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Abstract
Abstract
Faced with the complex challenges of global climate change and resource man-
agement, traditional environmental analysis methods have gradually revealed
limitations in efficiency and precision. The rapid development of artificial in-
telligence has brought new opportunities for environmental science. Among
these, Discriminative Artificial Intelligence (DAI) and Generative Artificial In-
telligence (GAI), as the two mainstream technologies, each possess unique ad-
vantages; however, the deep synergy between them is still in the exploratory
stage. Through a systematic investigation, this paper reviews the current sta-
tus of collaborative research between DAI and GAI in environmental science,
focusing on the analysis of their different characteristics in learning objectives,
modeling mechanisms, and application scenarios.

Research indicates that DAI demonstrates high-precision advantages in percep-
tion and discrimination tasks but relies on large amounts of labeled data and
suffers from poor interpretability; conversely, GAI excels in data generation
and scenario simulation, though the physical consistency and controllability of
its generated results face certain challenges. This paper points out that it is
precisely these limitations that provide opportunities for functional complemen-
tarity, forming unique synergistic advantages. Based on a review of existing
literature, this paper categorizes the collaborative paths of DAI and GAI into
a three-layer framework of “data-model-decision”: the data layer alleviates
data scarcity through a“generation-discrimination”closed loop; the model layer
enhances the generalization capability of the system through architectural fu-
sion; and the decision layer constructs a comprehensive decision support system
by combining deterministic prediction with multi-scenario deduction. Finally,
this paper looks forward to the development direction of the next generation of
trustworthy environmental intelligence that integrates physical constraints with
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environmental foundation models. This provides a systematic framework for un-
derstanding the collaborative mechanisms of DAI and GAI and offers valuable
references for the integrated design of environmental intelligence systems.
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Abstract

Environmental science is currently undergoing a profound transformation driven
by the integration of multi-source data and advanced computational methods.
This paper explores the evolving paradigms within environmental science, fo-
cusing on their specific applications, inherent limitations, and the emerging
synergies between traditional mechanistic modeling and modern data-driven ap-
proaches. By analyzing the transition from observation-based studies to complex
simulation and machine learning frameworks, we highlight how these paradigms
address critical challenges such as climate change, pollution control, and ecosys-
tem management. Furthermore, we discuss the necessity of integrating physical
laws with deep learning to enhance model interpretability and predictive accu-
racy, providing a roadmap for future research in the field.

1. Introduction

Environmental science is an interdisciplinary field dedicated to understanding
the complex interactions between physical, chemical, and biological components
of the environment. Faced with the challenges of global climate change and
resource management, traditional environmental analysis methods—such as nu-
merical simulation models or statistical regression—have increasingly revealed
limitations in efficiency and precision.

The rapid development of Artificial Intelligence (AI) has introduced a fourth
paradigm: data-intensive scientific discovery. Within this field, Discrimina-
tive AI (DAI) and Generative AI (GAI) have emerged as the two mainstream
technologies. DAI focuses on classification, regression, and pattern recognition
within existing datasets, while GAI enables the synthesis of new data, scenario
simulation, and the discovery of novel environmental solutions. This paper
reviews the current status of collaborative research between DAI and GAI in
environmental science, proposing a three-layer framework—Data, Model, and
Decision layers—to integrate their functional complementarities.
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2. Discriminative AI in Environmental Science

Discriminative AI models are designed to learn the boundaries between different
classes or to map input features to specific target variables. In environmental
science, these models are primarily used for predictive tasks to identify “what”
or “where”based on observed data.

2.1 Classification and Mapping Discriminative models, such as Support
Vector Machines (SVM), Random Forests, and Convolutional Neural Networks
(CNNs), have revolutionized remote sensing and land-cover classification. By
learning the spectral and spatial features of different terrain types, these models
can accurately map deforestation, urbanization, and wetland degradation.

2.2 Regression and Forecasting In atmospheric science and hydrology, dis-
criminative models are employed to predict continuous variables. For instance,
Long Short-Term Memory (LSTM) networks are widely used for time-series
forecasting of air quality indices (AQI) or streamflow levels. These models excel
at identifying correlations within historical data to project future states.

2.3 Pollution Identification and Anomaly Monitoring DAI technologies
drive a transformation from traditional numerical calculations based on discrete
monitoring points toward the dynamic reconstruction of continuous pollution
fields. At the macro scale, the integration of satellite and geographic big data
enables the reconstruction of global daily 𝑃𝑀2.5 levels. In marine environments,
these models have accelerated the transition toward quasi-real-time automated
detection of oil spills and plastic debris, distinguishing pollutants from natural
features like sea clutter or algal blooms.

3. Generative AI in Environmental Science

Generative AI aims to learn the underlying probability distribution of a dataset
to generate new, synthetic data points. This provides a unique advantage for
mitigating data scarcity and scenario uncertainty.

3.1 Data Augmentation and Completion In remote sensing, GAI ad-
dresses incomplete observations caused by cloud cover or sensor damage. While
early efforts used Conditional Generative Adversarial Networks (cGANs) for tex-
ture filling, recent advancements utilize diffusion models and multi-modal fusion
for physically consistent reconstruction. For example, incorporating Sentinel-1
constraints within a diffusion framework enhances surface recovery under per-
sistent cloud cover.

3.2 Complex System Modeling and Simulation GAI is driving a leap
in modeling efficiency for complex systems. In climate science, diffusion frame-
works can convert low-resolution global reanalysis data into kilometer-scale re-
gional high-resolution data. This “generative downscaling”allows for the sam-
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pling of extreme and scarce scenarios at a lower computational cost than tradi-
tional numerical models. Furthermore, hybrid models like NeuralGCM couple
physical dynamics with learnable parameterization to ensure the stability of
long-term climate simulations.

3.3 Knowledge Extraction and Decision Support Large Language Mod-
els (LLMs) are becoming primary tools for handling environmental heterogene-
ity. Systems like ClimSight link high-resolution geo-climate data with user
needs through Retrieval-Augmented Generation (RAG), providing traceable ev-
idence for climate services. In ecology, LLMs assist in extracting species traits
and categorical data from massive volumes of unstructured scientific literature,
transforming text into machine-readable knowledge bases.

4. Synergies Between Discriminative and Generative AI

The boundaries between AI paradigms are blurring, leading to a synergistic
“Data-Model-Decision”framework.

4.1 Data-Level Synergy Generative models expand training sets through
sample synthesis and missing data imputation, while discriminative models pro-
vide quality control and feedback. For example, in detecting pipeline leaks, a
discriminative network evaluates synthetic acoustic signals and provides back-
propagation optimization to improve the generator’s output.

4.2 Model-Level Synergy Architectures are increasingly integrated; gen-
erative models incorporate discriminative cores to enhance local detail, while
discriminative models adopt generative pre-training (such as masked language
modeling) to learn global semantics. This bidirectional optimization improves
both generation quality and discriminative accuracy.

4.3 Decision-Level Synergy At the decision level, GAI produces candidate
future scenarios which DAI then evaluates and classifies for risk. In meteoro-
logical digital twins like CorrDiff, regression generates weather fields, diffusion
models correct details, and discriminative assimilators provide real-time evalua-
tion. This closed loop ensures that environmental governance is both proactive
and evidence-based.

5. Limitations and Future Directions

5.1 Physical Consistency and Interpretability A primary bottleneck is
the“black-box”nature of AI, which may produce outputs violating physical laws
(e.g., conservation of mass). Future research must focus on Physics-Informed
AI, embedding partial differential equations (PDEs) or conservation constraints
directly into the neural architectures to ensure scientific validity.

chinarxiv.org/items/chinaxiv-202604.00093 Machine Translation

https://chinarxiv.org/items/chinaxiv-202604.00093


Figure 1
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5.2 Generalization and Model Collapse AI models often struggle with
Out-of-Distribution (OOD) data due to the spatiotemporal non-stationarity of
the Earth system. Furthermore, training generative models on their own syn-
thetic output can lead to “model collapse,”where the distribution variance
shrinks. Establishing “climate-invariant”machine learning and robust valida-
tion protocols against observational data is essential.

5.3 Ethics and Governance Data bias can lead to “hallucinations”or un-
fair environmental policy recommendations, particularly for climate-vulnerable
regions in the Global South. Future environmental intelligence must prioritize
transparency, auditable verification mechanisms, and inclusive design to ensure
that AI-driven governance does not exacerbate social inequalities.

6. Conclusion

The integration of DAI and GAI represents a transformative shift in environ-
mental science. By combining the precise perception of discriminative models
with the simulation capabilities of generative models, researchers can develop
more robust, intelligent, and sustainable systems. The future of the field lies in
the deep fusion of physical mechanisms with environmental foundation models,
providing a trusted framework for global environmental risk decision-making.

Figures
Source: ChinaXiv —Machine translation. Verify with original.
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