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This is the first application of LLMs to weather-aware, stochastic power scenario generation.
• Propose an LLM-based framework for weather-aware power system scenario generation
with natural language interaction.

• Integrate CoT reasoning and prompt engineering to enhance scenario quality.
• Evaluate and compare multiple LLMs, demonstrating their potential for scenario
generation.

ContributionsBackground

• High renewable penetration increases uncertainty in power systems.
• Uncertainty is strongly influenced by complex weather dynamics.
• Existing methods lack flexibility to model both stochasticity and weather
impacts.

• LLMs offer reasoning and context awareness for scenario generation.

Comparison of Different Methods Comparison of Chain of Thought Method Case Study Example

• GPT-3.5+CoT generates more feasible and
representative scenarios than LLaMA2-based
models, showing stronger reasoning and
generalization in complex tasks.

• Model architecture and pretraining quality
significantly impact scenario generation
performance.

• CoT is essential for task success: without CoT,
both models fail completely.

• CoT improves feasibility, diversity, and
interpretability by guiding LLMs through logical
subtasks.

• CoT enhances robustness of LLMs under
domain constraints.

• The framework generates realistic, cost-effective
scenarios that support weather-aware power
system planning.

A framework integrating an LLM, CoT reasoning, and prompt engineering is
proposed to generate power system scenarios under weather conditions.
• Weather Input: Weather conditions are standardized and described in natural
language.

• Task Decomposition: Scenario generation is broken into logical subtasks for
step-by-step reasoning.

• Scenario Generation: Structured prompts guide the LLM to produce feasible
and cost-effective scenarios.

Overall Framework

• Decomposes complex scenario generation into logical subtasks.
• Enhances feasibility, diversity, and interpretability of outputs.
• Enables step-by-step reasoning aligned with domain constraints.

Chain-of-Thought Reasoning

• Translates weather and system parameters into structured model instructions.
• Ensures outputs are technically feasible and economically reasonable.
• Guides the LLM to generate controlled, high-quality scenarios.

Prompt Engineering

Test Scenario Construction
The IEEE 30-bus system is used to construct scenarios under 228 weather
combinations. Six representative weather conditions are selected, and ten
scenarios per condition are generated, considering season, time of day,
renewable generator type and quantity, and penetration level.

• Success Rate: Measures the proportion of scenarios that are feasible under OPF constraints.
• Typicality: Evaluates how representative and diverse a scenario is within and across clusters.
• Distribution Accuracy: Assesses how closely the generated distributions match the actual
solar and wind power distributions.

Test Criteria


