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Abstract: This paper presents a novel approach to streamline, analyze, and visualize long-term
planning simulation results using a large language model (LLM). We discuss the design,
implementation, and performance of GridCoPilot - a first o f its kind tool developed using ChatGPT -
to analyze and visualize data from PCM simulations of long term planning studies. Grid Copilot
processes PCM data generating concise textual summaries and context-aware visualizations,
providing users with comprehensive insights. By automating data processing and visualization tasks,
Grid Copilot significantly r educes t he t echnical b arriers t o data analysis for long term planning
studies. This enhancement can allow analysts, and policymakers to focus on interpreting results and
making informed decisions, rather than grappling with data manipulation and visualization code.

Keywords: decarbonization; large language model; long-term planning; production cost modeling

I. Introduction

Analysis and projections of future infrastructure systems, particularly the electric grid, are
crucial for utilities and planners to develop efficient i nfrastructure and make prudent investment
decisions.. For policy makers, these projections are important to assess the impacts of policy decisions,
technology developments to ensure a secure economic future. In the electric grid context, such
projections are widely studied in the industry through creating postulated future scenarios and
simulating it resource planning studies [1]. Tools such as capacity expansion, transmission expansion,
and production cost modeling (PCM) are used for conducting resource planning studies to ascertain
adequate generation for the projected demand.

In this paper, we restrict our focus to production cost modeling (PCM), though any of the
other tools can be easily adapted. PCM [2,3] simulations are used for planning studies over longer
horizons. Typically, such simulations have hourly resolution for an entire year. These simulations
include unit commitment (UC) and economic dispatch (ED) models that minimizes power systems’
operating costs of meeting electricity demand and reserve requirements while simultaneously
satisfying a wide variety of operating constraints from capacity limits to flow constraints (depending
on the complexity, fidelity, and simulation time requirements). Each such an entire year simulation
is a single scenario (for e.g. 50% renewable energy target) and many such scenarios are typically
studied.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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As such, PCM simulations produce voluminous data that need to be stored, organized, and
analyzed to assist in addressing important stakeholder decision making questions, for example “Are
decarbonization goals creating reliability issues” or “What is the reduction in power outages as a
result of installing new technology.” These big PCM simulation result data sets typically need
customized software/scripts for analysis needing intensive manual labor and are extremely time-
consuming. As such, the scope of analysis is kept limited because of the inability to easily access and
manipulate the data. This significant extra time spent on analysis could be rather used to generate
more possible futures, but unfortunately it is not the case currently. The processing, analysis, and
extraction of meaningful patterns from these extensive datasets necessitates substantial time and
resources from data analysts and policymakers, often diverting attention from the core task of
deriving actionable insights.

Conventionally, data analysts have relied on standard data science tools and methodologies
[4], such as Python and SQL, for ETL (Extract, Transform, Load) pipelines and manipulation of
power grid datasets. Visualization systems including Matplotlib, Seaborn, Plotly, and D3.js [5] are
widely employed to present power grid data in an intuitive and comprehensible format. While these
tools offer considerable power and flexibility, they present a steep learning curve for individuals
whose primary expertise lies outside the realms of data science and programming. Moreover, the
process of coding for data extraction and visualization creation can be time- consuming and complex,
often requiring iterative refinement and debugging.

A. Research Novelty and Contributions

We present a novel large language powered (LLM) chat framework — Grid Copilot — designed to
facilitate user-friendly efficient interactive analysis and visualization of PCM results. Grid Copilot
provides a conversational interface that accepts natural language queries (in English) about PCM
datasets and automatically generates visualizations, textual summaries, and tabular data. This
approach significantly reduces the barrier to entry for complex data analysis tasks, allowing users
to focus on result interpretation rather than grappling with data manipulation and visualization code.

Grid Copilot has been developed and tested on PCM results generated using GridView software
[6]. The data analyzed with Grid Copilot consists of PCM simulations of future grid decarbonization
scenarios each for an entire year with hourly resolution. Such simulations produce detailed temporal
grid information including generation-load profiles, transmission line flows, and other operational
aspects. Each simulation data set (scenario) is roughly between 2 — 4 GB. The novel Grid Copilot tool
allows an analyst to query the massive data set through a question-answering (chat) interaction,
enabling users to efficiently extract relevant information without necessitating extensive
programming knowledge [7]. This is complemented by the incorporation of automated
recommendations and generation of visualizations into the system’s responses, pro- viding intuitive
visual representations of complex data patterns. Furthermore, we propose a system architecture and
workflow that demonstrates significant potential for adaptability and application to a wide range of
intelligent systems utilizing LLMs in the domain of sustainable societies [8].

II. Large Language Models

Large Language Models (LLMs) represent a transformative advancement in artificial
intelligence technology that has emerged as a powerful tool for processing and generating human-
like text. These models are built upon the transformer architecture [9], which revolutionized natural
language process- ing through its innovative attention mechanism. In the context of power systems
analysis, LLMs serve as an intermediary layer that bridges the gap between complex technical data
and human operators/analysts, enabling more intuitive interaction with sophisticated analysis tools.

The fundamental architecture of LLMs is based on the transformer model [9], which employs an
attention mechanism to process input text by understanding the relationships and dependencies
between words in a sequence. This capability has been significantly enhanced through successive
generations of models, culminating in advanced systems like GPT-4 [10] that demonstrate
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unprecedented natural language understanding and generation abilities. In power systems
applications, where context is crucial for interpreting queries about complex grid operations, these
advances enable more sophisticated analysis and interaction patterns.

LLMs have demonstrated remarkable capabilities in technical domains [11], with applications
ranging from code generation to complex reasoning tasks. Their ability to understand and pro- cess
domain-specific language has been particularly valuable in industrial applications, where they can
bridge the gap between technical complexity and user accessibility. While these models have shown
impressive capabilities in technical domains, they serve as assistive technologies requiring validation
for critical grid operations. The application of LLMs through Grid Copilot enhances the efficiency of
power systems analysis, particularly in long-term planning and production cost modeling where
rapid exploration of large datasets is essential for decision- making.

III. Grid Copilot Architecture and Data Flow

The system architecture of Grid Copilot, as illustrated in Figure 1, is predicated on an
ensemble of state-of-the- art technologies and frameworks, meticulously integrated to provide a
seamless user experience. At its core, Grid Copilot utilizes GPT-40 [12] for natural language
processing and generation, enabling accurate interpretation of user queries and generation of
contextually relevant responses. LangChain [13] manages the interaction between components and
the LLM. This design is an extension of our previous work on ChatGrid™ — power grid visualization
using LLMs for grid operations [14].

Grid Copilot’s functionality is primarily divided into two key components: NL2SQL for data
retrieval and text summarization, and NL2VIS for automated visualization generation. These
components work in tandem to address the challenges of working with large-scale power grid
datasets.

A. Natural Language to SQL (NL2SQL)

The NL2SQL component addresses several critical chal- lenges inherent in working with large-
scale power grid datasets. Primarily, it facilitates the efficient selection and retrieval of relevant data
subsets from massive temporal power grid datasets, ensuring that only pertinent information is
processed. This selective approach not only enhances computational efficiency but also contributes
to maintaining data privacy and security [15] by keeping the dataset in a local database.

The NL2SQL process begins by establishing a connection to the database and retrieving the
schema, tables, and attribute information. This database description then transmits to the LLM, which
is prompted to generate syntactically correct SQL clauses to answer the user’s questions based on the
provided table and attribute names and their semantic meanings. We utilize modified SQL prompt
templates from LangChain [16] to ensure the generated queries are syntactically correct and
optimized for performance.

The interaction between various components and the LLM is managed by LangChain [13], an
auxiliary framework that streamlines the setup of actions and steps for LLM-based applications.
Following the execution of the SQL query and data retrieval, only aggregated results are sent to the
LLM for generating concise text summaries, which are then displayed in the conversation window.
This approach enhances data privacy in sensitive scenarios.

B. Natural Language to Visualization (NL2VIS)

Building upon the data retrieved by the NL2SQL component, the NL2VIS component automates
the generation of visualiza- tions to highlight data patterns effectively. The visualization capabilities
of Grid Copilot are powered by Vega-Lite [17], a high-level grammar of interactive visualizations that
enables concise, declarative specifications of a wide range of charts and graphs. Recent works [18-22]
have demonstrated the capability of LLMs in generating Vega-Lite specifications for visualization
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recommendations and authoring. We follow this strategy to use LLM to generate valid
visualization specifications in Vega-Lite based on input data entries and natural language queries.
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Figure 1. Grid Copilot system architecture showing data flow and component interactions.

To ensure adherence to best practices in data visualization and effective communication of data
insights, we incorporate NL4DV [23], a toolkit for visualization recommendation that suggests
appropriate chart types based on data characteristics and analytical tasks. This includes the use of
line charts for temporal data, histograms for distributions, scatter plots for correlations, and bar charts
for sorted results. For geospatial visualization and complex, highly customized visualizations that
require specific libraries and features beyond Vega-Lite’s capabilities, we employ Deck.gl [24], an
open-source package that facilitates efficient rendering of large-scale geospatial datasets. This allows
for the creation of animated maps that dynamically update in response to user queries, visually
representing time series changes in an intuitive and engaging manner. Through this combination of
NL2SQL and NL2VIS components, Grid Copilot enables users to perform sophisti- cated analyses
and generate insightful visualizations without requiring extensive knowledge of database query
languages or complex programming skills.

IV. Grid Copilot Demonstration

We demonstrate Grid Copilot’s capabilities using datasets from the Pacific Northwest National
Laboratory’s (PNNL) Grid Operations, Decarbonization, Environmental and Energy Equity Platform
(GODEEEDP) initiative. These datasets, comprising 2-3 gigabytes of data, provide high-resolution,
multi-year projections of decarbonization scenarios for the western U.S. power system.
Encompassing information on 5,383 generation plants across 13 western states, the data details
various energy production technologies [25] and their respective generation capacities. The inclusion
of hourly generation, load, and transmission flows enables comprehensive analysis of complex,large-
scale power system scenarios, showcasing Grid Copilot’s ability to process and interpret intricate
temporal and spatial power grid data. We present a couple of user interaction querries next and their
results presented by Grid Copilot.

A. Power Generation Analysis Query

In this use case, a user queries, "Show me the amount of power generation by energy type across
states." Grid Copilot responds with a multi-step process that showcases its analytical and
visualization capabilities. Initially, the system generates SQL query to aggregate power generation
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data by both energy type and state. Upon data retrieval, Grid Copilot uses an LLM to create a
concise yet informative text summary of the numeric results, presenting key findings in natural
language that is readily understandable to the user. The system then enhances this textual response
with a visual representation, plotting the generation plants on an interactive map. Colors are used
to indicate different energy types, while the height of bars represents the power generation capacity
of each plant on the map. This geospatial representation allows users to quickly grasp spatial
distribution of energy production with underlying geography as shown in Figure 2. To further aid in
comparative analysis, Grid Copilot suggests and generates a stacked bar chart to compare the power
generation breakdown by energy type across different states. This visualization approach effectively
highlights energy distribution patterns, such as the predominance hydroelectric power in
Washington.

B. Temporal Generation Pattern Analysis

The second use case demonstrates Grid Copilot’s ability to analyze temporal generation
patterns. When prompted with "Show me the power generation changes in California during the first
two days of January 2040," Grid Copilot first creates an animated map display of temporal changes,
complete with a playback slider that allows users to observe power generation fluctuations over time.
This dynamic visualization is complemented by a line chart that provides an overview of
generation fluctuations throughout the specified period as shown in Figure 3. These visualizations
reveal characteristic patterns of different generation types, including diurnal cycles of solar and
hydro power, and the variable nature of wind generation. This comprehensive visual representation
allows users to identify trends, anomalies, and patterns in power generation that might be difficult
to discern from raw data.

You: Show me the amount of power generation by energy type across states. w Nuclear

= Natural Gas

Assistant: Here is a summary of the power generation by energy type across states @ Wind

based on the query results: - **Arizona**: - Biomass: 10.81 GWh - Coal: 694.63 GWh = Geothermal

- Hydro: 640.38 GWh - Natural Gas: 6.74 TWh - Nuclear: 3.07 TWh - Oil: 15.21 GWh - = Hydro
Solar: 2.43 TWh - Wind: 897.25 GWh - **California**: - Biomass: 733.43 GWh - Solar
Geothermal: 1.33 TWh These values represent the projected power generation for the ~ ® Coal
year 2040. The units have been converted for readability: GWh for values between Oil

1000 and 1000000 MWh, and TWh for values above 1000000 MWh. = Biomass

Time taken: 47.78 seconds

8um of power_generation

Energy Type Latitude Longitude Pov
Biomass 34.50315800000003 -110.334953 1
Coal 32.06030000000005 -109.8931 1
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Figure 2. Spatial visualization of Western U.S. generation distribution: (a) geographic view and (b) state-level

energy type breakdown.
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Figure 3. Temporal analysis of generation patterns showing (a) animated geographic visualization and (b) time-

series representation of generation by source.

C. User-Driven Visualization Generation in GridCoPilot

In addition, GridCoPilot not only recommends visualizations based on users’ questions but
also supports user-defined specifications to generate tailored visualizations. For instance, users can
specify using a box plot instead of a histogram to show internal individual data points along with the
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overall distribution patterns. As shown in Figure 4, GridCoPilot responds to a user’s request for a
trellis area chart to ‘compare hourly power generation changes of four specific substations in the first
week of 2024.” It displays each substation’s generation changes as small multiple area charts side by
side to facilitate comparison. An example of a list of supported chart types and their combinations
can be found in the Vega-Lite gallery [26]. Beyond the options for choosing chart types, users can also
specify visual encodings with their queries, such as size, length, width, and color, to create
customized visualizations tailored to their analytical needs.

You‘: Compare hourly pqmlrer genelatm‘n changes of‘Rupnﬁan',r'Pnj?HG‘. = Nuclear
and 'Queen Creek Sclar', 'Coachella 2' in the first week of 2040 with a trellis = Natural Gas
area chart = Wind
m Geothermal
Assistant: To compare the hourly power generation changes of 'Rupert_Cgn', u Hydro
‘Pit_5_H3', 'Queen Creek Solar', and 'Coachella 2' in the first week of 2040, Solar e
here is a summary of the findings: 1. **Rupert_Cgn**: This facility showed m Coal -
consistent power generation of 10.40 MWh for most hours, with a few hours o i iz S oo i
showing no generation. 2. **Pit_5_H3**: This facility had significant variability = Biomass
in its power generation, ranging from as low as 0.10 MWh to as high as 38.49 y
MWh. It demonstrated higher generation during evening hours and lower P
generation during early morning and late afterncon. 3. **Queen Creek Solar**: 5 i
This facility showed no power generation during night hours and started e
generating power in the morning, peaking around midday and tapering off in g
the late afternoon. The highest recorded generation was around 15.60 MWh [}
4. “*Coachella 2**: This facility had sporadic generation, with periods of no
generation interspersed with periods of generating 10.00 MWh or 20.00 MWh. o
### Summary - **Rupert_Cgn** maintains a stable generation profile with B A0 Lme el teal . Ll :r i

minimal variabilitv. - ~*Pit 5 H3** exhibits a hiahlv variable aeneration pattern, 00:00 Al

Figure 4. GridCoPilot uses a trellis area chart to compare generation changes over time across four generations,

based on the user-specified chart type.

V. Conclusions

Grid Copilot represents a significant advancement in power grid data analysis, combining large
language models with advanced visualization techniques to streamline complex dataset exploration.
The chat-based interface for textual and visual data exploration enhances accessibility, enabling
stakeholders to derive insights without extensive programming expertise. By interpreting natural
language queries, retrieving relevant data, and generating summaries and visualizations, Grid
Copilot addresses traditional data analysis challenges. This study demonstrates its effectiveness for
long-term planning scenarios, enabling comprehensive user-driven analyses beyond pre- defined
graphical user interface (GUI) frameworks.
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