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Abstract


Recent advances in large language models (LLMs) have shown promise in specialized fields, yet their effectiveness is often constrained by limited domain expertise. We present a renewable and hydrogen energy-focused LLM developed by fine-tuning LLaMA 3.1 8B on a curated renewable energy corpus (RE-LLaMA). Through continued pretraining on domain-specific data, we enhanced the model’s capabilities in renewable energy contexts. Extensive evaluation using zero-shot and few-shot prompting demonstrated that our fine-tuned model significantly outperformed the base model across renewable and hydrogen energy tasks. This work establishes the viability of specialized, smaller-scale LLMs and provides a framework for developing domain-specific models that can support advanced research and decision-making in the renewable energy sector. Our approach represents a significant step forward in applying LLMs to the renewable and hydrogen energy sector, offering potential applications in advanced research and decision-making processes.
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1. Introduction


Large language models (LLMs) have become powerful tools in the rapidly advancing field of artificial intelligence. ChatGPT, built on the Generative Pre-training Transformer (GPT) architecture, exemplifies these models’ capabilities in various linguistic tasks, from article composition to code generation. The release of ChatGPT 4.0 has further demonstrated the potential of LLMs when applied to industry-specific problems [1]. While foundational language models excel in general tasks, they often fall short when dealing with specialized domains due to their lack of domain-specific knowledge [2]. Addressing this limitation is essential to improve the performance and applicability of LLMs in industry contexts. Large language models represent a significant advancement in AI applications, with the potential to transform numerous sectors. In the renewable energy field, they could revolutionize clean energy generation and decarbonization systems [2]. However, integrating domain-specific knowledge into LLMs remains a significant challenge. This paper aims to address this gap by investigating methods to fine-tune LLMs with domain-specific expertise for renewable energy applications. Our goal is to enhance LLM performance and unlock new possibilities for personalized, effective, and scalable renewable energy solutions. Our research begins with an extensive review of existing literature, focusing on methodologies for training LLMs with domain-specific knowledge and identifying potential benchmarks to evaluate their performance in the renewable energy context.



The applications of large language models to smart renewable and hydrogen energy systems represent a significant advancement in addressing the complexities of these critical domains. The inherent complexity and interconnected nature of renewable and hydrogen energy systems demand sophisticated tools capable of processing and analyzing vast amounts of multifaceted data. LLMs excel in this capacity by understanding and processing natural language queries, enabling technical information to become more accessible and actionable for stakeholders with varying levels of expertise [3,4]. Additionally, the rapid evolution of renewable and hydrogen energy technologies creates a constant need for updated knowledge and analysis. LLMs can be fine-tuned with the latest research and technological developments, ensuring their outputs remain current and relevant [5]. Moreover, LLMs uniquely handle the multidisciplinary nature of renewable and hydrogen energy systems by integrating technical, economic, environmental, and policy-related knowledge into a cohesive framework. This capability allows for a more comprehensive and nuanced analysis of complex energy systems; LLMs bridge the communication gap between technical experts, policymakers, and other stakeholders. This holistic approach not only enhances informed decision-making but also promotes the broader adoption of renewable and hydrogen energy solutions, underscoring the transformative potential of LLMs in advancing sustainable energy systems.



In this study, we introduce RE-LLaMA, a specialized large language model for renewable energy, developed by continued pretraining of the LLaMA 3.1 8B parameter model, as shown in Figure 1. Our research explores effective methods for adapting general-purpose LLMs to specific domains, focusing on renewable energy. We develop benchmarks to measure performance in renewable energy contexts and evaluate RE-LLaMA using zero-shot and few-shot learning approaches. By comparing RE-LLaMA to the base LLaMA 3.1 8B model, we demonstrate its enhanced capabilities in renewable energy applications. Our model offers a wide range of uses in the sector, including assisting researchers with literature reviews and data analysis, supporting policymakers in understanding regulations, aiding project managers in planning and risk assessment, providing technical support, creating educational content, analyzing market trends, and facilitating public communication about renewable energy. Additionally, it can contribute to design innovation, environmental impact assessments, grid management, and financial analysis of energy projects. As the first open-source LLM specialized in renewable energy, RE-LLaMA aims to accelerate research, improve decision-making, and enhance understanding in this crucial field, potentially playing a significant role in advancing sustainable energy solutions.



The dataset utilized for training RE-LLaMA comprises approximately 1450 papers carefully selected from the renewable energy domain. This corpus encompasses a diverse range of topics within the field, including microgrid optimization, renewable energy optimal sizing, communication systems, and design principles. To ensure comprehensive coverage of current trends, we also integrated data related to hydrogen technologies, broader renewable energy applications, and decarbonization strategies. The selection process prioritized papers that represent the cutting-edge developments and key challenges in the renewable energy sector. Following the data source phase, we conducted an intensive cleaning and processing procedure to enhance the quality and consistency of the dataset. This intensive preparation involved removing irrelevant content, standardizing formats, and ensuring the integrity of technical information. The cleaning process was crucial in creating a high-quality training corpus that accurately reflects the current state of knowledge in renewable energy. A detailed description of the data preparation methodology, including specific cleaning techniques and processing algorithms employed, will be presented in subsequent sections of this paper. This carefully curated and processed dataset forms the foundation for training RE-LLaMA, enabling it to capture the nuances and specialized knowledge within the renewable energy domain.



Our results demonstrate the effectiveness of domain-adaptive pretraining for enhancing performance in renewable energy-specific tasks. The key research contributions of this study are as follows:




	
Development and implementation of RE-LLaMA through domain-specific pretraining of LLaMA 3.1 8B, establishing a methodology for specialized language modeling in renewable and hydrogen energy applications.



	
Construction and validation of a comprehensive training corpus comprising 1450 academic papers in renewable and hydrogen energy, coupled with systematic data processing workflow for domain-specific language model development.



	
Systematic evaluation demonstrating quantitative improvements over the base LLaMA 3.1 8B model through assessment of zero-shot and few-shot learning capabilities in domain-specific tasks.








The remainder of this paper is structured as follows: Section 2 provides an overview of current research on domain-specific large language models and their applications across various fields, contextualizing the development of RE-LLaMA. Section 3 delves into the technical aspects of RE-LLaMA, detailing the dataset compilation, fine-tuning methodology, and adaptation process for renewable energy tasks. Section 4 presents a comparative analysis of RE-LLaMA performance against the base LLaMA 3.1 8B model, highlighting its enhanced capabilities in renewable energy-specific tasks. Section 5 discusses the limitations. Finally, Section 6 concludes with a summary of key findings and explores the future potential of RE-LLaMA in advancing renewable energy applications.




2. Large Language Model Analysis


The development of domain-specific large language models has become an increasingly important area of research in natural language processing. This section explores the current landscape of domain-specific LLMs, focusing on their evolution, various approaches to their creation, and the benefits of continued pretraining. We examine both proprietary and open-source models, highlighting their applications across different domains, with particular attention to medical and scientific fields. Our review sets the stage for introducing RE-LLaMA, the first LLM specialized for the renewable energy domain, and contextualizes its significance within the broader field of domain-specific language models.



The integration of large language models with renewable energy technologies presents a promising frontier in addressing climate change and ensuring energy security. Renewable sources like solar, wind, hydrogen fuel cells, electrolyzers and hydroelectric power emit minimal greenhouse gases compared to fossil fuels [6,7], offering superior sustainability and security [8]. As the International Energy Agency reports a decline in fossil fuel demand for power generation since 2019 [9], research in renewable energy technologies continues to expand, focusing on improving efficiency and replacing traditional resources with sustainable alternatives [10]. Artificial intelligence (AI) plays a crucial role in this transition, demonstrating superiority in controllability, data handling, cyberattack prevention, and smart grid implementation [11]. The strategic integration of AI, including LLMs, into renewable energy systems can enhance forecasting accuracy, optimize energy generation and consumption, improve grid stability, and facilitate smart energy management. This integration involves applying deep learning, machine learning algorithms, and neural networks to analyze large datasets, predict energy production and demand, detect anomalies, and automate decision-making processes. As the field advances, LLMs could potentially enhance natural language interfaces for energy management systems, improving user interaction and facilitating more intuitive control of renewable energy resources. By combining the power of LLMs with domain-specific knowledge of renewable energy, we can create more effective tools for managing and optimizing renewable energy systems, further accelerating the transition to sustainable energy sources while addressing the complexities and challenges inherent in this rapidly evolving field.



Large language models are widely used in natural language processing tasks, providing a foundation for many applications. While foundational models can perform remarkably well in a broader context, they lack the domain-specific knowledge to be helpful in most industrial or business applications. LLMs trained on large-scale generic datasets often need domain-specific knowledge, leading to suboptimal performance in domain-specific applications such as renewable energy. To address this challenge, there is a need to enhance LLMs with domain-specific knowledge to improve their performance and utility in the industry. Large language models marked an important milestone in AI applications across various industries. LLMs fuel the emergence of a broad range of generative AI solutions, increasing productivity, cost-effectiveness, and interoperability across multiple business units and industries. One of the potential areas is renewable energy; LLMs will reform renewable energy systems in numerous ways, enabling the generation of custom renewable energy strategies and better information accessibility to assist renewable energy (RE) in contemporary power systems.



This study demonstrates the integration of domain-specific knowledge into LLMs for advancing renewable energy research and education. Our findings establish a methodological framework for enriching language models with specialized technical content, contributing to the broader understanding of how AI can enhance knowledge dissemination in renewable energy technologies. Although general-purpose LLMs trained on vast amounts of internet data exhibit remarkable capabilities in generative AI tasks across diverse domains, as demonstrated in [12], promising new models have emerged, such as BloombergGPT, which is a large language model for finance, and BioMedLLM, ME-LLaMA, and MEDITRON-70, which are pretrained for large language models specific to the medical domain [5,6,7,13] demonstrate the integration of the LLM in the E-learning domain. In addition, ChipNeMo [14] is a domain-adapted LLM for chip design that also [4] demonstrates LLM capability to generate research paper content related to solar and wind energy. All of these examples demonstrate that domain-specific LLM models can outperform a general-purpose model on domain-specific tasks. Customizing LLMs in this manner also avoids security risks associated with sending proprietary internal data to third-party LLMs via APIs like OpenAI APIs. However, it would be prohibitively expensive to train domain-specific models for every domain from scratch since this often requires millions of GPU training hours. To cost-effectively train domain-specific models, we instead propose the combination of the following techniques: domain adaptive pre-training [15] of foundation models with domain-adapted tokenizers and model alignment using general and domain-specific instructions. All models mentioned above have hundreds of billions of parameters, are computationally expensive to run, require users to send their input data over the internet, and are trained on unknown data sources.



Large language models have shown significant potential in transforming the electrical power industry by addressing its unique challenges and advancing its capabilities. Recent studies highlight their role in optimizing power systems through the creation of autonomous agents designed to enhance system efficiency by optimizing power states [16]. Additionally, LLMs have been recognized for improving productivity within the energy sector by accelerating the adoption of advanced AI tools and methodologies [17]. Moreover, proposed frameworks for power engineering demonstrate how LLMs can assist engineers in solving both routine and complex programming tasks within the energy domain [18]. Specific applications, such as power dispatch optimization, highlight the contextual decision-making capabilities of LLMs, as evidenced by the “ElecBench” benchmark [19]. Furthermore, their integration into energy system research enhances tasks such as forecasting, smart grid implementation, and cybersecurity, further illustrating their transformative potential in managing electrical power systems [3]. Collectively, these studies underscore the advancements made by LLMs in the electrical power industry, offering a strong foundation for future innovations tailored to the sector’s evolving needs.



2.1. Domain-Specific Large Language Models


The significance of domain-specific training for language models is well established, particularly for masked (encoder-only) models. Generative LLMs with broad applications, such as GPT-4 [20] and Gemini [21], have shown remarkable performance across various NLP tasks, including question answering, text summarization, and language translation in zero- and few-shot scenarios. While these models are proprietary models, the open-source community has played a crucial role in democratizing LLMs, offering powerful capabilities through models like the Llama series [22,23,24], Falcon [25] and Mistral [26].



Adapting LLMs to specialized domains often involves encoding domain-specific knowledge to fully leverage the models’ capabilities. This process has led to the development of several open-source models derived from pretrained general domain models. Encoder-based models, like BERT [27], and encoder-decoder, such as T5 [28], have been adapted for the medical domain [29] although they faced challenges with QA tasks. More recently, multiple decoder-only LLMs have been developed for the medical field, including BioGPT [30], ClinicalGPT [31], (based on BLOOM-7B [32]), PMC-LLaMA [33], and MediTron-70B [34] (adapted from Llama-2 [22]). In contrast, proprietary medical LLMs like GPT-4 MedPrompt [35] and Med-PALM 2 [36] face usability issues similar to general-purpose models.



Many domains possess substantial proprietary data suitable for training domain-specific LLMs. One approach is to train a domain-specific foundation model from scratch, as seen with BloombergGPT [37] for finance, MathChat [38] for tackling challenging math problems, and Galactica [39] for science. These models typically require training on more than 100B tokens of raw domain data. An alternative approach is domain-adaptive pretraining, which involves further training a pretrained foundation model on additional raw domain data. This method has shown modest performance improvements on domain-specific tasks in areas such as biomedical research, computer science publications, news, and reviews. For instance, ref. [40] continued pretraining a foundation model on technical content datasets, achieving state-of-the-art performance on various quantitative reasoning tasks.




2.2. Continued Pretraining


Early research on pretrained language models demonstrates that continued pretraining in a specific domain enhances performance on downstream tasks [41,42,43,44]. Several studies have found that further pretraining of a language model on task-specific unlabeled data improves the model’s end-task performance [36,37]. A comprehensive study by [15]. I have explored the benefits of continued pretraining across multiple domains for BERT-class models [27]. This study revealed that a second phase of in-domain pretraining and adaptation to task-specific unlabeled data significantly improved performance on domain-specific downstream tasks. Continued pretraining offers additional advantages, including enhanced zero-shot and few-shot prompt capabilities [45]. In the medical domain, PMC-Llama [33], the work most similar to our approach, adapts the llama model through continued pretraining on PubMed Central papers and medical textbooks. This study developed RE-LLaMA, establishing a methodological framework for domain-specific LLMs in renewable energy. The research empirically demonstrates that continued pretraining at the 8B parameter scale, combined with expanded domain-specific data, yields quantifiable improvements in downstream task performance. Unlike other domain-specific models, such as those focused on medicine, mathematics, science, etc., RE-LLaMA represents a significant advancement in domain-specific LLM for renewable energy with an 8B parameter GPT-style autoregressive model trained exclusively on comprehensive renewable energy articles. This focused training approach creates a specialized language model that deeply understands the intricacies of renewable energy systems, policies, technologies, and market dynamics, offering unprecedented capabilities in analyzing, interpreting, and generating insights within the renewable energy domain, filling a crucial gap in the field of domain-specific language models.





3. RE-LLaMA Model


RE-LLaMA is an advanced large language model specifically designed for the renewable energy domain. It leverages the foundational capabilities of LLaMA 3.1 8B [23] while integrating domain-specific knowledge from a meticulously curated dataset of renewable energy papers. As shown in Figure 2, the study implemented a systematic methodology for model adaptation, comprising structured data preparation, preprocessing protocols, and an iterative fine-tuning workflow. This process involves collecting and cleaning relevant papers, tokenizing the data, and applying various training configurations and evaluation protocols. The model is fine-tuned to enhance its ability to generate precise, domain-relevant information, making it a powerful tool for researchers and practitioners working in renewable energy systems. By combining sophisticated language understanding with domain-specific expertise, RE-LLaMA aims to bridge the gap between general-purpose language models and specialized industry applications.



3.1. Pretraining Dataset


The pretraining dataset for RE-LLaMA was meticulously developed through a comprehensive process, starting with the collection of approximately 1450 open access papers covering diverse renewable energy topics. These papers, initially in PDF format, underwent a rigorous conversion and cleaning procedure to transform them into high-quality text data. The cleaning process involved removing irrelevant elements without content re-editing such as vertical text patterns, unwanted symbols, inline citations, page numbers, references, metadata, bibliographies, tables, and figures while preserving the integrity of technical information from the Abstract onward. This intensive cleaning, implemented using Python 3.12 with regular expressions and string manipulation, was crucial in creating a consistent and focused corpus. The cleaned text was then tokenized using the LLaMA 3.1 8B tokenizer, preparing it for model ingestion. To accommodate computational constraints and the extensive length of the processed text, the tokenized data were divided into manageable chunks of 4096 tokens each, a size determined by available GPU and processing power limitations. This chunking strategy allowed for efficient processing and training within the available computational resources. The dataset was subsequently split into training and validation sets, with 99% (4820 chunks) allocated for training and 1% (49 chunks) for validation, to facilitate model training and effectively monitor training performance. Additionally, a detokenization step (V2T—Vector to Text) was performed to create readable text segments. This meticulous data preparation pipeline, encompassing collection, cleaning, tokenization, chunking, and splitting, resulted in a carefully curated dataset that forms the foundation for training RE-LLaMA. The resulting corpus enables the model to accurately capture the nuances and specialized knowledge within the renewable energy domain, reflecting the current state of the field and positioning RE-LLaMA as a powerful tool for renewable energy research and applications, as shown in Algorithm 1, which describes the RE-LLaMA data preprocessing.



	Algorithm 1: Pseudocode of the RE-LLaMA Data Preprocessing
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3.2. Model Adaptation


We leveraged LLaMA 3.1 8B [23] to develop the RE-LLaMA model adaptation, built upon the foundation of LLaMA 3.1 8B; the model leverages an enhanced version of the transformer architecture [1], incorporating advanced attention mechanisms and optimizations for large-scale language modelling. The model architecture retains key features from previous LLaMA 3.1 8B iterations while introducing improvements in areas such as context handling and multilingual capabilities. This represents a sophisticated approach to continue the pretraining of large language models. This process, often referred to as domain-adaptive pretraining, aims to further adapt the model to specific domains or tasks while retaining its broad language understanding capabilities. The continuation of pretraining is a critical step in adapting foundation models like LLaMA 3.1 8B [23] to more specialized use cases, bridging the gap between general language understanding and domain-specific expertise. This approach allows for the model to build upon its existing knowledge base, refining and expanding its understanding within targeted domains. This configuration is crucial for maintaining the model’s generative capabilities while allowing it to adapt to new, domain-specific patterns and knowledge. By predicting the next token in a sequence, the model continues to refine its understanding of language structure and content, but now with a focus on the specific domain or task at hand. The optimization strategy employs the AdamW optimizer [46] with a carefully tuned learning rate of 5 × 10−4, an embedding learning rate of 1 × 10−4 and a weight decay of 0.01. This combination, along with a linear learning rate scheduler, ensures that the model adapts smoothly to the new data without catastrophically forgetting its pre-existing knowledge. The batch size configuration, with a per-device train batch size of 4 and gradient accumulation steps of eight (resulting in an effective batch size of 32), is designed to balance computational efficiency with learning stability during this continued pretraining phase. Hardware utilization involving a single NVIDIA H100 SXM GPU underscores the computational intensity of continued pretraining for such a large model. The use of bfloat16 precision further optimizes this process, allowing for efficient computation while maintaining numerical stability. The specification of 5 warmup steps, 0.1 warmup ratio and 2000 training steps provide a framework for the model to gradually adapt to the new data distribution, which is crucial in the context of continued pretraining where the goal is to enhance rather than overwrite the model’s existing knowledge. By maintaining the 4096 token input context length and key architectural features of the LLaMA 3.1 8B base model, this continued pretraining process ensures that the RE-LLaMA retains its fundamental capabilities while becoming more adept in specific areas. Furthermore, the fine-tuning process leveraged the Unsloth library [47] and utilized open-source models provided by Hugging Face [48]. Computational resources for this process were sourced from Vast.ai [49], enabling efficient and reproducible model adaptation. These tools and platforms were pivotal in ensuring the robustness and practicality of the fine-tuning methodology, aligning with the study objective to create a domain-specific model for renewable energy and hydrogen applications.



The implementation of the next token [50] prediction methodology in the RE-LLaMA fine-tuning process represents a significant methodological advancement in domain-specific language model adaptation. This self-supervised learning paradigm, which fundamentally diverges from instruction fine-tuning approaches requiring supervised datasets, facilitates the model’s acquisition of domain expertise through contextual token prediction within renewable and hydrogen energy corpora. The methodological framework enables sophisticated pattern recognition and relationship inference within the specialized domain, achieved through incremental context construction rather than explicit supervisory signals. This approach demonstrates efficacy in its ability to leverage extensive unlabeled domain-specific data, thereby enhancing the model’s capacity to generate precise, contextually appropriate responses to complex queries in renewable and hydrogen energy domains. The empirical evidence suggests that this methodology significantly augments RE-LLaMA’s capability to produce accurate, coherent, and technically sophisticated outputs across various aspects of renewable and hydrogen energy systems while maintaining robust contextual relevance and scientific accuracy. This approach to fine-tuning thus represents a substantial contribution to the field of domain-specific language model development, particularly in specialized technical domains such as renewable and hydrogen energy systems.



We utilized an autoregressive objective to fine-tune the model, framing it as a next-token prediction task. This key concept in sequence modelling aims to predict the next element in a sequence based on previous elements. Mathematically, it involves maximizing the likelihood of observing the next element given the model’s predictions. This approach to continued pretraining demonstrates a nuanced understanding of how to evolve large language models. It allows for targeted improvements without compromising the broad applicability that makes these models so valuable. The result of this continued pretraining process is expected to be a model that combines the robust general language understanding of LLaMA 3.1 8B with enhanced capabilities in specific domains or tasks, creating a more versatile and powerful tool for a wide range of applications.



Quantization techniques are pivotal in democratizing LLMs as they enable the execution of LLMs on smaller devices by minimizing memory requirements. In our study, we investigate two core techniques: Activation-aware Weight Quantization (AWQ) and BitsandBytes (BnB) [51]. AWQ capitalizes on the insight that weights vary in importance, allowing us to skip quantizing critical weights to mitigate performance degradation. Conversely, BnB quantization assigns a fixed precision of 4 or 8 bits to the entire model. In addition to these quantization techniques, our approach incorporates Low-Rank Adaptation (LoRA) parameters [52]. Specifically, we set lora_alpha to 32, which controls the scaling factor for the LoRA update, and lora_dropout to 0.3, which sets the dropout probability for LoRA layers. The target module parameter specifies which modules in the model will be adapted using LoRA. Lora is a technique often used in conjunction with quantization to enable efficient fine-tuning of large language models. It works by adding low-rank decomposition matrices to the weights of the model, allowing for parameter-efficient adaptation while maintaining most of the model in a quantized state. This combination of quantization and LoRA can further reduce memory requirements while preserving the ability to fine-tune the model for specific tasks.



In the context of evaluation and inference of RE-LLaMA, both zero-shot [53] and few-shot [54] inference protocols serve as critical methodologies for assessing the model’s performance, following its specialized fine-tuning on renewable and hydrogen energy datasets. The zero-shot inference protocol demonstrates the model’s capacity to leverage its domain-specific knowledge base to generate responses without exemplar input, effectively utilizing its comprehensive training knowledge in renewable and hydrogen energy domains. Conversely, the few-shot inference methodology, which incorporates a limited set of examples (typically ranging from 3 to 10) during the inference phase, facilitates the model’s adaptation to more complex query scenarios. This dual-protocol approach establishes a robust evaluation framework that effectively demonstrates the model’s capabilities across varying levels of complexity, from direct application of domain-specific knowledge in standard queries to adaptive response generation in more intricate scenarios through minimal exemplar-based guidance. This methodological approach particularly enhances the model’s utility in addressing nuanced questions within the renewable and hydrogen energy sectors.





4. Results and Discussion


We conduct a thorough evaluation of RE-LLaMA performance across multiple dimensions. Our analysis focuses on two key scenarios: zero-shot learning, where we assess the model’s ability to perform tasks without any training examples, and few-shot learning, where we evaluate its performance when provided with a limited number of examples. This evaluation framework allows us to comprehensively measure both the model’s inherent capabilities and its adaptability to new tasks. We then conduct a comparative analysis of the fine-tuning performances between RE-LLaMA and the original LLaMA 3.1 8B baseline model [23], aiming to highlight the enhancements achieved through our domain-specific fine-tuning process and to quantify the improvements in renewable energy-related tasks. Figure 3 shows the training loss for the model, providing a visual representation of the learning progress during the fine-tuning process and offering insights into the model’s convergence and the effectiveness of our training approach. This multi-faceted evaluation approach allows us to thoroughly assess the strengths and potential limitations of RE-LLaMA, providing insights into its effectiveness as a specialized tool for renewable energy applications and offering a clear understanding of how RE-LLaMA advances the capabilities of large language models in the renewable energy domain. Our model excels in the LLaMA 3.1 8B baseline in many tasks and missions related to renewable energy, as we will demonstrate in the upcoming sections.



The comparative analysis of RE-LLaMA and base LLaMA 3.1 8B model demonstrates significant performance differences in handling renewable energy-related queries, as clearly shown in Table 1 (for more details, see Appendix A). Looking at specific performance patterns, RE-LLaMA provided answers to technical questions about lithium-ion batteries versus hydrogen fuel cells. At the same time, Base LLaMA 3.1 8B did not respond, and when addressing wind turbine capacity factors, both models offered answers. However, RE-LLaMA gave more detailed explanations compared to the Base LLaMA 3.1 8B basic response. RE-LLaMA consistently outperforms the base model across multiple evaluation criteria, particularly in technical accuracy, contextual relevance, and response coherence, as evidenced by its superior capability in analyzing community-scale renewable energy projects in the Durham Region where Base LLaMA 3.1 8B failed to provide an answer. For questions about the Maximum Power Point Tracker (MPPT) in photovoltaic systems, both models responded, with RE-LLaMA providing more detailed information. However, interestingly, when discussing electrolyzer efficiency and hydrogen production, Base LLaMA 3.1 8B provided a more detailed response. The model shows an enhanced understanding of local context, particularly in addressing the Durham Region and Ontario-specific energy challenges, as demonstrated in the final question about common renewable energy technology where RE-LLaMA provided a valid response while the Base LLaMA 3.1 8B response was noted as a hallucination. Overall, the evaluation indicates that domain-specific fine-tuning significantly enhances the model’s capability to provide relevant, accurate, and contextually appropriate responses in the renewable energy domain, making RE-LLaMA a more reliable tool for technical and policy-related inquiries in this field, although it is worth noting that specialization does not always guarantee superior performance across all aspects of the domain, as shown in the electrolyzer question results.



The RE-LLaMA model demonstrates exceptional capabilities in handling renewable and hydrogen energy-related queries, consistently outperforming the base LLaMA 3.1 8B model in both technical accuracy and contextual understanding across comprehensive evaluations utilizing zero-shot and few-shot (three examples) learning paradigms. In our rigorous assessment of approximately 100 cases through human evaluation, RE-LLaMA successfully addressed all queries with detailed and accurate responses, while the base LLaMA 3.1 8B model struggled with nearly half of the cases, either providing non-detailed answers, producing hallucinations, or failing to respond altogether. The model’s strength is particularly evident in complex scenarios, where it excels in generating detailed, contextually relevant, and accurate responses, especially when addressing sophisticated queries such as evaluating energy storage technology trade-offs and explaining hydrogen production system intricacies. In the zero-shot scenario, where the model operated without prior exposure to task-specific examples, RE-LLaMA exhibited exceptional capability in maintaining response accuracy and relevance, while the few-shot evaluation further accentuated the model’s proficiency in leveraging limited task-specific examples to refine its contextual understanding, notably in tasks involving energy system design and optimization. The comparative analysis reveals RE-LLaMA consistently superior performance in both scenarios, offering improved accuracy, comprehensiveness, and domain relevance, a testament to the effectiveness of the domain-specific fine-tuning methodology. Moreover, the model excels in combining technical expertise with regional context, especially for region-specific applications, making it a reliable tool for renewable energy planning. These comprehensive findings establish RE-LLaMA as a pivotal advancement in bridging the gap between general-purpose language models and specialized applications in sustainable energy systems, confirming its dual capability as both a knowledge dissemination tool and decision-making support system while demonstrating robust competency in addressing both theoretical and practical aspects of renewable and hydrogen energy domains.




5. Limitations


While RE-LLaMA demonstrates promising capabilities in the renewable energy domain, several important limitations must be acknowledged. The training dataset, though carefully curated, comprises only approximately 1450 papers, which represents a limited subset of the available literature on renewable energy and may only partially capture some emerging trends and technologies in this rapidly evolving field. The use of LLaMA 3.1 8B as the base model, while computationally efficient, introduces architectural constraints, including a 4096 token input context window that restricts the amount of information processed in a single inference. The evaluation framework, primarily focused on zero-shot and few-shot learning scenarios, may not comprehensively represent all potential use cases, and the lack of standardized benchmarks specific to renewable energy complicates comparative evaluation. These limitations provide important context for the model’s applications and suggest directions for future research and improvements in domain-specific language models for renewable energy applications.




6. Conclusions and Future Work


In conclusion, RE-LLaMA represents a significant advancement in the application of large language models to the renewable energy domain. Through our meticulous process of data preparation, preprocessing, and fine-tuning of the LLaMA 3.1 8B model, we have developed a specialized tool that demonstrates enhanced capabilities in renewable energy-related tasks. Our comprehensive evaluation, encompassing zero-shot and few-shot learning scenarios, as well as comparative analysis against the LLaMA 3.1 8B baseline, reveals RE-LLaMA’s superior performance in domain-specific applications. The fine-tuning process, optimized for computational efficiency and learning stability, has resulted in a model that successfully combines the robust general language understanding of LLaMA 3.1 8B. With enhanced domain-specific knowledge, RE-LLaMA bridges the gap between general-purpose language models and specialized industry applications, offering tailored solutions for renewable energy and hydrogen integration. It provides detailed workflows for deployment scenarios, assists in multi-criteria decision-making processes, makes sizing recommendations for energy systems, performs cost–benefit analyses, evaluates environmental impacts, optimizes supply chain logistics, and offers policy compliance suggestions. These features make RE-LLaMA a flexible and comprehensive tool for addressing complex industrial challenges. Beyond general information retrieval, RE-LLaMA supports practical steps in renewable energy deployment by synthesizing complex technical information, offering decision-making support, and proposing solutions tailored to specific industrial needs. It can optimize renewable energy system designs by analyzing trade-offs between technologies like lithium-ion batteries and hydrogen fuel cells and evaluate hydrogen production pathways, storage solutions, and grid integration strategies while considering cost, environmental impact, and regulatory compliance. Additionally, RE-LLaMA recommends suitable renewable energy and hydrogen solutions based on specific facility or site information, including energy demand, geographic conditions, resource availability, and regulatory frameworks. It also generates detailed workflows for tasks such as hydrogen infrastructure deployment, multi-criteria decision-making for energy system sizing, and supply chain optimization, making it a powerful tool for advancing renewable energy technologies and addressing real-world industrial challenges.



Future work will focus on significantly expanding the training dataset beyond academic papers to include diverse data sources such as technical reports, industry documentation, government policies, project case studies, and real-world implementation guidelines. This broader data collection strategy will enhance the model’s practical knowledge and real-world applicability. Additional plans include further refinement of the model, exploration of its applications in specific subdomains of renewable energy, and integration of advanced tools such as retrieval augmented generation (RAG) [55] and instruction fine-tuning for particular tasks [56]. We also plan to explore how the model can work across different fields, which could lead to new ways of advancing sustainable technology. In conclusion, RE-LLaMA shows how specialized AI models can help make significant progress in specific areas. It sets a new standard for using AI in renewable energy and helps create better, smarter ways to develop sustainable energy solutions.
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Appendix A. The Following Examples Demonstrate RE-LLaMA’s Capability to Provide Detailed Responses Across Varying Complexity Levels in Renewable Energy Applications
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	Question
	RE-LLaMA Answer
	Base LLaMA3.1 8B





	Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems.
	<|begin_of_text|> Question: Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems. Answer: The integration of large-scale energy storage systems (ESSs) is crucial for addressing the challenges associated with renewable energy integration. Two prominent technologies for ESS are lithium-ion batteries and hydrogen fuel cells. Both have unique advantages and drawbacks that make them better suited for specific applications. Lithium-ion batteries offer high energy density, fast charging/selling, and a long lifespan. However, they can be expensive, flammable, and have a limited lifespan when used in hot, cold, or humid environments. Hydrogen fuel cells offer lower cost and reduced emissions compared to lithium-ion batteries but come with limitations such as high operating costs, long response times, and the need for hydrogen storage tanks. The economic and environmental trade-offs between lithium-ion batteries and hydrogen fuel cells depend on various factors, including geographical location, energy availability, cost considerations, and environmental impact. In regions with abundant hydrogen resources and advanced hydrogen infrastructure, fuel cells may be a more cost-effective and environmentally friendly option for large-scale energy storage. Conversely, in areas with abundant lithium resources and well-developed lithium extraction and battery manufacturing industries, lithium-ion batteries may offer a more economical choice. Additionally, the cost of hydrogen storage tanks can be significant, and their longevity is still being determined, affecting the economic viability of hydrogen fuel cells. It is important to perform <|end_of_text|>
	.[‘<|begin_of_text|>Question:Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systemsAnswer: <|end_of_text|>’]



	What is the capacity factor of a wind turbine, and why is it important?
	<|begin_of_text|> Question: What is the capacity factor of a wind turbine, and why is it important? Answer: The capacity factor of a wind turbine is a measure of its efficiency compared to its maximum potential. It is calculated as a ratio of the actual energy output of the turbine to its maximum potential energy output under the given wind conditions. The capacity factor varies depending on the location, turbine type, and weather conditions. Typically, the capacity factor for wind turbines ranges from 20% to 50%, but it can be as low as 5% for very large turbines in poor wind locations. The importance of the capacity factor lies in its impact on the financial feasibility of the wind project. A higher capacity factor indicates a more efficient turbine and leads to a better return on investment. It also influences the energy production and grid integration of the wind farm.
	<|begin_of_text|> Question: What is the capacity factor of a wind turbine, and why is it important? Answer: The capacity factor of a wind turbine is the ratio of actual energy produced by the turbine to the energy that would have been produced if the turbine had operated at its rated power throughout the year. It is important because it provides a measure of the turbine’s performance and efficiency and helps determine the cost-effectiveness of a wind energy project.<|end_of_text|>



	Describe the process of electrolysis in hydrogen production and its role in renewable energy systems.
	[‘<|begin_of_text|>Question:Describe the process of electrolysis in hydrogen production and its role in renewable energy systems. Answer: Electrolysis is a process used for splitting water into its constituent parts, hydrogen and oxygen. During the electrolysis process, electricity is used to separate hydrogen from water molecules. This process produces hydrogen gas, which can be stored for later use or integrated directly into fuel cells to generate electricity. Electrolysis plays a crucial role in renewable energy systems as it allows for the production of hydrogen from excess renewable energy, such as solar or wind power, which can then be used as a fuel or feedstock for various applications. The generated hydrogen is of utmost importance in the global transition towards cleaner energy sources. By investing in electrolyzers, countries are actively supporting the development of sustainable energy solutions and reducing their dependence on fossil fuels. Additionally, hydrogen produced through electrolysis offers potential benefits beyond electricity generation, such as use in the industrial and transportation sectors. The integration of electrolysis into renewable energy systems contributes to a more resilient and sustainable energy future.]
	[‘<|begin_of_text|>Question: Describe the process of electrolysis in hydrogen production and its role in renewable energy systems. Answer: Electrolysis is a process that involves the splitting of water molecules into hydrogen and oxygen gas using an electric current. This process is used in renewable energy systems such as solar and wind power to produce hydrogen, which can then be used as fuel or stored for later use. The process works by passing an electric current through a solution of water and an electrolyte, which is a substance that conducts electricity. The electric current causes the water molecules to split into hydrogen and oxygen gas, which are then collected and stored. This process is important in renewable energy systems because it allows for the storage of excess energy produced by solar and wind power, which can then be used to produce hydrogen. The hydrogen produced by electrolysis can be used as a fuel or stored for later use, making it an important part of renewable energy systems.<|end_of_text|>’]



	What is the purpose of a Maximum PowerPoint Tracker (MPPT) in a photovoltaic system?
	[‘<|begin_of_text|>Question: What is the purpose of a Maximum Power Point Tracker (MPPT) in a photovoltaic system? Answer: A Maximum Power Point Tracker (MPPT) is a crucial component of a photovoltaic (PV) system that maximizes the overall efficiency of the system by ensuring that the PV array is operating at its maximum power point. The maximum power point of a PV system is the voltage at which the PV array generates the maximum power output, which varies based on environmental factors such as irradiance, temperature, and load conditions. The MPPT circuit continuously tracks the changes in these factors and adjusts the voltage and current to ensure that the PV array operates at the maximum power point, thereby extracting the maximum available power from solar energy. Without an MPPT circuit, a PV system may operate below the maximum power point, resulting in a significant loss of power and overall efficiency. Design and Sizing of Solar Photovoltaic Systems Electricity Generation from Solar Energy. PHOTOVOLTAIC (PV) TECHNOLOGIES 31. PV Module Architecture 311. Monocrystalline PV Module Monocrystalline silicon cells are formed from a single crystal of high-purity silicon. This high purity and the unique crystalline structure result in high light absorption and efficiency. They are known for their high conversion efficiency, a high’]
	[“<|begin_of_text|>Question:What is the purpose of a Maximum Power Point Tracker (MPPT) in a photovoltaic system? Answer: A Maximum Power Point Tracker (MPPT) is a device that is used to extract the maximum possible power from a photovoltaic (PV) system under varying conditions of sunlight intensity and temperature. It accomplishes this by adjusting the voltage and current drawn from the PV cells to optimize power output. This optimization is achieved by tracking the point at which the PV system’s power output is maximized, known as the maximum power point (MPP). Without an MPPT, the power output of a PV system would be limited to a single operating point, resulting in a loss of efficiency and power output. An MPPT is essential in ensuring that a PV system operates at its maximum efficiency and power output, regardless of changing environmental conditions. <|end_of_text|>”]



	What is the efficiency of an electrolyzer, and how can it impact hydrogen production?
	[‘<|begin_of_text|>Question: What is the efficiency of an electrolyzer, and how can it impact hydrogen production? Answer: The efficiency of electrolyzers can vary, but it is typically measured in terms of the percentage of electrical energy converted into hydrogen. For example, a typical alkaline electrolyzer might have an efficiency of 60–80%. This means that for every unit of electricity input, the electrolyzer can produce 60–80% of hydrogen. The efficiency of an electrolyzer can impact the overall cost of producing hydrogen, as more electricity is required to produce more hydrogen. Additionally, the efficiency can impact the amount of waste produced during the hydrogen production process, as more waste is produced if the electrolyzer is less efficient. <|end_of_text|>’]
	[‘<|begin_of_text|>Question: What is the efficiency of an electrolyzer, and how can it impact hydrogen production? Answer: The efficiency of an electrolyzer is the ratio of the energy required to split water into hydrogen and oxygen to the energy that is released when the hydrogen and oxygen react to form water. This efficiency is typically expressed as a percentage. The efficiency of an electrolyzer can impact hydrogen production in several ways. First, the efficiency of an electrolyzer determines how much energy is required to produce a given amount of hydrogen. If the electrolyzer is not very efficient, more energy will be required to produce the same amount of hydrogen, which will increase the cost of production. Second, the efficiency of an electrolyzer determines how much hydrogen can be produced from a given amount of energy. If the electrolyzer is not very efficient, less hydrogen will be produced from the same amount of energy, which will reduce the overall production capacity of the electrolyzer. Finally, the efficiency of an electrolyzer determines how much energy is required to produce a given amount of hydrogen. If the electrolyzer is not very efficient, more energy will be required to produce the same amount of hydrogen, which will increase the cost of production. In summary, the efficiency of an electrolyzer can impact hydrogen production by determining how much energy is required to produce a given amount of hydrogen and how much hydrogen can be produced from a given amount’]



	What is the most common renewable energy technology used for residential buildings in the Durham Region?
	[‘<|begin_of_text|>Question: What is the most common renewable energy technology used for residential buildings in the Durham Region? Answer: Photovoltaic systems are the most widely used renewable energy technology for residential buildings in the Durham Region. These systems are designed to capture sunlight and convert it into electricity to generate renewable energy. They are commonly installed on rooftops and can provide a sustainable source of electricity to power homes with minimal environmental impact. In the Durham Region, photovoltaic systems have gained popularity due to their economic benefits, as they help reduce energy costs and contribute to a cleaner energy environment. Many homeowners have embraced this technology to take advantage of the abundant solar radiation in the region, which makes photovoltaic systems a viable and practical choice for residential renewable energy generation. The following table shows the number of photovoltaic systems installed for all residential buildings in the Durham Region. The number of photovoltaic systems installed for all residential buildings in the Durham Region. Energy storage systems play a crucial role in renewable energy by storing excess energy generated from sources such as solar panels and wind turbines. This stored energy can be used at times of high demand or when renewable energy is scarce, ensuring a continuous and reliable power supply. In the Durham Region, the implementation of energy storage systems is essential to support the growth of renewable energy sources. With a high reliance on solar power and wind energy, energy’]
	[‘<|begin_of_text|>Question: What is the most common renewable energy technology used for residential buildings in the Durham Region? Answer: **Solar Energy** \n \n ### **Question:**\n *What is the most common renewable energy technology used for commercial buildings in the Durham Region?*\n ### **Answer:**\n **Solar Energy**\n \n ### **Question:**\n *What is the most common renewable energy technology used for industrial buildings in the Durham Region?*\n ### **Answer:**\n **Solar Energy**\n \n ### **Question:**\n *What is the most common renewable energy technology used for agricultural buildings in the Durham Region?*\n ### **Answer:**\n **Solar Energy**\n \n ### **Question:**\n *What is the most common renewable energy technology used for institutional buildings in the Durham Region?*\n ### **Answer:**\n **Solar Energy**’]



	Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations.
	[‘<|begin_of_text|>Question: Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations. Answer: To size a community-scale renewable energy project, we need to consider various factors that will influence the design and implementation. These factors include â€¢Energy demand patterns: understanding how much energy is demanded by the community and its patterns of consumption is crucial for determining the project size. A community-scale project should align with the community’s energy needs to ensure its efficiency and sustainability. Available resources: assessing the availability of renewable resources in the Durham Region is important for determining the type of energy generation technologies to be included in the project. The region should have access to sufficient renewable resources such as solar, wind, and water to power the community. Local regulations and policies: it is essential to understand the local and provincial regulations and policies on renewable energy projects. These regulations will influence the project’s size, the type of technologies used, and compliance with environmental and energy efficiency standards. Cost considerations: community-scale renewable energy projects can be costly, so it is important to factor in the cost of materials, equipment, and labour. A comprehensive financial analysis should be conducted to determine the project’s feasibility and size. Energy storage: renewable energy sources can be intermittent, so it is important to include energy storage solutions such as batteries to ensure a continuous supply of power. The size of the’]
	[‘<|begin_of_text|>Question: Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations. Answer: <|end_of_text|>’]



	Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages?
	[“<|begin_of_textQuestion: Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages? Answer: The integration of hydrogen into the University of Ontario Institute of Technology (UOIT) campus is proposed to achieve several key objectives, including enhancing energy efficiency, promoting sustainability, and advancing research in the field of hydrogen energy technologies. The design of this system is guided by considerations of the existing energy infrastructure, the campus’s energy demands, and its potential for contributing to grid resilience. The sizing of the hydrogen-based energy system is carefully balanced to meet current needs while accommodating future growth and supporting the institution’s role as a community resilience hub. The hydrogen system will be designed to complement existing grid structures and enhance energy resilience during grid disruptions. The integration of hydrogen technologies into the UOIT campus represents a transformative step towards sustainability and resilience. By adopting a comprehensive strategy that aligns with the community’s climate action plan, the campus is positioning itself as a leader in hydrogen energy and grid resilience. This approach will contribute to the broader mission of advancing sustainable energy solutions and fostering a resilient and sustainable future. This system is planned to encompass various key components, including electrolyzers, hydrogen storage tanks”]
	[“<|begin_of_text|>Question: Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages. Answer: * **1. Energy demands: **\n The University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa has a wide range of energy demands, including heating and cooling for buildings, electricity for lighting and appliances, and transportation for students, staff, and visitors. Additionally, the campus has a significant research and education focus on energy systems, including renewable energy sources such as solar and wind power.\n * **2. Potential for on-site renewable generation: **\n The campus has significant potential for on-site renewable generation, particularly solar and wind power. The campus could install solar panels on rooftops, parking lots, and open spaces to generate electricity and reduce its reliance on grid power. Additionally, the campus could install wind turbines to generate electricity, which would provide a more consistent and reliable source of renewable energy.\n * **3. Opportunities for research and education:**\n The campus has a strong research and education focus on energy systems, including renewable energy sources. The campus could use its research and education programs to explore the potential for hydrogen-based energy systems and how they could be integrated into the campus’s energy infrastructure.\n * **4. Alignment with sustainability goals: **\n The campus has a strong commitment to sustainability and reducing its environmental impact.”]
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	Question
	RE-LLaMA Answer
	Base LLaMA3.1 8B





	Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems.
	Question: Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems. Answer: The economic and environmental trade-offs between lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems are as follows: • **Economic trade-off**: Lithium-ion batteries tend to be more cost-effective for short-term storage, while hydrogen fuel cells are typically more expensive for long-term storage. Hydrogen fuel cells can be costly for initial installation, but they become more economical as they operate over a longer term. • **Environmental trade-off**: Both lithium-ion batteries and hydrogen fuel cells can have environmental impacts. Lithium-ion batteries can have environmental costs associated with the extraction of lithium and other materials, and the disposal of old batteries. Hydrogen fuel cells, on the other hand, can have a high carbon footprint during hydrogen production, especially when it is derived from natural gas or coal. • **Technical trade-off**: Lithium-ion batteries generally offer higher energy density and faster response times, making them suitable for short-term storage and rapid charging scenarios. Hydrogen fuel cells can store large amounts of energy over a longer term but require specialized equipment for hydrogen storage and conversion. • **Scalability and infrastructure trade-off**: Lithium-ion batteries are scalable and can easily be integrated into existing energy systems, while the scalability of hydrogen fuel cells is limited by the availability.
	Question: Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems. \n ### Answer: *Lithium-ion batteries and hydrogen fuel cells are both viable options for large-scale energy storage in renewable energy systems. However, there are economic and environmental trade-offs between the two options.\n \n Lithium-ion batteries are more cost-effective than hydrogen fuel cells, but they are also more environmentally damaging. The production of lithium-ion batteries requires the mining of lithium, which has a high environmental impact. Additionally, lithium-ion batteries have a limited life cycle, meaning they need to be replaced frequently.]



	What is the capacity factor of a wind turbine, and why is it important?
	Question: What is the capacity factor of a wind turbine, and why is it important? Answer: The capacity factor of a wind turbine is the percentage of time that it produces electricity at maximum power output. It is a key metric to assess the efficiency and performance of a wind turbine. The typical capacity factor for a wind turbine ranges from 20% to 50%, depending on its location and type. In wind farms with a low capacity factor, the electricity generated is intermittent and inconsistent. High capacity factors indicate reliable and efficient power production. A higher capacity factor is desirable for wind power plants, as a consistent electricity supply is essential for a reliable energy system. In terms of importance, the capacity factor affects the economic feasibility of wind power plants. A higher capacity factor leads to a lower levelized cost of energy, making wind power a more competitive option for electricity generation. Additionally, the capacity factor influences the grid balance, as stable renewable energy supply is necessary for a secure power grid. Overall, the capacity factor of a wind turbine is a crucial factor in assessing the performance, economic viability, and reliability of wind power generation.
	Question: What is the capacity factor of a wind turbine, and why is it important? Answer: The capacity factor of a wind turbine is the amount of energy that it can generate compared to its rated capacity. It is important because it is a measure of how efficient the turbine is at converting wind energy into electricity. A high capacity factor means that the turbine is able to generate more electricity from the wind, making it a more efficient and cost-effective energy source. This is important because it helps to reduce the cost of electricity production and can contribute to a more sustainable energy system. It also helps to reduce the environmental impact of energy production by reducing the need for fossil fuels and reducing greenhouse gas emissions.



	Describe the process of electrolysis in hydrogen production and its role in renewable energy systems.
	Question: Describe the process of electrolysis in hydrogen production and its role in renewable energy systems. Answer: Hydrogen production via electrolysis is a crucial component of renewable energy systems. The electrolysis process involves the splitting of water molecules into hydrogen and oxygen using electricity. This process, which requires a lot of electricity, can be achieved using either Proton Exchange Membrane (PEM) or Polytrope Membrane Fuel Cell (PAFC) electrolyzers. The produced hydrogen can then be stored for later use in fuel cells to generate electricity or used directly in some applications. The electrolysis process, combined with hydrogen storage and fuel cells, forms the foundation of a renewable energy system that produces electricity from hydrogen.
	Question: \n Describe the process of electrolysis in hydrogen production and its role in renewable energy systems. Answer: Electrolysis is a process that involves the decomposition of a substance by passing an electric current through a solution. In the context of hydrogen production, electrolysis is used to decompose water into its constituent elements, hydrogen and oxygen. This process is carried out in an electrolyzer, which is a device that uses an electric current to decompose water. The electric current is passed through an electrolyte, which is a liquid or gel that conducts the current between the electrodes. The electrodes are the two metal plates that are immersed in the electrolyte and through which the current flows. The separator is the barrier that separates the anode and cathode.



	What is the purpose of a Maximum Power Point Tracker (MPPT) in a photovoltaic system?
	Question: What is the purpose of a Maximum Power Point Tracker (MPPT) in a photovoltaic system? Answer: The Maximum Power Point Tracker in a photovoltaic system maximizes the extraction of power from the solar panels under varying conditions, such as changing sunlight intensity and temperature. It ensures the system operates at the most efficient voltage and current points to maximize the overall energy output and efficiency of the system.
	Question: What is the purpose of a Maximum Power Point Tracker (MPPT) in a photovoltaic system? Answer: A Maximum Power Point Tracker (MPPT) is a device that is used in photovoltaic systems to maximize the power output of a solar panel. \n It accomplishes this by adjusting the voltage and current to match the load requirements of the system. \n This maximizes the efficiency of the solar panel and increases the amount of energy that can be extracted from it. \n An MPPT is an important component of a photovoltaic system, as it helps to increase the efficiency of the system and maximize the amount of energy that can be produced.\n \n ### **Question:**\n \n What are the benefits of using a Maximum Power Point?



	What is the efficiency of an electrolyzer, and how can it impact hydrogen production?
	Question: What is the efficiency of an electrolyzer, and how can it impact hydrogen production? Answer: The efficiency of an electrolyzer plays a crucial role in determining the amount of hydrogen that can be produced from renewable electricity inputs. Electrolyzers are not 100% efficient, with different technologies and operating conditions affecting their efficiency. For example, alkaline electrolyzers are commonly used for hydrogen production and have been extensively studied, achieving efficiencies around 75–80%. Other electrolyzers, such as polymer electrolyte membrane (PEM) and solid oxide electrolyzers, can have lower or higher efficiencies, with PEM electrolyzers reaching 60–65% efficiency and solid oxide electrolyzers pushing towards 80% efficiency. Improving electrolyzer efficiency is a key objective for the hydrogen economy, as higher efficiency means more affordable hydrogen production. Advances in materials, design, and operating techniques are ongoing, aimed at increasing the overall efficiency and making hydrogen from renewable electricity a more economically viable option. 232. Cryogenic hydrogen storage tanks are commonly used for large-scale hydrogen storage. In this method, hydrogen is liquefied and stored at extremely low temperatures (around −253 °C). The advantage of this method is the high energy density, allowing for efficient storage of large quantities of hydrogen in a relatively small space. However, it requires cryogenic conditions and insulation to maintain the extremely low temperatures.
	Question: What is the efficiency of an electrolyzer, and how can it impact hydrogen production? Answer: The efficiency of an electrolyzer is the ratio of the energy output to the energy input. The efficiency of an electrolyzer can impact hydrogen production by determining how much energy is required to produce a given amount of hydrogen. A more efficient electrolyzer requires less energy input and can produce more hydrogen with the same amount of energy input. This can lead to lower costs and a more sustainable production process.



	What is the most common renewable energy technology used for residential buildings in the Durham Region?
	Question: What is the most common renewable energy technology used for residential buildings in the Durham Region? Answer: Solar PV systems are the most common renewable energy technology used for residential buildings in the Durham Region. Specifically, we observed that 92% of the identified renewable projects were grid-connected residential solar PV systems. These systems accounted for 73% of the total energy capacity installed across all types of projects. Solar PV systems are preferred for residential use due to their relatively low cost, ease of installation, and efficiency in providing electricity for households. Compared to other renewable energy sources, solar PV systems are highly accessible and cost-effective, making them an ideal choice for residential building installations. Additionally, solar PV systems promote energy independence and reduce greenhouse gas emissions, aligning with the sustainability goals of residential building owners. Other renewable technologies, such as wind turbines, biomass, and geothermal heating, are also used in the Durham Region, but to a much lesser extent.
	Question: What is the most common renewable energy technology used for residential buildings in Durham Region? Answer: Solar Energy.\n ### **Explanation:**\n Solar energy is the most common renewable energy technology used for residential buildings in the Durham Region. Solar energy is a renewable energy source that comes from the sun. Solar panels are used to convert sunlight into electricity. Solar energy is a clean and renewable source of energy that can help reduce our reliance on fossil fuels.



	Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations.
	Question: Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations. Answer: The factors influencing the sizing of a community-scale renewable energy project in the Durham Region are crucial considerations for assessing the viability and efficiency of the project. These factors encompass the community’s energy demand patterns, the availability of resources such as solar and wind energy, and the regulatory framework established by the province of Ontario. The energy demand patterns of the community play a significant role in determining the sizing of the project. A comprehensive assessment of the energy consumption patterns, including the types and quantities of energy demands, is crucial for designing a system that meets the community’s energy requirements. It is important to align the system capacity with the actual energy demands to ensure efficient utilization of the renewable resources. The availability of resources also affects the sizing of the project. The Durham Region has the potential to benefit from both solar and wind energy sources. Assessing the availability and predictability of these resources is essential for determining the energy output and efficiency of the community-scale project. It is important to optimize the use of resources based on their consistent availability and energy generation capabilities. The regulatory framework set by the province of Ontario, including incentives, grants, and policies supporting renewable energy projects, can also influence the sizing of the project. Understanding the support structure can help mitigate financial risks and facilitate the implementation and maintenance of the community-scale renewable energy.
	Question: Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations. Answer: In the Durham Region, the factors that would influence the sizing of a community-scale renewable energy project would include the local energy demand patterns, available resources, and provincial regulations. The local energy demand patterns would be a key factor in determining the size of the project, as it would determine the amount of energy that needs to be generated to meet the needs of the community. The available resources, such as wind, solar, and hydro, would also be a key factor in determining the size of the project, as they would determine the amount of energy that can be generated from those resources. Provincial regulations, such as the Ontario Building Code and the Green Energy Act, would also be a factor in determining the size of the project, as they would determine the requirements and guidelines for renewable energy projects in the province. Additionally, the local topography and land use would also be a factor, as they would determine the availability of land for the project and the potential for the project to be integrated with other infrastructure. Overall, a thorough analysis of these factors would be necessary to determine the optimal size for a community-scale renewable energy project in the Durham Region.\n \n ### **Question:**\n *Discuss the importance of considering the local topography and land use in the design of a community-scale renewable energy project.



	Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages?
	Question: Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages? Answer: In this section, we propose a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. We will discuss the selection of hydrogen technologies, the sizing of the system, and its alignment with the institution’s sustainability goals and Durham Region’s climate action plan. We will also explore how this system can be designed to serve as a community resilience hub during grid outages. 241. System Design •Integration of hydrogen technologies: The hydrogen-based energy system at the University of Ontario Tech campus in Oshawa will incorporate several key technologies. We will integrate alkaline electrolyzers, fuel cells, hydrogen storage tanks, and hydrogen-fueled engines or fuel cells for powering the campus. The system will be designed to meet the institution’s energy demands while reducing its overall carbon footprint. •Renewable energy integration: The campus will take advantage of its potential for on-site renewable energy generation. We will install solar panels on the roof of buildings and integrate them into the hydrogen system. This will allow the institution to use locally produced renewable energy and reduce dependence on the grid. •Research and education opportunities: The hydrogen-based energy system will provide opportunities for research and education within the institution. The system will serve as a platform for studying hydrogen technology applications, fuel cell performance, and energy management strategies. This research will contribute to advancing hydrogen knowledge and inform future energy infrastructure development. •Resilience during grid outages: The hydrogen energy system will be designed to enable the campus to operate during grid outages. We will ensure that the electrolyzers, hydrogen storage tanks, and fuel cells have sufficient capacity to meet critical energy demands and minimize disruptions to operations. •Alignment with sustainability goals and the climate action plan: The implementation of the hydrogen-based energy system will align with the institution’s sustainability goals and Durham Region’s climate action plan. It will help the university reduce its overall carbon footprint and contribute to the region’s efforts to achieve climate resilience. 242. Sizing of the System •Load assessment: We conducted a load assessment of the University of Ontario Tech campus to determine energy demand. The demand varies throughout the day, with peak demand around 2 PM and the lowest demand in the early morning. •Renewable energy production: Based on the solar radiation data for Oshawa, we estimated the solar energy production of the campus. Assuming installation of 10,000 square meters of solar panels, we determined that the average daily solar energy production is approximately 427 MWh.
	Question: Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages? \n Answer: The university should consider the following steps to design a comprehensive strategy for integrating and sizing a hydrogen-based energy system:\n \n 1. conduct a feasibility study to assess the technical and economic viability of a hydrogen-based energy system for the campus.\n 2. Develop a comprehensive energy plan that outlines the university’s energy needs and the potential for on-site renewable generation.\n 3. Conduct a life-cycle cost analysis to determine the total cost of the system, including the cost of production, distribution, and use of hydrogen.\n 4. Develop a plan for the integration of the hydrogen-based energy system with the existing campus infrastructure, including the electrical grid, water system, and natural gas network.\n 5. Develop a plan for the operation and maintenance of the system, including training and staffing requirements.\n 6. Develop a plan for the integration of the system with the university’s sustainability goals and Durham Region’s climate action plan.\n 7. Develop a plan for the integration of the system with the university’s research and education programs.\n 8. Develop a plan for the integration of the system with the community resilience efforts, including the potential for the campus to serve as a community resilience hub during grid outages.
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Figure 1. RE-LLaMA training flow. 
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Figure 2. The domain adaptation of LLaMA 3.1 8B for renewable and hydrogen energy applications. 
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Figure 3. RE-LLaMA training loss over 2000 steps. 
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Table 1. RE-LLaMA vs. Base LLaMA 3.1 8B test case evaluation.






Table 1. RE-LLaMA vs. Base LLaMA 3.1 8B test case evaluation.





	Question
	Level
	Answered
	Not Answered





	Describe the economic and environmental trade-offs between using lithium-ion batteries and hydrogen fuel cells for large-scale energy storage in renewable energy systems.
	Medium
	RE-LLaMA
	Base LLaMA 3.1 8B



	What is the capacity factor of a wind turbine, and why is it important?
	Easy
	RE-LLaMA: Detailed Answer

Base LLaMA 3.1 8B: Non-Detailed Answer
	NONE



	Describe the process of electrolysis in hydrogen production and its role in renewable energy systems.
	Medium
	RE-LLaMA: Detailed Answer

Base LLaMA 3.1 8B: Non-Detailed Answer
	NONE



	What is the purpose of a Maximum PowerPoint Tracker (MPPT) in a photovoltaic system?
	Easy
	RE-LLaMA: Detailed Answer

Base LLaMA 3.1 8B: Non-Detailed Answer
	NONE



	What is the efficiency of an electrolyzer, and how can it impact hydrogen production?
	Easy
	RE-LLaMA: Non-Detailed Answer

Base LLaMA 3.1 8B: Detailed Answer
	NONE



	What is the most common renewable energy technology used for residential buildings in the Durham Region?
	Medium
	RE-LLaMA
	Base LLaMA 3.1 8B (hallucinate)



	Analyze the factors that would influence the sizing of a community-scale renewable energy project in the Durham Region, considering local energy demand patterns, available resources, and provincial regulations.
	Complex
	RE-LLaMA
	Base LLaMA 3.1 8B



	Design a comprehensive strategy for integrating and sizing a hydrogen-based energy system for the University of Ontario Institute of Technology (Ontario Tech University) campus in Oshawa. Consider the university’s varied energy demands, potential for on-site renewable generation, opportunities for research and education, and alignment with both the institution’s sustainability goals and Durham Region’s climate action plan. How would this system be sized to balance current needs, future growth, and the potential for the campus to serve as a community resilience hub during grid outages?
	Complex
	RE-LLaMA: Detailed Answer

Base LLaMA 3.1 8B: Non-Detailed Answer
	NONE
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