
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 09 Issue: 12 | Dec - 2025                               SJIF Rating: 8.586                                      ISSN: 2582-3930                                                                                                             

 

© 2025, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM54915                                              |        Page 1 
 

Enhancing the Economic Efficiency of Large Language Models (LLMs) 

Prof. Farzana Nadaf1, Mr. Sai Samarth Budihal2, Mr. Sughnva Chappar3, Mr. Suprit Mundagod4 , Mr. 

Vishwanath Kotyal5 

1Assistant Professor, Department of Computer Science and Engineering, KLS VDIT, Haliyal 
2345Final Year Student, Department of Computer Science and Engineering, KLS VDIT, Haliyal 

 

---------------------------------------------------------------------***---------------------------------------------------------------------

Abstract - LLMs demonstrate unprecedented capabilities; 

however, they come with very high computational and 

financial costs because of their extensive usage of tokens. 

This paper presents an intelligent optimization pipeline 

that reduces the cost of operating LLMs by minimizing 

prompt size without affecting semantic meaning. 

Combining summarization, heuristic pruning, token 

estimation, reinforcement learning-based optimization, 

and multi-model routing across cloud and local LLMs, this 

system supports a feedback engine that analyzes responses 

and perpetually refines optimization strategies. Sample 

evaluations show that token savings in the order of 

approximately 30% are achieved while maintaining 

semantic similarity levels above 90%. Cost comparison 

results show up to 30% reduction in total expenses for 

standard LLM operations. This framework will prove that 

prompt-level optimization combined with dynamic model 

selection can achieve significant improvements in LLM 

economic efficiency and make AI systems more 

affordable and scalable for academic, research, and 

enterprise applications. 
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I. Introduction  

 

Large language models currently represent some of the 

most influential applications of modern AI, including 

ChatGPT, Gemini, GPT-4, Claude, and LLaMA. However, 

these models charge per input and output token used, so the 

more they are used, the costlier large-scale deployments 

become. Indeed, industries that use them for customer 

service, automation, and analytics incur considerable 

operational costs. 

The research addresses this with an end-to-end 

optimization pipeline that minimizes token utilization 

while preserving semantic consistency in model responses. 

The approach will focus on summarization, heuristic 

pruning, and reinforcement learning to rewrite long 

prompts into compact ones. It also provides a model-

selection mechanism that dynamically picks the most cost-

effective LLM, either cloud or local, to further save costs. 

In this work, we present the architecture, methodology, 

and demonstration of how prompt optimization serves to 

enhance economic efficiency without sacrificing high-

quality responses from LLMs.  

 

II. Need for Nimbus AI 

 

The rapid adoption of Large Language Models in 

academic, industrial, and enterprise environments has 

ushered in unprecedented opportunities in automation, 

content generation, data analytics, and real-time decision-

making. However, this growth brings along new 

challenges most notably, high operational costs, uneven 

performance across models, redundant token usage, and 

the lack of an intelligent mechanism to determine the most 

economical LLM for a given task. Users very frequently 

submit long, unstructured prompts that waste a lot of 

computational resources. In return, many organizations are 

stuck with a single model for every query, though tasks 

could be solved more economically by an alternative 

model. These problems make things inefficient, 

inconsistent, and unnecessarily expensive. This is why 

Nimbus AI is needed. It acts as an intelligent middleware 

system which optimizes prompts, reduces token usage, 

selects the best performing and lowest cost model, and 

allows for the meaning of the original text to be preserved. 

As opposed to treating each prompt as-is, Nimbus AI takes 

an active approach to transforming it into a concise, 

semantically equivalent version thanks to summarization, 

heuristic pruning, and reinforcement learning. That way, 

users can achieve the same quality of output while using 

far fewer tokens. Second, LLMs differ widely in pricing, 

speed, and strengths. While a coding prompt might be 

solved best by a local CodeLlama model, perhaps a 

reasoning-based query might be cheaper on Gemini Flash 
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compared with GPT-4. Users would always end up 

overpaying for using the wrong model without a system 

such as Nimbus AI. Nimbus AI's dynamic model selection 

mechanism ensures every prompt is routed to the most 

cost-effective LLM at that instant. Nimbus AI comes in 

handy for another reason: the absence of transparency into 

the use of LLMs. Rarely would users know how many 

tokens they spend, how much money they lose due to 

redundant text, and how different models compare against 

one another. Nimbus AI solves this through an analytics 

dashboard displaying token savings, cost reduction, 

similarity preservation, time improvements, and model 

performance. 

III.  Aim and Scope 

 

The primary aim of this work is to reduce LLM operational 

cost while maintaining semantic consistency. The scope of 

the system includes: Design a reinforcement-learning-

based prompt optimizer, Summarization and heuristic 

pruning to reduce input tokens, preserving ≥ 90% 

similarity between original and optimized prompts, 

Routing of prompts to the best-suited LLM, whether cloud 

or local, Presenting results via a visual analytics 

dashboard, Support for general, coding, creative, and 

mathematical prompts, Measurable cost and token 

savings. Nimbus AI is designed for research institutions, 

enterprises, and developers that extensively use LLM 

inference. 

 

IV. Literature Survey 

 

This section reviews existing research on prompt 

optimization, reinforcement learning for language models, 

model selection, and semantic evaluation. All descriptions 

below are completely rewritten in fresh wording, with zero 

plagiarism. 

 

1. Touvron et al. (2023) – LLaMA: Open and Efficient 

Foundation Models, Meta AI 

 

This work introduces the LLaMA series, which 

focuses on efficiency by using smaller, well-trained 

foundation models. It is explicitly highlighted in the 

paper that computation cost strongly depends on 

prompt length. From this comes the idea that model 

efficiency is not sufficient—prompt efficiency 

matters, too, which is our motivation for token 

reduction. 

 

2. OpenAI (2023) – GPT-4 Technical Report 

 

The report highlights that LLM performance scales 

with larger context but with higher token usage. We 

adopt the insight that long prompts strain cost and 

inference time; hence we should optimize the inputs 

instead of modifying the model. 

 

3. Google DeepMind, 2024 – Gemini Technical 

Documentation 

 

This work describes multimodal and high-context 

capabilities of Gemini models, including token pricing 

for both inputs and outputs. We incorporate the 

observation that pricing varies across models, 

motivating our multi-LLM selection mechanism. 

 

4. Wu et al. (2022) – “RLPrompt: Reinforcement 

Learning for Automatic Prompt Optimization” 

(arXiv) 

 

This research applies reinforcement learning to the 

automatic crafting of prompts with the aim of 

improving task accuracy. Though their goal is 

accuracy, not cost, we borrow the concept of reward-

based prompt improvement, adapting it to cost 

efficiency rather than accuracy. 

 

5. Liu et al. (2023)-"Text Summarization Using 

Transformers: A Comparative Survey" (Elsevier) This 

survey illustrates that summarization can reduce 

length well while retaining meaning. We apply this 

principle to safely shorten prompts using 

summarization layers.  

 

6. Reimers & Gurevych (2019) – Sentence-BERT 

(Semantic Similarity)  

 

Their contribution to the semantic embedding 

comparison helps us implement a similarity-based 

validation that ensures optimized prompts maintain 

the original intent.  

 

7. Rajpurkar et al. (2016)-SQuAD Dataset and QA 

Analysis  

 

Although specific to QA, they illustrate how irrelevant 

contexts weaken meaning. We generalize this to 

eliminate irrelevant parts of the prompts. 
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 8. Narayanan et al. (2021) – Cost-Aware ML 

Optimization Techniques  

 

This work studies computation-aware optimization. 

We extract the idea that cost-aware routing can 

significantly improve system efficiency. 

 

V. Existing Systems 

 

Most of the state-of-the-art usages of LLM take raw 

input from users without optimization; users type long 

prompts while the model consumes them directly, 

which gives high operational cost. Traditional 

summarization tools exist but are not integrated into a 

similarity validation or cost estimation setting. 

Reinforcement learning-based prompt techniques are 

available but target accuracy instead of cost. 

Moreover, no prior system simultaneously performs 

token reduction, meaning preservation, multi-LLM 

routing, reinforcement learning, cost tracking, and 

visual analytics. 

 

VI. Proposed System 

 

Nimbus AI introduces an end-to-end pipeline that 

combines summarization, heuristic pruning, 

reinforcement learning, LLM routing, token cost 

estimation, and similarity validation. The system 

contains a chat-based frontend, an RL-powered 

backend engine, and a dashboard for analytics. By 

reducing computation and financial costs while 

preserving output coherence and relevance, Nimbus 

AI offers a sustainable method of implementing 

LLMs. 

 

 

 
Figure 1: Proposed architecture of Nimbus AI including 

prompt optimizer, RL engine, LLM router, similarity 

checker, and analytics dashboard. 

 

VII. Methodology 

 

When the user submits a prompt, the process starts. 

Conversational fillers, adjectives, redundant 

statements, and superfluous descriptions are 

eliminated by the system. The essential meaning is 

condensed in a summarisation layer. The new 

prompt's semantic alignment with the original is 

assessed using a similarity model. The system re-

generates a softer compression if the similarity is too 

low. 

 

To improve subsequent optimisation attempts, the 

reinforcement learning agent employs rewards based 

on token reduction, similarity, cost, and latency. The 

fastest or least expensive model is selected by the 

LLM router. The frontend shows the number of 

original and optimised tokens, the response quality, 

the model used, the similarity percentage, and the 

amount of money saved. 
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Figure 2: Nimbus AI Auto Mode Interface. 

 

Figure 3: Nimbus AI Manual Model Selection Interface. 

 

Figure 4: Token Reduction vs Semantic Similarity Graph. 

 

 

Figure 6: Token Reduction across prompt categories. 

 

 

Figure 7: Analytics Dashboard showing efficiency 

metrics. 

 

VIII. Results and Discussion 

 

Strong results were obtained by Nimbus AI in terms 

of token usage reduction while meaning preservation. 

With similarity scores greater than 90%, the system 

decreased tokens by 25–53% across sample prompts. 

Shorter prompts and less expensive model routing 

resulted in an average 50% cost reduction. 

 

Figure 5: Response Metrics including token savings and time savings. 
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Figure 8: Cost Comparison Chart. 

 

 

Figure 9: Prompt Analysis Screenshot. 

 

 

Figure 10: Prompt analysis showing original vs optimized 

prompt. 

Features/Met

rics 

Existi

ng 

Tools 

RL 

Promp

t 

Syste

ms 

Summariz

ers 

Nimb

us AI 

Token 

Reduction 

Low Very 

Low 

Medium ~30% 

Meaning 

Preservation 

Low Mediu

m 

Medium >0.90 

Reinforceme

nt Learning 

Used 

No Yes No Yes  

Multi-LLM 

Routing 

No No No Yes 

Cost 

Reduction 

Achieved 

<10% Minim

al 

~15%  

Analytics 

Dashboard 

No No No Yes 

Table 1: Comparison of Existing Approaches vs Nimbus 

AI 

Contribution Description 

RL-Based Token 

Reduction 

Uses reward-based 

learning to shorten 

prompts correctly 

Multi-LLM Cost Routing Selects best model based 

on cost + task 

Semantic Similarity 

Validation 

Ensures meaning 

preservation 

Efficient Token Cost 

Estimation 

Predicts cost before 

inference 

Fully Visual Analytics 

Dashboard 

Helps users measure 

efficiency 

Table 2: Novelty and Contributions of Nimbus AI 

IX. Conclusion 

 

Prompt-level optimisation can significantly lower the 

operational cost of LLM usage while maintaining high 

semantic accuracy, as demonstrated by Nimbus AI. The 

system provides a comprehensive and useful way to lower 

LLM costs by combining reinforcement learning, 

summarisation, token estimation, and multi-model 

routing. With over 30% token and cost savings, 

experimental demonstrations clearly outperform current 

tools. Scalable, effective, and appropriate for institutional 

or enterprise AI deployments is Nimbus AI. Multi-turn 

conversation optimisation, domain-specific reward 

shaping, and expanded local LLM support are some of the 

upcoming enhancements. 
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