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Abstract: This paper reviews the pioneering work related to the generation of a sequence of prompts in 

Pretrained Language Models (PLMs) to automatically complete a complex writing task. The paper identifies 

the main categories of automated multi-step prompting and discusses their advantages and disadvantages. 

The paper also proposes an additional approach for automated multi-step prompting with iterative four main 

phases: in the first phase a sequence of prompts is geared to elicit the structure of the requested task. This is 

done by identifying the task’s main parts, the general contents of the different parts and their precedence 

relations. The structure of each main part is iteratively explored to find secondary and tertiary parts if they 

exist. A second phase follows by a sequence of prompts that fill in the primary, secondary, and tertiary parts, 

and seek to fine tune the result. Third phase reviews the generated text and criticizes it. Based on this criticism 

a revision is prepared. The fourth phase is fine tuning the document, with emphasis on sections length and text 

tone. Future research could deal with the system identification of points where the system should initiate 

interaction with the user for desired feedback and guidance. 

Keywords: iterative prompting; sequential prompting; recursive prompting; prompt engineering; 

adaptive prompting; chain of thought 

 

1. Introduction 

Pretrained language models (PLMs) have been shown to struggle with multi-step reasoning 

tasks that require complex reasoning abilities. To address this limitation, researchers have proposed 

iterative prompting frameworks that progressively elicit relevant knowledge from PLMs for multi-

step inference (Wang et al. 2022). These frameworks aim to equip PLMs with the ability to develop a 

"chain of thought" similar to humans when solving such tasks. Additionally, there is a focus on 

context-aware prompting, where prompts are dynamically synthesized based on the current step's 

contexts (Lu et al. 2022). Another approach involves using random walks over structured knowledge 

graphs to guide PLMs in composing multiple facts for multi-hop reasoning in question-answering 

tasks (Lu et al. 2022). These techniques have shown improvements in addressing the multi-step 

reasoning requirement in pretrained models. 

While this paper reviews multiple approaches for sequential automated prompting, automatic 

self-refinement models are of special interest to our topic. Madaan et al. (2024) developed the SELF-

REFINE model that relies on three consecutive prompts (initial generation (INIT), feedback 

(FEEDBACK), and refinement (REFINE)) on a suitable language model.  few-shot prompting, 

feedback generation, and refinement, introspective feedback, and three components (INIT, 

FEEDBACK, and REFINE) for iterative refinement. It uses the same underlying language model to 

generate feedback and refine its outputs. The feedback is generated by the model itself based on the 

initial output, and the refinement is performed by the same model using the feedback. This iterative 

process continues until a desired condition is met. SELF-REFINE does not require any additional 

training or supervision for the refinement process. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
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Another especially relevant prompting scheme was presented by Kim et al. (2024) and called 

Recursive Criticism and Improvement (RCI). In this scheme after the initial prompt, the following 

two steps are recursively repeated until specific conditions are met. 

1) Criticism: In the criticism step, the LLM generates an initial output based on the given prompt. 

The LLM is then prompted to identify problems or errors in its output. This is done by asking the 

LLM to review its previous answer and find problems with it. The LLM is encouraged to critically 

evaluate its own output and identify any issues.  

2) Improvement: After the LLM has identified problems with its output, the improvement step 

follows. The LLM is prompted to generate an updated output based on the critique it provided. 

The LLM is asked to improve its answer based on the problems it found in the previous step.  

This prompts the LLM to refine its output and generate a better solution.  

The RCI process is applied iteratively until termination conditions are met, such as reaching a 

maximum number of iterations, or receiving feedback from the environment, or reaching a low 

threshold of refinement intensity (Kim et al. 2024)). The goal of RCI is to enhance the reasoning 

abilities of LLMs and improve their performance in executing computer tasks. By incorporating the 

criticism and improvement steps, RCI helps the LLMs identify and rectify errors in their output, 

leading to more accurate and effective solutions.  

Peng et al. (2019) presented early research on sequential prompting, suggesting that each prompt 

should use information of previous answers on prompts to explore and fill-in missing data. 

A series of studies have explored the use of iterative prompting in various contexts. Wang et al. 

(2022) and Sun et al. (2023) both propose iterative prompting frameworks for enhancing the 

performance of pre-trained language models in multi-step reasoning tasks, and open-domain 

question answering, respectively. These frameworks involve dynamically synthesizing prompts 

based on the current context and have been shown to be effective in capturing variabilities across 

different inference steps. 

Fu (2022) introduced complexity-based prompting for multi-step reasoning, showing that 

prompts with higher reasoning complexity can significantly improve performance on multi-step 

reasoning tasks. Firdaus (2023) applied a two-step prompting method to generate empathetic 

responses in conversational systems, outperforming existing approaches. Tan (2021) proposed a 

multi-stage prompting approach for translation tasks, which significantly improved the translation 

performance of pre-trained language models. Liu (2022) further extended this concept to knowledge-

grounded dialogue generation, 

To fully grasp the significance of these and competing methods a comprehensive literature 

review is necessary. In the nest section we explore literature related to the place of these methods in 

the realm of automated sequential multi-step prompting. We categorize the main approaches and 

discuss their effectiveness and suitability for various purposes. 

Finally, we propose an additional new approach that works nicely with writing tasks that have 

a large number of close or similar examples in the LLM. The paper concludes with discussion on 

future research in close subjects. 

2. Literature Review 

This section is arranged according to the identified structure of main types of multi-step 

prompting schemes used to guide the generation process. The proposed arrangement is depicted in 

Figure 1. 
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Figure 1. Main types of multi-step LLM prompting schemes used to guide the generation process. 

2.1. Monotone Refinement Prompting 

Monotone Refinement refers to prompting schemes that progressively refine the prompts and the 

generated answers (Madaan et al. 2024).  These techniques are characterized by a process of 

improving answers, so that each answer is better than its predecessors. The following are these 

schemes (Chen, Guo, Haddow, & Heafield, 2023).  

2.1.1. Hierarchical Prompting 

Hierarchical prompting involves structuring prompts into hierarchical levels, with each level 

providing increasing specificity or granularity (Lo et al. 2023) . The model first receives a high-level 

prompt guiding the overall direction or theme of the generation (Li et al. 2023) . Subsequent prompts 

at lower levels provide more detailed instructions or constraints, guiding the model towards finer-

grained output (Sodhi et al. 2023, Li et al. 2023) . Typical applications include Vision-Language 

Models (VLMs) (Liu et al. 2023; Wang et al. 2024) Image classification (Wang et al. 2024) web 

navigation (Lo et al. 2023; Sridhar et al. 2023; Sodhi et al. 2023) This approach allows for a balance 

between providing broad guidance and fine-tuning the model's output to meet specific criteria . 

2.1.2. Feedback-Driven Prompting 

Feedback-driven prompting involves incorporating feedback loops into the generation process, 

where the model's output is evaluated and used to inform subsequent prompts (Huang et al. 2023). 

Feedback can be provided by an answer to an automated evaluation prompt, or automated metrics, 

or reinforcement learning algorithms (Scarlatos et al. 2024), guiding the model towards desired 

outputs. This approach enables iterative refinement of the model's output based on close to real-time 

feedback, leading to continuous improvement over time (Madaan et al. 2024). 

2.1.3. Recursive Prompting 

Recursive prompting involves the generation of prompts that incorporate recursive elements, 

guiding the model through iterative cycles of self-reflection or refinement (Liu et al. 2023) . In this 

scheme, prompts may ask the model to revisit and build upon its own output or previous responses 

in a recursive manner (Qi et al. 2023) . The process resembles a feedback loop, where the model's own 

output becomes input for subsequent prompts, leading to deeper exploration or elaboration (Qi et al. 

2023) . Recursive prompting is particularly useful for tasks that require iterative problem-solving, 

Exploratory 

Prompting 

Automated Multi-step Prompting Schemes 

Monotone 

Refinement 

Converging 

Cycles 

Divergent- 

Convergent  

Prompting 

Adaptive 

Prompting 

Recursive Prompting 

Feedback-Driven  

Prompting 

Conditional Prompting 

Explore 

Complexit

y 

Iterative  

Prompting 

Scaffolded 

Prompting 

Chain of  

Thought  

Prompting 

Progressive  

Prompting 

Other 

Hierarchical 

Prompting 

Semantic 

Prompting 
Recursive 

Criticism & 

Improvement 

Adversarial 

Prompting 

Contextual 

Prompting 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 May 2024                   doi:10.20944/preprints202405.0720.v1

https://doi.org/10.20944/preprints202405.0720.v1


 4 

 

creative exploration, or self-referential reasoning . By incorporating recursive elements, this technique 

enables the model to revisit and refine its output iteratively . Recursive prompting was also used for 

image analysis (Batten et al. 2023), populating knowledge bases (Caufield et al. 2023) 

2.1.4. Conditional Prompting 

Conditional prompting involves conditioning the prompts on specific attributes, contexts, or 

criteria to guide the generation process . Prompts may include conditional statements or constraints 

that influence the model's output based on predefined conditions. This technique allows for fine-

grained control over the generated content, ensuring that it aligns with desired attributes or 

characteristics (Li et al. 2024) . 

2.2. Converging Prompting Cycles 

Converging Cycles refers to prompting schemes that iterate on cycles of prompts. While the stages 

in a cycle may have steps that do not refine or converge, each cycle leads closer toward convergence 

to the ultimate generated response. 

2.2.1. Divergent-Convergent Prompting 

Divergent-convergent prompting involves guiding the model through alternating phases of 

divergent exploration and convergent refinement (Sim et al. 2024). During the divergent phase, the 

model is encouraged to explore a wide range of possibilities or ideas, generating diverse output . In 

the convergent phase, the focus shifts towards narrowing down the options and refining the output 

towards a specific goal or criteria (Tian et al. 2023) . This approach balances exploration and 

exploitation, allowing the model to generate creative and varied output while also honing in on 

desired outcomes (Suh et al. 2023).  

2.2.2. Iterative Prompting 

Iterative prompting involves providing a series of prompts in a cyclical manner, refining the 

generated output with each iteration (Skreta, et al. 2023). After receiving an initial prompt, the model 

generates a response . The response is then evaluated, and feedback is provided as a new prompt to 

guide the subsequent iteration. This process continues until the desired output quality is achieved, 

or a stopping criterion is met (Jha et al. 2023) . 

2.2.3. Recursive Criticism & Improvement 

In this scheme after the initial prompt, cycles of two steps are recursively repeated until specific 

conditions are met. The steps are: (1) Criticism: (2) Improvement (Zhang & Dong et al. 2023). 

2.3. Prompting That Explore Complexity 

Prompting that Develope Details refers to top-down prompting schemes that explore more and 

more complexity as they progress.  

2.3.1. Scaffolded Prompting 

Scaffolded prompting involves structuring prompts in a sequential manner, with each prompt 

building upon the previous one to guide the generation process. Prompts are designed to provide 

increasing levels of support or complexity as the generation progresses. By scaffolding the prompts, 

the model is guided through a step-by-step process that facilitates learning or problem-solving  

(Lesmono & Astutik, 2023); (Suzgun & Kalai, 2024). 
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2.3.2. Progressive Prompting 

Progressive prompting involves presenting prompts in a sequence that gradually increases in 

complexity or difficulty (Wu, Jiang, & Shen, 2024) . The model starts with simple prompts and 

progresses to more challenging ones as it becomes more proficient or as the task requires (Zheng et 

al. 2023) . Progressive prompting allows the model to incrementally build upon its knowledge and 

skills, leading to more sophisticated output (Razdaibiedina et al. 2023) . 

2.3.3. Chain of Thought Prompting 

Chain of thought prompting guides the generation process by presenting a series of 

interconnected prompts that lead to a coherent narrative or solution (Hongru et al. 2023)  . Each 

prompt builds upon the previous one, encouraging the model to explore related ideas or concepts 

(Yu et al. 2023). By following a chain of thought, the model is guided towards generating output that 

is logically structured and coherent (Madaan et al. 2023). 

2.3.4. Exploratory Prompting 

Exploratory prompting encourages the model to explore different avenues or possibilities 

during the generation process (Parra Pennefather, 2023) . Rather than providing strict instructions, 

prompts are designed to inspire curiosity and creativity, prompting the model to generate diverse 

and novel output (Armitage et al. 2023). This approach fosters exploration and experimentation, 

allowing the model to discover new ideas or perspectives through the generation process 

(Papakyriakopoulos & Mboya, 2023; Yan Zheng, & Wang ,2024). In educational settings, exploratory 

prompting has been shown to enhance skills like perspective taking and conflict negotiation (Sihite 

et al. 2023). Similarly, in the context of large language models (LLMs), prompting is crucial for 

evaluating linguistic knowledge (Ma et al. 2023).  

2.4. Other Prompting Schemes 

2.4.1. Adaptive Prompting 

Adaptive prompting involves dynamically adjusting prompts based on the model's responses 

or performance (Kim et al. 2023). Feedback from the model's output or intermediate states is used to 

modify subsequent prompts, guiding the generation process in real-time (Shi; et al. 2023 Wu et al. 

2024). Adaptive prompting enables the prompter to adapt to the model's behavior and steer it 

towards desired outcomes. This prompting process typically ends after few iterations (Zhou et al. 

2023; Wu et al. 2024). Also, self-adaptive prompting may converge in one shot (Wan et al. 2023). 

2.4.2. Semantic Prompting 

Semantic prompting involves guiding the model's generation process by focusing on the 

semantic meaning or intent of the desired output (Gong et al 2023; Tanwar et al 2023) . Instead of 

providing explicit instructions or constraints, prompts are formulated to convey the underlying 

meaning or concept that the model should capture in its output (Ma et al. 2023). This approach 

encourages the model to prioritize semantic coherence and relevance, leading to output that aligns 

with the intended meaning or purpose. Some implementations of Semantic Prompting were reported 

in: Multilingual LLMs (Tanwar et al 2023) Cross domain ((Gong et al 2023) Image creation (Han et al. 

2024) and Chain of Thought (Ma et al. 2023). 

2.4.3. Adversarial Prompting 

Adversarial prompting involves challenging the model with prompts designed to push its 

boundaries and expose weaknesses or biases (Jin et al. 2023). These prompts may include adversarial 

examples, edge cases, or counterfactual scenarios that test the robustness and generalization 

capabilities of the model (Ciucă et al. 2023; Yang et al. 2024). By confronting the model with 
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adversarial prompts, weaknesses can be identified and addressed, leading to improvements in its 

performance and reliability (Chen et al. 2023). 

2.4.4. Contextual Prompting 

Contextual prompting involves tailoring prompts to specific contexts or situations to guide the 

generation process effectively . Prompts are formulated to take into account the current context, such 

as previous interactions, user preferences, or environmental factors . By considering the context, 

prompts can provide more relevant and personalized guidance to the model, enhancing the quality 

of the generated output. Some applications of Contextual Prompting were reported in medical 

domain (Zhang et al. 2023), recommender systems (Chen & Sun, 2023), relation extraction (Chen et 

al. 2024) task-oriented dialogue (Swamy et al. 2023), and general conversation (Feldt et al. 2023). 

3. The Proposed Framework 

In this section, we present our proposed framework for automated sequential multi-step 

prompting, comprising four phases: (1) Structure Elicitation, (2) Content Generation, (3) Revision, 

and (4) Refinement. Each phase is designed to iteratively guide the Pretrained Language Model 

(PLM) through the process of completing a complex writing task. The framework is intended to 

enhance the PLM's ability to generate coherent and structured outputs by systematically eliciting, 

generating, revising, and refining content . 

3.1. Structure Elicitation Phase 

The primary objective of the Structure Elicitation phase is to discern the essential components of 

the writing task and assign them appropriate titles. This phase can be likened to requirement 

engineering in software development, where the focus is on defining the fundamental structure of 

the document. Leveraging the Recursive Criticism and Improvement (RCI) process (Kim et al., 2024), 

this phase ensures the creation of a comprehensive and well-organized contents list. 

3.2. Content Generation Phase 

The Content Generation phase aims to populate each identified subsection and section with 

relevant content. Building upon the contents list generated in the Structure Elicitation phase, prompts 

are designed to guide the PLM in writing the document. These prompts are tailored to solicit coherent 

and contextually appropriate content from the PLM, ensuring alignment with the predefined 

structure.  

To facilitate this phase, prompts are strategically crafted to elicit responses from the PLM that 

align with the predefined structure and desired content. By providing clear and contextual 

instructions, the prompts guide the PLM through the process of generating content for each section 

and subsection. Additionally, the iterative nature of the framework allows for refinement and 

enhancement of the generated content over multiple iterations . 

The Content Generation phase involves a dynamic interplay between the PLM and the 

prompting system. As the PLM generates content based on the provided prompts, the system 

evaluates the outputs and provides feedback to refine subsequent prompts. This feedback loop 

ensures continuous improvement in the quality and coherence of the generated content . 

Furthermore, the Content Generation phase is characterized by flexibility and adaptability. The 

prompting system can dynamically adjust prompts based on the PLM's responses, allowing for real-

time adaptation to changing requirements or preferences. This adaptability ensures that the 

generated content remains relevant and accurate throughout the writing process. 

Overall, the Content Generation phase serves as a crucial step in the framework, laying the 

foundation for the subsequent phases of revision and refinement. By systematically guiding the PLM 

through the process of content generation, this phase enables the creation of well-structured and 

coherent documents that meet the desired objectives. 
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3.3. Revision Phase 

Following the completion of the Content Generation phase, the document undergoes a thorough 

review and revision process. The primary goal of this phase is to critically evaluate the generated 

content, identify any inconsistencies or inaccuracies, and make necessary revisions to enhance clarity 

and coherence. 

During the Revision phase, the document is systematically analyzed to ensure alignment with 

the predefined structure and objectives. Each section and subsection is scrutinized for logical flow, 

coherence, and relevance to the overall theme of the document. Any discrepancies or shortcomings 

are noted, and appropriate revisions are proposed to address them . 

Additionally, the Revision phase involves soliciting feedback from human reviewers or domain 

experts to provide valuable insights and perspectives on the document's content. This external 

feedback serves as a valuable resource for identifying areas of improvement and refining the 

document to meet the highest standards of quality . 

Throughout the Revision phase, emphasis is placed on iterative refinement and continuous 

improvement. Revisions are made iteratively based on feedback from both automated evaluation 

mechanisms and human reviewers, ensuring that the document evolves towards its final form. 

3.4. Refinement Phase 

The final phase of the framework is the Refinement phase, where the document undergoes final 

polishing and optimization. In this phase, attention is paid to fine-tuning various aspects of the 

document, including language style, tone, formatting, and overall presentation . 

The Refinement phase aims to enhance the readability and aesthetic appeal of the document, 

making it more engaging and accessible to its intended audience. This may involve adjusting 

sentence structures, improving transitions between sections, and refining the overall writing style to 

achieve clarity and conciseness . 

Furthermore, the Refinement phase may also involve optimization of technical aspects such as 

paragraph length, word choice, and sentence complexity. By carefully refining these elements, the 

document can effectively convey its message and capture the reader's attention . 

Overall, the Refinement phase represents the culmination of the framework, where the 

document is polished to perfection before final publication or dissemination. Through meticulous 

attention to detail and iterative refinement, the document is transformed into a polished and 

professional piece of writing that meets the highest standards of excellence. 

4. Case Study 

In order to elucidate the innovative concept of automatic prompt generation in Pretrained 

Language Models (PLMs), we can delve into a concrete example, such as the task of creating a 

syllabus. For that purpose “Data Structures” course was chosen for the syllabus creation to illustrate 

the proposed approach that unfolds in four distinct phases, aiming to streamline and enhance the 

completion of a complex writing task . 

4.1. Phase One: Eliciting Syllabus Structure 

To begin the first phase of structuring the syllabus for the "Data Structures" course, we would 

first identify the main components and objectives of the course, such as introducing fundamental 

concepts, algorithms, and applications related to data structures. Next, we would categorize these 

components into primary, secondary, and tertiary sections, organizing them hierarchically based on 

their level of importance and complexity. This would involve delineating topics like arrays, linked 

lists, trees, and graphs, as well as their associated operations and algorithms. Additionally, we would 

consider prerequisites, learning outcomes, and assessment methods to ensure comprehensive 

coverage of the subject matter. Through iterative refinement using techniques like Recursive 

Criticism and Improvement, we would continuously revise the syllabus to optimize its structure and 
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content, ensuring coherence and alignment with educational objectives. The following is the result of 

the first phase (the GPT 3.5 output): 

Data Structures Course Syllabus 

1 .Introduction to Data Structures 

• Overview of data structures and their significance in computer science 

• Basic terminology and concepts: data, information, algorithms 

• Importance of efficient data storage and retrieval 

2 .Linear Data Structures 

Arrays; Linked Lists; Stacks; Queues; Applications and implementations 

3 .Non-linear Data Structures 

Trees; Binary Trees; Binary Search Trees; AVL Trees; B-Trees; Graphs.  

Graph representations; Graph traversal algorithms; Shortest path algorithms 

4 .Advanced Data Structures 

Priority Queues; Heaps; Hash Tables; Disjoint Set Union; Trie 

Segment Trees;  

5 .Algorithmic Analysis 

Asymptotic notation (Big O, Big Theta, Big Omega) 

Time and space complexity analysis of data structure operations 

6 .Applications of Data Structures 

Searching and sorting algorithms; Graph algorithms (e.g., Dijkstra's algorithm, Prim's algorithm); 

Dynamic programming.  

7 .Advanced Topics 

Advanced tree structures (e.g., Red-Black Trees, Splay Trees); Persistent data structures; Parallel 

data structures 

8 .Practical Implementation and Problem Solving 

• Hands-on coding exercises and programming assignments 

• Problem-solving strategies using data structures. 

• Project work on real-world applications 

9 .Evaluation and Assessment 

• Quizzes and tests on theoretical concepts 

• Programming assignments and projects to evaluate practical implementation skills. 

• Final examination covering the entire syllabus. 

10  .Prerequisites 

• Basic knowledge of programming concepts and algorithms 

• Understanding of fundamental mathematical concepts such as sets, functions, and 

relations. 

11  .References 

• Data Structures and Algorithms textbooks 

• Online resources and tutorials 
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• Research papers and articles on advanced topics in data structures. 

4.2. Phase Two: Content Generation 

In the second phase of syllabus development for the "Data Structures" course, we would focus 

on generating content for each section identified in the structure. Compared to syllabus writing, this 

phase is much more intensive and important in tasks such as books, or large text documents. 

Generating such documents involves crafting prompts that guide the Pretrained Language Model 

(PLM) to provide detailed explanations, examples, and exercises for each topic. Prompts would be 

tailored to elicit responses that cover theoretical concepts, practical implementations, and problem-

solving strategies related to data structures. The PLM would be prompted to explain key algorithms, 

demonstrate code implementations, and provide real-world applications of each data structure. 

Additionally, prompts would encourage the PLM to generate exercises and assignments for students 

to reinforce their understanding and skills. Iterative refinement of prompts based on feedback and 

evaluation ensures the completeness and coherence of the syllabus content. The following text 

illustrates the second phase on the first item of the syllabus: “Introduction to Data Structures”. 

 Introduction to Data Structures 

• Overview of data structures and their significance in computer science 

Data structures are essential in computer science for efficient data organization and manipulation. They 

find applications in arrays (sequential data storage), linked lists (dynamic memory allocation), trees 

(hierarchical data representation), and hash tables (fast data retrieval).  

• Basic terminology and concepts: data, information, algorithms 

In "Basic terminology and concepts," students will learn about fundamental elements such as data, 

information, and algorithms. Understanding these concepts is crucial as they form the building blocks of 

computer science. 

• Importance of efficient data storage and retrieval 

Most organizations generate very large amounts of data. So efficient data storage and retrieval are crucial 

in computer science for optimizing resource usage and enhancing system performance. They enable quick access 

to information, reducing latency and improving user experience. “ 

4.3. Phase Three: Revision 

In phase 3, "Revision," the syllabus content is critically evaluated for coherence, accuracy, and 

alignment with educational goals. Iterative reviews are conducted to identify and address areas for 

improvement. Revisions are made based on these evaluations to enhance clarity, completeness, and 

relevance. The revised syllabus undergoes thorough scrutiny to ensure it meets high standards and 

effectively educates students on data structures. For example, note the addition below of the subject 

“Relationship with Algorithmic Complexity”. As an example below is the revised version of the “” 

from the second phase.  

Introduction to Data Structures 

• Overview: Data structures are fundamental in computer science, enabling efficient data organization and 

manipulation. They are utilized in arrays for sequential data storage, linked lists for dynamic memory 

allocation, trees for hierarchical data representation, and hash tables for fast data retrieval. 

• Basic Terminology and Concepts: In this section, students will grasp essential elements such as data, 

information, and algorithms, which are the cornerstone of computer science. 

• Significance of Efficient Data Storage and Retrieval: Given the vast amounts of data generated by 

organizations, efficient data storage and retrieval are paramount in optimizing resource usage and 
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enhancing system performance. They facilitate swift access to information, reducing latency, and 

enhancing user experience. 

• Relationship with Algorithmic Complexity: Data structures significantly impact algorithmic efficiency, 

affecting factors like time and space complexity. Understanding this relationship helps in selecting the 

most suitable data structure for optimizing algorithm performance.” 

4.4. Phase Four: Refinement Phase 

In the "Refinement phase" for the "Data Structures" syllabus, I would focus on fine-tuning the 

content to ensure clarity, coherence, and relevance. This involves reviewing each section for any 

inconsistencies or gaps and making necessary adjustments. Additionally, I would seek feedback from 

students and instructors to incorporate their perspectives and improve the overall quality of the 

syllabus. Finally, I would conduct a final review to ensure that the refined syllabus meets the 

educational objectives and effectively prepares students for mastering data structures. 

The final revised text is as follows: 

Introduction to Data Structures 

Overview: Data structures are essential in computer science, facilitating efficient data 

organization and manipulation. They include arrays for sequential storage, linked lists for dynamic 

allocation, trees for hierarchical representation, and hash tables for rapid retrieval . 

Basic Terminology and Concepts: Students will grasp foundational elements such as data, 

information, and algorithms, pivotal in computer science . 

Importance of Efficient Data Storage and Retrieval: With organizations generating vast data 

volumes, optimizing storage and retrieval is critical for resource utilization and system performance 

enhancement, ensuring swift access and improved user experience . 

Relationship with Algorithmic Complexity: Data structures play a crucial role in algorithmic 

efficiency, impacting factors like time and space complexity. Understanding this relationship aids in 

selecting the most suitable structures for optimizing algorithm performance. 

5. Discussion 

This paper highlights the importance of iterative prompting schemes, such as Recursive 

Criticism and Improvement (RCI), in enhancing the reasoning abilities of Language Models (LLMs). 

The literature is categorized and analyzed to emphasize the effectiveness of various prompting 

approaches, including monotone refinement, converging prompting cycles, and complexity-based 

prompting, in improving the performance of pre-trained models across different tasks. Additionally, 

it underscores the significance of context-aware prompting and semantic prompting in guiding the 

generation process effectively. 
The paper proposes a new four-phases framework for writing of structured documents such as 

course syllabus, book proposal, business plan and even a complete book. The proposed framework 

works well with standard documents that have clear structure that is easily identified. The approach 

will not work well if no structure is identified, or even exists. This is the limitation of this model.  

The framework is illustrated using a case study of crafting a course syllabus for the course “Data 

Structure”. This concrete example underscores the potential of generative pretrained multi-step 

prompting to revolutionize complex writing tasks. By review, revision and refinement, this approach 

not only streamlines the writing process but also ensures the coherence and relevance of the 

generated output . 
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Future Research 

The rest of the discussion is dedicated to future research topics and questions. We identify the 

following 7 directions for future research (each with its research questions): 

1. Adaptive Prompting Mechanisms : 

How can generative pretrained multi-step prompting adapt dynamically to different writing 

task complexities and contexts ? 

What mechanisms can be implemented to enable the model to self-adjust prompts based on the 

intricacy of the desired output ? 

2. Multimodal Integration : 

How can the approach be extended to seamlessly integrate visual, auditory, and tactile 

information, expanding its applicability to tasks requiring a multimodal understanding ? 

What challenges and opportunities arise when incorporating diverse sensory inputs into the 

prompting process ? 

3. Ethical Implications and Bias Mitigation: 

What measures can be implemented to mitigate potential biases in the generated content, 

ensuring fairness and ethical considerations ? 

How can the model be designed to handle sensitive topics and adhere to ethical guidelines in 

diverse cultural and societal contexts ? 

4. Real-time Feedback and Iterative Refinement: 

How can the prompting process be enhanced to provide real-time feedback to users, facilitating 

an iterative refinement of the generated content ? 

In what ways can user input be leveraged during the prompt generation process to improve the 

relevance and accuracy of the outcomes? 

5. Domain-Specific Adaptability : 

How can the model be fine-tuned to exhibit domain-specific expertise, catering to the unique 

requirements of distinct professional fields? 

What methodologies can be employed to enable users to customize the prompting approach for 

specialized applications ? 

6. Cognitive Load and User Experience : 

How does the complexity of prompts impact the cognitive load on users, and what strategies 

can be employed to optimize user experience? 

What insights can be gleaned from user studies to refine the prompting process and enhance 

user satisfaction? 

7. Fine-Tuning for Specific Tasks : 

What methodologies can be developed to allow users to fine-tune the model for specific writing 

tasks, ensuring task-specific nuances are captured accurately ? 

How can the model be trained to understand and generate content specific to distinct 

professional domains? 

6. Conclusions 

As we embark on the next phase of AI evolution, embracing generative pretrained multi-step 

prompting offers a pathway towards more sophisticated, context-aware language models. The 

applications explored herein highlight its potential to enhance productivity, creativity, and overall 

efficacy across a spectrum of domains. Moving forward, research and development in this area 

promise to unlock new dimensions in natural language understanding and generation, cementing 

automated multi-step generative pretrained prompting as a pivotal advancement in the ever-

evolving field of artificial intelligence. 

We explored 7 future research topics and their related questions aim to guide the continued 

exploration and development of automated multi-step generative pretrained prompting, fostering 
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advancements in AI capabilities and its seamless integration into a myriad of writing tasks across 

various domains . 
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