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a b s t r a c t

Large language models (LLMs) are revolutionizing specialized fields by enabling advanced reasoning and 
data synthesis. Environmental science, however, poses unique hurdles due to its interdisciplinary scope, 
specialized jargon, and heterogeneous data from climate dynamics to ecosystem management. Despite 
progress in subdomains like hydrology and climate modeling, no integrated framework exists to 
generate high-quality, domain-specific training data or evaluate LLM performance across the discipline. 
Here we introduce a unified pipeline to address this gap. It comprises EnvInstruct, a multi-agent system 
for prompt generation; ChatEnv, a balanced 100-million-token instruction dataset spanning five  core 
themes (climate change, ecosystems, water resources, soil management, and renewable energy); and 
EnvBench, a 4998-item benchmark assessing analysis, reasoning, calculation, and description tasks. 
Applying this pipeline, we fine-tune  an 8-billion-parameter model, EnvGPT, which achieves 
92.06 ± 1.85 % accuracy on the independent EnviroExam benchmark—surpassing the parameter- 
matched LLaMA-3.1–8B baseline by ~8 percentage points and rivaling the closed-source GPT-4o-mini 
and the 9-fold larger Qwen2.5–72B. On EnvBench, EnvGPT earns top LLM-assigned scores for relevance 
(4.87 ± 0.11), factuality (4.70 ± 0.15), completeness (4.38 ± 0.19), and style (4.85 ± 0.10), outperforming 
baselines in every category. This study reveals how targeted supervised fine-tuning on curated domain 
data can propel compact LLMs to state-of-the-art levels, bridging gaps in environmental applications. By 
openly releasing EnvGPT, ChatEnv, and EnvBench, our work establishes a reproducible foundation for 
accelerating LLM adoption in environmental research, policy, and practice, with potential extensions to 
multimodal and real-time tools.
© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Society for Environmental Sciences, 
Harbin Institute of Technology, Chinese Research Academy of Environmental Sciences. This is an open 

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Environmental science is a complex and interdisciplinary field 
that involves the study of interactions between, impacts on, and 
management of the environment and natural resources [1,2], to 
uncover complex relationships among the components of the 
Earth's interconnected physical and biological systems [3,4]. This 
field  encompasses various disciplines, such as ecology, 

meteorology, geology, and hydrology [5–7]. Integrating methods 
from these disciplines enables a deeper exploration of environ
mental challenges [8,9] and supports prevention, mitigation, and 
resolution strategies through diverse perspectives, tools, and 
theories [10,11]. Recent advances in large language models (LLMs) 
[12,13] offer new opportunities to accelerate such interdisciplinary 
work by providing novel tools for tackling complex environmental 
problems [14]. Although LLMs have begun to reshape domains 
such as medicine and law [15–18], their impact on environmental 
science remains limited, as no dedicated framework has yet 
combined domain-specific  data generation and rigorous evalua
tion [19,20]. Two obstacles dominate: specialized terminology that 
is absent from general training corpora [21,22] and the growing 
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complexity and diversity of environmental data that LLMs must 
absorb and reason over. Addressing these issues requires creating 
high-quality domain datasets before model construction and 
ensuring output accuracy throughout development and deploy
ment [23].

Recent domain-specific LLMs have shown promise in adapting 
large models to environmental research. WaterGPT augments a 
7B-parameter backbone with 1.1 billion hydrology tokens and 
multimodal tools, and has achieved 83 % accuracy on the bespoke 
EvalWater benchmark [24]. ClimateGPT continually pre-trains 
7–70B models on a 4.2 billion-token climate corpus and has per
formed competitively on ClimaBench [25]. OceanGPT couples a 
67,000-document oceanography corpus with an automated in
struction pipeline and the OceanBench evaluation set [26]. How
ever, each system is confined to a single subdiscipline and employs 
an idiosyncratic data workflow, which hinders cross-domain 
comparison and reuse. To overcome this fragmentation, we 
introduce EnvGPT, an 8B-parameter model that unifies  climate, 
hydrology, ecology, soil science, and renewable energy knowledge 
through a low-rank adaptation (LoRA) fine-tuning  process. This 
model is built upon a single reproducible pipeline—comprising 
EnvInstruct, ChatEnv, and the 4998-item EnvBench—which en
ables consistent training, evaluation, and extension at a modest 
computational cost.

In this study, we assemble a cross-domain corpus comprising 
open-access articles from environmental science journals. 
Through the EnvInstruct procedure, this material is distilled into 
112,000 balanced instruction–response pairs (ChatEnv) that span 
the five  targeted subfields.  An 8B-parameter base model is then 
adapted with parameter-efficient LoRA updates to create EnvGPT. 
We quantify performance using the 4998-item EnvBench, whose 
automated metrics capture factual accuracy, numerical precision, 
and multistep reasoning. We corroborate the results with a panel- 
based LLM expert evaluation that rates contextual relevance and 
practical utility for authentic environmental tasks. The findings 
highlight the crucial role of EnvInstruct in generating high-quality, 
domain-specific instruction datasets and stress the importance of 
supervised fine-tuning  (SFT) in enhancing the performance of 
LLMs for specialized scientific applications.

2. Methodology

2.1. Methodological framework

We developed a framework for constructing LLMs in environ
mental science, which we used to build EnvGPT. This framework 
comprises four key components: EnvCorpus, an environmental 
science corpus; EnvInstruct, an instruction dataset-generation 
framework; an SFT process for training EnvGPT; and EnvBench, a 
benchmark for LLMs in environmental science (Fig. 1).

The core of the EnvGPT construction framework is EnvInstruct, 
which provides a high-quality SFT instruction dataset from Env
Corpus. We collected approximately 500 million tokens from 
open-access articles in environmental science journals to ensure 
the diversity and representativeness of the corpus. This collection 
spans five major areas of environmental science, ranging from 
climate change to water resource management. In constructing 
the instruction dataset, future scientific and technological expec
tations were integrated with cross-domain data, providing suffi
cient breadth and depth to support the model's SFT.

2.2. EnvCorpus construction

A well-curated corpus is essential for training domain-specific 
language models [27]. To construct EnvCorpus, we collected 
open-access research articles published in leading environmental 
science journals over the past five years (Supplementary Table S1). 
The five-year horizon maximized coverage of the latest analytical 
methods, data resources, disciplinary knowledge, and policy 
developments—dimensions that are typically underrepresented in 
general-purpose LLM corpora yet are critical for up-to-date envi
ronmental research.

Each article was mapped to one of five research themes—cli
mate change and atmospheric science (CCAS), ecosystems and 
biodiversity conservation (EBC), water resources and aquatic 
environment (WRAE), soil and land-use management (SLUM), and 
renewable energy and environmental management (REEM). The 
rationale for this thematic structure and a concise description of 
each theme are provided separately (Supplementary Table S2). 
These themes capture the current research frontiers of environ
mental science while remaining mutually independent, ensuring 
balanced topical coverage across physical, biological, and engi
neering perspectives. Open-access licensing permits the redistri
bution of full texts, thereby guaranteeing legal reusability for 
benchmarking and future community extensions of EnvCorpus.

PDF documents were transformed into plain text using PyPDF, 
and subsequently tokenized employing GPT2TokenizerFast [28]. 
Page numbers, hyperlinks, nontext symbols, and other artifacts were 
removed through a rule-based filter. The resulting corpus comprised 
approximately 350 million tokens distributed across the five 
themes. Although a recency-focused, open-access strategy inevi
tably omits some seminal paywalled studies, foundational concepts 
remain accessible from review and perspective articles in the same 
journals. Future releases will broaden temporal and licensing 
coverage, as permissions allow, enabling a systematic assessment of 
the influence of historical literature on model generality.

Fig. 1. Methodology framework of the EnvGPT. The framework outlines the devel
opment of EnvGPT, which is structured around four key components: EnvCorpus, 
EnvInstruct, ChatEnv, and EnvBench. SFT: supervised fine-tuning; LLM: large language 
model.
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2.3. Instruction dataset generation for environmental science

Instruction fine-tuning is an effective method for enhancing the 
capacity of a given LLM within a specific  domain [29]. The in
struction dataset guides the output of the LLM to incorporate 
domain-specific  knowledge [18,30,31]. To build an LLM with 
environmental science knowledge on top of a base model and 
meet the complex and diverse needs of researchers, we introduced 
EnvInstruct, an instruction dataset generation framework for the 
environmental science domain based on multiple expert agents. 
EnvInstruct aims to generate instruction sets for the SFT of LLMs in 
a parallel and efficient manner via multi-agent collaboration.

GPT-4, the latest and most advanced flagship model developed 
by OpenAI [32], has led to transformative changes in several sci
entific fields [33–35]. EnvInstruct utilizes GPT-4 as part of a multi- 
agent system, rather than as an independent expert, to generate 
instructions from EnvCorpus under strict system-level guidance. 
EnvInstruct generates an environmental science instruction data
set through multi-agent collaboration. Different GPT-4o instances 
are assigned as expert agents in various subfields of environmental 
science, such as climatology, ecology, energy science, soil science, 
and hydrology, with EnvCorpus input into each agent. Each expert 
agent uses the input EnvCorpus to generate the corresponding 
initial instruction dataset based on its expertise. The dataset 
generation process is guided by a system-level instruction 
framework to ensure consistency in content and a focus on key 
environmental science issues. After the initial dataset is con
structed, another expert agent refines and enriches it by adjusting 
details and filling gaps, improving its quality and aligning it with 
disciplinary standards. To ensure accuracy and relevance, the 
dataset undergoes rigorous quality control, with other expert 
agents expanding it to cover all key environmental science themes 
while maintaining data integrity and diversity. Through contin
uous optimization and verification, a high-quality, domain-specific 
dataset for environmental science instruction is produced to 
support the development of large-scale professional language 
models, such as EnvGPT (Fig. 1). Further details on the system-level 
instructions and agent responsibilities are available (Supplemen
tary Text S1), along with relevant code examples to aid in repli
cation and extension (Supplementary Text S2).

2.4. Environmental science benchmarking

Benchmarking enables the effective comparison of different 
LLMs, thereby assessing their performance within specific  do
mains [36]. Currently, no representative benchmark exists for 
LLMs in the field of environmental science [21,22]. To bridge this 
gap, we designed EnvBench, a benchmark for evaluating the per
formance of LLMs in environmental science. EnvBench also in
cludes the five themes of environmental science and follows the 
same process as EnvInstruct to generate data from the raw corpus. 
EnvBench comprises 4998 samples covering various task types, 
including analysis, question‒answer, and description. To facilitate 
detailed analyses by researchers, we annotated each EnvBench 
sample with specific  task types and thematic labels, enabling 
performance assessments by both question category and envi
ronmental science theme (Supplementary Fig. S1). We employed 
GPT-4o to classify each benchmark item by theme, allowing for an 
LLM performance evaluation within each theme, for which the 
system-level instructions and code are provided separately (Sup
plementary Text S3).

To measure the incremental benefit of our environmental sci
ence instruction set under comparable resource budgets, we 
benchmarked EnvGPT against four models of similar size: LLaMA- 
2-7B [37], LLaMA-3.1–8B [38], Vicuna-1.5–7B [39], and GPT-4o- 

mini [40]. These baselines encompass two successive open- 
source models: a general-purpose, fine-tuned  model and a 
compact, closed-source model. To contextualize these findings 
against a substantially larger open-source alternative, we also 
included Qwen 2.5–72B as an upper-bound reference [41]. The 
diversity in parameter scale, licensing, and prior fine-tuning  re
gimes provides a balanced test bed for quantifying the perfor
mance gains afforded by EnvInstruct and our unified  pipeline 
across different model classes and sizes (Supplementary Table S3).

In terms of evaluation methods, three approaches were 
employed: automated evaluation metrics, the LLM-as-a-judge 
method, and LLM scoring, for a comprehensive assessment of the 
performance of EnvGPT [42]. First, for automated evaluation, we 
employed two widely used metrics: bilingual evaluation under
study (BLEU) and recall-oriented understudy for gisting evaluation 
(ROUGE). Widely applied in natural language processing, these 
metrics reflect  the similarity between generated and reference 
texts, thereby providing an objective measure of text generation 
quality. BLEU focuses on matching accuracy between texts, making 
it suitable for evaluating lexical and syntactic precision in gener
ated texts [43]. ROUGE, however, is a measure of coverage and 
coherence that uses ROUGE-1, ROUGE-2, and ROUGE-L to provide a 
comprehensive assessment across multiple levels [44]. Second, 
with the LLM-as-a-judge method, an LLM is used to evaluate 
generated responses, thereby enhancing the objectivity and con
sistency of the assessment [45]. We selected GPT-4o as an evalu
ation model because of its high performance in generative tasks 
and notable comprehension abilities, enabling detailed assess
ments of semantic accuracy, fluency, and task completion in 
generated texts. The evaluation code and system-level instructions 
for this method, which enable GPT-4o to classify outcomes as wins, 
ties, or losses, are provided separately (Supplementary Text S4). 
Compared with traditional automated metrics, the LLM-as-a- 
judge method offers a more flexible evaluation approach, partic
ularly in cases requiring subjective assessment, thus enhancing 
adaptability and reliability. In addition, we implemented LLM 
scoring, an evaluation method in which an LLM applies predefined 
rubrics to assess responses from a domain-specific  perspective 
[22]. For this purpose, we set the GPT-4o to score responses across 
four key dimensions: accuracy of facts, real-world applicability, 
logical reasoning and structure, and clarity and expression, with 
detailed evaluation criteria and scoring instructions provided 
separately (Supplementary Text S5). The specific  evaluation 
criteria are detailed in a rubric (Supplementary Table S4). This 
choice ensures a scalable, consistent, and domain-specific evalu
ation method, which is particularly important for large-scale as
sessments [46]. By integrating LLM scoring with automated and 
LLM-as-a-judge methods, we can achieve a scalable, consistent, 
and robust multimethod evaluation, offering deeper insights into 
the model's performance on environmental science tasks.

To provide an independent and robust assessment of model 
performance, we employed the EnviroExam benchmark, which 
consists of university-level multiple-choice examination questions 
across various environmental science disciplines [47]. Further
more, to comprehensively evaluate the quality of model-generated 
responses on EnvBench using LLM scoring, we adopted a struc
tured scoring framework from recent research to assess relevance, 
factuality, completeness, and style [48] (Supplementary Table S5). 
This combined approach enables objective benchmarking and in- 
depth evaluation of model responses, thus ensuring a thorough 
understanding of their capabilities within environmental science 
tasks.

To evaluate the real-world applicability of our model, we used 
the environmental large language model evaluation (ELLE) data
set—a structured approach specifically  designed to test LLMs in 
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solving real-world environmental science problems (https://elle. 
ceeai.net/). The dataset was developed by numerous experts in 
environmental science and contains 1130 question‒answer pairs 
across 16 environmental themes [49]. We classified  the ELLE 
dataset into three difficulty  levels: easy, medium, and hard. The 
tasks were further categorized by type: calculation, reasoning, 
knowledge, transdisciplinary, and integration. In the evaluation, 
we used expert ratings across different difficulty  levels and task 
types to assess the model's real-world applicability. By using the 
ELLE dataset, we can demonstrate the performance of different 
models on tasks of varying complexity and themes within the field 
of environmental science.

Hallucinations in LLMs are a recognized challenge that must be 
mitigated [50]. Prior research has shown that careful tuning of 
generation parameters, such as temperature and nucleus sampling 
(top-p), can substantially reduce spurious outputs. Very high- 
temperature settings tend to increase the risk of hallucinations 
in applications with open-ended prompts, whereas moderate top 
p values remove unlikely tokens and reduce incoherent content 
[51,52]. To explore mitigation strategies, we tested the base model 
LLaMA 3.1 8B under various parameter configurations and exam
ined the representative responses (Supplementary Table S6). 
Based on these results, we selected moderate values of 0.6 for 
temperature and 0.8 for top p for all subsequent evaluations. This 
configuration  provides a suitable trade-off between output di
versity and factual reliability.

2.5. Base model and fine-tuning

EnvGPT is an LLM fine-tuned via LLaMA-3.1–8B, which is spe
cifically designed for tasks in the field of environmental science. 
LLaMA-3.1–8B, a current-generation instruction-optimized model, 
offers significant advantages over its predecessor [38]. First, during 
the pretraining phase, approximately 15 trillion tokens from 
publicly available datasets spanning diverse semantic domains 
were utilized, thereby equipping the model with a robust knowl
edge foundation. Additionally, the fine-tuning phase included the 
use of publicly available instruction datasets and over 25 million 
synthetically generated examples, further increasing the model's 
ability to understand and execute complex task instructions [53]. 
Second, the eight-billion parameter size balances performance and 
resource consumption, enabling the model to capture rich 
contextual patterns and domain-specific features while ensuring 
high training and inference efficiency levels, rendering it ideal for 
building domain-specific models. Furthermore, the model excels 
in knowledge representation and generation, efficiently managing 
highly technical tasks, particularly those involving academic con
tent and specialized texts [54]. Additionally, LLaMA-3.1–8B dem
onstrates high generalization capabilities across various 
benchmarks, adapting flexibly to diverse task scenarios—an 
essential feature for meeting the diverse demands of environ
mental science tasks.

During EnvGPT training, we employed the LoRA method to 
fine-tune  the base model. LoRA is an efficient  parameter-tuning 
method that aims to replace full-parameter updates with low- 
rank matrices, thereby significantly  reducing computational and 
storage requirements while maintaining high performance for 
specific  tasks [55]. In contrast to traditional full-parameter fine- 
tuning methods, the LoRA method maintains the weights of the 
pretrained model at a constant value, and only the added low-rank 
matrices are optimized. This approach significantly  reduces the 
number of parameters to be updated and decreases memory usage 
during fine-tuning, making it highly practical in resource-limited 
environments [56].

The selection of the LoRA method was based on several key 

factors. First, its low-rank decomposition mechanism significantly 
reduces computational costs during fine-tuning, enabling efficient 
multidomain tuning of large models. Second, owing to its modular 
design, the fine-tuning  process of LoRA can be seamlessly inte
grated with pretrained knowledge of the base model, which is a 
crucial feature for managing complex and diverse environmental 
science tasks. Finally, LoRA exhibits notable transferability, 
enabling rapid adaptation to instruction sets and task re
quirements across various domains. Its exceptional flexibility is 
particularly notable in handling cross-domain data within envi
ronmental science. The LoRA method offers a practical solution for 
efficiently  fine-tuning  EnvGPT, enabling the model to achieve 
exceptional performance and broad adaptability in specific envi
ronmental science tasks.

3. Results and discussion

3.1. Details of EnvGPT

The EnvGPT model was trained using the LoRA method to 
efficiently fine-tune the base model (i.e., LLaMA-3.1–8B) to meet 
the complex task requirements of the environmental science 
domain. During training, hyperparameters were optimized to 
balance model performance and computational resource usage 
(Supplementary Table S7). The training configuration  included 
four NVIDIA RTX 4090 GPUs, a batch size of eight, and a total 
training time of approximately three days. The key training 
hyperparameters included the learning rate, LoRA rank, alpha 
value, and dropout rate. These settings work synergistically to 
ensure robust convergence and excellent adaptability for envi
ronmental science tasks.

The loss curve during training provides a visual representation 
of model convergence and performance changes (Supplementary 
Fig. S2). The training loss curve showed a steady downward 
trend, indicating a stable learning process during fine-tuning  for 
environmental science tasks. In contrast, the validation loss curve 
fluctuated during its descent, reflecting the model's adjustments 
and adaptations to the complex domain data. The model file is now 
available on the Hugging Face platform for researchers and de
velopers to further validate and apply. Hugging Face is a well- 
known machine learning model-sharing platform that is widely 
used for storing and distributing various pretrained models, with 
convenient support for model loading, inference, and fine-tuning 
processes [57]. We have provided detailed usage examples and 
loading code on the model page to help users start quickly, 
including how to load EnvGPT via Hugging Face's transformer li
brary. The model file and more information can be accessed via the 
following link: https://huggingface.co/SustcZhangYX/EnvGPT.

3.2. ChatEnv instruction dataset

In this study, we developed the ChatEnv instruction dataset for 
the environmental science domain to address the domain's diverse 
task requirements. ChatEnv is based on raw samples from the 
environmental science corpus and is generated using an instruc
tion generation framework that covers five  core domains, 
comprising a total of 112,946 samples. The dataset contains over 
100 million tokens and is available on the Hugging Face platform 
for validation and application by researchers and developers 
(https://huggingface.co/datasets/SustcZhangYX/ChatEnv).

The distribution of original samples and generated instruction 
samples across five themes highlights the ability of the EnvInstruct 
framework to produce a balanced instruction set (Fig. 2). The 
framework ensures an even distribution of instructions across 
domains, underscoring its ability to generate high-quality, 
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domain-specific  content. The CCAS theme, with 1207 original 
samples, generated 21,437 instructions, whereas the EBC, with 
1764 original samples, expanded to 24,018 instructions. The WRAE 
theme, starting with 1613 samples, produced 23,487 instructions. 
Respectively, SLUM and REEM, with 1006 and 1190 original sam
ples, generated 21,563 and 22,441 instructions. Despite differences 
in initial sample sizes, EnvInstruct has balanced instruction gen
eration across themes. This distribution ensures comprehensive 
coverage of environmental science domains, fostering interdisci
plinary integration and supporting diverse environmental tasks. 
This approach reflects  the adaptability and scalability of the 
EnvInstruct framework, which successfully expanded the dataset 
across multiple environmental domains while maintaining a fair 
distribution of content. By maintaining a balanced instruction 
dataset, this dataset can be utilized for SFT LLMs, enabling them to 
acquire knowledge of environmental science across multiple do
mains. The proportional distribution of instructions across themes 
is as follows: EBC (21 %), WRAE (21 %), REEM (20 %), SLUM (19 %), 
and CCAS (19 %). The balanced distribution reflects EnvInstruct's 
capacity to generate instructions evenly across environmental 
science domains, ensuring robust support for diverse research and 
applications.

The development of ChatEnv has established a sound founda
tion for creating LLMs tailored to the field of environmental sci
ence. As the first  instruction dataset specifically  designed for 
environmental science, ChatEnv offers a rich and diverse collection 
of task instructions spanning multiple key areas of the domain. 
The data distribution of ChatEnv effectively mirrors current 
research hotspots and trends in environmental science. The 
diverse instruction set generated by EnvInstruct covers the five 
core themes of environmental science, ensuring the richness and 
breadth of the ChatEnv dataset while guiding future researchers in 
expanding and refining model application scenarios to meet real- 
world needs. By offering training data closely tied to real-world 
applications, ChatEnv enables LLMs to address complex tasks 
effectively in environmental science, enhancing their under
standing of environmental issues and the value of practical 
applications.

3.3. Performance evaluation via automated metrics

For automated metric evaluation, EnvBench was utilized as the 

benchmark dataset (https://huggingface.co/datasets/SustcZhangYX/ 
EnvBench), encompassing tasks across the five core themes of envi
ronmental science. EnvBench provides extensive coverage and 
notable domain adaptability, offering a robust foundation for 
comprehensive model performance evaluation. The performance of 
EnvGPT and the four baseline models (LLaMA-2-7B, LLaMA-3.1–8B, 
GPT-4o-mini, and Vicuna-1.5–7B) was evaluated using the ROUGE 
and BLEU metrics across the five major themes, revealing notable 
performance differences and trends (Fig. 3) [58]. Overall, EnvGPT 
consistently outperformed the baseline models across all the themes 
and evaluation metrics, demonstrating its superior ability to solve 
environmental science tasks. The comparison with Vicuna-1.5–7B 
revealed a marked decline in performance when fine-tuned on non- 
environmental science data, underscoring the critical importance of 
domain-specific training for optimal performance. Notably, the per
formance differences among the baseline models revealed the 
complex effects of model architecture, parameter scaling, and 
domain specialization on their performance. In detailed evaluations, 
LLaMA-3.1–8B generally outperformed LLaMA-2-7B, especially in 
terms of ROUGE-1 and ROUGE-L scores. This suggests that increasing 
the parameter size (from 7B to 8B) and refining the instruction 
alignment processes notably enhanced the text generation capabil
ities of the model [59]. The notable lead of EnvGPT and GPT-4o-mini 
in terms of the ROUGE and BLEU scores highlights their strengths in 
semantic understanding and generation consistency. Additionally, 
these results demonstrate the differing evaluation focuses of the two 
metrics: ROUGE emphasizes content coverage and similarity, 
whereas BLEU prioritizes grammatical and phrasing consistency.

Specifically, regarding the ROUGE metrics, EnvGPT and GPT-4o- 
mini presented notable advantages, particularly in terms of the 
ROUGE-1 and ROUGE-L scores. This can be attributed to the 
advanced instruction alignment and text-generation optimization 
capabilities of GPT-4o-mini and EnvGPT. For example, in the CCAS 
and EBC categories, EnvGPT achieved ROUGE-1 and ROUGE-L 
scores of 51.93 and 38.48 (Supplementary Fig. S3a) and 51.19 and 
33.42 (Supplementary Fig. S3b), respectively, with GPT-4o-mini 
closely trailing. This suggests that both models possess superior 
capabilities in terms of word coverage and text structural consis
tency, allowing them to generate content that is more precisely 
aligned with domain-specific  task requirements. In contrast, 
LLaMA-3.1–8B, LLaMA-2-7B, and Vicuna-1.5–7B achieved lower 
ROUGE scores, likely because of the absence of instruction fine- 
tuning in the environmental science domain and relatively 
limited task adaptability. With respect to the BLEU metric, EnvGPT 

Fig. 2. Comparison of the original samples and the generated instruction dataset 
across the five themes in ChatEnv. Original samples (green) and generated instruction 
dataset samples (grey) are shown for each theme, with percentages indicating the 
balanced distribution achieved by EnvInstruct. The five themes are: renewable energy 
and environmental management (REEM), water resources and aquatic environment 
(WRAE), soil and land-use management (SLUM), climate change and atmospheric 
science (CCAS), and ecosystems and biodiversity conservation (EBC).

Fig. 3. Performance comparison of the EnvGPT and baseline models across multiple 
evaluation metrics. Bar chart showing the evaluation scores of EnvGPT, GPT-4o-mini, 
Vicuna-1.5–7B, LLaMA-2-7B, and LLaMA-3.1–8B on the basis of the ROUGE (ROUGE-1, 
ROUGE-2, ROUGE-L) and BLEU metrics. ROUGE: recall-oriented understudy for gisting 
evaluation; BLEU: bilingual evaluation understudy.
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provided an even greater advantage. BLEU emphasizes precise text 
matching, which is especially critical for environmental science 
tasks that demand the accurate generation of technical terms and 
complex semantics. For example, in the REEM, SLUM, and WRAE 
categories, EnvGPT achieved BLEU scores of 69.33, 68.42, and 
69.06, respectively (Supplementary Figs. S3c, d, e), notably sur
passing those of the other models. This notable lead can be 
attributed to the high-quality instruction coverage of the ChatEnv 
dataset, which allows EnvGPT to generate more precise and 
technically robust content. Furthermore, the BLEU results high
light the linguistic fluency  and attention to detail of EnvGPT in 
managing complex tasks, which are particularly crucial for highly 
specialized tasks in environmental science.

EnvGPT consistently outperformed the baseline models, 
demonstrating exceptional accuracy and consistency in language 
generation, with significantly higher BLEU scores than those of the 
GPT-4o-mini, Vicuna-1.5–7B, and LLaMA series models. In terms of 
the ROUGE metrics, EnvGPT and GPT-4o-mini achieved high mean 
scores, underscoring the importance of domain-specific datasets 
and advanced instruction alignment techniques in managing 
complex domain tasks. The remarkable advantage of EnvGPT lies 
in its integration of domain-specific  datasets during pretraining 
and the application of instruction fine-tuning,  enabling greater 
consistency and accuracy and thus establishing a new benchmark 
for performance in environmental science tasks. EnvGPT targets 
efficient  domain-specific  performance, outperforming GPT-4o- 
mini despite its smaller size, making it ideal for resource-limited 
environmental applications. Additionally, compared with the 
LLaMA series, Vicuna-1.5–7B demonstrated improvements in lan
guage generation performance due to SFT. However, the SFT pro
cess utilized non-environmental science datasets, leading to a 
considerable gap in performance compared with EnvGPT. This 
comprehensive analysis revealed that the differences between the 
models were influenced  not only by parameter size but also by 
dataset specialization and instruction optimization strategies, of
fering valuable insights for the development of future LLMs in 
environmental science.

3.4. Expert evaluation via LLM-as-a-judge

The task generation quality of EnvGPT and the four baseline 
models (LLaMA-2-7B, LLaMA-3.1–8B, GPT-4o-mini, and Vicuna- 
1.5–7B) was evaluated using the LLM-as-a-judge method with the 
EnvBench benchmark dataset, which shows the detailed distri
butions of the win, tie, and loss rates (Fig. 4). Overall, EnvGPT 
attained a notable advantage, particularly over the Vicuna-1.5–7B 
and LLaMA series models, with win rates exceeding 60 %. This 
demonstrates the effectiveness of domain-specific fine-tuning  in 
enhancing content quality and domain adaptability. However, 
compared with GPT-4o-mini, the advantage of EnvGPT decreased, 
with its win rate decreasing to 50.37 % and its tie rate increasing to 
31.88 %, reflecting  the high competitiveness of GPT-4o-mini in 
general instruction tasks.

Specifically, EnvGPT achieved a win rate of 61.56 % and a loss 
rate of 35.55 % compared with LLaMA-3.1–8B. This result indicates 
that despite the larger parameter size and optimized instruction 
alignment of LLaMA-3.1–8B, the absence of domain-specific fine- 
tuning restricts its adaptability and accuracy in environmental 
science tasks. This performance gap can be attributed to the 
ChatEnv dataset, which enables EnvGPT to better comprehend and 
generate complex content in the environmental science domain. 
Similarly, EnvGPT achieved a win rate of 60.67 % and a loss rate of 
24.86 % compared with LLaMA-2-7B, further demonstrating that 
parameter scaling alone offers limited performance improvements 
without domain-specific  fine-tuning.  Compared with Vicuna- 

1.5–7B, EnvGPT achieved the highest win rate, at 63.08 %. This 
suggests that fine-tuning  with non-environmental science data, 
such as that performed with Vicuna-1.5–7B, may diminish the 
model's ability to retain domain-specific  knowledge in environ
mental science. Compared with GPT-4o-mini, EnvGPT achieved a 
win rate of 50.37 %, with the tie rate increasing to 31.88 %. This 
suggests that although EnvGPT significantly  outperformed GPT- 
4o-mini in terms of the BLEU and ROUGE metrics (Fig. 3), their 
performance levels were more comparable in subjective evalua
tions. This phenomenon may be attributed to the broader fine- 
tuning of general instruction data in GPT-4o-mini, which enables 
it to maintain a certain degree of text fluency  and acceptability 
despite its limited domain adaptability. Nevertheless, EnvGPT 
maintained its lead by exhibiting superior performance in gener
ating domain-specific terminology and structured information in 
environmental science. This comparison highlights the critical role 
of domain-specific fine-tuning while revealing the limitations of 
general language models that lack domain-specific training.

The significance of this evaluation lies not only in validating the 
exceptional performance of EnvGPT in environmental science 
tasks but also in emphasizing the pivotal role of the domain- 
specific  instruction dataset ChatEnv. Supported by high-quality 
data, EnvGPT outperforms both general models and baseline 
models that lack domain-specific fine-tuning in specialized fields, 
thereby providing a valuable reference for the development of 
more efficient  and accurate domain-specific  LLMs in the future. 
Furthermore, these results suggest that although general models 
(e.g., GPT-4o-mini) exhibit certain strengths in task generalization, 
targeted fine-tuning  remains a pivotal strategy for enhancing 
performance in specialized domains.

3.5. Independent domain benchmarking and rubric-based 
evaluation

To complement the automated metrics and the LLM-as-a-judge 
analysis, we performed two additional evaluations focusing on 
factual accuracy and answer quality from distinct perspectives. 
The first  evaluation utilized the EnviroExam benchmark, which 
comprises university-level multiple-choice questions covering the 
core disciplines of environmental science [47]. EnvGPT achieved an 
average accuracy of 92.06 ± 1.85 % (95 % confidence  interval) 
(Fig. 5). This result surpassed the performance of the parameter- 
matched baselines of LLaMA-3.1–8B (84.06 ± 3.19 %) and Vicuna- 
1.5–7B (63.77 ± 5.09 %). Paired t-tests confirmed these differences 
as highly significant (p < 5 × 10− 6). The accuracy of EnvGPT was 
statistically indistinguishable from that of GPT-4o-mini 
(91.11 ± 2.74 %, p = 0.53) and slightly less than the considerably 

Fig. 4. Comparative evaluation of EnvGPT against four baseline models via the large 
language model-as-a-judge approach. The chart shows the win, tie, and loss rates of 
EnvGPT in comparison with those of LLaMA-2-7B, LLaMA-3.1–8B, GPT-4o-mini, and 
Vicuna-1.5–7B.
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larger value of Qwen2.5–72B (94.61 ± 1.67 %, p = 0.046). These 
findings  indicate that EnvGPT achieves performance comparable 
to that of a significantly larger open-source model, despite using 
fewer parameters.

The second evaluation assessed free-form answers from Env
Bench using LLM scoring, for which GPT-4o assigned ratings (0–5 
scale) for relevance, factuality, completeness, and style using a 

detailed rubric (Supplementary Table S5) [48]. EnvGPT obtained 
the highest or joint-highest scores across all dimensions, showing 
particularly notable advantages in terms of completeness 
(4.38 ± 0.19) and factuality (4.70 ± 0.15) (Fig. 6). Compared with 
the LLaMA-3.1–8B baseline, EnvGPT improved scores by +0.52 in 
relevance, +0.56 in factuality, +0.87 in completeness, and +0.40 in 
style, clearly demonstrating the effectiveness of the EnvInstruct 
dataset. GPT-4o-mini performed comparably in relevance and 
style but was inferior to EnvGPT in completeness and cross- 
domain factual depth. In contrast, Vicuna-1.5–7B consistently 
showed limited performance across all criteria because of its lack 
of environmental content in the fine-tuning corpus.

Taken together, the EnviroExam scores and LLM scoring results 
consistently indicate that SFT on domain-specific  data critically 
enhances model performance. Despite having order-of-magnitude 
fewer parameters than Qwen 2.5–72B, EnvGPT matched or sur
passed its performance in multiple knowledge and quality metrics. 
This confirms  that targeted SFT with high-quality instructions 
could effectively compensate for the reduced model size. The 
curated ChatEnv dataset provides high-quality instructions, and 
EnvBench serves as a transparent, diverse task platform that re
veals model strengths and weaknesses in detail. Collectively, these 
resources provide a reproducible framework for constructing and 
rigorously evaluating future environmental science LLMs. They 

Fig. 5. EnviroExam benchmark accuracy for Vicuna-1.5–7B, LLaMA-3.1–8B, GPT-4o- 
mini, EnvGPT, and Qwen2.5–72B. Columns display the mean correct response rate 
for each model; error bars indicate the corresponding 95 % confidence intervals.

Fig. 6. Large language model scoring evaluation of EnvBench responses across four quality dimensions. Panels show the mean scores assigned by GPT-4o (0–5 scale) for relevance 
(a), factuality (b), completeness (c), and style (d). The error bars denote 95 % confidence intervals.
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highlight the broader principle that carefully designed, domain- 
specific  data are essential for successfully adapting LLMs to 
specialized scientific applications.

3.6. Evaluating the real-world applicability of LLMs

To assess the real-world applicability of LLMs in environmental 
science, we employed LLM scoring to evaluate the performance of 
LLaMA-2-7B, LLaMA-3.1–8B, Vicuna-1.5–7B, GPT-4o-mini, and 
EnvGPT across four key dimensions: factual accuracy, real-world 
applicability, logical reasoning and structure, and clarity and 
expression. The evaluation used the ELLE dataset. This dataset, 
developed by environmental science experts, was specifically 
designed to evaluate LLM performance on real-world environ
mental tasks. Model performance examples across different task 
types and difficulty  levels, along with LLM scoring details, are 
provided separately (Supplementary Table S8–S10).

The five models were compared across the four evaluation di
mensions using LLM scoring (Fig. 7). The box plots highlight per
formance differences, with EnvGPT consistently outperforming 
baseline models, particularly in terms of factual accuracy and real- 
world applicability (p < 0.05). LLaMA-3.1–8B was better suited for 
complex environmental science tasks than LLaMA-2-7B (p < 0.05). 

This improvement resulted from the larger model size and its 
ability to utilize a broader range of training data, thereby 
improving generalizability and task performance. In contrast, 
Vicuna-1.5–7B scored lower than LLaMA-3.1–8B, GPT-4o-mini, and 
EnvGPT across all four dimensions (p < 0.05). This was due to the 
fine-tuning of domain-specific data of Vicuna-1.5–7B, which lacks 
environmental science–specific  data, limiting its effectiveness in 
addressing environmental science tasks. This underscores the 
importance of fine-tuning domain-specific data to optimize LLMs 
for specialized tasks. In contrast, GPT-4o-mini performed like 
EnvGPT in terms of factual accuracy and clarity (p > 0.05) but 
lagged behind EnvGPT in real-world applicability (p < 0.05). This 
demonstrates that domain-specific SFT is still a viable method for 
improving LLM performance.

The performance of the LLMs was assessed across different task 
difficulties and types (Fig. 8). In terms of real-world applicability, 
the five models were compared across three difficulty levels (easy, 
medium, and hard) (Fig. 8a). Clearly, EnvGPT outperformed all the 
baseline models at every difficulty level. In the easy and medium 
categories, the EnvGPT scores were significantly higher than those 
of the other models, at 83.50 ± 7.63 (easy), 88.04 ± 5.90 (medium), 
and 84.66 ± 9.24 (hard). These results highlight the model's ad
vantages in addressing real-world environmental tasks. In 

Fig. 7. Comparison of the performance of five large language models (LLMs) across four evaluation dimensions via LLM scoring. Box plots display the distribution of scores for five 
models (LLaMA-2-7B, LLaMA-3.1–8B, Vicuna-1.5–7B, GPT-4o-mini, and EnvGPT) across four key dimensions: accuracy of facts (a), real-world applicability (b), logical reasoning and 
structure (c), and clarity and expression (d).
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contrast, GPT-4o-mini also performed well, particularly in the 
medium category, with a score of 82.68 ± 13.33. Although Vicuna- 
1.5–7B was fine-tuned  on domain-specific  data, its scores 
remained lower than those of LLaMA-3.1–8B, GPT-4o-mini, and 
EnvGPT, particularly in the hard category. For example, its score in 
the hard category was only 41.25 ± 20.59—much lower than the 
scores of the other LLMs. This is because the fine-tuning of Vicuna- 
1.5–7B on non-environmental science data limited its ability to 
address environmental science problems effectively. Similarly, 
LLaMA-3.1–8B, with a larger training dataset and improved ar
chitecture, outperformed LLaMA-2-7B, especially in the medium 
and hard categories, with scores of 76.86 ± 18.90 (medium) and 
64.20 ± 18.52 (hard), whereas LLaMA-2-7B scored 60.54 ± 19.47 
(medium) and 47.95 ± 25.41 (hard). The performance of these 
models was also broken down by different task types, including 
calculation, integration, knowledge, reasoning, and trans
disciplinary tasks (Fig. 8b). EnvGPT scored 87.17 in calculation, 

87.50 in integration, 87.92 in knowledge, 86.44 in reasoning, and 
77.33 in transdisciplinary tasks. In contrast, Vicuna-1.5–7B showed 
a clear performance gap, especially in the calculation and trans
disciplinary tasks, with scores of 36.43 and 41.25, respectively. 
LLaMA-3.1–8B outperformed LLaMA-2-7B in these dimensions, 
scoring 61.75 in calculation and 75.94 in integration, compared 
with LLaMA-2-7B's scores of 50.21 and 54.06, respectively. Overall, 
LLaMA-3.1–8B still lagged behind EnvGPT, particularly in reasoning 
tasks, in which EnvGPT excelled with a score of 86.44, whereas 
LLaMA-3.1–8B scored 58.44. The GPT-4o-mini performed excel
lently in terms of knowledge and reasoning, with scores of 85.83 
and 79.06, respectively. However, it lagged behind EnvGPT in 
transdisciplinary tasks (GPT-4o-mini: 72.08, EnvGPT: 77.33) and in 
integrating domain-specific knowledge across all dimensions.

The results highlight EnvGPT's robust performance across a 
range of environmental science tasks, demonstrating superior 
real-world applicability. The model excels in integrating 

Fig. 8. Performance of large language models across task difficulties and types in real-world environmental science applications. a, Evaluation scores for real-world applicability 
across three difficulty levels (easy, medium, and hard) for LLaMA-2-7B, LLaMA-3.1–8B, Vicuna-1.5–7B, GPT-4o-mini, and EnvGPT. b, Evaluation scores across different task types, 
including calculation, integration, knowledge, reasoning, and transdisciplinary tasks, for LLaMA-2-7B, LLaMA-3.1–8B, Vicuna-1.5–7B, GPT-4o-mini, and EnvGPT.
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knowledge from multiple disciplines—a crucial capability for 
addressing complex, real-world environmental issues. While 
models such as LLaMA-3.1–8B and GPT-4o-mini showed strong 
overall performance, EnvGPT consistently outperformed them, 
particularly in integration and interdisciplinary tasks. These find
ings underscore the significant  impact of domain-specific SFT in 
optimizing LLMs for specialized environmental science challenges.

3.7. Limitations

SFT on ChatEnv significantly  enhances EnvGPT; however, 
several limitations should be acknowledged. Temporal drift is 
inevitable since an SFT model captures knowledge only at the time 
of training. Frequent retraining is thus necessary to incorporate 
new datasets, regulations, and discoveries, resulting in increased 
computational and environmental costs. In contrast, retrieval- 
augmented systems, such as ChatClimate and GeoGPT, update an 
external knowledge base instead of model parameters, providing a 
more efficient maintenance approach [60,61].

Another limitation concerns coverage. Although ChatEnv 
covers five  major subfields,  any instruction set is inherently 
limited in scope. Consequently, long-tail topics or interdisciplinary 
queries may not be fully represented. Retrieval pipelines can 
complement SFT by incorporating current domain-specific  evi
dence at inference time, thus addressing limitations in the static 
fine-tuning corpus.

Finally, balancing the model scale and resource demand re
mains crucial. Compared with the significantly larger models, the 
eight-billion-parameter EnvGPT reduces the accuracy gap. How
ever, larger architectures still retain a slight absolute advantage 
over benchmarks that demand extensive knowledge.

4. Conclusions

This study proposed a reproducible and extensible workflow 
for developing LLMs that serve the needs of environmental sci
ence. The workflow  began with EnvInstruct, a multi-agent pro
cedure that extracts high-quality prompts from the primary 
literature and assembles ChatEnv, a 100 million token instruction 
set balanced across climate and atmospheric science, ecosystems 
and biodiversity, water resources and aquatic environments, soil 
and land-use management, and renewable energy and environ
mental management. SFT of an eight billion parameter backbone 
on ChatEnv yielded EnvGPT, whereas the companion benchmark 
EnvBench provided 4998 task instances with explicit theme and 
task-type labels for rigorous evaluation.

Comprehensive testing demonstrated the value of this domain- 
specific  fine-tuning  strategy. EnvGPT outperformed the 
parameter-matched baselines in BLEU and ROUGE, outperformed 
the majority of the comparisons in LLM-as-a-judge tests, and 
achieved the highest rubric-based scores for relevance, factuality, 
completeness, and style on EnvBench. For the independent 
EnviroExam benchmark, EnvGPT attained 92 % accuracy, matching 
or exceeding closed-source GPT-4o-mini and approaching the 
performance of the much larger Qwen 2.5–72B model. These re
sults confirm  that carefully engineered, domain-specific  SFT can 
narrow or even close the gap to models that rely primarily on scale.

Nevertheless, fine-tuning  alone cannot address every limita
tion. Knowledge becomes outdated as the underlying literature 
evolves, and niche or cross-disciplinary questions may fall outside 
the scope of any finite instruction set. Future work will therefore 
explore hybrid approaches that couple an SFT-adapted backbone 
with retrieval-augmented generation, tool calling, or knowledge- 
graph integration, as demonstrated in recent systems, such as 
ChatClimate and GeoGPT. Additional optimization avenues include 

reinforcement or active-learning loops in which domain experts 
curate challenging queries, as well as the incorporation of geo
spatial and other multimodal data sources to extend reasoning 
beyond text.

To support these directions, ChatEnv and EnvBench will be 
updated on a rolling basis to reflect newly published research, 
revised regulations, and emerging data modalities. EnvGPT itself 
will be maintained through periodic resource-efficient  refresh 
cycles, ensuring that the model remains an accurate, current, and 
versatile assistant for environmental science research and 
practice.
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