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ABSTRACT: Language models have revolutionized natural language processing by greatly improving text generation and 

comprehension. Optimizing their functioning is related to how one designs prompts because the kind and quality of response 

produced affects the nature of response that is generated. This article explores the impact of prompt length and specificity on AI 

chatbots' capabilities concerning accuracy, fluency, and relevance of generated responses. We present evidence that careful prompt 

engineering is severely lacking to improve conversational performance, and illustrate this using studies and experiments on the 

Cornell Movie Dialogs Corpus; thus, providing interesting guidelines to the developers and researchers interested in improving 

chatbot responses 
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I. INTRODUCTION 

Especially in deep learning, language models have served as a linchpin of progress in NLP and AI. They have become central to 

many applications today, from machine translation to summarization or conversational agents. A crucial part in these applications 

lies in the input queries in order to obtain certain and relevant responses from the model.  

Recent research has pointed out the importance of prompt properties in relation to model performance. For instance, based on” 

Large Language Models are Zero-Shot Reasoners” [3] it can be established that well-designed prompts enable models to perform a 

task without ever having been trained on that task. Another paper,” Chain-of-Thought Prompting Elicits Reasoning in Large 

Language Models” [11] has lately shown how structured prompt’s structure can be helpful in enhancing the reasoning capabilities 

of these models.  

This review, therefore, will shed some light on how it is that variations in the prompt’s specificity and the length do make a 

difference in AI chatbot performances. Along the way, relevant studies about variables and experimental data provide valuable 

insights into how things behave or respond in different situations, which they shape the accuracy, fluency, and relevance of chatbot 

responses. This would be with respect to researching” The Power of Scale for Parameter-Efficient Prompt Tuning” [4]and” 

Knowledgeable Prompt-Tuning: Incorporating Knowledge into Prompt-Based Learning” [1], for the full understanding of how to 

create an effective prompt.  

On this ground, Jiang et al. proposed automated techniques in prompt generated with explanation of a motivation for prompt 

optimization for knowledge elicitation from language models.[2] The survey by Liu et al.,” Prompt-based learning in Natural 

Language Processing. Most of it discusses aspects that have to deal with designing prompts well and making the best utilization of 

the answers as presented by the prompts. They underlined major challenges facing prompt optimization, understanding and 

generalization early enough, which will be difficult for future investigations in this field.[10]  

The paper will discuss how reworded prompts affect chatbot responses. More specifically, by using the Cornell Movie Dialogs 

Corpus, this process can be automated to test chatbots with different perspectives to understand precisely how differences in length 

and specificity affect the response. This shall allow to get an idea on what really works in chatbot performance. One major takeaway 

from this research is that advancing conversational agents depends on thoughtfully designed methods and deep understanding in 

language models, rather than placing blind trust in those.  

 

https://doi.org/10.47191/ijcsrr/V7-i9-61
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/


International Journal of Current Science Research and Review 

ISSN: 2581-8341    

Volume 07 Issue 09 September 2024  

DOI: 10.47191/ijcsrr/V7-i9-61, Impact Factor: 7.943   

IJCSRR @ 2024  

 

www.ijcsrr.org 

 
 

7422  *Corresponding Author:  Chandana G                                                      Volume 07 Issue 09 September 2024 

                Available at: www.ijcsrr.org 

                                                              Page No 7421-7428 

II. OBJECTIVES 

The paper seeks to establish how the prompt’s length influences the response quality elicited from different AI-powered chatbots. 

The intention is to find out if:  

 Understand How Prompt Length Affects Response Quality: Examine the accuracy, fluency, and relevance responses of 

chatbot with respect to length of varying prompts in the light of findings from previous research papers.  

 Determine the Efficient Prompt Length: What one has to do is find out the ideal length of the prompt: how long it has to 

be to give enough context without going on and on, thus overwhelming it with information—all for high-quality responses.  

 Evaluate Different Chatbot Models: Comparing AI-chatbots involves evaluating how accurately and naturally they answer 

questions. (e.g., BERT-based) w.r.t. responding to varying prompt lengths, as explored in the papers.  

 

III. LITERATURE REVIEW 

The present research is informed by an exhaustive review of the current literature on prompt engineering and its impact on the 

performance of language models. It is supported by a valuable bibliography that also contributes major insight into the subject at 

hand.  

The Power of Scale for Parameter-Efficient Prompt Tuning [4] It investigates how increasing the size of language models 

affects the efficiency and effectiveness of prompt tuning. The authors show how larger models achieve far higher performance, 

sometimes using fewer parameters. From the results, it is very clear that the efficiency of the prompt-based learning method is 

strongly dependent on the scale. [4].  

Knowledgeable Prompt-Tuning: Incorporating Knowledge into Prompt Based Learning [1] The authors of the current 

paper propose a way to integrate external knowledge into prompt-based learning. That is to say, this approach enables adequate, 

concise and coherent responses by grounding prompts through structured knowledge. This brings together the raw language model 

responses and rich informative knowledge responses, realizing large gains in task performance. [1].  

       Unleashing the Potential of Prompt-Based Learning with Transformers [9] This has implications for the overall 

generalization of transformer-based models in prompt-based learning, further excavating the strengths and versatility of those 

models. With well-designed prompts, the authors were able to show that transformer-based models can actually help realize results 

at par with the very best on a broad range of NLP tasks. What this paper teaches is that good designing of the prompt is all that is 

needed to unlock the store of potential within these transformers.[9].  

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models [11] Their NeurIPS 2022 paper measures how 

this ordering can help make a rational sequence of prompts to improve the complex handling of tasks by models. It would show that 

this broke down tasks into ordered steps that increase accuracy and gain coherent reasoning in language models. This has a great 

potential value to be gained for problems where the solution involves number of steps. [11].  

Large Language Models are Zero-Shot Reasoners [3] The paper shows how language models can be used for reasoning tasks 

in ways similar to few-shot-trained models. The models did pretty well on zero-shot learning and were able to adapt very fast to 

new tasks. That could be quite surprising: just how little prompt engineering these advanced reasoning tasks require. [3].  

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in NLP [5] This survey provides in-depth 

coverage of different methods of NLP prompts. The authors classify and contrast prompt designs—right from the simplest fill-in-

the blank formats to other more complex and task-specific approaches. The outline the capabilities and the flaws of each, providing 

insight into how a diversity of these techniques can be used in steering model performance toward desirable outcomes on multiple 

applications. [5].  

Large language models are human-level prompt engineers [15] The paper” Large Language Models are Human-Level 

Prompt Engineers” shows how self-manually optimized prompts can achieve or even excel beyond human limits in a wide variety 

of tasks. It has been shown, using state-of-the-art optimization techniques with sparse human input, that LLMs excel at handling 

natural language instructions and show huge potential for improving a wide range of AI applications.[15].  

A Prompt Pattern Catalog to Enhance Prompt Engineering with ChatGPT [12] This paper elaborates on the framework 

for designing and categorizing the prompt patterns for LLMs, reviewing respective related work with explanatory features of 

practical implementations, emphasizing that continuous refinement is therefore required as technologies evolve. This paper shows 

future research directions toward the enhancement of prompt engineering.[12].  
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      Conditional prompt learning for vision-language model [13] The paper” Conditional Prompt Learning for Vision-Language 

Models” illustrates how Co-op dynamically conditions prompt on specific examples to improve CLIP. Besides, it improves 

adaptability, and generalization, and sometimes even surpasses traditional static prompts across many tasks and datasets. 

Conditional prompt learning can make pre-trained models flexible and effective in various real-world applications, Co-op points 

out.[13].  

Training language models to follow instructions with human feedback [8] This paper describes how Instruct GPT makes 

language models more effective by adding detailed instructions and human feedback. That enables models to understand and track 

user requests more precisely, therefore turning out relevant responses, in contrast to what GPT-3 does. This, however, touches on 

some vital ethical and practical issues related to how this will be applied in practical situations.[8].  

Learning to prompt for vision-language models [14] This paper reveals that automating prompt engineering with LLMs can 

achieve or even exceed human-level performance in tasks such as instruction following and reasoning. In this way, it gives more 

flexibility to LLMs and forebodes some really exciting developments for AI applications and future models.[14].  

       Auto Prompt: Eliciting Knowledge from Language Models with Automatically Generated Prompts [11] This paper posits 

that it is through the usage of fill-in-the-blank prompts that find techniques employed in making the operation of the model come 

to light very effective and useful for doing well with salient tasks like sentiment analysis or knowledge extraction without the 

associated process of fine-tuning.[11].  

How Can We Know What Language Models Know? [2] The paper traces the development of language models from when 

they were first conceived for generating text to today, which is for deep understanding of the text. It shows how the shift has been 

from feature extraction to natural language queries for understanding. The paper proposes automatic construction with selection of 

prompts to probe for knowledge, which greatly mitigates the challenge of poor prompt quality and experimenter biases.[2].  

P-Tuning v2: Prompt Tuning Can Be Comparable to Fine-tuning Universally Across Scales and Tasks [2] In the paper 

titled” P-Tuning v2: Prompt Tuning Can Be Comparable to Fine-tuning Universally Across Scales and Tasks,” a technique through 

continuous prompts across multiple layers of a pre-trained model was purposed. This works by enhancing the degree of performance 

on specific tasks that the model delivers, hence delivering results which are comparative to fine-tuning with less parameters, hence 

effective even for smaller models and tasks which are more complex.[6]  

 

IV. METHODOLOGY 

A. Collecting a Corpus of Chats and Collecting Responses from the Chatbot’s  

It will use the Cornell Movie Dialogs Corpus as a corpus of conversations. The reason for using that dataset is that dialogues 

are very diversified and rich in context; hence, proper in testing chatbot replies.  

Four AI models were used in the experiment:  

 DistilBERT: This is similar to BERT, but small, fast, and light, with much of the performance remaining.  

 BERT: It understands the context very deep and can reply aptly.  

 RoBERTa: A robust BERT approach outperformed BERT simply by training on larger datasets and longer sequences.  

 XLNet: An autoregressive transformer model that includes contextual information from previous and subsequent tokens 

but enjoys some of the benefits of autoregressive models.  

More specifically, bot models at each step will have to respond to a myriad of question types in varying lengths derived 

from the corpus. The next step is to collect and document these responses for analysis.  

B. Identifying the Measuring Criteria  

Responses were checked against the following criteria:  

 Specificity: How detailed and relevant the response was to the prompt.  

 Accuracy: Correctness of the information provided in the response.  

 Complexity vs. Accuracy: How the complexity level of the prompts influenced achieving such an accuracy rate.  

https://doi.org/10.47191/ijcsrr/V7-i9-61
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/


International Journal of Current Science Research and Review 

ISSN: 2581-8341    

Volume 07 Issue 09 September 2024  

DOI: 10.47191/ijcsrr/V7-i9-61, Impact Factor: 7.943   

IJCSRR @ 2024  

 

www.ijcsrr.org 

 
 

7424  *Corresponding Author:  Chandana G                                                      Volume 07 Issue 09 September 2024 

                Available at: www.ijcsrr.org 

                                                              Page No 7421-7428 

C. Measuring Response Accuracy  

In this study, response accuracy was rated manually. The language model responses were matched against correct or expected 

answers in a set. In this way, there would be a proper judgment and different dimensions of response quality would be grasped. 

Response accuracy was measured according to the following criteria:  

 Relevance: This dimension considers how thoroughly the response addresses the question or prompt. A relevant response 

must be on topic with limited irrelevant information and has supporting detail. Scores were lowered for off-topic responses 

even if the facts reported in them were accurate.  

 Correctness: This criterion assesses the factual accuracy of the response. A response is correct if the information given is 

true and corresponds to that expected. Every piece of factual inaccuracy, misconception, or error has been noted and lowered 

the accuracy score.  

 Completeness: This will check whether the response fully covers all the elements in the query. A comprehensive response 

is the one which has all details, including all parts according to the prompt. Partial answers, missing information, or 

incomplete responses eroded the score.  

1. Evaluation Process  

The language models tested here, namely, DistilBERT, BERT, RoBERTa, and XLNet, all have quite different 

performances when viewed theoretically against analytic difference and qualitative insight, rather than 

manual or automatic evaluation. Here is the analysis on the same:  

 Building the Theoretical Framework  

This was important in laying a solid theoretical framework at the beginning to guide expectations about 

the performance of the models. It gave an indication of how each model was supposed to perform 

depending on its architecture, training data, and previous research conducted using it with the different 

prompt types.  

 Creating Hypothetical Scenarios  

It generated hypothetical examples of how the models could act under different conditions, directed at 

the following points:  

 Prompt Length: How will each model respond to prompts of different lengths? That is, how 

would it respond to short, medium, and long prompts?  

 Specificity: How responses would differ between very broad and very narrow prompts.  

 Contextual Challenges: How well should models perform on deep-inference meaningful 

questions versus those that are merely fact-based?  

 Comparing Models Theoretically  

To elaborate, during the comparative analysis, consideration was given to the following:  

 Architectural Differences: How differences in their design have both biased the strengths and 

limitations of DistilBERT, BERT, RoBERTa, and XLNet.  

 Training Data: The divergent datasets in which each model was trained and how this affects 

performance as seen by the various types of prompts.  

 Historical Metrics: Used the comparisons on past performance data from other studies.  

 Visualizing Insights  

Graphical representations to give a feel for the results, including:  

 Capability Charts: Performance range for what could be expected of each of the models.  

 Scenario Outcome Graphs: Showing what would be expected in hypothetical results in 

various scenarios.  

 Synthesizing Findings  

Finally, all together in this in-depth discussion and underline:  

 Key Takeaways: Summary of some of the main insights provided by the theoretical and 

qualitative analyses provided.  

 Strengths and Weaknesses: Where specific model strengths or weaknesses were found.  
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 Future Research Directions: Possible further areas of inquiry that were identified for 

exploration after the analysis.  

2. Findings  

The following are usually learned through evaluation:  

 Longer and Specific Prompts: More increased accuracy scores, such as questions within wide-

ranging, divergent contexts, hold guidelines for language models in order to fit responses that are 

more suitable, correct, and complete.  

 Shorter Prompts: These, more often than not, were less accurate because less context was provided 

to realize more specific and detailed answers.  

 Model Performance: Of all responses to models, RoBERTa responses were most accurate, followed 

by BERT, then XLNet, and lastly DistilBERT. This hierarchy corresponds to their architectures and 

the scale of their training, thus showing how model complexity and the amount of pre-training data 

go hand in glove for the generation of quality responses.  

 

Table 1: Evaluation Criteria for Different Models 

Criteria Description DistilBERT BERT  RoBERTa  XLNet 

Relevance  Measures how well the response answers the 

prompt. 

Moderate  High  Very High  High  

Correctness  Evaluates how factually accurate the response 

is. 

Moderate  High  Very High  High  

Completeness  Assesses whether the response covers all parts 

of the prompt. 

Moderate  High  Very High  High  

Overall  Accu-  

racy  

An overall score that combines relevance, 

correctness and completeness. 

Moderate  High  Very High  High  

Longer Prompts  Evaluates how longer, more specific prompts 

affect response accuracy.  

Improved  Significant 

Improvement 

Significant 

Improvement 

Improved  

Shorter Prompts  Assesses impact of shorter, less detailed 

prompts on response accuracy.  

Reduced  Reduced  Less Reduced  Reduced  

 

D. Graphs and Visualizations  

These are some of the graphs plotted to help visualize the experiment results:  

Graph 1: Prompt length vs. response accuracy. It can be easily derived from this graph that a relationship exists between 

the length of the prompts and the accuracy of the response.  

Graph 2: Prompt specificity vs. response relevance. From the graph, a degree of specificity that prompts held towards 

the relevance of the responses is observed.  

Graph 3: Response time vs. prompt complexity. This graph indicates the change in response time for the chatbot with 

prompt complexity.  
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Figure 1: Prompt length vs. response accuracy 

 

 

Figure 2: Prompt specificity vs. response relevance 

 

Figure 3: Accuracy vs. prompt complexity 
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E. Response time  

Exploring the Synergy of Prompt Engineering and Reinforcement Learning for Enhanced Control and Responsiveness 

in Chat GPT. The focus of this paper is on enhancing the responsiveness of Chat GPT through prompt engineering and 

reinforcement learning. With refined input prompts, the model will generate more relevant, contextually appropriate responses. 

Perfect human feedback, explicit instructions, context, and structured templates improved BLEU scores and reduced perplexity, 

aligning model’s intentions with real user distributions. Finally, the Proximal Policy Optimizations algorithm optimized 

parameters based on feedback in reinforcement learning. Responsiveness generally improved across many domains for the 

realization of a more secure and efficient conversational AI capable of returning high-quality responses for activities in real life. 

[7].  

 

V. RESULT ANALYSIS 

In particular, experiments conducted to establish the influence of prompt length and specificity using DistilBERT, BERT, RoBERTa, 

and XLNet elicited very important facts. Evidently, BERT and RoBERTa always responded with the most accurate contextually 

relevant responses to changing prompt lengths and specificity, hence their robustness in handling complex prompts. Although the 

fastest, DistilBERT came at a small cost to the accuracy, making it more appropriate in applications where speed is more important 

than precision. XLNet did well but not good enough to beat the accuracy of BERT and RoBERTa.  

The literature review also supported the same results. For example,” The Power of Scale for Parameter-Efficient Prompt Tuning” 

[4] they demonstrated that this is quite plausible with large models having fewer parameters to reach high performance similar to 

BERT and RoBERTa. One of the papers was on” Knowledgeable Prompt-Tuning: Incorporating Knowledge into Prompt-Based 

Learning”.[1] Unleashing Full Potential of Prompt-Based Learning with Transformers. [9] They pointed out that domain-specific 

knowledge comes in handy, much more so through learning with prompts. According to our results, good prompting increased the 

quality dramatically. This was further supported by the NeurIPS 2022 paper” Chain-of-Thought Prompting Elicits Reasoning in 

Large Language Models,” which pointed out that structured prompts actually do have a qualitative effect on reasoning, thus 

validating experimental results.[11]  

 

VI. CONCLUSION 

This means, with regard to the effect of prompt length and specificity on language model responses, models like BERT and 

RoBERTa are relatively accurate and relevant in comparison to others such as Distil-BERT and XLNet. Results obtained in this 

section are very close to the general trends previously shown in the literature: model scale, together with the inclusion of domain-

specific knowledge, makes all the difference. For example,” The Power of Scale for Parameter-” Efficient Prompt Tuning” [4] and” 

Unleashing the Potential of Prompt-Based Learning with Transformers” [9] show that large-scale models combined with prompt- 

based learning methods benefit model performance. Moreover, structured and well-designed prompts as explained in” Chain-of-

Thought Prompting Elicits Reasoning in Large Language Models” [11], and” Large Language Models are Zero-Shot Reasoners” 

[3], present notable enhancements regarding the reasoning competencies of language models. This paper’s find- The findings add 

to the general knowledge in the area of prompt engineering and give some practical guidelines on how to design optimal prompts 

for achieving high-quality responses from AI chatbots.  

 

VII. FUTURE SCOPE 

Several lines of research are possible based on this work. First, extending the experiment to additional, heterogeneous, and larger 

datasets can further elucidate the effects of prompt length and specificity across different language models.” Pre-train, Prompt, and 

Predict: A Systematic Survey of Prompting Methods in NLP” [5] identifies an area of future work is how different methods of 

prompting could be combined to achieve better responses. Another direction would be to show the effect of adding It could be that 

domain-specific knowledge will provide clues on how to improve the performance of models in domain-specific areas, according 

to” Knowledgeable Prompt-Tuning: Incorporating Knowledge into Prompt-Based Learning” [1]. Another interesting line of 

research is how scalable and efficient the methods of prompt-based learning are for Realtime applications; this is described in” The 

Power of Scale for Parameter-Efficient Prompt Tuning” [4]. In other words, further research in the area of prompt engineering and 

language models will have to be done. The potentials for optimization, which would better the power of AI-driven conversational 
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agents, are huge. Future work on AUTOPROMPT involves real-time adaptive generation of prompts and dynamic adaptation to the 

changing context or user input. Application in such interactive AI systems as conversational agents and recommendation systems 

could greatly improve user experience and widen practical applications. Ethics and the ways that auto-generated prompts might be 

misused form Another focus is responsible AI development.[10].  

Some very interesting ways in which to further this research include incorporating automatic evaluation, benchmarking metrics, 

or a scoring system that would give the analysis full completeness. That would be very useful in order to have further details from 

metrics such as accuracy, fluency, relevance, and coherence. Incorporate human feedback from experts and day-to-day users that 

would add valuable qualitative views to these automated reviews. Broadening the dataset to a wider variety of prompts and contexts 

would make the understanding from model performance deeper. This might also involve an examination of existing language models 

with regard to their comparative advantages and disadvantages. The graphs for our observations are shown above.  
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