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Global challenges such as climate change, biodiversity loss, and resource depletion accelerate the evolution of Earth system
science, yet data overload, insufficient mechanistic understanding, and slow science-to-policy translation remain major
obstacles. Advances in artificial intelligence provide new opportunities to address these issues. We propose the concept
of the “Al Earth System Scientist (AI-ESS)”, a scientific intelligence agent designed to autonomously integrate multi-source
data, complex models, and structured knowledge. AI-ESS can support hypothesis generation, mechanistic inference, and
experimental validation, while promoting the rapid transformation of scientific outcomes into sustainability actions. Preliminary
experiments demonstrate the potential of Al to accelerate Earth system science and highlight key challenges and opportunities
ahead.

Introduction

Our Earth and all the life it sustains face unprecedented and interconnected grand challenges. The Earth system is confronting
multiple sustainability crises simultaneously: climate change, biodiversity loss, resource depletion, and deepening inequities.
Earth System Science (ESS) emerged to address these challenges by understanding Earth as a single, integrated system and
providing the knowledge necessary for navigating humanity toward a sustainable future within our planet’s finite capacity' .

Over the last four decades, Earth System Science has achieved remarkable progress across multiple fronts. Our conceptual
understanding has evolved from viewing Earth’s components in isolation to recognizing it as an integrated, self-regulating
system profoundly altered by human activities. Foundational concepts such as the Anthropocene*, tipping elements>, and
planetary boundaries® have fundamentally reshaped how we perceive humanity’s role in the Earth system and defined safe
operating spaces for civilization. Simultaneously, global observation networks combining satellite remote sensing, in situ
measurements, reanalysis products, paleoclimate proxies, and climate model simulations have generated unprecedented volumes
of Earth science data, providing continuous records spanning from deep geological time to the present”-®. These observational
advances have been matched by transformative improvements in modeling capabilities. Earth System Models (ESMs) now
simulate complex interactions across atmospheric dynamics, ocean circulation, sea ice and ice sheets, land surface processes,
and biogeochemical cycles’, enabling us to project future evolutions and explore what-if questions under different scenarios
such as shared socioeconomic pathways!®. Beyond individual research efforts, major global assessment and synthesis initiatives,
exemplified by the Intergovernmental Panel on Climate Change (IPCC), have successfully bridged the gap between scientific
communities and policymakers, translating complex Earth system knowledge into actionable information. Most recently, the
development and adoption of artificial intelligence (AI) solutions, including foundation models for weather!!, climate'?, and
Earth system!3, have opened transformative new frontiers in Earth system process understanding and modeling'4-16.

Despite these substantial advances, Earth system scientists face persistent and growing challenges that limit our ability to
address global sustainability crises effectively. The exponential growth in data abundance has not been matched by corresponding
advances in understanding and actionable knowledge, creating a widening gap between observation and insight. We possess
vast archives of Earth system data, yet struggle to extract meaningful patterns, test hypotheses efficiently, and translate findings
into timely interventions. Academic barriers and disciplinary silos continue to hinder the holistic, integrative investigation
that ESS fundamentally requires. Researchers trained in atmospheric science, oceanography, ecology, geochemistry, and
social sciences often lack common frameworks and tools for genuine collaboration, resulting in a fragmented understanding of
inherently coupled processes'-!7. Perhaps most critically, the traditional scientific discovery-to-action loop remains unable
to form a closed, responsive cycle. We face a persistent failure in knowledge co-production, where the isolation of scientific
inquiry from societal context prevents the integration of diverse stakeholder perspectives and local constraints'® . This broken



loop undermines our capacity to adapt rapidly to emerging crises and optimize pathways toward sustainability.

Technological innovation offers vital potential for overcoming these challenges and accelerating progress toward global
sustainability. Recent breakthroughs in Al scientists empowered by large language models have demonstrated transformative
capabilities across multiple scientific domains®’. These systems can autonomously conduct literature reviews, curate and
analyze data, generate novel hypotheses, design and execute experiments, validate results, and perform iterative refinement®!-%2.
Remarkably, Al scientists have already achieved discoveries comparable to those of human researchers in several fields. In
life sciences, cross-disciplinary teams composed of LLM agents have collaborated to design feasible novel SARS-CoV-2
nanobodies??. In materials science and chemistry, Al scientists have successfully discovered new compounds and materials
with desired properties”*2°. These achievements suggest that similar approaches could revolutionize ESS.

This perspective paper envisions an "Al Earth System Scientist" (AI-ESS) that harnesses these emerging capabilities
to transform how we understand and respond to global sustainability challenges. An AI-ESS would integrate vast and
heterogeneous global datasets spanning observations, simulations, and paleoclimate records; construct both predictive and
explanatory models that capture Earth system dynamics across scales; autonomously generate and rigorously test innovative
hypotheses about system behavior and human-Earth interactions; accelerate scientific discovery by exploring hypothesis spaces
far larger than human researchers can manage; and provide actionable, context-aware solutions that promote global sustainable
transformation. By closing the loop between observation, understanding, prediction, and action, an AI-ESS could fundamentally
accelerate humanity’s response to the existential challenges confronting our planet.

Conceptual Framework

Earth System Science

Earth System Science (ESS) investigates the Earth as a single, integrated system by examining the complex interactions and
feedbacks between its constituent components: the atmosphere, hydrosphere, cryosphere, lithosphere, and biosphere, with
particular emphasis on understanding how human activities are driving rapid global environmental changes and affecting the
Earth system’s functioning and future trajectory>’. The recent explosion in the volume of available Earth science data has
been pivotal, enabling scientists to explore complex phenomena and processes at unprecedented scales and resolutions®. The
discovered knowledge is essential for creating innovative, actionable solutions to accelerate the global sustainability transition'.

Over the last several decades, our ability to observe a changing Earth system has been largely advanced, thanks to
a revolution in data acquisition. We now combine high-resolution global monitoring from remote sensing satellites with
high-fidelity, localized data from in situ networks, which are synthesized by reanalysis models to create consistent historical
records, while novel social sensing techniques are providing new, real-time insights into human-system interactions and
impacts’. Climate models complement these observations by providing projections of future climate change under different
emissions scenarios, enabling us to anticipate potential Earth system responses and inform mitigation and adaptation strategies.
Furthermore, paleoclimate data, including historical documentary records, proxy data from natural archives, paleoclimate
model simulations, and data assimilation products®®, extend our understanding beyond the instrumental era and provide crucial
context for interpreting contemporary climate change by revealing the Earth system’s behavior across millennia®®.

The scientific knowledge in ESS can be divided into the following three categories. First, meta-theory frameworks provide
overarching conceptual paradigms that shape how we understand the Earth system as a whole. Examples include the Bretherton
diagram’®, which illustrates the interconnections between Earth system components; the Anthropocene concept?, which
recognizes humans as a geological force; and the identification of tipping elements®, which highlights critical thresholds in
the Earth system. Second, mechanistic interpretations explain the specific physical, chemical, and biological processes that
drive Earth system behavior. These include the greenhouse effect governing radiative energy balance’!, ice-albedo feedback
amplifying polar climate changes’?, the Bjerknes feedback coupling ocean and atmosphere dynamics in the tropical Pacific
to generate El Nifio-Southern Oscillation variability>?, and thermohaline circulation redistributing heat globally through the
ocean conveyor belt**. Third, mathematical models provide quantitative frameworks for simulating and predicting Earth system
dynamics. These range from astronomical theories like Milankovitch cycles explaining glacial-interglacial variations®>36,
to dynamical models such as General Circulation Models®” and Earth System Models®® that simulate complex interactions
across multiple components, to simplified conceptual models like box models>® and oscillator models**#! that capture essential
dynamics while remaining analytically tractable. Together, these three categories of knowledge form a hierarchical structure:
meta-theories guide our overall perspective, mechanistic understanding reveals the underlying processes, and mathematical
models enable quantitative prediction and hypothesis testing.

This knowledge foundation guides the transformation towards global sustainability through a systematic framework. Status
analysis begins with assessing the current state of the Earth system, exemplified by the planetary boundaries framework that
identifies safe operating spaces for humanity across critical Earth system processes®. Scenario modeling then explores potential
future trajectories through climate scenario development and future trend projections, examining how different emission
pathways and socioeconomic developments might unfold. Pathway assessment evaluates alternative routes to sustainability
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using integrated assessment models (IAMs)*>*3 that couple human and natural systems, informing action plan decisions

by comparing costs, benefits, and feasibility of different interventions. Finally, action implementation translates scientific
knowledge into practice through progress monitoring that tracks key indicators against targets**, enabling adaptive plan
adjustment as new observations reveal the effectiveness of interventions and emerging challenges. This cycle from scientific
understanding to societal action represents the ultimate purpose of Earth System Science: not merely to comprehend how our
planet functions, but to provide the knowledge necessary for navigating humanity toward a sustainable future within Earth’s
finite capacity.

Al Earth System Scientists
Al has progressively expanded its role in ESS. Early applications focused on Al as a tool, enabling improved prediction
downscaling*®°, emulation'?>!-2, and pattern extraction®> from high-dimensional geophysical data. With recent advances in
reasoning, planning, and tool-use capabilities in large-scale LLM agents, a transitional stage of Al as a collaborator has emerged,
in which Al systems assist scientists through hypothesis generation®*, uncertainty quantification, attribution analysis>®, and
model diagnostics®’. These developments set the foundation for the forthcoming paradigm shift toward Al as a scientist,
where Al systems are able to autonomously navigate a closed-loop scientific discovery. In this paper, we define the Al
Earth System Scientist (AI-ESS) as an autonomous or human-in-the-loop scientific agent capable of integrating massive,
heterogeneous environmental and socioeconomic datasets derived from earth observations, building predictive and explanatory
models, generating and testing new hypotheses, and proposing scientifically and practically grounded solutions that accelerate
sustainability transformations.

Based on recent advances in agentic A
define an Al Earth System Scientist (AI-ESS).
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and the scientific demands of ES , we identify five core attributes that

* Autonomy.>% The AI-ESS should be able to conduct a closed-loop scientific workflow: hypothesis — simulation —
observation — evaluation — theory refinement. This autonomy enables continuous scientific advancement without human
micromanagement while still allowing for human oversight and interpretive validation.

o Integration.%>-°° Earth System Science is intrinsically interdisciplinary. An AI-ESS must integrate multimodal observations
(satellite, in situ, social sensing, reanalysis), cross-domain scientific knowledge, and diverse modeling tools (mechanistic,
statistical, Al-based) to form a unified, cross-scale understanding of Earth system dynamics.

o Interpretability.’-%® For Al-generated discoveries or model outputs to be trusted and actionable, their reasoning pathways
must be at least partially interpretable by human scientists. This includes mechanistic consistency, uncertainty characterization,
and alignment with established physical and ecological principles.

» Emergence.®®7° A defining capability of an Al scientist is to produce novel scientific insights, e.g., emergent teleconnections,
unexpected tipping elements, new functional relationships, or previously overlooked feedback mechanisms, beyond what
human scientists have articulated. Such emergent discoveries reflect the potential of AI-ESS to advance ESS theory.

* Actionability.”' Finally, the AI-ESS must produce solutions that are useful for real-world decision-making, linking scientific
understanding to actionable policy and sustainability interventions. This requires end-to-end analytical pipelines that generate
interpretable diagnostics, scenario projections, and recommendations.

To support these attributes in practice, AI-ESS requires not only more powerful models but a reconstitution of the foundations
on which Earth system inquiry is built. Rather than generic infrastructure for ESS, these foundations must directly support the
core capacities that distinguish a scientist: the ability to observe, model, reason, and autonomously advance knowledge. We
identify three foundational substrates, i.e., data, models, and knowledge, which together enable a fourth ingredient: an agentic
scientific workflow through which the AI-ESS can act as a genuine scientific agent.

First, a unified observational substrate is necessary for an AI-ESS to observe the Earth system in the scientific sense. By
integrating satellite records (e.g., MODIS, Sentinel), in-situ networks (e.g., Argo, FLUXNET), reanalysis products (e.g., ERAS,
SODA), large-ensemble simulations (e.g., CMIP5, CMIP6), socio-economic indicators (e.g., World Bank, UN population
datasets), and paleoclimate archives (e.g., ice cores, tree rings) into a coherent, continually updated substrate, the agent gains
the multi-scale empirical grounding from which to detect anomalies, infer relationships, and formulate questions. This substrate
provides the observational vantage point that human scientists develop through decades of immersion in data. Second, a
heterogeneous model substrate is needed for the AI-ESS to reason about processes that cannot be directly observed. Scientists
routinely switch between mechanistic equations, conceptual models, and empirical approximations depending on the question at
hand. To emulate such flexibility, an AI-ESS must operate within a pluralistic ecosystem that includes physics-based simulators
(e.g., CESM, WREF), statistical tools (e.g., linear mixed models, VAR), machine-learning emulators (e.g., NeuralGCM, Samudra),
and symbolic or causal inference methods. These models become the agent’s means of probing hypothetical worlds, testing
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mechanisms, and constraining explanations. Third, a structured knowledge substrate is essential for enabling the AI-ESS to
reason mechanistically rather than merely detect patterns. Core Earth system theories, ranging from physical laws to concepts
such as tipping cascades, planetary boundaries, and modes of variability, encode how scientists judge processes, plausibility,
and causation. Encoding this knowledge in machine-interpretable form, such as structured knowledge graphs, symbolic
representations, causal diagrams, and machine-readable formulations of physical laws, provides the conceptual scaffolding that
enables the AI-ESS to distinguish mechanistic plausibility from mere statistical association and to identify truly novel scientific
insights. To apply this knowledge, the AI-ESS must interface with external datasets and models through retrieval mechanisms
(e.g., RAG) and standardized coordination protocols (e.g., MCP), allowing it to incorporate new evidence and interact with
simulations as an agentic scientific system.

These three substrates, i.e., observation, modeling, and knowledge, constitute the enabling environment for the fourth
ingredient: an agentic scientific workflow. Within such a workflow, the AI-ESS can iteratively formulate hypotheses, design
and execute simulations or analyses, evaluate outcomes against empirical and theoretical constraints, and refine its internal
representations of the Earth system Crucially, this workflow does not simply automate existing research practices; it enables
forms of scientific exploration that were previously unattainable. With unified data, model, and knowledge substrates, an
AI-ESS can systematically explore hypothesis spaces that lie far beyond human reach. It can test high-order interactions among
climatic, ecological, and socioeconomic drivers; compare alternative mechanistic explanations across different models; and
probe emergent cross-scale behaviors through iterative simulation—diagnosis loops. Such capabilities allow the system to
investigate large scenario spaces whose scale and complexity surpass what human researchers could feasibly examine.

These foundations are not merely architectural; together, they define the qualitative advances that distinguish an AI-ESS
from conventional human-centered ESS workflows or tool-level Al for ESS. First, by integrating coherent observations, diverse
models, and mechanistic knowledge, an AI-ESS can address problems defined by vast search spaces and tightly coupled
drivers. It can navigate large scenarios and model ensembles and analyze complex multi-factor interactions in ways that exceed
human analytical capacity. Second, the structured knowledge substrate and agentic workflow allow the AI-ESS to act as a
unifying layer across disciplines. By interfacing consistently with natural-science models, socioeconomic data, and causal or
symbolic knowledge, the system can overcome entrenched domain silos and support genuinely integrated analyses of coupled
human-Earth systems.

Autonomous Scientific Discovery in Earth System Science

The pursuit of autonomous and interpretable scientific discovery by Al agents in Earth System Science (ESS) can draw
significant inspiration from the methodological frameworks established through centuries of human theoretical inquiry. The
process by which human researchers discover scientific knowledge can often be described as a Conjecture-Refutation cycle’?.
Faced with specific anomalies or complex phenomena, scientists synthesize existing theories to propose bold hypotheses
regarding the underlying mechanisms. To validate such a hypothesis, they must employ logical deduction to derive testable
statements, that is, specific predictions that can be empirically verified. Subsequently, experiments are designed to quantitatively
assess the validity of these statements. Statements proven accurate serve as corroborating evidence for the original hypothesis.
Conversely, falsified statements lead to the refutation of the premise, necessitating either the refinement or the abandonment of
the hypothesis. When a hypothesis survives rigorous testing, where its derivative statements are repeatedly corroborated by
empirical evidence, confidence in its validity grows. Eventually, this process elevates the proposition from a tentative conjecture
to the status of widely accepted scientific knowledge. For instance, Alfred Wegener proposed the continental drift hypothesis’?
to explain the remarkable geometric fit between the coastlines of South America and Africa, alongside the puzzling distribution
of identical fossils across separated oceans. Although initially met with skepticism due to the lack of a driving mechanism’4,
numerous predictions derived from this framework, such as paleomagnetic patterns on the ocean floor”> and the subsequent
discovery of seafloor spreading, were eventually verified by subsequent observations’®. These confirmations transformed a
controversial hypothesis into the foundational theory of plate tectonics, now a cornerstone of Earth system science.

However, completing this cycle to establish scientific knowledge is traditionally a time-consuming process for humans,
primarily for two reasons. First, formulating potent hypotheses requires effective scientific intuition, which demands extensive
experience, deep domain and interdisciplinary knowledge, and even luck. Second, validating the statements derived from
these hypotheses requires substantial labor and time to design and execute empirical experiments. In contrast, the Al Scientist
has the potential to overcome these limitations. During the conjecture phase, its access to a vast repository of domain and
interdisciplinary knowledge that surpasses the capacity of individual human researchers empowers it to generate bold yet
scientifically plausible conjectures. Meanwhile, during the refutation phase, its capacity to autonomously design and execute
experiments significantly accelerates the validation process, facilitating rapid iteration of the discovery cycle. In Figure 2(a),
we propose a framework for autonomous scientific discovery in Earth System Science (ESS) driven by an Al Scientist, building
upon the methodological framework of conjecture and refutation. In this framework, a collaborative multi-agent system
discovers new knowledge regarding specific anomalies or phenomena based on existing literature, diverse scientific datasets,
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and corresponding calculation tools. Specifically, the workflow proceeds as follows:

1. Knowledge Acquisition: An Investigation Agent conducts a comprehensive survey of existing theoretical research
and domain knowledge from papers and reports, which are transmitted to the Hypothesis Proposal Agent to support its
proposal.

2. Hypothesis Generation: Leveraging extensive domain and interdisciplinary knowledge, a Hypothesis Proposal Agent
formulates bold hypotheses to elucidate potential mechanisms underlying the observed phenomena. By repeating this
process, multiple competing hypotheses can be generated and constitute a candidate pool.

3. Statement Deduction: To evaluate these candidates, a Statement Deduction Agent derives testable statements from
each hypothesis, such as mathematical formulations, specific predictors, or causal structures, along with their expected
behaviors and properties. For instance, regarding a hypothesized teleconnection mechanism between the Amazon
rainforest and the Antarctic ice sheet, the agent might derive statements like: (1) a variable from one region can serve as
a statistically significant predictor for the other with a non-zero correlation coefficient; and (2) the variables along the
hypothesized mechanistic pathway can constitute a causal chain correspondingly.

4. Experimental Validation: For each testable statement, an Experiment Design Agent orchestrates the validation process.
It selects appropriate datasets, performs necessary preprocessing, and quantitatively assesses the statement’s validity
through methods such as simulation, correlation analysis, or Bayesian analysis. This assessment encompasses both
fidelity, e.g., whether the proposed dynamical formula predicts the evolving trajectories in agreement with observational
data, and reasonability, e.g., whether the magnitude and sign of coefficients in a multivariate regression align with the
statements derived by the Statement Deduction Agent.

5. Refinement and Corroboration: Finally, falsified hypotheses are returned to the Hypothesis Proposal Agent for
refinement or rejection, while hypotheses that survive falsification but lack sufficient corroboration are returned to the
Statement Deduction Agent to generate additional testable statements for further verification. Only hypotheses that are
repeatedly corroborated by substantial evidence are output as discovered scientific knowledge, thereby concluding the
conjecture-refutation cycle.

Through the repetition of this cycle, the candidate hypothesis pool is guided to evolve toward the optimal description of the
studied Earth system phenomena effectively and efficiently.

lllustrative examples
Modeling of global climate mode network dynamics.
Climate modes interacting through teleconnections form a global network that fundamentally shapes climate variability and
human ecosystems’’. Despite its critical role in the global climate system’8, the complexity of underlying physical processes
and data patterns has historically confined research to isolated modes (e.g., El Nifio-Southern Oscillation, or ENSQ)7%:39,
neglecting holistic system dynamics. To model the system dynamics of this global climate mode network, we design a
multi-agent Al Scientist framework with cohesive five stages as illustrated in Figure 2(b): 1) First, an Investigation Agent
surveys the geophysical processes influencing climate modes and the dynamical patterns that these modes exhibit. ii) Building
on this foundation, a Hypothesis Generation Agent synthesizes known mechanisms while postulating novel mechanisms to
describe the complex interactions and evolution of these modes. iii) An Equation Derivation Agent then formalizes these
conceptual hypotheses into mathematical formulas, and utilizes genetic programming to generate a diverse cluster of augmented
equations to account for system sensitivity. iv) Subsequently, an Experiment Agent collects the required data and simulates these
candidates, evaluating them against both observational trajectory fidelity and their capacity to reproduce emergent behaviors
(e.g., ENSO complexity). v) Finally, a Conclusion Agent interprets the physical mechanism manifested in the optimal dynamic
formula, thereby distilling the findings into formalized scientific knowledge.

Empirical validation corroborates the effectiveness of this framework. Through the iterative discovery process, the model
converged on an optimal governing equation:
G T = b1i(0) + b2 (0) T +b3,i(1)h 4 ba (1) T2 + bs i(¢) tanh(p) + L) be i (1)Tj, i€ 1---N, )

%h = 2521 b7.i(f)Ti7

Here, N =9 is the number of climate modes within the network, 7; denotes the sea surface temperature (SST) anomalies

of the i-th climate mode, % is the warm water volume (WWYV) anomalies in the equatorial Pacific, ¢ is the years elapsed
since January 1979, p is the normalized atmospheric carbon dioxide (CO,) concentration, tanh(p) = (e —e P)/(eP +e77),
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and b, (1) = alV + 4% sin( gt ) +d? cos(mpt) +al¥ sin(0.195ap?) are time-dependent coefficients, where ) are scalar

parameters and @y = 27/year. Crucially, the identified terms successfully recover established physical mechanisms, including
the Bjerknes feedback (b, ;T;), the SST-WWYV interaction of the Recharge Oscillator (b3 ;4 and b7,,-T,-)79, the nonlinearity of
the nRO model (b47,~Ti2)79, and the teleconnections of the XRO model (b ; jTj)go. Beyond verification, the Al autonomously
formulated novel hypotheses: it constructed bs ;tanh(p) to explicitly represent greenhouse gas forcing and introduced a unique

5.13-year interannual component (aff)) within the time-varying coefficients to capture low-frequency variability. Consequently,
this Al-derived model demonstrates significant performance gains over state-of-the-art human-designed models, that is, the
XRO model®’. As illustrated in Figure 2(c), predictive skills across various climate modes are improved by 20%—58%, with
the prediction skills for ENSO extending from 19 months to 30 months. Moreover, the model exhibits superior capability in
reproducing the emergent dynamical behaviors of real-world indices such as ENSO complexity (measured by monthly standard
deviation, skewness, and power spectral density), reducing the mean average error by 17%-—37% relative to the XRO baseline.

Identification of possible new tipping elements.

The identification and mechanistic understanding of Earth-system tipping elements represent an urgent research frontier
However, such progress is hindered by vast multidisciplinary data, complex non-linear interactions, and protracted human-led
modeling campaigns®334. We propose an autonomous, multi-agent AI Scientist framework designed to systematically navigate
this complexity and accelerate the scientific discovery pipeline. Specifically, our framework structures the discovery process
into four key stages as in Figure 2(d): (i) comprehensive literature investigation to scout for candidate systems and research
gaps; (ii) hypothesis generation, where this knowledge is fused with empirical data to formulate theories on new tipping
elements and their mechanisms; (iii) rigorous hypothesis verification via targeted in silico experiments within an Al-enhanced
Earth system model; and (iv) a rapid, iterative trial-and-error loop for self-correction and convergence.

This AI Scientist demonstrates profound advantages over traditional research. First, it achieves unparalleled multidisci-
plinary synthesis: investigation agents concurrently process a massive corpus spanning geophysics, ecology, and atmospheric
chemistry, identifying non-obvious, cross-disciplinary linkages that elude specialized human reviews. Second, it excels at
cross-disciplinary knowledge fusion. A core hypothesis-generation agent merges top-down abstract knowledge from the
literature with bottom-up empirical evidence from multi-modal data, including satellite observations, re-analysis data, and
knowledge from paleoclimatology. By identifying intersections between known research gaps, anomalous data, and plausible
established geophysical constraints, it autonomously generates novel, high-potential hypotheses on tipping elements and their
corresponding mechanisms. Third, the framework enables rapid iterative validation. The experiment design agent proposes
and executes bespoke simulations on the Al-enhanced Earth system model refined by the model design agent, replacing
time-intensive manual modeling by humans. This velocity facilitates the system’s most transformative capability with a
closed-loop, self-evolutionary potential. False tipping element results after verification are treated as valuable data points,
triggering immediate hypothesis reformulation. In parallel, an explanation agent translates the verified hypothesis on tipping
elements into theoretically consistent and understandable narratives, enabling human scientists to acquire new knowledge of
previously unknown tipping elements rather than merely receiving predictions.

5,81,82

Modeling the Coupled Human-Earth System in the Anthropocene.

As the geological epoch shifts into the Anthropocene, the scale and intensity of human activities have reached unprecedented
levels, sufficient to deviate the Earth system from its natural evolutionary trajectory®®. This profound shift has compelled
Earth System Models (ESMs) to incorporate human activity as a critical external forcing®®. Conversely, human activities
are also constrained by planetary boundaries and inevitably adapt as the Earth’s state evolves, as traditionally modeled in
IAMs*>%3 by treating the Earth system as a boundary condition®”. Despite the inherent bidirectional coupling between natural
and anthropogenic processes, a fully integrated model of the coupled Human-Earth system remains elusive®’. Conventionally,
ESMs neglect the adaptive feedback loops where human societies adjust strategies in response to environmental changes.
Simultaneously, IAMs often simplify the Earth system into static boundary conditions, overlooking how human interventions
fundamentally alter the Earth’s evolutionary trajectory. To accurately reconstruct past climate changes and project future
scenarios, it is necessary to transform from unidirectional forcing to bidirectional coupling, making human activity a coupled
variable but not just an external driver®®. However, achieving this integration is fraught with challenges. First, establishing
such a coupled system requires interdisciplinary knowledge of both socio-economic and natural environments. Secondly, Earth
systems obey immutable physical laws described by differential equations, whereas human systems are driven by complex
decision-making processes governed by economic optimization and game theory, leading to their heterogeneity of underlying
dynamics. Finally, the different spatiotemporal scales and granularities of natural environmental data and socio-economic
data make it challenging to integrate them to evaluate the proposed human-land coupling system. Our proposed Al Earth
System Scientist framework offers a promising pathway for overcoming these challenges, as illustrated in Figure 2(e): First, an
Investigation Agent aggregates existing ESMs and IAMs from literature, identifying key state variables for both natural systems
(e.g., temperature, carbon cycle) and human societies (e.g., GDP, emissions, land use), along with their known interrelationships.
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Then, based on this knowledge, a Hypothesis Proposal Agent formulates potential coupling architectures (which variables exert
direct effects on others) and corresponding governing laws (dynamics formulas governing physical dynamics and optimization
equations governing socio-economic). To rigorously verify these hypotheses, an Experiment Design Agent implements a
hierarchical strategy: It first verifies the causal structure through correlation analysis and Bayesian inference, distinguishing true
causality between coupled variables from spurious correlations or mere co-occurrence. Subsequently, it validates the proposed
equations by executing dynamical simulations to evaluate the fidelity of the model’s output against observational and historical
data. These evaluation metrics are fed back to the Hypothesis Proposal Agent to refine the coupling structures or mathematical
formulations. Ultimately, the hypothesis that achieves high simulation fidelity with a verified causal structure emerges as the
winner. The Conclusion Agent then interprets this optimal coupled model, distilling it into formalized scientific knowledge
regarding the unified Human-Earth system.

Accelerating Sustainability Transformations

AI-ESS shortens the science-policy chain.

Status analysis forms the critical foundation of the sustainability transformation cycle, requiring a comprehensive and accurate
assessment of the Earth system’s current state against key benchmarks, such as the planetary boundaries framework® and
the UN Sustainable Development Goals**. This stage involves integrating massive, heterogeneous datasets, such as satellite
remote sensing and in-situ sensor networks to socioeconomic statistics, to calculate indicator values and diagnose planetary
health. However, this process faces profound challenges: essential data remain scattered across disciplines and formats**,
suffer from significant spatial and temporal gaps®, and are often analyzed with long delays’. Even the most advanced global
monitoring reports are constrained to analyzing a small subset of all potential indicators due to these data integration barriers
and reliance on manual, retrospective methods. Although current Al tools can perform specific tasks like data imputation or
pattern recognition’’, they function as isolated aids and cannot autonomously synthesize a holistic, real-time diagnosis of the
Earth system. The AI-ESS addresses these limitations by introducing a closed-loop, autonomous paradigm for planetary-scale
observation and diagnosis. It can continuously ingest and harmonize multi-source data, using foundation models to dynamically
fill data gaps and reconstruct complete environmental fields’!. By systematically surveying scientific literature and assessment
reports, the AI-ESS builds a structured knowledge substrate of Earth system theories and indicator definitions, enabling
it to interpret data patterns mechanistically. This allows the system to autonomously track a vastly expanded portfolio of
sustainability indicators, moving beyond static snapshots to provide a continuously updated, interpretable status of the Earth
system. Through this integrated workflow, the AI-ESS transforms status analysis from a fragmented, lagging effort into a
unified, proactive, and explanatory diagnostic process.

To explore possible sustainability transformation trajectories and assess the effectiveness of climate mitigation strategies,
scientists develop scenario frameworks that provide integrated descriptions of plausible futures for the human-environment
system”?. However, the traditional scenario development process is both time-consuming and labor-intensive. The Shared
Socioeconomic Pathways (SSPs) exemplify these challenges: their development required several years of extensive deliberation
and iterative cycles to construct coherent narratives'?, reconcile inconsistencies across disciplinary perspectives”, and translate
these narratives into quantitative drivers—ranging from population dynamics to policy interventions®* 3. This protracted
timeline creates a fundamental mismatch between the speed of scenario generation and the urgency of real-world decision-
making. The current SSP-RCP framework has been criticized for its static nature, leaving it ill-equipped to address near-term
mitigation pathways through 2040 with the necessary granularity and responsiveness to recent global shocks”®. Waiting for the
next IPCC assessment cycle to update these assumptions is untenable. Therefore, dramatically accelerating the development of
comprehensive, internally consistent scenarios has become essential for effective climate mitigation planning. The AI-ESS
addresses these limitations through several transformative capabilities. LLM agents can autonomously investigate vast bodies
of literature across disciplines, identifying emerging trends and evolving societal priorities that traditional review processes
might overlook or integrate too slowly. By simulating cross-disciplinary collaboration, i.e., embodying perspectives from
climate scientists, economists, sociologists, and policy analysts, these agents can propose novel scenarios that complement the
current SSP framework while maintaining internal consistency. Unlike traditional approaches that freeze assumptions at the
outset, AI-ESS enables real-time scenario updating as new data emerges from geopolitical shifts, technological breakthroughs,
or observed climate impacts. Furthermore, Al agents can conduct accelerated vetting and peer review processes, checking
scenarios for logical consistency, identifying potential contradictions across quantitative projections, and flagging areas requiring
human expert judgment. Critically, AI-ESS augments rather than replaces human judgment in developing climate scenarios,
enabling scientists to explore far larger possibility spaces and focus their expertise on the most consequential decisions.

Designing climate mitigation and long-term sustainability pathways requires systematically examining how alternative
socioeconomic, technological, and policy choices shape future trajectories. Integrated assessment models (IAMs), which couple
human and natural systems, serve as foundational tools for evaluating the costs, benefits, and feasibility of mitigation and
adaptation strategies**. In current practice, however, IAM workflows remain primarily dependent on human design. Given high-
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level mitigation goals—such as temperature limits or carbon budget constraints—and the input socioeconomic and technical
variables for the target scenario, researchers must manually configure model modules, run optimization routines, and interpret
the resulting pathways. Although advances in Al such as surrogate modeling®’ and generative scenario augmentation”®, have
improved efficiency in individual steps, these techniques operate mainly as tool-level enhancements and do not overcome
the central limitation of restricted scenario exploration. AI-ESS addresses this limitation by providing coordinated support
across all stages of the IAM workflow. Starting from the human-specified mitigation goal and target scenario, it analyzes model
repositories and literature to recommend suitable economic, energy, and land-use modules, configuring their interactions so that
demand, technology deployment, and emissions are represented consistently. During optimization and solving, AI-ESS selects
and combines methods such as reinforcement learning and generative modeling to explore high-dimensional mitigation decision
spaces. The resulting emissions trajectories are evaluated through climate response components, which compute temperature
outcomes and check alignment with mitigation goals and physical consistency. When targets are not met or inconsistencies
arise, the system diagnoses the responsible elements—whether in scenario definition, module interaction, or optimization
settings—and proposes revisions. Through these iterative cycles, pathway assessment evolves from a static, expert-driven
procedure into a self-refining loop capable of exploring a broader, more adaptive set of futures.

Action implementation and monitoring complete the sustainability transformation cycle by translating scientific insights
into tangible interventions and systematically tracking their effectiveness. This crucial phase involves executing policies,
allocating resources, and measuring outcomes against established targets, such as the Sustainable Development Goals, where
progress monitoring provides essential accountability**. Yet current practice faces persistent barriers: monitoring data rarely
informs real-time decision adjustments®, human-led evaluation processes are too slow for rapidly evolving sustainability
challenges®®, and institutional silos prevent integrated assessment of cross-sectoral interventions’. Though Al tools can assist
with isolated tasks like optimizing renewable energy deployment or detecting deforestation from satellite imagery, they typically
operate as disconnected components rather than forming a responsive knowledge-action system. The AI-ESS overcomes
these limitations by creating a unified implementation-monitoring framework that continuously learns from outcomes. It
directly connects intervention execution with real-world observations—tracking everything from urban green space expansion
to carbon sequestration in restored forests—and automatically analyzes whether observed changes align with intervention
goals. By applying causal inference techniques, it distinguishes genuine policy impacts from external influences like economic
shifts or climate variability. When interventions underperform, the system doesn’t just flag problems but proposes specific
adjustments: redirecting funding to struggling regions, modifying implementation timelines based on seasonal constraints, or
scaling successful pilot projects to broader geographic areas. This transforms sustainability action from a rigid, sequential
process into an adaptive practice that continuously refines strategies based on their measurable impacts on human well-being
and planetary boundaries.

lllustrative examples
Assessments of extreme weather impacts on renewable energy production.
A pivotal application of the AI-ESS is a collaborative human-AI framework for conducting end-to-end assessments of extreme
weather impacts on renewable energy production!?’. As shown in Figure 3a, a human scientist first posits a high-level research
topic, such as investigating the complex relationship between escalating extreme weather events and the stability of renewable
energy systems. The AI-ESS then operationalizes this inquiry by autonomously executing a detailed research pipeline. The
pipeline begins with an automated review of scientific literature, where the investigation agent identifies critical research gaps,
such as analyses with low spatial resolution, i.e., province level'%'-192 or country level'?3, or less representativeness of the
used assessment models for energy yield in actual power plants'®* 10> To address these limitations, the hypothesis agent
formulates a hypothesis and designs a comprehensive analysis plan. Then, a data collection agent conducts iterative collection
and fusion of multi-source data, including satellite remote sensing images'?® and historical reanalysis data'?’-1%%_ Based on
these data, the processing agent utilizes remote sensing detection models to precisely identify power plant locations'?”, and
extracts corresponding extreme weather events at these locations. It further leverages advanced tools like Physics-Informed
Neural Networks (PINNs) for predicting renewable power supply during extreme weather events''”. To estimate the impacts of
extreme weather on renewable energy production, an analysis agent computes the spatial-temporal distribution and fluctuations
in power production, and summarizes the results in a report, which is further evaluated by a critic agent. The provided feedback
serves as guidance for updating and improving this workflow. Final results are double-checked with human experts.
Employing an Al Scientist paradigm, rather than merely using Al as a tool, is critical for tackling such a complex problem.
First, it autonomously synthesizes specialized knowledge and methodologies from disparate fields. In the given example, this
entails fusing computer vision for asset detection, climate science for weather projections, and power engineering data, whose
cross-disciplinary integration is challenging for domain experts. In addition, it dramatically accelerates scientific discovery
by automating the entire iterative loop. The system rapidly generates, cross-verifies, and refines its hypotheses, while human
intervenes and check only at a few critical steps in the whole loop.
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Construction of global mitigation pathways.

As illustrated in Figure 3b, AI-ESS can construct global mitigation pathways by replacing the traditional IAM approach with an
autonomous agentic workflow. Beginning from human-specified mitigation goals, a scenario-framing agent first formalizes the
scenario definition by gathering and synthesizing relevant information from IPCC and related assessments. This includes SSP
socioeconomic trajectories and policy constraints such as carbon-price schedules, emission caps, and technology-deployment
limits. These elements collectively define the boundary conditions under which mitigation pathways must be generated. In
the second stage, a literature-review agent analyzes existing IAM studies and empirical evidence to identify which domain
components—typically economic activity, energy-system transitions, and land-use dynamics—are required to represent the
scenario, and to determine the key variables governing interactions among these components (e.g., energy demand, technology
costs, emissions factors). Building on this, a modeling agent selects appropriate domain models from established IAM families
such as MESSAGEix!!! for energy-system and technology-substitution dynamics, and simplified climate-response models
such as MAGICC'!? or FaIR!'3. When beneficial, the modeling agent can also construct Al-based surrogate components'!'* to
accelerate computationally intensive modules or better capture nonlinear interactions between system components. During the
third stage of pathway solving, an optimization agent formulates and solves the high-dimensional, multi-objective optimization
problem implied by the configured IAM. Depending on the computational context, it may adopt reinforcement learning' '3,
generative diffusion models''®, or hybrid approaches—for example, generating diverse candidate pathways using generative
models and subsequently applying reinforcement learning to refine them toward scenario-specific objectives. In the next
stage, a climate-evaluation agent processes the resulting emissions trajectories through climate-response models to compute
atmospheric concentrations, radiative forcing, and temperature outcomes. A critic agent then assesses whether the generated
pathways satisfy the specified mitigation targets and remain internally consistent. If deviations or structural inconsistencies are
detected, the critic agent localizes the source—such as conflicting scenario inputs, unstable module interactions, or suboptimal
optimization choices—and routes corrective feedback to the appropriate upstream stage. Once mitigation goals are satisfied, a
synthesis agent consolidates the resulting mitigation pathways and evaluates their sectoral transitions, feasibility characteristics,
and technology requirements. These synthesized outputs form the basis for expert interpretation and final refinement.

A key advantage of AI-ESS is its ability to discover new, previously unreachable mitigation pathways. Traditional IAMs
generate only a limited set of solutions because scenarios must be manually specified and solved individually, whereas current
limited explorations using generative AI’® merely sample around existing IAM outputs. By autonomously constructing
scenarios and solving the underlying high-dimensional optimization problems, AI-ESS expands the feasible pathway space
itself, enabling the identification of valid mitigation trajectories that neither manual IAM workflows nor data-driven generative
models can produce.

Comprehensive monitoring and evaluation of sustainable development progress
A transformative application of AI-ESS is its capacity to conduct end-to-end, comprehensive evaluation of global sustainable
development progress across all 17 SDGs and 232 indicators. As illustrated in Figure 3c, a sustainability policymaker
begins by setting a broad evaluation objective: understanding the holistic progress and interconnections across all Sustainable
Development Goals at national and subnational scales. The AI-ESS system then executes an integrated four-stage pipeline
that transforms fragmented monitoring into a unified assessment framework. The pipeline begins with the Data Agent
autonomously discovering, integrating, and quality-assessing multimodal datasets from satellite observations, socioeconomic
statistics, environmental sensors, and administrative records. This agent constructs a dynamic metadata knowledge base with
RAG capabilities, enabling intelligent data discovery that addresses critical coverage gaps—particularly in regions where
68% of traditional SDG indicators cover less than half of countries and 51% lack updates beyond 2015. Next, the Indicator
Parsing Agent automatically interprets the textual definitions of all 232 SDG indicators, mapping each to required variables,
computational formulas, and statistical methodologies. This agent resolves semantic ambiguities and identifies cross-indicator
dependencies that human analysts typically miss when working with isolated metrics. The third stage employs the Indicator
Engine Agent to perform precise calculations at unprecedented spatial resolution (30-meter grid cells) while addressing missing
data through Earth system foundation models that perform spatial interpolation, temporal extrapolation, and proxy variable
construction. Unlike conventional reports that analyze fewer than 20 indicators, this system quantifies over 200 indicators with
uncertainty estimates for each calculation. Finally, the Evaluation Agent synthesizes these results into actionable insights by
building a policy knowledge base from global sustainability initiatives, applying causal inference methods to attribute indicator
changes to specific interventions, and constructing an SDG digital twin for simulating future scenarios under different policy
combinations. The system automatically generates region-specific reports highlighting not only progress patterns but also
identifying synergistic and conflicting goal interactions, such as how water conservation policies in one region affect energy
security and food production in connected systems.

This comprehensive monitoring paradigm fundamentally transforms sustainability assessment from fragmented reporting
to integrated systems analysis. By processing the full spectrum of SDG indicators simultaneously with causal attribution
capabilities, the AI-ESS reveals hidden interconnections and trade-offs that isolated indicator tracking cannot detect. The
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system’s ability to maintain high-resolution analysis across all goals enables policymakers to identify leverage points where
targeted interventions create cascading positive effects across multiple sustainability dimensions, while avoiding siloed
approaches that optimize single indicators at the expense of systemic resilience. This represents a critical advancement toward
truly integrated sustainability governance that matches the complexity of Earth’s coupled human-natural systems.

Challenge and Open Questions

The proposed AI-ESS framework fundamentally embodies abductive reasoning, a form of logical inference that seeks the best
explanation for observed phenomena'!”. As defined by C.S. Peirce as "the only logical operation which introduces any new
idea," abduction generates plausible hypotheses that, if true, would account for surprising or anomalous observations. Unlike
deduction or induction, abduction is inherently creative and explanatory—the cognitive mechanism through which scientists
propose novel causal mechanisms and develop new theories. The AI-ESS framework operationalizes abduction through its
Hypothesis Proposal Agent, which synthesizes vast interdisciplinary knowledge to identify plausible causal mechanisms.
Advanced AI approaches for hypothesis search across large microlevel spaces””’ enable the agent to explore hypothesis
spaces far beyond human limitations, considering non-obvious cross-domain connections and complex feedback mechanisms
that individual researchers might overlook. For instance, whereas a human climate scientist might propose teleconnection
mechanisms based primarily on atmospheric dynamics, an Al agent could simultaneously consider coupled ocean-atmosphere-
cryosphere pathways, biogeochemical feedbacks, and socioeconomic factors. However, abductive reasoning requires first
recognizing that something puzzling has occurred—that current theories fail to explain observed patterns. Developing robust
anomaly detection capabilities in Al scientists'!® is therefore essential for complete autonomous discovery. More crucially,
this requires distinguishing between theoretically significant anomalies that indicate novel physical mechanisms and spurious
patterns arising from random noise, measurement errors, or statistical artifacts. An Al scientist must possess the domain
knowledge to recognize when an anomaly violates fundamental theoretical expectations versus when it represents mere data
variability.

The integrity of an Al Scientist is fundamentally bounded by the representativeness of its training data. While datasets are
abundant for the Northern Hemisphere and terrestrial regions, critical gaps persist in the Global South, the deep ocean, and polar
regions''%~122, For example, a machine learning-enhanced analysis of over 100,000 studies illustrates a systematic attribution
gap where robust evidence for attributable impacts is twice as prevalent in high- compared to low-income countries globally'!°.
Al scientists accessing such skewed repositories risk developing systematic neglect of under-represented regions’® and failing
to identify mechanisms in data-sparse environments that may hold the key to global sustainability. Beyond data limitations,
according to Goodhart’s Law—which states that when a measure becomes a target, it ceases to be a good measure—AI
agents entrusted with autonomous discovery and validation tasks may exhibit unexpected biases in goal-setting and reasoning
processes'>3. When optimization metrics become explicit objectives, Al systems may exploit shortcuts that satisfy these metrics
superficially while undermining genuine scientific insight. This tendency can amplify existing inequities, increasing the risk
of climate injustice in designing mitigation strategies that inadvertently favor well-documented regions over vulnerable but
under-represented communities'>*. Moreover, the absence of clear accountability frameworks risks creating a trust crisis
where the public and policymakers question the validity of Al-generated scientific conclusions'?. To address these challenges,
human-in-the-loop accountability mechanisms are essential, ensuring that AI-ESS leverages computational power for discovery
while maintaining scientific rigor and serving global climate justice.

In the framework and case studies outlined, AI-ESS is better suited as a collaborative partner within human-AlI scientific
teams rather than a standalone solution. This human-Al synergy has already yielded surprising insights in mathematical
research!?® and holds untapped potential for investigating Earth systems. Effective collaboration hinges on AI’s ability to
convey its understanding to human experts, emphasizing the necessity of a scientific understanding test aimed at narrowing
the gap between human and Al scientists'?’. From the perspective of autonomous scientific discovery in ESS, human-AI
collaboration addresses inherent complexities that neither can fully tackle alone. While Al excels at exploring vast hypothesis
spaces and identifying non-obvious patterns across heterogeneous datasets, human scientists provide irreplaceable domain
expertise in recognizing physically meaningful anomalies, constraining hypotheses with theoretical principles, and interpreting
results within broader scientific contexts. From the perspective of accelerating sustainability transformations, human-Al
collaboration ensures scientific discoveries translate into equitable and actionable solutions. Al-driven processes risk optimizing
for computational efficiency or statistical significance over social justice and ecological integrity. Human oversight redirects
Al toward research questions relevant to vulnerable communities, incorporates local and indigenous knowledge absent from
formal datasets, and evaluates interventions against ethical criteria beyond technical feasibility.
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Figure 1. Conceptual framework of the Al Earth System Scientist (AI-ESS). Earth system science defines the scientific
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Figure 3. Three examples showcasing AI-ESS’s capability in accelerating sustainability transformations. (a) Assessments of
climate impacts on renewable energy. (b) Construction of global mitigation pathways. (c) Comprehensive monitoring and

evaluation of sustainable development progress.
18/18



	References

