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Abstract

Language models (LMs) have attracted the attention of researchers from the natural language processing (NLP) and
machine learning (ML) communities working in specialized domains, including climate change. NLP and ML practitioners
have been making efforts to reap the benefits of LMs of various sizes, including large language models, in order to both
simplify and accelerate the processing of large collections of text data, and in doing so, help climate change stakeholders to
gain a better understanding of past and current climate-related developments, thereby staying on top of both ongoing
changes and increasing amounts of data. This paper presents a brief history of language models and ties LMs’ beginnings to
them becoming an emerging technology for analysing and interacting with texts in the specialized domain of climate
change. The paper reviews existing domain-specific LMs and systems based on general-purpose large language models for
analysing climate change data, with special attention being paid to the LMs’ and LM-based systems’ functionalities,
intended use and audience, architecture, the data used in their development, the applied evaluation methods, and their
accessibility. The paper concludes with a brief overview of potential avenues for future research vis-a-vis the advantages
and disadvantages of deploying LMs and LM-based solutions in a high-stakes scenario such as climate change research. For
the convenience of readers, explanations of specialized terms used in NLP and ML are provided.

Impact Statement

This survey paper reviews the ways in which the natural language processing (NLP) and machine learning
(ML) communities have been developing and utilizing language models (LMs) of various sizes to help process or
interact with large collections of climate change data. The work provides an overview of the design and
motivations underpinning LMs and LM-based systems intended for the climate change domain and would
benefit researchers interested in the intersection between NLP, ML, and climate change documents used as data.
The study simultaneously paints a broad picture of existing climate-change-related LMs and LM-based systems,
and a detailed description of their respective building blocks, equipping researchers with information about
existing tools and hopefully providing pointers for future research directions.

1. Introduction

The past few decades have witnessed an increase in the amount of text data on the topic of climate change
(CC) that has become publicly available. The data can comprise publications dedicated explicitly to the
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topic of climate change; this category encompasses, for example, reports published by stakeholders
working exclusively in the climate change domain, such as the Intergovernmental Panel on Climate
Change (IPCC), as well as scientific publications on the topic of climate change, alongside blogs and other
web content published on this topic. At the same time, climate-relevant information can also be
incorporated within reports concerning a different topic, such as corporate financial reports. This is
especially common in cases when companies are required to disclose climate risks their operations might
entail. The scale of data growth has been captured in various studies analysing climate change: one such
example is the study by Korte et al. (2023), who analyse data published in OpenAlex (Priemetal., 2022), a
digital database for scientific works, and observe a tenfold increase in the number of scientific papers
labelled with the tag “climate change” published annually between 2001 and 2021: from 4,145 to 41,093
papers. The sheer volume of data highlights the need for an efficient and reliable method of processing and
analysing climate-related texts.

One of the tasks of natural language processing (NLP), a branch at the intersection of linguistics and
machine learning (ML), is to facilitate the analysis of large collections of data. Among other things, NLP-
and ML-supported text-mining methods allow for processing large corpora at scale by, for example,
unveiling the topics of the documents comprising the collection, or by classifying documents into
predefined categories. The introduction of the Transformer deep learning architecture (Vaswani et al.,
2017)," coupled with ever-increasing compute resources, ushered in the era of Transformer-based
language models (LMs) for various NLP tasks, including tasks for processing climate-related texts.
The public release of ChatGPT? at the end 0f 2022 and its rising popularity have shifted the focus from text
classification tasks to text generation and manipulation tasks, the latter describing instances where
language models generate answers to user-provided questions or summarize a longer text.

NLP and ML methods designed for climate change text data have been published in the context of
domain-agnostic ML and NLP conferences and journals, where the goal is to showcase novel tools,
methodologies, frameworks, data collection, or data annotation approaches, and where researchers opt to
demonstrate what their systems can perform using data sourced from the CC domain. The past few years
have also seen the establishment of (1) initiatives focusing solely on research at the intersection of
artificial intelligence (AI) and ML" on the one hand, and climate change on the other, and (2) initiatives for
developing socially-responsible NLP tools, where the goal is to motivate researchers to explore how ML
and Al can help tackle issues of relevance to society, especially in fields that have been overlooked in NLP
research. An example of (1) would be events and publication opportunities presented by organizations
such as Climate Change AI (CCAI),* which specifically promote research at the intersection of ML and
CC. Some examples of research published in the context described in (2) include the NLP for Social Good
initiative,’ the International Conference on Environmental Design and Health,® as well as the Climate
NLP workshops hosted by the Association of Computational Linguistics (ACL).

Against the backdrop of a growing body of research showcasing how LMs are integrated in climate
change research, the primary objective of this survey is to provide an overview of LMs and LM-based
systems that have been developed to assist with text-based tasks in the climate change domain. In this
context, the term language models is used to refer to systems that are trained to predict the next word or a
missing word in a text; these are discussed in more detail in Section 3. The utilization of LMs in the CC

! Transformer is a type of neural network architecture that has led to considerable advancement in NLP due to the capacity to
model relationships between words even across very long sentences, and to weigh the importance of different words or tokens
relative to each other (Raschka, 2024).

2 https://chatgpt.com/.

3«“ML” and “AI” are not used interchangeably, and it should be pointed out that ML is a subset of Al. Al is the general ability of
computers to emulate human thought and perform tasks in a real-world environment, while ML describes the technologies and
algorithms allowing computers to identify patterns, make decisions, and improve their performance (Engineering, 2023; Raschka,
2024).

4 https://www.climatechange.ai/.

3 https://nlp4sg.vercel.app/.

® https://iced.eap.gr/.
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domain is a vast topic encompassing multiple disciplines (Rolnick et al., 2022; Lu, 2024).” The goal is to
zero in on approaches to developing LMs intended to classify sections of natural texts in pre-determined
categories, to aid analysis tasks where the input and the output are natural language text, or to answer
questions by using collections of text documents as repositories of relevant information. One possible
exemption from this “rule” is LM-powered question-answering systems capable of retrieving information
from a Google search result or from tables, such as the system described in Section 5.1.2. However, both
the system’s input and output are natural language text. Web-based-only services for analysing climate
data, such as the conversational assistant for climate question-answering ClimateQ&A developed by
Ekimetrics® or Climind.Copilot, a conversational engine for climate-specific scenarios hosted on the
platform Climind,” will not be comprehensively described, but might be mentioned in Section 6.

The objectives of the survey are laid out in detail in Section 2, followed by an explanation of its
structure and intended audience in Sections 2.1 and 2.2, respectively. Sections 3 and 3.1 provide a brief
history of language modelling and some considerations relevant to the survey, while Sections 4, 5, and 6
are dedicated to existing LMs and LM-based systems for the climate change domain. The survey ends
with a summary and recommendations for future work in Section 7. A quick overview of all reviewed
LMs and LM-based systems is available in the three tables comprising Appendix A.

2. Survey objectives

Reviews of language models can be conducted from multiple angles, including domain-specificity. Some
survey and evaluation studies that are exclusively interested in domain-specific LMs have been
performed for the legal field (Sun, 2023; Wehnert, 2023), code generation (Chen etal., 2021), education
(Kasneci et al., 2023), and healthcare (Yang et al., 2023), to name just a few. In the climate change
context, efforts have been made to assess how well general-purpose LMs can answer climate-related
questions (Bulian et al., 2023), or whether LMs have the potential to assist in monitoring innovations in
climate technology (Toetzke et al., 2023). Climate change has also been named a topic that is yet to
harness the benefits of LLM-based toolstacks (Kaur et al., 2024), alongside domains such as fitness and
well-being.

Surveys focusing on general-purpose LMs describe models and groups of models (model families)
popular in the Al community, zeroing in on their features, functionalities, and limitations, alongside
development techniques, popular datasets for pretraining, fine-tuning, and LLM evaluation metrics and
benchmarks (Minaee et al., 2024). Zhao et al. (2023) aim to introduce terminology that distinguishes
between models of various sizes, using the term “pretrained language models” (PLM) to refer to models
developed before the onset of generative pretrained transformers (GPTs), and “large language models”
(LLMs) to refer to models developed after the advent of GPTs.'® The survey authors perform a
comprehensive examination of four major aspects of LLM development: pretraining, adaptation
tuning,'' utilization,'? and capability evaluation. Within this framework, in addition to describing datasets
for pretraining and fine-tuning LLMs, model architectures and training processes, LLM utilization is
presented from two aspects: methods of utilization, which include types of prompt engineering and
planning for complex task-solving, and functional applications, which focus on the integration of LLMs
in solutions for various tasks, ranging from classic NLP tasks to applications employing autonomous
LLM-based agents. Hadi et al. (2023) focus on the implementation of ChatGPT-based solutions in the
medical, education, finance, and engineering applications; the authors also dedicate a section on the

7 At the time of writing, the latter paper is awaiting peer review.

8 https://huggingface.co/spaces/Ekimetrics/climate-question-answering.

® https://www.climind.co.

19 GPT is used to refer to present-day large language models developed to generate content, which can be unimodal (texts or
images only) or multimodal (texts, images, videos etc.).

" Adaptation tuning is a technique for fine-tuning LLMs on specific topics or tasks.

12 In their survey, utilization refers to contexts for using an LLM for downstream tasks.
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impact the training and deployment of LLMs have on the environment, alongside a set of measures that are
being undertaken to promote sustainable development.

This survey paper aims to merge the functionality-, architecture-, feature-, and utilization-based
descriptions found in reviews of generic models, and apply them toward a systematic review of domain-
specific LMs and LM-powered systems, which have been developed exclusively for working with text
data from the climate change domain. The objectives of the survey include: taking stock of existing tools
for processing climate-related documents, identifying the type of tasks, text analysis and text annotation
they enable, as well as providing a brief description of the technical approach behind these tools, the data
that has been used in their development, and whether the resulting LM or LM-based system is publicly
available or proprietary.'? Some LMs are available both as open-source/open-weight models and paid-for
service, and these instances are flagged up in the paper.

Given the rapid developments in the LM ecosystem, with new models being released every day, this
survey should be perceived as a snapshot of the landscape at the time of writing. While substantial effort
has been made to offer a survey that is as comprehensive as possible, there always exists a chance of
relevant research not being included in the selection of papers. For this reason, the selection of LMs for
climate change presented in the paper also “lives” as a GitHub project,'* with the hope that the research
community will show interest in complementing the selection with additional resources.

2.1. Survey structure

The survey starts with a high-level classification of climate-change-relevant LMs and LM-based systems,
distinguishing between domain-specific language models, which have been built for climate change
applications (Section 4), and systems relying on general-purpose language models, which are integrated
as a component of a system developed for climate change applications (Section 5).

Within each of the two sections, LMs and LM-based systems are further classified based on the task for
which they have been developed, namely: question-answering (Sections 4.1 and 5.1), question-answering
and scoring (Section 5.2), text summarization (Section 4.2), text classification (Section 4.3), and text
classification and text generation (Section 4.4). Figure | provides an overview of the LMs and LM-based
systems discussed in this article.

For each LM and LM-based system and whenever information is available, the survey includes:
(1) intended use and audience of the model / system, (2) model / system architecture, training, and data;
(3) evaluation and results; and (4) access, transparency, and engagement. Information reported under item
(4) includes details about the accessibility of the model, whether its development has been documented in
terms of data acquisition, data usage, and code, and the number of all-time downloads for open-source/
open-weight models, when possible. All but one of the LMs and LM-based systems presented in this study
have been developed to be primarily used with English language data. Efforts to make an LM accessible in
a language other than English are mentioned under item (4).

2.2. Potential audience

This survey paper is aimed at climate change researchers and practitioners interested in learning more
about and/or integrating LMs in their line of work and who possess some degree of understanding about

13 A “publicly available” model is one that anyone can access; publicly available models are sometimes open-source, which
means that the model architecture, the data and the code used in their development are accessible, or open-weight, which means that
only the trained weights of the model can be downloaded and used, but the data and the code used in its development are not
available. A “proprietary” model is accessed as a paid-for service, usually available through a web interface, an application
programming interface (API), or both. It needs to be borne in mind that an open-source or an open-weight model is not automatically
accessible to everyone, since running and task-adapting LLMs of certain sizes requires expensive infrastructure or funds to access
such infrastructure and can be difficult on consumer-grade equipment.

" https:/github.com/volkanovska/Language-models-for-climate-change-texts.
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Figure 1. Classification of LMs and LM-based systems described in this survey. LMs and LM-based
systems that are not given specific names by the paper authors are referred to descriptively.
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the underlying principles of language models. Explanations of technical concepts and terms typical for the
LM domain are provided either as footnotes or in the running text.

3. Brief overview of language model development

As mentioned previously, the term language model (LM) denotes a system that has been trained on
token'> prediction tasks. The most common training approaches are next-token prediction, where an LM
is tasked with predicting the next token given a starting sequence, or masked-token prediction, where an
LM is trained to fill in missing words in a text.'® As outlined by Bender et al. (2021), the idea of LMs was
first proposed by Shannon (1949) and deployed in the 1980s in systems for automatic speech recognition,
machine translation, or document classification. Initially, language modelling was done by using n-grams
and large collections of data. The term n-gram stands for an “n” number of items, such as characters, sub-
word units, or words, in a continuous sequence. N-gram models were superseded by pretrained
representations of word distributions, known as word vectors or word embeddings, where an artificial
neural network, which is a type of ML algorithm, is given large collections of text as input, from which it
generates numerical representations for words in the collections. The introduction of the Transformer
neural networks (Vaswani et al., 2017) in language modelling, alongside the increased availability of
computing power and data, led to improved performance of models on popular benchmarks.

15 A token can be a character, a subword unit, a word, or a punctuation mark.
16 Commonly referred to as next-token prediction and masked language modelling.
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Scaling up model size further led to the development of large language models (LLMs), which can
process information in a zero-shot setting. Zero-shot refers to a setting where an LM is tested on a task not
explicitly included in its training data. A tendency developed to design models that can process
instructions given in a natural language and perform the desired task without being previously trained
on the task or the domain in question. A common way of allowing the intended audience to
“communicate” with these models is through a chatbot interface, where a user can “probe” the model
for a certain output. Incremental improvements in benchmarks measuring various model functionalities
led to LLMs becoming employed in domains that considerably differ from the domains for which
language modelling was originally developed; one of these “new” domains is climate change. Prior to
taking a deeper dive in the topic, I point out several considerations that should be taken into account when
discussing LMs and LM-based systems.

3.1. Important considerations

The first consideration is a comment about the terminology commonly employed to describe LMs and
LM-based systems. LMs are frequently described as systems possessing “knowledge” and “capabilities”,
as well as having the ability to “understand” language or given tasks. While discussing the terminological
choices authors make when describing LMs and LM-based systems is beyond the scope of this study, it is
important to underscore that LMs do not hold knowledge or understand language or the world the same
way humans do. For more information on the anthropomorphization of descriptions of technical systems,
see Inie et al. (2024). In the scope of the survey, the terminological choices made by the developers of the
reviewed systems are mostly preserved when relaying the technical description of a system, with
de-anthropomorphized terminology being adopted when applicable.

A comment needs to be made about the naming conventions for LMs, especially those that are hosted on
the Hugging Face Hub (HFH).!” Models included in the survey and that are hosted on HFH will be
accompanied by their HFH model identifier. The model identifier contains the name of the organization,
research entity, or user that developed the model and the name of the LM itself. From the model identifier
google-bert/bert-large-uncased it can be deduced that the entity that developed the model is Google, and that
the unique name of the model is bert-large-uncased. This is done to assist findability and reusability of LMs.

When describing LMs, a distinction is made between large language models (LLMs) and language
models that would not be considered “large” by current standards, referred to as pretrained language
models (PLMs), in line with the terminology proposed by Zhao etal. (2023). In the scope of this study, LM
size will be considered in terms of the number of trainable parameters and the amount of data used to
pretrain the model.'® Data size is usually, though not always, reported as the number of tokens.

Another distinction relevant to this survey is the difference between an LM and an LM-supported
system. In most instances, the latter integrates an LM with a retrieval-augmented generation (RAG)
component. The retrieval component has a database of preprocessed documents, and its task is to find
passages from texts that are most relevant to a user’s query. These passages are passed to the LM, which
should generate an answer grounded in the information contained in the retrieved passages.

The increased popularity of artificial neural networks and the associated rise in computational needs
prompted researchers to pay more attention to the energy costs connected to developing and training
language models (Strubell et al., 2020). The emergence and overarching use of large language models on a
broad range of tasks has motivated proposals about the ways in which the cost and the environmental impact
of LM development should be accounted for, especially for generative models. Luccioni et al. (2023)
estimate the carbon footprint of a model titled “BigScience Large Open-science Open-access Multilingual
Language Model” (BLOOM) at three levels, including the final training process, all other processes ranging

" HFH is a platform for sharing LMs, datasets, and demo applications: https://huggingface.co/docs/hub/en/index.

18 “Trainable” or “learnable” parameters are values that can be adjusted during an LM training process. The higher the number of
trainable parameters, the more compute power is needed to deploy the LM. In 2018, Devlin et al. (2019) released google-bert/bert-large-
uncased, a model with 340 million (M) parameters. GPT-3 (Brown et al., 2020), released in 2020, has 175 billion (B) parameters.
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from equipment manufacturing to energy-based operational consumption, and finally, the energy consump-
tion and carbon emissions at deployment, i.e., inference time. Meanwhile, Moro et al. (2023) propose a
method of measuring the environmental impact from a task-based perspective (summarization). While the
topic of environmental impact is not central to this survey, whenever the authors of the papers reviewed
include information about the work’s carbon footprint or any associated data, this is mentioned in the
subsection access, transparency, and engagement. Information about the GPU usage in developing domain-
specific models is also summarized in Table 7.

Last but not least, LMs exist either as stand-alone models or within a family of models. The latter
entails a group of models that have a common denominator (for example, their foundation model), but
differ in terms of size or intended use (Webersinke et al., 2022; Thulke et al., 2024). Stand-alone, or single
models, are models that do not belong to a larger group of related LMs.

4. Domain-specific language models and systems

The LMs and LM-based systems included in this section have been developed for the following tasks:
answering climate-change-related questions, summarization, classifying text in various climate-relevant
categories, or both text generation and classification.

Two large model families are described: ClimateGPT (Thulke et al., 2024), a family of five LLMs for CC
question-answering (QA), and ClimateBERT (Webersinke et al., 2022), a family of thirteen domain-adapted
and fine-tuned PLMs for various climate-related text classification tasks. The models ClimateGPT-2 (Vaghefi
et al., 2022) (text classification and text generation), DARE (Xiang and Fujii, 2023) (text classification),
ClimateQA (Luccioni et al., 2020) (text classification), and a BART-based model for summarizing climate-
related political press releases (Dickson, 2023) (text summarization) are single models.

This section concludes with a brief comparative summary of the domain-specific models discussed in
detail, and a table focusing on GPU use for the models’ development.

4.1. Question-answering

4.1.1. ClimateGPT: a family of LLMs and an LLM-based system for climate change question-answering
Models of the ClimateGPT family have been developed and made available through a collaboration of
several research institutions, including the Endowment for Climate Change Intelligence (ECI)'” and
ErasmusAl (Thulke et al., 2024).2° The former is a decentralized foundation that delivers Al solutions for
climate change, while the latter is a platform that leverages LLMs and generative Al to “address complex
global challenges, such as climate change” (Erasmus.Al, 2024). The intended use of the five LLMs
pretrained and instruction-tuned on climate-relevant data is question-answering: they are to serve as
“personal climate experts” that are “breaking down questions and concepts to the level of expertise of the
user” (Thulke et al., 2024, p.12), while the intended audience includes decision-makers, scientists,
policymakers, and journalists involved in climate discussions. The ClimateGPT model family comprises
the models: ClimateGPT-FSG-7B, ClimateGPT-FSC-7B, ClimateGPT-70B, ClimateGPT-13B, and Cli-
mateGPT-7B.?! In addition to individual models, an LM-based system is available on the website of ECI
as two versions: ClimateGPT,?” available to researchers contingent upon their application for access
through ECI’s website, and ClimateGPT+,?? an enterprise version aimed at businesses and organizations
that would like to use the models with their own data.

Model architecture: Models of the ClimateGPT family are decoder-only Transformer models. Such
models are also known as generative pretrained models (GPTs). They are trained with the objective of
predicting the next word—token—in a sequence and they are mainly used for text completion tasks

1 hitps://www.eci.io/.

20 https://erasmus.ai/.

2'HFH model identifiers, in the same order as the LM names: eci-io/climategpt-7b-fsg, eci-io/climategpt-7b-fsc, eci-io/
climategpt-70b, eci-io/climategpt-13b, eci-io/climategpt-7b.

22 hitps://www.eci.io/climategpt.

2 https://www.eci.io/climategptplus.
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(Raschka, 2024). In the design, Thulke et al. (2024) closely follow the architecture of Meta’s Llama-2
(Touvron et al., 2023).%* Details about the model components, including normalization techniques for
stable and efficient model learning, positional embeddings, and the activation function, are available in
the model’s extensive technical report (Thulke et al., 2024).

Training and data: The models are pretrained with the next-token prediction objective on a large
climate-relevant corpus, and are instruction fine-tuned for the downstream task of question answering.
Two domain-specific pretraining methods are applied: from-scratch pretraining (FSPT) and continued
pretraining (CPT). In FSPT, model training starts from randomly initiated weights, and the model relies on
domain-specific data only. In CPT, training starts from a general-purpose foundation model, which
already holds an existing knowledge base from having been trained on general data, and is then adapted to
a specific domain using domain-relevant information.”>

Pretraining is done with two corpora: a corpus of 300 billion (B) tokens curated for content on the
topics of climate, humanitarian issues, and science, and a 4.2B token corpus of hand-picked climate-
change data. The 300B corpus contains news, various publications, modern books, patents, Wikipedia
data, policy and finance data, and science. The 4.2B corpus contains news on extreme weather events,
over 500 pages of technical documentation on game-changing breakthroughs in the areas of energy, CC,
food security, health etc., a breakdown of the United Nations’ (UN) 17 Sustainable Development Goals,
CC news, CC specific corpora including documents published by the World Bank, IPCC, the United
States Government, and other international development organizations, treaty organizations, non-
governmental organizations, and national state governments, as well as academic research in climate.
The 300B corpus is used for the from-scratch pretraining of ClimateGPT-FSG-7B. The 300B and the
4.2B corpus are used for the from-scratch pretraining of ClimateGPT-FSC-7B. Finally, the 4.2B corpus
is used for the continued pretraining of ClimateGPT-7B, ClimateGPT-13B, and ClimateGPT-70B,
which are the models built on top of Llama-2.

Instruction fine-tuning (IFT) is done with 271,525 IFT training samples (TSs); of these, 106,269 TSs
are from general-domain datasets, and 165,256 TSs are from climate-specific datasets. The general-
domain TS set comprises the datasets Databricks Dolly>® (Conover et al., 2023), OpenAssistant
Conversations 1 (OASST-1)?7 (Kopf et al., 2023), as well as FLAN v2 and CoT (as described in
(Wang et al., 2023), an internal set of prompt-completion pairs, referred to as AppTek General, and
9,846 TSs formulated as question-and-answer pairs from the StackExchange communities for earth
science, sustainability, and economics.

The climate-specific TS set contains demonstrations,”® grounded expert demonstrations, and
grounded non-expert demonstrations. The 1,332 TSs dubbed “demonstrations” are created by interview-
ing a small team of senior climate experts on foundational concepts in an expert’s field of expertise,
current CC trends, expected developments, pivotal findings and research papers, key arguments, and
scenarios in which an LLM would be of use to an expert. Another 7,254 TSs are collected from grounded
expert demonstrations and 146,871 TSs from grounded non-expert demonstrations. The grounded expert
demonstrations include CC questions and structured answers provided by nine climate scientists at
graduate or PhD level, as well as synthetically generated question-answer pairs corrected by the same
group of experts; while non-expert demonstrations contain ideas for prompt and completion pairs, where
the completion contains in-text citations to the relevant sources, collected from external annotators.”’

24 Llama stands for Large Language Models Meta Al

5 Since the CPT models are built on top of Llama-2 as a foundation model, see Touvron et al. (2023) for data comprising the
pretraining corpus of the foundation model.

2615,000 human-generated prompt-response pairs designed for LLM instruction tuning, available at https:/huggingface.co/
datasets/databricks/databricks-dolly-15k.

27 A dataset of over 150,000 human-generated datasets for training dialogue agents, available at https://huggingface.co/datascts/
OpenAssistant/oasst1.

28 Instruction-completion pairs.

29 The authors also intended to use synthetically generated demonstrations, where an existing general-purpose LLM would be
prompted with few-shot examples and a document, but decided not to use the data for IFT as they observed lack of consistent
improvements in perfomance on automatic benchmarks.
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Protocols for safe text generation are observed by generating completions for each prompt in the
dataset using a safe model, namely Llama-2-Chat-70B (Touvron et al., 2023). Many of the responses are
then manually checked, appended to the Do-Not-Answer Dataset, which is a collection of instructions that
responsible models should not follow and the appropriate responses (Wang et al., 2024),°° and this
augmented resource is then added to the IFT dataset.

Improving retrieval: Retrieval augmented generation (RAG) is used to counter model errors and
overcome limitations posed by the knowledge cut-off date, that is, enable models to access documents
published after their training had been completed. RAG is not part of a model’s architecture and is a
component that can be added to an LLM-powered text generation system, where a user’s prompt triggers a
retrieval system to query a knowledge base of documents, retrieve the ones that have the highest similarity
to the query, and generate a response using the retrieved documents. Documents that are stored in the
database used in RAG include IPCC reports, the Potsdam Papers, documents from the Earth4All process,
and 73 other non-specified open-access documents.?!

Evaluation and results: Two types of evaluation are implemented: automatic and human. For
automatic evaluation the authors use both domain-specific and general-purpose datasets. The climate-
specific evaluation datasets include ClimaBench (Spokoyny et al., 2023),3? a collection of open-source
climate-related datasets allowing systematic evaluation of model performance across various classi-
fication tasks. ClimaBench includes the following datasets: ClimateStance®* and ClimateEng**
(Vaid et al., 2022), Climate-FEVER?>® (Diggelmann et al., 2020), ClimaText*¢ (Varini et al., 2020), and
CDP-QA?’ (Spokoyny et al., 2023). In addition to the evaluation datasets of the ClimaBench collection,
the authors use the datasets Pira 2.0 MCQ?3® (Pirozelli et al., 2024) and Exeter Misinformation®® (Coan
et al., 2021). The general-domain evaluation datasets include HellaSwag*’ (Zellers et al., 2019),
PIQA*! (Bisk et al., 2020), OpenBookQA*> (Mihaylov et al., 2018), WinoGrande** (Sakaguchi et al.,
2021), and the MMLU dataset** (Hendrycks et al., 2020).

The performance of ClimateGPT models is compared against the performance of same-size models of
the Llama-2-Chat family, as well as against 7 other general-purpose foundation models in the 3-13B size
range, namely: Stability-3B, Pythia-6.9B, Falcon-7B, Mistral-7B, Llama-2-7B, Jais-13B, Jais-13B-

30 https://github.com/Libr-Al/do-not-answer?tab=readme-ov-file.

31'No additional information is provided about the Potsdam Papers; it is possible they encompass publications by the Potsdam
Institute for Climate Impact Research (PIK).

32 https://huggingface.co/datasets/iceberg-nlp/climabench.

33 The dataset contains climate change tweets expressing three stances: supporting climate change prevention, opposing climate
change prevention, and an ambiguous stance; the model is expected to predict the right label.

34 A dataset of climate change tweets classified in the topics disaster, ocean/water, agriculture/forestry, politics, and general; the
model should predict the right topic.

35 A fact-verification dataset of climate-related claims collected online and paired with passages containing evidence for each
claim. The evidence passages are extracted from Wikipedia. Claim-evidence pairs are labelled by human annotators as: SUPPORTS,
REFUTES, and NOT _ENOUGH_INFO, which is also the default label. Each claim is paired with five sentences. The label
DISPUTED is used in instances where there is both supporting and refuting evidence.

36 A dataset for a binary classification task, where the model should predict whether a sentence is climate change-related or not. It
entails 123,000 sentences extracted from Wikipedia, from annual regulatory filings made by listed companies to the U.S. Securities
and Exchange Commission, and from the Climate-FEVER dataset.

37 A dataset containing question-answer pairs from the questionnaires of the Carbon Disclosure Project (CDP), which is a not-for-
profit charity supporting companies, cities, states, and regions, in their efforts to measure and manage their climate change risks and
opportunities.

38 A collection of scientific abstracts and reports from the United Nations on the topics of climate change, Brazilian coast, and
ocean. The model’s task is to select the correct answer to a question from a set of five candidates.

39 A dataset for a classification task where a model should discern whether a given text contains a contrarian claim about climate
change.

40 The dataset contains multiple-choice questions where a model should predict the next event in grounded situations.

41 A dataset of binary choice questions that can be answered by understanding real-world object interactions in physical scenarios.

42 A dataset of multiple-choice elementary-level science questions.

43 A dataset of fill-in-the-blank tasks for ambiguous pronouns.

44 A dataset for evaluation of world knowledge in several fields, including STEM, humanities, social sciences etc.
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Table 1. Performance comparison of different ClimateGPT models on climate-specific and general
benchmarks (weighted averages of accuracy)

Model CC benchmarks Gen. benchmarks
Stability-3B 62.8 61.5
Pythia-6.9B 50.8 53.1
Falcon-7B 48.3 59.3
Mistral-7B 73.7 70.1
Llama-2-7B 62.6 63.9
Jais-13B 54.4 58.3
Jais-13B-Chat 65.3 63.1
Llama-2-Chat-7B 68.5 62.9
Llama-2-Chat-13B 71.4 66.4
Llama-2-Chat-70B 77.0 68.6
ClimateGPT-7B 77.1 65.1
ClimateGPT-13B 78.0 68.8
ClimateGPT-70B 77.2 73.7
ClimateGPT-FSG-7B 46.2 48.8
ClimateGPT-FSC-7B 42.1 499

Chat.*> On the climate benchmarks, the three CPT models of the ClimateGPT family outperform the
7B, 13B, and 70B models of the Llama-2-Chat family, as well as the 7 other general-purpose foundation
models. ClimateGPT FSPT models perform worse than the general-purpose foundation models, the
same-size Llama models, and the Llama-based ClimateGPT models. On the general-domain bench-
marks, the ClimateGPT CPT models outperform their respective counterparts (in terms of parameters)
from the Llama-2-Chat family; however, both ClimateGPT-13B and ClimateGPT-7B lag behind
Mistral-7B (Jiang et al., 2023). The results of the automatic evaluation, given as weighted averages,
are summarized in Table 1.

The authors also conduct human evaluation, where seven climate change students at master, PhD,
and post-doc level provide feedback on the output of ClimateGPT-70B, ClimateGPT-7B, and
ClimateGPT-FSC-7B by ranking them against each other on a series of items, including qualifying
the goodness of each answer on a scale in the range of -2 to +2, where -2 is the lowest, 0 is average, and
2 is the highest score. ClimateGPT-70B receives an average rank of 1.0 and the lowest number of
hallucinations*® among the models (2 instances of hallucination; the highest number is 5). ClimateGPT-
70B and ClimateGPT-7B, both CPT models built on top of Llama-2, perform better than the FSPT
model, ClimateGPT-FSC-7B.

Access, transparency, and engagement: The five models are published on the HFH.*’ In addition, a
QA chat system powered by ClimateGPT models can be accessed through two websites: ECI’s*® and
Erasmus.Al’s.*” Both require registration. On ECI’s website, the chatbot is available in two versions:
ClimateGPT and ClimateGPT+. The latter is an enterprise version aimed at businesses and organizations
that would like to use the models with their own data. According to ECIL, a portion of the revenue generated
from ClimateGPT+ will be reinvested into ECI, thereby honouring their commitment to open-access

45 HFH model identifiers, in the same order as the LM names: stabilityai/stablelm-3b-4elt, EleutherAl/pythia-6.9b, tiiuae/falcon-
7b, mistralai/Mistral-7B-v0. 1, meta-llama/Llama-2-7b-hf, core42/jais-13b.

46 A type of error identified in the output of generative models, when they either fail to render information from a reference
document correctly, or when their output cannot be verified from the source (Havlik and Pias, 2024).

7 https://huggingface.co/eci-io.

*8 https://www.eci.io/climategpt.

“ https:/climategpt.ai/.
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climate Al and funding future endeavours in this field. ClimateGPT is made available in 21 other
languages>® using a cascaded machine translation approach.”!

Transparency in terms of listing the data used to train and evaluate the models is preserved. Not all
items comprising the pretraining data, the fine-tuning data, and the instruction fine-tuning data are
publicly available; this means that information about the data cannot be obtained beyond the compre-
hensive description provided in the paper. In terms of evaluation, the authors make available the
relevant Python script that, at the time of writing, plugs in all datasets for automatic evaluation, except
for Climate-FEVER.*? In addition, a model card and a sustainability scorecard are provided, with
information about the hardware and software used in the training process, as well as the models’ carbon
footprint.

In terms of engagement, at the time of reviewing,>? ClimateGPT-7B had the highest number of all-time
downloads (18151), followed by ClimateGPT-70B (3760), ClimateGPT-13B (670), ClimateGPT-7B-
FSG (468), and ClimateGPT-7B-FSC (291).

4.2. Summarization

4.2.1. BART-based model for summarizing climate-related political press releases

The publicly available model, whose HFH identifier is z-dickson/bart-large-cnn-climate-change-
summarization, has the intended use of serving as a text summarization model that takes as input a
political text in the domain of climate change, environment, or energy, and generates as output a summary
of it. The model should detect the primary issue in the text and include it in the generated summary,
alongside the position of the political party giving the press release, and a general summary of one to two
sentences. The intended audience is not specified, but can be inferred as researchers interested in political
parties’ stance on climate change policies (Dickson and Hobolt, 2024).

Model architecture, training, and data: The model is a fine-tuned version of Facebook/bart-large-
cnn (Lewis et al., 2020), which has been trained on the summarization dataset CNN/Daily Mail (Nallapati
etal., 2016). The dataset is publicly available>* and contains multi-sentence summaries of approximately
300,000 news articles published by CNN and the Daily Mail. The underlying model BART (which stands
for Bidirectional Auto-Regressive Transformer), is an encoder-decoder Transformer model. As per
Dickson (2023), the model Facebook/bart-large-cnn was fine-tuned on 7,000 press release/summary
pairs from 66 political parties in 12 countries.’ In Dickson and Hobolt (2024), the number of press
release/summary pairs is reported at 6,000. As per Dickson and Hobolt (2024), the fine-tuning data was
generated by prompting GPT-3.5 for automatic summaries. However, the associated Hugging Face Model
Card specifies the use of a more recent model, GPT-4, for summary generation. The generated summaries
are then qualitatively examined and slightly modified as necessary.

Evaluation and results: The model is not evaluated against a baseline and an F1 score is not reported.
It is mentioned by Dickson and Hobolt (2024) that the model output has been qualitatively checked.
Dickson (2023) points out that while the model is capable of identifying the primary issue in the political
text, it does not include the name of the political party in the response. It identifies the author of the text as
“the party” and summarizes the position as such (Dickson, 2023). In terms of access, transparency, and
engagement, the model is publicly available; the fine-tuning dataset is not. Its total number of downloads
at the time of reviewing is 7456.

50 Arabic, Dutch, German, Indonesian, Lithuanian, Portuguese, Thai, Bengali, Finnish, Greek, Japanese, Pashto, Russian,
Turkish, Chinese (simplified), French, Hebrew, Korean, Persian, Spanish, and Vietnamese.

5! A multi-step machine translation process, where the user input is translated into English, used to prompt the LLM of interest,
and the LLM-generated text is translated from English back into the language of the original prompt.

52 Evaluation script available at: Hugging Face (https:/huggingface.co/datasets/eci-io/climate-evaluation) and GitHub (https:
github.com/eci-io/climategpt-evaluation).

53 August 2025.

4 https://huggingface.co/datasets/abisee/cnn_dailymail.

= Ttaly, Sweden, Switzerland, The Netherlands, Germany, Denmark, Spain, United Kingdom, Austria, Poland, Ireland, France.
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4.3. Text classification

4.3.1. ClimateQA

The intended audience and use of ClimateQA’s (Luccioni et al., 2020) are analysts combing through
financial reports for climate change-related risks and liabilities. The model classifies paragraphs of a
report as potential answers to a pre-determined set of questions. Users of ClimateQA are not expected to
have substantial technical knowledge, as the model is integrated in a web application hosted on the
Microsoft Azure cloud solution; it is intended for them to interact with the model by uploading PDF files
for analysis and downloading an output file, in which passages pertaining to a set of 14 questions proposed
by the Task Force on Climate-Related Financial Disclosures (TCFD) are highlighted. Processing time is
between 5 and 15 minutes per report.

Model architecture, training, and data: ClimateQA is based on the architecture of ROBERTa-base, a
foundation model with 125M parameters.>® RoBERTa stands for “robustly optimized BERT approach™; it
is a language model seen as an improvement of the original Bidirectional Encoder Representations from
Transformers (BERT) model (Devlin et al., 2019), mostly in terms of being able to handle more data and
use better optimization strategies during training.

The foundation model is both pretrained on unlabelled data and fine-tuned on labelled data. For the
former, the authors scrape 2249 publicly available financial reports from the databases of the Electronic
Data Gathering, Analysis, and Retrieval system (EDGAR)>7 and the Global Reporting Initiative (GRI).>®
EDGAR has been created by the US Securities and Exchange Commission to enable corporate filings by
entities who are required to submit such forms under US legislation, while GRI is an international,
independent organization that “helps businesses, companies, and other organizations understand and
communicate their impact on issues such as climate change, human rights, and corruption” (Global
Reporting Initiative, 2024). The collected reports span a timeline of 10 years and are from publicly-traded
companies in the sectors: agriculture, food, and forests; energy; banks; transportation; insurance; and
materials and buildings.

The classification task is grounded by the set of 14 TCFD questions. Passages seen as appropriate
answers to the TCFD questions are labelled by a team of sustainability analysts. This results in a dataset of
question-answer pairs (QA dataset), with the question being one of the TCFD questions, and the answer
the portion of the text labelled as an answer by the human expert. Negative examples are generated by
pairing the remaining sentences with the questions. The labelled dataset has a train set of 15,000 negative
and 1,500 positive examples, a development set of 7,500 negative and 750 positive examples, and a test
set of 1,200 negative and 400 positive examples.

Evaluation and results: The model is evaluated by comparing the difference in performance between
the F1 scores ClimateQA achieves on the validation and the test QA data splits. They find that on average,
the F1 score achieved on the test data split is 9.7% lower than the F1 score achieved on the validation data
split. There are substantial differences in the model’s performance on data from different sectors, with the
best performance being observed in the sector Energy (F1 score on validation dataset higher by 4.4%
relative to that on test dataset), and the worst in the sector Materials and Buildings (24.2% validation-test
F1 score difference). The type of question also affects performance, with less-frequent questions, and
questions whose answers could be more diverse proving to pose the biggest challenge to the model. The
difference between the validation and the test score for each question is also provided.

Access, transparency, and engagement: The model is not publicly available, and at the time of
writing, it is also not accessible through the dedicated web application. The labelled dataset generated for
this study is not publicly available. While an official model card is not provided, the authors do elaborate
on the choice of a foundation model vis-a-vis training time and energy efficiency. It is indicated that the
model RoBERTa-base is selected over RoBERTa-large®® because in the training experiments, the

%6 FacebookAl/roberta-base.
57 https://www.sec.gov/edgar.shtml.
38 https://www.globalreporting.org/.
%9 FacebookAl/roberta-large.
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former’s training time was less than 5 hours on a 12GB GPU, as opposed to the latter, which needs almost
12 hours. The large model showed minor improvements in the F1 scores achieved on the validation and
test datasets. It is pointed out that longer training times translate into higher energy costs, which is another
factor in favour of choosing a smaller model.

4.3.2. ClimateBERT: a family of LMs for climate-relevant text classification

What started as four models pretrained on CC data (Webersinke et al., 2022) grew into a Hugging Face
repository which, at the time of writing, hosts four foundation models and nine fine-tuned classification
models for tasks involving CC texts, as well as 7 fine-tuning datasets. Information about models
belonging to this family is also available on a designated website.®® Unlike ClimateGPT, this family of
models is based on a PLM and mainly focuses on text classification tasks.°!

Intended use and audience: Models of the ClimateBERT family are intended for researchers using
NLP models to process CC texts, and are geared towards climate-related classification tasks on para-
graphs and sentences. Models supporting paragraph-level classification have been developed to classify
paragraphs as: (1) climate-related or not, (2) expressing a sentiment of opportunity, risk, or a neutral one,
(3) being specific or not specific about climate-related actions and intentions, (4) being about climate
commitments and actions or not, and (5) being related to climate-relevant recommendation categories in
the context of financial disclosure or not. The sentence-level classification models can detect (1) whethera
sentence is an environmental claim or not, (2) whether it contains content on transition and physical
climate risks or not, (3) whether it is about renewable energy or not, and (4) whether it is connected to net
zero and reduction targets or not.

Model architecture, training, and data: The initial ClimateBERT models, ClimateBERT;; Clima-
teBERTg, ClimateBERTp, and ClimateBERT . 5,%> were developed by conducting domain-adaptive
pretraining of the model DistilRoBERTa-base (Sanh et al., 2020), a distilled version of the model
RoBERTa (Liu et al., 2019).%* Knowledge distillation is a method where a smaller and simpler model
is trained to mimic the behaviour of a larger, more complex model. The goal is to develop a faster, more
efficient model that possesses similar functionalities to the larger model.

A large corpus of texts considered representative of general- and domain-specific climate-related
language, containing a total of 2,046,523 paragraphs, is compiled and used for domain-adaptive
pretraining. Of the total number of paragraphs, 1,025,412 (50.1% of all paragraphs) are news articles
on the topics of climate politics, climate actions, flood, and droughts retrieved from Refinitiv Workspace
and climate-related news articles crawled from the web, 530,819 (25.9%) are abstracts of scientific papers
published mainly between 2000 and 2019 and retrieved from the Web of Science, and 490,292 (23.9%)
are texts from corporate climate and sustainability reports of over 600 companies published between 2015
and 2020, retrieved from Refinitiv Workspace and from the respective companies’ websites. The authors
report the average length of paragraphs in each category: news-related paragraphs have a mean length of
56 words, abstracts 218 words, and corporate report paragraphs 65 words. As the size of the pretraining
corpus is not expressed in number of word-based tokens, using the average paragraph length for each
category and the number of paragraphs, I calculate an estimation of the training corpus size expressed as
number of words: the news corpus would have ca. 57 million words, the abstracts corpus would have
ca. 116 million words, and corporate reports would account for ca. 32 million words; in total, the domain-
specific pretraining corpus size is estimated at ca. 205 million words.

0 Found at: www.chatclimate.ai. The additional LM-supported system for analysing CC texts, hosted on the same website, is
discussed in Section 5.1.1.

81 While the foundation models of the ClimateBERT family are much smaller in size in terms of trainable parameters relative to
the models of the ClimateGPT family, the four foundation models are sometimes referred to as large language models.

2 HFH identifiers, in the same order: climatebert/distilroberta-base-climate-f, climatebert/distilroberta-base-climate-s, clima-
tebert/distilroberta-base-climate-d, climatebert/distilroberta-base-climate-d-s.

83 https://huggingface.co/docs/transformers/en/model_doc/roberta.
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The complete corpus is used in domain-adaptive pretraining of the model ClimateBERT = The models
ClimateBERTg, ClimateBERTp,, and ClimateBERT 5, g are trained on different portions of the corpus:
ClimateBERTy is trained on 70% of corpus samples most similar to samples of the planned text classification
task, ClimateBERT}, is trained on 70% of corpus samples most diverse to the samples of the planned text
classification task, and ClimateBERT p. s is trained on 70% of samples that have the highest composite score,
calculated by using the similarity and diversity metrics applied to the previous two cases and summing over
the scaled values. In addition, the vocabulary of DistilRoBERTa-base is extended by adding the 235 most
common tokens from the pretraining corpus to the model’s tokenizer, thereby allowing the model to learn
representations of frequently occurring terms in climate-related texts, such as CO,, emissions, temperature,
environmental, soil etc. The four foundation models are available for download from the HFH.* The models
will be referred to as ClimateBERT-DAPT (domain-adaptive pretrained) models hereinafter.

Finally, the four DAPT models are fine-tuned on three tasks: (1) text classification, where hand-
selected paragraphs from companies’ annual or sustainability reports are labelled as climate-related or not,
(2) sentiment analysis, where climate-related paragraphs are labelled as expressing a negative sentiment
of risk, positive sentiment of opportunity, or a neutral sentiment (sentiment analysis), and (3) fact-
checking, for which the Climate-FEVER dataset is used (Diggelmann et al., 2020).

Later works make use of, update, or create new fine-tuned versions of ClimateBERT  for paragraph-
level classification tasks (Bingler et al., 2022b, 2024) and sentence-level classification tasks (Stammbach
et al., 2022; Deng et al., 2023; Schimanski et al., 2023a), resulting in five and four new task-specific
models, respectively. The tasks, models, and the datasets used to train the model on paragraph- and
sentence-level classification tasks are given below. All datasets have a train and a test split, and some have
a development split, too. Train and development splits are used during model training and optimization,
and the test split is used for model evaluation.

Paragraph-level text classification. Details about the dataset creation and annotation procedure for the
training and testing data mentioned in items 1 to 5 are available in Webersinke et al. (2022) (1 and 2),
Bingler etal. (2024) (1, 2, 3, and 4), and Bingler et al. (2022b, 2024) (5). At the time of writing, all models
and datasets for paragraph-level text classification are available for download.

1. Classification of paragraphs as climate-related or not: climatebert/distilroberta-base-climate-
detector. The dataset consists of hand-selected paragraphs from companies’ annual or sustainability
reports and annotated with yes if they relate to climate, or o if they do not.®

2. Classification of climate-related paragraphs into the classes OPPORTUNITY, NEUTRAL, or
RISK: climatebert/distilroberta-base-climate-sentiment. The sentiment analysis dataset was devel-
oped by annotating paragraphs annotated with yes in dataset (1) as expressing a neutral sentiment, a
sentiment of opportunity or a sentiment of risk.°

3. Classification of paragraphs as either SPECIFIC or NON-SPECIFIC. A paragraph is specific if it
contains details about climate-related performance, action, or tangible and verifiable targets, and
non-specific if these features are missing: climatebert/distilroberta-base-climate-specificity. The
manually annotated paragraphs have been extracted from corporate reports.®’

4. Classification of paragraphs as being or not being about climate commitments and actions:
climatebert/distilroberta-base-climate-commitment. The paragraphs are extracted from compan-
ies’ annual reports.®®

5. Classification of climate-related paragraphs into four CC-related categories as defined by the Task
Force on Climate-Related Financial Disclosures (TCFD),° namely: governance, strategy, risk

 https://huggingface.co/climatebert.

95 https:/huggingface.co/datasets/climatebert/climate _detection.

% https://huggingface.co/datasets/climatebert/climate_sentiment.

%7 https:/huggingface.co/datasets/climatebert/climate_specificity.

%8 https://huggingface.co/datasets/climatebert/climate_commitments_actions.
 Currently disbanded; for more information visit https://www.fsb-tcfd.org/.
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management, and metrics and targets: climatebert/distilroberta-base-climate-tcfd. The dataset
consists of paragraphs extracted from reports issued by companies supporting TCFD reporting
guidelines and annotated as related to one of the four categories or not.”®

Sentence-level text classification. Details about the annotation and dataset design are available in
Stammbach et al. (2022) (item 1), Deng et al. (2023) (2 and 3), and Schimanski et al. (2023a) (4). The
datasets of items 1 and 4 are publicly available at the time of writing.

1. Classification of sentences as environmental claims or not. An environmental claim refers to the
practice of suggesting or creating an impression that a service or a product is either environmentally
friendly or not as damaging to the environment as competing goods:”! climatebert/environmental-
claims. The dataset contains sentences extracted from companies’ sustainability reports, earning
calls, and annual reports.’?

2. Classification of sentences as being related to transition or to physical climate risks or not:
climatebert/transition-physical. The dataset contains sentences extracted from earnings conference
call transcripts and manually annotated as related to the topics of transition and physical climate
exposure or not.

3. Classification of sentences as being related to renewable energy or not: climatebert/renewable. The
dataset contains the sentences of dataset (2) marked as related to transition, which are further
annotated as relating to renewable energy or not.

4. Classification of sentences as either being connected to emission net-zero or reduction targets or
not: climatebert/netzero-reduction. The sentences have been collected and annotated in collabor-
ation with the Net Zero Tracker project (Lang et al., 2023), which collects data from companies and
governments and attempts to measure how serious they are about cutting their net emissions to zero.
Sentences from previous climate-related projects are also added.”?

Models of the ClimateBERT-DAPT family have been fine-tuned in other contexts - for example, Garrido-
Merchan et al. (2023) fine-tune a model of this family to predict whether a sentence is climate-related or not
using the dataset ClimaText (see Section 4.1.1 for dataset details). While the authors do show that a
ClimateBERT-DAPT model that has been additionally fine-tuned on climate-relevant sentences outperforms
the baseline ClimateBERT-DAPT model, it is not clear which model of the ClimateBERT-DAPT group has
been fine-tuned and the resulting fine-tuned model has not been published.

Evaluation and results: The foundation models ClimateBERT , ClimateBERT g, ClimateBERT p, and
ClimateBERT p, g are compared against DistilRoBERTa on the downstream tasks of (1) text classification
(classify paragraphs as climate-related or not), (2) sentiment analysis (classify climate-related paragraphs
as expressing risk, opportunity, or being neutral), and (3) fact-checking. All models outperform the
baseline in terms of F1 score, with the highest F1 scores achieved by ClimateBERTy in task (1),
ClimateBERT - in task (2), and ClimateBERT . in task (3). The results are originally reported in
Webersinke et al. (2022) and aggregated in Table 2.

The performance on paragraph-level classification tasks is reported in the context of ClimateBERT ¢z,
an NLP methodology for calculating a “cheap talk index”. The index aims to measure the level of
superficiality in companies’ climate commitments (Bingler et al., 2024). There are four baseline scores
obtained from four machine learning and deep learning models: a Least Absolute Shrinkage and Selection

0 https://huggingface.co/datasets/climatebert/tcfd_recommendations.

! This definition has been obtained from an official document published by the European Commission titled “Guidance on the
implementation/application of Directive 2005/29/EC on unfair commercial practices”, available at https://enterprise.gov.ie/en/
legislation/legislation-files/european-commission-guidance-on-the-implementation-application-of-the-unfair-commercial-prac
tices-directive.pdf.

"2 https://huggingface.co/datasets/climatebert/environmental_claims.

73 https://huggingface.co/datasets/climatebert/netzero_reduction_data.
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Table 2. ClimateBERT baselines and performance (loss / F1). Validation means that loss has been
calculated for the validation dataset

Task: token Baseline (model
prediction +validation loss) ClimateBERT; ClimateBERTg ClimateBERT, ClimateBERTp, g
Predict randomly  DistilRoBERTa: 1.157 1.205 1.204 1.203

masked tokens in 2.238
domain-specific
texts

Task: paragraph ~ Baseline (model ClimateBERTz ClimateBERTg ClimateBERT,, ClimateBERT g

classification + F1 score)
climate-related DistilRoBERTa: 0.989 0.991 0.988 0.988
or not 0.986
sentiment DistilRoBERTa: 0.838 0.836 0.835 0.834
analysis 0.825
fact-checking DistilRoBERTa: 0.755 0.753 0.752 0.757
0.748

Table 3. Paragraph classification tasks: baseline models and F1 scores versus ClimateBERTy

Baseline F1
Classification: paragraph Baseline models scores ClimateBERT -
climatebert/distilroberta-base-climate-detector LASSO? 0.86 to 0.89 0.97

Naive Bayes 0.87
SVM + BoW 0.87
SVM + ELMo 0.89

climatebert/distilroberta-base-climate-sentiment LASSO 0.31t00.62 0.8
Naive Bayes 0.72
SVM + BoW 0.72
SVM + ELMo 0.75

climatebert/distilroberta-base-climate-specificity LASSO 0.55 to 0.67 0.77
Naive Bayes 0.75
SVM + BoW 0.75
SVM + ELMo 0.76

climatebert/distilroberta-base-climate-commitment LASSO 0.62 to 0.69 0.81
Naive Bayes 0.75
SVM + BoW 0.76
SVM + ELMo 0.79

Note: Details on the baseline models’ training can be found in Bingler et al. (2022a, 2024).
“LASSO stands for Least Absolute Shrinkage and Selection Operator, a type of machine learning model.

Operator (LASSO), a Naive Bayes classifier, a Support Vector Machine (SVM) with Bag-of-Words
(BoW), and an SVM with Embeddings from Language Model (ELMo). Based on the reported F1 scores,
ClimateBERT 77 outperforms all baseline models on the four tasks. Detailed evaluation information is
available in Table 3 and is based on the results reported in Bingler et al. (2022a, 2024).
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Table 4. Sentence classification tasks: baseline models and F1 scores versus fine-tuned ClimateBERTg
evaluated on the test data split

Classification: sentence Baseline models Baseline F1 scores ClimateBERT
climatebert/environmental-claims tf-idf SVM 0.82 0.87

DistilBERT 0.85

RoBERTabase 0.86

RoBERTalarge 0.91
climatebert/transition-physical n/a n/a 0.97
climatebert/renewable n/a n/a 0.96
climatebert/netzero-reduction DistilRoBERTa 0.94 0.96

RoBERTa-base 0.96

GPT-3.5-turbo 0.92

Note: There were many baseline models as points of comparison for climatebert/environmental-claims; this table only includes those with comparable
performance. For more details see Stammbach et al. (2022).

In terms of the fine-tuned models for sentence-level classification, climatebert/environmental-claims
is compared against SVM-based models and three Transformer models. On the train dataset, climatebert/
environmental-claims is outperformed by both RoBERTa-base and RoBERTa-large; on the development
dataset, it either outperforms or is on par with other Transformer-based models, and on the test dataset, it is
outperformed only by RoBERTa-large. For climatebert/renewable and climatebert/transition-physical,
Deng et al. (2023) report an F1 score of 0.96 and 0.97, respectively. Finally, Schimanski et al. (2023a)
report an F1 score of 0.962 for climatebert/netzero-reduction, which is higher than the F1 scores of
DistilRoBERTa and GPT-3.5-turbo, and very close to the score of RoBERTa-base, 0.958. These results
are summarized in Table 4.

Access, transparency, and engagement: The four ClimateBERT-DAPT and the nine fine-tuned
models, as well as most of the datasets used in fine-tuning the models on downstream tasks, are available
on HFH at the time of writing.” Transparency in terms of data collection, usage, and evaluation approach
is also preserved. Webersinke et al. (2022) include information about the carbon footprint of developing
the ClimateBERT-DAPT models, accompanied by a climate performance model card.

In terms of engagement, of the ClimateBERT-DAPT models, ClimateBERT has the highest number
of downloads (over 200 thousand); of the models for paragraph-level text classification, the model
climatebert/distilroberta-base-climate-detector has the highest number of downloads (nearly 1.4 mil-
lion), while climatebert/environmental-claims is the most popular LM among the sentence-level classi-
fication models (over 58 thousand downloads). Fine-tuned models for paragraph classification seem to be
more popular than sentence classification models. Table 5 gives information about the all-time downloads
of all models of the ClimateBERT family.

4.3.3. DARE

The BERT-based distillation and reinforcement ensemble model (DARE) designed by Xiang and Fujii
(2023) should show how a lighter, more efficient version of purely BERT-based models can be developed
for text classification tasks in a low-data setting. The model’s intended audience and use are stake-
holders interested in using a language model to analyse ambiguities of CC-related information for
sentiment analysis (risk, opportunity, neutral) and fact-checking, and do so with limited access to compute
power.

" https://huggingface.co/climatebert.
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Table 5. Number of all-time downloads for 13 models of the ClimateBERT family, in descending order
for each LM type

LM type/task LM name / HFH identifier No. of downloads
Foundation ClimateBERT 200437
ClimateBERT 3612
ClimateBERTp, ¢ 2776
ClimateBERTp, 1270
Paragraph classification climatebert/distilroberta-base-climate-detector 1389207
climatebert/distilroberta-base-climate-sentiment 476501
climatebert/distilroberta-base-climate-specificity 298495
climatebert/distilroberta-base-climate-commitment 189761
climatebert/distilroberta-base-climate-tcfd 92608
Sentence classification climatebert/environmental-claims 58673
climatebert/netzero-reduction 53921
climatebert/renewable 22169
climatebert/transition-physical 20840

Note: The count of downloads was retrieved in August 2025.

Model architecture, training, and data: In their choice of architecture, the DARE developers attempt
to address two concerns in model engineering and usage: (1) training and deployment of large language
models are resource-intensive in terms of compute power, and (2) developing fine-tuned models is a data-
intensive process. Concern (1) is addressed by combining knowledge distillation and domain adaptation.
As explained in Section 4.3.2, knowledge distillation is a method where a smaller and simpler model is
trained to mimic the behavior of a larger, more complex model. For DARE, the “teacher” model is an
encoder-only 12-layer BERTbase model, while the “student” model is a Bi-LSTM-Attention model.”>
Domain adaptation is the use of domain-specific text to adapt an existing model to a new target domain.
To address domain-specific data scarcity, Xiang and Fujii (2023) propose a new data augmentation
strategy, where a component titled Generator-Reinforcer Selector collaboration network is used to
replace nouns, verbs, adjectives, and adverbs in a sentence with suitable candidates. The Generator
proposes sentences with replaced words, while the Reinforced Selector chooses samples that truly
augment the data, rather than add noise to it.

The data used for domain-adaptive pretraining comprises scientific literature related to climate change
and health (Berrang-Ford etal., 202 1), published between 1 January 2013 and 9 April 2020, obtained from
the Web of Science Core Collection and Scopus. While Xiang and Fujii (2023) do not provide a pointer to
the data, it seems that part of it is publicly available as supplementary materials to work done by Berrang-
Ford et al. (2021).7 For sentiment analysis, the authors create a dataset of 1220 hand-selected paragraphs
extracted from the Web of Science records and another 1000 paragraphs from Scopus records, and,
similarly to the sentiment analysis dataset used in fine-tuning climatebert/distilroberta-base-climate-
sentiment, annotate the paragraphs as OPPORTUNITY (positive sentiment), RISK (negative sentiment),
and NEUTRAL, using the annotation software Prodigy.”” Finally, these datasets are augmented with the
Generator-Reinforcer Selector data augmentation strategy described above, which doubles the number of
records from 40,671 to 80,750. The latter is split in a train set of 60,560 records and a development set of

75 A machine learning architecture used for sequence modelling tasks combining two architectures: A bidirectional long short-
term memory (Bi-LSTM) neural network, which processes a sequence in both forward and backward direction, and an attention
mechanism, which allows the model to focus on specific parts of the sequence.

76 The data is available as an Excel document with information about 16078 academic documents, available at https://zenodo.org/
records/4972515.

" https://prodi.gy/.
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Table 6. Performance comparison of different models on sentiment analysis (F1) and fact-checking

(macro Fl)

Model F1, sentiment Macro F1, fact-checking
BERTDbase 0.931 0.791
BERTbase, domain pretrained 0.955 n/a
TinyBERT 0.870 n/a
RoBERTa n/a 0.712
DistillRoBERTa n/a 0.704
DistilBERT 0.899 n/a
ClimateBERT 0.875 0.729
CCLA-+Max-Pooling 0.829 n/a
Bi-LSTM-Attention 0.719 n/a
POS-Bi-LSTM-Attention 0.882 n/a
DARE 0.894 0.788

Note: The type of F1 score for the sentiment analysis task is not specified. This is a simplified representation of the results; for a detailed overview of
various experimental setups, see Xiang and Fujii (2023).

20,190 records. The authors do not clarify what the term “records” refers to and what the average number
of tokens per record is; therefore, it is not possible to estimate the number of tokens in the training corpus.
Neither the sentiment-annotated data nor the augmented data are publicly available.

Evaluation and results: Evaluation is conducted on two downstream tasks: sentiment analysis, using
the sentiment analysis dataset created as part of the study, and fact-checking, using the Climate-FEVER
dataset. The model’s performance is compared against eight other models: BERTbase and domain-
pretrained BERTbase (Devlin et al., 2019), TinyBERT (Jiao et al., 2020), DistilBERT (Sanh et al., 2020),
ClimateBERT (Webersinke et al., 2022), a coordinated Convolutional Neural Network-Long Short-Term
Memory (CNN-LSTM) attention + Max Pooling model (Zhang et al., 2019), a Bi-LSTM-Attention
model, and a POS-Bi-LSTM-Attention model. The latter two incorporate the same type of model as the
student model used in the knowledge distillation process described above (a Bi-LSTM-Attention model);
in the latter one, POS stands for part-of-speech, as the authors incorporate POS vectors, which are
believed to strengthen the sentiment connection and features in the sentiment analysis task.

On the sentiment analysis task, DARE’s accuracy and F1 score are lower than those of BERTbase, the
domain-pretrained BERTbase model, and DistiBERT. DARE comes second best in the fact-checking
task, being outperformed by BERTbase. The authors point out that although DARE is outperformed by
BERTbase and DistilBERT, the model still performs comparatively well, with a 50.65x and 12.66x
inference speed-up respectively, thereby offering substantial acceleration. Finally, the authors conduct an
ablation study and show that all building blocks of the DARE model positively contribute to its
performance. Table 6 provides an overview of DARE’s performance relative to other language models.

Access, transparency, and engagement: The model is not available either as a public or a proprietary
model. The sentiment analysis dataset and the augmented data have not been published. The authors give
a detailed report on the model parameter settings and mention that all experiments are conducted on a
single Nvidia 16 GB V100 GPU. The speed-up times are also recorded, which is of relevance given that
one of the study’s central goals is to provide a light-weight model.

4.4. Text classification and text generation

4.4.1. ClimateGPT-2

The model’s intended audience is policymakers, researchers, and climate activists, and its intended use
is to help them analyse large and complex climate-change-related collections of texts, by making use of
the model’s two main functionalities: claim (text) generation and fact-checking.
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Model architecture, training, and data: Vaghefi et al. (2022) initialize this model with weights from
GPT-2 (Radford et al., 2019). GPT-2 belongs to a family of generative pretrained Transformer-based
decoder-only models trained on general-domain corpora. The family contains models with 117M, 355M,
and 1.5B parameters. While Vaghefi et al. (2022) mention that GPT-2 comes in different sizes, the size of
the GPT-2 model that has been used in the study is not specified.

The dataset for domain-adaptive pretraining consists of 360,233 abstracts from papers on climate
change published by well-known scientists in the CC domain, whose names have been retrieved from a
list of CC scientists curated by Reuters.”® Once domain-adaptive pretraining is completed, the model is
fine-tuned on two tasks: (1) fact-checking, using the Climate-FEVER dataset (Diggelmann et al., 2020)
(see Section 4.1 for dataset information) and (2) text generation, where the model is tasked with generating
CC texts prompted with (a) a title only and (b) a title accompanied by a list of keywords.

Evaluation and results: The model’s performance is evaluated against that of GPT-2. In the fact-
checking task, where the model should correctly “decide” if an evidence sentence supports or refutes a
claim, an F1 score of 0.72 is reported, which is higher than GPT-2’s baseline score of 0.67. For text
generation, Vaghefi et al. (2022) report improved performance, reflected in a lower validation loss. The
authors also report that the model generates semantically coherent sentences and that the initial three
sentences of the model’s output are related to the title and/or the keywords.

Access, transparency, and engagement: The model is available in a public GitHub repository.”® The
collection of abstracts used to conduct the domain-specific pretraining is not available. In terms of model
evaluation, the authors do not elaborate what metrics for semantic coherence and relatendess of the
generated sentences to the keywords and title are being applied. The authors mention the GPU infra-
structure and time required for model training, but do not provide a model scorecard.

4.5. Domain-specific LMs: summary

Section 4 gave an overview of several domain-specific models available for analysing climate change
texts. Two groups of target audiences can be distinguished: researchers, scientists, climate activists, and
journalists on the one hand (ClimateGPT, ClimateGPT-2, DARE, BART-based summarization model),
and financial and corporate sustainability analysts on the other (ClimateBERT, ClimateQA). The model
architecture and design choices reflect the model’s intended use: text-generation and question-answering
models mostly rely on decoder-only architecture (ClimateGPT, ClimateGPT-2), classification models use
encoder-only architecture (ClimateBERT, ClimateQA, DARE), while text summarization models use
encoder-decoder architecture (BART-based summarization model).

The degree of improvement achieved by techniques for continued pretraining and/or fine-tuning can be
observed by comparing the performance of target models to that of baseline models: in ClimateGPT, a
considerable improvement is observed for ClimateGPT-7B on climate-change tasks (+8.6 relative to a
same-size Llama-2 model). ClimateBERT’s best-performing model is ClimateBERT- across next-token
prediction and text classification tasks. DARE’s slightly lower performance compared to its baseline
model is compensated for by faster inference time. Finally, Climate-GPT2 sees an improvement of 0.05
against its baseline model.

Since the model design techniques of this section are data- and compute-intensive, an interesting point
of comparison is the use of GPUs for the models discussed in the section. From Table 7 it is evident that
ClimateGPT’s design is the most resource-intensive, which is understandable given the size of the model
and the pretraining dataset. The other models are considerably smaller and require fewer resources. The
pretraining data for these models is mostly unavailable, while most of the training datasets for Clima-
teBERT’s classification models can be downloaded from the dedicated HFH repository (see Section 4.3.2
for more details).

78 https://www.reuters.com/investigates/special-report/climate-change-scientists-list/.
7 https://github.com/sacedashraf/climateGPT-2.
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Table 7. Model, model size, GPU type and time (in hours or days) for model training

Model Size GPU Time
ClimateGPT-7B 7B HPC cluster with 31 nodes, each with 8 157 GPU hours

Nvidia H100-SXM GPUs
ClimateGPT-13B 13B 301 GPU hours
ClimateGPT-70B 70B 2182 GPU hours
ClimateGPT-FSC-7B 7B 14,131 GPU hours
ClimateGPT-FSG-7B 7B 14,288 GPU hours
ClimateGPT (total) (Thulke et al., 2024) see above 31,059 (training) + 3685

(experiments) GPU hours.

ClimateBERT + 3 fine-tuned classification models 82.4M 2 x Nvidia RTX A5000 GPU 350 hours (all experiments), 48

(Webersinke et al., 2022)

climatebert/distilroberta-base-climate-detector (Webersinke 82.3M
et al., 2022; Bingler et al., 2024)

climatebert/distilroberta-base-climate-sentiment

82.3M

(Webersinke et al., 2022; Bingler et al., 2024)

climatebert/distilroberta-base-climate-specificity (Bingler

et al., 2024)

82.3M

climatebert/distilroberta-base-climate-commitment (Bingler 82.3M

etal., 2024)

climatebert/distilroberta-base-climate-tcfd (Bingler et al.,

2022b, 2024)

82.3M

climatebert/environmental-claims (Stammbach et al., 2022) 82.3M

climatebert/transition-physical (Deng et al., 2023) 82.3M
climatebert/renewable (Deng et al., 2023) 82.3M
climatebert/netzero-reduction (Schimanski et al., 2023a) 82.3M
ClimateGPT-2 (Vaghefi et al., 2022) 124M
DARE (Xiang and Fujii, 2023) 7.26M
ClimateQA* (Luccioni et al., 2020) 125M

1 x Nvidia RTX A5000 GPU

n/a

1 x Nvidia GeForce GTX 1080 Ti GPU

n/a

2 x Nvidia Gforce 2800 GPUs
Nvidia 16 GB V100
12 GB GPU

hours (final models)
n/a, possibly entailed in
ClimateBERT

not able to infer information

60 hours
n/a

3 days
n/a
ca. 5 hours

Note: GPU hours used only when explicitly stated. Size of ClimateBERT - and its related models reported as stated in HFH repositories; *size of ClimateQA inferred from its base model.
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5. General language models and external climate-relevant resources

The advent of more powerful LLMs trained on larger amounts of diversified data has led researchers to
turn to knowledge-guided NLP (Ignat et al., 2024). This approach does not involve creating LMs from
scratch, or continued pretraining or fine-tuning of existing open-source models, as was the case with
models discussed in Section 4. The focus here shifts on providing an existing LLM with an external source
of domain-specific information; this source continuously updates the LLM’s data to prevent it from
generating incorrect or outdated information (Vaghefi et al., 2023).

This section describes five LLM-based question-answering systems and one question-answering and
scoring system: ChatClimate (Vaghefietal., 2023), an LLM agent relying both on a database and a Google
search functionality (Kraus et al.,, 2023), My Climate Advisor (Nguyen et al., 2024), a system for
responsible question-answering developed by Climate Policy Radar (Juhasz et al., 2024), ChatNetZero
(Hsu et al., 2024), and CHATREPORT (Ni et al., 2023).

5.1. Question-answering

5.1.1. ChatClimate

Built on top of GPT-3.5 Turbo and GPT-4, ChatClimate is intended to answer climate questions by
drawing on factual information (Vaghefi etal., 2023). The system’s intended audience includes decision-
makers and anyone interested in obtaining trustworthy information on climate change.

System architecture and data: The decoder-only models GPT-3.5 Turbo and GPT-4, which power
the application, remain unchanged. To improve the quality of the generated answers, the authors rely on
(1) external long-term memory and (2) prompts. External long-term memory is built by parsing PDF files
of IPCC reports of the sixth assessment cycle into JSON files.®” The extracted text is then chunked into
smaller sizes using LangChain,®' a framework for building LLM-based applications, and embedded with
text-embedding-ada-002, an embedding model developed by OpenAl®? The vectors are then stored into a
vector database from which they can be retrieved.

Using prompts, the QA tool is guided whether to make use of: (1) GPT-4 only, (2) [IPCC ARG6 reports
only, an approach dubbed ChatClimate, which is configured to exclude the LLM’s in-house knowledge,
and (3) IPCC ARG6 reports and in-house GPT-4 knowledge, an approach dubbed Hybrid ChatClimate.

Evaluation and results: A set of 13 questions with five levels of difficulty is used to evaluate the
system. The difficulty levels and the number of questions per level are: very low (level 1)/1 question, low
(2)/1 question, medium (3)/4 questions, high (4)/4 questions, and very high (5)/3 questions.®* The
system’s answers are evaluated by experts, who give a score of 1 to 5 to the answers generated by
each augmented retrieval method, with 1 being the lowest and 5 the highest score. It is observed that
ChatClimate, which is instructed not to take into account the in-house knowledge of the model, tends to
hallucinate®* less than GPT-4 and Hybrid ChatClimate. Each system version’s answer to questions Q3

80 Later iterations of the experiment include reports from the World Meteorological Organization (WMO), alongside more IPCC
reports. The IPCC (a) and WMO (b) reports used in the study include: (a): Summary for Policymakers from each of the Working
Groups (I, 11, I1I): 3 PDF files; All chapters (Working Group I: Chapters 1-12, Working Group II: Chapters 1-18, Cross-Chapters 1—
12, Working Group III: Chapters 1-17) and technical summaries from each of the three working groups (https://www.ipcc.ch/report/
ar6/wgl, https://www.ipcc.ch/report/ar6/wg2, https://www.ipcc.ch/report/ar6/wg3): 3 PDF files; The IPCC Synthesis Report 2023:
1 PDF file. (b): 2022 State of Climate Services: Energy (WMO No. 130): 1 PDF file; WMO Global Annual to Decadal Climate
Update 2023-2027: 1 PDF file; State of the Climate in Asia 2022 (WMO No. 1321): 1 PDF file; State of the Climate in South-West
Pacific 2021 (WMO No. 1302): 1 PDF file; State of the Climate in Africa 2021 (WMO No. 1300): 1 PDF file.

81 https://github.com/langchain-ai/langchain.

82 As mentioned before, “embedding” is a process of converting data, such as text, into numerical representations i.e. vectors. The
vectors can then be used to find paragraphs of the text that are similar to a query using a similarity metric.

8 An example of an easy question is: What does overshoot mean? A question on a level 5 difficulty is: Wil glaciers in Scotland
melt?

8 A type of error identified in the output of generative LMs, which refers to generated content that is unsensical or unfaithful to
the provided source content (Ji et al., 2023).
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Table 8. Average response accuracy score for each system on a total of 11 questions (responses to
questions 1 and 2 are not available)

Difficulty level No. of questions Hybrid ChatClimate ChatClimate GPT-4
1 1 5 5 2
2 1 4 4 4
3 2 5 4 3
4 4 4.25 4.25 2.5
5 3 3.67 4 2

to Q13 is available in the supplementary materials to the paper.®> To facilitate comparability between
the three models, I summarized the contents of the evaluation report in Table 8. The authors acknow-
ledge that a more comprehensive evaluation is needed to evaluate the system’s responses, alongside a
fact-checking step.

Access and transparency: ChatClimate is available as a web service,®® where users can choose
between GPT-3.5 Turbo and GPT-4, used in two modes: stand-alone and hybrid. In terms of transparency,
at the time of writing, there is no official disclosure about the data that powered the training of OpenAl’s
GPT-3.5 Turbo and GPT-4 models. The documents used to curb the models’ hallucination and to
overcome the limitation of outdated data are publicly available as PDF files; the parsed data that has
been used for system development is not accessible. The code to reproduce the ChatClimate system is
published on GitHub.®”

5.1.2. LLM CC agent: a prototype

LLM agents are systems that are built on top of an LLM, which acts as an “agent” performing various
tasks, such as data analysis or web browsing. Kraus et al. (2023) present a prototype system whose
intended use is to serve as a question-answering system that has access to recent and precise information
on the topic of climate change, and the intended audience is perceived to be organizations, institutions,
and companies interested in obtaining such information.

System architecture and data: The backbone of the LLM agent is OpenAl’s model fext-davinci-003,
which is a decoder-only model. The system is built in the LangChain environment and utilizes a ReAct
framework (Yao et al., 2022).%® The resulting LLM agent should be able to interact with structured data,
such as data stored in tables (pandas dataframes in Python), and, if necessary, conduct a simple Google
search and retrieve additional information.

The system is guided with the help ofa prompt to (1) read the question asked by the user, (2) think about
what it should do, (3) describe what type of action the LLM agent should undertake, (4) specify the input
to the action, and (5) present the result of the action. The five sections in the prompt are called: Question,
Thought, Action, Action Input, and Observation. Finally, the system is requested to perform a Google
search only if it cannot find relevant information in the data from Climate Watch, an online platform
aggregating various climate-change-related datasets.®”

Evaluation and results: The LLM agent is asked two questions (Q1 & Q2): Q1, What is the average
emission of Italy between 2010 and 2015?, whose answer requires the use of one data source, and Q2,

85 Available at: https:/www.nature.com/articles/s43247-023-01084-x.

86 https://www.chatclimate.ai/.

87 https://github.com/sacedashraf/chatipcc.

8 ReAct stands for Reasoning and Acting and it is a way of integrating “reasoning” capabilities with “acting” or “decision-
making” capabilities in an LLM. The authors use the term “capability” to describe a model’s functionality for multi-step processing,
where a model can break up a task into smaller, consecutive tasks in an attempt to generate a more accurate response.

8 https://www.climatewatchdata.org/.
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Which European country has the most ambitious net zero plans? How did the emissions of this country
develop over the last 10 years? Remember only to include single countries., whose answer requires the use
of combined data sources. The LLM agent is reported to have successfully retrieved the relevant data and
calculated the emissions of CO, in Italy between 2010 and 2015; for Q2, the LLM agent is reported to
have successfully retrieved the additional data by performing a Google search. No additional evaluation
steps are reported.

Access and transparency: The LLM that serves as a backbone to the tool is OpenAl’s text-davinci-
003, which at the moment of writing is a deprecated model. Data used as a source for the system to
generate an answer to the user question is provided by Climate Watch and is described as publicly
available. It is not clear whether the tool that allows the system to browse through the data obtained from
Climate Watch is open-source. The other library used to augment the system’s functionalities, Google
Serper,” is a proprietary API which offers new users a limited number of free queries. The prototype
presented in the paper is not publicly available. The authors express awareness of the carbon footprint of
LLMs, both in the context of training and inference, and point out that further research must ensure that the
benefits of using LLMs are not outweighed by the environmental cost.

5.1.3. My Climate Advisor

Nguyen et al. (2024) develop a RAG-based question-answering system whose intended use and
audience is to assist farmers and farm advisors gain access to information from scientific papers, grey
literature, and climate projection data. The focus is on Australia as a geographical region, and the goal is to
help farmers improve their resilience to the effects of climate change.

System architecture and data: The RAG database is built by drawing on three sources of
information. The first addresses general-purpose agriculture questions. It is a corpus of 1.36 million
articles obtained from the Semantic Scholar Open Research Corpus (S20RC) using the labels
“Agricultural and Food Sciences” and “Environmental Science”. The second source addresses climate
adaptation issues, and the dataset for it is a 126,000-article corpus obtained from the top 100 highest-
impact agriculture journals and from the scientific publisher Elsevier. Finally, the third source targets
climate issues specific to Australia and relies on an expert-curated corpus of climate risk information,
books, and industry reports, with a total of 28 documents. The corpus size is reported in gigabytes,
number of documents, and number of chunks, where each chunk is approximately 400 tokens long. As
per this information, the corpus might have approximately 12.3B tokens.’' The RAG database is used
with the model Llama-3-8B as a backbone.

Evaluation and results: The output of the system is compared against 11 models across seven criteria:
context, structure, language, specificity, comprehensiveness, accuracy, and citation. The models against
which the system is compared are: GPT-4 Turbo, Llama-3-70B, Claude 3 Opus, Gemini 1.5 Pro, Llama-3-
8B, Claude 3 Haiku, Mistral-7B, Gemini 1.0 Pro, GPT-3.5 Turbo, Llama-3-70B+RAG, and Mistral-7B
+RAG. The evaluation is performed by two human experts, a climate scientist and an agronomist, who
score the systems’ answers to a set of 15 questions about the Australian climate change impacts and
adaptation. The questions had been developed in consultation with climate risk and adaptation experts.
The scores range between 0 and 4, and an average score is calculated from the scores on the seven criteria.
The results reveal that GPT-4 Turbo has the highest score on 6 of 8 categories, and that Llama-3-8B +
RAG scores higher only on the criterion citation. However, the inter-annotator agreement is rather low,
and preference for GPT-4 Turbo and Llama-3-70B is observed.

Access and transparency: The dataset used for the database is not publicly available at the time of
writing. The developed system is also not publicly available at the time of writing, but the authors promise
to publish it in the future.

90 https://serpapi.com/.
° Based on the choice of tool (https://crates.io/crates/text-splitter), these are likely subword-based rather than word-based
tokens.

https://doi.org/10.1017/eds.2025.10024 Published online by Cambridge University Press


https://serpapi.com/
https://crates.io/crates/text-splitter
https://doi.org/10.1017/eds.2025.10024

Environmental Data Science e51-25

5.1.4. Climate policy radar: responsible question-answering

Juhasz et al. (2024) present a RAG-supported system, ultimately to be hosted by Climate Policy Radar
(CPR), whose intended use is to improve accessibility to information contained in documents on climate
law and policy. The intended audience includes policymakers, analysts, academics, and any profes-
sionals who read climate policy and law documents as part of their job.

System architecture and data: The authors emphasize the importance of evaluation and user
experience (UX) considerations in the system design. The system developed in this study has four
components, of which the first and fourth components serve as guardrails against malicious content
entered either by the user or generated by the LM. Sandwiched between them are an information retrieval
component and an answer synthesis component, both of which are thoroughly evaluated. Models used as
a backbone in the generation experiment include Llama-3.1-70B Instruct, Llama-3.1-8B Instruct, Gemini
1.5 Flash, and ClimateGPT-7B.

The dataset comprises a sample of 550 documents sourced from CPR’s database of national laws and
policies and from submissions from the United Nations Framework Convention on Climate Change
(UNFCCC). The sample of texts is distributed equally across World Bank Regions. For the evaluation
portion that focuses on adherence to CPR’s policy standards for generation of content, the sample is
complemented with documents published by the International Energy Agency (IEA), the International
Atomic Energy Agency (IAEA), the Organization for Security and Co-operation in Europe (OSCE), and
the World Meteorological Organization (WMO).

Evaluation and results: This study focuses on creating an evaluation pipeline that integrates human
annotations and LLMs-as-a-judge. The comprehensive evaluation is done along two main tracks:
(1) retrieval of the most relevant passages from the source documents, and (2) generation of answers
that meet a set of criteria, which include: alignment with the CPR generation policy, faithfulness,”>
formatting, and system-response.

For the evaluation under (1), Juhasz et al. (2024) have human annotators mark passages as relevant or
not to 194 synthetic questions and use the annotations to deploy an automated solution using LLM-as-
a-judge with GPT-40. The human evaluators pinpoint several problems when assessing retrieved passages
as relevant, namely: a passage that “signalled” the possibility of a relevant passage nearby would be
marked as relevant; imprecise language in the passage makes it difficult to assess its level of usefulness;
and document metadata is at times necessary to respond to a query. A separate human-annotated dataset is
created to measure the degree to which the models can generate an answer in line with CPR’s generation
policy. To this end, 16 domain experts from several national governments and international organizations,
including the United Nations (UN), the International Renewable Energy Agency (IRENA) and WMO,
participate in a 3-week annotation sprint to annotate generated data related to 800 documents.

The system’s generation is also assessed across three prompt templates: a basic task explanation, a
prompt steering the system towards an “educative” response, and a Chain-of-Thought (CoT) prompt.
These are populated with non-adversarial queries, which are sourced from user interviews, and adversarial
queries, whose purpose is to “nudge” the system towards generating an answer that violates the guardrails
or the prompt instructions.

The aggregated results across the prompt types and evaluation levels show that a basic prompt seems to
work best for faithfulness and adherence to CPR policy, while a prompt for an educative response results
in the system observing the formatting requirements. The models seem to successfully identify adversarial
queries, as 6.4% to 15% of the no-response cases are related to this type of query. It is found that violations
of the CPR generation policy are concerning, especially given that the end-use of such systems is a user-
facing scenario. In addition, during the annotation sprint, it is found that policy violations correlate with
violations of faithfulness and that violations of formatting, which include missing or non-existing
citations, coincide with hallucinations.

2 A type of hallucination error where the model diverges from the provided context.
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In terms of access and transparency, the prompts, the methodology, and the evaluation datasets are
publicly available.”?

5.1.5. ChatNetZero

Hsu et al. (2024) acknowledge that LLM-powered chatbots, such as Google’s Gemini (Team et al., 2023)
or OpenAl’s ChatGPT (OpenAl, 2022), have become the first point of contact for many when conducting
initial research on a topic. While the intended audience of ChatNetZero is not narrowly defined, the
intended use of the system is to serve as a question-answering platform for climate policy-specific
information, with a special focus on net-zero texts. The authors collaborate with experts on two occasions:
(1) to develop the dataset that serves as a basis for the RAG component, and (2) to evaluate ChatNetZero’s
output.

System architecture and data: The database is built from the following documents: a report titled
“Integrity Matters: Net Zero Commitments by Businesses, Financial Institutions, Cities and Regions” by
the United Nations High-Level Expert Group (HLEG) (HLEG, 2022), the Net Zero Tracker database”*
and the Net Zero Stocktake reports (Net Zero Tracker, 2022, 2023), and the Corporate Climate
Responsibility Monitor Reports published by the NewClimate Institute”> (New Climate Institute,
2022, 2023). In addition to the database, ChatNetZero has a module for query processing, as well as
anti-hallucination, reference, and enhanced analytical capabilities modules. Query processing involves a
pre-processing step for identification of all actors®® in the query, and ensuring that the retrieved passages
from the database refer to the identified actor. The anti-hallucination module is used to post-process the
LLM+RAG output and verify that each generated sentence can be traced to the original passage from the
dataset.”” The reference module adds a reference based on the text passage’s ID. Finally, the enhanced
analytical capabilities module restructures tabular source data into natural sentences for easier retrieval.
The authors also include the system prompt sent to GPT-4 Turbo, which seems to be the backbone LLM.

Evaluation is performed (1) by checking the factuality of generated answers and (2) by having ten
climate scientists and policy experts score answers to 12 questions on a scale of 1 to 5 across three
dimensions: quality, factual accuracy, and relevance. To be considered factually accurate in the sense of
(1), the system’s response would have to contain the exact factual information from the reference material,
including figures. On (1), the system outperforms ChatClimate (Vaghefi et al., 2023), GPT-4 Turbo,
Gemini 1.0 Ultra, and Coral with Web Search (Cohere, 2023). However, in the evaluation by experts,
ChatNetZero receives the lowest ranking among the LLMs, which is thought to be a consequence of its
answers being shorter in length compared to those of the other models.

Access and transparency: The system is available online at the time of writing.”® The generated
answers that were used to conduct the evaluation are also available online.””

5.2. Question-answering and scoring

5.2.1. CHATREPORT

Ni et al. (2023) develop a system whose intended use is assisting the analysis of sustainability reports by
calculating (1) areport’s conformity score (on a scale from 0 to 100) to the reporting guidelines developed
by the Task Force on Climate-Related Financial Disclosures (TCFD) and (2) an option for user-defined
analysis with question-answering. Its intended audience includes policymakers, investors, and the
general public.

% https://huggingface.co/ClimatePolicyRadar.

94 https://zerotracker.net/.

% https://newclimate.org/.

96 Possibly named entities.

°7 This is done by embedding each generated sentence and comparing it against selected chunks of the RAG module to verify the
sentence’s origin.

98 https://chatnetzero.ai/.

% https://dataverse.unc.edu/dataset. xhtml?persistentld=doi:10.15139/S3/VZYKID.
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Ni et al. (2023) use OpenAl’s model text-embedding-ada-002 to retrieve text embeddings, and
ChatGPT and GPT-4 as backbone models for summarization and question-answering tasks. CHATRE-
PORT’s architecture includes the following elements: chunking and embedding a target report, gener-
ating a summary of the target report grounded in TCFD questions, calculating a TCFD adherence score,
and a question-answering module. To combat hallucinations, the authors make the model’s answer
traceable (similarly to Thulke et al. (2024) and Hsu et al. (2024)) by assigning numbers to the source
texts. Domain experts are utilized in an iterative process to craft prompts for summarization and question-
answering: when a model generates an output based on a prompt, an expert provides feedback on the
output. This feedback is then integrated into the prompt.

The system’s success in retrieving the correct text passage for an answer and not hallucinating in the
generated text is evaluated by (1) sampling 10 sustainability reports with 110 question-answer pairs, and
(2) having two different annotators label the system’s answers as containing hallucinations or not.
Hallucination is defined in terms of content, where all generated content needs to be traceable to the
source data, and source, where the model needs to retrieve the correct references (dubbed “honesty”). !0
ChatGPT outperforms GPT-4 on this task with an “honesty” rate of 86.63%, as opposed to 51.5%.
However, the inter-annotator agreement, measured as Cohen’s Kappa score, between the two annotators
on this task is 0.54 for ChatGPT and 0.21 for GPT-4, indicating that identifying hallucination is not an easy
feat. The authors believe that the higher inter-annotator agreement for ChatGPT might indicate that it is
easier to recognize this phenomenon in ChatGPT’s answers.

In terms of access and transparency, the annotated data and code are published on GitHub,'°! while
the system itself is available in a web interface. The usage of the system is also explained in a video
available on YouTube.'%> The collection of corporate sustainability reports has not been published, and
there is no information about the total cost of the API calls for this experiment.

5.3. General-purpose LMs: Summary

Section 5 discussed several studies where out-of-the-box LLMs are used with external sources in a
question-answering scenario. The overarching intended use of these models is to reduce the time
researchers, decision-makers, and policy analysts need to analyse large collections of data. An interesting
outlier is the system My Climate Advisor, which specifically targets farmers from a given geographic
region (Australia).

There are various techniques that the studies use to overcome data deficiencies and hallucinations in
LLMs: from web browsing and access to databases with data structured in tables (LLM CC agent), to
custom-made databases (ChatClimate, My Climate Advisor, Climate Policy Radar’s system, ChatNet-
Zero), as well as processing a target document in real time and using it as a source for generating answers
(CHATREPORT). ChatClimate and the LLM CC agent focus on providing answers to general CC
questions; the remaining QA systems seem to narrow down their domain to agriculture and climate
change (My Climate Advisor), climate policies and laws (Climate Policy Radar), net zero carbon
emissions (ChatNetZero), and corporate adherence to TCFD reporting guidelines (CHATREPORT).

There is a great variety of evaluation approaches to assess the quality of the generated answers. In some
instances, experts score a model’s output based on their own knowledge; in others, they cross-check if the
model’s output is grounded in a passage of the documents the model is expected to use. In addition to
having experts assess models’ output, Climate Policy Radar also creates annotated datasets and uses these
as resources in an LL.M-as-a-judge scenario. The number of experts can be two (My Climate Advisor,
CHATREPORT), ten (ChatNetZero), or sixteen (Climate Policy Radar). Scoring methods differ across
studies, with scores ranging from —2 to 2 (ClimateGPT), 0 to 4 (My Climate Advisor), 1 to 5 (ChatCli-
mate), to annotating whether the generated answer contains hallucinations or not (CHATREPORT).

100 A third annotator is involved to decide on disagreements.
191 https://github.com/EdisonNi-hku/chatreport.
192 https://www.youtube.com/watch?v=Q5AzaKzPE4Mt=15sab_channel=JingweiNi.
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Table 9. Relative performance of question-answering (QA) systems (LLM+RAG)

QA system Compared against Backbone model(s)  Better than Worse than
ClimateGPT-FSC-7B  ClimateGPT-70B, ClimateGPT-  trained from scratch None ClimateGPT-70B,
(Thulke et al., 7B ClimateGPT-7B
2024)
ClimateGPT-7B ClimateGPT-FSC-7B, Llama-2-7B ClimateGPT-FSC-7B ClimateGPT-70B
(Thulke et al., ClimateGPT-70B
2024)
ClimateGPT-70B ClimateGPT-FSC-7B, Llama-2-70B ClimateGPT-FSC-7B, None
(Thulke et al., ClimateGPT-7B ClimateGPT-7B
2024)
ChatClimate (Vaghefi ~ GPT-4, Hybrid ChatClimate GPT-3.5 Turbo, GPT-4, Hybrid ChatClimate None
etal., 2023) GPT-4
LLM CC agent: a None, human evaluation text-davinci-003 n/a n/a
prototype (Kraus (scoring) of generated (OpenAl)
etal., 2023) answers
My Climate Advisor:  GPT-4 Turbo, Llama-3-70B, Llama-3-8B Llama3-8B, Mistral-7B+RAG,  GPT-4 Turbo,
Llama3-8B + RAG Claude 3 Opus, Gemini 1.5 Claude 3 Haiku, Mistral-7B, Llama-3-70B,
(Nguyen et al., Pro, Llama-3-8B, Claude 3 Llama-3-70B+RAG, Gemini Claude 3 Opus
2024) Haiku, Mistral-7B, Gemini 1.0 Pro, GPT-3.5 Turbo,
1.0 Pro, GPT-3.5 Turbo, Gemini 1.5 Pro'®

Llama-3-70B + RAG,
Mistral-7B + RAG

ChatNetZero (Hsu ChatClimate, GPT-4, Gemini, GPT-4 Turbo None ChatClimate, GPT-
et al., 2024) Coral 4, Gemini, Coral
CHATREPORT (Ni RAG systems compared against ~ ChatGPT, GPT-4 ChatGPT+RAG outperforms n/a
etal., 2023) each other GPT-4+RAG

Note: The table serves only as an overview of the scope of comparison. as there is no unified procedure for human evaluation, comparability between
different QA systems is limited to the individual projects.

Climate Policy Radar’s evaluation strategy (Juhasz et al., 2024) seems to have the most comprehensive
design, simultaneously placing importance on factuality, user experience, and adherence to predeter-
mined standards for generated texts.

While efforts to manually evaluate models’ output provide some insights into the quality of their work, the
lack of standardized evaluation guidelines, alongside the inherent subjectivity this type of evaluation entails,
renders any comparison across different systems impossible. Nevertheless, to give an overview of the models
these systems were compared against, and how they performed in this comparison, Table 9 summarizes the
relative performance of QA systems (as judged by human evaluators) reported in each study. The table also
includes the domain-specific QA system using ClimateGPT (Thulke et al., 2024).

6. Other relevant models and research topics

Sections 4 and 5 presented domain-specific LMs and systems powered by general-purpose LLMs
designed for climate change tasks. This section should serve as a catch-all and briefly mention other
relevant LMs and LM-powered applications for analysing climate change texts. In addition to briefly
mentioning other relevant models, systems that focus specifically on fact-checking and models that have
been developed for scientific tasks and deployed in a climate change context are also mentioned.

6.1. Additional relevant projects

With some LMs and LM-based systems, climate change is analyzed in the context of broader topics, such
as environmental, social, and governance (ESG) information (ESGBert by Mehra et al. (2022)), climate
health effects (CliMedBERT by Jalalzadeh Fard et al. (2022)), financial information in combination with

193 Equal performance.
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ESG information (FinBERT by Huang et al. (2023)), as well as a set of LMs that can classify
environmental, social, and governance information individually (Schimanski et al., 2024b), models that
classify sentences as related or not related to the topics of water, forest, biodiversity, and nature
(Schimanski et al., 2023b), a RAG-based system that detects sustainable development goals in environ-
mental reports (Garigliotti, 2024), as well as using Al to assess the environmental impact of a company as
reported in company reports (Colesanti Senni et al., 2024).

6.2. Fact checking and claim detection

Environmental claim detection was briefly mentioned in Section 4.3 and in the overview of work done by
Stammbach et al. (2022). Other works that are along the lines of environmental claim detection and fact
checking include the EnClaim BERT-based classifier (Saha et al., 2024), and Climinator (Leippold et al.,
2025), which is an LLM-supported system for automated fact-checking of climate change claims.

6.3. Benchmarking datasets

There are some efforts to improve and bring structure to the landscape of evaluation datasets. In addition to
ClimaBench (Spokoyny et al., 2023), discussed in Section 4.1.1, other relevant work in this area that has
not been mentioned in this survey yet includes that by Schimanski et al. (2024a), who released a dataset of
8.5K question-source-answer pairs, as well as Kurfali et al. (2025), who aggregated climate-relevant
benchmarks for NLP research.

6.4. Other models and projects

INDUS Bhattacharjee et al. (2024) present a family of models trained on a large scientific corpus and
applied, among other downstream tasks, to the task of named entity recognition (NER) for climate-
specific named entities. This study is significant because it presents the first NER dataset developed
exclusively for scientific literature on climate change.

Project Gaia This is an LLM-powered application developed by the Bank for International Settlements
(BIS), together with the Bank of Spain, the Deutsche Bundesbank, and the European Central Bank.'%* Tt
should assist analysts of climate-related risks in the financial system to automatically extract climate-
related indicators from publicly available corporate reports.

7. Conclusions and future work
7.1. General summary

This paper reviews research done at the intersection of language models and climate change, with an
emphasis on approaches to developing LMs and LM-based systems for text-based processing and
analysis of climate data. It summarizes studies on the deployment of language models for climate change
use-cases by analysing LMs and LM-based systems at four levels: (1) intended use and audience,
(2) architecture, training, and data, (3) evaluation and results, and (4) access, transparency, and engage-
ment. The study presents 22 LMs adapted for climate change data, 6 LM-based systems for analysing
climate change documents, and several other possibly relevant LMs, LM blueprints, and LM-based
projects. Appendix A provides a summary of the main findings presented in Sections 4, 5, and 6
(Tables A1, A2 and A3 in Appendix A).

The two main functionalities of the presented LMs and LM-based systems are: (1) text generation, in
the form of question-answering, summarization, and generation of texts, and (2) text classification, where
the model or the model-based system is expected to assign the correct label from a limited number of
labels to a paragraph or a sentence (for example, if the paragraph or a sentence is about climate change or
not), or to classify a paragraph as a potential answer to a question. Twelve of the LMs and LM-based

104 https://www.bis.org/about/bisih/topics/suptech _regtech/gaia.htm.
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systems are dedicated to tasks under (1), fifteen to (2), and one model (ClimateGPT-2) has been developed
for both task groups.

A large portion of the data used to enhance a model’s memory with CC-relevant information stems from
domain-relevant news, scientific publications, and publicly available reports published by institutions such as
the Intergovernmental Panel on Climate Change (IPCC) and the World Meteorological Organization
(WMO). 1t is noticeable that the developers of ClimateGPT, ClimateBERT, and ChatClimate have made a
substantial effort to report on the data used in creating the LM or LM-based system, and in most instances
provide comprehensive descriptions of the corpora used in domain-adaptive pretraining efforts.

A substantial portion of the presented LMs and LM-based systems have been developed for more
narrowly defined downstream classification tasks concerning the analysis of sustainability, financial,
and annual reports issued by companies. Meanwhile, models of the ClimateGPT family are expected to be
able to answer questions from a broader span of topics; this might be the reason why models of this family
have a wide range of professional profiles listed as their intended audience. There is a substantial overlap,
implicit or explicit, in the target audiences for reviewed models, with decision- and policymakers being
frequently described as professionals who would benefit from NLP-supported data processing.
Researchers and anyone analysing corporate reports are also an important target group. An interesting
outlier to this trend is farmers and farming consultants, the target audience of My Climate Advisor
(Nguyen et al., 2024).

There also seems to be awareness of the importance of human evaluation when developing these
systems, with many of the LMs and LM-based systems having undergone some form of human evaluation,
either by experts giving scores on a model’s output, or by experts analysing the model’s performance and its
implications within a broader task. However, manual evaluation does not automatically translate into
comparability between models and systems. As mentioned in Section 5.3, the number of experts evaluating
models’ output can range between two and sixteen. The studies apply various evaluation approaches and
scores. It has been noted by Nguyen et al. (2024) that inter-annotator agreement can also be a problem, and
can occur even when the annotators had been involved in designing the evaluation study. For these reasons,
reports on models’ performance based on human evaluation should only be interpreted in the context in
which the human evaluation took place. In the future, it would be helpful if information about the annotators’
field of expertise and the inter-annotator agreement were consistently reported.

In terms of accessibility, 24 of the LMs can be downloaded either from the HFH or GitLab; 11 can
(also) be accessed through a web interface, and only 3 are inaccessible at the time of writing. The number
of all-time downloads enables comparison of the popularity of models within a model family. Although
this number is dynamic, a clear trend of preferences can be noticed. For models of the ClimateGPT family,
ClimateGPT-7B has by far the highest number of all-time downloads, possibly disclosing a preference for
smaller models that might be more accessible to the research community. In the ClimateBERT family of
models, the foundation model pretrained on all data, ClimateBERT; is clearly the most popular one,
presumably because the wide range of data it has been exposed to allows for better adaptation to
downstream tasks. In terms of paragraph classification, there is an obvious interest to detect whether a
paragraph is climate-related or not, with climatebert/distilroberta-base-climate-detector topping the
charts. Finally, for sentence-level annotations, the model trained on classifying sentences as environ-
mental claims or not appears to be the most popular one.

The tables in Appendix A provide a chance to explore the timeline in which these LMs and LM-based
models were published. All LMs and LM-based systems presented in this paper have been published
between 2020 and 2025. Text classification was a heavily researched task between 2020 and 2023, while
text generation tasks, including question-answering and summarization, have gained more prominence
between 2022 and 2025.

7.2. Findings and future research

This section elaborates on important findings resulting from the survey and highlights possible research
directions that could help to address some of the challenges encountered during the research. These
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aspects are discussed across four topics: data transparency; evaluation and comparability; intended use
and accessibility; and lifecycle, uptake, and carbon footprint.

Data transparency. When comparing the LMs described in Sections 4 and 5, inconsistencies were
noticed in the way in which the size of datasets used for model pretraining, fine-tuning, and RAG-based
augmentation is reported. For example, Thulke et al. (2024) follow current conventions and express data
size in number of tokens; Webersinke et al. (2022) report the number of paragraphs and average number of
tokens per paragraph and per data source, which allows for calculating an approximate corpus size; Xiang
and Fujii (2023) express data size in records and paragraphs, but do not specify what record stands for; in
Vaghefi et al. (2022), data size is expressed as the number of abstracts. In the future, it would be helpful if
developers of climate-adapted LMs followed a uniform method of reporting data size, which would allow
for more streamlined comparison of the size of corpora used for domain adaptation.

Large text corpora are the backbone of the LMs discussed in this paper. However, limited information
is provided on the contents of corpora used for pretraining and continuous training, and the steps that have
been taken to ensure the quality of the text collections. In most instances, not even a basic statistical
description of the corpora is provided. While it is understandable that copyright and intellectual property
considerations restrict the publication of corpora, there have been initiatives that propose ways of
providing information about training data without granting access to or publishing it. One such example
is the platform “What’s In My Big Data” (WIMBD), proposed by Elazar et al. (2023),'%> which offers a set
of analysis steps that allow for descriptive corpus information on three high-level categories: data
statistics,'® data quality,'®” and community- and society-relevant measurements.'?® In the future, it
would be helpful if the community adopted a method of providing more transparent data description, as
long as that does not infringe upon intellectual property rights.

Some LMs and LM-based systems, such as ClimateGPT, ChatClimate, and ClimateQA, obtain data
from and/or process documents in a PDF format. In some instances, such as ClimateGPT, the tool used to
parse PDF documents is mentioned; however, this is not always revealed. The studies do not always touch
upon the challenges of parsing PDF documents and the possibility of noise being introduced in the data.
While PDF extraction tools have seen substantial improvement, it would be beneficial to reflect on the
challenges of extracting data from PDF files and how these have been addressed.

Evaluation and comparability. Benchmarks are a popular way of evaluating progress in LM
development and are “framed as foundational milestones on the path towards flexible and generalizable
Al systems” (Raji et al., 2021, p.1). Although they undoubtedly offer many benefits, such as compar-
ability and the possibility to measure incremental improvements, benchmarks have shortcomings, too, of
which the most relevant one is that they are datasets offering a limited testing context for a task. They
cannot comprehensively address all possible uses an LM-powered application might have in a real-world
scenario. Another problematic aspect of benchmarks is data contamination, where models are evaluated
on tasks that have been included in the training data. It was mentioned in Section 5.3 that the current state
of human evaluation lacks standardized guidelines. The research community would benefit from human
evaluation procedures that are transparent, standardized, and which offer clear guidelines on addressing
the issue of subjectivity when scoring LMs’ output. Ongoing efforts to make the output of large language
models reliable and trustworthy would be of interest to researchers designing tools with a real-world
deployment scenario in mind.

Creating a platform where the performance of climate-related LLMs for text generation would
be compared, or adding these models to an already existing platform, such as the LM Arena
(Zheng et al., 2023),'%? allowing side-by-side comparison between domain-specific climate-related

195 https://github.com/allenai/wimbd.

19 Summary statistics and internet domain distribution.

197 Most- and least-common n-grams, duplicates, document length distribution.
198 Benchmark contamination and personally identifiable information.

199 previously known as chatbot arena. Available at https:/Imarena.ai/.
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LMs or between a domain-specific LM and a general-purpose LM, would allow interested stake-
holders a more hands-on context to test the models and a faster feedback loop for LM developers.

Intended use and accessibility. While generating answers to user-based questions is undoubtedly a
helpful functionality that might reduce the time needed to conduct research, LMs and LM-based systems
are far from flawless and can generate errors that could hamper rather than aid understanding, leading to
poor research outcomes. Potential users should be educated about these limitations, especially in the case
of systems hosted on websites and made available to audiences who might not be familiar with the inner
workings of LMs or lack domain expertise to recognize errors in a model’s output. Unaccounted-for errors
could lead to perpetuated biases or to incorrect information echoing across multiple channels. Climate
change is a high-stakes scenario, and claims for increased research efficiency should not be treated as
viable gains if they come at the cost of accuracy.

Training and fine-tuning LLMs, as well as creating LLM-based tools, is a resource-intensive process
(Strubell et al., 2020; Bender et al., 2021; Luccioni and Hernandez-Garcia, 2023; Oliver et al., 2024). To
this end, it would be helpful if future development of technical solutions involving large language models
were guided by surveys revealing the needs of the tools’ target group.''? Researchers in the future might
consider (1) defining real-world needs in the target domain and (2) implementing more comprehensive
evaluation of existing resources, rather than making the training of ever-larger LLMs the go-to solution for
every challenge (Wiggers, 2024).

Almost all LMs and LM-based systems presented in this paper have been developed for and made
accessible in the English language. The only deliberate exception to this is ClimateGPT models, which
can be used in 21 other languages, a functionality that has been implemented with cascaded machine
translation. Making LMs and LM-based systems accessible in languages other than English could
potentially pave the way to a more inclusive LM and LM-based system development, although it is
highly unlikely that another language could become as dominant in LM development as the English
language in the near future. It also needs to be pointed out that machine translation systems in a specialized
domain could generate unintended errors that could then propagate through the question-answering
functionality, which is why any multilingual solution based on machine translation would benefit from
comprehensive evaluation prior to deployment in a real-world setting.

Lifecycle, uptake, and carbon footprint. The six LLM-based systems presented in Section 5 make
use of out-of-the-box, proprietary models. Using LLMs through an API significantly reduces develop-
ment complexities and allows researchers who do not have access to sufficient compute power to deploy
LLMs in their applications. However, there are many associated risks with using proprietary LLMs, some
major ones being uncertainties regarding data protection and treatment of sensitive information, and the
risk of the proprietary model becoming unavailable due to an outage or deprecation. For example, the
LLM-based system built by Kraus et al. (2023) is using OpenAl’s model text-davinci-003, which has
since been deprecated. Future research and development should take the deprecation risk into account
when planning a system’s lifecycle and focus on systems of a modular built, where an LLM of a newer
generation can be seamlessly evaluated and integrated.

It would also be beneficial if a more reliable method of reporting on a model’s uptake by the community
existed. Measuring the engagement with a model in all-time downloads should not be interpreted as a
measurement of a model’s popularity. At most, this nugget of information could be useful in gauging
which model in a family of models attracts more attention, and if that could be interpreted as a reflection of
the interest of practitioners utilizing LMs in the climate change context. Perhaps a better way of reporting
uptake would be to calculate the average number of downloads per day for each model; however, this
cannot be done with high accuracy using information that is publicly available at the moment of writing.

Finally, given the popularity of question-answering systems, future research would benefit from
consistent reporting of the CO, emissions of both model development and inference. A good example

"% This has been touched upon by Thulke et al. (2024), who in interviews invite experts to consider scenarios in which an LLM
would be of use to them.
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of'this, albeit not as comprehensive as the reporting proposed by Luccioni et al. (2023), is given by Thulke
et al. (2024): both a Model card and a Sustainability scorecard for their models are provided, the latter of
which contains information about average inference emissions per sample. Along these lines, it is
encouraging to see that some practitioners opt for less computationally intensive models, such as
DistilRoBERTa-base instead of BERT for ClimateBERT models (Webersinke et al., 2022) and the
teacher-student design applied in Xiang and Fujii (2023). In the future, it would be beneficial to examine
to what degree models such as the encoder-only TinyBERT (Jiao etal., 2020) and DistilBERT (Sanh et al.,
2020), or the decoder-only models of Hugging Face’s SmolLLM collection'!! could be adapted for climate-
change-relevant research.

Benefits for CC research. As this survey shows, the development of climate-change specific LMs and
LM-based systems is a dynamic research field that could benefit a wide range of stakeholders involved in
climate change research or in processing data for the purpose of assisting climate change research. The
common goal of these systems is to improve access to climate-relevant knowledge, which should
ultimately accelerate the adjustment of climate policies and adaptation efforts to a changing environment,
as well as assist in the fast detection of emerging problematic areas that need to be addressed in mitigation
efforts. If used responsibly and within their limitations, these systems could provide a promising starting
point for expert-led research.
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envisaged to perform both tasks (text generation and text classification).

The column “Year of publication” entails information about the year an LM or an LM-based system is published. For LMs hosted
on the HFH, the year of publication has been obtained by looking at the repository’s history. If a model has two publication years, it
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publication. The latter is true in cases where a paper is published as a preprint before its publication in a journal or in conference
proceedings.
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Table Al. Summary table for families of language models

Evaluation

Model
Name of model / HFH model publicly  Year of
Fam identifier Task Audience Automatic Manual” CC data domain available publication
ClimateGPT  ClimateGPT-FSG-7B (Thulke Yes No Climate, humanitarian issues, science (PT"); QA Yes 2023-2024
etal., 2024) pairs from earth science, sustainability,
economics, expert-generated instruction, and
completion pairs (IFT")
ClimateGPT-FSC-7B (Thulke Yes Yes Climate, humanitarian issues, science (PT);
et al., 2024) extreme weather events, climate change
reports, technical reports on breakthroughs,
Question- Decision-makers, scientists, academic CC research (PT); QA pairs from
answering policymakers, journalists earth science, sustainability, economics,
involved in climate expert-generated instruction and completion
discussions pairs (IFT)
ClimateGPT-70B (Thulke et al., Yes Yes Extreme weather events, climate change reports,
2024) technical reports on breakthroughs, academic
ClimateGPT-13B (Thulke et al., Yes No CC research (CPT%); QA pairs from earth
2024) science, sustainability, economics, expert-
ClimateGPT-7B (Thulke et al., Yes Yes generated instruction and completion pairs
2024) (IFT)
ClimateBERT ClimateBERT - (Webersinke Yes No Paragraphs from corporate sustainability reports, Yes 2021, 2022
etal., 2022) abstracts of scientific papers, and news related
to climate change, climate actions, climate
politics, flood, droughts (complete dataset)
ClimateBERT s (Webersinke Yes No 70% of the complete dataset most similar to task- 2021
etal., 2022) related data
ClimateBERT , (Webersinke Yes No 70% of the complete dataset least similar to task- 2021
et al., 2022) Text classification related data
ClimateBERT . s (Webersinke Yes No 70% of complete dataset with highest similarity - 2021
etal., 2022) diversity composite score
climatebert/distilroberta-base- Yes Yes® Paragraphs from corporate reports (annual or Yes 2021
climate-detector sustainability)
(Webersinke et al., 2022; Researchers and stakeholders
Bingler et al., 2024) interested in using NLP
climatebert/distilroberta- base- models for processing Yes Yes® Paragraphs from corporate reports (annual or Yes 2021
climate-sentiment climate-change texts and sustainability)
(Webersinke et al., 2022; researchers and stakeholders
Bingler et al., 2024) Text classification analyzing corporate annual
climatebert/distilroberta-base- (paragraph) or sustainability reports Yes Yes® Paragraphs from corporate reports (annual or Yes 2021
climate-specificity (Bingler sustainability)
etal., 2024)
Continued
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Fam identifier Task Audience Automatic Manual® CC data domain available publication

climatebert/distilroberta-base- Yes Yes® Paragraphs from corporate reports (annual or Yes 2021
climate- commitment sustainability)
(Bingler et al., 2024)

climatebert/distilroberta-base- Yes Yes® Paragraphs from corporate reports (annual or Yes 2021
climate-tcfd (Bingler et al., sustainability)
2022b, 2024)

climatebert/environmental- Text classification Yes Yes® Sentences from sustainability reports, earnings ~ Yes 2022
claims (Stammbach et al., (sentence) calls, and annual reports
.2022)

climatebert/transtion-physical Yes Not Sentences from earnings conference call Yes 2023
(Deng et al., 2023) clear transcripts

climatebert/renewable (Deng Yes Not Sentences from earnings conference call Yes 2023
etal., 2023) clear transcripts marked as related to transition

climatebert/netzero-reduction Public and private actors Yes Yes Sentences from Net Zero Tracker project and Yes 2023

(Schimanski et al., 2023a)

assessing sustainability
commitments

from previous climate-related projects

#Also entails manual error analysis.
®Pretraining (data).

“Instruction fine-tuning (data).
dContinued pretraining (data).

“Manual evaluation conducted as part of another evaluation task.
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Table A2. Summary table for single domain-specific LMs

Name of model / HFH model
identifier

Task Audience

Evaluation

Automatic Manual® CC data domain

Model
publicly  Year of
available publication

DARE (Xiang and Fujii, 2023)

ClimateGPT-2 (Vaghefi et al.,
2022)

ClimateQA (Luccioni et al.,
2020)

BART-based model for
summarizing climate-related
political press releases
(Dickson, 2023; Dickson and
Hobolt, 2024)

Text classification Stakeholders using NLP to
study the dynamics of
ambiguous climate

information
Text generation  Policymakers, researchers,
and text climate activists

classification
Text classification Analysts trying to detect
climate- change-related
risks and liabilities in
financial reports
Summarization Not specified

Yes

Yes

Yes

No

Yes

Yes

Scientific literature
related to climate
change and health

Abstracts from papers
on climate change

Financial and
sustainability
reports

Summaries of press
releases of political
parties

No 2023
Yes 2022
No 2020
Yes 2023

?Also entails manual error analysis.
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Table A3. Summary table for systems using generic LMs

Evaluation Model
Name of LM-based system using publicly  Year of
a generic language model Task Audience Automatic Manual® CC data domain (external data) available publication
ChatClimate (Vaghefi et al., Question- Decision-makers No Yes IPCC reports and prompt-guided Yes 2023
2023) answering retrieval
LLM CC agent: a protype (Kraus Question- Organizations, No Yes Climate Watch tables and Google No 2023
etal., 2023) answering institutions, search
companies
My Climate Advisor (Nguyen Question- Farmers, farm No Yes Scientific papers on agriculture, No 2024
et al., 2024) answering advisors food and environmental
science, climate adaptation,
region-specific climate risk
information, books and
industry reports
Climate Policy Radar: Question- Policymakers, Yes Yes” 550 documents from Climate Yes® 2024
Responsible question- answering analysts, Policy Radar’s database of
answering (Juhasz et al., 2024) academics national laws and policies,
UNFCCC submissions,
documents from IEA, IAEA,
OSCE, WMO
ChatNetZero (Hsu et al., 2024)  Question- General public No Yes Data from the United Nations Yes 2024
answering High-Level Experts Group,
Net Zero Tracker database,
New Climate Institute
CHATREPORT (Ni et al., 2023) Question- Policymakers, No Yes Relies only on the report thatis ~ Yes 2023
answering investors, general the target of analysis
and scoring public

#Also entails manual error analysis.
bLarge-scale effort to annotate data to be used in LLM-as-a-judge scenario.
°CPR have a web-interface for CC QA.
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