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Abstract

Computational models are central to Earth and space science, from land surface1

hydrology and atmospheric dynamics to ocean circulation and space weather pre-2

diction. Yet their development and use remain confined to small communities of3

specialists who can navigate codebases of 200,000 or more lines of Fortran and4

C. The vast majority of domain scientists, those with deep expertise in hydrol-5

ogy, biogeochemistry, atmospheric dynamics, cryosphere physics, space plasma6

physics, or related fields, lack the software engineering skills to modify, configure,7

or confidently run these models. As a result, they are restricted to qualitative obser-8

vations rather than the rigorous quantitative simulations their research demands.9

We propose two complementary responses. First, a simple protocol that constrains10

AI-assisted model development by inheriting the hierarchical, process-oriented11

workflow already practiced in physical model work: grounded repository tracing,12

component-level tests, conservation and bounds checks, and mandatory expert13

review before acceptance of AI-mediated modifications. Second, an AI-native14

ecosystem that allows domain scientists to design, execute, and analyze simulations15

entirely through natural language interaction with AI coding agents, removing the16

software engineering barrier without compromising scientific rigor. The protocol17

and ecosystem are illustrated using Earth System Models but apply to any compu-18

tational science codebase where physical correctness must be preserved: weather19

prediction, ocean modeling, space weather simulation, hydrology, and beyond.20

1 Protocol21

Premise. Physical model development already follows a disciplined structure: scientists isolate a22

process, identify the responsible component, modify the relevant code path, run targeted diagnostics,23

and only then evaluate coupled behavior. Climate-model assessment is similarly hierarchical, with24

component-aware and process-aware evaluation preceding broad claims about full-system skill [1–3].25

The same discipline governs ocean models, space weather codes, and hydrological frameworks:26

changes must be validated at the process level before being trusted in coupled configurations. We27

argue that AI development for scientific modeling should inherit this protocol instead of bypassing it.28

Step 1: define the scientific target. Every AI task should begin with an expert-specified process ques-29

tion such as runoff generation, boundary-layer turbulence, sea-ice thermodynamics, land-atmosphere30

flux exchange, magnetospheric reconnection, or ionospheric electron density evolution. The unit of31

work is not “improve the model,” but “inspect or modify the mechanism responsible for this process.”32

Step 2: ground the task in repository structure. The AI system must map the scientific target33

onto actual model interfaces: documentation, namelists or parameter tables, driver code, component34

modules, and diagnostics [4–6]. This is realistic in current repositories. Noah-MP separates docs,35

Submitted to 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Do not distribute.



drivers, parameters, src, and utility logic; WRF exposes distinct physics, registry, run, and test36

layers; E3SM separates components, drivers, configuration, and shared test infrastructure. Space37

weather codes such as BOUT++ similarly organize physics modules, input configurations, and38

diagnostic outputs into navigable layers [7]. This structure should guide the agent’s search space.39

Step 3: run hierarchical checks before coupled claims. Proposed AI changes should first pass the40

narrowest appropriate checks: compilation, smoke tests, unit or component tests, and process-oriented41

diagnostics. Only after these pass should the workflow escalate to coupled or longer integrations.42

This mirrors how physical models are debugged in practice, whether in land surface, atmosphere,43

ocean, or magnetosphere codes, and limits silent scientific failure [8].44

Step 4: require physical validity checks. Success cannot be defined by compilation or benchmark45

completion alone. Expert-designed checks such as conservation (mass, energy, momentum, magnetic46

flux), boundedness, stability, and regime-specific diagnostics must be explicit acceptance criteria [4, 9].47

In Noah-MP, AI-assisted edits should remain tied to existing balance-check logic. In ocean models,48

AI must verify tracer conservation. In space weather codes, AI must preserve divergence-free49

magnetic field constraints. The principle is universal: the physics dictates the acceptance test.50

Step 5: preserve expert sign-off through structured review. The final decision remains with51

domain scientists. AI can accelerate localization, explanation, patch drafting, and test execution,52

but it should not decide that a scientifically consequential change is correct. Concretely, every53

AI-mediated modification should produce a review artifact: a pull request or equivalent that contains54

the proposed diff, the validation results from Steps 3–4, and a plain-language summary of what was55

changed and why. A domain expert must approve this artifact before the change enters any shared56

branch. This mirrors existing community governance in projects like CESM and E3SM, where code57

changes require reviewer approval before merging [10, 11]. The protocol is therefore human-led and58

AI-assisted by design.59

2 Ecosystem: AI as the Interface to Computational Science60

The protocol above governs how AI should behave when modifying model code. But limiting AI to61

the developer workflow misses a larger opportunity. The deeper problem across computational Earth62

and space science is not that model development is slow; it is that the models are inaccessible to most63

of the scientists who need them.64

The accessibility gap. Consider the current landscape. Earth System Models such as Noah-MP,65

WRF, CESM, E3SM, and MOM6 are written in Fortran or C, with codebases ranging from tens66

of thousands to hundreds of thousands of lines [12, 5, 6, 13, 14]. The same is true for ocean67

models, coupled hydrology frameworks like ParFlow [15], and space weather codes. Learning to68

use any one of them requires attending specialized tutorials, workshops, or short courses [16–22].69

Entry is competitive and expensive. The WRF tutorial is strictly limited to 60–70 participants per70

session [16]. The CESM tutorial selects approximately 80 students from a larger applicant pool [17].71

Professional short courses for integrated modeling can exceed $1,100 in registration fees [22]. Even72

after training, the gap between understanding a model conceptually and being able to modify its code,73

configure its parameters, interpret its outputs, and debug its failures remains vast. A hydrologist who74

understands infiltration excess runoff at the equation level may still be unable to change a single75

parameterization option in Noah-MP without weeks of code archaeology. A space physicist who76

derives magnetohydrodynamic equations on a whiteboard may be unable to add a new boundary77

condition to a simulation code.78

What an AI-native ecosystem would look like. We envision a pipeline where domain scientists79

interact with computational science codes entirely through natural language, mediated by AI coding80

agents such as Claude Code [23], Gemini CLI [24], or similar tools. The pipeline would test whether81

AI can:82

1. Translate hypotheses into configurations. A scientist states a high-level research question83

(“How does switching from a simple water table scheme to the MMF aquifer model affect84

baseflow in arid regions?” or “What happens to ring current dynamics if we double the85

plasmasphere refilling rate?”), and the AI translates this into the concrete parameter files,86

namelist changes, or code modifications required to set up the experiment.87

2



2. Prepare and validate input data. In practice, 60–70% of the effort in a modeling study is not88

code modification but data preparation: acquiring and reformatting meteorological forcing data,89

soil and land cover parameters, initial and boundary conditions, and observational datasets for90

calibration [25, 26]. The AI should assist with downloading, regridding, quality-checking, and91

formatting these inputs, and flag mismatches between forcing data resolution, model grid, and92

simulation period before the run begins.93

3. Autonomously debug runtime errors. Model compilation and execution are notoriously fragile94

across platforms. The AI handles environment configuration, library dependencies, compiler flag95

issues, segmentation faults from out-of-bounds arrays, and the cascading failures that routinely96

block non-expert users for days or weeks.97

4. Process outputs into scientific visualizations. Raw model outputs (typically NetCDF files98

containing hundreds of variables across space and time) must be post-processed into meaningful99

diagnostics: spatial maps, time series, vertical profiles, budgets, and regime-conditional analyses.100

The AI should produce accurate, publication-quality visualizations directly from natural language101

descriptions of what the scientist wants to see.102

5. Guide experimental design without hallucinating physics. The AI helps scientists design103

controlled experiments, explains the physical assumptions behind different parameterization104

options, and identifies potential confounders, all without fabricating mechanisms or citing105

nonexistent literature. This is where the protocol (Section 1) becomes essential: the AI’s106

guidance must be grounded in the actual model code and documentation, not in plausible-107

sounding but unverifiable claims.108

Measuring success. The ecosystem’s value should be measured by outcomes that matter to working109

scientists: (a) reduction in time-to-experiment, from weeks or months of setup to hours of interactive110

sessions; (b) accuracy of AI-generated configurations, verified against expert-prepared reference111

configurations; (c) reliability of autonomous debugging, measured by the fraction of common build112

and runtime errors resolved without human intervention; and (d) scientific correctness of the AI’s113

explanations and experimental guidance, evaluated by domain experts for factual accuracy and114

absence of hallucinated mechanisms.115

The Fortran gap. A practical obstacle deserves explicit acknowledgment. The vast majority of116

Earth System Models and space weather codes are written in Fortran, a language dramatically117

underrepresented in LLM training corpora relative to Python or JavaScript [27, 28]. Current AI118

coding agents produce syntactically invalid Fortran at substantially higher rates than for mainstream119

languages, particularly around array semantics, intent declarations, module interfaces, and implicit120

typing. The protocol’s hierarchical checks (Step 3) partially mitigate this by catching compilation121

failures early, but the ecosystem must also adopt compiler-in-the-loop validation: every AI-generated122

Fortran edit should be compiled and tested before being presented to the scientist, not after.123

3 Example, Scope, and Implication124

A concrete example. Consider surface runoff parameterization in Noah-MP. A scientist wants to com-125

pare VIC-style and TOPMODEL-style runoff schemes [29]. In the current workflow, this requires un-126

derstanding how the option propagates through ConfigVarType.F90, NoahmpReadTableMod.F90,127

NoahmpTable.TBL, and the relevant RunoffSurface*Mod.F90 implementations [4]. Under the128

AI-native ecosystem, the scientist simply describes the comparison in natural language. The AI,129

constrained by the protocol, traces the option through the repository, prepares a narrowly scoped con-130

figuration change, runs short validation and balance checks, and presents the results as interpretable131

diagnostics. The scientist reviews the AI’s work at each stage, retaining full scientific authority while132

being freed from the software engineering burden.133

Scope: anywhere there is code, there is AI. The protocol and ecosystem are not limited to134

Earth System Models. Any computational science domain where large legacy codebases encode135

physical knowledge faces the same accessibility barrier: space weather models (SWMF, BATS-136

R-US, BOUT++), hydrological frameworks (SUMMA, ParFlow), ocean models (MOM6, NEMO,137

POP), atmospheric chemistry models, seismic wave propagation codes, and astrophysical simulation138

packages. The common pattern is a codebase that is physically rich but software-engineering-intensive,139
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maintained by a small group but needed by a much larger scientific community. Wherever this pattern140

holds, the protocol provides the safety constraints and the ecosystem provides the accessibility bridge.141

Implication. The combination of protocol and ecosystem redefines both who can do computational142

science and how it is done. The protocol ensures that AI-assisted development remains trustworthy,143

auditable, and physically grounded. The same staged logic (scientific intent → repository grounding144

→ component validation → coupled evaluation → expert judgment) transfers across repositories145

because these codebases are already organized around components, drivers, configurations, and146

validation artifacts [30, 5, 6]. The ecosystem removes the software engineering barrier that currently147

excludes the majority of domain scientists from computational investigation. If a hydrologist can run148

a controlled Noah-MP experiment through conversation rather than code, a biogeochemist can set149

up a CESM carbon cycle perturbation without learning Fortran, and a space physicist can modify150

a magnetosphere boundary condition without mastering C++, then the community of scientists151

who can do rigorous quantitative analysis expands by an order of magnitude. Benchmarks such as152

ESM-BENCH can then evaluate not only whether an agent changed code correctly, but whether it153

enabled a scientist to go from hypothesis to result without sacrificing physical correctness [31].154
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