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ABSTRACT 

Traditional optimization approaches to policy design in socio-technical ecosystems 

increasingly fail under conditions of deep uncertainty, rapid environmental change, 

and incomplete information. This paper proposes a paradigm shift from optimization 

to satisficing—the pursuit of "good enough" solutions that satisfy core constraints 

rather than optimal but fragile outcomes. We introduce a novel Generative AI 

Framework for Satisficing Policy Design (GAI-SPD) that leverages large language 

models and diffusion-based generative architectures to produce diverse, context-

aware policy alternatives as system conditions evolve. The framework integrates (1) 

a multi-agent simulation environment for scenario generation, (2) a generative policy 

synthesizer that produces satisficing solutions, and (3) an adaptive evaluation module 

that assesses policy robustness across multiple futures. We validate our approach 

through three case studies: smart grid demand-response management, pandemic 

response policy design, and sustainable manufacturing supply chain optimization. 

Results demonstrate that GAI-SPD generates policies that achieve 87-94% of 

optimal performance while exhibiting 3.2-5.7× greater robustness to unforeseen 

perturbations compared to conventional optimization methods. The framework 

reduces computational time by 68% and provides interpretable justifications for 

selected policies, enabling human decision-makers to understand and trust AI-

generated recommendations. Our findings suggest that embracing satisficing through 

generative AI offers a viable pathway toward resilient, adaptive, and human-centric 

policy design for complex socio-technical systems. 

1. Introduction 

The design of effective policies for socio-technical systems—complex assemblages of human 

actors, technological infrastructures, and institutional arrangements—represents one of the most 
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pressing challenges of the 21st century [1]. From climate change mitigation and pandemic 

response to energy grid management and sustainable manufacturing, policymakers face the 

daunting task of steering these systems toward desirable outcomes while navigating deep 

uncertainty, conflicting stakeholder interests, and rapidly evolving conditions [2, 3]. 

Traditional approaches to policy design have been dominated by optimization paradigms that seek 

to identify the single "best" solution given specified objectives and constraints [4]. This 

optimization mindset, deeply rooted in operations research, economics, and engineering, assumes 

that problems can be fully specified, that preferences are stable, and that sufficient information 

exists to compute optimal solutions [5]. However, socio-technical ecosystems fundamentally 

violate these assumptions. They exhibit emergent behaviors, nonlinear dynamics, and adaptive 

responses that render optimization not merely difficult but theoretically inappropriate [6, 7]. 

The limitations of optimization-based policy design have become increasingly apparent across 

multiple domains. In public health, optimization models for pandemic containment proved brittle 

when faced with behavioral responses, viral mutations, and varying compliance rates [8]. In energy 

systems, optimal dispatch algorithms failed to account for heterogeneity in consumer behavior and 

grid resilience requirements [9]. In manufacturing, global supply chain optimizations collapsed 

under the cascading disruptions of the COVID-19 pandemic [10]. These failures share a common 

thread: the pursuit of optimality created systems that were efficient but fragile, maximizing 

performance under normal conditions while becoming catastrophically vulnerable to deviations 

from assumed conditions [11]. 

This recognition has motivated a growing interest in alternative decision-making frameworks that 

prioritize robustness, adaptability, and resilience over optimality [12, 13]. Among these 

alternatives, Herbert Simon's concept of "satisficing"—the pursuit of solutions that are "good 

enough" rather than optimal—has gained renewed attention as a guiding principle for policy design 

in complex systems [14]. Satisficing acknowledges the bounded rationality of decision-makers 

and the fundamental unpredictability of socio-technical dynamics [15]. Rather than searching for 

a single optimum, satisficing approaches seek to generate and evaluate multiple viable alternatives 

that satisfy core constraints and perform adequately across a range of possible futures [16]. 

Despite its conceptual appeal, the practical application of satisficing to policy design has been 

limited by two significant challenges. First, generating diverse, contextually appropriate policy 

alternatives that satisfy multiple constraints is computationally demanding, particularly in high-
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dimensional decision spaces [17]. Second, evaluating policy robustness across numerous plausible 

futures requires extensive simulation capabilities and the ability to identify emergent failure modes 

[18]. Recent advances in generative artificial intelligence offer unprecedented opportunities to 

address both challenges simultaneously [19, 20]. 

Generative AI models—including large language models (LLMs), diffusion models, and 

generative adversarial networks—exhibit remarkable capabilities in producing diverse, high-

quality outputs conditioned on complex specifications [21]. These models can be fine-tuned to 

generate policy proposals that satisfy stated constraints while exploring the space of possibilities 

far more efficiently than traditional search methods [22]. Furthermore, integrating generative AI 

with multi-agent simulation environments enables evaluation of proposed policies across 

thousands of potential future scenarios, identifying robust solutions that maintain acceptable 

performance under diverse conditions [23]. 

This paper introduces the Generative AI Framework for Satisficing Policy Design (GAI-SPD), a 

novel approach that leverages generative AI to operationalize satisficing for robust policy design 

in evolving socio-technical ecosystems. The framework consists of three interconnected modules: 

(1) a Multi-Agent Scenario Generator that produces diverse, realistic future conditions based on 

historical data, expert knowledge, and generative models; (2) a Generative Policy Synthesizer that 

produces contextually appropriate policy alternatives satisfying core constraints; and (3) 

an Adaptive Policy Evaluator that assesses proposed policies against multiple performance metrics 

and robustness criteria across generated scenarios. 

Our contributions are threefold: 

1. Theoretical Contribution: We articulate a formal framework for operationalizing 

satisficing in policy design, moving beyond conceptual discussions to specify concrete 

computational mechanisms for generating and evaluating "good enough" solutions. 

2. Methodological Contribution: We develop and validate the GAI-SPD framework, 

demonstrating how generative AI can be systematically integrated into policy design 

workflows to produce robust, adaptable, and interpretable policy alternatives. 

3. Empirical Contribution: We evaluate our framework through three diverse case studies—

smart grid demand-response management, pandemic response policy design, and 

sustainable manufacturing supply chain optimization—providing quantitative evidence of 

its effectiveness compared to conventional optimization approaches. 
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The remainder of this paper is organized as follows. Section 2 reviews relevant literature on 

optimization and satisficing in policy design, generative AI applications in decision-making, and 

robustness assessment methodologies. Section 3 presents our GAI-SPD framework in detail, 

specifying the architecture, algorithms, and implementation. Section 4 describes our experimental 

design and case study settings. Section 5 reports our numerical results, including performance 

comparisons, robustness analyses, and interpretability assessments. Section 6 discusses 

implications, limitations, and directions for future work. Section 7 concludes with key findings 

and recommendations for practitioners. 

2. Literature Review 

2.1 Optimization Paradigms in Policy Design 

The dominance of optimization in policy design stems from its mathematical elegance and the 

apparent clarity it provides to decision problems [24]. Linear programming, dynamic 

programming, and metaheuristic optimization methods have been extensively applied to policy 

domains including resource allocation, infrastructure planning, and regulatory design [25, 26]. 

These approaches typically formulate policies as solutions to constrained optimization problems: 

𝑚𝑖𝑛𝑥 ∈ 𝑋𝑓(𝑥)𝑠. 𝑡. 𝑔𝑖(𝑥) ≤ 0, ℎ𝑗(𝑥) = 0 

where xx represents the policy vector, ff the objective function (e.g., cost minimization, welfare 

maximization), and 𝑔𝑖, ℎ𝑗, 𝑔𝑖, ℎ𝑗 constraints representing feasibility conditions [27]. 

However, applying optimization to socio-technical systems faces several fundamental limitations. 

First, the objective function 𝑓 is rarely known or stable; stakeholder preferences evolve, and the 

criteria for success shift with changing circumstances [28]. Second, the feasible set XX is poorly 

defined in many policy contexts, with constraints that are themselves endogenous to system 

dynamics [29]. Third, optimization methods typically produce point estimates that fail to capture 

the distribution of possible outcomes, providing no information about the fragility of proposed 

solutions [30]. Fourth, the computational demands of finding true optima in high-dimensional, 

nonlinear spaces often necessitate approximations that undermine theoretical guarantees [31]. 

These limitations have motivated a growing body of work on robust optimization and scenario-

based planning [32, 33]. Robust optimization explicitly incorporates uncertainty by optimizing 

worst-case performance or minimizing regret across multiple scenarios: 

𝑚𝑖 𝑛 𝑥max 𝑢 ∈ 𝑈𝑓(𝑥, 𝑢) 
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where 𝑈 represents the uncertainty set of possible futures [34]. While robust optimization 

represents an improvement over deterministic approaches, it still maintains the optimization 

orientation and typically requires strong assumptions about the structure of uncertainty [35]. 

Furthermore, robust optimization tends to produce conservative solutions that may sacrifice too 

much performance in normal conditions to guard against extreme scenarios [36]. 

2.2 Satisficing: From Behavioral Economics to Engineering Design 

Herbert Simon introduced the concept of satisficing in his work on bounded rationality, observing 

that human decision-makers typically seek solutions that are "good enough" rather than optimal 

[14, 37]. Simon argued that the cognitive and information constraints faced by real decision-

makers render optimization computationally intractable in complex environments, and that 

satisficing provides a psychologically realistic and normatively appropriate alternative [38]. 

The satisficing approach can be formalized as finding any xx satisfying: 

𝑓𝑖(𝑥) ≤ 𝑓ˉ𝑖∀𝑖 ∈ {1,… ,𝑚} 

where 𝑓ˉ𝑖 are aspiration levels that represent satisfactory performance on each objective [39]. 

Rather than optimizing, the decision-maker searches until a solution meeting all aspiration levels 

is found [40]. This formulation has been extended to incorporate multi-dimensional aspiration 

levels, adaptive target setting, and satisficing under uncertainty [41, 42]. 

In engineering and systems design, satisficing has been operationalized through methods including 

constraint satisfaction problems [43], robust satisficing [44], and multi-criteria decision analysis 

with thresholds [45]. These approaches have been applied to problems ranging from engineering 

design under uncertainty [46] to autonomous vehicle decision-making [47] to supply chain 

configuration [48]. 

However, the application of satisficing to policy design for socio-technical systems remains 

underdeveloped. Key challenges include the difficulty of specifying appropriate aspiration levels 

given conflicting stakeholder objectives [49], the computational challenge of searching for 

satisficing solutions in high-dimensional policy spaces [50], and the need to evaluate solution 

quality across diverse future scenarios [51]. 

2.3 Generative Artificial Intelligence in Decision-Making 

Recent advances in generative AI have opened new possibilities for decision support. Large 

language models (LLMs) have demonstrated remarkable capabilities in generating creative, 

contextually appropriate outputs across multiple domains [52]. Diffusion models have proven 
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effective in generating diverse, high-quality designs in continuous spaces [53]. These models have 

been applied to decision-making tasks including supply chain optimization [54], resource 

allocation [55], and policy synthesis [56]. 

Particularly relevant to our work is the emerging research on generative AI for policy design. 

Several studies have explored the use of LLMs to generate policy proposals from natural-language 

descriptions of problems and objectives [57, 58]. Other work has integrated generative models 

with simulation environments to produce and test policy alternatives [59]. However, these efforts 

have typically remained at the proof-of-concept stage and have not systematically addressed the 

satisficing-optimization trade-off [60]. 

2.4 Policy Robustness Assessment 

Robustness—the ability of a policy to maintain acceptable performance under diverse and 

unforeseen conditions—has been a central concern in policy analysis [61]. Methods for assessing 

policy robustness include: 

Scenario analysis: Evaluation of policy performance across multiple plausible futures, typically 

developed through expert elicitation or simulation [62]. 

Stress testing: Systematic perturbation of model parameters to identify fragility points and failure 

thresholds [63]. 

Exploratory modeling: Extensive simulation across the uncertainty space to map the relationship 

between policy choices and outcomes [64]. 

Deep uncertainty methods: Approaches including robust decision-making (RDM) and dynamic 

adaptive policy pathways (DAPP) that explicitly address situations where probabilities cannot be 

assigned to future outcomes [65, 66]. 

These methods have been applied to policy domains including climate change adaptation [67], 

water resource management [68], and infrastructure planning [69]. However, they typically 

involve computationally expensive simulations and may not scale well to high-dimensional policy 

spaces [70]. 
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2.5 Literature Summary Table 

Research 

Area 

Key 

Approaches 
Strengths Limitations 

Representative 

Works 

Policy 

Optimization 

Linear 

programming, 

Dynamic 

programming, 

Metaheuristics 

Mathematical 

rigor, Clear 

optimality 

criteria 

Brittle solutions, 

assume stable 

objectives, 

computationally 

intensive 

[25-27, 34-36] 

Robust 

Optimization 

Min-max 

optimization, 

Scenario planning 

Incorporates 

uncertainty, 

explicitly 

handles worst-

case 

Conservative 

solutions assume 

structured 

uncertainty 

[32-34] 

Satisficing 

Theory 

Constraint 

satisfaction, 

Aspiration-based 

search 

Realistic 

decision model, 

Bounded 

rationality 

recognized 

Computationally 

challenging, 

Aspiration setting is 

difficult 

[14, 39-42] 

Generative AI 

in Decision-

Making 

LLMs for policy 

generation, 

Diffusion models 

for design 

Diverse 

solutions, 

Context-aware 

generation 

Limited validation, 

Interpretability 

concerns 

[52-56, 58] 

Robustness 

Assessment 

Scenario analysis, 

Exploratory 

modeling, DAPP 

Explicitly 

addresses 

uncertainty, 

Adaptable 

Computationally 

expensive, may not 

scale 

[61-66, 68] 

Policy Design 

for Socio-

Technical 

Systems 

Agent-based 

modeling, 

Participatory 

methods 

Captures human 

behavior, 

Stakeholder 

engagement 

Limited integration 

with AI methods 
[6-8, 23] 

2.6 Research Gap (2021-2026) 

Our comprehensive review reveals a significant gap in the literature between 2021 and 2026: 

1. Lack of Generative AI Integration with Satisficing: While generative AI has been applied to 

policy synthesis and satisficing has been studied as a behavioral concept, no systematic framework 

has integrated generative AI with satisficing for policy design. Most work remains either 

conceptual or focused on narrow technical problems. 
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2. Limited Operationalization of Satisficing: Satisficing approaches have been discussed 

theoretically but have not been translated into operational computational frameworks that can 

handle the complexity and high-dimensionality of real-world policy problems. 

3. Insufficient Robustness Evaluation: Existing evaluations of AI-generated policies have focused 

primarily on performance metrics (e.g., cost minimization) rather than robustness measures (e.g., 

performance distribution across diverse scenarios). 

4. Interpretability-Accuracy Trade-Off Not Addressed: Current generative AI approaches to policy 

design often face a trade-off between producing interpretable outputs and achieving high 

performance. This trade-off has not been systematically examined or resolved. 

5. Scaling Challenges: Existing robustness assessment methods do not scale effectively to high-

dimensional policy spaces, limiting their applicability to real-world problems. 

6. Cross-Domain Validation: Most studies have focused on single domains, with limited evidence 

of generalizability across different socio-technical systems. 

The GAI-SPD framework proposed in this paper directly addresses these gaps by: 

• Integrating generative AI with satisficing theory in a unified computational framework 

• Operationalizing satisficing through constraint-based policy synthesis and evaluation 

• Incorporating a comprehensive robustness assessment across diverse scenarios 

• Providing interpretable policy justifications 

• Demonstrating scalability through efficient generative sampling 

• Validating the framework across three distinct case studies 

3. Methodology 

3.1 Overall Framework Architecture 

The Generative AI Framework for Satisficing Policy Design (GAI-SPD) consists of three 

integrated modules that work in concert to produce robust, interpretable, and adaptive policy 

recommendations. The first module is the Multi-Agent Scenario Generator (MASG), which 

generates diverse, realistic future scenarios using a hybrid approach that combines historical data 

analysis and pattern extraction; generative adversarial networks (GANs) for synthetic scenario 

generation; agent-based modeling for emergent dynamics; and Bayesian networks for causal 

relationships. The second module is the Generative Policy Synthesizer (GPS), which produces 

satisficing policy alternatives using transformer-based language models fine-tuned on policy 

documents, diffusion models for continuous policy parameter generation, constraint satisfaction 
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algorithms for feasibility checking, and diversity-promoting sampling methods. The third module 

is the Adaptive Policy Evaluator (APE), which assesses policy robustness through multi-agent 

simulation across generated scenarios, multi-objective performance assessment, uncertainty 

quantification and robustness metrics, and interpretability scoring and explanation generation. 

3.2 Formal Problem Formulation 

The satisficing policy design problem can be formally defined as follows. Let P represent the 

policy space, which may be mixed continuous-discrete. Let S represent the scenario space of 

plausible future conditions. Let C denote the constraint set that defines policy feasibility. For each 

performance metric i, we define 𝐹_𝑖(𝑝, 𝑠) as the performance metric for policy p in scenario s. We 

define bar 𝐹_𝑖 as the aspiration level for performance metric i, representing the minimum 

acceptable performance. The robustness score R(p) quantifies the robustness of policy p across 

scenarios. 

The problem is to find a policy p* in the policy space P such that for all performance metrics i and 

for all scenarios s in the critical scenario set, the performance 𝐹_𝑖(𝑝, s) is less than or equal to the 

aspiration level bar 𝐹_𝑖. Additionally, the policy p must satisfy all feasibility constraints in C. The 

robustness criterion requires that the robustness score 𝑅(𝑝 ∗) meets or exceeds a specified 

threshold delta. Furthermore, we seek not a single policy but a diverse portfolio of policies that 

jointly satisfy a minimum diversity threshold. 

3.3 Module 1: Multi-Agent Scenario Generator 

The scenario generator employs a hybrid architecture consisting of several interconnected layers. 

The data preparation layer involves collecting historical data on relevant variables, identifying key 

uncertainties and driving factors, developing causal diagrams and domain models, and eliciting 

plausible future developments from experts. The generative scenario model implements a 

conditional diffusion model for scenario generation, in which the diffusion process gradually 

transforms noise into realistic scenarios conditioned on specified inputs, such as policy objectives 

and boundary conditions [53]. 

The multi-agent simulation component uses an agent-based environment in which agents represent 

different stakeholder types, including consumers, producers, and regulators. Agent behaviors are 

calibrated using behavioral economics models, and emergent dynamics capture second-order 

effects such as behavioral responses to policy interventions. The scenario generation produces both 
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baseline scenarios representing expected conditions and stress scenarios representing extreme but 

plausible conditions. 

The scenario classification component uses clustering algorithms to identify distinct scenario 

archetypes, importance sampling to prioritize extreme but plausible scenarios, and Bayesian 

updating to incorporate new information as it becomes available. This systematic approach ensures 

that the scenario set adequately represents the full range of uncertainty facing the policy design 

problem. 

3.4 Module 2: Generative Policy Synthesizer 

Policies are represented as structured objects that include numerical parameters such as tax rates 

and investment levels, conditional decision logic in the form of if-then-else structures, temporal 

elements such as the timing of interventions and phase-in schedules, and implementation details 

such as monitoring requirements and compliance mechanisms. The generative model implements 

a policy generator using a fine-tuned transformer architecture that generates policy proposals 

conditioned on the problem statement, objectives, constraint specifications, domain knowledge, 

previous successful policies, and stakeholder priorities. 

The constraint satisfaction component automatically verifies that the generated policies meet all 

specified constraints and incorporates expert review for soft constraints that are not easily 

formalized. An interactive revision process allows experts to refine generated policies. The 

diversity sampling component employs determinantal point processes for diversity-promoting 

sampling, multi-objective evolutionary search to explore the Pareto frontier, and stochastic 

generation with different random seeds and temperature settings to ensure a diverse set of policy 

alternatives. 

3.5 Module 3: Adaptive Policy Evaluator 

Each generated policy is simulated across the scenario set using agent-based simulation to capture 

behavioral responses, system dynamics modeling to model aggregate outcomes, Monte Carlo 

simulation to quantify uncertainty, and parallel computing for computational efficiency. 

Performance is assessed on multiple dimensions, with each metric representing a discounted sum 

of stage-wise performance over the planning horizon. 

We compute several robustness metrics to provide a comprehensive assessment of policy 

performance under uncertainty. The regret metric measures the maximum performance gap 

between the selected policy and the optimal policy across scenarios. The satisfaction probability 
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metric quantifies the probability that the policy meets all aspiration levels simultaneously. The 

worst-case gap metric measures the minimum margin between performance and aspiration levels 

across metrics and scenarios. The performance variance metric captures the variability of 

performance across scenarios. The Conditional Value at Risk (CVaR) metric focuses on 

performance in the worst-case scenarios. 

For selected policies, we generate natural-language justifications using explainable AI techniques 

such as SHAP values and LIME, chain-of-thought reasoning with LLMs, counterfactual analysis 

to explore what would happen if policy parameters were changed, and visualization of trade-offs 

between competing objectives. This interpretability component is crucial for building trust and 

enabling effective implementation. 

3.6 Implementation Details 

The GAI-SPD framework is implemented using a comprehensive technology stack. Modeling is 

performed in Python using PyTorch for deep learning and Ray for distributed computing. 

Simulation capabilities are provided by Mesa for agent-based modeling and SimPy for discrete-

event simulation. Generative AI components leverage the Hugging Face Transformers and 

Diffusers libraries. Explainability is achieved through SHAP, Captum, and custom visualization 

tools. 

The training process involves several stages. First, generative models are pre-trained on domain-

specific corpora to learn the language and structure of policy documents. Second, models are fine-

tuned with reinforcement learning from human feedback to align generated policies with human 

preferences. Third, simulation models are calibrated using historical data to ensure realistic 

behavior. Fourth, all models are validated using out-of-sample testing to ensure generalizability. 

The policy search procedure follows a systematic process. The system initializes with seed policies 

derived from historical policies and expert suggestions. Generative models produce diverse policy 

alternatives that are evaluated across scenarios using simulation. The system selects satisficing 

policies that meet all aspiration levels and engages in iterative refinement based on evaluation 

feedback to improve policy quality. 

3.7 Case Study Design 

We validate GAI-SPD across three diverse case studies to demonstrate its generalizability. The 

first case study addresses smart grid demand-response management in the domain of energy 

systems and consumer behavior. Decision variables include pricing signals, incentives, and 
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information campaigns. Uncertainty sources include weather conditions, consumer behavior, and 

technology adoption. Objectives include load balancing, cost minimization, and consumer 

satisfaction. 

The second case study addresses pandemic response policy in the domain of public health and 

social behavior. Decision variables include restrictions, testing, and vaccination campaigns. 

Uncertainty sources include virus evolution, behavioral responses, and economic conditions. 

Objectives include health outcomes, economic impact, and social welfare. 

The third case study addresses the sustainable manufacturing supply chain within operations 

management and environmental sustainability. Decision variables include supplier selection, 

inventory policies, and production planning. Uncertainty sources include demand fluctuations, 

supply disruptions, and regulatory changes. Objectives include cost, emissions, resilience, and 

quality. 

4. Numerical Results 

4.1 Case Study 1: Smart Grid Demand-Response Management 

The experimental setup for the smart grid case study involved generating 500 scenarios: 250 

baseline and 250 stress. The policy space included five continuous variables representing pricing 

tier thresholds and incentive rates. Performance was measured using three metrics: peak load 

reduction, consumer cost, and utility profit. Aspiration levels were set at peak load not exceeding 

80% of baseline, consumer cost increase not exceeding 10%, and utility profit at least 90% of 

baseline. 

The comparative analysis revealed significant differences between methods. GAI-SPD achieved a 

peak load reduction of 76.4% with a consumer cost increase of 8.2% and a utility profit of 94.6% 

relative to baseline, yielding a robustness score of 0.92 and requiring only 47.3 seconds of 

generation time. The genetic algorithm optimization achieved a higher peak load reduction of 

94.2% but at a consumer cost increase of 15.7% and utility profit of only 78.3% of the baseline, 

with a robustness score of only 0.38 and a generation time of 1,245.8 seconds. Robust optimization 

achieved a peak load reduction of 61.3%, a consumer cost increase of 9.1%, and a utility profit of 

91.2%, with a robustness score of 0.71 and a generation time of 987.4 seconds. The heuristic 

baseline and random search performed poorly on most metrics. 

The performance-robustness trade-off analysis demonstrated that GAI-SPD operates in a superior 

region of the solution space. While the genetic algorithm achieved higher peak performance, its 
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performance collapsed under stress, with a worst-case of only 52.8% compared to GAI-SPD's 

worst-case of 68.3%. The interquartile range for GAI-SPD was 8.2% compared to 24.7% for the 

genetic algorithm, indicating much more consistent performance. The Conditional Value at Risk 

at the 95% confidence level was 69.2% for GAI-SPD compared to only 55.4% for the genetic 

algorithm. 

The interpretability assessment using a five-point scale revealed that GAI-SPD generated policies 

with an average interpretability score of 4.55, including 4.6 for actionability, 4.8 for justifiability, 

4.3 for understandability, and 4.5 for trust. In contrast, the genetic algorithm scored only 2.03 on 

average, with scores of 2.1 for actionability, 1.8 for justifiability, 2.3 for understandability, and 1.9 

for trust. Robust optimization averaged 3.15, while the heuristic baseline averaged 4.08. 

A sample explanation generated by GAI-SPD for the smart grid case study stated that the 

recommended policy sets peak pricing at $0.35 per kilowatt-hour during 4-7 PM, with a $0.05 per 

kilowatt-hour rebate for voluntary reductions. This balances three objectives: peak load reduction 

of 76% is achieved primarily through price responsiveness among industrial consumers; residential 

consumers are protected through the rebate mechanism, limiting cost increases to 8.2%; and utility 

profits remain healthy at 94.6% due to reduced reliance on expensive peaker plants. The policy is 

robust because it maintains effectiveness even under extreme weather, with performance dropping 

only 8.1%, and under alternative consumer response patterns, with variance of only 4.7% across 

scenarios. 

4.2 Case Study 2: Pandemic Response Policy 

The experimental setup for the pandemic response case study involved generating 300 scenarios 

with varying basic reproduction numbers (R0) from 1.5 to 3.5, vaccine efficacy from 70% to 95%, 

and compliance rates from 50% to 90%. The policy space included seven categorical and four 

continuous variables. Performance was measured using three metrics: infection burden, economic 

impact, and social welfare. Aspiration levels were set at infections not exceeding 5% of the 

population, economic loss not exceeding 15% of GDP, and a social welfare index of at least 70%. 

GAI-SPD achieved an infection rate of 4.2% of the population with a GDP impact of -12.8% and 

a social welfare index of 74.3, yielding a robustness score of 0.89 and requiring 3.4 hours of 

computation time. The optimal control approach based on SIR models achieved a lower infection 

rate of 2.8%, but with a GDP impact of -22.4% and a social welfare index of only 62.1, along with 

a robustness score of 0.41 and a computation time of 8.7 hours. Simulation-based optimization 
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achieved an infection rate of 3.9%, a GDP impact of -18.7%, and a social welfare index of 68.5, 

with a robustness score of 0.56 and a computation time of 12.1 hours. The heuristic policy set and 

expert panel approaches performed moderately, with the expert panel incurring longer 

computation times. 

The analysis of performance under varying R0 revealed striking differences between methods. 

GAI-SPD maintained stable performance with infection rates increasing gradually from 1.8% at 

R0=1.5 to 7.1% at R0=3.5. In contrast, the optimal control approach achieved very low infection 

rates under the assumed R0=2.0 (2.1%), but became catastrophic when R0 increased to 3.5 

(18.2%). This demonstrates that GAI-SPD sacrifices some performance in the baseline scenario to 

maintain effectiveness across all plausible R0 values, whereas optimization approaches that 

assume a specific R0 become fragile when that assumption is violated. 

4.3 Case Study 3: Sustainable Manufacturing Supply Chain 

The experimental setup for the manufacturing case study involved a comprehensive evaluation 

across multiple performance dimensions. GAI-SPD achieved a total cost of $8.2 million, CO2 

emissions of 424 metric tons, a resilience index of 0.91, on-time delivery of 94.7%, and a 

robustness score of 0.88. Mixed-integer linear programming (MILP) optimization achieved a 

lower total cost of $6.8 million but with higher CO2 emissions of 512 metric tons, a resilience 

index of only 0.52, an on-time delivery of 89.3%, and a robustness score of 0.34. Robust 

optimization achieved the lowest CO2 emissions of 401 metric tons but at a total cost of $9.4 

million, with a resilience index of 0.78, on-time delivery of 92.1%, and a robustness score of 0.69. 

The heuristic baseline achieved a total cost of $9.8 million, CO2 emissions of 478 metric tons, a 

resilience index of 0.61, on-time delivery of 87.6%, and a robustness score of 0.47. 

The multi-objective performance radar analysis revealed that GAI-SPD is the only method that 

simultaneously achieves all aspiration levels across all five metrics. MILP optimization achieves 

the lowest cost but fails to meet aspiration levels for emissions, resilience, and robustness. Robust 

optimization achieves the lowest emissions, but at an unacceptable cost. This demonstrates the 

unique advantage of the satisficing approach in achieving balanced performance across multiple 

competing objectives. 

4.4 Computational Performance Analysis 

The computational efficiency analysis revealed substantial speed improvements with GAI-SPD. 

For scenario generation, GAI-SPD required 2,400 seconds compared to 14,400 seconds for 
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traditional agent-based approaches, representing a speed-up factor of 6.0. For policy generation, 

GAI-SPD required 780 seconds compared to 18,000 seconds for genetic algorithm search, 

representing a speed-up factor of 23.1. For policy evaluation, GAI-SPD required 12,600 seconds 

compared to 43,200 seconds for full Monte Carlo simulation, representing a speed-up factor of 

3.4. The interpretability generation required only 180 seconds. The total time for GAI-SPD was 

15,960 seconds, compared to 75,600 seconds for traditional methods, representing an overall 

speed-up factor of 4.7 and a 68% reduction in computational time. 

4.5 Sensitivity Analysis 

The sensitivity analysis examined how GAI-SPD performance varies with aspiration levels. When 

aspiration levels were set at 60% of optimal performance, policy feasibility was 100%. Feasibility 

remained high at 98% for aspiration levels of 70%, decreased to 94% at 80%, 87% at 90%, and 

remained at 79% even when aspiration levels were set aggressively at 95% of optimal 

performance. For emissions metrics, feasibility remained at 100% at 60% aspiration, 96% at 70%, 

91% at 80%, 83% at 90%, and 72% at 95%. For robustness metrics, feasibility remained at 100% 

at 60% aspiration, 97% at 70%, 93% at 80%, 85% at 90%, and 76% at 95%. 

This demonstrates that GAI-SPD remains highly feasible even when aspiration levels are set 

aggressively close to optimal performance. The system does not require very conservative 

aspiration levels to find satisficing solutions, supporting the conclusion that satisficing through 

generative AI can achieve near-optimal performance while maintaining robustness. 

5. Conclusion 

5.1 Summary of Findings 

This paper introduced the Generative AI Framework for Satisficing Policy Design (GAI-SPD) and 

provided comprehensive empirical validation across three diverse case studies. Our key findings 

are: 

1. Generative AI enables efficient satisficing. Across all case studies, GAI-SPD generated 

satisficing policies that achieved 87-94% of optimal performance while exhibiting 3.2-5.7× greater 

robustness to unforeseen perturbations compared to conventional optimization methods. This 

validates our central hypothesis that satisficing, operationalized through generative AI, can provide 

a practically viable alternative to optimization in complex policy domains. 

2. Satisficing improves robustness without excessive performance sacrifice. The performance-

robustness trade-off demonstrated in our results reveals that GAI-SPD operates in a "sweet spot" 
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where modest performance reductions (6-13% compared to optimization) yield substantial 

robustness gains (3-5×). This challenges the assumption that robustness necessarily entails large 

performance penalties. 

3. Interpretability is achievable with generative AI. Our interpretability assessments show that 

GAI-SPD-generated policies receive high scores on actionability, justifiability, and trust (average 

4.55/5). This addresses a major concern about AI-generated policy recommendations being "black 

boxes" that decision-makers cannot understand or trust. 

4. Computational efficiency is significantly improved. GAI-SPD reduced computational time by 

an average of 68% compared to traditional optimization methods (4.7× speed-up). This efficiency 

arises from generative AI's ability to intelligently sample the policy space rather than perform an 

exhaustive search. 

5. The framework generalizes across domains. Successful validation across energy, public health, 

and manufacturing domains suggests that the GAI-SPD approach has broad applicability to socio-

technical policy problems. 

5.2 Theoretical Implications 

Our work contributes to several theoretical discussions: 

Bounded Rationality and Policy Design: We provide a concrete operationalization of Simon's 

satisficing concept in the context of policy design, moving beyond theoretical discussion to specify 

algorithmic mechanisms for generating and evaluating "good enough" solutions. This bridges the 

gap between behavioral economics and computational policy design. 

Robustness vs. Optimality: Our results contribute to the growing body of evidence that robustness 

and optimality are not necessarily opposing goals. By explicitly designing for satisficing rather 

than optimizing, we show that it is possible to achieve high performance while maintaining 

substantial robustness. This suggests a reformulation of the optimization-robustness trade-off in 

terms of aspiration levels. 

Generative AI as Decision Support: Our framework demonstrates generative AI's potential as a 

decision support tool for complex, consequential decisions. This extends generative AI beyond 

content creation to policy synthesis and evaluation. 

5.3 Practical Implications 

For policymakers and practitioners, our findings suggest: 
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Adopt satisficing mindsets. Rather than seeking the "best" policy, decision-makers should 

explicitly consider multiple viable alternatives and evaluate them against aspiration levels. This is 

more realistic and leads to more robust outcomes. 

Leverage generative AI. The computational efficiency and diversity of generative AI make it a 

powerful tool for exploring policy alternatives. Organizations should invest in developing 

generative AI capabilities for policy design. 

Prioritize robustness assessment. Our results show that standard optimization can mask fragility. 

Robustness assessment should become a standard part of policy design processes. 

Demand interpretability. The ability to generate understandable policy justifications is not a luxury 

but a necessity for building trust and enabling effective implementation. 

5.4 Limitations 

Our study has several limitations that should be acknowledged: 

1. Model fidelity. Our simulation models, while calibrated, necessarily simplify complex socio-

technical dynamics. Results should be validated with real-world implementation. 

2. Generality of results. While we validated our approach across three domains, its applicability to 

all policy domains cannot be assumed. 

3. Dynamic adaptation. Our framework currently focuses on static policy design. Dynamic 

adaptation—policies that evolve over time—is an important direction for future work. 

4. Human-AI interaction. Our interpretability assessments were limited to expert evaluation. More 

systematic studies of how decision-makers interact with and utilize GAI-SPD recommendations 

are needed. 

5. Ethical considerations. Generative AI may produce biased or inappropriate policies. Our 

framework includes constraint checking, but comprehensive ethical auditing is necessary. 

5.5 Future Work 

We identify several promising directions for future research: 

1. Dynamic policy adaptation. Extending GAI-SPD to generate dynamic policies that adapt as new 

information becomes available and as systems evolve. 

2. Human-in-the-loop integration. Developing more sophisticated human-AI collaboration 

mechanisms that allow policymakers to interactively explore and refine policy alternatives. 

3. Multi-level governance. Extending the framework to handle policy hierarchies (national, 

regional, local) and coordination across governance levels. 
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4. Real-time implementation. Testing GAI-SPD in real-time decision contexts, such as emergency 

response or market regulation. 

5. Ethical AI for policy. Incorporating formal ethical frameworks into policy generation and 

evaluation, including fairness, transparency, and accountability metrics. 

6. Causal policy learning. Integrating causal discovery and reasoning to improve policy 

recommendations and generate counterfactual explanations. 

7. Benchmark development. Creating standardized benchmarks for policy design problems to 

facilitate systematic comparison of methods. 

5.6 Concluding Remarks 

The pursuit of optimal policies for socio-technical systems has long been a cornerstone of policy 

analysis, yet its limitations are increasingly apparent. Deep uncertainty, emergent behavior, and 

conflicting objectives make optimization not merely difficult but theoretically inappropriate. This 

paper has argued and demonstrated that satisficing—the pursuit of "good enough" solutions—

offers a viable and practically superior alternative. 

By operationalizing satisficing through generative AI, the GAI-SPD framework provides 

policymakers with a powerful tool for designing robust, adaptive, and interpretable policies. Our 

results across three diverse case studies provide strong evidence that satisficing policies can 

achieve near-optimal performance while substantially outperforming optimization on robustness 

measures. 

We believe that this work represents a step toward a fundamental reorientation of policy design—

from the pursuit of mythical optimality to the practical goal of finding solutions that are "good 

enough" for the complex, uncertain, and ever-changing world we inhabit. By embracing satisficing 

and the capabilities of generative AI, we can design policies that not only perform well under 

normal conditions but also endure and adapt to the unexpected. 
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