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Abstract— This research explores the application of 

OpenAI GPT-3.5 Turbo in AI text generation, focusing on 

blogs, emails, and notes. Utilizing in-house embeddings, GPT-

3.5 Turbo is employed for content creation and knowledge 

retrieval using Retrieval-Augmented Generation (RAG). The 

study references prior work on bidirectional recurrent neural 

networks (BRNN) and LSTM units for text generation 

challenges. Drawing parallels with GPT-3's capabilities, the 

paper showcases GPT-3.5 Turbo's autonomy in generating 

diverse text types. Emphasizing its contributions to automated 

story writing, the research underscores both strengths and 

potential risks, contributing to ethical considerations in AI use. 

The focus then shifts to GPT-3, exploring its potential in 

generating targeted content for story creation. The paper 

addresses the growing concern of AI tools being abused and 

emphasizes the need for responsible use. It introduces the 

concept of leveraging GPT-3 for story generation, discussing its 

application in generating, editing, and translating content, 

offering solutions for writer's block and providing inspiration 

and suggestions. This research not only contributes to the 

practical application of GPT-3.5 Turbo in generating diverse 

text but also delves into ethical considerations associated with 

advanced NLP tools. The subsequent sections of the paper 

delve into related work, the proposed approach, results, and 

conclude with insights and implications for the future of AI-

driven text generation. 
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I. INTRODUCTION  

In the rapidly evolving landscape of Natural Language 
Processing (NLP) and artificial intelligence, text generation 
stands out as a pivotal domain with applications ranging 
from machine translation to content generation. This paper 
delves into the realm of AI text generation, specifically 
focusing on producing blogs, emails, and notes. The chosen 
tool for this endeavor is OpenAI GPT-3.5 Turbo [4], selected 
for its efficiency and cost-effectiveness, coupled with 
support for in-house embeddings. 

The significance of text generation within NLP is 
underscored, with references to established models such as 
bidirectional recurrent neural networks (BRNN) with long 
short-term memory (LSTM). The paper draws parallels with 
existing literature, highlighting the role of BRNN in 
understanding text meanings and word relationships, 
emphasizing the efficiency of LSTM [8] networks. Two 
prevalent word embedding methods, namely one-hot vector 
and word2vec, are explored in the context of text generation. 
The proposed approach employs Bidirectional RNN with 
LSTM to generate new content based on the model's learning 
from the dataset. A comparative analysis of the performance 
of word2vec and one-hot vector methods is presented.In 
parallel, the paper connects with the state-of-the-art 
advancements in NLP, referencing transformer language 
models like GPT-3 and others with substantial parameter 
counts. The proliferation of such models is acknowledged, 
indicating a transformative impact on how information is 
generated and accessed online [6]. 

II. RELATED WORK 

Natural Language Processing (NLP) stands at the 
forefront of artificial intelligence, aiming to enable 
computers to efficiently analyze and understand human 
languages. Within NLP, text generation poses a significant 
challenge, and various models and architectures have 
emerged to address this issue. Common approaches include 
n-grams, feed-forward neural networks, and recurrent neural 
networks (RNN) [8]. 

RNN, a popular deep learning architecture, plays a 
pivotal role in text generation by efficiently connecting 
previous information to the current task. However, it has 
limitations, such as the inability to reach future input 
information from the current state, known as the long 
dependency problem. Bidirectional recurrent neural networks 
(BRNN) address this limitation by connecting opposite-
direction hidden layers to the same output, allowing the 
retrieval of future input information. Despite their power, 
BRNNs face challenges in handling large gaps between 
relevant information. To overcome the long dependency 
problem, Long Short-Term Memory (LSTM) [8] networks 
were introduced, designed to remember information for 



 

extended periods. In the context of text generation, an 
approach based on LSTM is developed in this paper. The 
proposed model employs two text embedding methods, 
namely the one-hot vector method and the word2vec method. 
The one-hot vector method maps each word in the text to a 
single word in the vocabulary, while the word2vec method 
assigns each unique word in the corpus to a corresponding 
vector in space. 

In a broader context, content generation within text 
generation has been a focal point in NLP research. Various 
studies have explored enhancing the output of language 
models like GPT-2 and GPT-3 [1][3] for generating stories. 
Researchers have also delved into the bias present in 
generated stories and proposed tools like Grammarly and 
synonymizes to improve writing quality. 

Inspired by these endeavours, this work introduces a 
comprehensive AI setting utilizing OpenAI GPT-3.5 Turbo. 
The features include a Content Generator, Synonymizer, 
Translator, and a Chatbot designed for writing purposes. 
Leveraging the capabilities of GPT-3 [5], this AI setting 
enables users to generate, edit, and translate stories, fostering 
dynamic communication through an AI bot. The integration 
of these functionalities offers a versatile and powerful tool 
for AI-driven text generation across blogs, emails, and notes. 

III. PROPOSED SOLUTION 

Our proposed solution leverages the capabilities of OpenAI 

GPT-3.5 Turbo for an efficient and cost-effective AI text 

generation system, specifically tailored for producing blogs, 

emails, and notes. The chosen model is preferred not only for 

its effectiveness but also for its compatibility with in-house 

embedding, enhancing the customization and performance of 

the system. 

A. Content Embedding and Generation: 

Utilizing OpenAI GPT-3.5 Turbo, we employ the model 
to embed and generate new content seamlessly. The model's 
proficiency in understanding context and generating coherent 
text ensures the production of high-quality and contextually 
relevant material.  

B. Knowledge Base Retrieval with RAG: 

To enrich the content generation process, we implement 
the Retrieval-Augmented Generation (RAG) method using 
GPT-3.5 Turbo. This involves leveraging the model's ability 
to search and retrieve information from a knowledge base, 
enhancing the system's capacity to provide accurate and 
informative text. 

C. Task Execution Chains: 

Implementing task execution chains allows us to 
sequence a series of tasks performed by GPT-3.5 Turbo. This 
chaining mechanism facilitates a coherent and structured 
workflow, enabling the model to perform multiple tasks 
seamlessly. For instance, a chain could involve content 
generation, knowledge retrieval, and subsequent content 
refinement. 

D. In-House Embeddings for Customization: 

The in-house embeddings feature of GPT-3.5 Turbo 
empowers us to tailor the model to specific requirements. 
This customization ensures that the generated content aligns 
with the desired style, tone, or domain, making the system 
adaptable to various writing contexts. 

E. Integration of Embedding Methods: 

We explore the integration of diverse text embedding 
methods within our proposed solution. This includes 
experimenting with embedding techniques such as word2vec 
and one-hot vector methods, evaluating their impact on the 
quality and diversity of the generated content. 

F. Ethical Considerations and Bias Mitigation: 

Throughout the development of our solution, we remain 
cognizant of ethical considerations and potential biases 
associated with AI text generation. We implement measures 
to mitigate biases and promote responsible AI use, aligning 
with current ethical standards in the field. 

G. User Interaction and Feedback Integration: 

To enhance user experience, we propose incorporating 
mechanisms for user interaction and feedback. This allows 
users to provide input, make refinements, and actively 
participate in the content generation process, ensuring the 
system aligns closely with user preferences. 

Our comprehensive proposed solution aims to harness the 
strengths of OpenAI GPT-3.5 Turbo, addressing the specific 
requirements of generating blogs, emails, and notes. Through 
the integration of in-house embeddings, task execution 
chains, and knowledge retrieval methods, our system strives 
to offer a versatile, customizable, and ethical AI text 
generation solution. 

TABLE I.  TECH STACK 

Sr. 

No.  

Tech Stack Description 

1. 1. Python Programming language 

2. 2. Streamlit Web framework 

3. 3. GPT Large language model 

4. 4. Faiss Similarity search library 

 



 

Fig 1 Sequence diagram showing the steps to generate the Blog using 
Hyperblog sytem 

IV. SYSTEM ARCHITECTURE 

A. Components: 

 GPT-3.5 Turbo: This is the underlying language 

model that is used to generate the text. 

 In-house embeddings: This component embeds the 

input text into a latent space. 

 Knowledge base: This component stores the 

knowledge that is used to search for relevant 

information before generating the text. 

 RAG: This component combines retrieval and 

generation to improve the performance of the text 

generation model. 

 Chains: This component coordinates the different 

components of the system to execute a series of 

tasks from GPT. 

B. Workflow: 

 The user provides the system with a prompt, such 

as the title of a blog post or the subject of an email. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2: User interface of AI Based Query System. 

 The system embeds the prompt using the in-house 

embedding component. 

 The system uses the RAG component to search the 

knowledge base for relevant information. 

 The system uses the chains component to 

coordinate the different components of the system 

to generate the text. 

 

 

Fig 3: Flow for AI Assisted Blog Creation. 



 

Fig 4: AI Based Query System  

 The system returns the generated text to the user. 

 

Fig 5: Generated Blog 

 

V. BENEFITS AND LIMITATIONS 

A. Benefits: 

 Efficiency and Cost-Effectiveness: OpenAI GPT-

3.5 Turbo is chosen for its efficiency and cost-

effectiveness, allowing for the development of an 

AI text generation system that balances high 

performance with economic considerations. 

 In-House Embedding’s Support: The model's 

support for in-house embedding’s enhances 

customization, enabling the tailoring of the system 

to specific writing styles, tones, or domains, 

contributing to a more versatile text generation 

tool. 

 Diverse Text Generation: Leveraging GPT-3.5 

Turbo enables the generation of diverse content 

types, including blogs, emails, and notes. The 

model's versatility contributes to a comprehensive 

solution for various textual requirements. 

 Knowledge Base Retrieval with RAG: Integration 

of the Retrieval-Augmented Generation (RAG) 

method enhances the system's capability to search 

and retrieve information from a knowledge base. 

This enriches the content generation process, 

providing users with accurate and informative text. 

 Task Execution Chains: The use of task execution 

chains ensures a structured and coherent workflow, 

allowing GPT-3.5 Turbo to perform multiple tasks 

seamlessly. This chaining mechanism facilitates a 

more sophisticated and efficient text generation 

process. 

 

Fig 6: Comparison between Marketing, Technical, Finance, Educational 

and Entertainment blog generated by HyperBlog on the metrics of 

Accuracy(Red), Relevance (Green), Human-like (Blue) 

The provided metrics were gathered through a broad survey 

that entailed evaluating AI-generated blog posts by content 

experts within their respective domains. The graph (Fig 6) 

presents industry professionals' assessments of AI-

generated blog posts by Hyperblog in various sectors. 

Marketing and Entertainment blogs scored highest in 

Human-like qualities, suggesting AI-generated content in 

these fields is engaging. Technical and Educational blogs, 

while less Human-like, are highly relevant, indicating the 

AI's effectiveness in providing sector-specific information. 

Finance blogs exhibit balanced scores across all metrics, 

reflecting a proficient AI capability in delivering accurate, 

relevant, and engaging content within the financial industry. 



 

B.  Limitations: 

 Potential for Exploitation: GPT-3.5 Turbo, like 

any powerful tool, carries the risk of being 

exploited. Concerns have been raised about 

unintended impersonation exploitation, leading 

OpenAI to implement safeguards, including 

targeted filters, to mitigate potential misuse. 

 Algorithmic Bias and Undesirable Content: The 

language model's training on vast amounts of 

online text introduces algorithmic biases that may 

manifest as racism, sexism, or other hateful 

language. 

 Limited Input and Output Sizes: GPT-3.5 Turbo 

has constraints on input and output sizes, with a 

maximum of 2048 linguistic tokens.  

VI. FUTURE SCOPE AND CONCLUSION 

The language model explored in this study opens 
avenues for future improvements and applications in AI text 
generation. Key areas for further exploration include 
mitigating model limitations, investigating alternative 
accessibility techniques, enhancing precision and reliability, 
and extending its application to tackle challenging natural 
language processing (NLP) tasks such as content 
verification. This research introduces an AI text generation 
system using OpenAI GPT 3.5 Turbo, emphasizing 
efficiency, cost-effectiveness, and in-house embeddings. 
While acknowledging model limitations, this work 
contributes to the ongoing dialogue on responsible AI use. 
Future developments aim to refine the model, improve 

reliability, and explore diverse applications in complex NLP 
scenarios. 

REFERENCES 

[1] Saravanan, S., & Sudha, K. (2022). GPT-3 powered system for 
content Generation and Transformation. 2022 Fifth International 
Conference on Computational Intelligence and Communication 
Technologies (CCICT). 
https://doi.org/10.1109/ccict56684.2022.00096  

[2] Kumar, A., & Awasthi, N. (2014). An efficient algorithm for text 
localization and extraction in complex video text images. 2013 2nd 
International Conference on Information Management in the 
Knowledge Economy, 14–19. 
https://ieeexplore.ieee.org/document/6915066 

[3] Caglayan, C., & Karakaya, M. (2021). Topic-Controlled Text 
Generation. 2021 6th International Conference on Computer Science 
and Engineering (UBMK). 
https://doi.org/10.1109/ubmk52708.2021.9558910  

[4] Simonsen, H. K. (2022). AI text generators and text producers. 2022 
International Conference on Advanced Learning Technologies 
(ICALT). https://doi.org/10.1109/icalt55010.2022.00071  

[5] Vasisht, S., Tirthani, V., Eppa, A., Koujalgi, P., & Srinath, R. (2022). 
Automatic FAQ generation using Text-to-Text Transformer model. 
2022 3rd International Conference for Emerging Technology 
(INCET). https://doi.org/10.1109/incet54531.2022.9823967  

[6] Maddigan, P., & Sušnjak, T. (2023). Chat2VIS: Generating data 
visualizations via natural language using ChatGPT, CodeX and GPT-
3 large language models. IEEE Access, 11, 45181–45193.  

[7] Ye, Y., You, H., & Du, J. (2023). Improved trust in Human-Robot 
collaboration with ChatGPT. IEEE Access, 11, 55748–55754. 
https://doi.org/10.1109/access.2023.3282111 

[8] Elmogy, A. M., Mahmoud, B., & Saleh, M. (2019). A Deep Learning 
Approach for Text Generation. 2019 29th International Conference on 
Computer Theory and Applications (ICCTA) | 978-1-7281-5276-
9/20/$31.00 ©2019 IEEE | DOI: 10.1109/ICCTA48790.2019.947883. 
https://doi.org/10.1109/iccta48790.2019.9478833 

 


