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Abstract

We present a novel, scalable approach to using multimodal LLMs for creating domain-
specific chart derendering datasets. We detail our methodology and apply it to the
engineering field to create the first chart derendering dataset representative of the
engineering domain. We formalize criteria to assess the quality of chart derendering
datasets and use these criteria to analyze the ChartEng dataset. Finally, we lay out
plans to scale up the ChartEng dataset in the future and encourage other researchers
to implement the proposed methodology to create domain-specific datasets for other

disciplines.
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Chapter 1

Introduction

1.1 Motivation

Conducting a systematic review of the related literature is a pre-requisite for beginning
novel research in most academic disciplines. Systematic reviews are essential to
performing quality research, allowing researchers to survey existing knowledge in the
field and identify future directions accordingly [1]. Although essential, the process of
conducting a systematic review is notoriously tedious. Researchers must sift through
vast quantities of past papers, often numbering in the thousands, and screen each one
individually for relevance and valuable insights. As a result, systematic reviews can
often take months to complete, delaying new research and consuming valuable funding
resources.

The Automated Systematic Review (ASR) project, initiated as a collaboration
between the Royal Dick Veterinary School, EDINA, and students from the School
of Informatics, aims to alleviate some of the difficulties faced by researchers when
conducting systematic reviews. The ASR project streamlines the review process by
leveraging machine learning to automate as much of the work as possible. The project
has already shown significant promise—in preliminary testing the tool has proven capable
of reducing the time taken to conduct reviews in the veterinary field from months to
a matter of weeks. Building on this success, the project has expanded its scope with
the goal of creating a general purpose tool for automating systematic reviews across
disciplines. Currently, the focus of the project is expanding the scope of the tool to the
engineering discipline, for which the project is currently receiving funding.

Aside from providing the researcher with valuable perspective on past work, system-

atic reviews also offer a chance to collect data from relevant papers. This data can then
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be aggregated, analyzed, and republished in future work, providing a valuable baseline
upon which future research can build. One challenge that arises when attempting to
collect data from past work is the prevalence of data presented in graphical format.
Graphs, or charts as they are generally referred to in academic literature to distinguish
from knowledge graphs, are a fundamental tool for communicating data in academic
research. Charts are particularly ubiquitous in engineering, where they are critical for
conveying experimental results, as they facilitate the identification complex patterns,

trends, and relationships that may be obscured when directly analyzing raw data.

1.2 Problem Statement

Despite their utility, charts pose a unique challenge to researchers aiming to utilize data
from past research. Their visual approach to representing data, while extremely useful
for facilitating data analysis, does not allow for easy access to the underlying tabular
values. Data presented in charts must first be extracted in tabular format before it can be
aggregated or republished. The process of extracting this tabular data is known as chart
derendering, although some researchers refer to it as the “Chart-to-Table” task. The
process of chart derendering is labor intensive, even with the suite of tools available for
the task [2]. Although manual data extraction tools such as WebPlotDigitizer have been
shown to produce highly reliable results, this reliability comes at a cost, as extracting
data from a single plot typically takes about 15 minutes [3]. Recognizing this challenge,
significant effort has been invested into developing Al models to perform automatic
chart derendering [4]. Unfortunately, despite significant research into the topic, existing
automatic derendering models still lack the accuracy and reliability to be deployed in
academic research.

As with many fields of Al, the application of large-scale transformer models to
chart derendering led to significant initial performance gains [5, 6]. Characterized by
the use of Vision Transformer (ViT) encoders and textual transformer decoders, these
models were significantly better suited to chart derendering than past deep learning
approaches because of their ability to encode spatial information. This spatial context
allowed them to capture relationships between related chart elements such as axes,
data points, and legends that are spread throughout the input image. The first models
implementing this architecture were actually models trained for more generalized visual
language understanding: Pix2Struct and DONUT [7, 8]. Despite no task-specific

training, their massive corpuses of visual language data made them well-suited to
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chart derendering, allowing them to considerably outperform more specialized chart
derendering models. The initial success of these models inspired multiple fine-tunings
on the chart derendering task, in the hopes that task-specific training on chart-table pairs
would quickly provide more performance gains [5, 6, 9, 10].

After initial success, model performance quickly plateaued, in large part due to the
lack of high-quality datasets of chart-table pairings [11]. Synthetic datasets have been
created to alleviate this issue, but fail to emulate the massive variability in chart types,
data distributions, and visual styling seen in real world charts [12, 13, 10].

Although the quality of synthetic datasets released has been improving over time,
the methodology used to create them has remained somewhat stagnant. Data is either
scraped from online sources, or sampled randomly from common statistical distributions.
Charts are created using online plotting libraries, primarily matplotlib in Python, and
authors explicitly vary parameters controlling input data, chart types, and chart styling
through conditional programming [14]. This approach to incorporating variability is
severely constrained in terms of scalability and flexibility, as authors must individually
identify and define every parameter, all of its permutations, and how that parameter
varies in relation to other parameters. Opting to vary parameters in less structured ways
is valid as well, but does tend to result in unnatural looking charts, such as the poorly

scaled bar charts (Figure 1.1) in the ChartSFT dataset [10].

cognizing the talking Macro.F1 for Text-Only Feedforward Neural Network (FFNN) vith Word2Vec on Validation Set
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@

(a) Simple bar chart taken from ChartSFT (b) Bar chart from ChartSFT. The choice of
dataset. Poorly chosen y-axis limits results a stacked bar layout results in an unnatural
in four bars of indistinguishable height. layout and unintellegible data.

Figure 1.1: Bar charts taken from ChartSFT dataset.

Beyond the challenges of introducing variability, another critical issue lies in the
development of domain-specific datasets. These domain-specific datasets are crucial
because there exists massive variance between the features and styling of charts across

domains; charts found in academic research bear little resemblance to those seen in
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journalistic articles, for example. A dataset tailored to represent the specific character-
istics and visual styling of engineering charts would be a significant step forward on
the path to developing a chart derendering model for deployment in the ASR project.
Moreover, improvements in the methodology for developing domain-specific datasets
would greatly benefit the field as a whole, enabling more effective model training across

various specialized areas.

1.3 Project Goal

In this report, we detail the creation of the ChartEng dataset, a dataset of synthetic
charts which mirror the features, styling, and data distributions found in charts taken
from engineering papers. We propose novel methodology for dataset creation that
leverages the potency of the ChatGPT-40 model for multimodal image understanding
[15]. Charts taken from real engineering papers are fed into the model and the model
is given instructions to reply with Python code to generate a synthetic chart visually
similar to the original. This method compels GPT to generate synthetic data that mirrors
the distribution of the original chart’s data. This synthetic data, when paired with the
resulting chart upon execution of the code, results in a chart-table pairing with visual
characteristics and data distribution that closely resembles the input chart.

We implement this innovative approach in a scalable pipeline using the GPT-40 API
to create the ChartEng dataset. ChartEng contains 14,670 charts representative of the
complexities and variability found in engineering research, a few of which are displayed
in Figure 1.2 along with the graphs they are meant to emulate. These charts are paired
with their underlying tabular data, as well as the code used to generate them. We detail
the methodology behind the pipeline, allowing future authors to use our procedure to
create domain-specific datasets for other domains. We formalize criteria for evaluating
the quality of a chart-table dataset and apply these criteria to the ChartEng dataset.
Finally, we acknowledge shortcomings in our approach, notably the robustness of our
data extraction methodology, and lay out plans for future work to validate and scale up

ChartEng so that it can be deployed to train chart derendering models.
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Figure 1.2: Example charts taken from the ChartEng dataset, shown on the left, paired

with the original charts input to the ChatGPT-40 model to create them.
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Background

2.1 Manual Chart Derendering

While no longer done using pen, paper, and ruler as it once was, manual chart derender-
ing still requires a substantial degree of human effort. Software tools like PlotDigitizer
and WebPlotDigitizer allow the user to upload chart images and extract data with intu-
itive graphical user interfaces [16, 17]. Users must manually label axes, calibrate the
scale of the plot, and select data points individually using the mouse. The paid version
of PlotDigitizer offers automatic line tracing and data point detection, but the user must
still be involved to select regions of the image to search, label output data, and calibrate
the plot scale. The need for user engagement on a plot-by-plot basis makes these tools a
significant bottleneck in research applications. Despite their time-consuming nature, the
reliability of these data extraction tools continues to make them the preferred choices in

academia [3].

2.2 Automatic Chart Derendering

2.2.1 Past Approaches

Early chart derendering approaches relied heavily on heuristic and rule-based methods
tailored to specific chart types. One notable example is ChartOCR, which used a
pipelined approach combining hand-designed rules, OCR, keypoint detection, and
object segmentation to achieve reasonable success across line, bar, and pie charts. Other
approaches achieved success by limiting their scope to specific chart types such as bar
or line charts [18, 19].
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2.2.2 Multimodal Transformer-Based Approaches

Past deep learning approaches struggled with chart derendering because of the inherently
local nature of convolutional neural network (CNN) architectures, which struggled to
capture the long-range dependencies between chart elements necessary to perform chart
derendering [20]. In the past couple of years, research into chart derendering has shifted
almost entirely to transformer-based approaches. Unlike CNNs, Vision Transformers
(ViTs) encode spatial information by dividing the input image into patches and assigning
them labels, before processing them analogously to how words are processed in natural
language processing [21, 22]. Through extensive training, the self-attention layers of the
ViTs can learn complex spatial dependencies, allowing them to handle tasks that require
understanding relationships between various disparate elements within an image.

These powerful new multimodal models do come with a caveat: they require vast
amounts of training data. Unfortunately, datasets of chart-table pairs of the quality
and scale required to train these models, which contain hundreds of millions or even
billions of parameters, do not currently exist. As a result, the first models employing
transformer-based architectures to achieve success on chart derendering were actually
models trained for more general visual language understanding tasks. The DONUT
model, trained for visual document understanding, or parsing document images into
text, was the first large-scale multimodal model applied to the chart derendering task
[8]. Pix2Struct, a visual language model trained to parse screenshots of webpages into
HTML source code, emerged the same year. The effectiveness of these large-scale
models, driven by their massive training corpuses—11 million documents for DONUT
and 80 million webpage screenshots for Pix2Struct—was evident from the outset [7].
Both models immediately demonstrated their capability in chart derendering, surpassing
previous state-of-the-art models on the ChartQA benchmark.

The DONUT model employed the image-encoder-text-decoder architecture which
has since become standard across the field. In this architecture, input images are divided
into patches of size 16x16 pixels, each of which is encoded into an embedding space by
the image encoder. After the encoded patches are given a chance to attend to each other
and exchange information, the text decoder then sequentially translates them into output
text. Another model employing a similar architecture, Pix2Struct, emerged soon after
for the task of parsing screenshots of webpages to HTML source code . Despite not
being specifically trained on chart derendering, the power of these large scale models

trained on massive training corpuses was evident [7].
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Model Base Model | Size | Chart Derendering Accuracy (RMS score)
Pix2Struct - 300M 85.9
Donut - 260M 87.4
Matcha Pix2Struct - 89.6
Unichart DONUT 260M 91.1
ChartLLaMa LLaMa 13B 90.0
ChartAst-D DONUT | 260M 92.0
ChartAst-S SPHINX 13B 91.6

Table 2.1: Results of Models on the Chart-to-Table Task (ChartQA) [23]

Since their advent and subsequent open sourcing, multiple research groups have
fine-tuned Pix2Struct and DONUT on datasets of chart-table pairs. The first group
to successfully fine-tune one of these multimodal foundation models to the task of
chart derendering was Liu et. al., who created two separate fine-tunings each with
slightly differing training objectives: MatCha and DePlot [6, 5]. The authors further
standardized the field of chart derendering by introducing a more robust error metric
called Relative Mapping Similarity (RMS). (Following in their footsteps), the Unichart
model achieved an impressive 91.1% success on the ChartQA benchmark as a fine-
tuning of the DONUT model [9]. The current state-of-the-art is the ChartAst-D model,
which employs a DONUT based architecture to achieve 92.0% accuracy on the ChartQA
dataset. Other models, such as Chartl.LlaMa model and ChartAst-S, have been created
as fine-tunings of the larger foundation models LlaMA and SPHINX [24], [25], [26].
Even the increased representation power offered by these models did not result in
performance gains, however, and current models are still far from the accuracy required

for real world applications.

2.3 Chart Derendering Datasets

2.3.1 The ChartQA Dataset

The classic benchmark dataset for evaluating chart derendering models is the ChartQA
dataset [27]. Developed by Masry et. al., the ChartQA dataset is prized in the academic
community because of its use of real charts and corresponding tabular data. ChartQA is

one of few available datasets containing chart-table data pairs taken from (real sources)
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Chart Type Statista OWID OECD Percentage of Dataset

Bar 16,919 507 128 85.04%
Line 2,169 279 103 12.36%
Pie 537 0 0 2.60%
Total 19,625 786 231 100.00%

Table 2.2: Composition of the ChartQA dataset for training chart derendering models,

including the percentage of each plot type.

such as Statista, Our World in Data (OWID), and the Organisation for Economic Co-
operation and Development (OECD). Table 2.2 details the composition of the dataset
while Figure 2.1 shows example plots taken from the dataset.

Perhaps more salient to the academic community, the dataset also contains question-
answer pairings for training chart question understanding models capable of performing
a variety of tasks such as chart captioning, question answering, summarization and
more. This overarching goal of creating Al capable of performing chart understanding
is the true motivating force behind research into chart derendering. These LLM-based
models implement chart derendering as a first step in a pipeline towards achieving these
downstream tasks, and most researchers address the chart derendering task only as a
step towards achieving this more lofty goal [6, 24, 9, 10, 28].

This relegation of chart derendering to a mere step on a pipeline seems ill-advised—
there is little application for a model summarizing hallucinated data. Regardless of the
quality of the captions, summaries, or answers given by these chart understanding Als,
their utility will remain limited until they prove capable of extracting tabular data from

input charts with high fidelity.

2.3.2 Issues with Current Benchmarks

The academic community’s widespread acceptance of the ChartQA dataset as the
universal benchmark for chart derendering belies a number of significant issues. As
detailed in Figure 2.2, ChartQA is limited to just bar charts, line charts, and pie charts.
The dataset is overwhelmingly composed of bar charts, of which the majority are
sourced from the website Statista. This skewed distribution of chart types and sources
can bias model training, constraining the ability of models trained and evaluated on the

ChartQA dataset to generalize to other unseen chart types and data domains [4].
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Share of population using at least basic drinking water source, 2000
Share of the population using atleast a basic drinking water service; that is, an improved source within 30 minutes'
round trp fo Colect wat

Figure 2.1: Example charts taken from the ChartQA dataset. Charts show little variation

in visual styling. All four include data markers adjacent to data points.

Additionally, the charts in the ChartQA dataset are incredibly uniform when it
comes to visual styling. Charts sourced from Statista use the exact same color scheme,
fonts, and legend styling, even featuring the same watermarks in the bottom corners.
This homogeneity in visual styling makes the dataset a poor metric of a model’s ability
to perform on charts sourced from other domains such as engineering research papers.

Most concerning for its applicability as a representative benchmark is the fact that
the vast majority (about 90%) of charts included in the ChartQA dataset include data
markers containing exact data values. Models trained on the ChartQA dataset can learn
to read the data values from the labels and associate them with the corresponding points
(or bars), which are conveniently located adjacent to the corresponding data points.
Given that performance on the ChartQA dataset has plateaued at just above 90%, it is
distinctly possible that state-of-the art chart derendering models can primarily attribute

their scores on the ChartQA dataset to basic optical character recognition.
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2.3.3 Other Datasets
2.3.3.1 PlotQA

The PlotQA dataset is widely used for training chart derendering models and contains
224,000 plots generated from World Bank Open Data and Open Government Data [29].
The dataset lacks diversity in visual styling, with little variation in axes, color schemes,
and legends. In plain terms, the charts are just much simpler than charts seen in real

world applications.

Percentage of agricultural raw materials exported to different countries

B N 5.
— High incom: nox0ECD | | | I I
Abania .
Jears Tonga v

Figure 2.2: Sample charts taken from the PlotQA dataset.

2.3.3.2 ChartSFT

The creators of ChartSFT emphasize the use of real data sourced from academic papers
in their synthetic chart creation pipeline. Meng et. al. aggregate data from existing
datasets, like ChartQA and PlotQA, and combine it with 132,719 synthetic charts
created using tabular data scraped from arXiv research papers to create the largest
corpus of chart derendering training data yet assembled [10]. Like the datasets that
compose it, ChartSFT suffers from homogeneity in chart types and visual styling. This
is not remedied by the addition of the synthetic charts sourced from arXiv, as shown
in Figure 2.3. Despite the authenticity of the data, the lack of human oversight in the
plotting process leads to unrealistic charts, as evidenced by the plots provided back in

the introduction in Figure 1.1.
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W sicusic
NN

ResWarp

| |
[ sreaN

FID-

Figure 2.3: Sample bar charts from the arXiv corpus of the ChartSFT dataset. Like
ChartQA and PlotQA, the dataset contains primarily bar charts.

2.3.3.3 ChartX

The ChartX dataset is a fully synthetic dataset, meaning the underlying data tables are
created rather than taken from real sources. It features a robust synthetic data creation
process, incorporating the ChatGPT-4 model [13] to create a dataset spanning 25,000
charts and 18 chart types. Not only does ChartX vary more visual styling parameters
than any previous dataset, but it does so in well-thought out ways that do not result in the
unnatural charts seen in ChartSFT. Despite these improvements, the dataset still lacks
numerous dimensions of variability found in real world domains, such as academic

research papers. Sample charts taken from ChartX are included in Figure 2.4.

Production output of four products in 2020 Number of Judges, Jurors and Lawyers in four countries in 2021

- judges

Figure 2.4: Sample charts from the ChartX Dataset. There is significantly more variety
in visual styling then in either ChartQA or PlotQA. Like the ChartQA dataset, ChartX

does not include scatter plots.

2.3.4 Criteria for a Good Chart Derendering Dataset

In the literature on chart derendering, several points are frequently mentioned as being

essential to the quality of a dataset for training chart derendering models. Variation in
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chart types and chart visual styling are cited as important to prevent models overfitting
to specific charts and visual features [13, 6]. The use of data from real sources is also
seen as a major positive, although synthetic data is viewed as an acceptable substitute.
Finally, because of the massive data demands of training large transformer models,
the size and scalability of a dataset is also of paramount importance. While these
points capture some of the relevant criteria for evaluating a dataset, a more proper

formalization will be useful for our purposes:

1. Chart Types: A robust dataset for training chart derendering models should
encompass a variety of chart types. Different chart types encode data in disparate
and dissimilar ways, and the inclusion of a variety of chart types in a dataset is
vital to ensuring a model will be capable of extracting to data regardless of the
format it is encoded in. Furthermore, the distribution of chart types should be
balanced to prevent the model from overfitting to chart types that may be over

represented in the dataset.

2. Data Types and Distributions: A well-constructed dataset should incorporate a
mixture of both numerical and categorical data. It should also include variety in
the statistical characteristics of the data, such as distribution shape (e.g. normal,
uniform, skewed), density of data points, range, and outliers. This variation helps
the model generalize across different real-world datasets it may encounter upon

deployment.

3. Chart Visual Styling: A good dataset should contain meaningful diversity in the
aesthetic and structural elements influencing the visual appearance of charts. This
variance in visual styling should be apparent both across chart types and within
charts of the same type. A high quality dataset of charts should include variance

in visual elements, including but not limited to:

(a) Data Representation Style (data marker type, style, and coloration):
Charts can contain enormous variety in the presentation of data. This variety
is present across types, as each chart type encodes data in different ways,
but also within chart types in the shape, style, and coloration of the data
markers. Within line graphs, for example, there is variance in line style (e.g.
filled, dashed, dotted), line thickness, marker type (e.g. circles, squares),
and color schemes. Data may also be represented in multiple ways within

the same plot (e.g. a line plot with a scatter plot overlayed). A diverse
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(b)

(©)

(d)

4. Chart Complexity: The dataset should present a variety of “challenge levels

Background 14

dataset should expose a model to these variations in data representation,

training it to interpret and extract data independent of these stylistic choices.

Representative Scale Information (axes, scale, and tick marks): The
primary way that charts communicate information about their representative
scale is through axes. As such, a chart derendering model must be able to
interpret axes in order to extract data points correctly. Including variety in
configuration (e.g. standard x-y, categorical axes, multi-axis plots), scale
(e.g. linear, logarithmic), and tick mark styling is crucial to ensuring chart
derendering models trained on the dataset can robustly identify the scaling

of a plot.

Metadata Information (legends and axis labels): In order to ensure that
a model can extract metadata effectively across different charts, a dataset
must contain variance in the location and style of the chart elements used to
communicate metadata. Variation in legend placement (e.g. below, above,
overlaying chart) and styling (icon-based legends, color-based legends)
ensures that a model is able to correctly label different data series appearing
on the same chart. Variation in axis label styling (e.g. font, orientation)

ensures robustness in variable naming.

Additional Graphical Elements: Charts frequently contain additional
graphical elements beyond the basic data representation such as grid lines,
error bars, arrows, and annotations. These graphical elements may assist
in the extraction of data by aiding the model with scale calibration (e.g.
grid lines) or extracting data points (data labels). On the other hand, visual
elements may sometimes be unrelated to data extraction and obstruct the
model (e.g. annotations, error bars). The inclusion of a variety of types of
additional elements ensures that a model learns which visual elements to

pay attention to and which to ignore.

ER]

to chart derendering models. A good dataset should contain a range of chart

difficulties, from simple charts to more complex ones. The complexity of a chart

can be understood as a function of the complexity of its data distribution (2)

and visual styling (3). Data distribution complexity is strongly influenced by the

amount of data: more data points, more data series, and more overlapping data

points can all increase the complexity of a chart. Complexity in visual styling
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is both intuitive and subtle (and requires a more nuanced discussion than we
have space for here), so we will proceed assuming the reader can exercise their
intuition to determine which elements of visual styling contribute to increasing or

decreasing a chart’s complexity.

5. Data (and Metadata) Accuracy and Authenticity: The dataset should contain
exact chart-table pairs. Furthermore, the distribution of data found in the dataset
should be representative of the distribution of data in real applications. Metadata,
including data labels, category names, plot titles, and data series names, should
be variable and representative of typical metadata found in the field. In past
literature there is a heavy emphasis on maintaining data and metadata authenticity
by including data from real-world sources. Despite this emphasis, it is perfectly

reasonable to use synthetic data as long as care is taken to ensure its authenticity.

6. Size & Scalability: The larger a chart dataset, the greater its utility as a training
set for data-hungry chart derendering models. Datasets of small size may still be
useful if their methodology can be scaled [12]. Crucially, the dataset must not

compromise on any of the criteria listed above when scaled.

The criteria outlined above provide a more structured framework for evaluating
chart derendering datasets. We will evaluate our dataset’s performance on the above
metrics in the abstract, but also with an eye on mirroring the characteristics seen in the
engineering field. For example, for our dataset to be truly representative, it should not
just contain variance in chart types and complexity, but should introduce variance of a
similar type and at a similar frequency to real charts in engineering papers. We hope
that adhering to these criteria in our analysis will ensure we conduct a fair and unbiased

evaluation of the ChartEng dataset.

2.4 ArXiv Scraping

No datasets of chart-table pairings in the style of ChartEng have been previously created
using the arXiv repository. However, arXiv has been used as the source for constructing
various large-scale datasets of scientific figures and associated captions, which have
been deployed to train figure and chart understanding models. While none of these
datasets contain the chart-table pairings necessary to train chart derendering models,
they do demonstrate the potential for using automated classification techniques to filter

large volumes of images sourced from arXiv and to identify and extract charts.
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The first of such datasets was the SCICAP dataset, a massive dataset containing
over two million scientific figures from computer science papers published to the arXiv
repository. The authors used a pre-trained CNN-based figure classifier, FigureSeer, to
sort the downloaded figures into several categories, including charts, tables, flowcharts,
equations, and an “other” category. Unfortunately, the FigureSeer classifier was only
capable of performing this sorting with an accuracy of 86%, meaning that the chart
category was diluted with non-chart figures [30].

The LineCap dataset, built as a much smaller subset of the SCICAP dataset, contains
line charts taken from SCICAP dataset [31]. In order to guarantee the quality of the data,
the authors manually inspected the charts to remove incorrectly classified or poor quality
figures. Another dataset built from SCICAP, the SciGraphQA dataset included a larger
subset of line plots than LineCap, but did not incorporate manual filtering as a validation
step [32]. Separately, Li et. al. built the Multimodal Arxiv dataset, a large-scale dataset
of figure-caption pairs from arXiv papers to enhance the comprehension capabilities of
large vision-language models, but did not classify figures into different types such as
charts [33].



Chapter 3

Methodology/Implementation

3.1 Overview

The key steps we undertook to generate the ChartEng dataset are outlined below:

1. Obtain Images from Engineering Research Papers: We used the arXiv API

to scrape PDFs of research papers from the Electrical Engineering and Systems

Science (EESS) category.

2. Filter Images for Charts: We implemented the SalesForce BLIP model, a

pre-trained image captioning model, to filter out non-chart images [34].

3. Generate Python Code to Recreate Charts: We prompted the GPT-40 model to

categorize input charts and generate Python code to replicate them.

4. Process API Responses and Code: We developed a procedure for retrieving and

standardizing GPT outputs. We organized the responses based on the returned

graph type categorization.

5. Chart Generation and Data Extraction: We plotted the charts in Python and

downloaded them as PNG images. We designed a technique for extracting the

underlying tabular data from the charts, resulting in tables which accurately reflect

the data in their corresponding chart.

17
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3.2 Obtaining Images from Research Papers

3.2.1 Scraping ArXiv

The arXiv repository is the preferred online journal for scraping because of its accessible
and well-documented Python API. To ensure domain relevance, we limited our scope to
research papers tagged under one of the four subcategories in EESS: Audio and Speech
Processing, Image and Video Processing, Signal Processing, and Systems and Control.
Although we acknowledge that the EESS category does not emcompass the entire
engineering field, we chose to limit our search to it because it is the only subsection
of the arXiv repository explicitly containing the term ‘Engineering’ in the title. One
area of future work is to expand the scope of our search to categories beyond these four.
Image downloading was performed on a machine with an 8-core CPU and 16 GB of
RAM.

3.2.2 Image Processing and Filtering

As a useful pre-filtering step before applying the BLIP model, we chose to include only
images with PNG extensions in our dataset. We implemented this step because we noted
that the standard output for the plotting libraries most commonly used in engineering
(matplotlib, seaborn, matlab) tends to be PNG. Metadata about each image including
paper ID and page number, along with metadata about the papers such as publication
date and authors, was stored in a JSON file.

Even after filtering out JPEG files, the images downloaded from the API were
overwhelming non-chart images, with only an estimated 6.0% of images containing
charts. As such, it was essential that we implement an effective filtering process with a
low false positive rate. After initial testing, we determined that the false positive rate of
pre-trained chart classifiers, such as the FigureSeer classifier (11% false positive rate)
implemented in the creation of the SCICAP dataset, was too high for our purposes.

The most effective approach we found was to caption the images using a pre-trained
image captioning model and filter the images based on the provided captions. We
employed the SalesForce BLIP model, a vision-encoder-text-decoder model trained on
millions of image-caption pairs taken from datasets such as COCO and Visual Genome
, to generate captions for each scraped image [34, 35, 36]. Captions that contained the
keywords “graph” or “plot” were classified as charts and selected for further processing.

Further analysis of the performance of the BLIP model is included in Appendix C.
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The BLIP model was run with the default max caption length of 20 tokens. The
script was run on the DICE (Distributed Informatics Computing Environment) at the
University of Edinburgh. We utilized one GTX-2080TI GPU and four CPUs of unknown

computing power [37].

3.3 Generating Python Code for Charts

The next step in the pipeline was to generate code to recreate the chart as closely as
possible. OpenAI’s newest model ChatGPT-40 was chosen for this task due to its
state-of-the-art multimodal capabilities [38]. I experimented with free, open source
alternatives such as the QWEN-VL-MAX, LLaVA, and InternVL-Chat-V1.5 models,
but the charts they generated were overly simplistic and the code often contained errors
[39, 40, 41].

3.3.1 API Call Specifics

I used the GPT-40 API chat completions endpoint and the model version updated as
of 13/05/2024. API calls were submitted in batches, as OpenAl offers a 50% discount
for batch processing. Images were hosted on Google Drive and URL links to the
images were included in the API calls to allow the API to access them [42]. API calls
were structured as JSONL with each line corresponding to a single input image file,
in accordance with OpenAl guidelines. The cost of the API was $2.50 / 1 million
input tokens and $7.50 / 1 million output tokens. Images were input at low resolution
for a cost of $4.25 / 10,000 input images. API returns were capped at 1000 tokens to
ensure overlength responses did not eat into our budget unnecessarily. We used small
batches (30 images) to test API usage and prompts before submitting input images in

five batches.

3.3.2 Prompting

The final prompt was carefully crafted to maximize the quality of the chart and its
similarity to the input chart. We also attempted to minimize the input and output token
usage to reduce costs. We found that the model performed best when we listed specific
visual features we wanted to be maintained in the output charts. I included a “NONE”
response option for the model as a non-response option to further filter out non-chart

images that may have been incorrectly categorized by the BLIP model. We prompted
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the model to include a comment indicating the chart type, allowing us to organize
outputs by chart type. Further discussion of prompt testing, including the full list of
prompts tested, is included in Appendix E.

System Prompt: You are a highly skilled Al specialized in generating Python
code for creating graphs that are visually similar to provided examples. Generate
Python code using matplotlib to create a graph resembling the provided image.
Ensure the graph type, data distribution, color schemes, line styles, markers,
legends, labels, axes, error bars, data markers, etc. match the example. Include a
comment at the top with the graph type (e.g., # bar). Do not include any other
comments. If the image does not contain transcribable data (e.g., lacks labeled

axes, displays only patterns), respond with NONE.

User Prompt: URL link to the image on Google Drive

3.4 Graph Generation

3.4.1 Output Processing

Outputs from GPT-40 were formatted as JSONL files, with each line corresponding to
a single input image. Outputs were standardized and extraneous code elements (e.g.
‘Y '‘Python) that the model frequently (included) were removed. Folders were created
to organize the responses by the graph type categorization given by GPT and responses
were converted and saved as Python files. Logging was implemented to record ‘NONE’
responses. Code files were named with the same name as the input chart images to

which they corresponded to.

3.4.2 Chart Plotting

Once the output code files were organized into their respective folders, we executed the
code to generate graphs. We began by looping over all subfolders in the code directory
and, for each file, modifying the code for graph generation. This involved removing the
plt.show() call (prompting Python to print the image to terminal) at the end of the

code files and replacing it with a plt.savefig () call with the appropriate image name
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and input and output folder pathways.

3.5 Data Extraction

Data extraction was performed concurrently to chart plotting. We leveraged the object
oriented methods provided by matplotlib to interact with the charts and extract data and
metadata from them. We designed heuristic methods to handle different chart types
and implemented them in a function. To extract data from bar charts, for example,
the extract_plot_data_function function focuses on the bar containers within the
axes, extracting the height of each bar and the bar label. The function also captures
relevant information about the visual styling of the chart, such as color scheme, line
styling, and marker types, and stores it in a separate metadata file. Because of time
constraints, we only validated our approach on the three most common types of charts
in the ChartEng dataset: line charts, bar charts, and scatter charts.

We integrated data extraction into the chart plotting script, defining the data extrac-
tion function and importing necessary libraries at the top of each script, then adding
code to call the function on the chart objects upon execution. Executing the code files
generated the charts, called the extract_plot_data_function function on the chart
to extract data and metadata, before saving the chart and closing the figure. The ex-
tracted information was saved in structured formats (CSV for data, JSON for metadata),

enabling efficient storage and further analysis.

3.5.1 Summary of the Pipeline

In total, we scraped 296,974 images from 17,127 research papers. After filtering with
the BLIP model, we identified 17,904 candidate charts. Of these candidates, 15,857
were identified as charts by GPT. Due to errors in some of the outputted code (and some
weird non-responses from the API), this resulted in 14,670 output charts, of which we
extracted data from 12,612. Table 3.1 contains a summary of the files present at each

stage of the pipeline.
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Pipeline Stage File Type Number of Files Percentage of Original Files
Images Scraped PNG 296,974 -

Candidate Graphs Input to GPT-40 PNG 17,904 6.0%

Code Files Output by GPT-40 Python 15,857 5.3%

Charts Generated PNG 14,670 4.9%

Chart-Table Pairings CSVv 12,612 4.2%

Table 3.1: Number and types of files at different stages of the ChartEng dataset creation
pipeline. File numbers are compared to the size of the original corpus of images scraped

from arXiv.



Chapter 4
Analysis of the ChartEng Dataset

In this chapter, we analyze the ChartEng dataset based on the criteria we defined in
Section 2.3.4. We limit the scope of our analysis to single-chart figures and charts
plotted on 2 dimensional axes to facilitate comparison to existing datasets. We begin
by examining the distribution of chart types within the dataset, followed by a detailed
evaluation of the data distributions and visual styling diversity. We continue on to assess
the complexity of the charts, both in terms of data and visual elements, and discuss the
accuracy and authenticity of the extracted data. We end by considering the scalability

of the ChartEng dataset and comparing it to other chart derendering datasets.

4.1 Chart Types

4.1.1 Distribution of Chart Types

The dataset contains significant variety in graph types, with 2,608 unique categories of
charts according to GPT-40. The model was very faithful to input graph type, rarely
outputting graphs of different types to the input graph. Because the model was not
given pre-defined categories to sort the graphs into, however, it tended to generate very
fine-grained categorizations, creating 2,608 unique graph type categories in total. Visual
inspection of the category names and charts confirms that the model segregated)many
charts that would be included under one category had the dataset been curated by
humans. For example, ‘bar’, ‘bar plot’, ‘bar with error’, and ‘bar with error bars’ are
all separate categories in ChartEng. The largest categories, measured by number of
output charts, are ‘line’ (3,090), bar’ (1165), ‘scatter’ (984), ‘heatmap’ (880), ‘line
plot’ (783), and ‘histogram’ (485). The distribution is highly skewed with a long tail—

23
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2,213 categories have five or fewer graphs and 1,870 contain just one graph. Figure

4.1a breaks down the composition of the dataset by graph type.

4.1.2 Overlap in Chart Type Categorizations

While the variety of graph types in the ChartEng dataset is an advantage, it is not ideal
to have graphs of the same type spread across so many different categories. Ideally, we
would like to group categories containing graphs of the same overarching type together.
One potential approach is to perform keyword-based grouping of the categories. This is
difficult, however, as the categories generated by the model overlap significantly with
each other. Figure 4.1b details the overlap between the three most common keywords
(aside from ‘graph’ or ‘plot’) appearing in category names in the ChartEng dataset.
For example, choosing to group all categories containing the term ‘line’ under the
larger umbrella of line graphs would result in the inclusion of 154 categories which also
include the term ‘bar,” 266 categories with ‘scatter,” and 21 categories that have all three
terms. Deciding how to build higher level groupings of these fine-grained categories is

one area where future work can help improve the ChartEng dataset.

Co-occurences of Keywords Across Graph Types

Distribution of Graph Types
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Figure 4.1
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4.2 Data Types and Distributions

While the data in the ChartEng dataset is all synthetic, the data types and distributions
are meant to mirror those found in real engineering research. As with graph type, in our
analysis the model tended to be faithful to the data types of the input graphs. As such,
we believe ChartEng contains numerical and categorical data in the same proportions as
the domains of engineering surveyed.

The more difficult element for the model to replicate was the input data distribution.
Of course, in order to exactly replicate the input data distribution, the model would
need to be capable of derendering the chart. Given the difficulty of chart derendering, it
should be unsurprising that the model was incapable of faithfully recreating input data
distributions. This inability to replicate the data distribution is often not particularly
significant. Figures 4.2 and 4.3 contain example charts where, despite significant
differences between the data distribution of the input and output charts, these differences

do not affect other important features of the chart such as its visual styling or complexity.
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Figure 4.2: Comparison of original (left) and GPT generated (right) bar charts occupation
rate for speakers with different accents. Although the model maintained the chart type,
data type, and visual styling, the data distribution is shifted from a left-skewed distribution

to a more centrally-peaked distribution.
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Figure 4.3: Comparison of original (left) and generated (right) scatter plots displaying
GPU memory versus SSIM. The model maintains chart type, data type, and some as-
pects of visual styling, such as marker type and marker color, and data labels. Individual

data points may be (rearranged) significantly, but the distribution of the points is similar.

4.3 Chart Visual Styling

The ChartEng dataset contains the largest variation in visual styling of any open source
chart derendering dataset. It is the only available dataset that includes significant vari-
ability across all four subcategories of visual styling delineated in Section 2.3.4: data
representation style, representative scale information, metadata information, and addi-
tional graphical elements. Figures 4.4-4.7 contain example charts from the ChartEng

dataset, highlighting its extensive variability in visual styling.
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Figure 4.4: Line chart from
ChartEng plotted on linear x-
y axes. Data series differenti-
ated by color and marker style.
Metadata information encoded
in icon-based legend overlayed
on plot and axis labels. Er-
ror regions and gridlines in-
cluded as additional graphical

elements.

Figure 4.5: Line chart plotted
on log-log x-y axes. Similar
data differentiation and meta-
data encoding, but variation in
font choice. Vertical dashed
line indicating threshold. The
inclusion of log scale axes in
the ChartEng dataset was a
point of emphasis among en-

gineering faculty.

Figure 4.6: Heatmap plotted on
labeled, categorical axes. Data
encoded using color gradients,
but also delineated via data
markers. Continuous color gra-
dient legend included to the
right of chart. Data markers
interchange between decimal

and scientific notation.

Figure 4.7: Area chart, another
problematic chart type men-
tioned by engineering faculty,
with line chart overlayed. Data
encoded using lines and color-
coded areas, differentiated by
color and line style. Metadata
communicated via icon-based

legend.
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Figure 4.8: Low data com-
plexity and visual complexity
bar chart. Single variable plot-
ted on the traditional bar chart
category-height x-y axes. No
metadata information encoded
in color scheme, axis labels, or
legend. No additional graphi-

cal elements.

Figure 4.9: Low data complex-
ity chart with higher visual com-
plexity. Introduces variance in
bar color as well as additional
graphical elements such as er-
ror bars and a red baseline.
Still single variable with no leg-

end information.

Figure 4.10: Higher data com-
plexity bar chart. Includes
multiple bars for each cate-
gory. Legend overlayed on
chart. Metadata information
encoded via variation in bar

color.

Figure 4.11: High data and vi-
sual complexity bar chart. Mul-
tiple bars per category distin-
guished by color. Color-based
legend overlayed directly on
top of bars. Includes error bars
and annotations partially ob-

scuring the top of data bars.



Chapter 4. Analysis of the ChartEng Dataset 29
4.4 Complexity

4.4.1 Data Complexity
4.4.1.1 Shifing Data Distributions

The ChartEng dataset contains significant variance in chart complexity within chart
types. We can divide our analysis of complexity in terms of data complexity and
visual complexity. As discussed in Section 4.3, GPT-4o0 struggled to replicate the data
distributions seen in input charts. Figures 4.2-4.3 contain examples of input-output
chart pairings where GPT struggled to maintain the distribution of data points without

meaningful consequences.

4.4.1.2 High Complexity Charts

Unlike Figures 4.2-4.3, Figures 4.12 and 4.13 contain an example where the distribution
of the output chart shifts enough that it lowers the chart’s complexity. Whether because
of an inability to interpret the high complexity of the data in the input chart, an inability
to write code to mirror it, or some combination of the two, the model fails to replicate
the data distribution in the output chart. This situation where the model simplified the
distribution of a complex input chart arose frequently enough that we concluded that
the ChartEng dataset, on the average, contains charts with lower complexity than the

input charts.

4.41.3 Implications

Although the shift in the overall distribution of chart complexities seen in ChartEng may
reduce its fidelity to the input distribution, there is an argument to be made that this shift
may actually improve the quality of the dataset for training chart derendering models.
This is because there is a meaningful distinction between charts containing exact data
values that can be derendered and charts whose underlying data is so obscured, such
as the input charts seen in Figure 4.12 and Figure 4.13 , that they only communicate
visual patterns. Charts from the latter category, while they certainly belong in a repre-
sentative dataset of charts from engineering papers, do not belong in a dataset meant
to be representative of the charts to which researchers might reasonably apply a chart
derendering model. As the goal of the ChartEng dataset is to facilitate the creation

of chart derendering models, we argue that simplifying the data distributions of input
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Figure 4.12: Comparison of original (left) and generated (right) charts displaying a shift
in data distribution from a more complex distribution containing more overlapping data to
a less complex distribution with more separation between points. The chart on the right
may actually make for a more useful training sample because it contains points that can

be distinguished from one another.

charts can actually be a positive byproduct of the shortcomings of GPT-40’s multimodal

understanding.

4.4.2 Visual Styling Complexity

On the whole, GPT succeeded at replicating the majority of visual styling elements in
the output charts. Like data points, these elements were often shifted around throughout
the output chart, which did not generally affect the complexity of the charts, nor did it
bias the distribution of chart styling complexity within ChartEng as a whole. A couple

types of input variability that did cause model the model to struggle are listed below:

1. Elements that were overlapping or obscured (data series, annotations, data mark-

ers, etc.)

2. Textual variation, such as font and type size. GPT used matplotlib’s default font
and type size for most charts, even when the resulting text did not resemble the

input chart.

3. Variation in line thickness and marker thickness (although notably it did not

struggle with color scheme or marker style).

These sources of visual styling differences between the input chart and output charts,
among others, may reduce the overall visual styling complexity somewhat. To be

somewhat blunt, if concerns around chart derendering models trained on the ChartEng
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Figure 4.13: Comparison of original (left) and generated (right) line charts displaying
a frequency signal over time. Although the model fails to emulate the rapid, irregular
fluctuations seen in the original chart, the output chart it creates is still a useful chart to
include in the ChartEng dataset.

dataset are about their robustness to charts containing bold text, we will know we have

succeeded.

4.5 Data Accuracy and Authenticity

4.5.1 Accuracy

Because of my approach of asking GPT-40 to output code and then replotting that code
on my local machine, we can guarantee an exact match between code and generated
charts. This may indeed prove useful for training models in the vein of the original
Pix2Struct model, which derenders screenshots into HTML code, capable of parsing
input charts into Python code.

We did generate chart-table pairings as well, using the methodology discussed in
Section 3.5. Currently, however, due to the lack of more comprehensive validation
testing, we cannot guarantee the accuracy of our chart-table pairings. This lack of
data accuracy is one significant drawback of the ChartEng dataset currently, but further
improvements to the data extraction methodology and more extensive validation testing

should clear up these remaining concerns.

4.5.2 Authenticity

The data in the ChartEng dataset, though technically synthetic, has been specifically

crafted to mirror data plotted in authentic engineering charts. Thus, while the data
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does not originate from actual experiments or studies, it emulates the data types and
distributions typical of engineering research. While it is not completely faithful to the
data distributions of the original graphs, as discussed in Section 4.2, this mirroring
process allows the synthetic data to approximate the authenticity of real-world data,
up to the limits of current multimodal LLM technology. As such, we believe that
the ChartEng dataset can be treated as functionally representative of the domain of
engineering charts.

In Figures 4.2 and 4.3, for example, both input and output charts contain valid data
distributions that could exist in engineering data. Neither the input chart or the output
chart is obviously more representative of the engineering domain, at least not in a way
that we believe will affect the performance of chart derendering models trained on the

ChartEng dataset.

4.6 Size & Scalability

With just 14,670 charts, ChartEng is smaller than most existing chart derendering
datasets. However, our reproducible methodology coupled with the vast resources
available on arXiv means that ChartEng is highly scalable. The pipeline is computa-
tionally efficient and requires modest computational resources. The only remaining
roadblock to scaling the pipeline is the cost of the use of the proprietary GPT-40 model.
These costs could be eliminated by exploring open-source alternatives in the future,
as discussed in Section 5.2. As soon as improvements in these open-source models
allow them to perform adequately as substitutes for GPT-40, we plan on scaling up the
ChartEng dataset to the size necessary for fine-tuning chart derendering models. We
also plan on open-sourcing our code, allowing others to implement our methodology to
create large-scale, domain-specific datasets across academic fields and push forward
the field of chart derendering more broadly. Table 4.1 contains a breakdown of how the

composition of ChartEng compares to other common chart derendering datasets.
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Dataset Number of Charts Domain Real Charts? Real Data? Scalable?
ChartQA 20,642 Politics Yes Yes No
PlotQA 224,377 - No Yes Yes
ChartX 48,000 - No No Yes
ChartSFT 132,719 Academia No Yes Yes
ChartEng (ours) 14,670 Engineering No No Yes

Table 4.1: Comparison of ChartEng to other state-of-the-art chart derendering datasets.



Chapter 5

Future Work

5.1 Validating and Improving Data Extraction

We did not implement a formal framework for validating the chart-table pairs in the
ChartEng dataset. Further validation testing of the tables extracted will be necessary
before the dataset can be deployed to train or test chart derendering models. Building
frameworks for ensuring the robustness of the output chart-table pairs will also be
crucial before ChartEng dataset or other domain specific datasets created using our
methodology are deployed in real applications.

We would also recommend that future work begin by improving the robustness of
the data extraction methodology. Expanding the logic of the data extraction method
will allow for extracting data from more complex chart types, increasing the scale and

utility of the ChartEng dataset.

5.2 Open Source Models for Chart Replication

Given the cost of using proprietary models like GPT-40, exploring open source al-
ternatives will be required before truly large-scale datasets can be created using our
methodology. Open source models have made incredible strides over the past year,
closing the gap on the industry leading ChatGPT models. One exciting alternative is
the InternVL2-Llama3-76B model, which recently surpassed the GPT-40 model on the
OpenCompass leaderboard for multimodal LLM models [43, 44]. While the authors
are careful to include a disclaimer that “this score only captures part of a model’s
performance” and recognize that “there is still a significant gap between our model and

GPT-4o0 in areas such as instruction following, user experience, pure text processing
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capabilities, and overall comprehensiveness,” the fact that an open source model is
competitive with proprietary models is nonetheless exciting for future research avenues.
Testing the performance of the InternVL2-Llama3-76B model and other future open
source models on the chart replication task will allow researchers to determine whether
our methodology can be scaled without incurring significant costs or sacrificing output

chart quality.

5.3 Creation of Other Domain-Specific Datasets

The methodology developed for generating the ChartEng dataset can be easily adapted
to other domains. Fields such as biomedical research, environmental sciences, and
economics frequently employ charts that differ in style and complexity from those in
engineering. Applying our methodology to charts taken from research in these fields
will allow researchers to create domain-specific datasets that enhance the accuracy and
reliability of chart derendering models in various scientific areas.

Expanding the scraping process to include papers from repositories such as PubMed
for medical research or RePEc for economics would facilitate the creation of datasets
that accurately reflect the unique characteristics of each field [45, 46]. This approach
broadens the scope of chart derendering models and improves their performance by
exposing them to the diverse chart types and data distributions specific to each scientific

domain.

5.4 Testing and Training Chart Derendering Models

The ChartEng dataset provides a valuable resource for the evaluation and fine-tuning of
existing chart derendering models. Conducting baseline tests with state-of-the-art chart
derendering models on ChartEng should provide a more accurate assessment of their
capacity to manage the complexity and variability characteristic of engineering charts.
Should these models struggle, fine-tuning thems on ChartEng should yield improve-
ments in accuracy, particularly in the extraction of data from chart types contained in

ChartEng that are not present in their training sets.



Chapter 6
Conclusion

In its current form, the ChartEng dataset does not solve the lack of a domain-specific
dataset for the field of engineering. However, the primary contribution of this work
lies not in the final dataset but in the introduction of a novel methodology for dataset
creation. We believe that our approach of using a multimodal language model to
generate synthetic data that closely mirrors real-world engineering data has potential
to push the broader chart derendering field forward. Although the scalability of our
method is limited by the use of the the GPT-40 model, we expect that improvements in
multimodal models will soon ameliorate the need for proprietary technology.

We are particularly excited about the potential for this approach to be applied across
domains to create chart derendering datasets. The strength in our approach lies in its
flexibility; our pipeline can be implemented without modification to create representative
datasets tailored to any field of study. To support further research and development, we
have open-sourced both the code and the ChartEng dataset on GitHub. We hope that
this will support other researchers in the creation of new datasets, advancing the field of

chart derendering as a whole.
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Appendix A

Chart Derendering Datasets

Air and GHG emissions carbon dioxide (€02), Tonnes/capita, 1976 - 2004 Source: Indicators for CO2 emissions.
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Figure A.1: Additional examples of charts taken from the ChartQA Dataset displaying

limited variability in visual styling and prevalence of exact numerical data labels.
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Figure A.2: Sample charts taken from the PlotQA dataset. Two scatter plots, two line
plots, and two bar plots were chosen at random. Lack of variability is immediately evident

in the visual styling and data distribution.
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Appendix B

Open Source Model Performance for

Chart Recreation

I experimented with using the QWEN-VL-MAX, Intern-VL-Chat-1.5, and L1aVA-1.6

models as open source alternatives to the GPT-40 model. None of them were capable of

performing the task competitively to GPT-40. The LlaVa-1.6 model proved incapable

of generating code without errors for most tasks, while the other two models produced

extremely simplistic graphs. Below are some input-output pairs of graphs generated by

the models:
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Figure B.1: Input chart taken from arXiv

Figure B.2: GPT-40 Model Output (input

chart shown in Figure B.2)
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Figure B.3: QWEN-VL-MAX output (in-

put chart shown in Figure B.2)

Figure B.4: Intern-VL-Chat-1.5 output
(input chart shown in Figure B.2)
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Figure B.5: Machine learning curve line chart scraped from arXiv (left) compared to

Intern-VL-Chat-1.5 output (right).



Appendix C

BLIP Model testing

I curated a dataset by hand for testing different chart filtering procedures. The dataset
contained 103 images into organized into 6 different categories, as detailed in Table
C.1. Graph-like images were images that had visual features similar to graphs (sound
waves, collections of colored points, images of sine waves against blank backgrounds).
Graphs (no data) refers to graphs that I determined did not have data that could be
meaningfully transcribed such as violin plots. The BLIP model achieved an impressive
96.1% accuracy on the assembled dataset, with just two false negatives and two false

positives. Importantly, the false positive rate was very low at just 2.5%.

Clip Art Diagram Image Graph-like Images Graphs (no data) Graphs

12 10 28 20 7 24

Table C.1: Sample Dataset for Testing Chart Filtering Techniques

As I mentioned in the methodology, I also experimented with a few other chart
filtering techniques, but they were discarded before I had assembled the sample dataset

for testing because of obvious poor performance and high false positive rates.
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Image Filtering

As such, it was essential that we implement an effective filtering process with a low
false positive rate (incorrectly classifying non-chart images as charts). Despite its use
in the creation of the SCICAP and LineCap datasets, I determined that the 11% false
positive rate of the FigureSeer classifier when detecting graphs was too high [30]. Initial
attempts with other pre-trained classifiers also displayed high rates of false positive
misclassifications [47, 48]. Larger image-caption alignment models such as the OpenAl
CLIP model were similarly ineffective [49].

Interestingly, inclusion of the term ‘“chart” when filtering with the BLIP model
actually negatively impacted the performance of the model, perhaps because of the

slightly different definitions of the term in academic and colloquial usage.

D.1 BLIP model

The BLIP model was rather effective at filtering out non-graph images. 94.0% of images
into the BLIP model were classified as non-graphs and removed. Still, a large amount
of non-graph images remained in the dataset. As you can see in Table D.1, the original
composition of the dataset after BLIP filtering was roughly 73% graphs. While 73%
is far from perfect, this is an impressive rate given the overwhelming majority of non-
graph images in the input dataset, especially for the simplicity of my criteria (presence
of either the term “graph” or the term “plot” in the caption). While I experimented with
other filtering procedures to further reduce the amount of non-graph images, none of

them were close to as successful as the BLIP model.
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D.2 GPT-40 Filtering and Use of the NONE Response

ChatGPT-40 did not make use of the NONE response very frequently. When it did,
it was generally for images that were not graphs at all that had slipped past the BLIP
model. Table D.2 shows the distribution of image types that caused GPT to exercise
this non-response option. This is a common pattern observed in large language models
(LLMs), where the model’s design encourages it to attempt solving tasks rather than
opting out, even when presented with unfamiliar or irrelevant input. This tendency
reflects the model’s training, which prioritizes generating a response over recognizing
situations where a non-response might be more appropriate [50, 51].

In Table D.2, Graph Like refers to images with visual characteristics very similar
to those seen in graphs (e.g. a visual representation of a frequency wave that does not
contain axes). Graph Part refers to an image containing a segment of a graph. These
Graph Part images were very common in the input dataset, as the arXiv API sometimes
downloaded images in small “strips.” Some graphs could be divided into more than 100
of these segments, diluting the dataset with images that, although they featured all of the
representative features of graphs, were not large enough to be able to be meaningfully

recreated. Figure D.1 shows a couple examples of this problematic image type.

Category Graph

True Graphs 73% Category NONE

Natural Image | 4% Input Images 5%

Graph Like 9% Natural Image | 33%

Graph Part 12% Graph Like 6%

Diagram 1% Graph Part 42%

Text 1% Diagram 11%

Text 3%

Table D.1: Breakdown of frequency of
different image types in the dataset of Table D.2: Breakdown of frequency of
images after BLIP filtering. Percent- different image types which caused the
ages were calculated by randomly sam- GPT-40 model to reply NONE. Percent-
pling 100 images and manually catego- ages calculated using a sample size of
rizing them into one of the six categories 100, as in table ??

above.
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Appendix E

GPT-40 Prompting

E.1 Experimentation

I experimented with a number of different prompts for the code creation task. At first, I
just messed around with different prompts in the web interface for ChatGPT-40. Once I
found a prompt that gave good results, I began experimenting with small batches on
the API. One major difference between using the web interface for GPT-40 and the
API is the ability to pass a system prompt as well as a user prompt. In other words, the
user has the ability to first set the context and role of the Al, providing guidelines for
how the model should act. This is an added layer of customization not available in the
web interface where users are only able to input a single prompt and are not able to
separately adjust this contextual layer. The image URL can then be input as another
user prompt, separate from any textual prompts. Interestingly, after testing various
combinations of system and user prompts, I found that the model performed best when
the entirety of the prompt was input as a system prompt.

Some interesting findings I made that influenced my final prompt:

1. I experimented with dividing the contents of the prompt between the system
prompt and the user prompt. I would provide a one sentence description of the
context/situation to the Al (“You are a highly skilled...”) in the system prompt and
then detail the task in the user prompt. I found that the prompts that performed
best had all of the textual prompt in the system prompt, with the user prompt

serving only to provide the URL link to the image to analyze.

2. The best prompt was one which explicitly told GPT that it was a “highly skilled

Al” rather than an “image analysis expert” or other human expert.
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3. Prompts that listed out important elements that should be retained such as color

scheme, line styles, markers, etc. gave the best results.

4. Although I explicitly asked GPT not to include other comments to limit token

usage, it still included short comments in the majority of the responses.

5. T'included the ability to respond “NONE” as a final check on whether the image
input was actually a graph. This was because I had seen that the SalesForce BLIP
model did sometimes mistakenly categorize images with graph like features (ex:
images of sound waves, clip art of a sine wave) as graphs. I also gave it the option
to return “NONE” if the graph was not suitable for transcription, but the model

did not utilize this non-response option very frequently (just 9.9% of the time).

E.2 Prompts Given to the GPT-40 Web Interface

These are the prompts I experimented with using the GPT-40 web interface. I input
graphs one at a time and compared input and output graphs. There is no system prompt

included as I was interacting with the web interface.

“Write code in matplotlib to generate a graph that looks as visually similar to this

graph as possible. Return the code. If the image presented is not a graph from
which data can be extracted, return NONE.”

“Generate matplotlib code to create a graph that visually resembles the provided

image. If the image does not contain extractable data or cannot be manually
digitized (e.g., lacks axes or displays patterns only), respond with the word
NONE.”

“Generate matplotlib code to create a graph that visually resembles the provided

image. In the first line, add a comment which best describes the graph type (bar,
line, histogram, etc.). If the image does not contain extractable data or cannot be
manually digitized (e.g., lacks axes or displays patterns only), respond with the
word NONE.”
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“Generate detailed matplotlib code to create a graph that closely matches the
provided image. The code should run without errors when copied and pasted into
a Jupyter notebook. Ensure the following:

Accurately interpret and replicate the axes, labels, and legends from the image.
Match the data points, lines, and other graphical elements as precisely as possible.
Do not include comments in the code. If the image does not contain extractable
data or cannot be manually digitized (e.g., lacks axes or displays patterns only),
respond with the word NONE.”

E.3 Prompts Given to the API

The first prompt I tried actually turned out to be one of the best, and the final prompt I

used turned out to be only a slight modification of Prompt 1.

System: You are a highly skilled Al specialized in generating Python code for
creating graphs that are visually similar to provided examples. Generate Python
code to create a graph resembling the provided image. Ensure the graph type,
data distribution, color schemes, line styles, markers, legends, labels, axes, error
bars, and data markers match the example. Include a comment at the top with the
graph type (e.g., # bar). Do not include any other comments. If the image does
not contain transcribable data (e.g., lacks labeled axes, displays only patterns),
respond with NONE.

User: Image URL

I then experimented with including a short system prompt explaining how I wanted
the Al to behave (controlling its context), as seemed to be the function of the system
prompt, and then including the actual request I was giving to the Al as the user prompt.
These gave differing result qualities, but they were all on the whole less effective than

Prompt 1.
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»

Prompt 2

System: You are an Al specialized in understanding and reproducing graphs

from images.

User: Review the image. If it is a graph with data that can be transcribed,
provide Python code to visually recreate the graph. Include a comment at
the top specifying the graph type (# e.g., # bar). Do not include any other
comments in your code. If the image does not contain a graph, respond
‘NONE’. If the graph lacks transcribable data, respond ‘NO DATA’.

Prompt 3

System: You are an image analysis expert who excels in converting visual data

into code.

User: Analyze the image. Identify if it is a graph with data that can be
converted to a table. If so, generate Python code to replicate the graph. If
it’s not a graph, reply “NONE”. If it’s a graph without extractable data,
reply “NO DATA”. Include a comment at the top of the code specifying
the graph type (# e.g., # bar). Do not include any other comments in your

code.

Prompt 4

System: You excel at extracting data from graphical images and recreating them

using Python.

User: Inspect the provided image. Determine if it contains a graph with
transcribable data. If it does, generate Python code to recreate the graph
as visually similar as possible. Include a comment at the top of the
code specifying the graph type (# e.g., # bar). Do not include any other
comments in your code. If it’s not a graph, return “NONE”. If the graph
does not have transcribable data, return “NO DATA”.
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System: You specialize in image-based data extraction and graph recreation

using Python.

User: Please analyze the attached image. If it is a graph with data points
that can be converted to a table, generate Python code to recreate it as
visually similar as possible. If it’s not a graph, respond “NONE”. If the
graph does not contain extractable data, respond “NO DATA”. Include a
comment at the top of the code specifying the graph type (# e.g., # bar).

Do not include any other comments in your code.

System: You are an Al expert in interpreting and reproducing visual data from

images.

User: Evaluate this image. If it shows a graph with data that can be
transcribed into a table, generate Python code to recreate the graph vi-
sually, including a comment at the top specifying the graph type (e.g., #
histogram). Do not include any other comments in the code. If it is not
a graph, reply “NONE”. If it is a graph without transcribable data, reply
“NO DATA”.

Finally, in an effort to get the Al to return data along with the code, I experimented
with prompts asking GPT-4o to return responses formatted as JSON with the graph type,
data, and then the code all in separate fields. Surprisingly, this drastically reduced the
quality of the output graphs, so I gave up on this way of getting the data for the code.
On top of that, I also had concerns that the model might hallucinate and return data that
was not the same as what was in the code. Without parsing the code, there would be
no way to ensure that the data actually corresponded to the graph. As such, I quickly
abandoned this strategy.
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System: You are an image analysis expert who excels at extracting tabular data

from graphs and replotting them.

Finally, in an effort to get the Al to return data along with the code, I experimented
with prompts asking GPT-4o to return responses formatted as JSON with the
graph type, data, and then the code all in separate fields. Surprisingly, this
drastically reduced the quality of the output graphs, so I gave up on this way of
getting the data for the code. On top of that, I also had concerns that the model
might hallucinate and return data that was not the same as what was in the code.
Without parsing the code, there would be no way to ensure that the data actually

corresponded to the graph. As such, I quickly abandoned this strategy.

User: Analyze the provided image and identify if it is a graph with data
that can be converted to a table. If so, categorize the graph, extract the
data into a table, and generate Python code to replicate the graph. Your
response should be in the following format: { “graph_type”: “”, “data”™: [
# data in a JSON dictionary], “code”: # Your Python code here }. Do not
include any comments in your code. Assume all necessary packages have
been imported. If the provided image is not a graph, reply “NONE”. If it
is a graph but it does not contain extractable data, reply “NO DATA”.
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System: You are an image analysis expert who excels at extracting tabular data

from graphs and replotting them.

User: Analyze the provided image and identify if it is a graph with data
that can be converted to a table. If so, categorize the graph, extract the data
into a table, and generate Python code to replicate the graph. Ensure the
graph type, data distribution, color schemes, line styles, markers, legends,
labels, axes, error bars, and data markers match the provided graph. Your
response should be in the following format: { “graph_type”: “”, “data”™: [
# data in a JSON dictionary], “code”: # Your Python code here }. Do not
include any comments in your code. Assume all necessary packages have
been imported. If the provided image is not a graph, reply “NONE”. If it
is a graph but it does not contain extractable data, reply “NO DATA”.




