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EcoLLM: A Novel Fine-Tuning Framework for Environmental Sustainability in Large Language 

Models 

 

Abstract. The increasing reliance on artificial intelligence (AI) models, such as Large Language 

Models (LLMs), poses a unique challenge regarding environmental sustainability. Current LLMs 

prioritize performance and versatility, often neglecting the ecological impact of the solutions they 

generate. This paper presents a novel approach to fine-tuning LLMs to embed environmental 

considerations in their responses. By adjusting their training datasets and models, we enhance the 

likelihood of producing environmentally friendly outcomes. We observed that responses factoring in 
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sustainability increased from 5% to over 75% post-optimization. This paper discusses our 

methodology, the challenges faced, and the implications for AI’s role in supporting global 

sustainability goals. 

 

Keywords: Large Language Models, Environmental Sustainability, Fine-tuning, Green Computing, 

Machine Learning Optimization, Carbon Footprint Reduction, Sustainable AI. 

 

Abstrak. Ketergantungan yang semakin meningkat pada model kecerdasan buatan (AI), seperti Large 

Language Models (LLMs), menimbulkan tantangan unik terkait keberlanjutan lingkungan. LLM saat 

ini lebih mengutamakan kinerja dan fleksibilitas, sering kali mengabaikan dampak ekologis dari solusi 

yang dihasilkan. Makalah ini menyajikan pendekatan baru untuk menyempurnakan LLM agar 

mempertimbangkan aspek lingkungan dalam respons mereka. Dengan menyesuaikan dataset 

pelatihan dan model, kami meningkatkan kemungkinan menghasilkan hasil yang ramah lingkungan. 

Kami mengamati bahwa respons yang memperhitungkan keberlanjutan meningkat dari 5% menjadi 

lebih dari 75% setelah optimalisasi. Makalah ini membahas metodologi kami, tantangan yang 

dihadapi, dan implikasinya terhadap peran AI dalam mendukung tujuan keberlanjutan global. 

 

Kata Kunci: Large Language Models, Keberlanjutan Lingkungan, Penyempurnaan Model, Komputasi 

Hijau, Optimalisasi Pembelajaran Mesin, Pengurangan Jejak Karbon, AI Berkelanjutan. 

 

 

INTRODUCTION 

In recent years, the role of artificial intelligence (AI) has expanded significantly 

across various industries, leading to groundbreaking advancements in fields such as 

healthcare, fi- nance, education, and logistics. Among the most transformative AI 

innovations are large language models (LLMs), which have the ability to process and 

generate human-like text, thereby rev- olutionizing how information is accessed and 

utilized. How- ever, despite their impressive capabilities, LLMs have largely 

neglected one of the most critical global issues: environmen- tal sustainability. 

Current models such as GPT, Gemini AI, and others focus on accuracy and relevance, 

yet they frequently overlook the environmental implications of the solutions they 

suggest. 

The environmental impact of AI is multifaceted, encompass- ing both the 

direct carbon footprint of training large models and the indirect consequences of 

their recommendations. For instance, LLMs might suggest high-energy-

consumption solu- tions or products that contribute to pollution without consider- 

ing sustainable alternatives. This gap in the decision-making process of AI systems 

raises concerns about their alignment with global efforts to combat climate change 

and reduce re- source depletion. As AI becomes increasingly integrated into 

decision-making frameworks, it is essential that these systems adopt a more eco-

conscious approach. 

This research paper aims to address this gap by exploring how LLMs can be 

fine-tuned to incorporate environmental con- siderations into their responses. We 
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propose a novel dataset and optimization approach that enables models to prioritize 

sustain- ability in their outputs. Initially, our experiments revealed that out of 60 

responses generated by LLMs, only 3 to 4 responses incorporated environmental 

factors. However, after fine-tuning the models using a sustainability-focused 

dataset, we achieved a significant improvement, with 45 to 50 responses effectively 

considering environmental impact. By aligning AI-generated solutions with eco-

friendly practices, our research seeks to pave the way for more sustainable AI 

applications across various sec-tors. This paper will detail the methodology used for 

fine-tuning LLMs, the challenges faced, and the broader implications of integrating 

environmental considerations into AI-driven solu- tions. We also discuss the 

potential impact of such models on global sustainability goals, offering a framework 

for future de- velopments in environmentally responsible AI.  

Related Work 

Recent research has explored various ways of fine-tuning large language 

models (LLMs) to incorporate specific objec- tives, such as improving performance 

in sustainability-related domains. While significant advancements have been made 

in the fine-tuning of LLMs for specific tasks, such as emission prediction and 

resource conservation, there is a notable gap in incorporating environmental 

sustainability considerations sys- tematically across different sectors.  

Fine-Tuning LLMs for Emission Calculations 

One prominent study by IBM (2023) focused on fine-tuning LLMs to estimate 

Scope-3 emissions, which are indirect emis- sions that occur in the value chain.   The 

research highlights the challenges of accurate emission reporting and suggests that 

LLMs, when trained on tailored sustainability datasets, could assist in emission 

predictions for various industries. 

Domain-Specific NLP Models 

Additionally, another recent study from Google Research (2023) explored 

domain-specific NLP models fine-tuned for sustainability applications. They 

proposed a methodology for training LLMs on datasets curated from multiple 

environmen-tal and policy domains, focusing primarily on energy systems, waste 

management, and transportation sectors. 

Limitations and Gaps in Current Approaches 

While these studies make significant contributions to the field of environmentally 

focused AI, they often overlook key issues in applying LLMs to global sustainability 

challenges. For in- stance, IBM’s approach does not address the issue of model 

generalization across different industries, and the models tend to underperform 

when tasked with nuanced, sector-specific sus- tainability queries. Moreover, both 

IBM’s and Google’s mod- els predominantly focus on a narrow set of sustainability 

goals, such as carbon emission reduction or energy efficiency, neglect- ing other 

crucial aspects such as biodiversity preservation, wa- ter usage, and social equity. 
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In contrast, our research introduces a holistic fine-tuning ap- proach that not only 

optimizes LLMs for environmental sus- tainability but also ensures that models 

generate specific, ac- tionable responses tailored to a wider varietys of real-world 

sus- tainability challenges. By broadening the scope of the dataset and incorporating 

diverse environmental contexts (e.g., land use, resource management, pollution 

control), our work seeks to overcome the limitations identified in prior studies. 

METHOD 

This section outlines the steps taken to fine-tune large lan- guage models 

(LLMs) to incorporate environmental considera- tions into their responses. Our 

approach consists of three main methodologies: dataset construction, model 

training, and test- ing/validation. 

Dataset Construction 

To fine-tune LLMs for better environmental considera- tions, we developed a 

comprehensive dataset that integrates sustainability-focused content from a wide 

array of sources. Our approach ensured coverage across different sectors and en- 

vironmental contexts, providing a rich foundation for model training. The data 

collection process was extensive and care- fully curated, involving the efforts of a 

dedicated team. Key steps in the dataset construction included: 

• Collaborative Data Gathering: A coordinated effort by team members and 

research collaborators helped compile data from diverse, authoritative sources. 

• Focus on Broad Environmental Themes: The dataset spans multiple sectors, 

from renewable energy to resource conservation, ensuring that models are 

exposed to varied sustainability challenges and best practices. 

• Rigorous Review and Selection: We applied strict criteria to select the most 

relevant and up-to-date information to ensure the dataset’s quality and 

applicability to real-world environmental concerns. 

By prioritizing diversity and relevance in the data selection process, the 

resulting dataset is not only robust but well-suited for fine-tuning LLMs to respond 

more effectively to environ- mental and sustainability-related prompts. 

Model Training 

Once the dataset was prepared, the next step was to fine-tune the LLMs using 

reinforcement learning and supervised training techniques. The specific LLMs used 

in this research were vari- ations of GPT and Gemini AI. The training process involved: 

 Reinforcement Learning from Human Feedback (RLHF): We employed RLHF 

to guide the models towards generating environmentally responsible outputs. 

Human re- viewers provided feedback on the LLM responses, highlight- ing both 

environmentally sound and harmful recommendations. The feedback was then 

used to refine the models’ understanding of sustainable choices. 

 Supervised Fine-tuning: The dataset was used to adjust the models through 

supervised learning, emphasizing the im- portance of prioritizing eco-friendly 

options. During training, the LLMs were presented with real-world scenarios (e.g., 
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rec- ommending building materials, transportation options, or in- dustrial 

processes), and the preferred responses were those that demonstrated 

environmental awareness. 

 Balancing Model Utility: Care was taken to balance the models’ environmental 

consciousness with their general problem-solving abilities. Over-emphasis on 

sustainability could risk limiting the models’ versatility, so the training was 

calibrated to ensure environmental factors were considered without diminishing 

the overall utility of the LLMs. 

Testing and Validation 

After the fine-tuning process, the models were rigorously tested and 

validated to assess their ability to generate responses that consider environmental 

factors. The testing and validation process included the following steps: 

 Pre-fine-tuning Evaluation: Baseline tests were conducted on the original 

models using a set of 60 queries across differ- ent domains (e.g., energy solutions, 

transportation recommen- dations, resource management). It was observed that 

only 3-4 responses included environmental considerations, indicating a lack of 

sustainability awareness. 

 Post-fine-tuning Evaluation: After the fine-tuning, the same 60 queries were 

used to evaluate the updated models. The results showed a marked improvement, 

with 45-50 re- sponses (approximately 75-83%) incorporating sustainability- 

focused recommendations. These included suggestions for energy-efficient 

technologies, renewable energy sources, and materials that minimize 

environmental impact. 

 Real-World Scenario Testing: To further validate the fine- tuned models, we 

tested them on new, real-world challenges where environmental factors played a 

crucial role (e.g., reduc- ing industrial emissions, sustainable urban planning). The 

mod- els consistently generated environmentally sound recommendations, 

demonstrating their enhanced ability to factor in ecologi- cal considerations. 

RESULTS AND DISCUSSION  

The results section presents the outcomes of the fine-tuning process, 

highlighting the improvements observed in the en- vironmental awareness of the 

large language models (LLMs) post-training. The primary focus is on comparing the 

pre- and post-fine-tuning performance of the models in terms of their ability to 

incorporate sustainability and ecological considera- tions in their responses. 

Pre-fine-tuning Performance 

Before fine-tuning, the baseline models exhibited a limited capacity to 

account for en- vironmental factors in their responses. When queried with a set of 

60 real-world environmental and sustainability-related ques- tions, the models 

displayed the following behavior: 

Table 1. Pre-Fine-Tuning Performance Scores of Models 

Model Score (out of 50) 
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GPT-4 8 

Google Gemini 5 

Claude 3 Sonnet 10 

 Limited Environmental Awareness: Only 3 to 4 responses (5-7%) out of 60 test 

cases contained suggestions or solutions that considered environmental factors 

such as energy efficiency, renewable resources, or carbon emission reductions. 

 Conventional Recommendations: The majority of the re- sponses 

recommended solutions that were practical or accurate but did not account for 

environmental impact.   For example, in response to queries about cooling 

solutions for data cen- ters, the models primarily suggested conventional air 

condition- ing methods without mentioning greener alternatives like liquid 

cooling or using renewable energy sources. 

 Lack of Contextual Understanding: Many responses showed a lack of 

understanding of the broader environmental implications of suggested actions. 

For example, the models recommended high-emission options, such as fossil-

fuel-based. 

Post-fine-tuning Performance 

After fine-tuning with the sustainability-focused dataset, the performance of 

the mod- els improved significantly. Key improvements include: 

Table 2. Improvements in Environmental Consideration Post Fine-Tuning 

Model Score (out of 50) 

GPT-4 48 

Google Gemini 49 

Claude 3 Sonnet 49 

 Increased Environmental Responsiveness: Out of the same 60 test queries, 45 

to 50 responses (75-83%) included sus- tainable and environmentally friendly 

recommendations. This demonstrates a significant improvement in the models’ 

ability to prioritize green solutions. 
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 Specific Sustainable Solutions: The fine-tuned models began offering specific, 

actionable environmental suggestions. For instance, in response to questions 

about energy consump- tion in industrial operations, the models recommended 

tran- sitioning to renewable energy sources such as solar or wind power, instead 

of conventional fossil fuels. Similarly, for cool- ing systems, the models 

suggested energy-efficient alternatives like geothermal cooling or 

implementing heat recovery sys- tems. 

 Consideration of Environmental Impact: The models showed improved 

awareness of the environmental impact of certain actions. For example, when 

recommending transporta- tion options, the models now considered electric 

vehicles, pub- lic transport, and carpooling as preferable options over tradi- 

tional gasoline-powered vehicles, emphasizing reduced carbon emissions and 

energy consumption. 

 

Figure 1. Radar chart showing the comparison of pre- and post-fine-tuning 

environmental awareness across various models. 

Quantitative Analysis of Improvements 

The improvement in the models’ performance was quanti- fied by comparing 

the pre- and post-fine-tuning responses. The percentage of responses that 

considered environmental factors increased dramatically: 

 Pre-fine-tuning: Only 5-7% of responses reflected envi- ronmental 

considerations. 

 Post-fine-tuning: 75-83% of responses prioritized envi- ronmental 

sustainability, demonstrating a marked shift towards eco-conscious outputs. 

Error and Limitation Analysis 
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While the fine-tuned models showed substantial improve- ment, there were 

still areas where they fell short: 

 Inconsistent Depth in Recommendations: Although the fine-tuned models 

frequently identified sustainable solutions, the depth and specificity of these 

recommendations varied. In some cases, the models offered vague suggestions 

(e.g., ”use renewable energy”) without providing more detailed actions or 

explanations on how to implement these solutions. 

 Domain-Specific Gaps: In highly specialized fields, such as advanced 

manufacturing or agriculture, the models some- times struggled to provide 

detailed environmental solutions tai- lored to the industry, indicating that 

further domain-specific training might be needed. 

 

Figure 2. Performance comparison before and after fine-tuning: Red and green 

lines represent accuracy before and after fine-tuning, respectively; blue and orange 

lines represent loss before and after fine-tuning, respectively. 

 Accuracy Improvement (Top Plot): The first plot illustrates the model’s 

accuracy over 10 epochs, comparing pre- and post- fine-tuning. Prior to fine-

tuning, the model demonstrated a rel- atively low accuracy range (between 0.60 

to 0.75), reflecting its initial inability to prioritize environmental factors in its re- 

sponses. However, after fine-tuning, the model’s accuracy im- proved 

significantly, ranging from 0.75 to 0.95. This upward trend in post-tuning 

accuracy underscores the effectiveness of incorporating sustainability-focused 
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data into the model’s train- ing process, enhancing its ability to generate more 

environmen- tally conscious and accurate responses. 

 Loss Reduction (Bottom Plot): The second plot tracks the loss over the same 

10 epochs. Loss represents the discrepancy between the model’s predictions 

and the actual target outcomes. Before fine-tuning, the loss values ranged from 

0.5 to 1.2, indi- cating a relatively poor fit between the model’s outputs and the 

expected responses. After fine-tuning, the loss decreased sub- stantially, with 

values dropping to between 0.1 and 0.5. This reduction in loss demonstrates that 

the model became more aligned with the desired environmentally aware 

outcomes, fur- ther validating the success of the fine-tuning process. 

 Significance: This figure is critical for demonstrating the practical impact of 

fine-tuning on the model’s performance. The improvement in accuracy and 

reduction in loss directly translate to the model’s enhanced ability to incorporate 

sustain- ability and environmental considerations in its responses. The visual 

representation also offers a clear, quantitative view of the model’s progress, 

making it easier for the reader to assess the effectiveness of the fine-tuning 

process. 

The analysis depicted in this figure serves as empirical evi- dence for the 

hypothesis that fine-tuning with a sustainability- focused dataset can significantly 

improve a model’s environ- mental awareness and its ability to offer eco-friendly 

solutions. 

CONCLUSION  

This study has demonstrated the effectiveness of fine-tuning Large Language 

Models (LLMs) to incorporate environ- mental considerations into their decision-

making processes. By train- ing models with sustainability-focused datasets, we have 

sig- nificantly increased their ability to generate environ- mentally conscious 

recommendations, as evidenced by the dramatic im- provement in performance 

from 5-7% to 75-83% in responses that consider ecological factors. The fine-tuned 

models not only suggest sustainable solu- tions such as renewable energy and 

energy-efficient cooling systems but also enhance AI’s role in promoting green 

technologies across multiple industries. As AI continues to play a critical role in 

decision-making, ensuring that models prioritize sustainability is imperative to 

achieving global environmental goals. While the results are promising, there remain 

limitations in terms of the generalizability of the fine-tuning process, and the 

models’ ability to provide detailed, domain-specific recommendations. Future work 

should focus on refining these models, expanding the datasets, and incorpo- rating 

a broader range of environmental factors, to further en- hance the depth and 

applicability of the solutions provided. 
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