange rate as of June 18, 2024. For simplicity, we will round 

the amount to two decimal places, resulting in an estimated cost of 0.87 EUR for processing 

1M tokens. 
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In addition to computational costs, we must consider personnel expenses. To maintain 

and optimize the model's performance, we will retain a core team of experts. This team 

includes a Senior Machine Learning Engineer (800 EUR/day) critical for model maintenance 

and optimization, a Data Engineer (650 EUR/day) responsible for data management and data 

flow maintenance, a Software Engineer (650 EUR/day) tasked with developing and 

maintaining the application interface and infrastructure, a Mid-level/Senior DevOps Engineer 

(650 EUR/day) to ensure reliable operation and system scaling, and a Senior Product 

Manager (800 EUR/day) to manage product development and user communication. 

The total daily personnel cost amounts to 3,550 EUR. Assuming 21 working days per 

month, the monthly personnel cost would be approximately 74,500 EUR. 

4.7.2 Funding Sources 
The choice of funding sources for the development and deployment of a large 

language model will heavily depend on the specific nature of the company undertaking this 

endeavor. Factors such as the company's size, financial stability, risk tolerance, and overall 

strategic objectives will play a crucial role in determining the most suitable financing options. 

For instance, a well-established technology giant with substantial cash reserves may 

primarily rely on internal funding to maintain control over the project and protect its 

intellectual property. On the other hand, a startup with limited resources may need to seek 

external funding from venture capital firms or strategic partners to accelerate development 

and gain access to industry expertise. 

In the following sections, we will explore the most common funding sources available 

for financing a large language model project, including internal funding, external funding, and 

alternative financing options. It is important to note that we will not delve into the specific 

cost of capital associated with each funding source, as this will vary significantly based on the 

company's size, financial health, and the perceived risk of undertaking such an innovative 

project. 

The cost of capital, which represents the minimum return that investors expect for 

providing funds to the company, can range from low single-digit percentages for established, 

low-risk companies to much higher rates for early-stage startups with unproven track records. 

Factors influencing the cost of capital include the company's credit rating, financial stability, 

market conditions, and investor sentiment. 
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4.7.2.1 Internal Funding 

Internal funding is a crucial financing option for companies undertaking the 

development of a large language model, as it allows them to leverage their existing resources 

and maintain greater control over the project. The extent to which a company can rely on 

internal funding will depend on factors such as its financial stability, cash reserves, and the 

project's alignment with its overall strategic objectives. 

For companies with strong financial positions and consistent profits, allocating a 

portion of their existing capital reserves or reinvesting a percentage of their profits into the 

language model development can provide a stable source of funding. This approach allows 

companies to finance the project without diluting ownership or taking on debt obligations, 

which can be particularly advantageous for companies that prioritize maintaining control over 

their intellectual property and decision-making processes. 

Relying solely on internal funding may limit the scale and speed of the project, as the 

available funds may be constrained by the company's other financial commitments and 

operational expenses. This is particularly true for smaller companies or startups with limited 

cash reserves, as they may struggle to allocate sufficient internal resources to the project 

without jeopardizing their overall financial health. 

4.7.2.2 External Funding 

External funding plays a vital role in financing the development of a large language 

model, particularly for companies that may not have sufficient internal resources to fully 

support the project. By accessing capital from outside sources, companies can accelerate the 

development process, scale their operations, and bring in valuable expertise and networks to 

enhance the project's chances of success. 

The specific external funding options available to a company will depend on factors 

such as its size, growth potential, and the perceived risk associated with the language model 

project. Some of the most common external funding sources include: 

• Bank loans and credit: For established companies with strong credit profiles, 

traditional bank financing can provide a reliable source of funding for the project. The 

high investment volume and inherent risks associated with developing a large 

language model may make it challenging to secure loans, especially for early-stage 

companies or startups. 
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• Venture capital and angel investors: Attracting investments from venture capital 

firms or angel investors can provide significant capital infusions for the project, along 

with strategic guidance and access to industry networks. This approach often involves 

dilution of ownership and may require the company to relinquish some control over 

the project's direction. 

• Strategic partnerships: Collaborating with established technology companies or 

industry players can provide not only financial support but also access to valuable 

resources, expertise, and distribution channels. Strategic partnerships can help 

mitigate risks and accelerate the project's development but may also involve sharing 

intellectual property or revenue. 

• Government grants and subsidies: In some cases, companies may be able to secure 

non-dilutive funding through government programs designed to support innovative 

technology development. These grants and subsidies can provide valuable resources 

for the project but may come with specific requirements or limitations on how the 

funds can be used. 

4.7.2.3 Alternative Financing 

In addition to traditional internal and external funding options, companies seeking to 

finance the development of a large language model may also consider alternative financing 

approaches. These methods can provide unique opportunities to access capital, engage with 

stakeholders, and build support for the project, particularly for companies that may face 

challenges in securing conventional funding. 

Some of the most prominent alternative financing options include: 

• Crowdfunding: Platforms like Kickstarter, Indiegogo, or specialized equity 

crowdfunding platforms allow companies to raise funds from many individual 

investors or supporters. By running a compelling campaign that showcases the 

project's potential impact and benefits, companies can tap into a diverse pool of 

backers who are passionate about the technology and willing to provide financial 

support in exchange for rewards, perks, or equity. 

• Revenue-based financing: This approach involves receiving funding in exchange for 

a percentage of the company's future revenue streams derived from the language 

model project. Revenue-based financing can be an attractive option for companies 



74 

with predictable revenue projections and can provide more flexibility than traditional 

debt or equity financing. 

• Intellectual property (IP) financing: Companies with strong IP assets related to their 

language model development, such as patents, algorithms, or proprietary datasets, may 

be able to secure funding by leveraging these assets as collateral. IP financing can take 

the form of loans, sale-leaseback arrangements, or royalty agreements, allowing 

companies to access capital without diluting equity. 

• Public-private partnerships: Collaborating with government agencies, research 

institutions, or non-profit organizations can provide access to funding, resources, and 

expertise for the development of large language models with potential public benefits. 

These partnerships may involve grants, joint ventures, or other cooperative 

arrangements that align the project's goals with the interests of public stakeholders. 

When exploring alternative financing options, companies should carefully consider the 

benefits and risks associated with each approach, as well as the legal, regulatory, and 

operational implications.  

4.7.3 Financial Projections 
This section outlines the expected financial performance of the large language model 

project over its first year of operation. It presents estimates for user acquisition, token usage, 

and revenue generation based on a tiered pricing model. The section includes tables showing 

projected user growth, monthly token usage, and corresponding revenue figures. It also 

provides calculations for average monthly revenue per user and total cumulative revenue. The 

projections account for factors such as viral user acquisition, marketing-driven growth, and 

user retention rates. 

4.7.3.1 Revenue Projection 

To estimate revenue for our large language model, we need to estimate the number of 

API requests and the pricing structure. Let's assume a tiered pricing model based on token 

usage: 

• Tier I (up to 40M tokens/month): 4.75 EUR / 1M tokens 

• Tier II (40M – 100M tokens/month): 4.50 EUR / 1M tokens 

• Tier III (over 100M tokens/month): 4.25 EUR / 1M tokens 
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We hypothesize that the distribution of users across these tiers will align with the 

Pareto principle, whereby 80% of users will fall into the lowest category, 15% into the middle 

category, and 5% into the highest category. 

To calculate the average number of tokens per user, we will employ a weighted 

average using the midpoint values of the intervals. The formula for the weighted average of 

values xi with weights wi is as follows: 

�̅� =
∑(𝑤! 	× 	𝑥!)

∑𝑤!
 

4.7.3.1.1 Calculation of Average Monthly Token Usage per User 

To establish a baseline for our revenue projections, it is crucial to determine the 

average monthly token usage per user. 

Let us define the following variables: 

• pi: percentage of users in each group 

• ti: median token values for each group* 

*As Tier III has no upper limit, we will set its median value at 200M tokens. 

Calculation formula: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒	𝑚𝑜𝑛𝑡ℎ𝑙𝑦	𝑡𝑜𝑘𝑒𝑛	𝑢𝑠𝑎𝑔𝑒	𝑝𝑒𝑟	𝑢𝑠𝑒𝑟 = 	
∑(𝑝! × 𝑡!)
∑𝑝!

	 

Calculation process: 

(𝑝" × 𝑡") + (𝑝# × 𝑡#) + (𝑝$ × 𝑡$)
𝑝" + 𝑝# + 𝑝$

= 

=
(80% × 20𝑀) + (15% × 	70𝑀) + (5% × 200𝑀)

80% + 15%+ 5% = 

=
(16𝑀) + (10.5𝑀) + (10𝑀)

1 = 36.5𝑀 

We have determined that the average monthly token usage per user is 36.5M. 

4.7.3.1.2 Calculation of Average Price per 1M Tokens 

With the average monthly token usage established, we must now calculate the average 

price per 1M tokens. This figure is essential for determining overall revenue potential and will 

account for the distribution of users across our tiered pricing structure. 
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Let us define the following variables: 

• ci: prices per 1M tokens in each group 

• pi: percentage of users in each group 

• ti: median token values for each group 

Calculation formula 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒	𝑝𝑟𝑖𝑐𝑒	𝑝𝑒𝑟	1𝑀	𝑡𝑜𝑘𝑒𝑛𝑠 =
∑(𝑐! × 𝑝! × 𝑡!)
∑(𝑝! × 𝑡!)

 

Calculation process: 

(𝑐" × 𝑝" × 𝑡") + (𝑐# × 𝑝# × 𝑡#) + (𝑐$ × 𝑝$ × 𝑡$)
(𝑝" × 𝑡") + (𝑝# × 𝑡#) × (𝑝$ × 𝑡$)

= 

=
(4.75 × 80% × 20𝑀) + (4.50 × 15% × 70𝑀) + (4.25 × 5% × 200𝑀)

(80% × 20𝑀) + (15% × 70𝑀) × (5% × 200𝑀) = 

=
(76𝑀) + (47.25𝑀) + (42.5𝑀)
(16𝑀) + (10.5𝑀) + (10𝑀) =

165.75𝑀
36.5𝑀 ≅ 4.54 

Our calculations indicate that the average revenue for processing 1M tokens will be 

4.54 EUR. 

4.7.3.1.3 Average Monthly Revenue per User 

Having established both the average price per 1M tokens and the average monthly 

tokens usage per user, we can now compute the average monthly revenue per user. 

𝑟𝑒𝑣𝑒𝑛𝑢𝑒 = 𝑡𝑜𝑘𝑒𝑛𝑠	𝑢𝑠𝑎𝑔𝑒 × 	𝑝𝑟𝑖𝑐𝑒	𝑝𝑒𝑟	𝑡𝑜𝑘𝑒𝑛 

By multiplying the average price of 4.54 EUR / 1M tokens by the average number of 

tokens used (36.5M), we arrive at an average monthly revenue per user of 165.71 EUR. 

4.7.3.1.4 Projected Revenue 

To ground our revenue projections, we have established several key assumptions 

regarding user acquisition. Our initial user acquisition strategy aims to attract 20,000 users in 

the first month through an intensive media campaign, followed by a consistent influx of 5,000 

new users monthly from ongoing marketing activities. 

The model incorporates a modest viral coefficient (K) of 0.4, indicating that each 

existing user will, on average, bring 0.4 new users to the large language model monthly. 
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Furthermore, we assume an ambitious but achievable monthly user retention rate of 

80%. 

TABLE 1: PROJECTED USER ACQUISITION PLAN 

Month Retained 
Users 

Viral New 
Users 

Marketing 
New Users Users 

0 0 0 20,000 20,000 
1 16,000 8,000 5,000 29,000 
2 23,200 11,600 5,000 39,800 
3 31,840 15,920 5,000 52,760 
4 42,208 21,104 5,000 68,312 
5 54,650 27,325 5,000 86,974 
6 69,580 34,790 5,000 109,369 
7 87,495 43,748 5,000 136,243 
8 108,995 54,497 5,000 168,492 
9 134,793 67,397 5,000 207,190 

10 165,752 82,876 5,000 253,628 
11 202,903 101,451 5,000 309,354 

 The Projected User Acquisition Plan table demonstrates the expected growth in total users 
over the first year, broken down into retained users, viral new users, and marketing-driven 
new users. 

Building upon the user acquisition plan, we can forecast the model's revenue based on 

token usage and pricing. We assume an average monthly token usage of 36.5M per user and a 

price of 4.54 EUR per 1M tokens. 

TABLE 2: PROJECTED REVENUE 

Month Users Tokens 
Usage Revenue Cumulative 

Revenue 
0 20,000 730,000 3,314,200 3,314,200 
1 29,000 1,058,500 4,805,590 8,119,790 
2 39,800 1,452,700 6,595,258 14,715,048 
3 52,760 1,925,740 8,742,860 23,457,908 
4 68,312 2,493,388 11,319,982 34,777,889 
5 86,974 3,174,566 14,412,528 49,190,417 
6 109,369 3,991,979 18,123,583 67,314,000 
7 136,243 4,972,874 22,576,850 89,890,850 
8 168,492 6,149,949 27,920,770 117,811,620 
9 207,190 7,562,439 34,333,474 152,145,095 

10 253,628 9,257,427 42,028,719 194,173,813 
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11 309,354 11,291,412 51,263,013 245,436,826 

The Projected Revenue table showcases the substantial revenue potential of the large 

language model, reaching a cumulative total of 245,436,826 EUR by the end of the first year. 

The monthly revenue growth rate mirrors that of the user acquisition plan, highlighting the 

direct link between user growth and financial performance.  
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4.7.3.2 Profitability Projection 

Assessing the profitability of a large language model requires a thorough analysis of 

its projected revenue streams and operational costs. By carefully examining these key 

financial components, we can determine the model's potential to generate a profit and 

evaluate its overall financial viability. 

TABLE 3: PROJECTED COSTS 

Month Users Tokens 
Usage 

Computational 
Costs 

Personnel 
Costs 

Subtotal 
Costs 

0 20,000 730,000     (635,100)       (74,500)     (709,600) 

1 29,000 1,058,500     (920,895)       (74,500)     (995,395) 
2 39,800 1,452,700  (1,263,849)       (74,500)  (1,338,349) 
3 52,760 1,925,740  (1,675,394)       (74,500)  (1,749,894) 
4 68,312 2,493,388  (2,169,248)       (74,500)  (2,243,748) 
5 86,974 3,174,566  (2,761,872)       (74,500)  (2,836,372) 
6 109,369 3,991,979  (3,473,021)       (74,500)  (3,547,521) 
7 136,243 4,972,874  (4,326,401)       (74,500)  (4,400,901) 
8 168,492 6,149,949  (5,350,456)       (74,500)  (5,424,956) 
9 207,190 7,562,439  (6,579,322)       (74,500)  (6,653,822) 

10 253,628 9,257,427  (8,053,962)       (74,500)  (8,128,462) 
11 309,354 11,291,412  (9,823,529)       (74,500)  (9,898,029) 

Computational costs are directly tied to the model's token usage. As the user base 

grows and token usage increases, computational costs rise accordingly. The monthly cost 

growth rate for computational costs mirrors the growth rate of token usage, reflecting the 

scalability of the model's infrastructure. 

Personnel costs remain constant throughout the year. It is based on assumption that the 

current team size is sufficient to handle the projected growth in users and token usage without 

requiring additional hires. 
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TABLE 4: PROJECTED PROFITABILITY 

Month Users Tokens 
Usage Costs Revenue Profit Margin 

0         20,000        730,000      (709,600)    3,314,200     2,604,600  78.59% 
1         29,000     1,058,500      (995,395)    4,805,590     3,810,195  79.29% 
2         39,800     1,452,700   (1,338,349)    6,595,258     5,256,909  79.71% 
3         52,760     1,925,740   (1,749,894)    8,742,860     6,992,966  79.98% 
4         68,312     2,493,388   (2,243,748)  11,319,982     9,076,234  80.18% 
5         86,974     3,174,566   (2,836,372)  14,412,528   11,576,156  80.32% 
6       109,369     3,991,979   (3,547,521)  18,123,583   14,576,062  80.43% 
7       136,243     4,972,874   (4,400,901)  22,576,850   18,175,949  80.51% 
8       168,492     6,149,949   (5,424,956)  27,920,770   22,495,814  80.57% 
9       207,190     7,562,439   (6,653,822)  34,333,474   27,679,652  80.62% 

10       253,628     9,257,427   (8,128,462)  42,028,719   33,900,257  80.66% 
11       309,354   11,291,412   (9,898,029)  51,263,013   41,364,984  80.69% 

The Projected Profitability table demonstrates the large language model's impressive 

profitability, with profit margins consistently above 78% and reaching 80.69% by the end of 

the first year. This strong financial performance is driven by the model's ability to generate 

high revenue per user while maintaining a lean cost structure. 
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4.7.3.3 Break Even Analysis 

To accurately assess the break-even point, we will add the initial capital costs of 

53,298,400 EUR to the Costs in the first month of the large language model deployment. 

The updated table below illustrates the projected break-even timeline. 

TABLE 5: BRAKE EVEN TIMELINE 

Month Tokens 
Usage Costs Revenue Profit Cumulative 

Profit 
0       730,000   (54,008,000)    3,314,200   (50,693,800)  (50,693,800) 
1    1,058,500        (995,395)    4,805,590       3,810,195   (46,883,605) 
2    1,452,700     (1,338,349)    6,595,258       5,256,909   (41,626,696) 
3    1,925,740     (1,749,894)    8,742,860       6,992,966   (34,633,730) 
4    2,493,388     (2,243,748)  11,319,982       9,076,234   (25,557,496) 
5    3,174,566     (2,836,372)  14,412,528     11,576,156   (13,981,340) 
6    3,991,979     (3,547,521)  18,123,583     14,576,062          594,722  
7    4,972,874     (4,400,901)  22,576,850     18,175,949     18,770,671  
8    6,149,949     (5,424,956)  27,920,770     22,495,814     41,266,485  
9    7,562,439     (6,653,822)  34,333,474     27,679,652     68,946,137  

10    9,257,427     (8,128,462)  42,028,719     33,900,257   102,846,394  
11  11,291,412     (9,898,029)  51,263,013     41,364,984   144,211,378  

Based on the projected user acquisition plan, the break-even point is expected to be 

reached in the 6th month from model deployment. This milestone is achieved when the 

cumulative profit transitions from negative to positive, when the total revenue generated has 

surpassed the initial capital costs and ongoing operational expenses. 

4.7.3.4 Return on Investment (ROI) Assesment 

The Return on Investment (ROI) is a critical metric for evaluating the financial 

performance and attractiveness of an investment. The ROI can be calculated by comparing the 

net profit generated to the initial capital investment. 

The initial capital investment for the large language model project is estimated at 

53,298,400 EUR. This substantial investment will be allocated towards the development of 

the model during the first 6 months. By the end of the 12th month following the LLM 

deployment, the project is projected to generate a net profit of 144,211,378 EUR, showcasing 

its potential for delivering significant financial returns within a relatively short timeframe. 

To calculate the ROI, we divide the net profit by the initial capital investment and 

express the result as a percentage: 
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𝑅𝑂𝐼 = 	
𝑁𝑒𝑡	𝑃𝑟𝑜𝑓𝑖𝑡

𝐼𝑛𝑖𝑡𝑖𝑎𝑙	𝐶𝑎𝑝𝑖𝑡𝑎𝑙	𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 × 100 = 

=	
144,211,378
53,298,400 × 100 ≅ 270,57% 

This impressive ROI of 270.57% indicates that the large language model project is 

expected to generate a return that is more than 2.7 times the initial investment in the first 18 

months (12 months from the model deployment). Such a high ROI suggests that the project is 

highly profitable and potentially a very attractive investment opportunity. 

4.8 Ethical and Legal Considerations 
This section explores the key ethical aspects, data privacy and security concerns, legal 

and regulatory requirements, and the importance of promoting responsible AI development 

and transparency (Floridi et al., 2018). By examining these crucial issues, we aim to provide a 

comprehensive understanding of the ethical and legal landscape surrounding the creation and 

deployment of advanced language models. The following subsections will delve into each of 

these topics, highlighting the importance of upholding ethical principles, safeguarding user 

privacy, adhering to relevant laws and regulations, fostering a culture of responsible AI 

development, and ensuring transparency and explainability in the model's decision-making 

processes (Jobin, Ienca, & Vayena, 2019). Through this analysis, we seek to emphasize the 

vital role that ethical and legal considerations play in shaping the development of a large 

language model, ensuring that it serves the best interests of users and society, and mitigating 

potential risks and unintended consequences (Bostrom & Yudkowsky, 2014). 

4.8.1 Key Ethical Aspects 
Developing a language model raises several critical ethical considerations. Ensuring 

the responsible collection and use of training data is paramount, with due regard for privacy 

and informed consent (Mittelstadt, Allo, Taddeo, Wachter, & Floridi, 2016). The model 

should be designed to minimize risks of misuse, such as the generation of misleading 

information, the promotion of illegal activities, or the amplification of biases (Gebru et al., 

2018). 

Transparency about the model's capabilities and limitations is crucial for building trust 

and enabling informed decision-making by users. This includes clearly communicating the 

model's purpose, training data sources, and potential biases (Wachter, Mittelstadt, & Russell, 
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2018). Mechanisms should be in place to monitor and mitigate unintended consequences, 

such as the spread of disinformation or the reinforcement of harmful stereotypes (Lepri, 

Oliver, Letouzé, Pentland, & Vinck, 2018). 

4.8.2 Data Privacy and Security 
Protecting data privacy and ensuring data security are essential throughout the 

development and deployment of the model (Shokri & Shmatikov, 2015). Robust protocols for 

data anonymization, encryption, and access control must be implemented. Training data 

should be carefully screened to remove sensitive personal information, and access to the 

model and associated datasets should be restricted to authorized personnel and monitored for 

anomalous activities (Abadi et al., 2016). 

Regular security audits and penetration testing can help identify and address potential 

vulnerabilities. Compliance with relevant data protection regulations, such as the General 

Data Protection Regulation (GDPR), must be ensured, and clear policies should be 

established for handling data breaches or privacy incidents (Voigt & Von dem Bussche, 

2017). 

4.8.3 Legal and Regulatory Requirements 
The development and deployment of a large language model must adhere to applicable 

laws and regulations, including those pertaining to data protection, intellectual property, and 

product liability (Reed, 2018). We should work closely with legal experts to ensure 

compliance with these requirements and proactively address any legal concerns. 

Depending on the intended applications of the model, additional industry-specific 

regulations may apply, such as those governing the use of AI in healthcare or finance 

(Pesapane, Volonté, Codari, & Sardanelli, 2018). It is crucial to stay informed about evolving 

legal landscapes and adapt the project's practices accordingly. 

4.8.4 Promoting Responsible AI Development 
Fostering a culture of responsible and ethical AI development within the organization 

is essential. This requires a commitment from leadership and the embedding of ethical 

principles into all aspects of the development process (Dignum, 2019). Providing training on 

AI ethics for team members, establishing an ethical framework for decision-making, and 

creating mechanisms for monitoring and addressing ethical concerns are key steps (Morley, 

Floridi, Kinsey, & Elhalal, 2020). 
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Engaging with external stakeholders, such as ethics experts and community 

representatives, can provide valuable insights and help ensure that the model serves the 

broader public interest (Rahwan et al., 2019). Transparency about the organization's AI 

development practices and a willingness to engage in open dialogue can build trust and 

facilitate accountability. 

4.8.5 Transparency and Explainability 
Ensuring transparency and explainability in the model's decision-making is crucial for 

building trust and enabling meaningful human oversight (Doshi-Velez & Kim, 2017). This 

can be achieved through a combination of model interpretation techniques (e.g., SHAP, 

LIME), providing clear documentation on the model's architecture and training data, and 

developing user interfaces that allow users to explore and understand the model's behavior 

(Ribeiro, Singh, & Guestrin, 2016). 

In some cases, it may be appropriate to consider approaches such as "human-in-the-

loop" to validate the model's decisions (Amershi et al., 2014). Providing avenues for users to 

report concerns or request explanations can further enhance transparency and accountability 

(Felzmann, Villaronga, Lutz, & Tamò-Larrieux, 2019). 

4.9 Risk and Challenges 
This chapter delves into the myriad risks and challenges inherent in pursuing the 

development of the LLM. By examining the project through the lenses of SWOT analysis, 

Porter's Five Forces framework, and PESTEL analysis, we uncover a complex tapestry of 

internal and external factors that shape the viability and trajectory of this groundbreaking 

initiative. 

The SWOT analysis lays bare the project's core strengths, such as its potential for 

technological breakthroughs and competitive advantage, while also exposing vulnerabilities 

in resource requirements, technical complexity, and ethical pitfalls. Porter's Five Forces 

framework reveals the intense competitive pressures from tech giants and startups alike, the 

bargaining power dynamics with suppliers and buyers, and the looming threats of substitution 

and new entrants. The PESTEL analysis further contextualizes the endeavor within a web of 

political, economic, social, technological, environmental, and legal forces that present both 

opportunities and obstacles. 
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From navigating shifting policy landscapes and public sentiment to grappling with 

talent scarcity and sustainability imperatives, the path to realizing a successful large language 

model is fraught with uncertainty. Yet, by proactively identifying, assessing, and mitigating 

these multifaceted risks through robust strategies and governance frameworks, we may yet 

chart a course toward responsible AI innovation that unlocks transformative value for 

business and society. 

4.9.1 SWOT Analysis 
The SWOT analysis is a strategic planning tool that assesses the Strengths, 

Weaknesses, Opportunities, and Threats of a project or business venture. In the context of our 

company considering the development of a large language model, the SWOT analysis can 

provide valuable insights into the internal and external factors that may impact the project's 

success. 

4.9.1.1 Strengths 

Cutting-edge technology: The development of a large language model represents the 

forefront of AI research and innovation, positioning the organization at the leading edge of 

the field. 

Diverse applications: The model's potential to revolutionize various domains, from 

healthcare and education to creative industries, offers a wide range of opportunities for impact 

and value creation. 

Competitive advantage: Successful development of the model could provide a 

significant competitive advantage, enabling us to establish ourselves as a key player in the AI 

market. 

4.9.1.2 Weaknesses 

High resource requirements: The project demands substantial investments in 

computational infrastructure, talent, and data resources, which may strain the organization's 

financial and operational capacities. 

Technical complexity: The development of a large language model involves complex 

technical challenges, such as ensuring robustness, safety, and scalability, which may require 

significant time and effort to overcome. 
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Ethical concerns: The potential for the model to perpetuate biases, generate harmful 

content, or be misused raises ethical concerns that must be carefully addressed throughout the 

development process. 

4.9.1.3 Opportunities 

Market demand: The growing interest in AI-powered solutions across industries 

indicates a strong market demand for advanced language models, providing ample 

opportunities for adoption and monetization. 

Partnerships and collaborations: The project presents opportunities for strategic 

partnerships and collaborations with research institutions, technology companies, and domain 

experts, which can accelerate development and expand the model's reach. 

Societal benefits: The model's potential to drive positive social impacts, such as 

improving access to education, enhancing scientific research, and fostering creativity, can 

generate goodwill and support for the organization. 

4.9.1.4 SWOT Analysis Summary 

The SWOT analysis highlights that while developing an advanced language model 

presents significant opportunities in terms of technological leadership, competitive advantage, 

and societal benefits, it also comes with challenges. The high costs, complexity, and potential 

ethical pitfalls must be carefully navigated. 

Our strengths in controlling the model and data security are notable advantages. 

Opportunities to meet growing market needs and drive positive impact are attractive. Threats 

from regulatory uncertainty, rivals, and reputational damage can't be ignored. 

Overall, the SWOT analysis suggests that proceeding with the project would be a bold 

but risky initiative requiring careful planning to leverage strengths, capitalize on 

opportunities, address weaknesses and mitigate threats. A robust strategy and nimble 

execution will be critical to success. The transformative potential is exciting, but we must be 

clear-eyed about the challenges ahead. 

4.9.1.5 Threats 

Regulatory uncertainty: The evolving landscape of AI regulations and policies may 

pose compliance challenges and impact the model's development and deployment. 
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Competition: The presence of other organizations working on similar advanced 

language models may intensify competition and reduce the project's uniqueness and market 

potential. 

Reputational risks: Any negative consequences or public backlash resulting from the 

model's misuse, biases, or failures could damage the organization's reputation and erode trust 

in the technology. 

4.9.2 Porter's Five Forces Analysis 
Porter's Five Forces is a framework developed by Michael E. Porter to analyze the 

competitive environment and attractiveness of an industry. In the context of our company 

considering the development of a large language model, Porter's Five Forces analysis can 

provide insights into the potential challenges and opportunities within the AI industry. 

4.9.2.1 Bargaining Power of Suppliers: 

Hardware suppliers: Developing a large language model requires high-performance 

computing hardware, such as GPUs and TPUs. As a mid-sized technology company, our 

bargaining power with hardware suppliers like NVIDIA and Intel may be limited, as we lack 

the scale and purchasing power of larger tech giants. This could potentially lead to higher 

costs and longer lead times for acquiring the necessary hardware. 

Cloud providers: Our bargaining power with leading cloud providers like AWS, 

Google Cloud, and Microsoft Azure is relatively limited. These providers have substantial 

market power and can dictate terms, potentially leading to higher costs for cloud services. 

Data providers: Access to large, diverse, and high-quality datasets is crucial for 

training advanced language models. The bargaining power of data providers can vary 

depending on the rarity and value of their datasets. 

Talent: Attracting and retaining top AI talent is essential for the success of the project. 

The bargaining power of skilled AI researchers and engineers can be high due to the scarcity 

of expertise in this field. 

4.9.2.2 Bargaining Power of Buyers 

Enterprise clients: Large enterprises across various industries may have significant 

bargaining power when adopting AI solutions, as they can demand customization, support, 

and competitive pricing. 
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Consumers: The bargaining power of individual consumers may be relatively low, as 

they have limited influence on the development and pricing of the language model. Collective 

consumer sentiment and public opinion can shape the adoption and regulation of AI 

technologies. 

4.9.2.3 Threat of New Entrants 

Large tech companies: We face the threat of large tech companies, such as Amazon, 

developing their own advanced language models. These companies have the resources, 

expertise, and data to create formidable competitors in the AI market. To mitigate this threat, 

we must focus on differentiation, niche applications, and strong partnerships with our existing 

clients. 

Startups and research institutions: The rapid advancements in AI and the 

availability of open-source tools and frameworks lower the barriers to entry for startups and 

research institutions to develop innovative language models. While these players may not 

have the same scale and resources as our company, they can potentially disrupt the market 

with novel approaches and specialized applications. We must stay agile, innovative, and 

connected to the research community to stay ahead of emerging threats. 

4.9.2.4 Threat of Substitutes: 

Traditional language processing techniques: Some of our potential clients may 

prefer traditional natural language processing techniques, such as rule-based systems and 

statistical models, for certain applications due to their simplicity and interpretability. We must 

effectively communicate the value proposition and benefits of our large language model while 

also supporting integration with existing systems when necessary. 

Human intelligence: In some cases, our clients may rely on human expertise and 

creativity for tasks that require nuanced understanding, empathy, or ethical judgment. Our 

language model should be positioned as a tool to augment and support human intelligence 

rather than replace it entirely. We must prioritize the development of human-centered AI 

solutions that enhance decision-making and productivity. 

4.9.2.5 Rivalry Among Existing Competitors 

Competition for market share: We face competition from both larger tech 

companies and specialized AI firms. To capture market share in various application domains, 

we must differentiate our language model through superior performance, customization, and 
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service quality. Building strong relationships with our clients and focusing on specific 

industry verticals can help us establish a competitive advantage. 

Race for technological advancement: The rapid pace of AI research and 

development means that we must continually innovate and improve our language model to 

stay competitive. This may require significant investments in R&D, collaboration with 

academic institutions, and participation in industry consortia and standards bodies. We must 

strike a balance between pushing the boundaries of technology and ensuring the reliability 

and practicality of our solutions. 

Talent acquisition: We may face challenges in competing with larger tech companies 

and well-funded startups for top AI talent. To mitigate this, we must cultivate a strong 

employer brand, offer competitive compensation and benefits, and foster a culture of 

innovation and growth. Investing in employee training and development can also help us 

build a sustainable talent pipeline. 

4.9.2.6 Porter's Analysis Summary 
The Porter's Five Forces analysis reveals that we face significant challenges and 

opportunities in developing a large language model. The bargaining power of hardware 

suppliers and the scarcity of top AI talent may impact our development costs and timeline. 

The threat of large tech companies and innovative startups entering the market highlights the 

need for differentiation and strategic partnerships. We must also navigate the bargaining 

power of enterprise clients and the potential threat of substitutes, such as traditional language 

processing techniques and human intelligence. To succeed in this competitive landscape, our 

company must focus on innovation, talent acquisition, and building strong relationships with 

clients. We should prioritize the development of human-centered AI solutions that augment 

decision-making and productivity. By leveraging our strengths, we can position ourselves as a 

competitive player in the AI industry and realize the potential of our large language model. 

4.9.3 PESTEL Analysis 
The PESTEL analysis of our consideration of developing a large language model 

reveals a complex interplay of external factors that shape the context in which the project 

would unfold. 
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4.9.3.1 Political Factors 

The development of a highly advanced language model is taking place against a 

backdrop of increasing political complexity and regulatory scrutiny surrounding artificial 

intelligence technologies. As governments grapple with the implications of rapidly evolving 

AI capabilities, we must navigate a dynamic policy landscape fraught with uncertainty and 

potential pitfalls. 

To ensure compliance and mitigate risks, proactive engagement with policymakers 

will be critical. This involves actively monitoring legislative developments, participating in 

public discourse, and working collaboratively with regulators to help shape a policy 

environment conducive to responsible AI development. By establishing ourselves as a trusted 

partner and thought leader, we can positively influence the trajectory of AI governance. 

The ever-shifting nature of political priorities and leadership changes introduces an 

element of unpredictability. A sudden shift in government focus or key personnel could 

significantly impact the project's direction and viability. Cultivating adaptability and 

resilience within the organization will be essential to weathering such disruptions and 

maintaining progress toward the goal of delivering a groundbreaking language model. 

In summary, the key political factors influencing the development of a large language 

model include: 

• Intensifying government scrutiny and regulation of AI technologies 

• A complex and evolving domestic and international policy landscape 

• Potential disruptions arising from changes in political leadership and priorities 

• The imperative of proactive engagement with policymakers to shape favorable 

conditions for responsible AI development 

By deftly navigating this challenging political terrain, we can position ourselves for 

success in delivering a transformative AI technology while contributing to the responsible 

advancement of the field. 

4.9.3.2 Economic Factors 

The economic landscape in which the development of a large language model unfolds 

will have profound implications for the project's feasibility, timeline, and ultimate success. 
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Navigating this complex terrain requires a keen understanding of global economic conditions, 

market stability, and the prevailing investment climate for AI initiatives. 

Securing adequate funding is a critical prerequisite for embarking on such an 

ambitious endeavor. We must carefully assess the availability of capital, both from internal 

sources and external investors, to ensure the project's financial viability. This involves 

crafting a compelling value proposition, demonstrating the potential for significant returns, 

and instilling confidence in the team's ability to deliver on its promises. 

Even with sufficient funding, we must contend with the intense competition for top AI 

talent. As the field of artificial intelligence continues to heat up, attracting and retaining the 

best minds in the industry becomes increasingly challenging and costly. Developing a strong 

employer brand, offering competitive compensation packages, and fostering a culture of 

innovation and collaboration will be key to assembling the world-class team necessary to 

bring a large language model to fruition. 

Beyond the immediate challenges of funding and talent acquisition, we must also 

consider the broader economic implications of AI-driven efficiency gains and disruption. As 

advanced language models unlock new possibilities for automation and optimization across 

industries, they have the potential to reshape entire sectors of the economy. Anticipating and 

strategizing around these transformative impacts will be crucial to positioning the project for 

long-term success and ensuring its relevance in a rapidly evolving business landscape. 

In summary, the key economic factors influencing the development of a large 

language model include: 

• Global economic conditions and market stability 

• Availability of funding and the prevailing investment climate for AI projects 

• Intense competition and rising costs for top AI talent 

• Potential economic impact of AI-driven efficiency gains and disruption across 

industries 

By carefully navigating these economic challenges and opportunities, we can lay the 

foundation for a financially viable and competitively positioned a large language model 

project, poised to make a significant impact in the AI space and beyond. 
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4.9.3.3 Social Factors 

The social landscape in which the development of a large language model takes place 

is characterized by a complex interplay of opportunities and challenges. As public interest in 

artificial intelligence continues to grow, so too does the scrutiny surrounding its societal 

impact and the expectations placed upon those at the forefront of AI innovation. 

On one hand, the increasing awareness and enthusiasm for AI presents a valuable 

opportunity to build support and drive adoption for the project. By effectively communicating 

the potential benefits and applications of advanced language models, we can tap into this 

groundswell of interest and position ourselves as a leader in the field. 

This heightened public attention also brings with it a commensurate level of 

responsibility. As concerns around the ethical implications of AI become more prominent in 

the public discourse, we must prioritize transparency, accountability, and proactive 

stakeholder engagement. This involves openly communicating about the project's 

development process, governance frameworks, and potential impacts, while actively seeking 

input and feedback from a diverse range of stakeholders. 

Failure to adequately address these ethical considerations and build trust with the 

public could lead to significant backlash and reputational damage. We must demonstrate a 

genuine commitment to responsible AI development, ensuring that the pursuit of 

technological advancement is balanced with a robust consideration of its social implications. 

Beyond the immediate challenges of navigating public perception and ethical 

concerns, we must also consider the potential impact of broader demographic shifts and 

changing consumer preferences. As the population evolves and new generations come of age, 

their attitudes towards and expectations of AI may diverge from those of their predecessors. 

Understanding and adapting to these shifting dynamics will be crucial to ensuring the long-

term relevance and appeal of the large language model. 

In summary, the key social factors influencing the development of a large language 

model include: 

• Growing public interest in AI and its societal impact 

• Heightened expectations around ethical development practices and social 

responsibility 
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• The need for transparency, accountability, and proactive stakeholder 

engagement 

• Potential influence of demographic shifts and changing consumer preferences 

on the project's target markets and value proposition 

By carefully navigating this complex social landscape, actively engaging with 

stakeholders, and demonstrating a strong commitment to responsible AI development, we can 

build the trust and support necessary to successfully bring a large language model to market. 

4.9.3.4 Technological Factors 

The technological landscape in which a large language model takes place is one of 

rapid advancement, intense competition, and boundless opportunity. As the field of artificial 

intelligence continues to evolve at an unprecedented pace, we must remain at the forefront of 

innovation to ensure the project's success and long-term viability. 

Central to this challenge is the need for significant and sustained investments in 

research and development. We must dedicate substantial resources to exploring and 

leveraging the latest breakthroughs in AI hardware, algorithms, and infrastructure. This 

involves fostering a culture of continuous learning and experimentation, encouraging bold 

thinking, and providing the tools and support necessary for the team to push the boundaries of 

what is possible. 

Staying ahead of the curve also requires a keen awareness of the emerging AI 

applications and use cases that are shaping the industry. By identifying and capitalizing on 

these new opportunities, we can position the large language model as a versatile and valuable 

tool across a wide range of domains, from business and healthcare to education and 

entertainment. This adaptability will be key to differentiating the project in an increasingly 

crowded market and ensuring its relevance in the face of rapid technological change. 

The breakneck pace of AI advancement also presents a significant risk. The 

emergence of new technologies and competing projects could quickly render the large 

language model obsolete if we fail to anticipate and respond to these disruptions. To mitigate 

this risk, we must cultivate a culture of agility and adaptability, empowering the team to 

quickly pivot and iterate in response to new developments and changing market conditions. 

In summary, the key technological factors influencing the development of a large 

language model include: 
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• Rapid advancements in AI hardware, algorithms, and infrastructure 

• Emergence of new AI applications and use cases across various domains 

• The need for significant and sustained investments in research and 

development 

• The importance of staying at the cutting edge of AI innovation to maintain 

competitiveness 

• The necessity of a flexible and adaptable approach to navigate potential 

technological disruptions 

By successfully navigating this complex and dynamic technological landscape, we can 

position the large language model at the forefront of AI innovation, unlocking new 

possibilities and driving transformative impact across industries. 

4.9.3.5 Environmental Factors 

As the world grapples with the urgent challenges of climate change and environmental 

degradation, the development of a large language model must be approached with a keen 

awareness of its potential ecological impact. The energy-intensive nature of AI model training 

and deployment presents a significant challenge, one that we must proactively address to 

ensure the project's sustainability and alignment with global environmental goals. 

Central to this challenge is the need to minimize the carbon footprint associated with 

the development and operation of the large language model. This involves exploring and 

implementing a range of strategies to optimize energy efficiency, from leveraging renewable 

energy sources and green computing infrastructure to developing more efficient algorithms 

and hardware architectures. By demonstrating a commitment to sustainable practices, we can 

not only reduce its environmental impact but also differentiate ourselves as a leader in eco-

friendly AI innovation. 

The environmental implications of the large language model extend beyond its 

immediate energy consumption. As the project enables new applications and efficiency gains 

across various industries, it has the potential to drive significant environmental benefits on a 

global scale. For example, by optimizing supply chain management, reducing waste, and 

enhancing resource allocation, the language model could contribute to a more sustainable and 

circular economy. Highlighting these potential benefits and aligning the project with broader 
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sustainability goals can help us build support and demonstrate its value in the context of the 

global environmental agenda. 

At the same time, we must be prepared to navigate potential challenges and criticisms 

related to the environmental impact of AI development. As public awareness of the ecological 

footprint of technology grows, we may face increased scrutiny and pressure to justify the 

resources consumed by the large language model. Proactively engaging with stakeholders, 

transparently communicating about the project's environmental impact, and demonstrating a 

genuine commitment to sustainability will be crucial to managing these risks and building 

trust. 

In summary, the key environmental factors influencing the development of a large 

language model include: 

• The significant energy consumption and carbon footprint associated with AI 

model training and deployment 

• The growing importance of sustainability and eco-friendly technology 

practices in the global context 

• The potential for AI-driven efficiency gains and optimization to deliver 

environmental benefits across industries 

• The need for proactive measures to minimize negative externalities and 

demonstrate alignment with sustainability goals 

• The importance of navigating potential challenges and criticisms related to the 

environmental impact of AI development 

By successfully addressing these environmental factors and positioning the large 

language model as a tool for sustainable innovation, we can not only minimize its ecological 

footprint but also contribute to the global effort to build a more sustainable future. 

4.9.3.6 Legal Factors 

The legal landscape in which the development of a large language model takes place is 

a complex and ever-evolving terrain, characterized by a web of laws, regulations, and ethical 

considerations. Navigating this landscape effectively is crucial to the project's success, 

requiring a proactive and adaptive approach to compliance and risk management. 
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At the forefront of this challenge are the various laws and regulations governing AI 

development and use. As governments and regulatory bodies around the world grapple with 

the implications of rapidly advancing AI technologies, we must stay abreast of these evolving 

legal frameworks and ensure that the large language model is developed and deployed in 

compliance with all relevant requirements. This involves closely monitoring legislative 

developments, engaging with policymakers and industry stakeholders, and adapting the 

project's practices and policies as necessary to stay ahead of the curve. 

Intellectual property rights and patent considerations are another critical legal factor to 

consider. As we invest significant resources into developing the large language model, it is 

essential to secure the necessary intellectual property protections to safeguard the project's 

innovations and maintain its competitive edge. This involves implementing a robust patent 

strategy, carefully navigating the intellectual property landscape to avoid infringement, and 

potentially pursuing licensing opportunities to monetize the project's technological 

advancements. 

Data privacy and protection requirements, such as the General Data Protection 

Regulation (GDPR), present another complex set of legal obligations to navigate. As the large 

language model relies on vast amounts of data for training and operation, we must ensure that 

all data handling practices are in strict compliance with applicable privacy laws and 

regulations. This involves implementing strong data governance frameworks, obtaining 

necessary consents, and providing transparent information to users about how their data is 

collected, used, and protected. 

To effectively manage these legal risks and compliance obligations, we must establish 

a robust compliance framework and risk management strategy. This involves designating 

dedicated legal and compliance teams, conducting regular audits and risk assessments, and 

implementing clear policies and procedures to guide the project's activities. Failure to do so 

could expose us to significant financial penalties, reputational damage, and operational 

disruptions, jeopardizing the success of the large language model. 

In summary, the key legal factors influencing the development of a large language 

model include: 

• Evolving laws and regulations governing AI development and use across 

jurisdictions 
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• Intellectual property rights and patent considerations to protect the project's 

innovations 

• Data privacy and protection requirements, such as GDPR, governing the 

handling of user data 

• The need for a robust compliance framework and risk management strategy to 

navigate legal complexities 

• The potential for significant financial, reputational, and operational risks in 

case of non-compliance 

By proactively addressing these legal factors and establishing a strong foundation of 

compliance and risk management, we can position the large language model for long-term 

success while responsibly navigating the complex legal landscape of AI innovation. 

4.9.4 Technical Risks and Uncertainties 
Developing a language model entails significant technical risks and uncertainties. One 

key challenge is the unpredictability of the model's behavior in novel situations, which may 

lead to unintended consequences or outputs. The potential for amplifying biases presents in 

the training data is another concern, as the model may perpetuate or exacerbate societal 

inequalities. 

Scaling and deploying the model in real-world settings also presents technical hurdles. 

Ensuring the model's robustness, security, and reliability will require extensive testing, 

monitoring, and iterative improvements. The computational resources and infrastructure 

needed to support the model's operation may also pose challenges, particularly in terms of 

cost and environmental impact. 

4.9.5 Ethical and Society Concerns 
The deployment of a LLM raises a range of ethical and societal concerns. There is a 

risk that the model could be misused to spread disinformation, manipulate public opinion, or 

engage in other malicious activities. The model's potential impact on privacy is another key 

issue, as its ability to generate convincing text could be used to impersonate individuals or 

reveal sensitive information. 

The widespread adoption of the model may also have implications for employment 

and skill demand, potentially displacing certain jobs while creating new roles related to AI 
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development and management. It is crucial to consider these potential negative consequences 

and put in place appropriate safeguards and oversight mechanisms. Engaging in transparent 

and inclusive dialogue with society will be essential to address these concerns and build trust. 

4.9.6 Legal and Regulatory Hurdles 
The development and deployment of a large language model will occur within a 

rapidly evolving legal and regulatory landscape. Compliance with existing laws on data 

protection, intellectual property, and product liability will require careful planning and 

collaboration with legal experts. Emerging AI-specific regulations, currently under 

consideration in many jurisdictions, may also impact the project as it progresses, necessitating 

adaptations. 

Navigating this complex legal terrain will be an ongoing challenge, requiring 

proactive engagement with policymakers and other stakeholders. We must be prepared to 

adapt its practices and governance frameworks in response to new legal requirements and 

societal expectations around the responsible development and use of AI. 

4.9.7 Risk Mitigation and Management 
Managing the risks associated with developing a large language model will require a 

proactive and multi-layered approach. This includes establishing robust ethical principles and 

governance procedures, as well as technical safeguards such as bias testing and security 

audits. Project management should incorporate regular risk assessments and mitigation plans, 

with clear processes for escalation and decision-making. 

Fostering diversity and inclusivity within the development team can also help identify 

and address potential blind spots. Engaging with external stakeholders, including academic 

experts, civil society organizations, and affected communities, can provide valuable 

perspectives and input to inform risk management strategies. 
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Conclusion 

This thesis conducted a feasibility study for developing a large language model (LLM) 

comparable to GPT-4. The study provided a comprehensive assessment of the technical 

requirements, financial aspects, human resource needs, ethical and legal implications, and 

potential risks and challenges associated with undertaking such a project. 

The findings suggest that while developing an LLM at this scale is technically feasible 

and financially attractive, it also entails significant challenges and risks that require careful 

planning and management. The substantial initial capital costs, the need for a highly skilled 

and collaborative multidisciplinary team, and the complex ethical and legal landscape 

highlight the importance of a well-structured and adaptable approach to project execution. 

The potential benefits of developing a state-of-the-art LLM are considerable, including 

technological leadership, competitive advantage, and the opportunity to drive innovation 

across various industries. However, these potential rewards must be balanced against the 

substantial investments required, the technical complexities, and the multifaceted risks and 

uncertainties inherent in such an endeavor. 

The feasibility study serves as a valuable decision-making tool for organizations 

considering embarking on the development of an advanced LLM. By providing a detailed 

analysis of the key factors influencing the project's success, the study enables informed 

strategic planning and risk mitigation. The insights and recommendations offered can guide 

organizations in navigating the complex landscape of AI development and maximizing the 

chances of success. 

Given the rapid pace of developments in the field of AI, it is essential to acknowledge 

that the findings of this study represent a snapshot in time. Continuous monitoring of 

technological advancements, market conditions, and regulatory developments is crucial to 

ensure the project remains aligned with the latest industry trends and best practices. 

Overall, the feasibility study has demonstrated that developing a state-of-the-art LLM 

is a challenging but potentially transformative undertaking. Organizations that choose to 

pursue this path must be prepared to allocate significant resources, assemble a world-class 

team, and navigate a complex web of technical, financial, ethical, and legal considerations. By 

doing so, they can position themselves at the forefront of AI innovation. 
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