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Abstract

SVG charts are very common on the Web, however, reusing, editing and restyling these

charts is very difficult. To facilitate this process, this thesis explores the challenges of

extracting data and visual encodings from SVG chart images and restyling them based on

user queries. We leverage large language models (LLMs) to facilitate this process using

few-shot prompt approaches, enabling users to deconstructs and restyle existing Vega-Lite

visualizations through natural language input. Our evaluation on 800 SVG charts and 250

natural language queries reveals that our system accurately deconstruct 93.4% charts and

successfully restyled 38.6% queries. Further qualitative analysis suggests that while LLMs

can effectively extract underlying data and visual encodings while accurately modifying visual

elements in response to user requests, they also suffer from inaccuracies when charts are

complex and unconventional. Finally, based on the above techniques, we develop a Chrome

plugin tool that detects and deconstructs SVG charts from the web page and then restyles

the charts based on user input. This approach highlights the potential of LLMs in improving

the flexibility and usability of data visualization tools for a broader audience.
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Introduction

1.1 Motivation

In today’s data-driven world, creating effective and engaging data visualizations is essential.

However, tools like D3.js [5], Vega-Lite [47], and Tableau [52], while powerful, often pose

significant challenges for users without specialized design skills. These tools often require

users to make critical decisions about visual encoding and design elements such as position,

size, shape, color, and font to accurately represent data. This process can be both time-

consuming and prone to errors, as users struggle to balance aesthetic appeal with effective

data communication.

For example, while D3.js [15] offers extensive capabilities for creating complex visualiza-

tions, it demands substantial coding expertise, limiting its accessibility to non-programmers.

Vega-Lite [47] simplifies this process with a concise, JSON-based syntax [13] for creating
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interactive visualizations, but it still requires significant user involvement. Although graphical

interfaces like Tableau [52] and Microsoft Power BI [40] aim to reduce complexity, they often

fall short when it comes to re-purposing existing visualizations with users’ own datasets [10].

Despite well-established principles designed to guide visualization choices [29, 17, 28],

many users are either unaware of these guidelines or struggle to apply them in practice. As a

result, there remains a significant gap between the theoretical understanding of good design

and the practical implementation of accessible, intuitive, and coherent visualizations.

The motivation for this work arises from the need to deconstruct and restyle existing

charts efficiently. Visualization practitioners often look for web-based visualizations that

they wish to reuse for their own datasets [10]. Similarly, they may wish to edit and restyle

existing charts that match their design criteria. Since users possess varying levels of skills

in creating and editing visualizations, the ability to extract data from pre-existing charts

enables them to modify and recreate visualizations tailored to their specific needs. Despite

its importance, this area is underexplored, even though users frequently encounter poorly

designed or visually incompatible charts.

1.2 Approach

Addressing these challenges, such as extracting data and encodings from charts and restyling

them, is essential to improve the usability and accessibility of data visualizations. For
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users with specific accessibility needs, the ability to customize visual elements, such as color

schemes, enhances clarity and readability [20]. Furthermore, deconstructing charts can

enable visually impaired users to utilize existing tools like screen readers to interpret chart

data more effectively. This approach makes visualizations more informative and accessible to

a broader audience, including those with blindness and vision impairment.

Existing approaches for chart deconstruction often require that charts are created using

specific tools like D3.js [22]. In reality, many existing charts on the web are in SVG (Scalable

Vector Graphics) format and are produced with a variety of libraries such as D3, Vega-lite,

Highcharts, and Data Illustrator. One advantage of such SVG charts is that visual objects,

such as bars and circles, can be extracted including their pixel coordinates, directly from the

Document Object Model (DOM), providing precise and structured access to the underlying

information. In contrast, bitmap images require the use of computer vision models to estimate

data, which often introduces inaccuracies and ambiguities. Despite this advantage, attempts

to automatically deconstruct SVG charts are rare. One notable exception is Mystique,

which attempts to deconstruct SVG charts; however, it is not fully automatic and does not

support restyling to meet specific user needs expressed through text queries [10]. Furthermore,

dynamically restyling SVGs based on user queries remains an unexplored area. To our

knowledge, no existing tool combines the ability to extract data and visual encodings from

SVG charts (deconstruction) with the capability to restyle them.

This research aims to bridge that gap by enabling users to automatically extract data
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from charts and then restyle them using natural language queries. Additionally, our approach

provides advanced functionalities, such as querying and summarizing charts, thereby enhancing

the flexibility and utility of chart manipulation.

More specifically, we leverage the capabilities of Large Language Models (LLMs), such as

GPT-4 [46] and Gemini [45] to extract data from SVG charts and restyle them using natural

language queries. Furthermore, we have developed a Chrome extension as a tool that serves

as a pipeline, enabling a streamlined process for both data extraction and chart restyling.

The plugin supports a variety of chart types, including bar, pie, scatter, line, and stacked

charts, while utilizing few-shot prompt approach to improve the accuracy and efficiency [35].

It also provides interactive features, such as modifying original charts, changing chart types,

adding animations, and incorporating elements like tooltips and summaries [4]. Examples of

the results of our chrome extension pipeline can be seen in Figure 1.1

To understand the utility of our approach, we conducted a study and performed both

quantitative and qualitative analyses. Our study is guided by two key research questions:

• How effective are LLMs at extracting data tables from SVG visualizations?

• How effective are LLMs in restyling SVG charts through natural language queries?
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Figure 1.1: Examples 1 and 2 showing poorly designed Vegalite charts converted to well-
designed charts
The original charts on the left suffer from poor design choices, including clashing colors,
inconsistent fonts, cramped labels, and inefficient use of space. Our extraction and restyling
process automatically extracts the data tables and visual encodings, allowing for a cleaner,
more coherent redesign (shown on the right). The improved charts feature balanced color
schemes, legible fonts, well-spaced labels, and enhanced readability. This transformation is
achieved through natural language queries, enabling users to easily restyle charts without
manually adjusting their code or layout. The first row (1) illustrates a poorly designed line
chart with unreadable axis labels and inconsistent styling, which is refined into a clearer,
more professional design. The second row (2) depicts a bar chart where uncoordinated color
choices and visual clutter are replaced by a well-organized layout with a clear color legend
and additional contextual information like chart summaries.
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1.3 Research Contributions

Our contributions include:

• Novel Data Extraction from SVG Charts: To our knowledge, we are the first to

develop a method for extracting data tables and visual encodings directly from SVG

charts. By employing prompt engineering techniques, specifically few-shot prompts, we

achieve a high level of accuracy with extraction of data tables and visual encodings

from complex SVG structures.

• Dynamic Restyling of SVG Images: Our approach allows for the dynamic restyling

of static SVG images based on user natural language queries. Users are able to modify

the underlying data as well as change various visual encodings such as marks, ticks,

scales, and color schemes, providing a flexible and powerful tool for data visualization

customization.

• Evaluation of LLMs for Data and Visual Encoding Extraction: We conducted

a comprehensive evaluation of data and visual encoding extraction using multiple large

language models (LLMs). Additionally, we have manually assessed the effectiveness

of various LLMs in restyling charts based on user queries, ensuring the reliability and

accuracy of our approach.

• Development of a Chrome Extension Interface: We have also introduced a

6



user-friendly Chrome extension that serves as an interface tool for chart data extraction

and visual restyling. This extension allows users to interact with SVG charts on any

webpage, extract the underlying data and visual encodings, and customize the visual

representation through natural language commands, making advanced data visualization

techniques accessible to a broader audience.

1.4 Thesis Outline

The structure of this thesis is outlined as follows. Chapter 2 delves into the literature review,

providing a detailed analysis of the challenges addressed in this research. Chapter 3 explains

the methodology, outlining the approach and techniques employed. Chapter 4 focuses on

the evaluation, presenting the results and findings. Lastly, Chapter 5 concludes the thesis,

summarizing key insights and discussing future directions.
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Literature Review

In this section, we review related research based on two primary themes: (i) chart decon-

struction and restyling, and (ii) applications of large language models (LLMs) for data

visualizations.

2.1 Chart Deconstruction

Chart deconstruction involves recovering the underlying data and visual encodings (i.e., how

data is mapped to visual attributes such as position, length, and color) from an existing

chart. This process has been applied to various chart formats, ranging from bitmap images

to SVG charts, including those created with the D3 library.

Early work on deconstructing bitmap charts includes the ReVision system [49], which

takes chart images and identifies the chart type using an SVM-based classifier, then extracts
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the underlying graphical marks (e.g., bars) and data. ChartSense [26] improves on this by

using a convolutional neural network (CNN) for chart type classification, followed by an

interactive approach for data and mark extraction. Other efforts have focused on recovering

color encodings by analyzing legends in bitmap charts [42], as well as extracting data from

more complex charts like map charts [38] and scatterplots [12].

Fully automatic chart extraction pipelines were proposed by Choi et al. [11] and Siegel

[51], although their methods rely on heuristics that struggle with many real-world charts,

resulting in limited performance. ChartOCR [33] is another automated system that achieves

high accuracy in extracting data from real-world charts. However, it primarily predicts raw

data values for marks (e.g., bars) without linking them to their corresponding axes or legends.

In general, data extraction from bitmap charts remains challenging, particularly for complex

charts with many data points, poor image resolution, or complex functional mappings, where

computer vision models face significant limitations.

In contrast, deconstructing SVG charts is relatively easier since the data is often embedded

in the webpage’s Document Object Model (DOM). Harper and Agrawala [20] explored

deconstructing and restyling visualizations created with the D3 JavaScript library. Their tool,

a Google Chrome extension, analyzes the programmatic description of the chart to extract

data, marks, and encodings more accurately than bitmap-based techniques. However, these

tools still struggle with unconventional and complex charts, such as map charts, or charts

involving intricate functional mappings.
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Mystique [10] offers an interactive approach for deconstructing SVG charts, guiding users

through a series of steps to map deconstructed components to their data. Our work departs

significantly from previous approaches by focusing on a fully automated pipeline that extracts

data and visual encodings from charts and dynamically restyles them based on user queries.

Unlike prior systems, which often address only specific aspects of the visualization process,

our approach provides users with the ability to modify not only the chart’s visual design but

also its underlying data. This comprehensive approach enables seamless interaction, offering

unparalleled flexibility and accessibility.

2.2 LLMs for Data Visualization

The intersection of Large Language Models (LLMs) and data visualization opens new avenues

for simplifying complex datasets and enhancing decision-making processes. Several studies [27,

2, 35] demonstrate the potential of LLMs to automate the interpretation of visual data into

more accessible formats. By leveraging their advanced language understanding capabilities,

LLMs expand the scope of data visualization, enabling more interactive and user-friendly

experiences.

The integration of tools such as ChatGPT, Codex, and GPT-3 within frameworks like

Chat2VIS further exemplifies LLMs’ ability to translate natural language into executable

code for data visualizations [35]. This approach, often referred to as "prompt engineering,"

allows LLMs to generate Python scripts for creating visualizations. The smooth transition
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from unstructured natural language to structured programming code highlights a key strength

of LLMs, particularly when generating complex visual representations.

However, there are still notable challenges. Liu’s study [31] underscores the need for

responsible deployment of LLMs, while Kavaz [27] discusses the limitations of natural language

interfaces (such as chatbot-driven systems like ChatGPT) in supporting interactive visual

data manipulation. These interfaces often struggle with handling complex, multi-step queries

and do not fully support advanced data visualization tasks.

Recent innovations, such as Live Charts [54], explore novel methods of presenting data

by combining static charts with animations and audio narration. These approaches enhance

the clarity of information through multi-sensory engagement. However, their reliance on

predefined animations and the token limitations of LLMs reduce flexibility and interactivity.

Additionally, Live Charts do not allow users to modify the underlying data or visual encodings,

limiting customization and user participation.

Moreover, recent efforts have focused on evaluating LLMs in various benchmarks for

chart comprehension and reasoning tasks, including question answering, summarization, and

fact-checking [23, 16]. Despite this progress, there has been little to no exploration of LLMs’

capabilities in deconstructing and restyling SVG charts—an area that motivated our study.

11



2.3 Applications of Chart Deconstruction

Chart deconstruction offers a range of valuable applications. Many charts suffer from

poor design choices or low resolution (as seen in Figure 1.1), and researchers deconstruct

these visualizations to extract the underlying data and visual encodings, allowing for the

revitalization, editing, and restyling of these charts [20]. Additionally, deconstructing charts

enables the indexing of large visualization collections, supporting the development of search

tools that allow users to find visualizations based on specific design characteristics, facilitating

exploration of the design space [22, 3]. Chart deconstruction also enhances question-answering

systems that require both visual and logical reasoning over charts [36]. Furthermore, it plays

a critical role in improving accessibility. Deconstructed chart data can be used to generate

captions as alt-text and provide more accessible navigation of data points (e.g., [1, 50]). In

this thesis, we develop a Chrome extension for the automatic deconstruction of SVG charts,

focusing primarily on the application of chart restyling. However, our SVG deconstruction

and restyling tool can be extended to incorporate other applications.

In summary, the research reviewed highlights the ongoing advancements in chart decon-

struction and the integration of LLMs in data visualization workflows. While early efforts

have made significant progress in recovering data from various chart formats, challenges

remain, particularly with complex charts and bitmap images. Recent developments, such as

interactive tools and LLM-driven solutions, offer new possibilities for enhancing accessibility,
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customization, and interaction with visual data. Our work aims to build on these innovations

by focusing on fully automated deconstruction and restyling of SVG charts, with the potential

for broader applications in the future.
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Methodology

This section presents the methodology of our research, building on the insights gained from

the literature review. In the previous section, we examined existing works on data extraction

and chart restyling, identifying the limitations of current tools, such as the complexity of SVG

chart structures and the challenges in customizing visualizations. Based on these findings,

we devised a research approach that integrates Vega-Lite, prompt engineering, and large

language models (LLMs) to explore how these technologies can address these challenges.

The purpose of this methodology is to provide a clear and detailed explanation of the tools,

processes, and techniques we used to investigate data extraction from SVG charts and the

potential for simplifying restyling tasks. This section outlines how we conducted our research,

enabling a systematic evaluation of these technologies and their impact on making data

visualization more accessible and flexible.
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3.1 Problem Definition

Many charting libraries, such as D3, Vega-Lite, and Highcharts, generate SVG charts [3].

SVG (Scalable Vector Graphics) charts are popular for web-based visualizations due to their

scalability and cross-platform compatibility. However, while effective for rendering visuals,

SVGs are not designed to easily expose the underlying data [8]. This creates a significant

hurdle when users need to extract data from these charts for analysis or repurposing. Parsing

SVGs involves navigating intricate structures, a task that is often tedious, error-prone, and

requires advanced technical skills [48].

Restyling existing visualizations presents another challenge. Many visualizations are

created with static settings, making modifications—such as changing colors, fonts, or visual

encodings—difficult without a deep understanding of the underlying code, particularly with

complex libraries like D3.js. This complexity can be a barrier for users without programming

expertise, limiting customization and adaptation [39].

To address these challenges, we propose using Vega-Lite in combination with prompt

engineering and large language models (LLMs) to deconstruct and restyle charts. During

the extraction phase, both the data and visual encodings are converted into a Vega-Lite

specification. This specification provides a framework for visualizing or restyling charts.

Vega-Lite’s declarative syntax simplifies visualization creation and modification, allowing

users to focus on what they want to visualize rather than the implementation details.
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Figure 3.1: Comparison of three stages of the same chart
: a) the chart displayed as an image, b) the extracted SVG code, and c) the chart in its
Vega-Lite format. This highlights the transition from the final visual output back to the
underlying data representation.

Figure 3.1 illustrates a simple bar chart, along with the corresponding SVG code and the

Vega-Lite specification. As shown in the figure, the SVG code is stored in an XML format,

whereas the corresponding Vega-Lite specification is written in a concise JSON structure.

This JSON structure defines how data fields are mapped to visual properties such as the

x-position, y-height, and color of the chart elements.

Beyond simplicity, Vega-Lite also supports advanced features like data transformations

and aggregations directly within its JSON structure. For example, calculating the average

value per category can be accomplished with the following code:

"transform": [{
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"aggregate": [{"op": "average",

"field": "value", "as": "avg_value"}],

"groupby": ["category"]

}]

Our tool takes the SVG code of a chart, extracts the data and visual encodings, and

outputs the result in the Vega-Lite format. Subsequent features of the tool, including

query-based restyling, take the Vega-Lite code of the deconstructed chart as input, along

with any user-provided query, and return a modified Vega-Lite specification to reflect the

user-suggested restyling changes.

3.2 Dataset collection

3.2.1 Chart Dataset

Our dataset was compiled from two primary sources:

(1) ChartQA [37]: ChartQA is a leading dataset created to evaluate chart question-

answering systems. From this dataset, we selected 500 charts, equally distributed across five

types—100 each of pie, bar, scatter, line, and stacked bar charts. To assess the accuracy of

chart deconstruction, we converted the tables from ChartQA into Vega-Lite charts, generating

corresponding SVG code based on the ground truth data tables.
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(2) NVBench [34]: NVBench serves as a benchmark for the Natural Language to

Visualization (NL2VIS) task, containing charts in Vega-Lite format. Using NVBench, we

evaluated the plugin’s ability to process a wide variety of chart types and its accuracy in

extracting data from Vega-Lite SVG charts.

Table 3.1: Data Extraction Evaluation using ChartQA and NVBench Datasets

Dataset Chart Types Total
ChartQA [36] Pie, Bar, Scatter, Line, Stacked (100 each) 500
NVBench [34] Bar, Pie, Line (100 each) 300

3.2.2 Queries for Restyling

In order to evaluate the restyling approach, we first collected 100 natural language queries

manually. These queries were designed to reflect common user requests for restyling Vega-Lite

charts, covering a range of tasks related to modifying the visual representation of data. The

collection process was motivated by the need to evaluate how effectively LLMs can handle

different types of visual encoding commands, as well as to explore how these queries contribute

to understanding the restyling capabilities of LLMs.

By creating these visual encoding-based queries, we ensured they encompassed a wide

spectrum of common adjustments. In particular, we focus on gathering queries that involve

visual encoding changes (e.g., changing chart type, marks and visual attributes) as well as

stylistic changes that are not visual encoding specific (e.g, changing the width of bars, changing

background color). By analyzing these queries, we can identify patterns and challenges in
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how LLMs interpret and execute restyling commands. For instance, user queries often include

requests for changes in visual encoding (e.g., colors, chart types) or adjustments to non-visual

elements (e.g., tooltips, legends) [21].

In addition to these human-written queries, we also collected a total of 150 visual encoding

queries that were created using prompt engineering techniques. Achieving a balance between

LLM-generated and human-generated queries is crucial. Human-generated queries bring

real-world context and nuance that may be missed by purely LLM-generated queries. On the

other hand, LLM-generated queries can introduce variety and scale that would be difficult to

achieve manually. By combining these approaches, we ensure that the dataset captures both

the precision and contextual richness of human input and the broad coverage and diversity

provided by LLM augmentation.

To generate the LLM-driven queries, we used few-shot prompting. Each prompt included

multiple examples relevant to the category of queries being generated. In developing the

prompts, we accounted for multiple dimensions of variability, including parameter ranges

(e.g., color codes, pixel dimensions), chart types (e.g., bar, pie, line), and structural changes

(e.g., axis reconfiguration). Additionally, each prompt underwent iterative refinement through

manual tuning, ensuring that the LLM’s generative capabilities were fully exploited without

overfitting to specific query forms. This approach maximized both the diversity and relevance

of the output queries. Below are the prompts used:

• Visual Encoding Prompt Example 1:
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"Here are some examples of visual

encoding queries:

- Change the bar color to blue (#0000FF).

- Adjust the line thickness to 2 pixels for clarity.

- Switch the chart type from a bar chart to a pie chart for

categorical representation.

- Set the y-axis scale to logarithmic for data compression.

- Increase the size of scatterplot points to 10 pixels.

- Rotate the x-axis labels by 45 degrees for better readability.

- Add a title ’Sales Report 2023’ to the chart.

- Set the bar width to 15 pixels for improved visibility.

- Change the background color of the chart to light gray (#D3D3D3).

- Convert the stacked bar chart into a grouped bar chart.

- Apply a gradient color scheme to the line chart based on

the y-axis values.

- Set the opacity of the area chart to 0.6 for enhanced transparency.

- Swap the x and y axes of the chart.

- Add grid lines to the x-axis at intervals of 10 units."

"Generate 150 more queries for visual-encoding based

restyling of charts."
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To ensure robustness, the queries were generated in multiple batches and underwent a

post-generation analysis phase where they were evaluated for syntactic correctness, semantic

coherence, and applicability to the Vega-Lite specification. Below are some sample queries

generated by LLMs:

• Set the stroke width of the scatterplot points to 3 pixels.

• Transform the line chart to use a dashed line style with a 5-pixel gap.

• Apply a gradient color scheme to the bar chart based on the y-axis values.

Query Type Number of Queries
LLM Generated Visual Encoding 150
Human Generated Visual Encoding 100

Table 3.2: Analysis of Natural Language Queries for Restyling Vega-Lite Charts
This table presents a breakdown of the different types of queries used for restyling Vega-Lite

charts. The queries are divided into two categories: LLM-generated queries and
human-generated queries focusing on visual elements. The analysis highlights the number of
queries processed for each type, with 150 queries generated by large language models (LLMs)

and 100 human-generated queries.

We analyze these 250 natural language queries based on visual encoding, the breakdown

of which can be seen in Table 3.2, to test the system with Gemini [53], GPT-4 [41], Llama 8B

and Llama 70B. Each query was used to instruct the models to make specific changes to the

Vega-Lite charts according to the provided query. The results were then manually categorized

as accurate, partially accurate, or not accurate. The queries were also sub-categorized based
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Figure 3.2: Figure showing the overview of the Data and Visual encoding extraction
This figure illustrates the steps involved in extracting the data table and the visual encodings
from a simple chart. The Chrome Extension automatically extracts the SVG code of a chart
and then first extracts the chart type followed by extracting data and encodings as Vega-Lite
code using few-shot promts.

Figure 3.3: Figure showing the overview of the restlying process of charts.
This figure illustrates the process of restyling charts. The tool takes the Vega-Lite specification
of the chart and the user’s query as input. It then generates restyled Vega-Lite specifications
by utilizing LLM according to the user’s query. Here, we show three examples of restyled
results for the original input bar chart: a bar chart with icons representing sales items (a),
a scatter plot with icons, (b), and a pie chart (c), demonstrating the tool’s capability to
customize chart appearances through intelligent code modifications.

on their applicability: some queries were specific to certain chart types, while others were

general and applicable to all chart types. The general queries were tested across five chart

types: pie, bar, grouped, line, and scatter.
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3.3 Deconstruction

An overview of the chart deconstruction process is shown in Figure 3.2. The Chrome

Extension scans the Document Object Model (DOM) of a webpage to identify SVG elements

corresponding to Vega-Lite charts. It particularly looks for attributes or classes indicative of

different chart types. Upon detection, users are prompted to confirm if they wish to proceed

with deconstructing the chart, ensuring that processing is applied only to relevant charts.

Once confirmed, the SVG data of the chart is transmitted to a backend server via an API

request.

At the backend, the SVG is first sent to the LLM model to deduce the chart type using

few-shot learning techniques [31, 6]. Based on the identified chart type, the correct few-shot

prompts are selected from a collection of pre-designed prompts tailored for specific charts

and sent to the LLM again for deconstruction. This process helps ensure that the model

interprets the chart correctly from the beginning.

Using the few-shot prompts, curated examples help the model understand the structure

of the chart, converting the SVG into a structured JSON object representing the data table.

The few-shot examples ensure that the LLM can effectively interpret the relationship between

SVG visual elements and their corresponding data representations, especially in more complex

visualizations like line charts [43]. For instance, in deconstructing line charts, unique challenges

arise due to path commands like "MoveTo" and "CurveTo" [24]. These commands dictate
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how points on the line are connected and curved, requiring precise interpretation to translate

pixel values into accurate data points. By utilizing these commands alongside extracted path

coordinates, the model can accurately reconstruct the data and visual encodings.

To recover the y-data values from a line chart based on axis labels, tick marks, and

their positions, we map the pixel coordinates of points on the chart to data coordinates using

geometric transformations and scaling relationships.

More formally, let the chart image be represented in a 2D-pixel space in which:

• Pixel coordinates: (xp; yp) represent points on the chart in the image.

• Chart axis ranges: [xmin; xmax] for the x-axis and [ymin; ymax] for the y-axis.

The goal is to map (xp; yp) to data coordinates (xd; yd) using the scale provided by axis

labels and tick marks. First, we identify the following pixel positions:

• (xp;min; yp;min): Pixel coordinates of the chart origin.

• (xp;max; yp;max): Pixel coordinates of the maximum extent of the axes.

We then calculate the scaling factors sx and sy as:

sx =
xmax � xmin

xp;max � xp;min

sy =
ymax � ymin

yp;min � yp;max
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Using the scaling factors, we then map any pixel point (xp; yp) to data coordinates (xd; yd):

xd = xmin + sx � (xp � xp;min)

yd = ymin + sy � (yp � yp;max)

Here, yp;max is used as the reference because pixel coordinates typically increase downward in

images.

Finally, For each xp corresponding to an x-value of interest, we simply extract yp from

the chart’s line trace and apply the above transformation equations to compute (xd; yd).

3.4 Restyling

An overview of the chart restyling process is shown in Figure 3.3. The Chrome extension tool

renders the Vega-Lite specification from the deconstruction phase and then allows the user to

interactively modify the chart. To ensure the accuracy and relevance of these modifications,

advanced prompts, including directives and complex prompt engineering, are used [31, 6].

These methods restrict LLMs’ responses, focusing it to perform only the necessary adjustments

and not to deviate into unintended actions [44]. After the modifications are applied, the

chart is re-rendered to visually represent the user’s customization [14]. Additionally, users

can request summaries or other analytical outputs based on the restyled data visualization,
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which LLMs provide by further analyzing the altered chart’s data and attributes [25]. This

comprehensive process allows for a dynamic and precise restyling of data visualizations,

tailored specifically to the user’s needs through natural language processing and prompt

engineering [9]. An example of the few shot-prompt that we used can be seen below.

Few-Shot Prompt For Restyling Charts

Given an SVG image of a chart, the task is to

extract the underlying data table and

represent the chart’s encoding using Vega-Lite

specifications. Below are two

examples demonstrating this process.

Example 1 Input:

Query: Apply a log scale to the y-axis and use

a diverging color scheme for the bars based on

their values.

{INPUT VEGA-LITE SPECIFICATION INSERTED HERE}

Output:

{OUTPUT VEGA-LITE SPECIFICATION INSERTED HERE}
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Example 2 Input:

Query: Adjust the chart to show stacked bars with

a gradient color scale for values and display

labels on top of each bar.

{INPUT VEGA-LITE SPECIFICATION INSERTED HERE}

Output:

{OUTPUT VEGA-LITE SPECIFICATION INSERTED HERE}

3.5 Chrome Extension User Interface

Users interact with LLMs through a chat interface to specify desired restyling actions. As

shown in Figure 3.4, the interface includes four main components: (1) the deconstructed

chart rendered with the Vega-Lite specification, (2) the extracted data table, (3) the chat

input field for user queries, and (4) a brief summary of the chart generated by the LLM.

Users type restyling commands into the chat box, and the LLM uses few-shot prompts to

perform the restyling. The system then re-renders the visualization based on the user’s input.

Users can submit follow-up queries to iteratively refine the chart. They can also edit the data

table if they need to correct the extracted data or modify the chart’s dataset.

In conclusion, this methodology section has laid the groundwork for exploring how

large language models (LLMs), prompt engineering, and Vega-Lite can be used to address
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key challenges in data visualization, specifically extracting data from SVG charts and

restyling them. By integrating these technologies, we have detailed the tools and techniques

used to streamline these complex processes, allowing for more flexible and accessible chart

manipulation. This section not only explains the reasoning behind our chosen approach but

also provides a structured framework for evaluating LLMs’ performance. As we transition

into the evaluation section, we will systematically assess the effectiveness of this methodology,

focusing on the accuracy and reliability of LLMs in extracting data and performing restyling

tasks based on natural language queries.
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Figure 3.4: Our Chrome Extension User Interface
The user interface allows users to modify chart elements, view the underlying data table of
the chart and a summary of the chart. Users enter restyling queries through a chatbox and

the system dynamically re-renders the chart based on user input.
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Evaluation

In this section, we conduct a detailed evaluation to address the two primary research questions

that drive our study: the effectiveness of large language models (LLMs) in extracting data

tables from Vega-Lite visualizations and their ability to restyle these visualizations through

natural language queries. The purpose of this evaluation is to rigorously assess LLM

performance across both tasks, offering a quantitative and qualitative analysis of their

capabilities. By focusing on these two dimensions, we aim to explore how well LLMs can

manage data extraction from a variety of chart types, such as bar, line, scatter, and pie

charts, while also investigating their capacity to dynamically modify chart styles based on

user-driven inputs. The evaluation process includes accuracy testing, iterative refinement

of prompts, and error analysis to pinpoint challenges in both data extraction and restyling

tasks. Through this assessment, we provide a comprehensive understanding of the strengths

and limitations of LLMs in automating these processes, highlighting areas where they excel

and identifying potential improvements for future work. This section ultimately serves as
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a critical examination of LLMs’ potential to streamline data visualization workflows and

offers insights into their broader application in this field. For our experiments, we chose two

top-performing LLMs: GPT-4 [46] and Gemini Pro [45].

4.1 Research Questions

Our study is driven by two primary research questions:

• How effective are LLMs at extracting data tables from Vega-Lite visualizations?

• How effective are LLMs in restyling Vega-Lite charts through natural language queries?

These questions laid at the heart of our investigation, guiding the evaluation of LLM

performance in two critical areas: the ability to reliably extract the underlying data from

diverse Vega-Lite visualizations and the capability to dynamically modify chart styles based

on user-driven natural language inputs. By focusing on these dimensions, we provide

comprehensive insights into how well LLMs can handle both data extraction and chart

customization tasks within the context of automated visualization systems.
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4.2 Effectiveness of LLMs at Extracting Data Tables

For the ChartQA dataset, after iteratively refining the two-shot prompt specific to each chart

type, we achieved high accuracy in extracting data from the 500 charts. This process involved

significant effort and multiple iterations to perfect the prompts, ensuring they were tailored

specifically for each chart type to yield optimal results.

Similarly, for the NVBench dataset, the results were consistent, with LLMs achieving

a high level of accuracy in data extraction as observed in Table 4.1 and Table 4.2. Given

that NVBench charts are also Vega-Lite generated, the successful application of our refined

prompts validated the robustness of our approach.

The refinement process for the few-shot prompts involved several stages. Initial attempts

revealed challenges in accurately extracting data, particularly with more complex chart types.

Through detailed analysis of these initial errors, we identified common issues and areas for

improvement. We then iteratively modified the prompts to address these issues, focusing

on the unique characteristics of each chart type. Continuous testing and refinement of the

prompts based on feedback from each iteration further enhanced their effectiveness.

One notable challenge was extracting data from line charts, which required interpreting

the Move-to and Curve-to elements within the SVG path data. Our algorithm accurately

extracted pixel values from these path elements, converting them into actual data points to

ensure precise data extraction from the line charts.
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To validate the accuracy of the extracted data tables, we employed a script from the

ChartQA paper [29]. This script compared the ground truth tables with the extracted tables

by computing a similarity score. It calculated a cost matrix between the elements of the

ground truth and extracted tables using the following distance formula:

distance(x1; x2) = min

(
1;

∣∣∣∣ x1 � x2

x1 + 1 � 10−15

∣∣∣∣) (4.1)

This formula calculates the normalized absolute difference between corresponding elements

in the ground truth and extracted tables. The cost matrix is then used in the Hungarian

algorithm to find the optimal assignment between the elements of the two tables, minimizing

the overall cost. The final similarity score is calculated using the formula:

score = 1 �
∑

cost_matrix[row_ind, col_ind]
max(len(lst1); len(lst2))

(4.2)

This score represents how closely the extracted table matches the ground truth, with

a score of 1 indicating a perfect match. This rigorous approach ensured that the prompts

were highly effective, leading to high accuracy in data extraction across both datasets. The

iterative refinement process highlights the importance of customizing prompts to handle the

specific nuances of different Vega-Lite visualizations.
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Evaluation Pie Bar Line Scatter Grouped
Few-Shot (ChartQA) [29] 97% 100% 89% 93% 84%

Zero-Shot (ChartQA) 86% 91% 79% 84% 77%
Few-Shot (NVBench) [34] 94% 98% 92% - -

Zero-Shot (NVBench) 79% 85% 81% - -

Table 4.1: Results of the Data Extraction Process with GPT-4
The table presents the evaluation results of data extraction from different chart types using several
approaches: ChartQA, NVBench, Few-Shot Prompt

Evaluation Pie Bar Line Scatter Grouped
Few-Shot (ChartQA) [29] 96% 99% 81% 88% 76%

Zero-Shot (ChartQA) 82% 86% 72% 76% 63%
Few-Shot (NVBench) [34] 95% 99% 86% - -

Zero-Shot (NVBench) 74% 87% 70% – –

Table 4.2: Results of the Data Extraction Process with LLaMA 70B
This table shows values for the evaluation results of data extraction from different chart types using
LLaMA 70B with several approaches: ChartQA, NVBench, Zero-Shot Prompt (both ChartQA and
NVBench)

4.3 Qualitative Analysis of Data Extraction Process

The qualitative analysis of the data extraction process highlights the strengths and comparative

performance of the two large language models (LLMs), GPT-4 and LLaMA 70B. Both LLMs

demonstrated high accuracy in extracting data tables, as shown in Tables 4.1 and 4.2.

However, GPT-4 consistently outperformed LLaMA 70B across most chart types, particularly

in Few-Shot settings.

For example, GPT-4 achieved an accuracy of 97% for pie charts and 100% for bar charts

in the ChartQA dataset, compared to LLaMA 70B’s 96% and 99%, respectively. Similarly,

for line charts, GPT-4 outperformed LLaMA 70B with an 89% accuracy compared to 81%.

This trend is also evident in zero-shot prompts, where GPT-4 consistently demonstrated
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higher accuracy rates.

One potential reason for GPT-4’s superior performance is its robust understanding of visual

encodings and its ability to handle complex chart elements. This advantage is particularly

noticeable in scatter and grouped bar charts, where LLaMA 70B showed a sharper decline in

accuracy. For example, LLaMA 70B scored only 63% for grouped bar charts in the ChartQA

dataset, while GPT-4 achieved 84%. This disparity suggests that GPT-4 may better leverage

contextual understanding and relationships between chart elements.

Despite these differences, LLaMA 70B’s performance remains commendable, especially in

simpler chart types like pie and bar charts. Its slightly lower accuracy might be attributed a

narrower understanding of the nuances in Vega-Lite visualizations.

Overall, the high accuracy rates of both LLMs indicate that they are well-suited for data

extraction tasks. However, GPT-4’s consistent edge across various chart types underscores

its broader applicability and efficiency in handling complex and nuanced visual data.

4.4 Effectiveness of LLMs in Restyling Vega-Lite Charts

We evaluated four language models—GPT-4, Gemini, LLaMA 8B, and LLaMA 70B—on

their ability to generate Vega-Lite queries for restyling charts based on natural language

prompts. The models were tested on five chart types: bar chart, pie chart, line chart, grouped

bar chart, and scatter plot, using identical prompts. Results were categorized as Accurate,
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Partially Accurate, or Inaccurate, as summarized in Tables 4.3 and 4.4.

In the zero-shot setting (Table 4.3), GPT-4 achieved the highest accuracy rate at 30.1%,

followed closely by Gemini at 28.1%. LLaMA 70B and LLaMA 8B had lower accuracy rates

of 19.1% and 9.4%, respectively. This indicates that GPT-4 and Gemini are more capable of

interpreting natural language prompts without prior examples.

In the few-shot setting (Table 4.4), accuracy improved for all models. GPT-4 reached

an accuracy rate of 39.1%, slightly outperforming Gemini at 38.0%. LLaMA 70B showed a

significant improvement to 27.2%, while LLaMA 8B increased to 12.8%. These improvements

highlight the benefit of providing examples, especially for models with less capacity or smaller

architectures.

Upon an overall analysis, GPT-4 outperformed all other models in terms of accuracy in

the few-shot setting. GPT-4 achieved an accuracy rate of 39.1%, with a partial accuracy rate

of 8.5%, and an inaccuracy rate of 52.4%. Gemini closely followed with an accuracy rate of

38.0%, a partial accuracy rate of 6.3%, and a higher inaccuracy rate of 55.7%. LLaMA 70B

and LLaMA 8B had lower accuracy rates of 27.2% and 12.8%, respectively. LLaMA 70B

exhibited a partial accuracy rate of 6.6% and an inaccuracy rate of 66.1%, while LLaMA 8B

had a higher partial accuracy rate of 17.0% but a high inaccuracy rate of 70.2%. The higher

partial accuracy in LLaMA 8B suggests that while it often failed to produce fully correct

outputs, it frequently captured some aspects of the desired restyling.

Based on an analysis, the two most common reasons for inaccurate results were:
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