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INTRODUCTION

In the past few years, generative AI has quickly 

transformed from a specialized area of study to 

something that many of us use daily, whether it be 

through virtual assistants, chatbots, or writing tools. 

This change is the result of a talent known as prompt 

engineering [1]. Prompt engineering is ultimately 

just about figuring out how to "talk" to AI in a way 

that produces the best outcomes. 

These models, whether DeepSeek, Gemini, or GPT-

4, require some direction, and the way you ask a 

question can have a significant impact on the 

response you receive [2].

As these models become smarter and more capable, 

prompt engineering is becoming even more 

important. Whether you're building a chatbot, 

generating code, creating content, or developing an 

educational tool, the quality of the model’s output 

often comes down to how well it’s prompted[3]. 

Sometimes, even a small tweak in wording or format 

can completely change the result, which makes 

prompt design a powerful yet often overlooked part 

of working with AI[4].

Prompt engineering is still very much a work in 

progress. There’s no single recipe that always does 

the trick. Methods like Zero-shot, Few-shot, and 

Chain-of-Thought all have their pros and cons, and 

the right choice depends on the task and the model 

you’re using [5], [6], [7]. 

The real challenge is that we don’t yet know exactly 

how these prompts behave once you leave the lab. In 
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real-world settings, it’s not just about getting the 

right answer.  it’s about whether the system helps 

users[8], fits into business goals, and holds up at 

This paper takes a dual-focused approach to explore 

prompt engineering from both a technical and 

practical perspective[1]. First, we compare three 

widely used prompting strategies—Zero-shot, Few-

shot, and Chain-of-Thought across tasks like 

question answering, code generation, and logical 

reasoning to see how each performs in different 

contexts[6]. Then, we look at how prompt 

engineering is being used in real-world applications, 

from AI-based customer service systems to 

education platforms[4]. By combining practical 

experiments with real industry examples, this paper 

offers a clearer understanding of  prompt 

engineering, both as a technical method and as a 

growing part of how AI is being applied in everyday 

tools and services.

LITERATURE REVIEW

A. Understanding Prompting Techniques

Prompt engineering has quickly become something 

you can’t ignore if you’re working with large 

language models (LLMs). As these models become 

scale. It’s that added complexity that makes prompt 

engineering such a fascinating and fast-moving 

field [4], [9].

Figure I. A timeline tracing how prompt engineering has evolved, from simple zero-shot 

prompting in 2020 to more advanced methods like soft prompting and instruction tuning 

that began emerging around 2023 and beyond.

more intelligent, the way you ask a question 

influences the response you receive. Researchers 

and developers have therefore devoted a great deal 

of time to determining the most effective prompting 

styles. The three that are most frequently discussed 

are Chain-of-Thought, Few-shot, and Zero-shot.

Zero-shot is the most basic kind of prompting, in 

which you simply ask a question to the model 

without providing any examples. For example, 

"What is Japan's capital?" This is effective for easy 

tasks, but it may not be sufficient for more 

complicated ones that require reasoning.[5].

Few-shot prompting gives the model a bit of help. 

You include a few examples first, so it can pick up on 

the pattern before answering. It’s more reliable than 

zero-shot in many cases, but the results still depend a 

lot on which examples you give and how you 

present them[10].

Chain-of-Thought (CoT) prompting involves 

having the model go through its reasoning step by 

step. This makes it particularly helpful when 

tackling logical or mathematical problems, when the 

method is just as important as the solution. A 2022 

study led by Jason Wei showed that this approach 

Every method brings something unique. The best 

choice depends on the task and the model you use, as 

one approach may not be suitable for all [3], [7].

B. Benchmarks and Experimental Evidence

To understand how different prompting strategies 

work in real-life situations, researchers have put 

them to the test. OpenAI's GPT-3 paper , [10]

"Language Models are Few-Shot Learners," found that 

giving the model just a few examples, known as few-shot 

prompting, helped it perform surprisingly well on tasks 

led to much better results on math benchmarks like 

GSM8K, especially when used with larger models 

like GPT-4 and PaLM.[6].

Figure II. Comparison of Zero-shot, Few-shot, and Chain-of-Thought prompting 

techniques with example structures and tasks.

such as translation and question-answering, even without 

any additional training. Later, a 2022 study called 

Chain of Thought Prompting Elicits Reasoning in Large 

Language Models by Jason Wei and his team took this 

a step further . They showed that when the model [6]

is asked to explain its thinking step by step—using a 

method called Chain-of-Thought prompting—it 

does much better on more complex problems, 

especially when using larger models like PaLM and 

GPT-4.

Figure III.  Accuracy comparison of prompting methods on the GSM8K 

benchmark from Wei et al. (2022).

95

IPEM JOURNAL OF COMPUTER APPLICATION & RESEARCH  * VOL. 10, DECEMBER 2025



PROMPT ENGINEERING IN GENERATIVE AI: .....

94

real-world settings, it’s not just about getting the 

right answer.  it’s about whether the system helps 

users[8], fits into business goals, and holds up at 

This paper takes a dual-focused approach to explore 

prompt engineering from both a technical and 

practical perspective[1]. First, we compare three 

widely used prompting strategies—Zero-shot, Few-

shot, and Chain-of-Thought across tasks like 

question answering, code generation, and logical 

reasoning to see how each performs in different 

contexts[6]. Then, we look at how prompt 

engineering is being used in real-world applications, 

from AI-based customer service systems to 

education platforms[4]. By combining practical 

experiments with real industry examples, this paper 

offers a clearer understanding of  prompt 

engineering, both as a technical method and as a 

growing part of how AI is being applied in everyday 

tools and services.

LITERATURE REVIEW

A. Understanding Prompting Techniques

Prompt engineering has quickly become something 

you can’t ignore if you’re working with large 

language models (LLMs). As these models become 

scale. It’s that added complexity that makes prompt 

engineering such a fascinating and fast-moving 

field [4], [9].

Figure I. A timeline tracing how prompt engineering has evolved, from simple zero-shot 

prompting in 2020 to more advanced methods like soft prompting and instruction tuning 

that began emerging around 2023 and beyond.

more intelligent, the way you ask a question 

influences the response you receive. Researchers 

and developers have therefore devoted a great deal 

of time to determining the most effective prompting 

styles. The three that are most frequently discussed 

are Chain-of-Thought, Few-shot, and Zero-shot.

Zero-shot is the most basic kind of prompting, in 

which you simply ask a question to the model 

without providing any examples. For example, 

"What is Japan's capital?" This is effective for easy 

tasks, but it may not be sufficient for more 

complicated ones that require reasoning.[5].

Few-shot prompting gives the model a bit of help. 

You include a few examples first, so it can pick up on 

the pattern before answering. It’s more reliable than 

zero-shot in many cases, but the results still depend a 

lot on which examples you give and how you 

present them[10].

Chain-of-Thought (CoT) prompting involves 

having the model go through its reasoning step by 

step. This makes it particularly helpful when 

tackling logical or mathematical problems, when the 

method is just as important as the solution. A 2022 

study led by Jason Wei showed that this approach 

Every method brings something unique. The best 

choice depends on the task and the model you use, as 

one approach may not be suitable for all [3], [7].

B. Benchmarks and Experimental Evidence

To understand how different prompting strategies 

work in real-life situations, researchers have put 

them to the test. OpenAI's GPT-3 paper , [10]

"Language Models are Few-Shot Learners," found that 

giving the model just a few examples, known as few-shot 

prompting, helped it perform surprisingly well on tasks 

led to much better results on math benchmarks like 

GSM8K, especially when used with larger models 

like GPT-4 and PaLM.[6].

Figure II. Comparison of Zero-shot, Few-shot, and Chain-of-Thought prompting 

techniques with example structures and tasks.

such as translation and question-answering, even without 

any additional training. Later, a 2022 study called 

Chain of Thought Prompting Elicits Reasoning in Large 

Language Models by Jason Wei and his team took this 

a step further . They showed that when the model [6]

is asked to explain its thinking step by step—using a 

method called Chain-of-Thought prompting—it 

does much better on more complex problems, 

especially when using larger models like PaLM and 

GPT-4.

Figure III.  Accuracy comparison of prompting methods on the GSM8K 

benchmark from Wei et al. (2022).

95

IPEM JOURNAL OF COMPUTER APPLICATION & RESEARCH  * VOL. 10, DECEMBER 2025



Some research has also focused on real-world 

challenges. For instance, in Large Language Models 

Are Zero-Shot Reasoners, Tomoya Kojima and his 

team found that Chain-of-Thought prompting tends 

to make responses longer . That might not [5], [11]

sound like a big deal, but in real-world applications, 

it can slow things down or even drive up costs. Other 

studies comparing GPT-4 with open-source models 

like DeepSeek and LLaMA 3 show that the same 

prompting technique doesn't always work the same 

way . Each model responds a bit differently, [11]

depending on how it was trained, so there's no one-

size-fits-all approach .[12]

C .  P r o m p t  E n g i n e e r i n g  i n  R e a l - W o r l d 

Applications

Outside research labs, prompt engineering has a big 

role in helping industries use AI. In customer 

service, businesses design specific prompts to make 

chatbots respond with empathy and accuracy .  [13]

For example, Intercom relies on prompt chains to 

help AI grasp what users mean and follow 

company rules.

Creative tools like Jasper or Notion AI also use 

prompt layering, multiple prompts stacked or 

refined in sequence, to maintain tone, style, and 

context . These real-world implementations [14]

often depend on trial-and-error refinement, rather 

than academic benchmarks, highlighting the 

difference between theoretical performance and 

production effectiveness . [15]

D. Gaps between Technical and Practical Use

Despite all the available research, one thing stands 

out. There's a difference between how prompting is 

supposed to work in theory and how people use it. 

Researchers usually emphasize benchmarks and 

precise results[16]. Businesses, however, often 

prioritize tone, dependability, customer happiness, 

and keeping costs low. Real-world prompting tends 

to be messier, more iterative, more context-driven, 

and harder to evaluate with standard metrics.

Moreover, most existing studies evaluate prompts 
on isolated tasks, rather than in full workflows. 
There's little research that connects prompt design to 
l o n g - t e r m  p r o d u c t  p e r f o r m a n c e  o r  u s e r 
feedback[17]. That makes it harder for developers or 

businesses to know which prompting strategy to 
choose or how to scale it effectively.

This paper aims to bridge that gap. By combining 
experimental comparisons of prompting techniques 
with an analysis of how they're used in real systems, 
we hope to bring together both sides of the 
conversation technical performance and practical 
impact[12].

METHODOLOGY

A .  C o m p a r a t i v e  A n a l y s i s  o f  P r o m p t i n g 
Techniques

This part of the study explores how different 
prompting strategies perform by comparing three 
widely used methods: Zero-shot, Few-shot, and 
Chain-of-Thought (CoT). These techniques are 
tested across several well-known generative AI 
models and a variety of tasks to see how they hold up 
in different scenarios. 

Prompt Styles

• Zero-shot prompting tells the model to follow 
directions without providing examples for 
guidance. The job depends on the model's 
existing knowledge to work things out .[5]

• Few-shot prompting provides a few examples 
of how inputs and outputs should look. These 
examples help the model notice patterns and 
answer in a similar way[10].

• Chain-of-Thought (CoT)By asking the model 
to explain its reasoning in detail before 
responding, prompting provides additional 
guidance. This is effective for tasks requiring 
logical reasoning.[6].

Models Compared

The performance of the following large language 
models is examined in the analysis:

• GPT-4 (OpenAI)

• DeepSeek V2

• Gemini 1.5 Pro (Google)

Types of Tasks

We test each combination of the model and prompt 
method in four key areas:

• Math Word Problems — we use datasets like 
GSM8K that need step-by-step thinking and 
logical problem-solving[18].

PROMPT ENGINEERING IN GENERATIVE AI: .....
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Figure IV. Prompting strategies used in real-world tools across education, customer 

service, and content creation are based on how actual products guide conversations and 

generate responses.

• Coding Challenges — Tasks include basic 

coding in Python or JavaScript, like finding 

factorials, creating Fibonacci sequences, or 

sorting lists[19].

• Summarization — condensing lengthy texts 

into concise versions while retaining the main 

ideas[20].

• Question Answering — Giving straight-to-the-

point or factual replies based on the provided 

text.

How We're Measuring Performance

We evaluate each approach using a fair and 

consistent process.

• Accuracy - Is the information provided clear 

and correct?

• Token Efficiency - How helpful is the response, 

and how well does it balance the word count?

• Robustness - can the system handle small 

changes in the wording of the question while 

still working well?[21]

B. Real-World Case Study: Prompt Engineering's 

use in industry.

This section examines the ways prompt engineering 

is used in teaching, customer service, and creative 

tools outside of research settings. It extends beyond 

controlled experiments to demonstrate practical use 

when users interact with these devices daily .[8]

 Consider schools. Khanmigo, created by Khan 

Academy, helps students learn logical reasoning 

and walks them through every step of the process 

while also solving math problems . Customer [14]

support tools like Intercom use smart prompts to 

figure out user questions and give answers that 

match company rules . Creative programs like [22]

Jasper and Notion AI focus on matching the tone and 

style of content so it feels like it came from the 

company .Writing good prompts is not just about [23]

technical accuracy. Good prompts require clarity 

towards your idea and also the skills of using the 

AI tool.

RESULTS

When we tested Zero-shot, Few-shot, and Chain-of-

Thought prompting, some clear patterns stood out. 

Each method had its strengths depending on the task 

and the model, and here are some of the most 

important takeaways:
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Figure V.  A side-by-side look at how different prompt styles perform across common tasks like solving problems, writing 

code, summarizing text, and answering questions.

Figure VI. A simple guide to choosing the right prompting 

approach based on the type of task whether it's creative, 

factual, or reasoning-based

DISCUSSION

A.  When is a few-shot better than Zero-shot?

Few-shot prompting showed better results than 

Zero-shot in every task studied here[10]. The main 

reason is that Few-shot examples allow models to 

build context and understand the structure of 

responses more[5]. This becomes even more 

noticeable with tasks such as summarization and 

question answering, where keeping a consistent 

format and tone plays an important role. Even for 

simpler math or code problems, seeing a few 

structured examples helps guide the model's 

response more reliably than abstract instructions. 

However, Few-shot does come at the cost of token 

length and sometimes reduced flexibility, making it 

less suitable when low latency or token limits are 

priorities [24].
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B.  Is Chain-of-Thought Always Helpful?

Chain-of-Thought prompting fits well when a task 

needs careful reasoning, like doing math or writing 

code[6]. It helps break problems into smaller steps, 

which makes the thought process clearer. This 

approach can also lower the chances of missing 

important parts. When solving math problems using 

CoT, accuracy improves by more than 20% 

compared to Zero-shot methods[5].

However, CoT does not work better in every case. 

Few-shot prompting can sometimes do a better job at 

tasks like giving summaries or answering questions. 

CoT's "thinking out loud" process may add extra 

details, which might not be helpful for short and 

simple replies where efficiency matters more[25].

C.  Gaps between Theory and Practice

There's still a gap between results from labs and real-

world usage. Researchers focus on how precise their 

methods are[14], but businesses care about different 

things. They care if the answers seem natural, meet a 

goal, reflect their brand's style, and are cheap to 

implement [26].

Those working in the field learn by experimenting 

with prompts and tweaking them as they go. They 

keep improving them based on what users say. 

Benchmarks cannot show this type of learning as it 

occurs in real time. To address this issue, better ways 

are needed to judge the quality of prompts. These 

ways should look at not just accuracy but also how 

clear the results are, how useful they are, and 

whether they match the intended goal [25]. 

CONCLUSION

This paper examined prompt engineering by 

exploring its technical aspects and its use in real-life 

applications. It compared various methods of 

prompting and how industries apply them. Tests

 on models like GPT-4, DeepSeek, and Gemini 

showed that Chain-of-Thought prompting performs 

well. COT is good at handling tasks that involve 

reasoning.

Few-shot prompts work better when tasks require 

clear answers or a specific structure. It's often used to 

summarize text or answer direct questions. This 

approach shows up both in practical tools and 

research projects. For instance, Khan Academy's 

Khanmigo and Intercom use Chain-of-Thought 

prompts to guide users step-by-step. This helps 

users think and understand the reasoning behind 

each part.

Meanwhile, platforms like Jasper use Few-shot 

prompting to keep the tone and style of their content 

steady.

Prompt engineering in real-life situations tends to be 

more complicated than what academic tests show. It 

r e q u i r e s  o n g o i n g  t w e a k i n g  o f  p r o m p t s , 

experimenting, adding step-by-step instructions, 

and preparing backup strategies to deal with 

surprising replies.
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methods are[14], but businesses care about different 

things. They care if the answers seem natural, meet a 

goal, reflect their brand's style, and are cheap to 

implement [26].

Those working in the field learn by experimenting 

with prompts and tweaking them as they go. They 

keep improving them based on what users say. 

Benchmarks cannot show this type of learning as it 

occurs in real time. To address this issue, better ways 

are needed to judge the quality of prompts. These 

ways should look at not just accuracy but also how 

clear the results are, how useful they are, and 

whether they match the intended goal [25]. 

CONCLUSION

This paper examined prompt engineering by 

exploring its technical aspects and its use in real-life 

applications. It compared various methods of 

prompting and how industries apply them. Tests

 on models like GPT-4, DeepSeek, and Gemini 

showed that Chain-of-Thought prompting performs 

well. COT is good at handling tasks that involve 

reasoning.

Few-shot prompts work better when tasks require 

clear answers or a specific structure. It's often used to 

summarize text or answer direct questions. This 

approach shows up both in practical tools and 

research projects. For instance, Khan Academy's 

Khanmigo and Intercom use Chain-of-Thought 

prompts to guide users step-by-step. This helps 

users think and understand the reasoning behind 

each part.

Meanwhile, platforms like Jasper use Few-shot 

prompting to keep the tone and style of their content 

steady.

Prompt engineering in real-life situations tends to be 

more complicated than what academic tests show. It 

r e q u i r e s  o n g o i n g  t w e a k i n g  o f  p r o m p t s , 

experimenting, adding step-by-step instructions, 

and preparing backup strategies to deal with 

surprising replies.
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