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Abstract

The quantity and quality of literature around climate change (CC) and its impacts
are increasing yearly. Yet, this field has received limited attention in the Natural
Language Processing (NLP) community. With the help of large Language Models
(LMs) and transfer learning, NLP can support policymakers, researchers, and
climate activists in making sense of large-scale and complex CC-related texts.
CC-related texts include specific language that general language models cannot
represent accurately. Therefore we collected a climate change corpus consisting
of over 360 thousand abstracts of top climate scientists’ articles from trustable
sources covering large temporal and spatial scales. Comparison of the performance
of GPT-2 LM and our ’climateGPT-2 models’, fine-tuned on the CC-related corpus,
on claim generation (text generation) and fact-checking, downstream tasks show
the better performance of the climateGPT-2 models compared to the GPT-2. The
climateGPT-2 models decrease the validation loss to 1.08 for claim generation
from 43.4 obtained by GPT-2. We found that climateGPT-2 models improved the
masked language model objective for the fact-checking task by increasing the F1
score from 0.67 to 0.72.

1 Introduction

Two of the most established Language Models (LMs) are GPT (Generative Pre-trained Transformer)
Brown et al. (2020); Radford et al. (2019) and BERT (Bidirectional Encoder Representations from
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Transformers) Devlin et al. (2018). They are the same in that they are both based on the transformer
architecture, but they are fundamentally different in that BERT has just the encoder blocks from
the transformer, while GPT-2 has just the decoder blocks from the transformer Devlin et al. (2018);
Radford et al. (2019).Following the general pre-training phase, the LMs are further fine-tuned on
downstream tasks. However, researchers have shown the better performance of LMs pre-trained on
general and target domains (domain adaptive pre-training) prior to the fine-tuning step compared
to LMs pre-trained only on general texts before fine-tuning Konlea and Jannidisa (2020); Lee et al.
(2020); Bambroo and Awasthi (2021). While LMs have been fine-tuned to achieve state-of-the-art
results on a large number of tasks, the idea of further pre-training of the LMs to incorporate more
domain knowledge has been explored less. Moreover, BERT and its successors have been used more
for domain adaptive pre-training compared to GPT-based LMs. In climate science, one of the major
contributions was climateBert Webersinke et al. (2021) which DistilBERT model Sanh et al. (2019)
was further pre-trained and then fine-tuned on downstream tasks, i.e., classification and fact-checking.
To the knowledge of the authors of this paper, there is not a publicly available transformer-based LM
with climate domain-adaptive pre-training from the GPT family. The contributions of our paper are
as follows: 1) ’climateGPT-2 models’ are the first domain-specific GPT-based models pre-trained on
climate change corpora for 3 days on two NVIDIA Gforce 2800 GPUs. 2) We show that pre-training
GPT-2 on climate change corpus improves its performance on two downstream tasks: text generation
(claim generation) and fact-checking. 3) We make our pre-processed datasets, the pre-trained weights
of climateGPT-2, and the source code for fine-tuning climateGPT-2 models publicly available.

2 Related Work

2.1 Pretraining on General versus Specific Domain

Transfer learning and pre-trained language models in NLP facilitated language understanding and
generation. In this context, LMs are functions that map text to text. Using a large-scale corpus
for unsupervised pre-training models is a norm for LMs, making them ready for zero-and few-shot
learning Zhang et al. (2022). The latest breakthroughs in LMs during the last few years are: BERT
Devlin et al. (2019), GPT-2 Radford et al. (2019), Xlnet Yang et al. (2019), RoBERTa Liu et al.
(2019), ALBERT Lan et al. (2019), DistilBERT Sanh et al. (2019), T5 Raffel et al. (2020), GPT-3
Brown et al. (2020), DeBERTa He et al. (2020), PaLM Chowdhery et al. (2022), OPT Zhang et al.
(2022). In this work, we focus on GPT-2; therefore, it should be noted that the main difference
between the GPT family models is their size. The original transformer model had around 110 million
parameters. GPT-1 adopted the size and GPT-2 has 1.5 billion, and GPT-3 has 175 billion parameters.

There is a consensus that further training of a pre-trained LM could improve the performance of
the LM on the downstream tasks. When the target sector is a technical domain such as legal, finance,
medical, or climate science, the frequency of the common words is way different from the general
domain, which makes the use of available LMs more limited Bambroo and Awasthi (2021); Lin
et al. (2021). BioBERT Lee et al. (2020) for biomedical tasks and SciBERT Beltagy et al. (2019) for
science domains are just two examples showing the effectiveness of LMs pre-training for downstream
tasks in specific domains.

2.2 NLP on Climate Change Related Text

From financial climate disclosure analyses Bingler et al. (2022); Friederich et al. (2021); Luccioni and
Palacios (2019), topic modeling at the intersection of climate and health Berrang-Ford et al. (2021);
Callaghan et al. (2021), to climate claims fact-checking Webersinke et al. (2021), NLP techniques
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have been widely used in the literature. In general, the BERT has been used more than GPT models.
For example, original BERT was used to identify and classify studies on observed climate impacts
and produced a comprehensive machine-learning-assisted evidence map Callaghan et al. (2021).
Also, a domain-adaptive version of DistillBERT was implemented to assess companies’ climate-risk
disclosures along the primary climate-related Financial Disclosures (TCFD) categories Bingler et al.
(2022).

3 Approach (ClimateGPT-2 models)

In this article, we introduce ’climateGPT-2 models’, which are domain adaptive pre-trained LMs for
climate change related topics.To analyze the effectiveness of our approach in climate change text
mining, climateGPT-2 models are fine-tuned and evaluated on two text mining tasks: 1) text (claim)
generation and 2) fact-checking. First, we initialize climateGPT-2 with weights from GPT-2, which
was pre-trained on general domain corpora (the number of parameters in GPT-2 LM families varies
and reaches 1.5 billion in GPT-2 XL). Second, climateGPT-2 models are trained on climate change
domain corpora (over 360 thousand abstracts of articles from leading climate scientists). Lastly, we
evaluate the climateGPT-2 models for two downstream tasks in climate change domain.

3.1 Climate Change corpus for domain adaptive pre-training

Climate change domain texts contain many domain-specific nouns (e.g., RCPs, SSPs, CO2) and
terms (e.g., mitigation, adaptation), which are understood mostly by climate researchers. As a result,
NLP models designed for general purpose language understanding often obtain poor performance in
climate change text mining tasks. To overcome this challenge, we decided to collect a large corpus
of text from the publication of well-known scientists in the climate field. Therefore we used the
1000 hot scientists list of climate change published by the Reuters press. Details of the corpus are
presented in Table 1.

Table 1: Climate performance model card following

Corpus Num of para-
graphs

Domain Reference

climateGPT-2 360,233 Climate
Change

https://www.reuters.com/investigates/special-report/climate-change-
scientists-list

Details of the ranking procedure of Reuters have been described in the link provided in Table 1.

3.2 Fact-checking dataset

We used the Climate Fever dataset for the fact-checking task Diggelmann et al. (2020). Climate Fever
consists of roughly 1,500 claims in the climate domain. Annotators have classified claims in the
climate fever dataset as supported, refuted, or not enough by evidence sentences.

3.3 Training of climateGPT-2 on ‘text (claim) generation’ task

One big challenge with text generation is the limited control in the direction it goes when sentences
are added. To overcome this issue, we propose using a title and a list of keywords so the models can
better recognize the direction. Therefore we will check if climateGPT-2 models are able to generate
meaningful climate-related texts given a title with and without a list of keywords. In the standard text
generation, the next token is predicted based on the text it has seen. Therefore, the labels are just the
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shifted encoded tokenized input. As we want more control over the climateGPT-2, we give the model
a title and a list of keywords in the customized dataset class to improve the next predicted token.

3.4 Training of climateGPT-2 on ‘fact-checking’ task

For fact-checking task, we use the approach suggested by Webersinke et al., (2021). The combination
of concatenated claim and related evidence sentences and [SEP] token separator is fed to the model.
The goal is to correctly classify if an evidence sentence is supported or refuted by a claim.

4 Results

4.1 Text Generation (Climate Change claims)

Table 2 summarizes the results of our experiments for the claim generation task. We see that
climateGPT-2 models have improved the performance significantly (lowering the validation loss). Ta-
ble 4 in the Apendix, summarizes Inputs/Output samples of climateGPT-2 models for text generation.
In the generated texts, we could realize that individual sentences are semantically coherent, and the
first three to four sentences are related to the title and/or keywords.

Table 2: Loss of GPT-2 vs climateGPT-s models on the CC-related corpus

Model Val Loss

GPT-2 43.45
climateGPT-2 (cGPT-2) 1.08
climateGPT-2 (ckeyGPT-2) 1.56

4.2 Fact-checking

Table 3 summarizes the results of our experiments on the CLIMATE-FEVER dataset. The F1 score
results show that climateGPT-2 models outperform GPT-2 by lowering F1 from 1.17 to 0.83.

Table 3: Results, average Validation Loss and average weighted F1 score on the fact-checking task
on CLIMATE-FEVER dataset

Model Val Loss F1

GPT-2 1.17 0.67
climateGPT-2 0.83 0.72

By comparing our results with the fact-checking results performed on climate fever data with
climateBERT, we realized that our results align with that study. However, our in-house corpus for
adaptive pre-training is different from the climateBERT.

5 Conclusion

We developed climateGPT-2, the first language model from GPT families that was pre-trained on a
large dataset of 360,233 climate-related scientific abstracts derived from articles of 1000 hot scientists’
list of Reuters. We found that our language model lowers the loss on our climate-related corpus.
We checked this model across two different climate change NLP downstream tasks. We showed
that pre-training GPT-2 on climate change corpus largely improved its performance. climateGPT-2
obtains higher F1 scores in climate change fact-checking (0.72) compared to GPT-2 (0.67) and a
lower validation loss (1.08) in climate change text generation task compared to the original GPT-2
(43.45).
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Supplementary Materials

A climateGPT-2 models, Inputs/Outputs samples

Table 4: Comparison of Climate Change related generated claims by GPT-2 vs climateGPT-2 models
Claim generation downstream task

GPT-2 c GPT-2 ckey GPT-2

Given title: Climate change can affect
hydropower operations through changes
in the timing and magnitude of precipita-
tion patterns

Given title: Climate change can affect
hydropower operations through changes
in the timing and magnitude of precipita-
tion patterns

Given title: Climate change can affect
hydropower operations through changes
in the timing and magnitude of precipita-
tion patterns

Given Keywords: NA Given Keywords: NA Given Keywords: climate change’, ’hy-
dropower’, ’energy’, ’mitigation’, ’adap-
tation

Generated Claims: Climate change can
affect hydropower operations through
changes in the timing and magnitude of
precipitation patterns, including drought.
However this may not be enough to off-
set all impacts on water resources that
occur over a period or several decades
due primarily for some reason from cli-
mate variability such as increases across
regions within each state’s watersheds

Generated Claims: Hydroelectricity
generation is expected to be affected by
climate variability, which may have sig-
nificant impacts on water resources sys-
tems. This study evaluates possible im-
plications for reservoir operation under
changing hydroclimate conditions using
a high-resolution global river discharge
model driven with two regional models.

Generated Claims: Climate-induced
shifts will alter energy systems through-
out much higher latitudes as well; how-
ever climate mitigation is not always pos-
sible for some regions or even globally
at present because there has been little
work to date about how these responses
vary across different levels within a given
basin due primarily to human activities.
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