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Abstract

Intercomparing life cycle assessments (LCA), a common type of sustainability and
climate model, is difficult due to basic differences in fundamental assumptions,
especially in the goal and scope definition stage. This complicates decision-making
and the selection of climate-smart policies, as it becomes difficult to compare
optimal products and processes between different studies. To aid policymakers
and LCA practitioners alike, we plan to leverage large language models (LLM)
to build a database containing documented assumptions for LCAs across the
agricultural sector, with a case study on livestock management. The articles for
this database are identified in a systematic literature search, then processed to
extract relevant assumptions about the goal and scope definition of the LCA and
inserted into a vector database. We then leverage this database to develop an Al
co-pilot by augmenting LLMs with retrieval augmented generation to be used by
stakeholders and LCA practitioners alike. This co-pilot will accrue two major
benefits: 1) enhance the decision-making process through facilitating comparisons
among LCAs to enable policymakers to adopt data-driven climate policies and 2)
encourage the use of common assumptions by LCA practitioners. Ultimately, we
hope to create a foundational model for LCA tasks that can plug-in with existing
open source LCA software and tools.

1 Introduction

Life cycle assessments (LCA) are a pre-eminent and commonly used model to evaluate the en-
vironmental and climate impacts of products and processes, as well as providing the basis for
climate-informed decision-making (e.g. [1]). While the stages and contents of LCAs are standardized
[2], different studies on the same process or product may share the same functional unit but include
different processes in the system boundary. This inconsistency complicates the use of LCAs as a
decision-support tool for formulating climate-smart policies and increases the time necessary to
compare the results from the LCA studies. In the worst case, the decision maker might make an
incorrect choice based on the high-level findings, or might take significant time trying to understand
how the different assumptions affect the LCA results.

To address these problems, large language models (LLMs) can be utilized across all four stages of
the LCA, from assisting practitioners in identifying the goal and scope of the LCA, establishing
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Figure 1: Overview of the key strategies and benefits to improve the usability of life cycle assessments
(LCA) as the basis for climate-smart decision making through large language models (LLM), includ-
ing developing an LCA benchmarking dataset and implementing retrieval augmented generation,
with the ultimate goal of developing a foundation model (FM) for LCA.

provenance for emissions factors, and visualizing and interpreting results [3]. LLMs are emerging
artificial intelligence methods that act as sophisticated tools to mimic human writing [4]], and have
achieved human-expert level accuracy across a variety of natural language tasks [5 (6, [7]. As a result,
LLMs are already being used to manage life cycle inventory data, such as the TianGong Al project
[8] and AutoPCF [9]. Moreover, fine-tuned BERT models are used for impact factor matching [10]
and supply chain emissions estimation [[11]]. Up to this point, the use of language models has been
confined to impact factor matching and other life cycle inventory collection tasks. In this study,
we use LLMs to analyze the goal and scope definition assumptions to achieve two goals: increase
the consistency of LCA studies by giving practitioners tools to utilize consistent assumption for
certains systems, as well as enabling policy-makers to closely interrogate and analyze LCA results
and assumptions, aiding the adoption of climate-smart policies and increasing the transparency of
the decision-making process. This can streamline the process of conducting and interpreting LCAs,
increasing comparability and transparency while increasing their usefulness as a support tool for
climate-smart decision making.

Ultimately, we look to create a foundational model for LCAs, as outlined in Figure 1, which
could potentially make sustainability assessments more accessible and encourage wider adoption in
agriculture and other LCA-intensive sectors. In this project, we conduct a systematic literature review
to extract LCA studies on livestock production systems in the agricultural sector. These studies are
then processed to form a high-quality dataset that is processed and stored in a vector database, which
is referenced through retrieval augmented generation (RAG) to create an LLM co-pilot for both
decision makers and LCA practitioners.

2 Proposed work

To build a high-quality LCA-based dataset and a proof-of-concept LLM co-pilot using vector
databases and RAG, we conduct a systematic literature review of life cycle assessments in livestock



agricultural systems. Manuscripts were identified in academic journal databases, then screened to
ensure that the articles are in english, have the full text available, and contain the correct systems
and LCA steps. The text is extracted from these articles, chunked, and indexed in a vector database
for RAG implementation. We choose agriculture as a sector due to the demonstrated success of
applying LLLM co-pilots as agronomist assistants [[12} 13| 14], and we focus specifically on livestock
systems due to the excessive variety of functional units and system boundary assumptions [[15]. This
is meant as a case study — such a dataset could be extended to other sectors in the future, such as
transportation and manufacturing, as well as to other tasks throughout the LCA. Indeed, we invite
other LCA practitioners, stakeholders, and LLM model developers to contribute to the dataset by
making it and associated benchmarking prompts open source at the conclusion of the project.

To facilitate the development of a co-pilot for LCA practitioners, we plan to divide the goal and
scope definition into a set of representative tasks, for example, the functional unit definition, the
system boundary, and the choice of life cycle impact assessment method. By processing the collected
LCAs to extract these attributes, we can significantly enhance the efficiency and effectiveness of
LLMs on knowledge base question answering [[16]. To improve the usability of the dataset by
the state-of-the-art LL.Ms, the data will be labeled and annotated through collaboration with LCA
experts before being entered into the dataset. Through an analysis of the dataset, common practices
will be identified for LCA assumptions in the key sectors, facilitating consistent assumptions and
the comparability between future and existing LCAs. Meanwhile, a focus on representative tasks
will enable us to benchmark pre-trained state-of-the-art LLMs on learned representations of how
assumptions made in the goal and scope definition are utilized in acquisition of LCI data, choice of
impact assessment method, and the interpretation of LCA results within and between LCAs.

Using LLMs is not without its limitations. Because LLMs are plagued by ‘“hallucinations”, or
model-generated errors [17], both LCA practitioners and stakeholders may doubt the efficacy of the
LLM co-pilot to identify consistent assumptions, which reduces the trustworthiness of the approach.
While hallucinations can arise from various causes, they are likely due to limited domain knowledge
or reliance on outdated information. To address this limitation, integrating RAG into LLMs emerges
as a viable and cost-efficient solution, with the production of higher quality output and a reduction in
the incidence of model hallucinations [[L8]], especially in the field of agriculture [19]. RAG enhances
LLMs by providing in-context retrieval of domain-specific documents, thereby enabling the user
to quickly validate the LCA task against relevant, related documents [20], increasing transparency
by establishing provenance for results. This strategy ensures LLMs produce enriched outputs in
specialized areas, bypassing the need for extensive LLM training, while ensuring the utilized sources
in the vector database are referenced for verification [21} [16] by the human utilizing the co-pilot.
Because the vector database can be updated at any time, RAG enables the LLM to draw on high-quality
and up-to-date information, bypassing two additional limitations of traditional LLMs. Drawing from
the vector database, we will augment a state of the art LLM with RAG to develop an LLM co-pilot.
Subsequently, this infuses outputs from the co-pilot with current and specialized knowledge, enabling
users to interact with this tool in natural language and uncover provenance for common assumptions,
improving the comparability of LCAs and the selection of climate-smart policies. Ultimately, we
hope that this model would be able to plug in with existing LCA software, such as the open-source
program OpenLL.CA, and interact with existing and newly created co-pilots with different specialties,
such as identifying emission impact factors to improve the accuracy and scalability of LCAs.

2.1 Climate impact

Returning to the example in the introduction, LLMs enhanced with RAG could identify the key
differences in assumptions made by the two studies, enabling the decision-maker to quickly and
easily identify the tradeoffs between the two production methods and choose the optimal process
to reduce the carbon footprint of their product. Moreover, the co-pilot could reduce the time and
resources necessary to conduct thorough LCAs, making sustainability assessments more accessible
and encouraging wider adoption, reducing the time necessary to identify and implement climate-smart
policies across a range of services and sectors.
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