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Abstract

The urgent pursuit of net-zero emissions presents a critical challenge for modern societies,
necessitating a speedup of transformative shifts across sectors to mitigate climate change.
Predicting trends and drivers in the integration of energy technologies is essential to
addressing this challenge, as it informs policy decisions, strategic investments, and the
deployment of innovative solutions crucial for transitioning to a sustainable energy future.
Despite the importance of accurate forecasting, current methods remain limited, especially
in leveraging the vast, unlabelled energy literature available. However, with the advent of
large language models (LLMs), the ability to interpret and extract insights from extensive
textual data has significantly advanced. Sentiment analysis, in particular, has just emerged
as a vital tool for detecting scientific opinions from the energy literature, which can be
harnessed to forecast energy trends. This study introduces a novel multi-agent framework,
EnergyEval, to evaluate the sentiment and factuality of the energy literature. The core
novelty of the multi-agent framework is found to be the use of heterogeneous energy-
specialised roles with different LLMs. This investigation, using both multiple persona
agents and different LLMs, provides a bespoke collaboration mechanism for multi-agent
debate (MAD). In addition, we believe our approach can extend across the energy industry,
where deep application of MAD is yet to be exploited. We apply EnergyEval to the case of
UK offshore wind literature, assessing its predictive performance. Our findings indicate
that the sentiment predicted by the EnergyEval effectively aligns with observed trends
in increasing the installed capacity and reductions in Levelised Cost of Energy (LCOE).
It also helps us to identify key drivers in offshore wind development. The advantage
of employing a multi-agent LLM debate team allows us to achieve competitive accuracy
compared to single-LLM-based methods, while significantly reducing computational costs.
Overall, the results highlight the potential of EnergyEval as a robust tool for forecasting
technology developments in the pursuit of net-zero emissions.

Keywords: offshore wind; artificial intelligence; transformer architecture; large language
models

1. Introduction
The transition to a low-carbon economy is a critical energy challenge worldwide,

and it must happen rapidly. For instance, the UK has committed to reducing its green-
house gas emissions to net-zero by 2050 [1], with other countries setting similar goals.
Achieving these targets is demanding, requiring the deployment of innovative technolo-
gies, strategic government support, and sustained investment [2], making it essential for

Energies 2025, 18, 5816 https://doi.org/10.3390/en18215816

https://doi.org/10.3390/en18215816
https://doi.org/10.3390/en18215816
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-9684-3966
https://orcid.org/0000-0002-9305-9268
https://doi.org/10.3390/en18215816
https://www.mdpi.com/article/10.3390/en18215816?type=check_update&version=2


Energies 2025, 18, 5816 2 of 31

decision-makers—including political leaders, local governments, and investors—to stay
informed about the status of emerging and retiring technologies to chart the most effective
path toward net-zero.

Building on the rapid advancements in Artificial Intelligence (AI), particularly Large
Language Models (LLMs), the potential of AI to help accelerate the transition to a low-
carbon economy is increasingly evident. Since the launch of OpenAI’s ChatGPT [3], AI
applications have expanded significantly, with notable examples including BloombergGPT
for financial sentiment analysis [4] and Med-PaLM for medical question-answering [5].
Companies like Google DeepMind and Meta are developing cutting-edge LLMs, such
as Gemini [6] and LLaMA [7], which can generate convincing outputs across text, images,
and video by learning comprehensive world representations [8]. Despite their complexity,
LLMs exhibit capabilities like reasoning [9] and learning from minimal examples [10]. As
AI technology evolves, LLMs present a huge potential to be powerful tools in driving our
fast transition to a sustainable, net-zero future; however, their potential and performance
is yet unexplored.

The key question of this paper is to evaluate the accuracy and reliability of LLMs in in-
terpreting data from diverse sources—such as research articles, policy reports, and industry
news—to generate actionable insights that influence the energy landscape. To address this,
we have developed a novel multi-agent framework, EnergyEval, which assesses the senti-
ment of energy literature from various sources and links it to sector progress. Specifically,
we use LLMs to track and classify both sentiment and subjectivity over time in the technical
energy literature, focusing on aspects like cost, efficiency, and technology design. We then
examine how such sentiment analysis can enhance the forecasting of net-zero technology
costs and development, so supporting informed investment decisions and identifying key
drivers of change. The accurate classification of subjectivity is crucial for differentiating
between ‘hope’ and ‘fact’, as the perceived positivity of emerging technologies may not
always reflect their actual maturity and investment potential.

Recent research has increasingly examined the role of machine learning in enhancing
the reliability and security of energy systems. For example, Ref. [11] provides a compre-
hensive review of the vulnerabilities of machine learning approaches in IoT-based smart
grids, highlighting the potential risks arising from data integrity issues and adversarial
manipulation. Complementing this, Ref. [12] proposes a formal physics-constrained ro-
bustness model to strengthen the data security of low-carbon smart grids, addressing key
challenges related to model trustworthiness and cyber–physical consistency. Together,
these studies emphasise the need for transparent and interpretable AI frameworks in the
energy sector—an objective that the present work advances through the introduction of
a multi-agent LLM framework capable of evaluating sentiment and factuality in offshore
wind technology trends.

The novelty of the proposed multi-agent framework lies in the integration of hetero-
geneous, energy-specialised roles powered by different LLMs. This dual investigation,
into multiple persona-based agents and diverse LLM collaborations, represents an inno-
vative advancement in collaborative mechanisms for multi-agent debate (MAD) systems.
The lack of heterogeneity among agents has been identified as a key limitation in prior
MAD research—one that this study directly addresses. Furthermore, the application of the
MAD approach within the energy sector constitutes an additional contribution, as such
implementations have not yet been explored in this domain.

This paper begins by collating a dataset of offshore wind specific literature for analysis
using LLMs. This is then followed by an optimisation study into the best performing
prompt design. Once the prompt strategy and dataset have been selected, the LLM is
executed to carry out the specific prompts in order to evaluate the polarity and subjectivity
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of the data. Further analysis into patterns between identified offshore wind characteristics
will be explored to demonstrate the validity of LLMs on the energy-specific literature
against offshore wind time-series data. This approach is covered in greater detail in
Section 4.

2. The UK Paradigm
In this paper, we use data from the UK energy landscape as a test case to demonstrate

our tool. However, the methodology is broadly applicable and can be implemented across
various energy ecosystems, ranging from local communities to entire countries.

2.1. Road to Net-Zero

The UK has cut carbon emissions by 48.7% as of 2022 compared to 1990 levels [13],
but needs an additional 51.3% reduction to achieve net-zero by 2050. In 2022, 20.7% of
the UK’s primary energy came from low-carbon sources, up from 12% in 2012, with wind
contributing 20% of this mix [14]. Wind energy surpassed gas in electricity generation
in 2023, and with increasing electrification in heating and transport, the UK aims for a
net-zero electricity mix by 2035, crucial for broader decarbonisation efforts [13]. Despite
an 87.2 % decline in fossil fuel use since 2012 due to coal phase-out [13], new oil and gas
projects continue to be approved to ensure short-term energy security. This focus on fossil
fuels presents challenges to achieving net-zero.

The UK’s energy strategy, outlined in the 2020 Ten Point Plan [15], emphasises the
expansion of offshore wind, development of low-carbon hydrogen, and advancement of
nuclear power. By 2030, the UK aims to quadruple its offshore wind capacity to 40 GW—
sufficient to power every home today [16]—including 1 GW of floating offshore wind.
Achieving this goal will require the installation of more wind turbines, innovation in
next-generation turbine technology, and the implementation of energy storage solutions to
address the intermittency of wind power [16].

2.2. Offshore Wind Success

Over recent decades, the UK has become the second largest offshore wind market in
the world [15]. Leveraging the combination of long coastline, shallow waters and strong
winds, the UK is tailored to generating ample energy with offshore wind turbines. In
developing offshore wind, the UK has benefited from targeted government support, such
as early-stage development funding and the Contract for Difference (CfD) [2], along with
strong partnership between industry and government, and innovations in larger turbines.
Enabled by these factors, the UK has successfully deployed 10GW of installed capacity, as
of 2020, since the first offshore wind farm in 2000 [17]. Offshore wind will become a critical
source of renewable energy for a net-zero future; the UK has strong plans to expand this
capacity and deploy pioneering turbine technologies.

Figure 1 illustrates the evolution of installed capacity, turbine size and lifetime
cost—Levelised Cost of Electricity (LCOE)—of offshore wind farms in the UK from
2007–2020. Below we list the key factors that have contributed to reducing the cost of
wind power based on the available literature, as it is interpreted by “humans” (the authors).

• Developments in Turbine Design: Greater power outputs have been enabled through
larger turbines: increases in height and rotor diameter have allowed more wind
energy to be captured at higher altitudes, where wind speeds are stronger and more
consistent. Following a combination of advanced turbine designs and their cost
reductions, the capacity of the largest UK turbines increased from 2 MW in 2000 to
8.8 MW in 2020 [17]. The total maximum power the UK can theoretically produce is
referred to as installed capacity.
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(a)

(b)

(c)

Figure 1. (a) Capacity installed by end of year. (b) Largest turbine installed offshore. (c) Levelised
cost of electricity.

• New Construction Techniques: More efficient construction techniques, such as easier-
to-install foundation structures and larger cable sizes, along with process standardisa-
tion have further reduced construction, assembly and installation costs [18].

• Government Support: Offshore wind in the UK is a policy success story. Consistent
government support has led to improved investor confidence, catalysing advance-
ments in research, supply chains and deployment. To incentivise investments with
large-scale renewable energy, the UK government established the Contract for Differ-
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ence (CfD) scheme, which has minimised investor risks from volatile wholesale prices.
The CfD has elicited a healthy pipeline of offshore wind projects bidding into each
auction [2]; this has fostered strong competition between developers and has resulted
in a reduction of 10–21% on overall project costs [2].

3. Large Language Models
Mathematically, a language model is a probability distribution over a word sequence

x(1), x(2), . . . , x(n), from which it can be inferred, to determine how likely the next word
x(n+1) will be: P(x(n+1)|x(n), . . . , x(1)). With the advent of the transformer architecture [19],
huge amounts of Internet data and high compute power, current language models have
evolved to reach hundreds of billions of parameters, trained on trillions of words. These
are known as large language models (LLMs), where ‘large’ refers to the vast number of
model parameters typical in these models. In the following sections we will provide a brief
overview of some concepts relating to LLMs where necessary for the presentation of our
methodology and results.

One of the first major LLMs was the OpenAI GPT-1 [20] (Generative Pre-Trained
Transformer). The transformer, trained initially on a corpus of unsupervised data from
over 7000 unique unpublished books [8], while GPT-3 [10] reached a training volume of
175 B parameters on 45 TB of training data [8]. The innovation that arose from increasing
the model parameters and dataset size was that the model began to learn natural language
processing (NLP) tasks without the need for supervised training (fine-tuning) [8] and
computationally expensive fine-tuning processes.

3.1. Emergent Properties

Emergent properties are properties that arise from large-scale models, and are not
present in smaller models. In other words, ability ‘emerges’ as scale increases. It is (a rather
unexpected) ability to perform a task well during inference time, which the model has not
been specifically trained for.

One key emergent ability of LLMs is zero-shot learning, where the model performs
well across tasks without explicit examples or parameter updates (i.e., no task-specific fine-
tuning). Additionally, LLMs exhibit few-shot learning, an extension of zero-shot learning,
which includes a small number of demonstrations in the prompt, also known as in-context
learning (ICL). A visualisation of the process can be seen in Figure 2.

Key questions around ICL include: How does the model learn without gradient
updates, and why does this occur in large-scale models? One explanation is that ICL
leverages latent concepts the model has already learned during training [21]. Larger models
have a higher chance of mapping in-context prompts to these latent tasks, improving
performance. Another theory suggests models use gradient descent on prompts to learn
new tasks [22], aligning with the idea that large models can override semantic priors to
acquire new knowledge. This ability may reduce the need for specialised fine-tuning, which
relies on extensive labelled data [10], often difficult to obtain.

A related emergent ability is zero-shot reasoning [9], which involves step-by-step rea-
soning, or chain of thought (CoT) prompting, to reach the answer without task-specific
examples. This method significantly enhances performance without few-shot examples,
emphasising the power of designing prompts over collecting fine-tuning datasets.

In summary, learning from LLMs can be achieved through pre-training or in-context
learning. In-context learning leverages the prompt itself to learn a new task. This signifi-
cantly contrasts the pre-training approach where the scale of training data is a key factor
for effective learning. LLMs unleash the ability to learn from much less data.
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Figure 2. Illustration of various prompt engineering techniques including (a) standard prompting,
which accepts only a task instruction, (b) few-shot prompting or in-context learning, where a
number of demonstrations without reasoning are given in the prompt, (c) chain-of-thought, where
demonstrations are given with reasoning, (d) self-consistency, the majority vote over multiple
chain-of-thought prompts (e) generated knowledge, where the previous output from the model is
incorporated into the input prompt, and (f) least-to-most, where the input prompt is deconstructed
into individual tasks.

3.2. Prompt Engineering

One important aspect in the use of LLMs is the process of prompting. In prompting,
an input instructs a pre-trained language model on the desired task, where the model
then responds without further training. The design of the prompt heavily influences the
relevance and coherence of the generated output.

Figure 2 details the core strategies, which include Comprehensive Description, few-
shot prompting, self-consistency, least-to-most, Tree of Thoughts, Retrieval Augmentation,
and role prompting. We include a brief overview of these methods in the Appendix A.

3.3. Dangers of Stochastic Parrots

Despite the impressive capabilities of LLMs, some machine learning scientists [23]
argue that LLMs do not understand the meaning of language, only that they repeat (manip-
ulations of) words without any underlying semantic understanding. Referred to in these
critiques as stochastic parrots, LLMs present a number of dangers that limit their real-world
applications, including generating incorrect responses and introducing biases, as well as
requiring significant energy for training.

Hallucinations occur when a language model produces outputs that are linguistically
coherent yet factually incorrect, often presenting false or unsupported information with
high confidence. Recent research by Kalai et al. (2025) [24] suggests that such hallucinations
arise because current training and evaluation paradigms inherently reward confident
guessing rather than calibrated uncertainty. In other words, models are optimised to
generate the most probable continuation of text rather than to express doubt or abstain
when information is lacking.

This can result in misleading information, which is especially dangerous in cases such
as healthcare where correct information is critical. LLMs hallucinate because their training
objective is to predict the highest-probability continuation of words [8]. Consequently,
probabilistically linking words produces plausible language but may not give a factually
correct answer. LLM correctness is also limited by the training dataset [23]: if elements of
the data are incorrect, the LLM may stochastically repeat this information. Another factor
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responsible for hallucinations is that LLMs generate one token at a time, which makes it
difficult to complete the entire response correctly if the model does not know how it will
end [8]. However, there are ways to reduce the impact of hallucinations. This includes
building more capable models [8], such as GPT-4, and using certain prompting strategies
discussed previously, such as asking the model itself about the accuracy of its own input [8].

Another danger that can arise within LLMs is the generation of biases, stereotypes and
harmful content. Due to LLMs mirroring their training language, biases may be introduced
by the model sampling the highest probability definition, which could be a stereotype or
popular biased opinion. Fine-tuning LLMs against this behaviour is one way biases can be
mitigated [8].

3.4. Environmental and Financial Costs

LLMs require significant amounts of resources in both training and operating [8]. To
run these computations in data centres: energy is needed for power, water is needed for
cooling, and money is needed to both finance the large amounts of electricity and purchase
the expensive hardware [8]. As models get larger, so do these requirements. Therefore, it is
essential for providers to develop energy-efficient models [23], but also for individuals to
be conscious of which LLMs to use. Considering the amount of carbon dioxide emitted
throughout the process [25], this is especially important for the purpose of this project.

3.5. Sentiment Analysis

Sentiment analysis (SA), also known as opinion mining, is a field of NLP aiming to
analyse opinions, attitudes, and emotions from text. SA is a classification problem, where,
for most applications, the sentiment is categorised as either positive (1), neutral (0), or
negative (−1)—known as the polarity. In some cases, sentiment can be classified by the
degree of subjectivity, which quantifies the amount of factual information contained within
the text. The more subjective the text is, the lower the amount of factual information, and
the higher the level of personal opinion. These classes include subjective (1), partially
subjective (0.5), and objective (0). These classifications are shown in Figures 3 and 4 for
polarity and subjectivity, respectively.

Figure 3. Polarity classifications with examples.

Figure 4. Subjectivity classifications with examples.

Sentiment analysis comprises different degrees of analysis, the object of sentiment.
These levels are listed below [26].

• Document Level analyses the sentiment of an entire document. This assumes that each
document expresses opinions on a single topic, and thus not suitable for evaluating
multiple topics.



Energies 2025, 18, 5816 8 of 31

• Sentence Level analyses the sentiment of individual sentences within a document.
This enables a way for more granular understanding of sentiment transitions within
a document.

• Aspect Level analyses the target of opinion (the aspect) instead of language constructs
in documents and sentences.

There are also different types of outputs that can be extracted from the dataset. The
most common method, known as Sentiment Classification, assigns sentiment classes to
the input data. For polarity sentiment, these classes can vary from binary classification,
positive or negative, to finer graduations such as strongly positive, mildly positive, and so
on. This is likewise the case for subjectivity sentiment. Other sentiment analysis techniques
include Aspect-Based Sentiment Analysis (ABSA) [27], which additionally extracts the object
of the sentiment, and Multifaceted Analysis of Subjective Texts (MAST) [27], which detects the
human emotion present in the input data.

3.6. LLMs vs. SLMs

Over the past year, LLMs have become a highly promising model for sentiment
analysis due to demonstrating impressive performance on unseen tasks without the need
for supervised training. Due to the specialised nature of sentiment analysis tasks, training
the language model to evaluate technical jargon is crucial for accurate results. To achieve
this, research has focused on examining in-context learning (ICL) with pre-trained LLMs
and fine-tuned small language models (SLMs) as two methods for creating a specialised
model. Below, we briefly discuss the two approaches, explaining why LLMs are the most
suitable models for this work.

Early studies evaluated the performance of LLMs on various sentiment analysis
tasks [27], and how their ability compares to smaller, domain-specialised models [27].
Regarding the benefits of SLMs, the results show that SLMs outperform LLMs with more in-
depth tasks like ABSA [27]. LLMs further fall short to SLMs in these tasks due to significant
variation with prompt design and the number of few-shot examples [27]. Overall, SLMs are
superior to LLMs for fine-grained structured sentiment analysis tasks. However, for simpler
SC tasks, LLMs match and exceed SLMs with minimal sensitivity to prompt design [27].
Further to this, LLMs also show greater performance with unseen sentiment analysis tasks
under few-shot settings [27]. This could be due to the phenomenon of emergent properties,
resulting in the difficulty for SLMs to learn new patterns with a limited number of examples.
In order for the performance of LLMs to surpass SLMs, greater research into advanced
methods for ICL needs to be explored. With [27] only evaluating few-shot prompting, the
potential of LLMs for sentiment analysis is still a vastly undiscovered domain.

3.7. Multi-Agent Debate: LLM Collaboration

Looking to the future of sentiment analysis and LLMs, current questions shift towards
leveraging the full potential of existing pre-trained LLMs, instead of fine-tuning SLMs.
Unlike in earlier papers [27,28], the need to avoid fine-tuning all together has become a
desirable pursuit in research due to eliminating the requirement for massive data acqui-
sition. Improving upon few-shot prompts in [27,28], current studies have achieved more
consistent performance by using a ‘team’ of pre-trained LLMs to decide on the sentiment by
debating with each other, combined with strategic prompting techniques [22,29]. Known
as multi-agent debate (MAD), this approach has been shown to improve the truthfulness
of generated content, minimising the effect of hallucinations [30]. This shift to advanced
prompt engineering also enables sentiment analysis to become more accessible and afford-
able for domains with limited, labelled datasets since task-specific training is not needed,
presenting advantages over machine learning and SLMs.



Energies 2025, 18, 5816 9 of 31

3.7.1. Society of Mind

While a single powerful LLM can perform many tasks well, multi-agent debate en-
hances factual accuracy through collaboration [30]. This is due to the ability of LLMs to
learn in context and adapt during inference, reducing bias and instability by avoiding
reliance on a single perspective [31]. This approach mirrors human evaluation processes
and social collaboration behaviours [31,32]. The Society of Mind theory, where intelligence
arises from a society of simpler agents, has inspired new MAD designs, including diverse
role prompts and thinking patterns.

3.7.2. Principal Components

MAD consists of multiple language model instances (known as agents) communicating
with each other through debate in order to reach an agreed consensus. There are three
components that define the MAD process [31]:

• Debater Agents: These individual LLM instances take input from previous agents and
output new perspectives in group discussions. As part of a communication network,
information flows between debaters. A key feature of debater agents is their distinct
roles, which ensure varied viewpoints.

• Communication Strategy: This refers to how chat history is maintained. Various
configurations are emerging, some using Summariser agents to overwrite previous
chat history [31] and others employing Reflector agents [32] to review responses and
extract lessons. Figure 5 illustrates examples of popular communication strategies.

• Diverse Roles: Stemming from the parallel between LLMs and social behaviours,
having diverse personas for each debater is vital for effective MAD [31]. Designing for
these different roles is a core optimisation challenge in understanding what traits and
skills need to be distributed to each debater. In [29] approaches for designing these
heterogeneous LLM agents based on prior domain knowledge of the types of errors
that occur in the sentiment analysis tasks are presented.

(a) (b) (c)

Figure 5. Illustrations of various communication strategies proposed in the MAD literature; including
the generator–discriminator framework suggested in [33], simultaneous, and one-by-one debate
in [31]. (a) Generator–discriminator. (b) Simultaneous debate. (c) One-by-one debate.

3.7.3. Groupthink Phenomenon

A limitation of MAD is when misguided answers of debater agents sway the correct
solutions of other agents [32]. This is the detriment of the ‘groupthink’ phenomenon, where
a group of individuals reach a consensus without objective critique, resulting in an irrational
outcome. The challenge of MAD is for agents to converge on the right answer, given a
varied debate. This phenomenon has arisen from a lack of diversity in the debate process:
agents with similar perspectives tend to prioritise harmony over a critical analysis of
divergent views [32]. As discussed, refs. [29,31] prevent this with diverse role prompts: [31]
recruits famous experts in their prompt design to extract the skills of such professionals for
the specific task, and [29] defines each agent to check for a certain error in order to yield
better accuracies. Ref. [32] approaches this issue by assigning an individual trait to each



Energies 2025, 18, 5816 10 of 31

agent. Two contrasting traits are used, over-confident and easy-going, to exhibit typical
contrasting behaviours. In collaboration with this, thinking patterns, debate or reflection,
are also used in the communication strategy. The results indicate that easy-going agents
and debate-dominant thinking patterns are more likely to reach a consensus [32]—which
could be because different viewpoints are exchanged and then appreciated to acquire.

4. Research Methodology
To analyse the scientific opinions with offshore wind in the UK, a four-layer approach

using LLMs and sentiment analysis is employed to determine the cost, capacity and turbine
size trends in offshore wind technology as illustrated in Figure 6. The layers are summarised
below, while more details of how each layer is executed are presented in the section relevant
to the experimental set-up.

• First Layer—Dataset The first layer sources the literature relevant to offshore wind
energy in the UK, and processes these data in an interpretable format for labelling. The
dataset analysed in this study comprises UK-based energy literature collected from
2010 to 2022, encompassing a total of approximately 50 documents. These include a di-
verse range of government and industry reports, academic journal articles, and policy
briefings focusing on offshore wind technology, energy transition, and sustainabil-
ity. Data are sourced primarily from open-access repositories, government archives,
and Scopus-indexed publications to ensure representativeness across academic and
policy domains. While the dataset provides a comprehensive view of the UK energy
landscape, we acknowledge a potential bias toward English-language and UK-centric
publications, which may limit broader international generalisability. Nevertheless,
this focus enables a more detailed and contextually grounded assessment of offshore
wind discourse within the UK energy sector.
The data are then gathered across a wide time range and breadth of sources to analyse
the time-series trends and limit bias, respectively. Pre-processing converts the PDF
documents into tokens of text (as detailed in Section 5.1.2).

• Second Layer—Labelling: Following data collection and pre-processing, two
consistency-based prompting techniques using pre-trained LLMs are compared using
a ground truth dataset constructed from a randomly sampled subset of the overall
test data. Popular GPT-3.5 and GPT-4 models are used, alongside open-source models
Llama, Mixtral and Falcon. Self-consistency and multi-agent debate prompts are de-
signed and contrasted. These consistency-based techniques are essential for reducing
hallucinations to improve the reliability of results. The best-performing approach will
be selected for labelling the offshore wind dataset, required for performing sentiment
analysis. Polarity, subjectivity, category and aspect opinions are chosen to be extracted
from the data in order to capture the fine-grained details of offshore wind features.
Hence, this implements an aspect-based sentiment analysis task. Best performing
refers to the design that yields the most accurate results against the ground truth
dataset and that requires the lowest computational cost since energy-efficient models
are needed for the future of LLMs.

• Third Layer—Offshore Wind Development and Trends: From the labelled off-
shore wind dataset, the third layer involves presenting the evolution of polarity
and subjectivity, along with the positive and negative keywords, to verify offshore
wind becoming more positive and objective with time, following the UK’s successful
deployment.

• Fourth Layer—Tracking Sentiment Analysis: Lastly, the fourth layer entails tracking
the sentiment development relevant to cost, capacity, and turbine size features.
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Figure 6. Solution architecture for designing the best-performing LLM prompting strategy on energy
literature, forecasting UK offshore wind trends in cost of electricity, installed capacity and turbine size
installation using this novel technique, and visualising the impact of these features on offshore wind.

This allows for comparison with real offshore wind data of the levelised cost of
electricity, installed capacity, and turbine size installation, to understand whether the model
accurately forecasts these trends from the given literature, and what type of sentiment
measurement predicts this the most. For each feature, the real data are compared against
the normalised positive and objective frequency in that year. This will indicate whether the
model captures the opinions from scientific professionals of each feature, and whether these
positive opinions correctly reflect the trends themselves. Further to this, the evolution of
policy, technology, market and supply-chain sectors will be visualised for each feature—to
gain greater insight into the influence of each driver on offshore wind development.

5. Experimental Setup
5.1. Dataset
5.1.1. Dataset Collection

A dataset totalling 5033 sentences (tokens) is collected for the detection of sentiment
towards the cost, capacity, and turbine size development of offshore wind in the UK,
which is listed in Table 1. The criteria for selection ensure a sufficient temporal range of
documents, published by reliable organisations, which cover a holistic breadth of offshore-
wind-related topics.

Table 1 consists of technical reports within the years 2008–2020. The dataset was
reviewed to ensure that the topics of policy, technology, supply chain, and market are
well-distributed and representative of the offshore wind industry in the UK each year. The
sources include academic, government, industrial, and consultancy reports, chosen for
their reliability, as they are written by scientific and engineering experts. Unlike social
media or news articles, this dataset focuses solely on professional and academic literature
to minimise the risk of misleading information and ensure accuracy in sentiment analysis.
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Table 1. List of the available UK offshore wind literature from 2008 to 2020, which holistically
discuss offshore wind policy, technology, supply-chain and market sectors, and is selected from data-
driven organisations. This table indicates the document year, title, and organisation. The number of
sentences (the chosen token element) is also included to show the approximately equal distribution
in each year.

Year Document Organisation Tokens

2020 Policy, Innovation and Cost Reduction in UK Offshore Wind [34] Carbon Trust, UCL 560

2019
Developments in Wind Power [18] HM Government 145

The UK Offshore Wind Industry: Supply Chain Review [35] Offshore Wind Industry Council 601

2014

Wind Energy: Implications of Large-Scale Deployment on the GB Electricity
System [36] Royal Academy of Engineering 847

UK Offshore Wind in the 2020s: Creating the Conditions for Cost Effective
Decarbonisation [37] Green Alliance 269

The UK Offshore Wind Supply Chain: A Review of Opportunities and
Barriers [38] Offshore Wind Industry Council 584

2012 Wind Energy in the UK: State of the Industry Report [39] Renewable UK 345

2010 Great Expectations: The Cost of Offshore Wind in UK Waters [40] UK Energy Research Centre 668

2008 Offshore Wind Power: Big Challenge, Big Opportunity [41] Carbon Trust 1014

5.1.2. Data Pre-Processing

Prior to prompting the LLM, the PDF documents from each report need to be trans-
formed into a structured format for sentiment analysis, known as text pre-processing.
Observation of the dataset in Table 1 shows that each sentence expresses a sentiment about
a specific aspect, which can vary from sentence to sentence.

Therefore, sentence-level sentiment analysisis most suitable for this application, as it
captures the sentiment of individual aspects rather than aggregating multiple opinions as
in paragraph or document-level analysis. This approach provides a more precise under-
standing of sentiment and avoids limitations related to context length. The goal of data
pre-processing is to convert the PDF documents into a dataframe of consecutive sentences.

The core steps in data pre-processing include the following:

• Extract Text: Using the Python fitz library, the text within the PDF document
is extracted.

• Noise Reduction: This removes special characters that are not [a-zA-Z0-9,.%-:;],
HTML tags, header titles, references, and page numbers that appear throughout
the data.

• Tokenisation: Using the Python punkt tokeniser model from the nltk library, the
string of text is segmented into a list of consecutive sentences.

• Handling Noisy Text: The final step in the data pre-processing pipeline is to mitigate
the impact of remaining noisy characters, including duplicate newline commands and
negligible sentences.

5.1.3. Ground Truth Dataset

In order for the LLM sentiment analysis pipeline to be designed, a test dataset was
randomly sampled from Table 1 to evaluate the range of designs. To evaluate the model
design, ground truth responses for polarity and subjectivity were measured by 3 annotators
for a fair, unbiased assessment. Pre-labelling of polarity and subjective-objective classifi-
cations was required in order to evaluate the LLMs against a ground truth dataset for a
quantitative assessment of the performance. The final ground truth answer was taken as the
mode of 1 human, 1 LLM and 1 human–LLM debate mixture. The LLM response was taken
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from an ensemble of multiple prompts across all the LLMs listed in Table 2, with the final
answer being the ‘majority vote’ or mode of the ensemble. The human–LLM mixture was
constructed by a human evaluating the answers given by the GPT-3.5-Turbo model (The
GPT-3.5-Turbo model was chosen for this since it gave the most understandable response
for a human to evaluate upon observation of the results) in Table 2. By using the full
ensemble of LLMs combined with human verification, it was possible to capture multiple,
diverse and human-driven perspectives to polarity and subjective–objective classifications
for an accurate ground truth baseline.

Table 2. Properties of the selected large language models for design—including model name, provider,
number of model parameters, tokens trained on, fine-tuning, and pricing for accessing the model.

Model Name Provider Parameters Training Tokens Fine-Tuned? Pricing

GPT-3.5-Turbo-1106 [3] OpenAI 175B - No $2/1M tokens
GPT-4-Turbo-Preview [42] OpenAI 1.8T 13T No $40/1M tokens
Llama-2-7b-Chat [43] Meta 6.74B 2T Yes Free
Mixtral-8x7b-Instruct [44] Mistralai 46.7B - Yes Free
Falcon-7b-Instruct [45] TII 7B 1.5T Yes Free

5.2. Selection of Large Language Models

To investigate the performance of different LLMs on our sentiment analysis application,
a diverse range of LLMs have been selected and are listed in Table 2. This breadth of LLMs
is important for our experimentation; both to address the performance of multiple agents
based on different LLMs from [32], and to determine whether low-cost, open-source models
are competitive with larger, more expensive models.

Following the strong performance and cost effectiveness within the GPT series, the
ChatGPT model (GPT-3.5-Turbo) was used as one of the chosen LLMs. In addition, Ope-
nAI’s latest-trained GPT-4 model (GPT-4-Turbo) was utilised—this is the most expensive
LLM in Table 2, trained though on a significantly greater number of training tokens. The
Llama, Mixtral, and Falcon models were also tested because they have fewer model pa-
rameters than the GPT series. This was intended to enable greater understanding of the
behaviour of different-sized LLMs under different prompt techniques. These models are
all fine-tuned to dialogue use cases, which makes them suitable and ready-to-use for our
sentiment analysis question-answering tasks.

The GPT-3.5-Turbo and GPT-4-Turbo closed-source models will be accessed through
the OpenAI API using their Python library. For the open-source models, the hugging-
face_hub Python package will be used alongside the langchain LLMChain framework to
pass the prompts into the model.

5.3. Self-Consistency

This section investigates the performance of the self-consistency prompt technique, the
first consistency-based prompting technique to be evaluated, across the range of selected
LLMs. These experiments determine the models that perform with the highest accuracy on
the polarity and subjectivity tasks. The method was carried out by calling the API, passing
through the prompt and then repeating over three iterations to calculate the final modal
answer. In designing the chain-of-thought prompt for self-consistency, Figure 7 illustrates
the potential CoT designs: zero-shot, one-shot, and two-shot. The task instruction was
created using ChatGPT to ensure it could be understood from an LLM level. Context
limitations required the polarity and subjectivity tasks to be separated, implementing a
least-to-most structure.

From observation of the experimental results, it was evident that reasoning prompts
significantly improve the accuracy of both polarity and subjectivity outputs. As demon-
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strated in Figure 7, few-shot CoT provides a structured model output compared to the
zero-shot prompt, which can be explained by few-shot CoT leveraging reasoning skills
learnt from training. It should be noted that CoT exemplars do not influence the quality
of the content, i.e., how the sentiment is analysed. Two-shot CoT was found to overly
follow the structure of the examples given, perhaps because the freedom to reason was
constrained by the structure dictated by the CoT exemplars. This led to less accurate results,
implying in-depth reasoning is highly important to reach an accurate conclusion. Hence,
the one-shot CoT prompt in Figure 7 was selected to evaluate the different LLMs.

(a)

Model Input

Q: Analyse the sentiment of the following sentence related to offshore wind energy in the UK. Assign a discrete polarity score: 1 for positive, 0 for neutral, or -1 for
negative. Return the score in a list [polarity score].

Let’s think step by step.

Sentence: “Offshore wind is a technology that is accessible now and at a scale that can have a significant impact."

Model Output

A: Sure, let’s break it down step by step. First, let’s analyse the sentiment of the sentence. The sentence conveys a positive sentiment, as it discusses the substantial wind
resource, the ability to access higher wind speeds, and harness more power. So, the Python list representing the sentiment of the sentence would be [1].

(b)

Model Input

Q: Analyse the sentiment ... [polarity score].

Sentence: “Onshore wind power provides the cheapest electricity of any form of new generation built, and offshore is expected to continue to reduce
in cost."

Answer: “Sentiment: The sentence conveys a positive sentiment because it discusses the cost-effectiveness and potential cost reduction of offshore
wind energy. Hence, the polarity score would be 1 for positive. Based on the analysis, the python list for sentiment would be [1]."

Sentence: “Offshore wind... impact."

Model Output

A: Sentiment: The sentence conveys a positive sentiment as it highlights the accessibility and potential impact of offshore wind technology. Hence, the polarity score
would be 1 for positive. Based on the analysis, the python list for the sentiment score would be [1]

(c)

Model Input

Q: Analyse the sentiment ... [polarity score].

{one-shot demonstrations}

Sentence: “In 2018, onshore and offshore turbines generated 17% of UK electricity."

Answer: “Sentiment: The sentence is neutral, as it simply provides a factual statement about the percentage of UK electricity generated by onshore
and offshore turbines in 2018, without any apparent positive or negative tone. Therefore, the polarity score would be 0, neutral. Based on the analysis, the python list
for sentiment would be [0]."

Sentence: “Offshore wind... impact."

Model Output

A: Sentiment: The sentence expresses a positive sentiment by emphasising the accessibility and potential significant impact of offshore wind technology. Hence, the
polarity score would be 1 for positive. Based on the analysis, the python list for sentiment would be [1].

Figure 7. Illustrations of various communication strategies proposed in MAD literature; including the
generator–discriminator framework suggested in [33], simultaneous and one-by-one debate in [31].
(a) Zero-shot. (b) One-shot. (c) Two-shot.
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Generator LLM Agent

The accuracy of each LLM using self-consistency prompting is listed in Table 3, and
was calculated using Equation (1) across all the sentences in the test dataset. This experiment
was carried out using the previous method, investigating one-shot CoT only. Table 3 reveals
that GPT-3.5-Turbo and GPT-4-Turbo perform the best on polarity and subjectivity tasks,
respectively. Below discusses the capabilities of the highest-performing LLMs on these
tasks and the limitations of self-consistency:

Accuracy =
Number of Correct Predictions

Total Number of Predictions
(1)

GPT-3.5, Mixtral, and Falcon perform the best on polarity tasks. Table 3 shows the
percentage of correctly answered predictions for self-consistency across a range of LLMs.
For the polarity task, GPT-3.5, Mixtral and Falcon perform with the highest accuracy.
This is because these models correctly understood the meaning of positive and negative
terminology for offshore wind energy. For instance, rather than labelling ‘reduced’ as
negative, these models are able to detect the sentence ‘Increasing turbine size, cheaper finance,
and more efficient construction and operations have reduced costs substantially.’ correctly as
positive. This advanced technical understanding could be due to the mixture of pre-trained
data within these models, enabling greater keyword mappings. In addition, a high-level of
reasoning is also demonstrated in their answers, which may be an explanation for their high
performance. These emergent reasoning capabilities could be attributed to their large model
sizes, notably for GPT-3.5 and Mixtral which have the highest accuracies. Surprisingly, the
most expensive and largest model, GPT-4, performs the least well. The cause of this is due
to the model over-analysing the sentences—by being overly descriptive, the justifications
became too complex and diverted from the simpler, more obvious answers.

GPT-4 and GPT-3.5 perform the best on subjectivity tasks. For the subjectivity task,
GPT-4 and GPT-3.5 have the highest accuracy. This is due to correctly identifying factual
and hopeful keywords, such as ‘suggested’ and ‘expected’. Falcon and llama models strug-
gled to understand this, using definitions of subjectivity as ‘favourable’, ‘emotion’ or ‘speaker’s
opinion’. Unlike in the polarity task, GPT-4 performs comparably better because subjectivity
analysis is less focused on offshore wind, meaning the scope for analysis is more direct
and obvious since it purely relies on the language presented, and not any wider context.
Mixtral performs the best amongst the open-source models, due to understanding the
meaning of subjectivity well for this application.

Table 3. Accuracy of self-consistency prompting on polarity and subjectivity tasks, bold indicates the
highest-accuracy result: GPT-3.5 is the best-performing model for polarity, and GPT-3.5 and GPT-4
are statistically equivalent and thus the best-performing models for subjectivity.

Model Polarity Accuracy Subjectivity Accuracy

GPT-3.5 0.79 ± 0.01 0.61 ± 0.03
GPT-4 0.69 ± 0.01 0.65 ± 0.06
Llama 2 0.61 ± 0.02 0.47 ± 0.01
Mixtral 0.73 ± 0.09 0.50 ± 0.02
Falcon 0.71 ± 0.01 0.21 ± 0.05

Performance of polarity tasks is limited by the lack of offshore wind specific reasoning.
Despite strong performance shown in some LLMs to understand technical jargon, the
models remain limited by a lack of specialist knowledge for offshore wind in the UK.
Difficulties include misinterpreting the sentiment of sentences by analysing from the wrong
perspective. This arises from the challenge of locating enough latent concepts for the model
to learn the optimal, correct output. For instance, ‘Wind has grown rapidly in the past 10 years’
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is falsely assigned as neutral due to being seen as factual instead of implying the successful
technological progression of offshore wind. Other challenges include being specific to
offshore wind in the UK: ‘Biomass has significant barriers to delivery’ is consistently and
incorrectly interpreted as negative. These issues can be improved by adapting the prompt
design to leverage different perspectives—this is explored in the following section.

Performance of subjectivity tasks are limited by misunderstanding the definition of
subjectivity for technology development. The challenges associated with the subjectivity
task include incorrectly identifying words that indicate uncertainty or objectivity, as well
as limited reasoning for the decision. This corresponds to the same issue in the polar-
ity task: the optimisation of latent concepts is crucial to acquire new perspectives and
reasoning skills.

5.4. Multi-Agent Debate

This section investigates the performance of the multi-agent prompt technique
across the top-performing LLMs from self-consistency: GPT-3.5-Turbo, GPT-4-Turbo and
Mixtral. Multi-agent debate involves a number of parameters that require tuning: the
agent roles, communication strategy and choice of LLM for each agent. The generator
for MAD is chosen to be the Mixtral model for both tasks, due to obtaining the highest
accuracy amongst all open-source models. Implementing the one-by-one debate strategy,
the following details the selection of role prompts, debater, and reflector LLM agent.

5.4.1. Debate Metrics

Multi-agent debate introduces intricate dynamics through the interaction of multiple
LLMs and diverse roles. This involves numerous hyperparameters for tuning the quality
of debate. Therefore, this complex system requires unique ways of assessing a model’s
approach to effective interactive reasoning. Table 4 lists the metrics used to analyse debating
behaviour in the subsequent experiments. Below, we explain the significance of these metrics.

• Accuracy is important to quantify how well the model performs against the ground
truth dataset, a metric already used for the self-consistency results.

• Answers Changed is used to measure the confidence of the model in changing the
previous model’s answer. If the answers changed is low, this could either mean an
accurate consensus has been reached between the two agents, or it could imply that the
debater model struggles to impart its own opinion. Likewise, if the answers changed
is high, this could mean the previous model’s answers were mostly incorrect or that
the debater agent is overly confident. This behaviour significantly affects the debating
performance and understanding such metric is highly important when designing the
prompt and selecting the LLM.

• To differentiate these varying interpretations, the Answers Changed when Correctly
Parsed metric indicates the loss incurred by the debater agent from reevaluating
the previous model’s correct decisions. A low percentage is desirable since this
means the debater model leads to more accurate conclusions. Contrasting this, a high
percentage implies that arbitrary changes have been made by the debater without
a strategic basis—this would require design improvement to enhance the model’s
decision-making accuracy.
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Table 4. Metrics for analysing debating behaviour in multi-agent debate prompting.

Metric Description

Accuracy (ACC) Percentage of correctly answered predictions

Answers Changed (AC) Percentage of predictions that changed from the previous
debate round

Answers Changed When Correctly Parsed (ACCP) Percentage of predictions that changed from the previous
debate round, given correctly parsed answers

5.4.2. Heterogeneous Role Prompts

As explored in [29,31], heterogeneous role prompts are critical for the objective critique
of opinions in order to reach an accurate consensus. To improve upon the limitation
of specialised knowledge in self-consistency, this section investigates the performance
of energy-specific role prompts for the debater agent in MAD by comparing them to
homogeneous prompts. The homogeneous prompts contain only the debate task, without
the role. These roles are designed using the error-based approach discussed in [29], using
the limitations in each task as domain knowledge to acquire new capabilities. Unlike
in CoT prompts, role prompting acts to guide the quality and diversity of the model’s
output—essential for improving reasoning.

Given the lack of energy-specific reasoning in the polarity tasks, agents specialised
in aspects of offshore wind energy are created for the polarity task, shown in Figure 8.
For the subjectivity task, Figure 9 translates the issue of identifying hope from fact into a
prompt instruction. Figure 10 qualitatively shows how these heterogeneous role prompts
can accurately reach the desired answer through critical debate: highlighting the ability to
exploit their specialised perspective, leverage in-depth reasoning, and mitigate the effects
of groupthink.

The Policy Agent: Pay special attention to any government support, policies, or incentives
The Technology Agent: Pay special attention to any technological advancements
The Market Agent: Pay special attention to any growing demand for offshore wind energy
The Supply-Chain Agent: Pay special attention to any supply chain stages mentioned
The Environment Agent: Pay special attention to any environmental impacts mentioned

Figure 8. Heterogeneous role prompts for the polarity task, where each agent specialises in different
energy sectors, designed using the error-based approach in [29].

The Hope Agent: Pay special attention to elements of hope or factualness in the language.

Figure 9. Heterogeneous role prompt for the subjectivity task, targeted towards mitigating the
limitation in misunderstanding the definition of subjectivity.
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(a)

Model Input

Q: Pay special attention to any government support, policies or incentives

Do you agree with the Generator that the sentiment related to offshore wind energy of the sentence ’The UK Government supports offshore wind with
competitive subsidies, which have enabled cost reductions to date.’ is positive?

What is then the decided polarity and why? The possible options are positive [1], neutral [0], negative [-1].

Model Output

A: Yes, I agree with the Generator’s decision. The mention of the UK Government’s support and the enabling of cost reductions through competitive subsidies indicates
a positive sentiment. This implies a proactive and supportive approach by the government towards offshore wind energy, which warrants a positive polarity score of
[1]

(b)

Model Input

Q: Pay special attention to any technological advancements

Do you agree with the Generator that the sentiment related to offshore wind energy of the sentence ’The UK Government supports offshore wind with
competitive subsidies, which have enabled cost reductions to date.’ is positive?

What is then the decided polarity and why? The possible options are positive [1], neutral [0], negative [-1].

Model Output

A: No, I disagree with the Generator’s decision. While the sentence does discuss the support from the UK Government and the cost reductions enabled by competitive
subsidies, it does not necessarily imply a purely positive sentiment. The mention of subsidies could be seen as a positive factor, but it could also be viewed as a negative
aspect depending on one’s perspective. Therefore, the polarity would be neutral [0].

(c)

(c) Model Input

Q: Pay special attention to any growing demand for offshore wind energy

Do you agree with the Generator that the sentiment related to offshore wind energy of the sentence ’The UK Government supports offshore wind with
competitive subsidies, which have enabled cost reductions to date.’ is positive?

What is then the decided polarity and why? The possible options are positive [1], neutral [0], negative [-1].

Model Output

A: No, I disagree with the Generator’s decision. While the sentence discusses the support from the UK Government and the cost reductions enabled by competitive
subsidies, the sentiment is not overtly positive. It could be argued that the mention of cost reductions and competitive subsidies could be seen as a positive aspect, but
it could also be interpreted as a neutral statement of fact. Therefore, a neutral polarity would be more appropriate. Hence, the polarity would be [0].

Figure 10. Demonstrations of the improvement in specialised heterogeneous role prompts, where
the policy expert reaches the correct answer for the given policy-related input sentence. (a) Policy.
(b) Technology agent. (c) Market agent.

5.4.3. Debater LLM Agent

The designs of these heterogeneous prompt designs are tested on the GPT-3.5-Turbo,
GPT-4-Turbo, and Mixtral models to deduce which LLM performs with the highest ac-
curacy and lowest ACCP on the debate tasks—this is the model that decides on the most
accurate conclusions. This experiment uses one debate round—further rounds are inves-
tigated. However, this leads to a reduction in accuracy across all LLMs and is hence not
further explored (Table 5 presents these results).

GPT-3.5 and GPT-4 perform well as debaters for both polarity and subjectivity tasks. As
shown in Table 5, GPT-3.5 and GPT-4 both exhibit the highest accuracy across both polarity
and subjectivity tasks after debate. Beyond accuracy, the optimal debater must also ensure
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that it acts to improve upon the generator’s answers. Ideally, the debater changes only the
answers that are incorrect. This is identified by an ACCP of 0. For the polarity task, GPT-3.5
and GPT-4 change approximately 10% of the generator’s values. This is adequate to improve
performance but ways of increasing this would be highly desirable. Importantly, GPT-3.5
incorrectly changes less than 50% of the generator’s answers, which implies that GPT-3.5
is most capable of reaching accurate conclusions compared to the other LLMs. However,
it should be noted that this shows marginal performance improvement on the generator,
and ways of enabling lower arbitrary reevaluations is essential for effective polarity debate.
Contrasting this, the answers changed in the subjectivity task are significantly greater,
and the loss incurred by incorrect changes is remarkably lower. GPT-4 obtains the lowest
ACCP and highest accuracy compared to the other LLMs; hence, this is the best debater for
subjectivity. Despite this, GPT-3.5 performs with an equivalently high accuracy at a much
lower cost. In conclusion, GPT-3.5 is chosen to be the debater model for both polarity and
subjectivity tasks due to its strong capability in strategic reevaluations and low cost.

Table 5. Accuracy (ACC), answers changed (AC) and answers changed when correctly parsed (ACCP)
metrics of tested LLMs as debaters in MAD for polarity and subjectivity tasks. Bold indicates the
best-performing result (↑ indicates higher values are better, and ↓ that lower values are better).

Model
Polarity Subjectivity

ACC ↑ AC ACCP ↓ ACC ↑ AC ACCP ↓

GPT-3.5 0.77 ± 0.01 0.10 ± 0.06 0.47 ± 0.06 0.66 ± 0.02 0.52 ± 0.04 0.31 ± 0.03
GPT-4 0.75 ± 0.03 0.13 ± 0.06 0.61 ± 0.18 0.70 ± 0.07 0.31 ± 0.05 0.11 ± 0.14
Mixtral 0.67 ± 0.01 0.11 ± 0.02 0.90 ± 0.16 0.47 ± 0.01 0.15 ± 0.01 0.41 ± 0.03

Mixtral performs poorly as a debater and struggles to reach consensus. Evident
in Table 5, Mixtral can be observed to be a highly defective debater—it makes arbitrary
changes to the generator’s answers across both tasks, causing accuracy to counter-actively
reduce. Possible explanations for this deficient behaviour is that Mixtral struggles to retain
prompt information as a debater, identify technical jargon and is limited by context length.
These factors prevent Mixtral from reaching justified conclusions.

The results from Mixtral indicate a poor ability as a MAD debater. Additional research
is conducted to investigate the debater ability of the remaining SLMs used throughout
these experiments. Results show that debater SLMs give lower accuracy than single SLMs,
suggesting that the composition of debaters in MAD is not suited to SLMs.

5.5. Sentiment Analysis Pipeline

Following experiments from self-consistency and multi-agent debate, a summary
of the best-performing results is given in Table 6. Three prompt strategies from self-
consistency and multi-agent debate are compared in order to determine the pipeline that
most accurately and affordably performs sentiment analysis over the sampled dataset.

Table 6 indicates that the multi-agent debate design performs with the highest sub-
jectivity accuracy and second-highest polarity accuracy at a significantly lower cost than
the GPT-3.5 self-consistency framework. This MAD design improves upon the smaller
Mixtral self-consistency model via debate with GPT-3.5 in both polarity and subjectivity,
along with minimal deviation between repeated results. In addition, MAD requires fewer
API calls, which reduces the total costs and computational complexity to run sentiment
analysis. As the environmental and financial costs of language models increase, designing
a system of LLMs that require fewer resources whilst performing at a competitive level
with larger, more-capable models becomes highly important. In conclusion, the MAD
Mixtral GPT-3.5 sentiment analysis pipeline performs most optimally compared to the
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self-consistency results, achieving competitive accuracy performance at a significantly
lower cost.

Table 6. Comparison of accuracy and cost for polarity and subjectivity tasks between GPT-3.5
self-consistency, Mixtral self-consistency, and MAD. Bold indicates the highest-accuracy result.

Prompt Strategy SC GPT-3.5GPT-3.5GPT-3.5 SC MixtralMixtralMixtral MAD MixtralMixtralMixtral GPT-3.5GPT-3.5GPT-3.5

Polarity Accuracy 0.79 ± 0.01 0.73 ± 0.09 0.77 ± 0.01
Subjectivity Accuracy 0.61 ± 0.03 0.50 ± 0.02 0.66 ± 0.02

Polarity Cost (/1M tokens) $6 $0 $2
Subjectivity Cost (/1M tokens) $6 $0 $2

5.6. Introducing EnergyEval

Figure 11 illustrates the novel multi-agent debate team designed specifically for evalu-
ating the sentiment, subjectivity, and topics within the technical energy literature—called
EnergyEval. This particular design has been applied to offshore wind energy in the UK.
The framework has the following characteristics:

Figure 11. EnergyEval sentiment analysis pipeline—illustrating the topic modelling, polarity and
subjectivity task, along with least-to-most and homogeneous role prompting in the debater and use
of the Mixtral generator and GPT-3.5 debater.

• Multi-agent debate in the evaluation of sentiment and subjectivity, leveraging het-
erogeneous energy-specialised role prompts to improve upon accuracy and offshore
wind-specific reasoning.

• Effective debate has been encouraged through a least-to-most prompt design in the
polarity task, structuring an unbiased and logical debate dialogue to reduce hallucina-
tions and the detriment of groupthink.

• Mixtral and GPT-3.5 are employed in this design as the generator and debater, re-
spectively, in which the use of different LLMs has not been explored yet in MAD
sentiment analysis [32].

• The topic modelling task follows a single-prompting strategy using the Mixtral model
due to the simplicity of its instruction.
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6. Results and Analysis
6.1. Overview

This section executes the EnergyEval model on the offshore wind dataset in Table 1
aiming at predicting trends and drivers of wind power use from 2008 to 2020. The mo-
tivation for this comparison is the feedback loop that exists between scientific opinion
in a specific time and deployment in later time. As evidence for technology maturity
increases, so will positive scientific opinion, which then influences the tangible decisions of
stakeholders. Figure 12 explains the process used to predict these trends from EnergyEval.
In this, the dataset is first grouped based on four topics, and then labelled based on polarity
and subjectivity measurements. These topical groupings include (a) policy, (b) technology,
(c) market, and (d) supply chain. The key drivers of Offshore Wind Development through
the years in each of the above topics are identified, and then extracted from each sentence.
Based on the rate of appearance in the labelled data, the most-frequent drivers are selected
to be analysed. These include (a) cost, (b) capacity, and (c) turbine size.

Figure 12. Pipeline used to predict the offshore wind trends from EnergyEval, along with an example.

The next sections investigate whether sentiment analysis using EnergyEval can reflect
the actual trends of these drivers. This includes a comparison with trends in levelised cost
of electricity, installed capacity, and turbine size installation in the UK from 2008 to 2020.

6.2. Task 1: High Level Trends

To begin with, this section analyses the high-level sentiment trends from the labelled
offshore wind dataset, produced by EnergyEval. Since 2000, offshore wind in the UK has
grown into a mature, affordable technology and has become a critical source of renewable
energy in the UK’s route to net-zero. Therefore, this success in deployment indicates an
increase in positive and objective sentiment.

To verify that this impressive growth is present in the literature, Figure 13 depicts
these trends from the frequency of polarity and subjectivity classifications. The frequency
is measured by the number of occurrences in each sentiment label—representing the popu-
larity of opinion that EnergyEval extracted. This seeks to quantify a global opinion about
offshore wind from the local, sentence-level sentiment evaluations. For the frequencies to
range between 0 and 1, the minmax scaling method in Equation (2) is used to transform the
data in Figure 13 to this scale:

x′ =
x − min(x)

max(x)− min(x)
(2)

Looking at Figure 13a, we note that EnergyEval demonstrates a gradual increase in
positive sentiment with time (yellow line), and associated reduction in negative sentiment
(blue line). This confirms the expected increase in positivity. There is no observable trend
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in the subjectivity of the literature, as EnergyEval detects consistently objective sentiment
with time, as per Figure 13b. It can be noticed that the majority of information in the
dataset is objective, which agrees with the factual nature of technical, scientific reports.
This high-level objectivity analysis does not capture the transition of hopeful optimism to
real deployment. The following sections hone in on specific drivers of offshore wind to
explore this at greater detail.

(a) (b)

Figure 13. EnergyEval: Evolution of sentiment polarity (a) and subjectivity (b) over time.
(a) Generator–discriminator. (b) Simultaneous debate.

6.3. Task 2: Identify the Drivers

To select the drivers, the most-frequent keywords from the dataset are chosen. These
are found using a word cloud on Python, which visualises the frequency of words in a
list. Figure 14 illustrates the word cloud for positive and negative, objective keywords
that EnergyEval most frequently detected from the literature. Positive words such as cost
reduction, innovation and CfD parallel the turbine advancements and government support
from the Contract for Difference scheme that enabled offshore wind success. Negative
words such as cost escalation, expensive, and variability highlight challenges in offshore wind,
such as the variability of wind. Whilst common wind-related terms appear in both word
clouds, it is evident that Figure 14a consists of more positive keywords, and vice versa—this
indicates the proficiency of EnergyEval in sentiment analysis. One important observation is
that the cost, capacity, and turbine size keywords are frequent in both Figure 14a,b, indicating
their importance in driving progress for offshore wind. Therefore, these keywords are
selected for specialised analysis in the following sections.

(a) (b)

Figure 14. EnergyEval: Word Cloud of positive and negative objective keywords. (a) Positive.
(b) Negative.
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6.4. Task 3: Analysis of the Drivers
6.4.1. Cost

Figure 15a compares the positive sentiment, measured from the cost-associated sen-
tences (blue and purple lines), with the trend in levelised cost of electricity (yellow line
labelled as “LCOE”)

|(Positive ∩ Objective)|Cost| = |Positive ∩ Objective ∩ Cost|
|Cost| (3)

|Cost|(Positive ∩ Policy)| = |Positive ∩ Policy ∩ Cost|
|Positive ∩ Policy| (4)

For offshore wind in the UK, from the EnergyEval sentiment analysis, the proportion
of positive sentiment in cost (purple line) is used to compare with the LCOE data in Figure 1.
The proportion of positive and objective sentiment is also included in this comparison (blue
line) to determine whether factual scientific opinion from EnergyEval more accurately
corresponds to real development. These frequencies are calculated using Equation (3), and
then normalised using Equation (2).

(a) (b)

Figure 15. EnergyEval: Cost-associated positive sentiment (a) and frequency of topics (b).

Figure 15b presents the evolution in the frequency of cost-associated sentences that
contributed to the positive sentiment of each offshore wind sector. Calculated using
Equation (4), this represents the positive influence that cost has on the development of
policy, technology, market and supply chain.

EnergyEval correctly predicts the increase in positive opinions as cost falls, represen-
tative data essential for accurate results. Evidenced in Figure 15a, both models accurately
detect the trends in LCOE reduction. Both EnergyEval and the input energy literature
reflect this increase in positive sentiment towards declining costs. For instance, the 2008 lit-
erature mentions that ‘capital costs have more than doubled over the last five years’, which
EnergyEval correctly identifies as negative. Hence, the good agreement between predicted
cost trends and LCOE are a result of the accuracy of EnergyEval and the representative
cost-related opinions of the input data. A significant decrease in the positive sentiment
associated with cost in 2010 is also evident in Figure 15a. The reasoning for this is that
the 2010 document, Great Expectations: The Cost of Offshore Wind in UK Waters, is primarily
focused on cost. By introducing an in-depth assessment on cost, the information gives rise
to an equal distribution of positive and negative opinions. Hence, this leads to the lowest
proportion of positive sentiment. This issue results from the input data itself not being
representative enough for that year.
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EnergyEval’s positive-objective sentiment for cost gives more accurate results to the
true LCOE data, compared to only-positive. Observed in Figure 15a, the positive-objective
measurement exhibits less rapid fluctuations in sentiment throughout 2008–2020. This
is because the additional objective layer filters out the data that is less direct and factual.
Hence, the sentiment is more likely to be reliable and true to the real data since these
opinions are more probable to happen or have already happened.

Cost has a strong influence on all sectors, especially on the Market. As expected,
Figure 15b shows that Market gives the highest proportion of positive sentiment from cost.
This is anticipated since the demand for offshore wind is intrinsically linked to fluctuations
in cost. In addition, all topics follow similar trends with time—this indicates the strong
influence that cost has on all sectors. It should also be noted that the high frequency of cost
in 2010 is a result of the cost-skewed input data.

6.4.2. Capacity

Figure 16a displays the comparison between capacity-associated positive and positive-
objective sentiments with the offshore wind capacity installed each year. This is calculated
using Equation (3) for capacity. To visualise the impact of capacity on offshore wind,
Equation (4) is used on each topic to determine which sectors were influenced the most by
increases in installed capacity—shown in Figure 16b.

(a) (b)

Figure 16. EnergyEval: Capacity-associated positive sentiment (a) and frequency of topics (b).

EnergyEval correctly detects the expected increasing trend for installed capacity. How-
ever, whilst the general predicted trend follows this increase correctly, certain fluctuations
are evident in Figure 16a. Specifically, results from 2020 imply a reduction in capacity—
which is incorrect. The slight inaccuracy of this model is not that the literature itself is
suggesting negative sentiment towards capacity progress; it is the frequency-based mea-
surement that causes small changes in opinion to greatly affect the overall assessment. This
result arose from the frequency-based calculation of capacity-associated positive sentiment.
By taking the count of positive sentiment as a fraction of the total sentiment, we are not mea-
suring the global sentiment of a certain topic, only the number of times a report mentions
a positive attribute of offshore wind for each sentence. The significant reductions seen in
2020 are attributed to the lower frequency of positive sentiment in the text compared to the
previous reports in each year. To improve on this measurement metric, a way to quantify
global sentiment of ‘offshore wind’ needs to be calculated independent of the size of the
report. A likewise observation can be seen in Figure 15a for cost-associated sentiment.
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EnergyEval’s positive-objective sentiment for capacity gives more accurate results to
the true data, compared to only-positive. A key observation from Figure 16 is that, like
cost, the positive-objective measurement more closely aligns with real installed capacity
data, which is more realistic and less hopefully optimistic than only-positive as expected.
Similar to Figure 15a, the positive-objective model appears to reduce irrelevant opinions
contributing to the prediction. Compared to cost, Figure 16a displays a larger difference
between these two predictions. From observation of the labelled data, this is found to
arise from the large quantity of unopinionated sentences in the only-positive sentiment.
EnergyEval correctly filters these out in the subjectivity classification, responsible for the
gap in predictions.

Installed Capacity has a positive influence on Technology. Figure 16b indicates that
the increase in capacity has positively influenced developments in technology. As required,
this parallels how greater power outputs have been enabled through larger turbines. This
signifies the capability of EnergyEval to correctly interpret key trends from the literature.

6.4.3. Turbine Size

Figure 17a illustrates the comparison between turbine-size-associated positive (purple
line) and positive-objective (blue) sentiments with the largest turbine installed offshore
(yellow line). This is calculated using Equation (3) for the turbine size keyword. For the
impact of turbine size on offshore wind, Equation (4) is used to identify which sectors are
influenced the most by increases in turbine size—results are shown in Figure 17b.

(a) (b)

Figure 17. EnergyEval: Turbine-size-associated positive sentiment (a) and frequency of topics (b).

EnergyEval’s positive-objective sentiment for turbine size gives more accurate results
to the true data. Consistent with the observations from Figures 15–17 denotes that the
positive-objective model more closely approaches the true turbine size data. What can be
further noticed is that the gap between positive and positive-objective measurements is
smaller compared to the cost and capacity predictions. The reasoning for this is that turbine-
related sentences tend to be factual and unopinionated due to its technical descriptions.
This inherent factualness explains why the difference between objective and non-objective
predictions is so minimal.

Turbine size strongly influences developments in technology. EnergyEval accurately
captures the increasing trend in technology. This is expected due to turbine size being
fundamental to its development, from rotor diameter to turbine height. The discontinuity
in 2012 is a result of the limited dataset size that falsely influences the output with its lack
of representation.
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7. Discussion
This section discusses the future potential of EnergyEval on further net-zero technolo-

gies, as well as the limitations that should be addressed prior to these practical applications.

7.1. EnergyEval in Practice
7.1.1. Extension to Net-Zero Technologies

In order to apply EnergyEval on further low-carbon technologies, redesigning the
heterogeneous role prompts would be the only adaptation required. This is because these
are the components specialised to the energy technology—defining the area of expertise of
the model. Advantageously, this requires significantly less time to specialise the model to
its particular use case compared to time-consuming alternatives like fine-tuning or training
deep learning models. With labelled data for energy scarcity, LLMs are an essential tool for
sentiment analysis, as they eliminate the need for training datasets. Therefore, EnergyEval
holds strong potential for further application.

7.1.2. Extension to Multi-Modal LLMs

In the next frontier of large language models, multi-modal LLMs offer a host of greater
capabilities beyond traditional LLMs. For the purposes of EnergyEval, integration with
multimedia inputs could enable the analysis of energy-related podcasts, documentaries or
images. This would improve dataset representation and could even lead to more realistic
sentiment predictions.

7.1.3. Comparison to Existent Methods

As part of our preliminary investigations, we evaluate a semantic lexicon-based
approach. However, this method performs poorly in our domain-specific context. The
main limitation is that generic sentiment lexicons lack coverage of offshore wind–related
terminology, especially nuanced indicators of cost, capacity, and public perception. As a
result, many relevant positive or negative signals are missed, leading to significantly lower
accuracy compared to our LLM-based approach. A more detailed comparison with existent
models would be beneficial as part of future work for contextualising performance.

7.2. Limitations of EnergyEval
7.2.1. Gathering Reliable Energy Data

A key limitation noticed in the offshore wind results is the influence of energy data
on predictions. The lack of representation in the dataset leads to unexpected fluctuations
in the forecasted trends. Hence, it is critical to gather a variety of diverse literature for
the model to deduce informed sentiments. This means acquiring data from a range of
different sources and years, along with ensuring each year contains sufficient data on the
examinable features.

It should be also repeated here that while our goal is indeed to evaluate and simulate
expert-level predictions using LLMs, in the current investigation, we incorporate LLMs in
the ground truth construction process primarily for practical reasons—namely, to reduce
the time and cost associated with manual expert annotation. Obtaining a sufficiently large
volume of expert-labelled data is both resource intensive and time-consuming. To address
this, we adopt a hybrid labelling strategy: LLMs are first used to generate initial annotations,
which are then reviewed, refined, or corrected by human annotators. This approach enables
us to benefit from the efficiency of LLMs while ensuring quality and reliability through
human oversight. A different approach might be required in future studies.
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7.2.2. Extracting Broader Sentiment Information

Another limitation observed is the sensitivity in using frequency measurements to
quantify global sentiment opinions from sentence-level analysis. Here, the 2020 results
in Figure 16a show that minor differences in the frequency of capacity-related positive
sentiment lead to large fluctuations when scaled against the other years. This issue of this is
that sentence-level sentiment analysis does not capture the overall sentiment of aspects in
the document, and document-level analysis is not possible due to context limitations. Pos-
sibly, an additional LLM layer could be used to extract this broader sentiment information
from the sentence-level analysis. This approach would integrate and prioritise multiple
opinions within the document to evaluate a global sentiment. Overall, further research into
document-level sentiment analysis using LLMs is needed for more advanced results.

7.2.3. Increasing the Number of Debate Rounds

In attempt to improve the polarity debate accuracy, increasing the number of debate
rounds could be a way to enhance debater capability. Due to the time constraints of this
project, the effect of further debate rounds is not investigated. Recent MAD studies [30,32]
indicate performance improvement with increased rounds. Therefore, a promising research
direction involves exploring the influence of greater debate rounds on the ability of GPT-3.5
to reach accurate conclusions during debate.

7.2.4. Using Smaller, Energy-Efficient LLMs

Whilst EnergyEval utilises the smaller, open-source Mixtral model, an interesting
research question would be to determine whether GPT-3.5 could be replaced by a smaller
language model. Motivated by the environmental and financial costs of exceedingly large
LLMs, leveraging performance improvements from MAD could allow smaller models to
compete with larger ones at a lower cost. Future research could investigate the effect of
different SLMs on EnergyEval.

8. Conclusions
In this study, we present a novel multi-agent large language model (LLM) debate

framework—EnergyEval—designed to evaluate polarity, subjectivity, and thematic trends
within technical energy literature. The novelty of our approach lies in optimising multi-
agent debate mechanisms for energy-specific data, leveraging heterogeneous LLMs with
specialised role prompts. We employ one-shot chain-of-thought and least-to-most prompt-
ing strategies to enhance reasoning accuracy and mitigate hallucinations. Among the
evaluated models, Mixtral and GPT-3.5 emerge as the most effective generator and debater,
respectively, offering a strong balance between accuracy and computational efficiency.

We apply EnergyEval to offshore wind literature, where sentiment analysis revealed
that the positive and objective sentiment trends identified by the model broadly aligned
with real-world offshore wind indicators such as the Levelised Cost of Energy and installed
capacity. Furthermore, EnergyEval effectively identifies key thematic drivers—cost, ca-
pacity, and turbine size—and capture how domains such as policy, technology, market,
and supply chain evolved in response to these factors. These findings highlight the value
of robust, diverse, and large-scale energy datasets for accurate time-series predictions.
They also suggest that aggregating broader sentiment information can address the limi-
tations of sentence-level sentiment analysis, improving our understanding of high-level
sectoral trends.
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While our results are encouraging, it is important to recognize that data quality and po-
tential model hallucinations remain ongoing challenges in LLM applications. As previously
discussed, these limitations can affect output reliability. However, our proposed multi-
agent debate (MAD) framework mitigates such risks through dynamic cross-verification
among agents. By allowing agents to critically evaluate and challenge one another’s rea-
soning, the framework reduces the propagation of erroneous or low-quality information,
improving robustness and interpretability.

In conclusion, this study demonstrates the promise of EnergyEval for sentiment analy-
sis within energy research, offering insights that extend across net-zero technologies. Future
research should investigate whether increasing the number of debate rounds enhances
GPT-3.5’s reasoning effectiveness, and whether integrating an additional LLM aggregation
layer can refine document-level sentiment predictions. Exploring EnergyEval’s generaliz-
ability across other energy sectors and regions also presents a valuable direction, given its
modular design and adaptability through prompt and evaluation customisation.
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Appendix A. Prompt Engineering
Prompt engineering is the process of structuring inputs [46], a critical technique in

optimising the accuracy of LLMs. Below details a brief overview of the core methods used
in prompt engineering.

1. Comprehensive Description: A detailed definition of the desired task is necessary
in prompting. This is because a basic instruction lends itself to a number of possible
options, whereas more descriptive prompts generate more precise results [46]. In the
latent concept theory, this could be due to the fact that, by increasing the number of
in-context concepts, the probability of a certain output given the prompt increases,
narrowing to a more relevant answer.

2. Few-shot Prompting: This is when a number of examples are given in the prompt,
alongside a description of the task. How many demonstrations are used has been
found to vary from task-to-task. For simpler tasks, one-shot prompting is typically
sufficient, whereas few-shot prompts tend to improve performance for more invented
tasks [46]. The reasoning behind this depends on whether few-shot learns or recalls la-
tent concepts. Despite evidence suggesting few-shot potential [10], zero-shot prompts
have been shown to outperform few-shots in certain scenarios [47].

3. Chain of Thought: CoT works by prompting the model to provide intermediate
reasoning steps in order to guide the response [46]. This approach has demonstrated
highly significant improvement to accuracy, such as an increase from 17% to 78.7%
for zero-shot arithmetic tasks [48].

(a) Zero-shot CoT: This is an instance of CoT where the task instruction is fol-
lowed by ‘Let’s think step by step’, with ‘zero-shot’ referring to there being no
examples of reasoning steps.
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(b) Few-shot CoT: Likewise to few-shot prompting, few-shot CoT contains a
number of manual demonstrations, along with reasoning included in the
answer for each example. The disadvantage is the complexity in implementing
these examples, requiring correct manual reasoning.

4. Self-Consistency: The self-consistency prompting method aims to ensure the model’s
responses are consistent with each other by replacing the naive greedy decoding
used in chain-of-thought [49]. This follows a 3-stage process. The first step prompts
the language model using chain of thought; the second samples multiple, diverse
responses to the same prompt. The most consistent answer is found using the majority
vote over all reasoning paths.

5. Generated Knowledge: This approach prompts the model to generate potentially
useful information prior to the task instruction [46], leveraging the pre-trained knowl-
edge within LLMs to provide additional context. This method could be interpreted to
increase the output probability by adding more latent concepts to the context from its
pre-trained ‘subconscious’.

6. Least-to-Most: Least-to-most prompting consists of a series of prompts that build
upon each other, where each represent a fundamental step to the desired task—
reducing ‘cognitive overload’.

7. Tree of Thoughts: ToT follows a problem-solving process: an initial input prompts the
model to outline the steps to solve the problem, and the subsequent steps allow the
model to automatically approach the problem step-by-step. Unlike least-to-most, this
methodology is based on the thought-process prior to the task—hence, more versatile
and less-specific to a certain problem.

8. Retrieval Augmentation: This incorporates up-to-date external information into the
prompt, treated as foundational knowledge for the model [46]. The aim of this method
is to reduce hallucinations.

9. Role Prompting: This method involves assigning the model a specific role to play,
which has been shown to be effective in aligning to a desired output [46].
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