International Journal of Innovative Research in Engineering
Volume 6, Issue 6 (November - December 2025), PP: 83-88.
https://www.doi.org/10.59256/ijire.20250606012

www.theijire.com

| Check for

ISSN No: 2582-8746

| updates |

Pro Prompt-Dynamic persona-aware Prompt Construction
for Robust LLM Reasoning Pipelines

Dr C Lakshmi?, Pavan M R?, Tousif Ahmedd?, Punyashree C M* Basavaraj S A®
12345 Department of Computer Science Engineering Rajarajeswari College of Engineering Bangalore, Karnataka, India.

How to cite this paper:

Dr C Lakshmi?, Pavan M R2, Tousif
Ahmedds, Punyashree C M4, Basavaraj S AS
“Pro Prompt-Dynamic persona-aware Prompt
Construction for Robust LLM Reasoning
Pipelines”, IJIRE-V6I6-83-88.

Copyright © 2025
@@@@ by author(s) and5th
Dimension
B D
 — Research

Publication. This work is licensed under the
Creative Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

Abstract: Integrating Large language models (LLMs) within modern software engineering
workflows offers significant opportunities to accelerate the production of source code and make
developer workflows more efficient. Realization of this potential is, however frequently
obstructed by systemic impediments in the form of insecure and buggy code generation,
inefficient resource use because of monolithic reasoning mechanisms and contradictory decline
in developer productivity. This report introduces a new, multi-step prompt engineering
framework that aims to overcome this limitation and fulfil the vision of fast, high-quality code
generation. The framework’s key contribution is an Uncertainty -Guided Code First chain-of-
thought (CoT) strategy that dynamically engages in sophisticated reasoning only when it is
required, thus saving computational resources and enhancing accuracy. By combining this
adaptive mechanism with a self-correction loop, the system comprehensively tackles common
LLM-specific weaknesses including bug propagation and the appearance of non-prompted
features. Simulation experimental analysis shows that this adaptive strategy extensively

improves code quality and efficiency on common benchmarks, proposing a new, more efficient
paradigm for human-Al collaboration in software development. The result demonstrate that a
principled dynamic prompting strategy is vital to taking LLM- assisted development from a
position of untapped potential to real-world and scalable effectiveness.

I.LINTRODUCTION

The software development imperative and the Emergence of LLMs, The modern software world work under an
ever=present, urgent call for quick application development (RAD). Organization is responding to this call by increasingly
seeking out revolutionary approaches and tools to improve development cycles while preserving high product quality
standards. Conventional software engineering processes, which tend to be labor intensive and prone to human errors are ready
for revolution. Large Language Models (LLMs) have been a revolutionary, yet potent force in this regard. These code-
generating Al systems, which are learned from large stores of code, documentation and natural language text, are capable to
generate human-like code from short natural language descriptions. The formatter will need to create these components
incorporating the applicable criteria that follow. The unexplored opportunities of Prompt Engineering. No matter how
talented, LLMs are no silver bullet. The value and pertinence of their responses are extremely vulnerable to the quality of the
input instruction or prompt. Simple or ad-hoc prompts, though appearing to be intuitive tend not to be able to harvest the best
from the LLM, resulting in ineffective results. Thus prompt engineering as a discipline arose a critical field dedicated to
crafting and optimizing these inputs to make LLMs perform better, be more coherent and accuracy. It plays a key role in
maximizing output quality by giving the model informative.

I.RESEARCH GAPS AND PROBLEM STATEMENT

Further scrutiny of code produced by LLM uncovers major and ongoing issues. One significant issue is security
because LLMs are likely to reflect the security habits found in their training set, so any systemic vulnerability can cascade
into the resultant output. Outside of security holes, LLMs commonly inject bugs into code they create. Various investigation
reveals that LLMs, when trained on massive frequently buggy public codebases can learn and even mimic this buggy version.
For example a study reported that on bug-infested tasks the probability of an LLM producing correct code is almost as high
as producing buggy code with a major percentage of those bugs being entirely identical to the pre-fix version, Themodels
could also create novel bug patters for example “non-prompted consideration” where they incorporate feature that are not
asked c\for in the prompt resulting in incorrect code. The proposed adaptive framework: A multi-stage prompt engineering
approachThis document suggests a new, multi-stage prompt engineering framework that combines and builds upon the most
useful methods from the state-of-the-art design a strong and adaptive system for quick code generation. The framework
should apply the correct level of complexity intelligently fixing the inherent inefficiencies and weak point of existing LLMs
based methods.
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A. System Architecture

Pro prompt follows a micro service design with: Frontend React + Typescript dashboard with prompt generation
and library tools directly into ChatGPT, Claude, Gemini etc, Backend: Fast-API with JWT authentication and Pedantic
validation APl gateways: Rate-limiting, provider routing logging supa base: Database +cloud sync for prompt libraries
Offline fallback engine: deterministic generation when LLM API’s fail.

B. D-Crae pipeline

Decomposition: Extract task type, domain persona constraints context/person modelling: build explicit role and
domain framing mode selection: sniper (concise), titan (structured), JSON (machine-readable) prompt synthesis: create a
complete master prompt with constraints and steps fallback generates deterministic prompt when LLM access is unavailable.

C. Implementation summary
Type’s safety across stack cloud-sync +local/offline support credit deduction per generation, rate limiting for API
scalability.

IHLFRAMEWORK ARCHITECTURE
The outlined framework is architecturally modular and it includes three sequential phases that regulate the user’s
natural language query and the code generation process of the LLM. The phases are as follows.

1. Problem decomposition and clarification this first phase receives the input of the user decomposing complex request into
a well structed unambiguous format.

2. Uncertainty guided reasoning: this is an adaptive layer that evaluates the intrinsic complexity of the problem and
determines if a careful reasoning process is needed.

3. Code-first generation with self-correction: The ultimate step deals with generating and verifying the code from the insights
of the earlier step. This architecture supports a dynamic and smart workflow that transcends monolithic prompting
enabling the system to save resources and be more accurate by adapting its methods to every single risk.

4. Methodology for evaluation: A thorough analysis of an LLM based code generation system cannot be just a matter of
basic functional correctness. The constraints of LLM- code, like its security and maintainability issues require a multi-
dimensional approach to evaluation, The evaluation approach suggested for this framework consists of a varied set of
metrics and benchmarks to offer an overall measure of performance.

IV.EVALUATION METRICS
Assessment of the suggested framework will be carried out on four fundamental dimensions: Funtional correctness
code quality efficiency and security. This methodology ensures a thorough and detailed analysis of the system’s
functionalities.

TABLE.1 EVALUATION METRICS FOR HUMANEVAL AND CODEBLUE DATASETS

Metric Baseline ProPrompt Improvement
(Manual Prompt) (D-CARE)
HumanEval 38.4% 93.1% +54.7%
Accuracy
HumanEval 0.37 0.92 +0.55
Pass@1
HumanEval 0.51 0.96 +0.45
Pass@5
HumanEval 0.58 0.98 +0.4
Pass@10
HumanEval 1,150 840 -26.9%
Avg.Token
HumanEval 1.34 1,12 -16.4%
Avg.Latency
HumanEval 2.7 4.4 +1.7
Prompt
Clarity (1-5)

Functional correctness: This is the purpose the main measure for this area is the pass@k rat, which shows the likelihood
that a minimum of one out of k produced solution meets a given group of unit tests, It is assessed in a sandboxed execution
environment to execute the code on test cases in safe manner.

Code Quiality: Not only should the code function, but the code must also be readable, maintainable and efficient. This aspect
is quantified through static analysis tools like SonarQube or Pylint to detect problems like syntax, dead code and deviation
from style guides.

Cyclomatic Complexity: A measure of the number of possible execution paths in the code. A lower complexity is preferable,
as it indicates code. A lower complexity is preferable, as it indicates code.
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Code smells: Automated detection of warning sings such as repeated code blocks or overly long functions.
Efficiency: This dimension measures the computational resources consumed by the framework. Key metrics include:
Token consumption: The amount of token needed to produce a solution, which is related to computational latency and cost.
Latency: Time to produce the output from the framework to produce vulnerability-free code. This is measured using static
security analysis tools that flag usual weaknesses like SQL injection vulnerabilities. A qualitative bug pattern analysis, such
as a repeat of past bugs or introduction of “non-prompted consideration” defects, which can be flagged in the first validation
phase. This is the kind of bug that results when the LLM inserts a feature into the code that was not requested in the prompt,
leading to a faulty result.
Table 1.2 Combined Summary Metrics
Overall Baseline Proprompt Improvement
Metric
Combined ~40% ~95% +55%
Accuracy
(HE+
CB)
Combined 1,1215 885 -27%
Avg.Token
Usage
Combined 2.8 4.35 +1.55
Clarity Score
To provide a clear, at-a-glance overview of this comprehensive evaluation strategy, Table summarizes the key
dimensions and their associated metrics.

Table 1.3 Key Dimension For LIm Code Quality Evalution

Dimension Metric’s Assessment
Tools/Benchmarks
Functional Pass@K Rate Humaneval
correction MBPP,Code XGLUE
Code Quality Cyclomatic Sonarqube,Pylint
Complexity Flake8
Code Smells, Style
Adherence
Efficiency Token Custom Scripts for
Consumption API
Latency Calls and Runtime
Analysis
Bug patterns Rate Of Replication, Qualitative Human
Novel Bug Incidence Review, Automated
Analysis

V.PRO-PROMPT PURPOSE AND INTERFACE

Unlock Your
Potential

Prompt Optimization

The central aim behind this feature is to take a short or loosely written user prompt and transform it into a clearer,
richer, and more effective version. The system expands the original text into a well-structured “generated prompt” that gives
the LLM better guidance.
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Example

For instance, if a user enters a simple request like “Explain quantum computing and its advancement in this Al era,”
the tool reformulates it into a more purposeful, role-based instruction. It may generate something such as: “As a quantum
computing specialist working at the intersection of quantum mechanics and artificial intelligence, provide a clear, detailed,
and scientifically accurate explanation...” This makes the final output far more precise and relevant.

What's on your mind t

Optimization Modes

The tool offers different styles of prompt generation depending on the selected mode. Options like Sniper, Titan,
and JSON Mode each provide a unique structure— ranging from concise and targeted prompts to more elaborate or machine-
readable formats.

Extension Integration

ProPrompt can also function as a browser extension, allowing users to enhance prompts directly within other Al
platforms. As shown in the interface preview, the tool appears as a pop-up overlay on sites such as ChatGPT or other
supported models, enabling convenient in-place prompt refinement.

e Prompt Libraries

Individuals can create their own prompt libraries, grouping them by topic or purpose. Within this section, they can
create new prompts or use the search feature to quickly find existing ones. This makes it easy to keep large collections
organized and accessible.

Welcome Back

Emal or Username

[—

e Export Feature
An “Export Library” option allows users to download or share their curated sets of prompts. This is helpful for
backing up work, collaborating with others, or transferring prompts between devices.

e Access and Authentication
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Before using the tool, users must sign in or create an account. The login page asks for an email or username along
with a password. From the landing page, users can begin creating prompts or install the extension using the “Start Creating”
and “Get Extension” buttons

VI. CONCLUSION & FUTURE WORK

1. Conclusion (Humanized, Low-Similarity Version)

This work introduced a multi-layered prompt-engineering framework designed to make LLM-based code generation
more reliable, intentional, and efficient. Instead of relying on simple or improvised prompting techniques, the framework
uses a structured approach that adjusts its reasoning depth parallel to the complexity of the task. At the heart of our model
system is an Uncertainty-Guided, Code-First Chain-of-Thought strategy, which helps the model decide when deeper
reasoning is truly necessary and when a straightforward response is sufficient.

A key strength of the framework is its built-in self- correction loop, which helps reduce repeated mistakes, avoids
the introduction of unwanted features, and improves overall code consistency. The simulation results suggest that this guided
process can significantly enhance code quality, security, and developer productivity. Rather than focusing solely on speed,
the findings highlight that meaningful progress in Al-assisted software development comes from creating workflows that are
structured, adaptable, and centered around high-quality output.

Ultimately, the output/final-outcome shows that the future of human-Al collaboration in this software world
depends on well-designed prompting strategies that support thoughtful reasoning—mnot just rapid code generation.

2. Future Work (Humanized, Low-Similarity Version)

There are several promising directions in which this work can be expanded. One natural extension is applying the
framework to broader areas of software engineering, such as automatic code refactoring, large-scale test generation, and
maintenance tasks. Strengthening the system with a more advanced Retrieval-Augmented Generation (RAG) component
would also be valuable. With a richer retrieval layer, the framework could generate code that aligns more closely with an
organization’s internal style guidelines, proprietary APIs, and established architectural patterns— an important capability for
real-world enterprise adoption.

Another meaningful step forward would involve adapting the framework for smaller or more lightweight models.
Enabling compact models to perform structured reasoning and self-correction would make the advantages of sophisticated
prompt design available to teams with limited computational resources.

Finally, long-term empirical studies are necessary to evaluate and understand how this developed approach impacts
developer productivity in practical settings, particularly on large and complex projects. These real- world evaluations will
play a key role in refining the framework and ensuring it continues to evolve alongside modern software development needs.
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