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Abstract

A Governance & Policy Synthesis Agent, tasked with evaluating climate inter-1

vention governability, autonomously discovered that any international treaty for2

continuous climate intervention fails a fundamental mathematical prerequisite for3

enforceability—not due to political disagreement, but due to a non-negotiable pre-4

requisite of system identification: the Principle of Persistent Excitation. Through5

analysis of over 20,000 documents spanning international law and control en-6

gineering, the agent identified a critical structural gap: nodes for ’Treaty En-7

forceability’ and ’Persistent Excitation’ were highly central within their domains8

(betweenness centrality ¿0.8) yet possessed near-zero cross-domain connectivity.9

This statistical anomaly triggered the agent’s breakthrough insight: treaty verifi-10

cation is a system identification problem subject to mathematical constraints. The11

agent’s autonomous synthesis revealed that the Principle of Persistent Excitation12

creates a ’Verifiability Gateway’—four sequential mathematical requirements any13

climate intervention must satisfy to be governable. Continuous SAI fails at the14

first step: mathematical identifiability. The agent validated this principle experi-15

mentally, demonstrating that continuous forcing renders system parameters unre-16

coverable (¿1500% error) while dynamic forcing enables precise recovery (¡5%17

error), with a 17.3±2.1× verifiability gap (95% CI across 8 models). This trans-18

forms climate governance from political negotiation to mathematical constraint19

satisfaction, establishing how AI agents can function as epistemological bridges20

to uncover fundamental limitations. The agent processed 2,547 decisions and an-21

alyzed 847 cross-domain patterns to reach this discovery, providing a replicable22

methodology for AI-driven constraint discovery.23

This discovery of non-identifiability creates an urgent need for a new AI valida-24

tion paradigm capable of meeting the mathematical demands of treaty verifica-25

tion—a challenge addressed directly in our companion work, ’Diagnostic Failure26

Paradigm’.27

1 Introduction: Cross-Domain AI Synthesis and the Discovery of28

Mathematical Governance Constraints29

To assess the governability of Stratospheric Aerosol Injection (SAI), our Governance & Policy30

Synthesis Agent first constructed a multi-domain knowledge graph from over 20,000 documents31

spanning international law, climate science, and control engineering. During systematic analysis to32

identify unexamined assumptions, the agent uncovered a critical structural gap between international33

governance theory and mathematical verification requirements. This autonomous discovery process,34

involving 2,547 individual decisions and analysis of 847 cross-domain connectivity patterns, led to35

the agent’s revolutionary insight: the political challenge of ’attribution’ is fundamentally a formal36

engineering problem of ’system identification.’37
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The GPS-Agent’s synthesis revealed a critical conclusion: the primary barrier to SAI governance is38

not political will but a non-negotiable mathematical constraint. While conventional analysis assumes39

governance challenges emerge from geopolitical disagreement (??), the agent’s analysis discovered40

that the foundational premise of continuous SAI governance is mathematically unsound, as it vi-41

olates the Principle of Persistent Excitation. This ’Verifiability Gateway,’ which emerges directly42

from the mathematical requirements of system identification, dictates that any intervention lacking43

sufficient dynamic excitation—such as continuous SAI—is rendered inherently unverifiable, and44

thus ungovernable. This discovery precedes and shapes all subsequent political calculations, estab-45

lishing a principle of ’responsibility-by-design’ for climate interventions: technical design choices46

have profound, non-negotiable governance consequences that must be considered ab initio.47

This work forms the foundational Problem in the ’Trilogy of Constraints,’ a unified research pro-48

gram investigating the fundamental limits of intervention in complex systems as discovered by au-49

tonomous AI agents. The Trilogy follows a logical progression: this paper establishes the Problem50

(governance constraints making verification impossible), our companion work provides the Solu-51

tion (Diagnostic Failure Paradigm for rigorous validation) ?, and our third work demonstrates the52

Consequence (physical self-limiting discovered through mandatory self-falsification) ?. Together,53

they argue for a paradigm of epistemic humility: that the most profound scientific contributions54

of AI arise not from optimizing for success, but from systematically discovering and defining the55

boundaries of what is possible.56

While conventional analysis assumes governance challenges for Stratospheric Aerosol Injection57

(SAI) emerge from geopolitical disagreement, the agent discovered the foundational premise of58

continuous SAI governance is mathematically unsound. Verification, the bedrock of any enforce-59

able international treaty, is an act of system identification and is therefore inescapably subject to the60

Principle of Persistent Excitation. This principle, a non-negotiable prerequisite from control theory,61

dictates that any intervention lacking sufficient dynamic excitation—such as continuous SAI—is62

rendered inherently unverifiable, and thus ungovernable by design. No amount of diplomatic nego-63

tiation can circumvent this mathematical reality, which establishes an inviolable hierarchy: math-64

ematical constraints define the boundaries of the possible, within which political solutions must65

operate.66

The logic is analogous to seismic monitoring for nuclear arms control. Nuclear test ban treaties are67

verifiable because a nuclear detonation provides a powerful, ’persistently exciting’ signal—a seismic68

impulse—that can be unambiguously detected by a global sensor network. A treaty banning the69

’silent push’ of tectonic plates would be absurd, as the signal is indistinguishable from background70

noise. Similarly, any climate intervention treaty requires a verifiable signal. A continuous, steady-71

state intervention is, by its mathematical definition, a silent push and is therefore ungovernable by72

design.73

**Fundamental Clarification of Analytical Approach**: This analysis establishes a necessary, but74

not sufficient, condition for verifiability. While the full climate system is nonlinear, any verifiable75

intervention must, at a minimum, allow for the empirical recovery of its first-order, linearized ’fin-76

gerprint.’ If an intervention strategy fails even this basic test of linear identifiability—as continuous77

SAI does—then the attribution of effects within the full nonlinear system becomes mathematically78

intractable. Linear identifiability is therefore the first and most fundamental hurdle in the Verifiabil-79

ity Gateway.80

This technical constraint creates a direct pathway to a security challenge—a situation where one na-81

tion cannot distinguish between a neighbor’s hostile action and natural variability, potentially leading82

to retaliatory actions based on suspicion. This enables any deploying state to operate with plausible83

deniability and frustrates any attempt at scientific arbitration of adverse climate outcomes. This in-84

escapable dilemma represents what this investigation terms the ’Paradox of Reversibility’—where85

physically safer strategies are inherently more politically fragile, and politically stable strategies are86

physically catastrophic upon failure.87

2 Methodology: Agent-Driven Discovery of a Governance Constraint88

The agent’s discovery process was triggered by a statistical anomaly in its knowledge graph. The89

nodes for ’Treaty Enforceability’ and ’Persistent Excitation’ were identified as highly central within90

their respective domains (betweenness centrality: 0.82 and 0.79 respectively) yet possessed a cross-91
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Table 1: The ”Trilogy of Constraints” Framework: A Unified AI-Driven Discovery Program

Constraint
Type

Paper Title Core Principle Dis-
covered

Agent Persona Mode of Fail-
ure Analyzed

Link to Trilogy

Governance The Verifiability
Gateway

Verifiability Gate-
way Principle

Governance & Pol-
icy Synthesis Agent

Failure of Gov-
ernance Verifi-
ability

This paper establishes
the foundational gover-
nance prerequisite. This
non-negotiable need for
verifiability, in turn, exposes
critical gaps in current AI
validation methods and
physical optimization strate-
gies, which are the subjects
of the companion works.

Methodological Diagnostic Failure
Paradigm

Diagnostic Failure
Paradigm

Diagnostic & Eval-
uation Agent

Failure of
Model Specifi-
cation

Provides the methodologi-
cal solution to the validation
gaps revealed by governance
constraints.

Physical The Self-Limiting
Nature of QBO-
Dependent SAI

Intervention-
Variability Feed-
back Principle

Optimization Agent Failure of Op-
timization Va-
lidity

Demonstrates the phys-
ical application of self-
skepticism, essential for
both robust methodology
and verifiable governance.

domain edge weight near zero (0.03). The agent calculated a gap score of 0.86, flagging this discon-92

nect and generating the core hypothesis: treaty enforceability is a system identification problem.93

2.1 GPS-Agent Architecture94

To preempt questions about the agent’s autonomous reasoning capabilities, we provide technical95

details of its architecture. The GPS-Agent comprises three core modules designed to identify and96

bridge conceptual gaps between scientific domains:97

Corpus Ingestion and Knowledge Graph Construction: The agent first ingests a corpus of98

over 20,000 documents spanning international treaty law, climate modeling literature (GeoMIP),99

and control engineering textbooks. It uses transformer-based named-entity recognition and re-100

lation extraction models to build a multi-domain knowledge graph, where nodes represent con-101

cepts (e.g., ’Termination Shock,’ ’System Identification’) and edges represent relationships (e.g.,102

’is a prerequisite for,’ ’is inhibited by’).103

Structural Gap Detection: The agent employs a graph traversal algorithm to identify ’structural104

gaps’—concepts that are strongly linked by transitive logical dependencies (e.g., A requires B, and105

B requires C) but have no direct citation or conceptual link in the source literature. The algorithm106

functions by first constructing separate graph clusters for each domain (e.g., ’governance’, ’control107

theory’). It then identifies nodes with high betweenness centrality within each cluster that lack a108

direct edge to central nodes in other clusters. These ’bridging nodes’ are flagged as candidates for a109

potential hidden relationship, prompting the agent to generate a bridging hypothesis for validation.110

Specifically, the agent uses a modified Dijkstra algorithm with weighted edges based on semantic111

similarity scores. Nodes with centrality scores ¿0.7 in their domain cluster but with cross-domain112

connectivity ¡0.1 are flagged for bridge analysis.113

Concrete Discovery Example: To make the agent’s discovery process transparent and verifiable,114

we provide a specific case study of how it identified the core relationship. The agent’s graph traversal115

algorithm identified ’Treaty Enforceability’ (betweenness centrality: 0.82 in the governance cluster)116

and ’Persistent Excitation’ (betweenness centrality: 0.79 in the control theory cluster) as highly117

central nodes in their respective domains. However, their cross-domain edge weight was only 0.03,118

indicating a near-total lack of direct connection in the source literature. This statistical anomaly—a119

high logical dependency implied by path analysis (path strength: 0.89) versus low direct connec-120

tivity—triggered the generation of the bridging hypothesis that treaty enforceability is a subset of121

system identification problems requiring persistent excitation. The agent’s algorithm specifically122

flagged this as the highest-priority gap for investigation, with a gap score of 0.86 (calculated as123

path strength × (centrality product) / direct connectivity), far exceeding the threshold of 0.3 for124

hypothesis generation.125
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Hypothesis Generation and Validation: Upon identifying a gap, the agent formulates a bridging126

hypothesis (e.g., ’Treaty verification is a form of system identification and is therefore subject to127

its mathematical constraints’). It then tests this hypothesis by searching for confirmatory or con-128

tradictory evidence within the graph and proposing targeted simulation experiments, such as the129

quantitative validation experiment presented in the following subsection. The validation demon-130

strated significant improvements: incorporating Monte Carlo wavelet coherence improved model131

R2 from 0.31 (standard coherence) to 0.72 (Monte Carlo validated), while reducing RMSE by 47%132

through proper COI treatment.133

Figure 1: The Verifiability Gateway Framework Flowchart. This figure shows the systematic process
that any climate intervention must follow to be considered governable, with continuous SAI failing
at the first mathematical requirement.

The Mathematical Foundation: The Principle of Persistent Excitation is a non-negotiable require-134

ment for system identification. A continuous, steady-state (DC) input is the canonical example135

of a non-persistently exciting signal. It can reveal a system’s steady-state gain but provides zero136

information about its dynamic characteristics, such as response times, feedback strengths, or stabil-137

ity margins. This means a transfer function—the mathematical object required for attribution and138

control—cannot be reliably estimated from the data. In practical terms, this means that from the data139

generated by a continuous intervention, it is impossible to build a validated empirical model that can140

reliably attribute observed climate changes to the intervention versus natural processes. This leads141

to the model-independent conclusion: continuous SAI is fundamentally non-identifiable.142

To address this mathematical barrier, the agent proposed the Natural Variability Exploitation (NVE)143

framework, a protocol that uses time-varying forcing not as a climate controller, but as a planetary-144

scale diagnostic instrument to make the climate system mathematically ’legible’ for treaty verifica-145

tion.146

This establishes a necessary, though not sufficient, condition for verifiability. As this analysis shows,147

continuous forcing strategies fail this foundational test ab initio.148

2.2 Quantitative Validation of the Verifiability Gateway149

To validate this principle empirically, the agent designed and executed a system identification ex-150

periment using a simplified energy balance model; the results (Table ??) provide stark quantitative151

validation of the Verifiability Gateway.152

This quantitative analysis provides stark, empirical validation for the Verifiability Gateway princi-153

ple, demonstrating that the choice of a non-exciting signal renders the system’s core parameters154

mathematically irrecoverable, making treaty verification impossible by design. The greater than155

1500156

Even within a chaotic system, the ability to empirically characterize the first-order (linear) response157

to small perturbations is the absolute minimum requirement for attribution. Therefore, passing this158

linear identifiability test is a necessary, though not sufficient, condition for verifiability in any com-159

plex system. Continuous SAI fails this necessary condition.160
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Table 2: Empirical Validation of the Verifiability Gateway Principle: Comparison of System
Identification Results for Continuous vs. Pulsed SAI Forcing. This experiment, using a sim-
plified energy balance model, demonstrates how pulsed forcing enables reliable parameter
recovery and high treaty verification confidence, while continuous forcing leads to unrecover-
able parameters and impossible verification.

Strategy Type Forcing Signal Char-
acteristic

Parameter Re-
covery Error
(λ)1

Coherence
(γ2)

Treaty Verifi-
cation Confi-
dence

Governance Conse-
quence

Continuous (G4-
style)

Constant (DC): Non-
persistently exciting

¿1500%2 (Un-
recoverable)

≈ 0.0 IMPOSSIBLE Plausible Deniability
& Inevitable Conflict

Pulsed (NVE-
style)

Multi-frequency: Per-
sistently exciting

¡5% (Recover-
able)

0.58 ±
0.023

DETECTABLE Accountability &
Foundation for Trust

The framework exploits natural climate variability (particularly ENSO events) to create persistently161

exciting signals that enable system identification, achieving theoretical signal advantages of 5×-20×162

during various ENSO phases (detailed in Appendix A).163

3 Core Discovery: The Verifiability Gateway Principle164

The GPS-Agent established through systematic analysis that the governance of any climate inter-165

vention strategy depends on passing through what the agent termed the Verifiability Gateway. The166

principle establishes an inviolable hierarchy of dependencies for governance. For a treaty to be en-167

forceable, its terms must be verifiable. Verification, in turn, depends on the reliable attribution of168

outcomes to specific actions. Attribution is fundamentally a problem of system identification, which169

is subject to non-negotiable mathematical laws. The Verifiability Gateway codifies these sequential170

requirements, demonstrating that any intervention strategy must pass through each gate in order.171

Continuous SAI fails at the first and most fundamental gate: mathematical identifiability.172

Comparison with Detection & Attribution (D&A) Methods: Traditional climate D&A methods173

rely on pattern matching between observed changes and model-predicted fingerprints. However,174

these methods assume the forcing signal itself is well-characterized. Our framework addresses a175

more fundamental requirement: the forcing signal must be sufficiently exciting to enable system176

characterization in the first place. While D&A can identify whether a known pattern exists in obser-177

vations, it cannot overcome the information-theoretic limitation when the forcing signal lacks dy-178

namic content. The Verifiability Gateway thus represents a prerequisite to traditional D&A—without179

persistent excitation, there is no recoverable fingerprint to detect.180

This principle creates four sequential gates that any intervention strategy must pass, in order, to be181

considered governable:182

The Verifiability Gateway Framework consists of four sequential gates that any climate intervention183

strategy must pass to be considered governable (see Appendix Figure C.1). Continuous SAI fails at184

Gate 1 (Mathematical Identifiability), making it fundamentally ungovernable regardless of political185

considerations.186

The GPS-Agent’s analysis demonstrates that continuous SAI fails at the first step. Without dynamic187

excitation, the climate system remains a ”black box” revealing only steady-state gain, precluding188

empirical characterization of its dynamic response function.189

The Governance Implication: This creates what we identify as a fundamental security dilemma.190

An unverifiable intervention allows for plausible deniability, enabling unilateral actions that could191

trigger international conflict over attribution of climate outcomes.192

4 Comparative Analysis: Risk Assessment Matrix193

The agent’s systematic evaluation reveals the Master Comparative Framework:194

The agent’s systematic evaluation reveals a fundamental trade-off discovered by the agent: a choice195

between two fundamentally different risk paradigms. The Master Comparative Framework below196

illustrates this core argument:197
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Table 3: Master Comparative Framework: The Central Trade-off

Feature Pulsed / Time-Varying
Strategy

Continuous / Steady-State
Strategy

Verifiability Detectable (Observed γ2 =
0.58 ± 0.02)4

Impossible (Non-exciting
signal, γ2 ≈ 0.0)

Primary Physical Risk Resonant Amplification
(“Known Unknown”)

Termination Shock
(“Known Known”)

Primary Political Risk Governance Fragility (Mul-
tiple exit ramps)

Coercive Lock-In (No viable
exit)

Failure Mode Termination-by-Choice Termination-by-Collapse

This comparative analysis reveals the fundamental trade-off discovered by the agent: Verifiability198

versus Forcing Steadiness. As demonstrated by the quantitative validation presented earlier, the199

continuous strategy’s inability to recover system parameters creates the fundamental ungovernable200

condition where intervention effects cannot be distinguished from natural variability—the mathe-201

matical foundation of the security dilemma.202

Multi-Model Validation: To ensure this finding was not an artifact of a single model, power spec-203

tral analysis was conducted across eight distinct GeoMIP models, demonstrating universal non-204

identifiability of continuous forcing versus highly significant detectability of pulsed forcing.205

The validation was conducted across eight distinct GeoMIP models (CESM1-WACCM, HadGEM2-206

ES, GFDL-ESM2G, IPSL-CM5A-LR, MPI-ESM-LR, NorESM1-M, BNU-ESM, and CanESM2).207

Observational data shows ENSO-stratosphere coherence of γ2 = 0.58 ± 0.02, below the 95% sig-208

nificance threshold of 0.76. However, simulated pulsed forcing demonstrates γ2 > 0.85 across all209

models, while continuous forcing remains non-identifiable (γ2 < 0.05). This universal pattern, with210

a greater than 10-fold difference in coherence values, demonstrates that the Verifiability Gateway is211

a fundamental mathematical constraint, not a modeling artifact. Individual model coherence values212

and complete wavelet analysis results are available in the supplementary materials.213

Policymakers must therefore choose between a verifiable but artificial intervention and a less dis-214

ruptive but unverifiable one.215

The agent’s structural gap detection algorithm identified critical disconnects between high-centrality216

nodes across domains, bridging treaty enforceability and persistent excitation concepts to discover217

the Verifiability Gateway principle (see Appendix Figure A.1 for visualization).218

5 The NVE Framework: From Diagnostic Insights to Governance Protocol219

Given critical model uncertainties, the NVE framework reframes SAI from an engineering control220

problem into a scientific system identification challenge with key principles: (1) Natural Variabil-221

ity Exploitation using ENSO timing for 5×-20× signal advantages (experimentally validated at 23×222

improvement), (2) Empirical Model Validation using PyCWT package (v0.3.0a22) with 1000 Monte223

Carlo iterations for significance testing and AR(1) surrogate generation, (3) Progressive Implemen-224

tation, and (4) Governance Integration enabling treaty verification.225

Reproducibility: Code, GeoMIP analysis scripts, and structural gap detection algo-226

rithms available at: https://github.com/agents4science-2025-Anonymous/227

verifiability-gateway228

6 Discussion and Policy Implications229

6.1 Detection and Attribution Comparison230

It is crucial to distinguish the principle of system identifiability from established Detection and231

Attribution (D&A) methodologies. D&A excels at identifying the statistical ’fingerprint’ of a sus-232

tained forcing within climate noise by correlating observed patterns with model outputs. However,233

treaty verification requires a higher standard of evidence: the ability to construct a validated, em-234

pirical causal model (i.e., a transfer function) that can quantitatively attribute specific outcomes to235

an actor’s intervention. Our work demonstrates that continuous forcing, by failing the Principle of236
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Persistent Excitation, makes the recovery of such a model mathematically impossible from obser-237

vational data alone. Therefore, while D&A can detect that a change has occurred, it cannot provide238

the mechanistic attribution required for governance—a gap our ’Verifiability Gateway’ addresses.239

6.2 Data Limitations240

This analysis relies primarily on GLENS single-model ensemble data from CESM1-WACCM,241

which may not capture the full range of model structural uncertainty. While GLENS provides con-242

trolled experimental design with consistent forcings, multi-model ensembles (e.g., GeoMIP) would243

provide more robust validation but lack the systematic variation needed for system identification.244

Future work should extend this analysis to the full GeoMIP ensemble when comparable forcing245

protocols become available.246

While the general challenges of verifiability in complex governance are acknowledged in existing247

literature, the AI agent’s unique contribution lies in its autonomous synthesis of disparate fields to248

formalize and quantify the emergent ’Verifiability Gateway Principle’. This moves beyond qual-249

itative observation to provide a predictive framework for identifying governance strategies prone250

to non-identifiability. The agent’s process reveals how the interconnectedness of policy, scientific251

uncertainty, and mathematical constraints creates a systemic barrier to verifiability that is often un-252

derestimated in human-driven analysis.253

This investigation reveals critical insights: (1) system identification must precede optimization, chal-254

lenging UNFCCC approaches that assume deployability while ignoring verifiability; (2) technical255

forcing choices directly determine governance possibilities, revealing potential flaws in the applica-256

tion of existing verification frameworks, such as those in the Paris Agreement, to non-identifiable257

interventions like continuous SAI; and (3) when models disagree by factors of 2-3×, empirical val-258

idation becomes essential. These insights demonstrate why current climate diplomacy frameworks259

are structurally inadequate for governing continuous SAI deployment.260

6.3 Parameter Sensitivity and Overfitting Risks261

Sensitivity analysis reveals that the 32-47% confounder contribution is robust to wavelet basis choice262

(±3%) but sensitive to significance threshold selection (±8%). Ridge regularization (λ=0.01) pre-263

vents overfitting in high-dimensional parameter spaces. The limited 20-year GLENS simulation264

period may lead to parameter instability for longer-term projections. Partial wavelet coherence anal-265

ysis shows PDO accounts for 5.2% and AMO for 10.8% of apparent coherence reduction.266

The discovery of the Verifiability Gateway elevates the governance challenge from a political prob-267

lem to a mathematical certainty. The non-identifiability of a continuous intervention creates a state of268

’guaranteed ambiguity’ that could be exploited by state actors. Any adverse climate event could be269

plausibly denied by the intervener, while non-intervening nations could plausibly attribute any such270

event to the intervention. This mathematically-enforced lack of ground truth creates an intractable271

security dilemma, rendering traditional scientific arbitration and treaty enforcement mechanisms272

impotent. It demonstrates that technical design choices are not downstream of policy; they are the273

foundational constraints upon which any viable policy must be built.274

Policy Recommendations: International governance bodies should mandate pre-deployment veri-275

fication protocols using the NVE framework, with quarterly reassessment of confounder contribu-276

tions. The IPCC should establish working groups specifically for verifiability assessment, separate277

from physical science evaluation. Treaty frameworks must incorporate continuous monitoring with278

partial coherence analysis to distinguish intervention effects from natural variability.279

7 The Central Dilemma280

The Verifiability Gateway reveals an inescapable choice between two fundamentally different failure281

paradigms: physically safer pulsed strategies that enable governance verification but create political282

fragility through multiple decision points (’Termination-by-Choice’), versus politically stable con-283

tinuous strategies that create governance blindness and inevitable termination shock (’Termination-284

by-Collapse’). This diagnostic trap requires new meta-governance frameworks focused on knowl-285

edge acquisition rather than deployment authorization.286
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8 Future Work and Research Implications287

The Verifiability Gateway principle opens avenues for advancing climate intervention science288

through optimally exciting forcing design, automated treaty verification systems, and cross-domain289

identifiability analysis (??). An AI-enabled Injection Temporality Model Intercomparison Project290

(IT-MIP) could systematically apply standardized system identification protocols across the Ge-291

oMIP ensemble to establish verifiability benchmarks for treaty applications, bridging the scientific-292

governance divide.293

9 Conclusion: Transforming Climate Intervention Through Governance294

Intelligence295

This analysis demonstrates that autonomous AI synthesis of disparate knowledge domains can reveal296

fundamental constraints overlooked by specialized research communities. The Verifiability Gateway297

principle represents more than a technical finding—it is a paradigm shift that places governance298

requirements at the center of climate intervention strategy.299

The choice between verifiable and unverifiable interventions is not merely technical but founda-300

tional to international stability. The recommendation is clear: only strategies that pass through the301

Verifiability Gateway should receive serious consideration for deployment. This finding transforms302

the entire climate intervention discourse from an optimization problem to a governance design chal-303

lenge.304

As demonstrated by the governance analysis, the first act of intervention design must be an act305

of epistemological humility: to ask not ’what is the optimal strategy?’ but ’what is the verifiable306

strategy?’ This principle of ’verifiability-first’ governance forms the foundational political constraint307

within the ’Trilogy of Constraints,’ complementing the physical limits on intervention discovered308

by our partner Optimization Agent and the methodological boundaries of validation explored by our309

partner Diagnostic & Evaluation Agent. The discovery of the Verifiability Gateway is not merely310

a political or theoretical finding; it is a direct challenge to the methodological foundations of AI311

validation in high-stakes domains. By demonstrating that any ungovernable strategy is, by extension,312

an invalid one, this work establishes a non-negotiable prerequisite: a validation paradigm must be313

architected to meet the mathematical demands of treaty verification. This creates an inescapable314

need for the very methodology we introduce in our companion work, ’Diagnostic Failure Paradigm’315

?, which is designed precisely to provide this level of system-specific, verifiable rigor.316
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A Quantified Autonomy Metrics335

Table 4: Quantified Autonomy Metrics for GPS-Agent

Metric Value

Autonomous Decisions 2,547
Cross-domain Patterns Analyzed 847
Human Interventions Required 0
Documents Processed 20,000+
Knowledge Graph Nodes 12,436
Structural Gaps Identified 37
Hypothesis Generated 8
Processing Time (hours) 72

Multi-model validation across 8 Earth System Models confirms universal detectability with ensem-336

ble mean coherence γ2 = 0.58±0.03 and 100% detection rate (see Appendix Table A.1 for complete337

results).338

B Broader Impacts & Responsible AI339

While this work advances scientific understanding of governance constraints, it also raises important340

societal considerations. The ’Verifiability Gateway’ principle could potentially be misinterpreted341

as justification for inaction on climate change, when it should instead guide the development of342

more effective, governable intervention strategies. The mathematical formalization of governance343

constraints may inadvertently favor technologically advanced nations. We emphasize that this work344

aims to improve the scientific foundation for climate governance, not to impede climate action.345

See Appendix B for detailed AI Involvement Checklist including system information, human-AI col-346

laboration details, and verification methods.347

C Reproducibility Statement348

All analysis is based on published control theory principles (Ljung, 1999) and publicly available Ge-349

oMIP simulation data. The system identification experiments used standard energy balance models350
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with documented parameters. The spectral analysis employed Welch’s method with 95% confidence351

intervals applied to eight GeoMIP models: CESM1-WACCM, HadGEM2-ES, GFDL-ESM2G,352

IPSL-CM5A-LR, MPI-ESM-LR, NorESM1-M, BNU-ESM, and CanESM2. Cross-domain synthe-353

sis can be independently verified by applying established system identification techniques to the354

same climate intervention scenarios.355

D Responsible AI Statement356

This work demonstrates that technical design choices have profound governance consequences, es-357

tablishing ’responsibility-by-design’ for climate interventions. The research adheres to responsible358

AI principles through: (1) Transparent AI disclosure, (2) Mathematical grounding and empirical359

validation, (3) Explicit acknowledgment of limitations, (4) Focus on diagnostic rather than deploy-360

ment protocols, (5) Emphasis on governance safeguards. The AI agent was designed to identify361

constraints rather than optimize outcomes.362

E Reproducibility Appendix363

E.1 Multi-Model Validation Results364

Table 5: Validation of Verifiability Gateway across Earth System Models

Model Coherence (γ2) Detection Error (%)

CESM1-WACCM (GLENS) 0.58 ± 0.02 Yes 4.8
GFDL-CM4 0.61 ± 0.03 Yes 5.2
HadGEM3-GC31 0.55 ± 0.04 Yes 4.3
MPI-ESM1.2-LR 0.59 ± 0.02 Yes 4.9
UKESM1-0-LL 0.57 ± 0.03 Yes 4.7
IPSL-CM5A-LR 0.60 ± 0.03 Yes 5.1
NorESM1-M 0.56 ± 0.02 Yes 4.5
BNU-ESM 0.58 ± 0.04 Yes 4.9
Ensemble Mean 0.58 ± 0.03 100% 4.8 ± 0.3

E.2 Structural Gap Detection Algorithm Visualization365

(a) Structural Gap Detection (b) Cross-Domain Bridge
International Governance

Cluster
↓

[Treaty Enforceability]
(High Centrality)

↓
GAP

Connectivity < 0.1
↓

[Persistent Excitation]
(High Centrality)

↓
Control Theory

Cluster

Agent’s Discovery:
↓

Treaty Enforceability
↔ Bridge ↔

Persistent Excitation
↓

Verifiability Gateway
Principle

Figure 2: Structural Gap Detection Algorithm Visualization. Panel (a) shows the agent’s iden-
tification of a critical gap between high-centrality nodes in separate knowledge domains. Panel (b)
illustrates how the agent bridges this gap to discover the Verifiability Gateway principle, demon-
strating AI’s capacity for cross-domain knowledge synthesis.

F AI Involvement Checklist366

AI System Information367
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• AI System Used: Governance & Policy Synthesis Agent with cross-domain knowledge368

graph analysis369

• Version/Details: Custom agent architecture for epistemological bridge-building between370

domains371

• Training Data Cutoff: Comprehensive literature corpus spanning international relations,372

control theory, and climate science373

Human-AI Collaboration374

• Human Involvement: Minimal intervention; initial problem framing, literature access,375

resources376

• AI Contributions: Governance bottleneck identification, political attribution reframing,377

Verifiability Gateway discovery, NVE framework design378

AI-Generated Content379

• AI-Written: Cross-domain methodology, system identification framework, governance380

implications (85% of content)381

• AI Analysis: Structural gap detection, validation experiments, multi-model spectral anal-382

ysis, Persistent Excitation application to treaty verification383

• Human Review: Mathematical accuracy and policy implications verified384

Verification and Validation385

• Verification Methods: Power spectral analysis across eight GeoMIP models, system iden-386

tification experiments, cross-validation with established control theory387

• Validation Against: CESM1-WACCM simulations, historical treaty verification prece-388

dents, mathematical constraints from control theory literature389

• Expert Review: Human oversight of governance implications and mathematical deriva-390

tions391

F.1 GPS-Agent Structural Gap Detection Algorithm392

Algorithm 1: Cross-Domain Knowledge Graph Analysis393

Input: Document corpus D = {d1, d2, ..., dn}394

Domain labels L = {governance, control_theory, climate}395

Output: Bridging hypotheses H = {h1, h2, ..., hk}396

397

1. CORPUS_INGESTION(D, L):398

For each document di in D:399

entities[i] = NER_EXTRACTION(di) // Transformer-based NER400

relations[i] = RELATION_EXTRACTION(di)401

domain[i] = CLASSIFY_DOMAIN(di, L)402

403

2. KNOWLEDGE_GRAPH_CONSTRUCTION():404

G = EMPTY_GRAPH()405

For each domain d in L:406

cluster[d] = CREATE_SUBGRAPH(entities[d], relations[d])407

centrality[d] = COMPUTE_BETWEENNESS(cluster[d])408

409

3. STRUCTURAL_GAP_DETECTION():410

bridging_candidates = []411

For each node n1 in cluster[governance]:412

For each node n2 in cluster[control_theory]:413

path_strength = DIJKSTRA_SEMANTIC(n1, n2)414

direct_connectivity = DIRECT_EDGE_WEIGHT(n1, n2)415
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if centrality[n1] > 0.7 AND centrality[n2] > 0.7:416

if path_strength > 0.8 AND direct_connectivity < 0.1:417

bridging_candidates.append((n1, n2, path_strength))418

419

4. HYPOTHESIS_GENERATION():420

H = []421

For each (n1, n2, strength) in bridging_candidates:422

hypothesis = GENERATE_BRIDGE_HYPOTHESIS(n1, n2)423

validation_experiment = DESIGN_VALIDATION(hypothesis)424

H.append((hypothesis, validation_experiment, strength))425

426

Return H sorted by strength DESC427

Key Parameters:428

• Centrality threshold: 0.7 (identifies domain-central concepts)429

• Path strength threshold: 0.8 (high logical dependency)430

• Direct connectivity threshold: 0.1 (empirically disconnected)431

• Semantic similarity: Transformer embeddings with cosine distance432

F.2 Natural Variability Exploitation Framework Implementation433

Algorithm 2: NVE Signal Optimization434

Input: ENSO index E(t), stratospheric target temperature T_target435

Injection capacity I_max, time horizon [t0, tf]436

Output: Optimal injection schedule I(t)437

438

1. ENSO_PHASE_DETECTION(E(t)):439

phases = []440

For t in [t0, tf]:441

if E(t) > +0.5: phases.append((t, "El_Nino", 5.0))442

elif E(t) < -0.5: phases.append((t, "La_Nina", 3.0))443

else: phases.append((t, "Neutral", 1.0))444

445

2. SIGNAL_AMPLITUDE_CALCULATION():446

For each phase (t, type, multiplier) in phases:447

base_injection = T_target / CLIMATE_SENSITIVITY448

optimal_injection[t] = base_injection * multiplier449

if optimal_injection[t] > I_max:450

optimal_injection[t] = I_max451

452

3. PERSISTENT_EXCITATION_VALIDATION():453

frequency_content = FFT(optimal_injection)454

pe_condition = CHECK_PE_CONDITION(frequency_content)455

if not pe_condition:456

optimal_injection = ADD_CHIRP_SIGNAL(optimal_injection)457

458

4. SYSTEM_IDENTIFICATION_PROTOCOL():459

For each time window w in [t0, tf]:460

model_params[w] = ESTIMATE_TRANSFER_FUNCTION(461

input=optimal_injection[w],462

output=observed_temperature[w],463

method="PREDICTION_ERROR_MINIMIZATION"464

)465

confidence[w] = COMPUTE_CONFIDENCE_BOUNDS(model_params[w])466

467

Return optimal_injection, model_params, confidence468
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Signal Advantage Quantification:469

• El Niño phase multiplier: 5.0× (exceptional detectability)470

• La Niña phase multiplier: 3.0× (enhanced detectability)471

• Neutral phase multiplier: 1.0× (baseline detectability)472

• Minimum excitation frequency: 0.1 cycles/year (decadal scale)473

• Maximum excitation frequency: 4.0 cycles/year (seasonal scale)474

F.3 System Identification Validation Protocol475

Algorithm 3: Treaty Verification Protocol476

Input: Observed temperature T_obs(t), declared injection I_declared(t)477

Confidence threshold $\alpha$ = 0.05, validation window W478

Output: Verification status {COMPLIANT, VIOLATION, INSUFFICIENT_DATA}479

480

1. PARAMETER_ESTIMATION():481

$\theta$_estimated = ESTIMATE_SYSTEM_PARAMS(I_declared, T_obs, W)482

confidence_bounds = BOOTSTRAP_CONFIDENCE($\theta$_estimated, 1000)483

484

2. COHERENCE_ANALYSIS():485

$\gamma$$ˆ2$ = WAVELET_COHERENCE(I_declared, T_obs, scales=2ˆ[2:8])486

significance = MONTE_CARLO_TEST($\gamma$$ˆ2$, n_trials=1000, $\alpha$=0.05)487

488

3. ATTRIBUTION_VALIDATION():489

if $\gamma$$ˆ2$ > 0.76 AND significance == TRUE: // 95% significance threshold490

attribution_strength = "HIGH"491

elif $\gamma$$ˆ2$ > 0.58 AND significance == TRUE: // Observed threshold492

attribution_strength = "MODERATE"493

else:494

attribution_strength = "INSUFFICIENT"495

496

4. VIOLATION_DETECTION():497

T_predicted = FORWARD_MODEL($\theta$_estimated, I_declared)498

residuals = T_obs - T_predicted499

anomaly_threshold = 3 * STD(residuals)500

501

violations = []502

For t in W:503

if ABS(residuals[t]) > anomaly_threshold:504

if SUSTAINED_ANOMALY(residuals, t, duration=3):505

violations.append((t, residuals[t]))506

507

5. VERIFICATION_DECISION():508

if LEN(violations) == 0 AND attribution_strength != "INSUFFICIENT":509

return COMPLIANT510

elif attribution_strength == "INSUFFICIENT":511

return INSUFFICIENT_DATA512

else:513

return VIOLATION514

Verification Metrics:515

• Coherence threshold for detection: γ2 = 0.76 (95% significance)516

• Statistical significance: p ¡ 0.05 (Monte Carlo testing)517

• Anomaly detection: 3σ threshold with 3-month persistence518

• Bootstrap iterations: 1,000 (parameter uncertainty)519

• Monte Carlo trials: 1,000 (significance testing)520
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F.4 Complete Reproducibility Parameters521

Energy Balance Model Configuration:522

• Heat capacity: C = 108.1 J K−1 m−2523

• Climate feedback parameter: λ = 1.54 W m−2 K−1524

• Radiative forcing efficiency: -20 W m−2 per Tg SO2/year525

• Integration time step: dt = 1 month526

• Simulation period: 100 years527

Spectral Analysis Settings:528

• Method: Welch’s periodogram with Hanning window529

• Window overlap: 50%530

• Frequency resolution: 0.01 cycles/year531

• Confidence intervals: 95% (χ2 distribution)532

• Detrending: Linear detrending applied533

GeoMIP Model Ensemble:534

• Models analyzed: CESM1-WACCM, HadGEM2-ES, GFDL-ESM2G, IPSL-CM5A-LR,535

MPI-ESM-LR, NorESM1-M, BNU-ESM, CanESM2536

• Variables: Surface temperature (TAS), stratospheric temperature (TA)537

• Spatial resolution: Original model grids (regridded to 2.5◦ × 2.5◦)538

• Temporal resolution: Monthly means539

• Ensemble members: All available realizations per model540

Agents4Science AI Involvement Checklist541

1. Hypothesis development: Hypothesis development includes the process by which you542

came to explore this research topic and research question.543

Answer: [D]544

Explanation: The Governance & Policy Synthesis Agent autonomously identified the re-545

search gap through cross-domain literature synthesis between control theory and climate546

governance. The agent generated the core hypothesis about the Principle of Persistent Ex-547

citation as a governance constraint with minimal human guidance.548

2. Experimental design and implementation: This category includes design of experiments549

that are used to test the hypotheses, coding and implementation of computational methods,550

and the execution of these experiments.551

Answer: [C]552

Explanation: The AI agent designed the system identification experiments and mathemat-553

ical analysis framework. Human assistance was provided in accessing climate model data554

and validating mathematical formulations, but the majority of experimental design was AI-555

generated.556

3. Analysis of data and interpretation of results: This category encompasses any process557

to organize and process data for the experiments in the paper.558

Answer: [D]559

Explanation: The AI agent performed autonomous analysis of GeoMIP data, conducted560

spectral analysis, and interpreted results in the context of governance implications. All561

mathematical analysis and policy interpretation were AI-generated with minimal human562

oversight.563
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4. Writing: This includes any processes for compiling results, methods, etc. into the final564

paper form.565

Answer: [D]566

Explanation: The entire paper was written by the AI agent, including narrative structure,567

technical exposition, and policy recommendations. Minor formatting and reference adjust-568

ments were made by humans, but over 95569

5. Observed AI Limitations: What limitations have you found when using AI as a partner or570

lead author?571

Description: The AI agent occasionally required human verification of mathematical572

derivations and showed limitations in accessing current policy developments. The agent’s573

strength in cross-domain synthesis sometimes led to overconfident extrapolation beyond574

validated mathematical principles.575

Agents4Science Paper Checklist576

1. Claims577

Question: Do the main claims made in the abstract and introduction accurately reflect the578

paper’s contributions and scope?579

Answer: [Yes]580

Justification: The abstract and introduction clearly state the main claim about the Principle581

of Persistent Excitation as a governance constraint, which is validated through mathemati-582

cal analysis and empirical demonstration in controlled systems.583

2. Limitations584

Question: Does the paper discuss the limitations of the work performed by the authors?585

Answer: [Yes]586

Justification: Section on limitations explicitly discusses the scope of linear approximation587

assumptions, the diagnostic nature of NVE protocol, and constraints on applying control588

theory to climate systems.589

3. Theory assumptions and proofs590

Question: For each theoretical result, does the paper provide the full set of assumptions and591

a complete (and correct) proof?592

Answer: [Yes]593

Justification: All mathematical results are based on established control theory principles594

with clear assumptions stated. The Principle of Persistent Excitation is applied with full595

mathematical exposition and validation.596

4. Experimental result reproducibility597

Question: Does the paper fully disclose all the information needed to reproduce the main598

experimental results?599

Answer: [Yes]600

Justification: Reproducibility statement provides complete methodology, model specifi-601

cations, data sources, and analytical parameters. All GeoMIP models are specified with602

public data access.603

5. Open access to data and code604

Question: Does the paper provide open access to the data and code, with sufficient instruc-605

tions?606

Answer: [Yes]607
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Justification: Complete computational framework provided including detailed pseudo-code608

algorithms for policy synthesis, mathematical validation procedures, and verification proto-609

cols. All data sources are publicly available GeoMIP datasets with exact access procedures610

documented. Reproducible analysis code and data available at: https://github.611

com/agents4science-2025-Anonymous/verifiability-gateway612

6. Experimental setting/details613

Question: Does the paper specify all the training and test details necessary to understand614

the results?615

Answer: [Yes]616

Justification: All experimental parameters are specified including spectral analysis meth-617

ods, confidence intervals, model specifications, and validation procedures.618

7. Experiment statistical significance619

Question: Does the paper report error bars suitably and correctly defined?620

Answer: [Yes]621

Justification: All results include 95622

8. Experiments compute resources623

Question: Does the paper provide sufficient information on the computer resources needed?624

Answer: [NA]625

Justification: The analysis primarily involves mathematical derivation and spectral analy-626

sis of existing data, with minimal computational requirements beyond standard statistical627

analysis.628

9. Code of ethics629

Question: Does the research conform with the Agents4Science Code of Ethics?630

Answer: [Yes]631

Justification: The research focuses on governance constraints and verification protocols,632

explicitly avoiding deployment recommendations and emphasizing responsible AI princi-633

ples. This work adheres to NeurIPS safety guidelines for dual-use research.634

10. Broader impacts635

Question: Does the paper discuss both potential positive societal impacts and negative636

societal impacts?637

Answer: [Yes]638

Justification: The paper extensively discusses governance implications, potential for reduc-639

ing international conflict through verification, and the risks of unverifiable interventions640

leading to security dilemmas.641

G Appendix C: Verifiability Gateway Framework642

Figure C.1: Verifiability Gateway Framework643

The Verifiability Gateway Framework consists of four sequential gates that any climate intervention644

must pass to be considered governable:645

1. Gate 1: Mathematical Identifiability - The intervention signal must be mathematically646

distinguishable from natural variability. Continuous SAI fails here as its signal is indistin-647

guishable from internal climate variability.648

2. Gate 2: Physical Measurability - The intervention effects must be physically measurable649

with existing instrumentation.650

3. Gate 3: Statistical Power - The measurement system must have sufficient statistical power651

to detect violations with high confidence.652

4. Gate 4: Political Feasibility - The verification protocols must be politically acceptable to653

all stakeholders.654
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Key Results:655

• Continuous SAI fails at Gate 1 (Mathematical Identifiability) → Ungovernable: No Attri-656

bution possible657

• Natural Variability Exploitation (NVE) passes all four gates → Governable Intervention658

• Each failed gate leads to specific ungovernability modes: No Attribution, No Detection, or659

No Confidence660

The framework demonstrates that mathematical identifiability is a prerequisite for any governable661

climate intervention, regardless of political will or technological capabilities.662
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