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Supplementary Figure S1. Two-dimensional phase space projections of neural ODE trajectories with 95% confidence intervals
Figure S1 presents four complementary perspectives of AI-CDSN neural ODE dynamics through two-dimensional phase space projections with uncertainty quantification across four regional simulations (n=4). Panel A (capital-renewable dynamics) shows mean trajectories (bold blue line) declining from initial state (green circle) to final equilibrium (red square), with lighter lines representing individual regional trajectories demonstrating convergence consistency. Panel B (capital-non-renewable dynamics) displays similar directional flow with steeper capital decline (bold red line) relative to non-renewable depletion. Panel C (renewable-non-renewable dynamics) isolates resource stock interactions (bold green line), with phase space curvature indicating nonlinear coupling captured by the neural ODE formulation.
Panel D (temporal evolution with 95% confidence intervals) provides normalized temporal profiles with visible uncertainty quantification. Bold colored lines represent mean trajectories across four regional simulations; lighter background lines show individual regional trajectories; shaded bands display 95% confidence intervals of the mean (Student's t-distribution, df=3). Final endpoint values with 95% confidence intervals are: capital −8.41 [95% CI: −8.50, −8.32], renewables −2.60 [−2.66, −2.54], and non-renewables −3.51 [−3.58, −3.44]. Narrow confidence bands (average width ~0.07 units) indicate consistent convergence patterns across independent simulations.
These phase-space patterns extend the World3 system-dynamics tradition (Forrester, 1971; Meadows et al., 1972, 2004), which pioneered coupled differential equations for capital-resource interactions. World3's long-term forecasts have proven remarkably accurate when validated against empirical data (Turner, 2008; Herrington, 2021). Our neural ODE implementation preserves World3's fundamental stock-flow architecture while learning parameters from data rather than specifying predetermined functional forms through lookup tables. All trajectories converge monotonically without oscillatory behavior, indicating stable attractor dynamics. Results are based on simulation experiments; empirical validation with real-world policy data is required before operational deployment. These confidence intervals provide initial uncertainty quantification but do not capture structural model uncertainty or real-world data variability.
Supplementary Table S1. Addressing sustainability model limitations: AI-CDSN advances versus conventional approaches
	Limitation
	Conventional approach
	AI-CDSN implementation
	Empirical evidence 

	Static sustainability weights
	Fixed-weight aggregation functions
	Dynamic weight adaptation with planetary boundary sensitivity
	Material allocation: steel 48%, concrete 22%, timber 30%

	Limited system dynamics
	Linear differential equation systems
	Neural ODE with learned dynamics
	Final state (mean±SD): capital −8.41±0.09, renewables −2.60±0.06, non-renewables −3.51±0.07

	Multi-objective trade-off management
	Manual parameter tuning
	NSGA-III optimization with adaptive reference vectors
	Material convergence: steel ~47%, concrete ~22%, timber ~31%

	Short-term decision bias
	Constant or hyperbolic discount rates
	Sigmoid cultural discounting with generational threshold
	Discount factors: 0.378 to 0.971 across 200 years

	Resource allocation conflicts
	Linear scalarization with fixed weights
	Game-theoretic utility with reinforcement learning
	Reward dynamics: peak 9.23 to min −0.89

	AI's own sustainability impacts
	Treating AI as external to assessment
	Ethical regularization with energy and fairness penalties
	Energy reduction: 4.38→3.42 kWh/epoch (22%)

	Cross-dimensional interaction opacity
	Independent dimension optimization
	GAT-based impact propagation
	Asymmetric coefficients: ecological→animal 0.642 vs reverse 0.583

	Planetary boundary neglect
	Isolated environmental indicators
	Boundary-aware neural networks with crisis response
	Endpoint uncertainty in Figure S1 Panel D

	Intergenerational equity
	Present-biased optimization
	Cultural discounting with sigmoid transition at Tgen = 25 years
	Temporal weighting: 0.378 to 0.971 across 8 generations


Note:
· Nine sustainability limitations identified from recent literature; each row contrasts conventional approach with AI-CDSN implementation and simulation evidence.
· Material allocations (steel 48%, concrete 22%, timber 30%) represent stable optimization outcomes across four regional simulations with coefficient of variation <2%.
· System endpoints reported as mean±standard deviation across regional runs: capital −8.41±0.09, renewables −2.60±0.06, non-renewables −3.51±0.07.
· Sigmoid cultural discounting parameters: generational threshold =25 years; discount factors span 0.378 to 0.971 across 8 generations (200 years).
· Reward dynamics reflect reinforcement learning training: peak 9.23 indicates optimal multi-objective balance; minimum −0.89 represents planetary boundary violation penalties.
· Energy reduction (4.38→3.42 kWh/epoch) achieved through ethical regularization penalty term in loss function; 22% decrease while maintaining optimization quality.
· GAT asymmetric coefficients quantify directional dependencies: ecological sustainability impacts animal welfare (0.642) more strongly than reverse pathway (0.583).
· All empirical values from simulation experiments with synthetic scenario data; validation against real-world policy outcomes required for operational claims.

Supplementary Table S1 systematically compares nine critical limitations of conventional sustainability assessment frameworks with AI-CDSN architectural solutions and empirical evidence from simulation experiments. Conventional approaches rely on static weights, linear dynamics, and manual tuning that fail to capture complex socio-ecological feedbacks. AI-CDSN overcomes these through dynamic weight adaptation responding to planetary boundary proximity, neural ODEs learning nonlinear dynamics from data, and automated multi-objective optimization via NSGA-III. Material allocation stability (steel 48%, concrete 22%, timber 30%) emerges from optimization without predetermined preferences. Sigmoid cultural discounting explicitly encodes intergenerational equity with temporal weights ranging from 0.378 (near-term) to 0.971 (long-term) across 200 years, replacing conventional exponential discounting that systematically undervalues future generations. Game-theoretic utility functions capture resource allocation conflicts through reinforcement learning, achieving documented energy efficiency (22% reduction) while maintaining solution quality. Graph Attention Networks reveal asymmetric cross-dimensional interactions (ecological→animal welfare 0.642 vs reverse 0.583) hidden in conventional independent optimization. All empirical evidence derives from four regional simulations; real-world validation required before operational deployment.
[bookmark: table_s2_uncertainty_quantificati_c54612]Supplementary Table S2: Uncertainty quantification across regional simulations
	Variable
	Region 1 Final
	Region 2 Final
	Region 3 Final
	Region 4 Final
	Mean±SD
	95% CI
	CV(%)

	Capital
	−8.50
	−8.41
	−8.32
	−8.41
	−8.41±0.07
	[−8.53, −8.29]
	0.87

	Renewables
	−2.66
	−2.60
	−2.54
	−2.60
	−2.60±0.05
	[−2.68, −2.52]
	1.88

	Non-renewables
	−3.58
	−3.51
	−3.44
	−3.51
	−3.51±0.06
	[−3.60, −3.42]
	1.63

	Steel allocation (%)
	47.2
	48.1
	48.5
	47.8
	47.9±0.6
	[47.0, 48.8]
	1.14

	Concrete allocation (%)
	22.4
	21.8
	21.6
	22.2
	22.0±0.4
	[21.4, 22.6]
	1.66

	Timber allocation (%)
	30.4
	30.1
	29.9
	30.0
	30.1±0.2
	[29.8, 30.4]
	0.72


Note:
· Final values from four regional simulations (Chile, Canada, Germany, Japan) at epoch 10, time step 100 representing 200-year projections.
· 95% confidence intervals calculated using Student's t-distribution (df=3); narrow intervals indicate consistent convergence across independent runs.
· Coefficient of variation (CV) below 2% for all capital-resource variables demonstrates robust optimization despite different regional contexts.
· Material allocation stability (CV <2%) confirms convergence to optimal resource mix independent of initial conditions.
· Limited ensemble size (n=4) provides initial uncertainty bounds; larger Monte Carlo ensembles recommended for operational applications.

Supplementary Table S2 quantifies uncertainty across four independent regional simulations, demonstrating robust convergence despite different initial conditions and regional parameterizations. All capital-resource variables exhibit low coefficients of variation (<2%), indicating consistent optimization outcomes. Capital stock shows the tightest convergence (CV=0.87%), while renewable resources display slightly higher variability (CV=1.88%) reflecting differential ecological sensitivity. Material allocations remain stable across regions (steel ~48%, concrete ~22%, timber ~30%), with narrow confidence intervals confirming reproducible multi-objective optimization. These metrics validate computational reliability within the simulation framework, though structural model uncertainty and real-world empirical variability remain unquantified.
[bookmark: table_s3_comparison_with_world3_a_e01c4e]Supplementary Table S3: Comparison with World3 and conventional system dynamics models
	Feature
	World3 (1972-2004)
	Conventional IAMs
	AI-CDSN

	Differential equations
	Hand-coded lookup tables
	Predetermined functional forms
	Neural ODE learns from data

	State variables
	Capital, resources, population, pollution
	Economic sectors, energy, emissions
	Capital, renewable/non-renewable resources, 9 sustainability dimensions

	Time horizon
	200 years
	50-100 years
	200 years

	Parameter estimation
	Expert calibration
	Historical fitting
	Data-driven learning

	Uncertainty quantification
	Scenario analysis
	Monte Carlo
	95% CI + regional ensemble

	Planetary boundaries
	Implicit limits
	Emissions targets only
	Explicit boundary-aware architecture

	Intergenerational equity
	Not formalized
	Discount rates (2-5%)
	Sigmoid cultural discounting (0.378-0.971)

	Computational cost
	Minutes (1970s mainframe)
	Hours-days (HPC)
	3.42 kWh/epoch (GPU)

	Validation status
	50-year empirical validation (Turner 2008, Herrington 2021)
	Ongoing IPCC assessments
	Simulation experiments only


Note:
· World3 (1972-2004) pioneered system dynamics modeling with hand-coded lookup tables; AI-CDSN learns dynamics via neural ODE (Equation 4).
· State variables expanded: World3 focused on population-resource dynamics; AI-CDSN incorporates 9-dimensional sustainability framework.
· Time horizon maintained at 200 years enabling intergenerational analysis across 8 generations (=25 years).
· Planetary boundaries explicitly encoded in AI-CDSN architecture; World3 had implicit resource limits.
· World3 validated against 50 years of empirical data; AI-CDSN validated only within simulation framework.
· Computational efficiency: AI-CDSN achieves 3.42 kWh/epoch on single GPU after 22% energy optimization.
Supplementary Table S3 positions AI-CDSN within the 50-year system dynamics tradition initiated by World3. While preserving World3's fundamental stock-flow architecture and 200-year time horizon, AI-CDSN advances the approach through neural ODEs that learn dynamics from data rather than predetermined lookup tables. World3's remarkable empirical validation over five decades (Turner, 2008; Herrington, 2021) demonstrates the soundness of coupled capital-resource modeling. AI-CDSN extends this foundation by incorporating planetary boundary awareness, explicit intergenerational equity mechanisms, and multi-dimensional sustainability frameworks beyond World3's population-focused scope. Critically, World3 has extensive real-world validation; AI-CDSN remains simulation-based and requires empirical validation before operational deployment.
[bookmark: table_s4_ai_cdsn_dimension_mappin_777aa0]Supplementary Table S4: AI-CDSN dimension mapping to Sustainable Development Goals
	AI-CDSN Dimension
	Related SDGs
	Operationalization
	Empirical Indicator

	Economic sustainability
	SDG 8 (Decent Work), SDG 9 (Infrastructure)
	Capital stock dynamics, material allocation efficiency
	Steel 48%, concrete 22%, timber 30%

	Environmental sustainability
	SDG 13 (Climate), SDG 14 (Oceans), SDG 15 (Life on Land)
	Renewable/non-renewable resource trajectories
	Endpoints: renewables -2.60, non-renewables -3.51

	Social equity
	SDG 1 (Poverty), SDG 10 (Inequality)
	Fairness regularization in RL rewards
	Fairness penalty component in ethical loss

	Health
	SDG 3 (Health and Well-being)
	Cross-dimensional impact propagation
	GAT coefficient: environmental→health

	Education
	SDG 4 (Quality Education)
	Intergenerational knowledge transfer
	Cultural discounting generational threshold

	Gender equality
	SDG 5 (Gender Equality)
	Fairness constraints in optimization
	Integrated in social equity dimension

	Energy
	SDG 7 (Clean Energy)
	AI energy consumption tracking
	Energy reduction: 4.38→3.42 kWh/epoch (22%)

	Biodiversity
	SDG 15 (Life on Land)
	Ecological-animal welfare interactions
	Asymmetric coefficients: eco→animal 0.642

	Climate action
	SDG 13 (Climate Action)
	Planetary boundary awareness
	Crisis response mechanism activation


Note:
· SDG mapping based on official UN framework; each AI-CDSN dimension addresses multiple interconnected SDG targets.
· Material allocations (steel 48%, concrete 22%, timber 30%) emerge from NSGA-III optimization without predetermined targets.
· Resource endpoints (renewables −2.60, non-renewables −3.51) indicate depletion under business-as-usual scenarios.
· Fairness regularization in RL reward function (Equation 11) operationalizes SDGs 1, 5, 10 on equity.
· GAT coefficients quantify cross-dimensional impacts: ecological→animal welfare 0.642 vs reverse 0.583.
· Energy reduction (4.38→3.42 kWh/epoch) demonstrates AI sustainability operationalization (SDG 7).
· Cultural discounting threshold Tgen =25 years represents intergenerational knowledge transfer timescale.
Supplementary Table S4 maps AI-CDSN's 9 sustainability dimensions to UN Sustainable Development Goals, demonstrating explicit operationalization of SDG targets through neural network architecture. Each dimension addresses multiple interconnected goals rather than isolated indicators. Economic sustainability emerges from capital dynamics and material optimization (steel 48%, concrete 22%, timber 30%). Environmental sustainability tracks renewable/non-renewable trajectories with crisis response mechanisms. Social equity integrates fairness penalties in reinforcement learning. Cross-dimensional impacts are quantified through Graph Attention Networks revealing asymmetric ecological-welfare dependencies (0.642 vs 0.583). Energy dimension uniquely addresses AI's own footprint with documented 22% reduction. Cultural discounting operationalizes intergenerational equity across 8 generations. All indicators derive from simulation experiments; real-world SDG database validation required for policy applications.
[bookmark: supplementary_table_s5_mathematic_fc3b52]Supplementary Table S5: Mathematical Notation and Symbol Definitions
	Symbol
	Description
	Dimension/Range
	First Use

	State Variables

	
	Capital stock
	
	Eq. 2, p.13

	
	Renewable resources
	
	Eq. 2, p.13

	
	Non-renewable resources
	
	Eq. 2, p.13

	
	Dimension score (i=1..5)
	
	Eq. 1, p.13

	
	Planetary boundary deviation
	
	Eq. 9, p.15

	
	RL state vector
	
	Sec. 3.2.4

	Control Variables

	
	Material allocation action
	
	Eq. 3, p.14

	
	Dynamic dimension weight
	
	Eq. 9, p.15

	
	RL policy
	
	Eq. 2, p.13

	Parameters

	
	Elasticity coefficient
	
	Eq. 1, p.13

	
	Shift parameter
	0.1
	Eq. 1, p.13

	
	Ecological regularization
	
	Eq. 2, p.13

	
	Carbon penalty (dynamic)
	
	Eq. 4, p.14

	
	Fairness weight (dynamic)
	
	Eq. 4, p.14

	
	Generational horizon
	25 years
	Eq. 11, p.16

	
	Discount steepness
	0.5
	Eq. 11, p.16

	
	Neural ODE parameters
	
	Eq. 2, p.13

	Functions

	
	Sustainability index
	
	Eq. 1, p.13

	
	Utility function
	
	Eq. 4, p.14

	
	Neural ODE dynamics
	
	Eq. 2, p.13

	
	Graph attention network
	
	Eq. 6, p.15


Note: 
· Notation conventions: Roman letters (state variables), Greek letters (parameters), subscripts i=dimensions (1-5: ecology, economy, social, health, animal), j=boundaries (1-4: climate, biodiversity, nitrogen, water), t=time. 
· All state variables normalized to initial values. 
· Elasticity coefficients: . 
· Time step  years, total horizon 100 steps (200 years). Complete specifications in Sections 3.2.1-3.2.10.
Supplementary Table S5 provides comprehensive definitions of all mathematical symbols used throughout the manuscript to ensure notational consistency and facilitate replication. Symbols are organized into four categories: state variables (observable system quantities like capital and resources), control variables (decision inputs manipulated by optimization and RL components), parameters (fixed or dynamic coefficients governing system behavior), and functions (mathematical operations transforming inputs to outputs).
Key conventions: Roman letters denote state variables, Greek letters denote parameters, and calligraphic letters denote function spaces. Subscript  indexes the five sustainability dimensions (ecology, economy, social equity, health, animal welfare), subscript  indexes four planetary boundaries (climate, biodiversity, nitrogen, water), and  denotes discrete time steps. All state variables  are normalized to initial baseline values to enable cross-regional comparison. Dynamic parameters  and  are learned via LSTM adaptation (Equation 5), while static parameters remain fixed throughout training.
The temporal horizon spans 100 discrete steps with  years per step, totaling 200 years consistent with World3 intergenerational projection standards. Elasticity coefficients  weight dimensional contributions in the geometric mean index (Equation 1), with higher values (1.2 for health, 1.1 for ecology) reflecting normative prioritization. Shift parameters  prevent dimensional collapse to zero. All notation is used consistently across equations, figures, tables, and text; cross-references indicate first occurrence locations for easy lookup.
[bookmark: supplementary_table_s6_component_7c9e14]Supplementary Table S6: Component sensitivity analysis
	Configuration
	Boundary Violations
	Energy (kWh)
	Equity (Gini)
	Convergence (epochs)

	Full AI-CDSN
	8/100
	3.42
	0.33
	4.1

	w/o GAT (symmetric correlations)
	12/100 (+50%)
	3.45
	0.36
	4.8

	w/o Dynamic Weights (fixed)
	14/100 (+75%)
	3.41
	0.35
	7.2

	w/o Ethical Regularization
	9/100
	4.38 (+28%)
	0.38
	4.3

	w/o Cultural Discounting (exponential )
	8/100
	3.44
	0.34
	4.2

	Minimal (Neural ODE only)
	19/100 (+138%)
	3.89
	0.42
	9.1


Notes:
· GAT removal: Replaces graph attention with symmetric correlation matrix; loses directional spillover detection (e.g., ecology→animal welfare asymmetry)
· Static weights: Fixes  for all dimensions; eliminates planetary boundary-responsive adaptation (Equation 9)
· No ethical regularization: Removes  penalty term (Equation 10); prioritizes performance over sustainability
· Exponential discounting: Substitutes sigmoid cultural discounting with standard  where ; minimal short-term impact observable in 100-step simulation
· Minimal configuration: Retains only neural ODE (Equation 2) without GAT, dynamic weights, multi-objective optimization, or RL; serves as lower bound
Component sensitivity analysis Table S6 isolates individual architectural elements to quantify their contributions to overall framework performance. GAT removal increases boundary violations by 50%, demonstrating that asymmetric attention coefficients (e.g., 0.642 vs. 0.583 for ecology-animal welfare interactions, Figure 6) provide critical spillover detection unavailable in symmetric correlation matrices. This GAT contribution validates the value of directional cross-dimensional impact modeling over traditional correlation-based approaches. Static weight configurations exhibit 75% more violations, confirming that dynamic adaptation (Equation 9) enables rapid ecological prioritization during planetary boundary stress events. This dynamic weight necessity demonstrates crisis-responsive adaptation as critical rather than optional functionality.
Ethical regularization removal increases energy consumption by 28% (4.38 vs. 3.42 kWh/epoch), validating the intentional sustainability-performance trade-off embedded in Equation 10's carbon and bias penalties. This confirms that computational efficiency gains come at quantifiable environmental costs when ethical constraints are absent. Cultural discounting substitution shows minimal short-term impact, as exponential and sigmoid functions converge over 100-step horizons; differences emerge only across multi-generational timescales ( years) beyond current simulation scope, indicating that long-term intergenerational effects remain unmeasured in current experiments. Minimal configurations retaining only neural ODEs perform 138% worse, indicating strong architectural synergies where components reinforce rather than substitute each other through complementary mechanisms.
Limitations of this analysis include reliance on single-component ablation only, as full factorial designs ( configurations) examining interaction effects (e.g., whether GAT benefits depend on dynamic weights) exceed current computational budget. Component interactions remain unexplored, limiting understanding of synergistic effects. Statistical power is constrained by  regional simulations; larger ensembles () are recommended for operational validation with robust confidence intervals. Future research should employ comprehensive ablation with Shapley value analysis to decompose marginal contributions rigorously, enabling precise quantification of each component's value-added while accounting for complementarities across diverse geographical and institutional contexts.

Supplementary Algorithm S1: AI-CDSN Training Loop
Input: Initial conditions ; Planetary boundaries ; Time horizon 
Output: Trained neural ODE , optimal policies , material allocations 
1. Initialize neural ODE parameters , RL policy , NSGA-III population 
2. for epoch = 1 to 10 do
3.     // Phase 1: Neural ODE Training
4.     for batch in DataLoader do
5.         Integrate ODE: 
6.         Compute ecological regularization: 
7.         Compute total loss: 
8.         Update: 
9.     end for
10. 
11.     // Phase 2: Dynamic Weight Adaptation (Eq. 9)
12.     Compute PB deviations: 
13.     Update weights: 
14. 
15.     // Phase 3: Multi-Objective Optimization (Eq. 3)
16.     
17.     Select elite: 
18. 
19.     // Phase 4: Reinforcement Learning (Eq. 4)
20.     for episode = 1 to 1000 do
21.         
22.         for step = 1 to 100 do
23.             Action:  (-greedy exploration)
24.             Update LSTM coefficients: 
25.             Reward: 
26.             Next state: 
27.             Store: 
28.         end for
29.         Update RL policy: 
30.     end for
31. 
32.     // Phase 5: Validation
33.     Compute 95% CI across regional simulations ()
34.     if convergence_criteria_met() then break
35. end for
36. return 


Supplementary Algorithm S1 details the five-phase training procedure for the AI-CDSN framework. Phase 1 trains neural ODEs to forecast capital-resource trajectories with ecological regularization preventing boundary violations. Phase 2 adapts dimensional weights dynamically based on real-time planetary boundary proximity and social equity metrics. Phase 3 employs NSGA-III multi-objective optimization to identify Pareto-optimal material compositions balancing energy efficiency and construction costs under SDG constraints. Phase 4 executes Deep Q-Network reinforcement learning with LSTM-adapted reward coefficients for carbon penalties and fairness regularization. Phase 5 validates convergence across four regional simulations (Chile, Canada, Germany, Japan) computing 95% confidence intervals. The algorithm typically converges within 4-6 epochs as reported in Section 5. Hyperparameters: learning rate , exploration  annealing 1.0→0.1, batch size 32 (Table 2).
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