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Abstract: Prompt engineering is one of the main parts which utilizes the power and
capacity of large language models ie., LLMs efficiently. Large Language models (LLMs)
are generally used to generate human-like text, summarization, solving the problems
in various fields, understanding the language and translating the language and so on.
The potential of LLMs is utilized by creation of effective prompt which is called as
prompt engineering through the inputs are given properly. Al models are used for
collecting the relevant information about the query. Extracting the relevant responses
from various artificial intelligent models by almost all types of people from researchers
to school going children. The challenge lies in crafting prompts which reduce
ambiguity and give proper direction to the LLM for getting the desired responses.
When we concentrate on prompts by adding the important words or using some key
words, we can show better results which reflects the role of prompting techniques
clearly. A technical document can be prepared by using a few short prompting
techniques and creative writing and storytelling can be done effectively by using some
key words in the prompts itself. LLMs such as chatGPT3, chatGPT3.5, chatGPT4,
Gemini and other models are trained on huge volumes of data which can produce and
generate human-like text easily. The conditional prompts allow the users to use some
specific keys for extracting the information on the iterative refinement process can
also be used to extract information from prompt engineering. The quality of LLM
results is evaluated by using relevance, coherence, creativity and specificity. This work
explores the strategies and methods of prompt engineering that could enhance the
performance and reliability of the LLMs such as few-shot prompting, role assignment
and prompt chaining. Effective prompt engineering is the foremost technique to
maximize the utility of large language models in various applications. Advanced
techniques such as control tokens and multimodal prompts that combine the text
with other modalities such as images for optimizing the results of prompt engineering.
Retrieval Augmented Generation gets queries from prompts and try to get relevant
information from various sources such as search engines or knowledge graphs. Hencs,
RAG extends the LLMs by incorporating external knowledge for enriching the model’s
responses. The most popular prompt engineering approaches are CoT, ToT, self-
consistency and reflection played a major role. Prompt design and engineering are
critical and the innovation in the Automatic Prompt Engineering (APE) would
dominate in the near future. This work explores the effective utilization of Large
Language Models for creating effective prompts for optimizing the responses so that
we can solve complex problems easily and can reach better results in a stipulated time.
Keywords: LLMs, Prompt Engineering, Al Models, Optimization, Responses, Chat
GPT and Gemini
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1. Introduction

An important milestone in Artificial Intelligence is Natural Language Understanding
and Processing. The development of Transformer model by Vaswami et al in 2017[1]
leads the development of Generative pre-trained Transformer (GPT series) which is the
benchmark in Al world. A lot of research work on prompting from the pre-trained
models for extracting the required knowledge or response[2]. Large scale language
models produce excellent performance in various natural language processing tasks
especially in content creation. Tech giants and research institutes are doing several
projects using large language models by implementing various strategies and
approaches. Generally, language models are trained on general corpus or domain
specific corpus such as webpages, books, magazines and journals. Then the models are
fine turned for doing some specific tasks in various natural language processing. The
language patterns and structures are learned by using the huge number of LLM
parameters.

Jacob Devlin et.al,, [3] the language model called BERT-Bidirectional Encoder
Representations using transformers. It is designed using unlabeled text by joining the
left and right-side data in all the layers. Hence, the pre-trained BERT model can be fine-
tuned for doing applications such as question and answering. Radford et al.,[4]
discussed about the Generative Pre-trained Transformer (GPT) which is an
unsupervised pre-training[22][23] and find-tuning model for performing various
natural language understanding tasks.GPT-4 [5] is the latest milestone of OpenAl using
deep learning algorithms which is a multimodal model ie,, it is accepting image and
text inputs and get the results. Brownlee [6] explained the Introduction of Large
Language Models for the beginners and practitioners by highlighting the key concepts
and models. The environmental and ethical considerations about large language models
were discussed by eBommasani in [7]. Brown et al,[8] discussed the prompt structure to
perform many tasks to achieve accurate results.

Prompt Engineering is a process of creating prompts to collect the expected refined and
optimized responses as an outcome from various Large Language Models. Whatever is
given as a prompt, response can be created as a result. Here, the main issue in this
situation is that the response match with our expected result. Whether the response
satisfy our expected result or not. Getting answer for a given prompt is not at all a matter
but getting relevant response is a matter. Here, the prompt engineering played a major
role and designing an effective prompt will produce the expected result. For example, in
Fig 1 depicts a simple prompt and its response. Fig 2 shows the detailed prompt with key
words such as describe, recent and five years and the related response.
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write about Al?

Artificial Intelligence (Al) refers to the simulation of human intelligence in machines designed to
think, learn, and perform tasks typically requiring human cognition. This field of computer science
involves the creation of algorithms and models that enable machines to process data, make

decisions, and solve problems. Al has a broad scope, including various subfields such as machine

learning, natural language processing, robotics, and computer vision.

Fig 1: Example Prompt with response

In Fig 1 and Fig2, prompts are showing the relevant responses and in Fig 2 prompt we
can very well see the expected relevant result in a good manner. We can find the major
difference in responses between the prompt 1 in Fig 1 and prompt 1 in Fig 2. In Fig 1 is
like a vague prompt which is used to extract common content as a response and in Fig 2
is considered as a detailed prompt which produces exact results. Here we can find the
importance of prompt engineering and the prompting strategies to extract the relevant
responses by creating effective prompts.

Describe the recent advancements in natural language processing
within Al over the last five years?

Over the last five years, Natural Language Processing (NLP) has experienced transformative
advancements, largely driven by innovations in deep learning, the development of large language
models (LLMs), and the application of new architectures. These advancements have drastically
improved the ability of machines to understand, generate, and interact with human language in

more sophisticated and context-aware ways.

Fig 2: Detailed prompt with response

Prompt engineering connects the art and the technology for combining the creativity
and technical skills for providing answers in a step-by-step manner. Designing an
effective prompt for extracting the reliable and useful content from various Large
Language Models is a challenging task. This work explores various prompt engineering
techniques and strategies for improving the Al responses to specific purpose and raise
the level of the quality of the result. Hence, prompt engineering acts as a bridge
between Al and human.

2. Prompt engineering strategies

The terms such as prompt strategies, prompt patterns and prompt engineering
techniques used to explain the various approaches and methods for designing an
effective input to produce the relevant responses. This work explains the trivial and
sneaking difference among these terms with example.
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2.1 Prompt creation and Principles of prompt engineering

Prompt is a small text used to guide the Large Language Models for getting relevant

responses. Everyone can create prompt and get responses from Artificial Intelligence

models. There is no common and single procedure, blue-print or format for creating

effective and efficient prompts [g]. But as an expert for retrieving relevant information

from the Al models, we have to follow certain procedures and keywords for framing

the prompts. Some of the important principles or key points of prompt engineering for

creating effective prompts as follows:

e Correct and clear understanding of the task for which we are going to generate
prompt

e C(lear and correct language -i.e., keywords should be used

e Specific about the responses i.e., provide context is nothing but the contextual
information

e Ifpossible, try to attach some examples in the prompt

¢ Divide the complex tasks into manageable chunks so that the model address each
and every part of the chunk sequentially. Adequate response for each and every
part is important.

Prompts can be created by using all the principles of prompt engineering. Generally,
prompts can be written without using or implementing the principles and we can get
the response as a result. The relevant responses are created while using the principles
of prompting. We have to write a prompt for getting the code to develop a webpage.
The Fig: 3 shows the prompt with bad prompt and good prompt. Without giving clear
direction and using the key words, bad prompt was created. When we attach certain
keywords such as HTML, title, image, navigation menu and CSS, good prompt was
generated.

Example 1: Requesting code for creating a website

= Bad Prompt:
"Write code for a website.”

Why its bad: Doesn't specify the type of website, features, or technelogy to use.

* Good Prompt:
“"Create an HTML webpage for a bakery with a title, an image of a cupcake, a navigation menu
(Home, About Us, Menu), and a contact form. Use inline CSS for basic styling.”

Why it’s good: Specifies the goal, elements (title, image, etc.), and constraints (use inline CS55).

Fig 3: Good and Bad Prompt with response

In the above examples, certain things are missing in the bad prompts. They are the
clarity, format, example and purpose. These bad prompts or poor prompts can be
converted into good prompts by identifying the gaps, adding further details and
focusing on the questions. Fig:4 depicts the example for focusing on specific aspect
with good or bad prompts.
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Example 2: Requesting information about the technology from Al models

« Bad Prompt:
“Tell me about technology.”

Why it’s bad: Too broad, leading to unfocused or generic responses.

* Good Prompt:
"Explain the impact of artificial intelligence on healthcare in less than 200 words. Include
examples of how Al is used in diagnostics and patient care.”
Why it's good: Focuses on a specific aspect (Al in healthcare) with word count constraints and

examples.

Fig 4: Good and bad prompt with response-Focus on specific aspect

The bad prompts can be improved by adding some specific keywords and details with
the prompts.

2.2 Prompt Template

It is used to get the input from the user and translate it into instructions for a language
model. In ChatGPT, prompt template used to format the prompt for getting the input
which is reusable in constructing the model for creating the content. There are two
important prompt templates such as String Prompt Template and Chat Prompt
Template. The sample source code for using the prompt template.

from langchain_core. prompts import Prompt Template

prompt_template = PromptTemplate.from_template ("Tell me about {topic}")
prompt_template. invoke ({"topic": "cats"})

Here, in the above code dynamically the topic can be changed and collect the relevant
response based on the request in the conversation. The prompt template can be used
in structured conversation, content generation and automation. The input is adjusted
dynamically when multiple users connected with the system. This prompt template
can also be used to generate blog posts by gathering some special features.

2.3. Prompt Patterns

Prompt patterns are used to offer a structure which can be used for further applications
to extract a specific responses in a particular format. It is mainly used to organize the
responses in a specific format such as bullet lists or tables. The procedural pattern may
be in the form of Question based pattern, comparative pattern and procedural patterns.
The purpose of this pattern is to provide a clear reusable structure for various contexts.

The general types of patterns are as follows:
e Question-based Patterns

e Comparative Patterns

e Procedural Patterns
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2.3.1 Question-based patterns
This is a specific pattern for designing direct and indirect questions for
producing the relevant and focused responses. The important types of these patterns
are Factual, Explanatory, Exploratory, Comparative, Problem solving, Opinion based
and Reflective questions. Some of the example questions as prompt as follows:
e What are the strategies for improving the women’s empowerment? : Problem
solving
¢ Howdo I improve my students’ concentration? : Reflective
e Which is better for the environment paper document or digital document? :
Opinion
e How the renewable energy is important for climate change? : Explanatory
e What is the capital of India? : Factual
Hence, the question based patterns are focusing on structured responses in various
domains with a customized way.

2.3.2 Comparative Patterns
This is the prompt structure used to analyse or evaluate the differences between
the two things. This is mainly used for critical thinking and decision making. It is
mainly focusing on the evaluation or comparison which can be utilized in almost all
domains such as research, business, education and society. Some of the examples are as
follows:
e What are the pros and cons of smart phones?
e Compare the benefits of online learning and distance learning?
e What are the difference between matriculation and central board syllabus?
¢ Compare the driving style of manual and automatic cars?
e Compare Himalaya products with Aravind herbal products?
Hence, the comparative patterns are highly powerful in nature for evaluation and
widely used for decision making in organizations.

2.3.3 Procedural Patterns
This is one of the prompting structure to get the responses in a step-by-step

manner or process. This is mainly focusing on outcome in various domains such as
education and profession. Some of the example prompts of procedural patterns are as
follows:

¢ How to frame a linear function?

e How to install updates in laptops?

e How to run the antivirus software?

e Provide a step by step procedure to write and algorithm.

e How to register a course in NPTEL?

e How to pay exam fee through online?

87 | www.scope-journal.com



Scope
Volume 15 Number o4 December 2025

Hence, the procedural patterns are used in education, technology, Business and
Management for simplifying the tasks and remove the complexity and ambiguity.

2.4 Prompting Techniques

Prompt Engineering used to design the prompts to get better results from various large
language models.The prompt engineering techniques help us to enrich the results in a
proper way. Some of the common prompt engineering techniques are listed below.

2.4.1 Zero shot prompting

Without containing any examples and demonstrations creating a prompt used to
interact with the large language models. The Fig:5 shows an example prompt for zero
shot prompting technique with expected result.

Example Prompt:

"Write a poerm about the beauty of autumn.”

Expected Output:

The leaves cascade in golden hue,
A whispering breeze, a sky so blue.
Crisp air dances on morning’s breath,

A season's life in beauty’s death.

Amber fields and pumpkin's glow,
MNature's art begins to show.
A fleeting time, a cherished sight,

Autumn’s charm, a warm delight.

Fig 5: Zero shot prompting

2.4.2 One-shot prompting

The one shot prompting gives only one example to the model for getting the response.
One clear example to guide the model for getting the response.The Fig:6 depicts the
example for one shot prompting. In the example, a single poem is a key word for
providing the example of the desired response.

Task: Write a short poem about the moon.

Expected Output:

Silver light fills the sky,
A crescent winks from on high,

Night's quiet lullaby.

Fig 6: One-shot prompting
2.4.3 Few-shot prompting
It adds the model with addition information in the form of examples to collect the
response. In this example, prompt direction is also given for producing expected
results. In this example, the write a haiku - here the word haiku has a specific

88 | www.scope-journal.com



Scope
Volume 15 Number o4 December 2025

structure ie., three lines with the syllable pattern is 5-7-5.Clarity in this prompt
reduces the ambiguity in the task.

Write a haiku about the ocean

Endless waves embrace,
Whispers of the deep unknown,

Salt-kissed air lingers.

Fig: 7 Few Shot Prompting

Hence, these three techniques are considered as common techniques for raising the
performance and efficiency of the response. Apart from this , there are so many
techniques are available for getting the better response. Those techniques are
considered as advanced prompt engineering techniques.

2.5 Role based Prompting

This Role based prompting also be called as persona prompting. In Role-play the key
word “as a” attached with the prompt to assign some expertise to the prompt. This will
focus on the response to yield better results especially to produce the consistent
response.

Examples:
e As a NLP researcher, explain how LLM can enhance the Question and Answering
problems?
e Asateacher, explain the concept of Linear regression with real life examples?
e Asan Actor, explain the role of Maveeran Karnan with some stories.
In these examples, the perspective or role ie.,, As a ..., can extract the background
information to shape the responses from the Al models.

2.6 Instructional prompts
To get the clear and structured response from the Al models, direct instruction can be
provided with the prompts.

Examples:
e Step by step procedure to implement RMI concept in Java.
e List top five Large Language Models for text summarization.

Here, the key words step-by-step and list are used to show the direction for getting the
responses effectively in a structured way. When we use list option to get response from
the model instead of bulletin, it adds the hierarchy when producing the results. The top
priority answers are numbered with one, then two, then three and so on. When we use
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bulletin, no need to check the priority, it will list out all the related information without
specifying the order. Hence, the prompting strategies used to frame prompts by using
the broader approaches.

2.7 LLM Settings

Effective responses can be generated by assigning values to the parameters in LLM.
Some of the parameters were discussed with example. The Open Al Playground is an
interface designed by Open Al which gives access to various Al models such as GPT3,
GPT4. It provides an environment to the user for communicating various language
models. Here, in Playground we can set the values for Temperature and max tokens
easily.

2.7.1 Temperature

Setting of temperature played a critical role in the generation of responses. The
temperature value ranges from o to 1 and fixing the low value leads to the more
deterministic response and setting the high value gives more results in terms of
creativity and very less predictable results.

2.7.2Top - P

It is mainly used to manage the randomness in probability to produce the better
response. In auto-texting, while typing words, automatically it shows the suggestion for
next word. For example, Her dance performance is really . The top six
words might be suggested in the list. Let us assume the probabilities of the top 6 words
as follows:

good-probability 0.4,

awesome-probability 0.25,

nice - probability 0.15,

great- probability o.10,

well- probability 0.06 and

wonderful - probability 0.04

Let us assign the Top-P value as 0.90. The model will add the probabilities until it
reaches 90%. In the above example, when we add the top four words’ probabilities we
would get 90% (0.4+0.25+0.15 + 0.10 = 0.90) .The likelihood of top four words would be
considered by the model. ie., Any one of the words good, awesome, nice and great
would be suggested by the Al model. Hence, the cumulative probability will be
considered to choose the word.

2.7.3 Maximum Length
The maximum number of words or tokens would be generated as a response of the
model to avoid the irrelevant responses.

3. Advance Prompt Engineering Techniques
The advanced techniques allow users to enhance and enrich the performance of the
responses for effective prompting from Al models. This section explores the well-
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designed prompts to improve the Al responses. Some of the advanced prompting
techniques are explained with example as follows:

3.1 Chain of Thought (CoT)

This technique is used to expand the responses of large language models using the
standard prompt format with reasoning. The speciality of this CoT technique is without
fine tuning the model improving the efficiency of the response using normal prompt by
inserting the reason. The main application area of this model is to solve mathematical
problems. According to the research of Wei et.al., CoT prompting can enhance the LLM
performance and accuracy of the response in the tasks such as common-sense analysis,
reasoning and arithmetic problems [10]. The Fig: 8 and Fig:9g illustrate the example of
the chain of Thought prompting.

Prompt: Mohan has started from Chennai to Bangalore in Car at 6.00 am. Normal
speed of the car is 7o files per hour. How long it will take to reach Bangalore?

Mohan has started from Chennai to Bangalore in Car at 6.00 am.
Normal speed of the car is 70 files per hour. How long it will take to
reach Bangalore?

= To determine how long it will take for Mohan to travel from Chennai to Bangalore, let's break this

down step by step:

Step-by-Step Solution:
1. ldentify the known values:

-  The normal speed of the car is 70 miles per hour.

-  The appr hate distance between Chennai and Bangalore is 350 kilometers (conwvert to

miles for sistency).

2. Conwvert kilometers to miles (if required):

- 1 kilometer = 0.621371 miles.

- Distance in miles = 350 = 0.621371 — 217.48 miles.
3 Use the formula for time:

I Distance
Speed
- Distance Z2Z17T.48 miles.
N
- sSpeed = 70 miles/hour

Fig 8: Chain of Thought Example Prompt

The CoT prompt breaks down the reasoning process into clear logical steps for
reducing the error and complexity of the problem.

4. Calculate the time:

217.48
TO

Time — ~ 3.11 hours.

5. Convert time to hours and minutes:

= 3.11 hours = 3 hours and 0.11 »x 60 — 6.6 minutes (approximately 7 minutes).
5. Add the travel time to the start time:

- MMohan starts at 6:00 AM.

e Travel time = 3 hours and 7 minutes.

s  Arrival time = 6:00 AM + 3:07 = 9:07 AM.

Final Answer:

Mohan will take approximately 2 hours and 7 minutes to reach Bangalore, arriving at around 9:07
A

Fig 9: Chain of Thought Example Prompt with Response

91 | www.scope-journal.com



Scope
Volume 15 Number o4 December 2025

The final step was clearly displayed in the Fig:g with the final result. Hence, generating a
Chain of Thought prompt with intermediate reasoning steps to provide the absolute
answer with highest accuracy.

3.1.1 Zero-shot CoT Prompting

This approach encourages to solve the problem in a step-by-step manner with clear
implementation of reasoning procedure. Let us think step by step is the key in this
approach.

3.1.2 Few-shot CoT Prompting

In this One shot and Few-shot prompting, the model is provided with some examples
with their step-by-step solutions to guide its reasoning process. This few shot CoT
prompting can be combined with other techniques such as RAG for enhancing model’s
ability to acquire better responses.

3.1.3 Golden Chain-of-Thought

It is used to connect the intermediate steps to get the final response. It is mainly used to
solve complex mathematical problems. Here, each and every step is clearly explained
and ensures the correctness. Del et.al.[u] started this innovative approach for
generating responses using instruction-based queries. According to Del et.al.,[11] report,
GPT-4 shows 45% high in the performance to solve the puzzles effectively when
compared with normal Chain of Thought technique. Hence the overall rate of solving
the puzzles using golden chain of thought is 83%.

3.2 Self-consistency

It is a method to check the logical coherence of the reasoning in each and every
intermediate steps and leads to the correct conclusion of the final response. It can be
used in problem solving and reasoning, theoretical frameworks, mathematical
reasoning to produce better responses. Ontology-Generated Question-Answering
(PrOntoQA) focuses on effective usage of structured representations of question-
answering systems [12][13]. Self-consistency is a method in LLMs to solve complex
reasoning problems easily. This method contains the following steps to solve the
problem.

e Prompt is created first using Chain of Thought prompting technique.

¢ Reasoning paths are generated by using decoder

¢ Choosing the most consistent answer

Superior level of consistency is selected among the various reasoning paths and that
could be the accurate solution. Shum et.al.,[14] and Bender et.al.,[15] discussed the
utilization of self-consistency in producing better outcome to solve the problems such
as arithmetic and symbolic reasoning-based tasks.
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The combination of Self-consistency with other techniques to produce better response

for doing further enhancement of the model. In Fig :10 shows an example for self-

consistency.

Example: Self-Consistency in Chain-of-Thought Reasoning

Question: A farmer has 3 chickens, 2 cows, and 4 sheep. How many legs are

there in total?

Chain-of-Thought Response 1:

1.

2.

=
S

4.

Chickens have 2 legs each. Total legs: 3 < 2 = 6.
Cows have 4 legs each. Total legs: 2 > 4 — 8.
Sheep hawve 4 legs each. Total legs: 4 < 4 — 16.

Total legs: 6 + 8 + 16 = 30.

Chain-of-Thought Response 2:

1.

Compute legs for chickens: 3 > 2 =
Compute legs for cows: 2
Compute legs for sheep: 4

Sum: 6 +8 + 16 = 30.

Self-Consistency Check: Both reasoning paths align in intermediate steps and

final answers, confirming self-consistency.

Fig 10: Example for Self-Consistency

3.3 Least-to-most prompting

This is an advanced method of prompting in which the complex problems are

decomposed into a series of simple smaller sub problems, then the sub-problems are

solved sequentially[17]. The step-by-step process of solving sub problems makes the task

easier and the complex problems are solved efficiently.

Ex: Find the value of x in the equation: 10x +6 = 56

Normal way to solve the problem is as follows:

10X +6 = 56
10X = 56- 6
10X = 50

X = 50/10
X=5

It can be guided as follows:

e To calculate x, we need to isolate x from the given equation.

e Subtract 6 from both side of the given equation

10x+6 -6 =56 - 6
10X = 50

e Divide by1o

10X/10 = 50/10
X=5

Therefore, the value of x is 5
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The main advantage of using this approach is to encourage the subtasks to do the
calculation. If it struggles or it needs assistance then the assistance can be provided.
While getting solution for each and every sub problems solution that can be updated
with more confidence to improve the critical thinking.

3.4 Tree of Thought (ToT)

The Tree of Thought prompting is an important milestone in LLM advancement
models. In this approach, various possibilities of problem-solving techniques and
possible solutions are analysed and the better suitable solution is taken to optimize the
solution [17]. The organization of ideas in a hierarchical structure with the root to
represent the main idea and the branches used to represent the different paths to reach
the good result. It breaks down the complex tasks into manageable components and
helps to refine and optimize the prompts for specific result. The Fig : 11 shows the
example of Tree of Thought.

An optimized tour plan for Turkey, covering key cities and attractions, with various
modes of transportation and approximate travel times. This plan is designed for 7-10
days, balancing travel and sightseeing. Fig: 12.a Shows the Turkey tour plan in stand
prompting,Fig:12.b depicts it in CoT and Fig:12.c illustrates the Turkey tour plan using
ToT.

Example of Using ToT in Prompt Engineering:
Goal: "Generate a prompt for a story about time travel.”
- Root: Time travel story prompt.
= Branch 1: Focus on historical accuracy
- Node 1.1: Travel to ancient Egypt.
= Node 1.2: Explore societal impacts of time travelers.
- Branch 2: Emphasize scientific theories.
- Node 2.1: Use quantum mechanics.
- Node 2.2: Parallel universes.
= Branch 3: Highlight ethical dilemmas.
= MNode 3.1: Altering historical events

= Node 3.2: Meeting ancestors.

Fig : 11 Tree of Thought (ToT) prompting

Collect various

Early morning

Hot AirBallon

Ride
Fig: 12 (a) Fig: 12.b
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Collect various
sight-seeings in
Turksy
T T
- =
Explore places Explore places
in Istanbul in Cappadaocia

- - - e - M—
Gramd Galata Topkapi Traditonal Turkish &ir ballon
Bazaar Tower places dinner Mightshow ride

Fig:12. c

Fig: 12. a: Standard Prompt 12.b: Chain of Thought(CoT) Fig:i2.c: Tree of

Thought(ToT)

3.5 Graph based Prompting

It is structured approach in which the nodes and the edges are connected to represent
the path. Sometimes we may have multiple paths, loops and complex structures of non-
linear structure. It is mainly used to find the path by using the connections and the
relationships can also be mapped.

The structured reasoning can be done by using both techniques and we can very well
breakdown the structure of the complex problems into simple components and also
used for making right decision at right time by organizing the important information
effectively. The difference between the ToT and Graph based prompting is tabulated in
Table : 1 as follows.

Table 1: Difference between Graph based and ToT Prompting Techniques

SI.
N Graph-Based Prompting Tree of Thought(ToT)
o
1 Non linear structure is followed Hierarchical structure is followed
2 Loops are allowed No loops
3 We can find multiple paths Need to follow the branches
4 Bi-directions are permitted Only Linear and branching
Cycli ti b
5 YCHE CONNECHions ca b No cycles are created
generated
6 Focusing on mainly optimization Focused on the systematic
of the response approach
Mapping of relationships to find
7 PPIng i)héeb;::o;asthlps o Step by step reasoning is done
3.6 Re Act

The ReAct comes in advanced prompting technique in which it combines the reasoning
and acting in artificial intelligence systems to integrate the entire process with real
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world applications. It stands for Reasoning and Acting which is used to generate reasons
and track them to perform task specific actions. The first step of generating the reasons
of thoughts and then communicate with other software tools and databases for making
proper interaction to decide the action so that LLMs can do the tasks efficiently by
following the multistep process [19]. React aids Large Language Models for taking
accurate decisions in various domains such as healthcare industries, legal issues and
finance by combining the data and reasoning [20]. Generally, ReAct as a framework used
to integrate other tools to make the decision effectively [21]. A new prompt is proposed
by Zhang C et.al.,[18] with explicit explainable ability called Tree Prompt. In this
approach he converted the complex sentences into a tree with reasoning. Using the
bottom-up manner then the prompts are generated. Here, in this entire process, the
intermediate nodes allow us to know the reasoning process.

The ReAct combines the reasoning and acting for solving complex tasks which can make
use of Memory for storing the action of the previous ones and also interact with other
external tools to retrieve the information from databases to execute real time
applications. The ReAct is compared with standard prompting method and the
important points are tabulated as follows:

Table 2: Difference between Standard Prompting and ReAct Prompting

SL.No Standard Prompting ReAct Prompting
o ) Multistep reasoning and acting are
1 This is a single step method P .g &
combined
It suits for straightforward It is used to iterative, complex
2 . . .
queries situations
. . Actions are taken based on the
3 Provides static responses . .
intermediate reasons
Operates in the closed Able to interact and communicate
4 environment with external tools and systems

The Fig : 13 gives the clear picture of standard prompting and ReAct prompting through
example.

Example: Standard Prompting vs. ReAct
Scenario: Booking a Multi-City Trip
e Standard Prompting:
* Query: "Plan a trip to Istanbul and Cappadocia.”
= Response: Static itinerary with general suggestions.
e ReAct Prompting:
* Step 1 (Reasoning): Thinks: "I need flight and hotel details for Istanbul and Cappadocia.”
* Step 2 (Acting): Looks up flight schedules and costs.
* Step 3 (Reasoning): Evaluates if the itinerary fits the budget and timeline.

e Step 4 (Acting): Suggests changes or finalizes the trip.

Fig 13: Example for ReAct Prompting
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Hence, the prompting techniques can be fine-tuned to optimize the responses from the
Al models.

4. Evaluation of AI Responses through Prompt Engineering

Evaluation of Al responses can be assessed by the success of effective prompts crafting
through the results produced and refined for better output. Evaluation played a
foremost role for producing effective prompts so that the final outcome could be a
better one for continuous improvement.

4.1 Evaluation Metrics
Generally, Metrics are used to evaluate the performance of the prompts. The evaluation
metrics are classified as Quantitative and Qualitative metrics.

4.1.1 Qualitative Metrics

It is used to evaluate the subjective nature of the responses and mainly focusing on the
quality, coherence and the relevancy of the output. Relevant is the measurement of the
response and verify how the output match with the expected content of the prompt.
Sometimes, if we are using simple standard prompting technique, we may get response.
But we need to check the relevancy of the response. Suppose, we are using some
advanced technique for crafting the prompts, we definitely get the response which may
have 9o% accuracy. Hence the relevant information only concentrated will produce
more accurate result. Coherence is also considered as a metric for measuring the
logical flow and consistency of the responses. Here, in the response, the logical
connection of sentences is measured. Completeness can also be measured by verifying
the responses of the prompt in all aspects. Depth is also considered as an important
qualitative metrics to measure the richness of the response. Fluency is used to measure
the grammar of the response in terms of spelling, meaning and readability with
structure. The creativity and novelty of the responses are measured by Originality.

4.1.2 Quantitative Metrics

This is used only for measurable information of Al generated responses. It is for
evaluating the performance of the dataset, compare the results of various techniques
and the consistent results of the model. Accuracy is measured for calculating the
correctness of the response. Generally used to check the reality of the tasks such as
classification, knowledge retrieval and question and answering. Efficiency can also be
measured by calculating the response time or token usage. The measurement units such
as Precision, Recall and F1 Score are used to check the relevancy of the results. The
BLEU score, ROUGE score used to measure the quality of the text in task specific
applications such as text summarization and text or content generation. The Perplexity
measures the fluency and predictability of the response. The Diversity can be
measured the variability of responses generated from a given prompt.

97 | www.scope-journal.com



Scope
Volume 15 Number o4 December 2025

4.2 Evaluation Methods

Evaluation involves manual, automatic and hybrid methods. The manual evaluation
suits to assess the qualitative aspects of the Al response. The Automated Evaluation is
meant for quantitative metrics such as ROUGH, BLEU for task specific applications. The
hybrid evaluation is the combination of manual and automated evaluation for getting
balanced responses. Human can evaluate certain things manually like feedback
collection for iteratively refining the prompts.

4.2.1. Steps to Evaluate Al Responses
Al responses are evaluated by using the following steps:
¢ Define the result of the prompt
¢ Generation of responses using various techniques such as CoT, ToT and ReAct.
¢ Do the evaluation using quantitative and qualitative metrics
e Analyse the performance of the prompt
e Refine the prompt

Using the Annotation tool, the qualitative scoring are calculated and using the tools for
evaluating metrics such as BLEU, ROUGH in hugging face, NLTK/Spacy packages can
also be used. Using OpenAl Evaluation API, the fluency, relevance and coherence scores
are calculated.

5. Use cases

The use cases refer to the specific task and domain to achieve the expected result. In
Large Language Models the use cases are used to design a structure of the Al response in
a proper way by defining the clear task to enable the effective prompting. Some of the
use cases can be applied for effecting prompting as follows:

1. Text summarization 2. Translation
3. Question Answering 4. Academic Assistance
Content Creation/generation 6. Code generation and

7. Sentiment Analysis Customer support automation

) 10. Education - for tutoring or
9. Story generation )
learning support systems

Creative work - Story telling or p. Product development- virtual
content generation assistant, chatbot

Some of the examples

Ex:
e Asa customer support executive, explain the delay in delivery.
e Write about your product focusing on sustainability.
e Suggest the best scheme for recharging the mobile phone.
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5.1 Challenges and Limitation

The main challenges for creating effective prompting to collect the Al responses as

follows:

¢ Ambiguity: The prompts may not produce relevant information as a response.

e Consistency: Maintaining consistency in the intermediate responses can be
difficult.

e Managing Bias: Due to bias in the dataset. the result also contains the bias

5.2 Comparison of Various prompting techniques
Taking some tasks various prompting techniques are applied and the performance are
evaluated.

Prompt for Summarization:

"Summarize the following article on global warming in 3-4 sentences, focusing on the causes, effects,

and the need for action."

Al-Generated Summary:

"Global warming is the long-term increase in Earth's temperature caused by human activities,
particularly the burning of fossil fuels that release greenhouse gases like carbon dioxide. This has led
to rising temperatures, more frequent heatwaves, melting ice caps, and rising sea levels, which
threaten ecosystems and human populations. Without significant reductions in greenhouse gas
emissions, the world faces catastrophic consequences, including extreme weather, droughts, and

food shortages. Immediate global action is essential to slow warming and reduce the worst impacts.”

Fig 14: Text Summarization example

Task 1: Text Summarization is the task in which by taking lengthy document or content
and generate a precise or concise text without losing the important information.

The various prompting techniques such as standard prompting, Chain of Thought, Tree
of Thought and ReAct are applied to summarize the task and the techniques are
evaluated. The results are tabulated as follows: The Fig: 14 example for text
summarization is given. The performance evaluation of text summarization task is
tabulated. According to Table 3, the Tree of Thought (ToT) techniques show the better
results.

Table : 3 Text Summarization Performance Evaluation

Techniques | Relevant | Coherent | Accuracy | Time(ms) | Tokens used
Standard
an a.r 7.7 7.9 84% 100 150
Prompting
Chain of o
. 1 1 2
Thought 90 9 907 o0 >0
Tree of % 120 200
ReAct 9.1 9.2 89% 125 250

Task 2: Solving the puzzles
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Finding the solution for a puzzle is not only challenging job but also time consuming
one. There are different types of puzzles such as sudoku, word puzzles and logical
puzzles (Tower of Hanoi..)In this task, applying various advanced techniques for prompt
generation and the performance of all the techniques are analysed and the values are
tabulated in Table: 4.

s _ _ | - _ _ 1 _ _ =8 512 | 26 7| 9 a4as
__ =219 _ _ 1 _ _ 8 43| 925 |6 7 1
I - S - 6 79 | 184 | 5 2 3
2 1 - _ 1 a 9= 235 | 716 | a8 9
1 s 0 o 784 | 259 | 136
1 | [ 196 | 843 | 75 2
s | a | = 2 51 | 4a9=s8 | 26 7
s | > | = 96 8 | 57 2 | 3 1a4a

a Iii | = 427 | 631] 89-s

(a) (b)

Fig: 15(a) Puzzle & 15(b) Solution

Generally, puzzles can be solved by using ToT technique. Here, the multiple solutions
are generated to analyze the various possibilities and evaluate each and every path. By
focusing on the solutions fewer promising paths are deleted and the entire process is
repeated to find out the optimal solution.

Table 4: Performance analyses of Puzzle problems

Standard Chain of Tree of Thought
Type of Puzzle Prompt Thought (ToT)
(CoT)
Sudoku 63% 77% 88%
Logical Puzzles 54% 76% 88%
Tower of Hanoi 53% 72% 84%

The evaluation metric can also be calculated by using the score. For Example to get the
customer feedback about a product the range is assigned to each and every qualitative
metric and the ranges are tabulated as in the Table 5.

Table 5: Evaluation

Metric Score(1-5) Comments
Relevance 5 Directly addresses causes of climate change.
Coherence 4 Logical flow good
Completeness 5 Main points are covered
Depth 3 General information

Each and every prompting technique has its own advantages and has some special
characteristics. In the text summarization problem, all type of prompting techniques
produces better results, the standard prompting technique shows the good results and
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to solve the puzzle problems, the Tree of Thought (ToT) produces better results and the
Maths problems the chain of Thought (CoT) performs good. For making proper
interaction, ReAct will produce better results.

Hence, each and every prompting technique can perform well and the final results are
enhanced by choosing the right technique to solve the right problem for getting the best
performance.

6. Conclusion and Future directions

Improving the productivity and quality of the prompts by enhancing the Al responses
through the effective crafting of prompts. The prompt engineering played a major role
for maximizing the performance and utilization of large language models. Applying all
the principles of prompting for crafting an effective prompt is the foremost requirement
of prompt engineering.

Crafting of prompts effectively is an important one for maximizing the utilization of
Large Language Models. Enhancing Al responses is about crafting prompts that align
with the desired output, from specific, structured answers to more open-ended creative
content.

The prompt engineering field gives scope for many advancement in Artificial
Intelligence field and the focus of the research can be the optimization of automatic
prompt and dynamic prompting techniques. By taking the previous values continue the
task to finish the work is the need of an hour. Refining it and redefining the prompts
with the expected outcome in a concise way.
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