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Abstract

Charts provide visual representations of data and are widely used for analyz-
ing information, addressing queries, and conveying insights to others. Various
chart-related downstream tasks have emerged recently, such as questionanswer-
ing and summarization. A common strategy to solve these tasks is to fine-tune
various models originally trained on vision tasks language. However, such task-
specific models are not capable of solving a wide range of chartrelated tasks, con-
straining their real-world applicability. To overcome these challenges, we intro-
duce ChartInstruct: a novel chart-specific vision-language Instruction-following
dataset comprising if instructions generated with distinct charts. We then present
two distinct systems for instruction tuning on such datasets: (1) an end-to-end
model (2) a pipeline model employing a two-step approach. Evaluation shows that
our instruction-tuning approach supports a wide array of real-world chart compre-
hension and reasoning scenarios, thereby expanding the scope and applicability

of our models to new kinds of tasks.
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1 Introduction

1.1 Motivation

Information visualizations, including bar charts and line charts, are crucial in data
analysis, providing essential insights for making informed decisions [40]. Despite
their importance, identifying key patterns and responding to complex queries in
these visualizations can be challenging. Recent research has introduced tasks to
support chart analysis, such as chart question answering [73, 48], summarizing
insights from charts [81, 99], reasoning over chart images, fact-checking [10],
and automated visual data storytelling [101].

Initial efforts in this domain have involved adapting models originally devel-
oped for language and vision tasks [90, 73, 56, 50]. However, these models often
fall short for chart-specific tasks because they do not fully account for the unique
structures of charts, such as the relationships among elements like bars, legends,
and axes. More recent approaches, including UniChart [75], Chart-T5 [123], and
MatCha [66], are tailor-made for chart analysis, incorporating visual and mathe-
matical reasoning. Yet, their application remains limited by a focus on a narrow
range of tasks and sources, affecting their utility in diverse real-world scenarios.

A promising direction to address these limitations is through instruction tun-
ing, a method shown to enhance language models’ alignment with user inten-
tions across a broad spectrum of tasks, even those not encountered during train-
ing. This approach, exemplified by models such as InstructGPT [86], FLAN-TS

[24], Alpaca [7], Vicuna [6], and LLaMA-chat [112], demonstrates significant im-



provements in model performance and user-task alignment. Similarly, in vision-
language tasks, instruction tuning has been applied to fine-tune models with vi-
sual instructions, yielding better outcomes in aligning with user needs [59, 26].
Nonetheless, instruction tuning’s potential for enhancing chart comprehension and
reasoning has yet to be fully explored. While there are concurrent efforts in this
area [67, 35], they often lack the breadth and depth of instruction-tuning tasks

necessary for comprehensive real-world chart understanding.

1.2 Our Approach

In this project, we present Chart Instruction Tuning, a novel framework designed

to establish a foundation for a general-purpose chart comprehension and reason-
ing assistant using Vision-Language Models (VLMs). To achieve this, we have

curated a unique chart instruction-tuning dataset comprising real-world charts

sourced from 157 online platforms, showcasing a broad spectrum of visual styles.

This dataset leverages the capabilities of advanced Large Language Models (LLMs)
such as GPT-3.5 [8], GPT-4 [85], and Gemini-Pro[109] to address the specific

challenges posed by chart data, which is markedly different from general multi-
modal datasets.

Given the unique nature of charts, a structured methodology is essential for en-
abling VLMs to utilize the instruction dataset effectively, thereby optimizing their
performance in chart analysis tasks. In light of this, we propose two innovative
VLM configurations. The first configuration enhances the LLaVA architecture

[59] by integrating the UniChart [75] vision encoder, which is pre-trained specifi-



cally on chart images. This adjustment aims to refine our model’s visual process-
ing capabilities, making it more adept at interpreting chart data. For language
modeling within this setup, we explore three different models: Llama2 (7B), a
decoder-only model [112], and Flan-T5-XL (3B), an encoder-decoder model [24],
and Gemma2[110] which is also a decoder-based model.

Our second configuration employs a two-step pipeline strategy: initially ex-
tracting the underlying data table from the chart image, followed by feeding this
data into the LLM. This approach provides a versatile range of models, ensuring
that our systems can be tailored to meet a variety of real-world needs and compu-
tational constraints.

Through these advancements, we aim to significantly enhance chart compre-
hension and reasoning capabilities, offering robust solutions to navigate the com-
plexities of visual data analysis.

In our study, we conducted a thorough evaluation of our models across four
key benchmarks: ChartQA [76], Chart2Text [82], OpenCQA [48], and ChartFC
[10], to gauge their performance in various chart understanding and reasoning
tasks. The outcomes of these evaluations underscore the state-of-the-art capabil-
ities of our models, highlighting their proficiency in navigating the complexities
of chart data interpretation.

Additionally, through human evaluations, we have gathered evidence that sup-
ports the effectiveness of our instruction-tuning methodology. This approach not
only enhances the models’ performance in traditional chart comprehension and

reasoning tasks but also significantly increases their flexibility. Consequently, our



models demonstrate a remarkable ability to adapt to a wide range of real-world
scenarios, underscoring their potential to accommodate an extensive variety of
new tasks. This adaptability is crucial for developing general-purpose tools that
can meet the diverse needs of users across different domains, making our work a

valuable contribution to the field of automatic chart comprehension and reasoning.

1.3 Contributions

We expect following contributions from this thesis:

* (i) We introduce a new instruction-following corpus with real-world charts
and a wide range of tasks by utilizing LLMs.

* (ii) We introduce two distinct systems specifically tailored for chart under-
standing tasks.

* (iii) We conduct evaluations that demonstrate the performance of Chartln-
struct across existing chart-related benchmark tasks while also expanding

its applicability to new tasks.

We have made the materials related to this project available in the following

GitHub repository: https://github.com/vis-nlp/ChartInstruct.


https://github.com/vis-nlp/ChartInstruct

1.4 Outline

In this section, we outline the structure of the chapters within this Thesis. Chapter
2 starts by exploring previous research in chart analysis and reasoning, vision-
language instruction-tuning, and relevant downstream tasks in chart reasoning
domain. Chapter 3 elaborates on our approach, presenting the data we use to
pre-train our models, and introduce the process we use to generate instruction-
following data for the instruction-tuning stage. In chapter 4, we present our train-
ing strategies and the two system architectures we intend to use for our models. In
Chapter 5, we show our experiments, benchmarks we intend to evaluate on, and

ablation studies. Chapter 6 depicts our conclusion and future work possibilities.



2 Literature Review

In this chapter, we will have a brief look over the related works done for each of
the definitions and steps that we are going to have toward the completion of the
project. The mentioned steps are chart modeling, visual instruction-tuning, and

chart downstream tasks.

2.1 Chart Architectures and Modeling
2.1.1 General Architectures

Pre-trained models are crucial for various vision and language tasks, as high-
lighted in [31]. The development of these models entails three main steps: text
input processing, visual data encoding, and the integration of both textual and
visual information.

The text encoding phase often uses BERT-based encoders [28, 63, 62, 71, 88,
108, 61, 8], processing text through transformer layers to produce a context-rich
representation [115].

For visual encoding, early methods used Fast-RCNN [95] to identify object
features, while more recent approaches encode the entire image using technolo-
gies like ResNet [36] or ViT [29, 62, 61, 124].

Finally, to combine textual and visual features, studies either develop a fu-
sion encoder or use a dual encoder approach [22, 54, 107, 108, 43, 62, 88]. This
step also incorporates cross-modal pre-training tasks such as image-text match-

ing, contrastive learning, visual question answering, and image-text alignment



[21, 60, 43, 88, 22, 118, 61, 68, 124].

Alignment Methods As mentioned in the last subsection, there were various
implementations of image-text fusions. However, Blip-2[61] mentions that there
is a misalignment between the objectives and the architectures of the models im-
plemented for this goal. Blip-2 introduced Q-former to fill this gap, as a bridge to
connect the vision space to the text, with the objective of finding features that can
help the decoder generate text from the bridging module to improve the system’s
performance. However, Q-former is a large component by itself. As a result, [68]
uses a Linear layer as the alignment layer, which is cheap and fast, compared to
its predecessor, and works well. Also [124] shows that although it may seem that
Q-former should have better performance in theory because of more parameters
and including attention layers[115], the linear layer serves as a better alignment

layer than the Q-former.

2.1.2 Modeling

Chart comprehension methodologies can broadly be categorized into two distinct
groups. The first group consists of approaches that adapt language or vision-
language models directly for chart analysis tasks [76, 74, 56]. These models,
although versatile, often face challenges in achieving optimal performance due to
the absence of chart-specific pretraining. This limitation can hinder their ability
to fully understand and interpret complex chart data.

On the other hand, the second category includes models that are meticulously



designed and pretrained for chart-specific functionalities, such as question answer-
ing and summarization [75, 66, 123]. While these models demonstrate improved
performance in their specialized tasks, their narrowly focused pretraining can re-
strict their utility across a wider array of chart types and real-world applications.
This specialization, though beneficial for certain tasks, might not cater to the di-
verse needs encountered in practical scenarios.

Recent advancements have seen the application of Large Language Models
(LLMs) like GPT-3, Llama [112], and GPT-4 in chart-related endeavors. These
methods typically involve a two-step process: initially, specialized models such
as UniChart [75] and Deplot [65] are employed to extract data values from charts.
Subsequently, these extracted values serve as input for LLMs, facilitating tasks
like question answering and summarization. Despite the innovative use of LLMs,
the dependency on either proprietary models [16, 85] or publicly available mod-
els that lack chart-specific training could constrain their overall effectiveness and

adaptability.

2.2 Visual Instruction-Tuning

Instruction tuning within Large Language Models (LLMs) has demonstrated sig-
nificant advantages in aligning these models more closely with human intentions
and improving their ability to generalize across a variety of tasks [24, 87, 117,
7, 6]. This approach has been successfully adapted to the vision-language do-
main, leading to notable advancements in model performance and user interaction

[59, 124, 121, 61, 26]. Despite these achievements, the application of visual in-



struction tuning specifically within the chart analysis domain remains relatively
rare.

A handful of studies have ventured into multimodal instruction tuning for
charts [67, 35], leveraging CLIP [89] for vision encoding. However, CLIP, be-
ing optimized for natural images, may not be ideally suited for the nuanced re-
quirements of chart analysis. Furthermore, these studies often resort to using syn-
thetic charts or a limited range of real-world charts for training, and their scope of
instruction-tuning tasks is somewhat restricted.

Our contribution stands out by introducing two novel systems that are pur-
posefully engineered for the chart domain. These systems are trained on a com-
prehensive collection of chart images gathered from a wide spectrum of real-world
sources, ensuring a rich diversity in visual styles and types. In addition, we expect
that our approach encompasses an extensive range of chart-related applications,
significantly broadening the scope of tasks that our models can effectively handle.
This strategic focus not only enhances the models’ performance in interpreting
and reasoning over charts but also ensures their applicability and adaptability to
real-world scenarios, marking a substantial step forward in the field of chart com-

prehension and reasoning.

2.3 Chart Downstream Tasks

The growing interest in chart-related tasks underscores a significant shift towards
more sophisticated methods of understanding and generating insights from charts.

This domain encompasses a range of tasks, each addressing different aspects of

9



chart comprehension:

Chart Question Answering (CQA) Most existing research predominantly ad-
dresses questions requiring factual responses (e.g., "Which country has the highest
GDP?") [19, 44, 52, 93]. Answering factual questions involves the system’s ability
to analyze both the question and the chart, followed by performing various arith-
metic and logical operations (such as value comparison or identifying extremes).
Many studies have explored understanding and analyzing such questions using a
combination of heuristic methods and syntactic parsing techniques[80, 97, 106].
Additionally, various machine learning approaches have been used for table ques-
tion answering and feature extraction from chart images [104, 44, 93]. For ex-
ample, a significant amount of research has employed recurrent neural networks
(RNN) with Long Short-Term Memory (LSTM) architecture to encode questions
[104, 44, 45, 78, 93, 126]. However, recent findings indicate that transformer ar-
chitectures consistently outperform RNNs, especially for lengthy input sequences.
This has prompted a shift, with some researchers adopting transformer architec-
tures for answering factual questions related to charts [64, 74, 76, 102]. [75]
introduces an end-to-end encoder-decoder model that is able to provide direct an-
swers given a specific token at the beginning of a user’s query. Transformers were
the first step leading to the popularization of Large Language Models(LLMs) like
GPT-3[15]. With this new trend, researchers began using instruction-tuned Large
Language models that are able to generate direct or short answers upon the user’s

request.[1, 68, 59, 124].
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Open-Ended Explanatory Question Answering (OpenCQA) Unlike factual
questions, open-ended questions are exploratory in nature (e.g.,Why the coun-
try with the highest GDP change in 2016?), and typically the expected answer
is an explanatory text. Generating such explanatory answers had been a chal-
lenging task before the introduction of large language models. The available ar-
chitecture and data at the time made it hard for researchers to generate explana-
tory text for their answers. Earliest related works to this problem are the ones
that automatically summarize the most important insights from chart inputs as
text[27, 83, 46, 104, 92]. For example, [83] adopted a transformer-based model to
generate an explanatory text describing the chart. Future works utilize such data-
to-text generation approaches by taking the query as additional input[75]. The
appearance of large language models which are trained on huge collections of text
made this impossible task suddenly possible. These experts in generating made
it possible for researchers to come up with models that are able to come up with
architectures and models that generate answers and their explanations based on
the input chart and query like GPT-4[1, 68, 124]. LLaVA[68] is one of the first
open-source models that has been introduced in the field of Large Multimodal
Models(LMMs). Its success has lead researchers to apply this method to a real-
life medicine task[59]. Although these models are incredible, they are for general
use, and they are not specifically trained for chart interpretation and comprehen-
sion. GPT-4 is an incredible general agent for daily questions and tasks, but it is
only able to talk about general things and overall trends, and it is not as good as

the work has been done specifically on charts. As a result, researchers tried to

11



come up with such Large Multimodal models for charts. ChartLlama[35] is the
first module that has specifically been trained for charts using a similar end-to-
end approach to LLaVA. Shortly before, Domino[116] was introduced, which is a
dual system involving an LLM module and an end-to-end encoder-decoder model
having a conversation, each having a role to fulfill to break down the reasoning

step similar to the chain-of-thought prompting using atomic operations.[119]

Chart-to-text Current systems for summarizing charts into text typically rely
on the chart’s image[42] or metadata [34, 84, 46]. Prior to deep learning advance-
ments, initial methods often employed a two-stage process, initially selecting
content using statistical tools, followed by summary generation through preset
templates[94, 125]. However, these template-based systems often lacked adapt-
ability and struggled to accurately reflect complex data patterns. Recently, deep
learning techniques have become prominent [34, 84, 125, 42, 122, 42, 25, 105, 72,
18, 46, 92], demonstrating improved results over template-based methods.

Of the five main publicly available Chart-To-Text summarization datasets, the
Chart2Text dataset[84], comprising a smaller dataset compared to the others, is the
earliest. Its relatively small size limits the effectiveness of data-driven approaches.
The SciCAP dataset[42], designed for captioning charts, is not ideal for methods
dependent solely on metadata. The AutoChart dataset[125] relies on predefined
templates, resulting in limited variability in chart descriptions. More recently, the
Chart-To-Text dataset [46], which includes chart images, metadata, and human-

generated descriptions, has emerged as the second largest dataset for this task

12



from Statista and Pew websites. The last work on this field was the ChartSumm
dataset[92] which is almost twice the size of the Chart-To-Text dataset, offering
a more substantial resource for this research area. UniChart[75] introduces an
end-to-end module that tries to predict the underlying table representing the input
chart and then is able to perform some tasks based on the user’s query including

chart summarization.

In line with this emerging trend, researchers have started employing instruction

tuned Large Language Models capable of producing concise comprehensive sum-
maries describing the given visual image, as discussed in various studies including
[1, 68, 59, 124] upon’s user’s request. Unlike Visual Chart Question Answer-
ing(VCQA), here, GPT-4 is able to provide a summary that describes the input
image that might only lack the exact values of the characteristics.

Chart-to-Table: The objective here is to convert visual chart data into struc-
tured data tables [23, 75], a task that involves accurately extracting and represent-

ing data in a tabular format.

Automated Fact-Checking for Images Evidence-based fact-checking aims to
predict claims veracity given evidence data. Considering that both claims and
evidence can be communicated through various modalities, there has been a grow-
ing interest in Automated Fact-Checking (AFC) with images, as evidenced by
recent studies [79, 17, 20, 120, 100]. Prior research in this area has predominantly

focused on identifying manipulated or counterfeit images, rather than verifying

13



claims based on evidence[14, 51, 100, 9]. While the detection of altered or fraud-
ulent images can often be achieved using the image alone, the process of claim
verification necessitates a combined understanding of both the claim and the corre-
sponding evidence. For the mentioned non-chart-related works, the common thing
was the lack of clarity and transparency during the checking procedure. QACheck
introduces a multi-module system that breaks the inference into multiple question
steps that show how the model operates the give a verdict.

ChartFC[10] is the first work researching Automated Fact-checking (AFC) in
charts. They use an OCR-based method to extract information from the chart
image, comparing it with the input claim using the introduced ChartBert model
which is the current SOTA in this field. The dataset presents certain limitations,
such as being restricted to only bar-chart data and being synthetically created from
data tables sourced from Wikipedia. To mitigate these issues, Chartcheck[11]
dataset was created. It is a novel yet smaller dataset compared to its predecessor.

With the appearance of the new trend of applying large language model solu-
tions to problems, here, Chart Fact Checking is not an exception. OpenAl’s LLMs
such as ChatGPT[8] and GPT-4[1] are great reasoners. As a result, GPT-4 can be
used to provide verdicts for user’s input charts and claims.

In our work, we not only evaluate our models across these diverse downstream
tasks but also introduce a new dimension to chart reasoning through an innova-
tive instruction data generation process. This approach allows us to explore and
develop models capable of handling a broader spectrum of chart-related tasks,

further advancing the field of chart comprehension and reasoning. By tackling

14



these varied tasks, our models will be able to demonstrate their versatility and ef-
fectiveness in interpreting complex chart data, contributing valuable insights and

methodologies to the research community.

2.4 Challenges and Opportunities
24.1 Acquiring Chart Data and Chart-Text Instruction-following Data

Collecting real-world data chart generated by human always come in handy for
deep learning models. This helps the models better learn and generalize on their
intended tasks. Currently, most of such data are either without any textual de-
scription or involve template-based descriptions which is not helpful to the model
satisfy users’ needs. Human-authored queries and questions can pose challenges
to the model due to language variations, informal language with or without ty-
pos, and richer semantics. Moreover, there are not many benchmarks involv-
ing samples specifically asking queries regarding the chart elements instead of
their interpretations. For instance, PlotQA[78], doesn’t support such questions.
Another aspect to mention is that there are only a few frameworks supporting
conversational experiences regarding vision-language models. This indicates a
gap in instruction-following data especially for chart-related tasks. As mentioned
LLaVA[68] has set the first step for conversational models in vision-language do-
mains, and ChartLlama[35], MMC[67], ChartAssistant[ 77] for chart-related tasks

which are fairly recent works.
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2.4.2 Efficient Methods for Alignment

Although there are several ways of aligning image features to text such as Q-
former[61], Linear Layer[68], gated cross-attention[12], There is still uncertainty
around the fact whether these are the best ways for aligning text features with the
visual features. These works show that although the complexity of the alignment
method goes up, the performance might not improve. As a result, it is possible to
believe that there might be a way to improve both the complexity of the method

and the performance of the whole architecture.

2.4.3 Addressing chart data extraction challenges

The challenge in chart interpretation tasks often lies in the accurate extraction of
chart data and visual encodings, essential for tasks requiring perceptual and arith-
metic reasoning with charts. Visual encodings refer to how data is translated into
visual elements of the chart. It’s commonly assumed in many natural language in-
terfaces that the data table and visual encodings of charts are easily accessible, as
indicated by sources [41, 97, 98, 106]. However, this assumption is often not valid
for many real-world charts found on the web. These charts are typically available

in bitmap image format and lack accompanying underlying data.
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3 Chart Instruction Data Generation

We build an instruction tuning dataset for enhancing VLMs’ capabilities in tack-
ling diverse understainding and generation tasks related to chart analysis. In this
section, we describe the chart corpus collection followed by the instruction tuning
data generation process. Figure 1 provides an overview of the instruction tuning

Process.

3.1 Chart Corpora Collection

Our objective is to create a comprehensive and varied chart dataset utilizing data
from the real world to improve the generalizability of our model. To achieve
this, we gather chart images from two primary sources: existing public datasets
and charts obtained through web crawling. From the available datasets, we se-
lected UniChart [75] for its extensive and varied pretraining corpus, which in-
cludes 611K charts along with metadata such as data tables, titles, and captions,
offering a rich resource for our needs (for more information, see [75]). Nonethe-
less, the charts in UniChart predominantly originate from specific online sources
like Pew [4], Statista [S], OECD [2], and OWID [3], which somewhat restricts the
diversity in visual styles and data domains.

To overcome this diversity shortfall, we introduce a novel corpus named We-
bCharts, comprising 41K chart images representing a wide variety of styles. This
initiative began with a selection of web domains known to feature charts [39], fol-

lowed by the aggregation of top image search results from these domains using
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Data Tabl i
Chart Corpus ChartData 2atables Chart Instruction Data

e " Summarize the chart:
== Extraction - - finet Chartinstruct:
Write a Python script: inetune :
< Foundation Model ion —— Shart nstruction
Is there a correlation.. Tuned Model

L, a 2
‘ Task Specific Prompts (GPT-3.5, GPT-4) wTat is the title?

Figure 1: Instruction tuning process for chart collection. For the WebChart Corpus, the
chart data is extracted automatically using Gemini Vision Pro. For distilling new tasks we
use GPT-4, for other task generation we either use GPT 3.5 or GPT 4.

nn

terms such as "chart images," "graphs," and "visual data". Subsequently, we imple-
mented a binary VIT classifier [30] to sift chart images from non-chart content in
our search findings. This step was complemented by a manual cleanse to eliminate
any residual non-chart images, ensuring the purity of our dataset. A challenge we
encountered with these web-crawled charts was the absence of associated data ta-
bles, which are indispensable for generating instructions across various chart data
analysis tasks. To remedy this, we employed Gemini Pro Vision [109] for the au-
tomated extraction of data tables and chart titles. Our preference for Gemini was
driven by its cost-effectiveness and the provision of an unlimited API rate, mak-
ing it an ideal choice for our project. Figure 2 shows an example on Gemini[109]

generating an underlying data table for an input image with the in JSON format

given relevant prompt.

3.1.1 Instruction Data Generation

To improve the performance of Large Language Models (LLMs) in chart-related
tasks through instruction tuning, we created a comprehensive chart instruction
dataset. This dataset consists of 190,774 instructions for 70,882 charts, encom-

passing a wide range of chart comprehension and reasoning aspects, illustrated in
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Input Image:

FIGURE 4.2b
Educational attainment by Native Hawaiian
and Pacific Islander subgroup

Native
Hawaiian
Samoan 35% 8% 3%
Tongan 31% 3%
Polynesian 16% 3%
Guamanian/ 13% 4%
Chomorro i
Other a,
Micronesian 34% 6% RRY
Melanesian % 39% 2%

m Less than high school m Bachelor'’s degree
= High school = Postgraduate degree
Some college

Source: Authars analysis of Public Use Microdata Sample from Bureau of the Census, "2008-2012 American Commurity Survey 5-year
Estimates,” available at httpy//www.census.gov/acs /www/data_docurmentation/2012_release/ (last accessed March 2014).

Gemini Output:
{ "data™: [

[*Group”, "Less than high school”, "High school”, "Some college”, "Bachelor’s degree”, "Postgraduate
degree"],

[*Mative Hawaiian®, 10, 39, 35, 11, 5],
["Samoan”, 14, 40, 35, 8, 3],

["Tongan”, 19,37, 31, 10, 3],

["Other Polynesian®, 10, 33, 37, 16, 3],
["Guamanian/Chomorro”, 13, 33, 37,13, 4],
[*Other Micronesian”, 22, 37, 34, 6, 1].
["Melanesian®, 19, 28, 39, 12, 2

I}

Figure 2: shows an example where Gemini correctly comes up with an underlying data
table representing the data provided in the input image.
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following chart: — e LLM induced new task: U.S. Military Presence in Asia
iy [ —— Weicomed by Many
e chart illustrates the total population M- education level is associated with the e s,

of Jordan from 2016 to 2026, measured = largest difference in risk of incarceration
in million inhabitants. The x-axis between Hispanic and black men " g N
ropresents the years from 2016 to 2026, @ o mion||  What is the Title of the
while the displays the total Herence_education level(: " || following Chart Image?
population in millions. The chart shows 0,51,
a steady increase in the total population o2l o /S Military presence in Asia
each year, with a minimum of 9.4 ments = ["Less Than HS", "High s
million inhabitants in 2016 and a School”, "Colle "o Welcomed by Many
maximum of 10.67 million inhabitants in differences = [abs(b - h) for b, h in =
2026. The data also reveals a consistent Zip(chart_data["Black'],
upward trend over the years, indicating chart_datal"Hispanic})]

A c max_diference ndex = "
a gradual but continuous growth in the Ao erences) T T———
overall population... return comments[max_difference_index]

(_(2) Chain-of-Thought Reasoning ] ( (5) Fact Checkin ) ( (8) Data Correlation )

How  did  the NUMDET  Of i sscsssmtruiet mess bt s Can following statement be = LLM induced new task:

Facebook users aged over 65
years old change from 2017 to

inferred based on the given Discuss the potential correlation between

Chart? religious affiliation and support for abortion

20187 Claim: Latin America legali
5 contributed the least to Adidas There appears to be a strong correlation
To find the '3"&"9_6. subtract the retail net sales in 2020. between religious affiliation and support for
number of users in 2017 from - abortion legality. ~White evangelical
the number of users in 2018 for Verdict: Refutes. The chart Indicates Protestants, who are predominantly "
the age group over 65 years old. that Latin America contributed 6% to Christian, are less likely to support abortion
The calculation is 510 (2018) - = Adidas’ net sales, which is more than >uan, ar ¢ ortio |
160 (2017), both Emerging Markets with 5%, legality, while the unaffiliated, who identify - o o
o B ey s non-Christian, are mare likely to support
The Answer is increased. ] = | i sa
ome Businesses with 2. Therefore, ltdid : | [it. his suggests that religious beliefs may
not contribute the least. influence attitudes towards abortion.
((3) Open-ended Question Answering ] (__(6) Anomaly Detection ] ( (9) Future Forecasting )
Why did Twitter followers e e e LLM induced new task: s iesssmiomntmeio LLM induced new task: Max Lfe Total Claims vs. Claim Settlement Trend

experience significant growth
between August 2015 and Which country and year had Anticipate the future Claim 120
February 20212 an anomalous change in \ Settlement Ratio for the year

salary development, 2018-19 based on the trend.

The significant growth in Twitter . considering the overall 300
followers between August 2015 " trend? Based on the upward trend, the
and February 2021 could be . || expected Claim Settiement Ratio **"
attributed to various factors, TI1 41 8 | | Finland in 2017 had an for the year 2018-19 might be o

" 1] i - higher than 98%, which was the
such as improved content anomalous change with a o 0

P! 1.1% development, which is ratio for 2017-18.

strategy, increased B a negative growth contrary to

engagement, or the company's the general positive trend.

growing popularity on the ¢ @i it ot e et
platform...

Figure 3: Examples of different chart-related tasks from our generated instruction
dataset. Examples 1-5 are generated based on predefined tasks similar to previously de-
veloped downstream tasks like chart summarization, chart question answering, and fact-
checking, while examples 6-9 introduce new types of tasks distilled by LLMs.

Figure 3. Here, we outline the methodology for generating this instruction data.

Task Selection for diverse reasoning and comprehension: our objective was to
cover a broad spectrum of chart reasoning and comprehension tasks. We selected
tasks aligned with traditional downstream tasks like chart summarization and ques-
tion answering (QA), and introduced additional tasks such as code generation and
Chain of Thought (CoT) reasoning. We also encouraged LLMs to suggest new

tasks to further diversify the dataset. A brief overview of these tasks includes:

* The summarization task aims to generate a chart caption that captures the

key insights such as trends and patterns from a given chart[50]. We also
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include Open-ended QA[49] in which the model generates an explanatory

answer to the given question about a chart.

* Fact Checking: task [10] is included to improve our models ability to reduce
errors and interpret chart data accurately. It takes a claim as input and then

generates the verdict (refute or accept) along with an explanation.

* Chain-of-Thought (CoT) Reasoning: Focused on improving complex math-
ematical and visual reasoning. This includes variable dependent questions,
inspired by ToolFormer [96] to remember and reuse previous calculations,
and Variable Independent Questions for retrieval, comparison, and basic

math analysis.

* Code Generation: Creating executable Python scripts to respond to user
queries, influenced by the successes of PAL [33]. Here, the goal is to gener-
ate an independent function that receives no input, for our input query that
returns the answer to the query by breaking down the problem to smaller

parts handled by python commands.

* Novel Tasks: Introducing tasks requiring unique forms of reasoning and
analysis, such as future value predictions, formulated by prompting an LLM

to propose varied chart-related tasks.

Prompt Design for Instruction Creation We crafted a series of prompt tem-

plates for different tasks, each comprising a task description, the input chart data
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Downstream Task/Model GPT-3.5 GPT4

Chart Summarization
Open-ended QA

Fact Checking
Chain-of-Thought Reasoning
Code Generation

SN S NN
NN N X X% %

Novel tasks

Table 1: Models used to generate instruction data for each different task. Choices are
based on task complexity and costs.

table with metadata like the chart title, output constraints (if any), and the desired
output format. An illustrative prompt example is depicted in Figure 5.

Generating inputs and outputs: Following prompt creation, we generated in-
structions by forming input-output instances for each template. We combined
each chart’s data table and title with a corresponding prompt, utilizing OpenAl’s
GPT3.5-Turbo and GPT4, as detailed in Table 1. The selection between these
models depends on task complexity, with GPT-4 reserved for more intricate rea-
soning tasks and GPT3.5 for moderately complex ones. To economize on gener-
ation costs and enrich the variety of generated samples, we instructed LLMs to
produce multiple samples for each chart in our prompts. Readers can find an ex-
ample of multiple generated question/answer pairs in Figure 2. The prompts used

for different tasks are also available in Appendix 6.2.

3.2 Dataset Analysis

We present key statistics and analyze the diversity and quality of the instruction

dataset.
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Summarization Prompt for GPT-3.5
Prompt:

Summarize a chart based on a provided data table, highlighting key aspect such
as data background, maximum and minimum values, value comparisons, and
trends across categories. The summary should not directly mention the input ta-
ble, instead referring to the ’chart’ or ’chart elements’. You’ll also be given the
title of the chart to get a context on what is shown in the chart. Do not use the
title as it is like "the chart is titles TITLE", always try to infersomething new
based on it. Include a brief explanation of the elements represented on the x-axis
and y-axis. The entire summary should be cohesive, in paragraph form without
bullet points, and not exceed 150 words. Conclude with a final sentence that en-
capsulates the most significant findings from the chart.

Title:

Title: Annual Change in Oil Consumption

Table:

Characteristic Romania Uzbekistan Slovenia Australia Canada

1966 5.31, -, -, 34.29, 35.92

1970 11.43, -, -, 28.99, 54.29

1980 -10.61, -, -, -13.87, -15.1

1990 19.19, -36.32, -, 7.35, -12.24

2000 7.35, 1.64,0.01, -0.81, 1.64

20104.5,-5.71, 1.64, 34.29, 31.84

Extracted Instruction:

Summary:

The chart depicts the annual change in oil consumption across five countries over
several decades. On the x-axis, time spans from 1966 to 2010, while the y-axis
represents the percentage change in oil consumption. Each line on the chart repre-
sents a different country: Romania, Uzbekistan, Slovenia, Australia, and Canada.
Maximum values are observed in Australia and Canada in various years, while
Romania shows relatively stable fluctuations. Uzbekistan experiences significant
fluctuations, including a notable decrease in 1990. Slovenia and Canada display
a generally increasing trend. Overall, Australia and Canada exhibit the highest
peaks and most consistent growth in oil consumption over the period analyzed.

Table 2: An example of prompt for Summarization Instruction Generation using
GPT-3.5-turbo and an extracted sample

Statistics: Our chart corpus (WebCharts) is highly diverse, encompassing a
variety of bar and line charts, pie and donut charts, and even unconventional chart
types not prevalent in existing chart corpora (see Figure 7). The generated instruc-
tions set is dominated by chart summarization and open-ended QA to improve the
chart comprehension ability but also augmented with reasoning tasks and creative

new tasks generated by LLM (see Table 3). We placed particular emphasis on
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Figure 4: Top 20 most common root verb (inner circle) and corresponding four
object verb pairs for all the generated instructions of our dataset.

WebCharts dataset due to its diversity, constituting 67.5% (157,190 samples) of
our dataset.

Diversity: To investigate the diversity of gener- ated instructions, we em-
ployed the Berkeley Neural Parser[13] to identify the verb closest to the root along
with its first direct noun object in each instruction. The analysis reveals a broad
spectrum of comprehension and reasoning tasks expressed in the instructions (Fig-
ure 3). We further analyzed the newly proposed tasks generated by GPT-4 by clus-
tering the instructions using the K-means algorithm. From Table 4, we observe
that "Pattern and Outlier Detection" is the most common type of task, followed
by various statistical analyses. Notably, the dataset includes interesting tasks not

typically captured by existing downstream tasks, such as identifying correlations,
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‘Input’

‘Task Description’

Analyze a chart and generate pairs of claims and verdicts about its
data. Avoid using terms like 'rows’, ‘columns’, or ‘elements’ from the
data table; refer to 'chart' or 'chart image' instead. Each response
must state whether it 'supports’ or ‘refutes’ the question, followed by
a brief explanation.

‘Datatable and other metadata’

Title: Premier league table

| Team |P|W|Pts|

| Liverpool 110|826 |

| Man City 11017123 |

| Chelsea 110/6]20 |
| Man United [10]5]19 |
| Arsenal 110]5]17 |

‘Constraints’:

Come up with 2-3 pairs of Claims and Verdicts with no additional text.
‘Output Format

Put ~ before starting each claim, and * before each verdict.

~ Liverpool has the highest number of points among the listed teams.
A Supports: Liverpool indeed has the highest points (26) among the
listed teams, indicating their strong performance relative to others.

~ Manchester City has the most wins among the listed teams.

A Refutes: While Manchester City has a respectable number of wins
(7), Liverpool actually has more wins (8), making them the team with
the most wins in the chart.

~ Arsenal has fewer points than both Manchester United and Chelsea.
A Supports: Arsenal has 17 points, which is fewer than Manchester
United's 19 points and Chelsea’s 20 points, indicating they are
currently positioned below these teams in terms of pts.

Figure 5: An example prompt to LLM and the corresponding output for a fact-
checking task. The input consists of the task description, chart data, any output

constraints, and output format.

predicting values and trends, and distribution analysis. Overall, it suggests that
the generated instruc tions set is indeed diverse and creative. We also visualize

diversity in the length of the instructions inputs, and instance outputs in Figures 8

Quality: We asked an expert annotator to evaluate the quality of the gener-

ated data on a random set of 100 instructions. We find that in general, the instruc-
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Dataset CoT Reasoning  Chart Summarization ~ Fact Checking  Open-ended QA  Coding Abilities ~ Novel Tasks  #Unique Charts

Statista 4,363 4,159 4,188 4,906 2,348 - 9992
PlotQA 4,159 3977 4,333 12,105 2,306 - 8199
OECD/OWID 4290 3999 4,080 13213 2,994 - 10949
WebCrawled 14,459 41741 11,574 12,246 11,924 23410 41742
Total 27271(143%)  53876(28.24%)  24,175(12.67%) 42.470(22.26%) 19.572(10.26%) 23.410(1227%) | 70,882

Table 3: The number of generated examples for each tasks based on data samples of the
mentioned dataset. Some of the charts are used in multiple tasks. On the last column, we
show the number of distinct charts used for instruction generation samples.

( (1) Task: Fact Checking ) [ (2) Coding ] [ (3) Open-endedQA ]

Can following Coffebean production, 196110 1991 B || Answer the following question by mplementing & Question: How did Japan's
statement be inferred Bython scrpt: government revenue change

" the number of approvals every month as
based on the given PP v from 2007 to 2017 compared

Chart? shown in the chart?’ J— m 2007 to 2017 compa /‘\ =3
art? to Canada and Australia? .
def consistent I .
Claim: *The United “Char gaa (T <0 s s % || Answer: Japan's government N l_/
States had the highest K St || revenue started at32.2 in 2007 —
coffee bean production N “series”c| and saw a decrease to 30.8 in
in 1975 /N \ b emaames “Aoprovais, 75 || 2000 before gradually increasing
ion oo / 10 35.60 in 2017. During the same .
Verdict: Refutes. The ) N, 0108 Gt 2540, 60.70,75,0, 100,60, 70 % || period, Canada's revenue N =
chart shows that in AN ) 4 || fluctuated, starting at 41.09 in \ o
1975, India had the oomt_/ 1 LI. 2007, decreasing to 39.01in2011, = A
highest coffee bean } L L and then increasing again to . .
production, with ) provals = chart,datalcatsseris O dta] 41,00 in 2017. Australla showed a T~
96233.79 units T e . is_increasing = llcarlir < ller for carlr,later in O et norease, sarting AN /'/
compared to the United Zip(@pprovals{-1], approvais({-}) at 35.341n 2007 and reaching —
States' 3780.96 units. tetum "Yes" f5_ncreasing else "No' 35.55 In 2017.
( (4) Task: Fact Checking ) ( (5) Coding ) ( (6) Trend Analy5|s )

Come Up with a new Task

Can following statement Answer the following question

Sample for the following Chart:

be inferred based on the = by impl i hon script:
: - —_ y implementing a python script: » S0 e
given Chart? . / ~. ~ | | Question: The month with the 5 | task: 'Rate of Increase Analysis', 2 ?
Claim :The mean - e highest vale, | £
aquaculture production for 2 Code: » . o
s B e o abers (5.0.20,25,75 "y v Input: In w(l:‘\ch perlod‘do(es tlive Placebo {
greater than the mean for » e 23,23,23,20, 23, 25, 25,23,20, 22,21, @ AW group see the greatest rate of increase in § 1
Australia. / 20, 18,18, 17, 15,17, 16, 15, 14, 13, 13, 2 vy, cumulative incidence? ¥
" - 12,12,14,10], W 3w
Supports the claim. The vy ) i
average production for - date. vames [entry{value'] for entry in Output: 'The greatest rate of increase for &
Latvia is higher than that ™ information[ dala/) o the Placebo group is between days 126
of Australia during this ,gg;“‘"” max(date_values) - s after the first dose.’
period —— ves | | Gatevalues index(maximum) o =

Figure 6: Few generated instruction samples. The Top row shows correct generated
instructions. The bottom row shows some of the instructions involve errors: (4) generated
wrong answer, (5) not following the description - wrong answer, (6) wrong answer. The
errors are shown in red.

tions describe a valid task (87%) and the input matches the task description (86%)
among generated instructions. In 61% and 8% cases, outputs for the generated in-
puts were fully and partially correct respectively. We list a number of correct and
incorrect examples in Figure 6. We note that even when the outputs may be incor-

rect (e.g., contain factual errors), the corresponding task instructions can provide

informative training signal as found by others (e.g., [38]).
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Task Group #Examples

Pattern and Outlier Detection 16,977
Statistical Analysis 9,148
Extremum Identification 6,545
Item Correlations 6,142
General Comparison 4,709
Relative Change Calculation 4,108
Time Series and Future Value Prediction 1,944
Data Point Identification 1,670
Performance and Result Analysis 1,396
Data Categorization 533

Distribution analysis 280

Table 4: The number of generated examples for various groups of new tasks created by
GPT-4.

Chart types

Single Line Single Line
12.1%

3.5%

StackedBar —
8.5%

Line+Bar

2.0%

AreaChart

6.5%

Multi Line

Scatterplot
:

GroupBar

Bar

20.6%

Figure 7: Chart types in WebChart Corpus.
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Figure 8: A histrogram of Instruction’s Input Length distributions

Intsructions' Output Length(Word)

30000

25000

20000

15000

Frequency

10000

5000

Length

Figure 9: A histrogram of Instruction’s Output Length distributions
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4 Modeling, Training, and Evaluation Strategies

In this chapter, we will show our strategies for pre-training, instruction-tuning, and
models that we are using. At first, we will provide a definition for our pre-training,
instruction-tuning and fine-tuning problem. Next, we show the architectures we
use, followed by the goals of each training stage. Afterwards, we introduce our
downstream tasks and their means for human and automated evaluation methods

that we used to evaluate the performance of our models on various tasks.

4.1 Problem Definition

In this section, we will first show how we model our different stages and tasks of
our pipeline to a single format. Afterwards, we will explain how it will be applied
to different tasks with various types of output.

Our goal is to prepare a pipeline that prepares models that receive a chart im-
age, and a textual query explaining what the task is as input, to generate a tex-
tual answer label responding to the query based on the information available in
the chart. As a result, we consider the different stages of our problem such as
pre-training, instruction-tuning, and benchmark fine-tuning as a set of samples
denotes as S = {C,Q, T} in which C represents our input chart image, Q is a
prompt or query regarding C, and L shows the expected output label following
the prompt. You can see Figure 10 which shows an example on how we use the
definition having a chart image and its query as inputs on the left, and the gener-

ated answer by our end-to-end model label on the right. Although there are more
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metadata that can be extracted from the charts such as title, description, etc. to be
used for training, we use this mechanism for our models allowing them to func-
tion more aligned with real-world scenarios where most of the time chart image is
the only information given to us about the chart. To close this up, we can see that

based on our data generation pipeline, we can use the defined format.

4.2 Model Architectures

In this section, we first present the different modules we used use in our models
and provide a brief description about them. Next, we introduce two variation
of our Chart Instruction-tuned models. Based on our experiments, we were able
to find two valid architectures following a slightly different route to generate the
final output text, the usual end-to-end architecture having a single-step generation
process, and our pipeline method involving two-steps of text generation in the

process.

4.2.1 Employed Modules

* UniChart[75]: is a pre-trained model for chart comprehension reasoning.
It is comprised of an image encoder and a text decoder. Having a simi-
lar problem structure as document understanding, to encode the input im-
age, UniChart encoder builds upon donut[53], a state-of-the art document
understanding model utilizing Swin Transformer[70] extended by multi-

headed self-attentions and MLP layers to produce visual tokens. For the
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text-decoder, it utilizes BART[58] which is conditioned by the prompted
text. For the encoder module, The input and outputs are an image, and em-
beddings resulted from visual features embeddings. For the decoder mod-

ule, the input is the generated embeddings, and the output is text.

Flan-T5[111] is an encoder-decoder text-to-text transformer model. Encoder-
decoder models first processes input then starts generating. Flan-T5[111]
improves upon T5[91] by being fine-tuned on task explicit instructions which
help the model to better learn and follow new patterns of inputs and instruc-

tions.

LLaMAZ2[114]is improving upon LLaMA[113] by being trained on a larger
corpus comprised of 2 trillion token becoming a more optimized and effi-
cient expansion on original transformer models[115]. It became a promi-
nent open-sourced large language model that could show great performances
same as ChatGPT[8] and GPT-4[1] considering that it is an open source

model.

Gemma2[110] is a variation of original Transformer model[115], receiving
a variety of new attention mechanisms, activation function, and embedding
model. Gemma2’s smaller variations are trained using knowledge distilla-

tion from its larger models instead of next-token prediction.
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4.2.2 ChartlInstruct Architectures

End-to-end System: Our end-to-end system follows LLaVA [68] architecture.
LLaVA incorporates CLIP [89] for visual encoding, an LLLM for language gener-
ation, and an adapter module for transforming the encoded visual features to the
LLM’s input embedding space (Figure 10). LLaVA was originally designed for
natural image understanding. We made following modifications to adapt it for
chart understanding. First, we want substitute the CLIP vision encoder with the
UniChart vision encoder [75], which is pretrained and optimized for chart image
understanding. For the LLM, we are going to investigate two model types: the
decoder-only architectures of LLaMA?2 and Gemma?2 [35] and encoder-decoder
structure of Flan-T5 [24]. In the decoder-only decoder setups, projected visual
features are injected directly into the language decoder, whereas in the Flan-T5
model, these features, along with the instructions, are first processed by the lan-

guage encoder before the decoder generates a text. For the alignment module,

Alignment Module

7o C \
) Y
UniChart o ;
—  Vision — O— Output: The "Net
O (i) Favorability’ for each
Encoder year is calculated by
So0a 2006 2008 2010 2022 20w 206 2038 2020 O Large subtracting the
Question: If you create a combined O Language percentage of
metric of 'Net Unfavorability’ by Model —> unfavorable opinions
subtracting the percentage of from the percentage of
favorable opinions from (ii) favorable opinions. The
unfavorable opinions for each year, - highest 'Net Favorability’
in which year was the 'Net " b occurred in the year

Unfavorability' the highest? 2020, with a value of 23.

Figure 10: The architecture for our end-to-end system models: the LLM is frozen in our
(i) pre-training step, while it updates its parameters in the (ii) instruction-tuning step. We
either use Flan-T5-XL or Llama2 as LLM for this architecture.
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we used a 3-layered multilayer perceptron to learn how to project visual features
into decoder’s embedding space. We experimented with the 7B variant of Llama?2,
2B variant of Gemma2[110], and the 3B variant of Flan-T5 to provide a range of
model sizes suitable for different applications. This architecture involves one text

generation step, performed by the LLM at the end of the process.

Pipeline System: In this approach, we consider break down our problem by
turning it into a two-step process. For our first step, we consider having a chart-
to-table problem, which is then followed by a table-to-text process. As a result, a
data table generation module will be first converting the chart image into a textual
data table representation. Afterwards, The generated data table is going to be
combined with the input instruction and fed into an LLM. We utilize the whole
UniChart [75] model, which has been shown to be able to generate high-quality
data tables from chart images, ensuring the textual representation closely mirrors
the original chart’s information. For LLM, we are going to conduct experiments
with Llama2, Gemma2, and Flan-T5 models similar to our end-to-end approach.
This architecture involves two text generation step. The first one is carried out by
UniChart’s text-decoder, and the second one is performed by the LLM at the end

of the process.

4.3 Training Goals and Stages

In this section, we explain what we expect from each training stage for our models,

and how we utilized our data to train our models. We use the weights provided
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British views of the EU reached a historic high — v

-
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. 2004 54 36 Q
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—=77 7% Decoder - - - Large  largestleapin
’ [I— K M | 2020 60 37 unfavorable opinion
il Language appears to be between
oos 208 208 a0i0 2012 20a4 2026 2018 2020 Model 2015 and 2016, where
Question: What was the greatest (ii) it went from 41% to
single leap in unfavorable opinion A 48%, a 7 percentage
between consecutive data points, and @ point increase.

between which years did it occur?

Figure 11: The architecture for our pipeline models: the encoder is frozen, while
LLM updates its parameters.

for each model. As a result, our encoders and decoders are already experts in their
own domain such as encoding charts and generating text. You can find the details

on each stage’s hyperparameters in Table 5

4.3.1 Pre-training stage(end-to-end system only)

To use a vision encoder and a text decoder for visual text generation, we need to
align the resulting visual tokens from vision encoder with the embedding space
used by the text decoder so that the decoder can comprehend the information. In
order to do that, we use an MLP as the alignment module that has to learn how to
this task. For that, first, we freeze the vision encoder and text decoder’s parameters.
Next, to expose the alignment module to two important skills needed for chart
comprehension and reasoning, we use UniChart[75] dataset’s chart summarization
and data table generation tasks. Unlike the end-to-end system, this setup skips the
alignment step since the visual features are not directly fed into the LLM(see

figurel1). Hence, we directly finetune the models on the instruction data.
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4.3.2 Instruction-Tuning Stage

To make our model, specifically the language model, to become more versatile and
better learn how to follow new input instructions, we train our model on the visual-
instruction data generated in the last section. To do that, we also need to unfreeze
the language model parameters so that it gets exposed to the new variations, keep-
ing only the vision encoder frozen in the process. Other than the benchmark tasks
such as chart question answering, open-ended question answering, and chart sum-
marization, we wanted to improve the range of reasoning skills of these models.
Hence, we considered new tasks for our instruction data such as chart fact check-
ing, and LLM generated tasks including Data Correlation, Future Forecasting(see
table4 for task types). To further improve our models, since language models are
next-token prediction models, they are not best suited for responding to queries
that require complex mathematical operations and reasoning. As a result, we also
considered the code generation task inspired by PAL[32] and Chain-of-Thought

reasoning[119] utilizing calculation tools[96].

4.3.3 Fine-Tuning Stage

To evaluate the models on different benchmark, we further fine-tune them on the

training set of each benchmark respectively.
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S Experiments and Results

We evaluate the usefulness of ChartInstruct and demonstrate that our models
built upon Chartlnstruct achieve excellence in chart understanding and genera-
tion tasks. In addition to the existing downstream tasks, they also posit superior
capabilities in new tasks. Below, we first discuss the setups, then experiments on
downstream benchmarks and new chart tasks, and finally present an error analy-
sis and challenges. Our evaluation complements the trivial quantitative approach
based on automated metrics with detailed human evaluation on both seen and
new tasks in multiple aspects, reflecting the true understanding of effectiveness
of Chartlnstruct . To ensure the reproducability of our research, we present the
hyperparameters of our instruction tuning and downstream tasks experiments in

Table 5. All experiments were conduced on a 4-A100 GPUs (80GB) machine.

5.1 Experimental Setup
5.1.1 Benchmarks

To assess the generalizability of our models across a spectrum of practical chart
applications, we evaluate them on four established benchmark downstream tasks

in the literature:

* ChartQA a factoid chart question answering dataset. We undertook the
fine-tuning of our models using ChartQA[76], a benchmark designed to

assess visual and logical reasoning abilities through questions. This task
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End-to-End System

Pipeline System

Experiment ‘ # Epochs Learning Rate Batch Size Hours | # Epochs Learning Rate Batch Size Hours
‘ Alignment
Flan-T5-XL 4 2e-3 128 7 - - - -
Llama 2 3 2e-3 64 24 - - - -
Gemma 2 3 2e-3 128 6 - - - -
Instruction Tuning
Flan-T5-XL 3 2e-5 32 8 3 le-4 64 17
Llama 2 3 2e-5 32 20 3 le-4 64 21
Gemma 2 3 2e-5 32 8 3 le-4 64 15
Finetuning on downstream tasks (Flan-T5-XL)
ChartQA 10 le-4 128 3 10 le-4 128 7
OpenCQA 10 le-4 128 1.5 10 le-4 128 3
Chart-to-text Pew 10 le-4 128 2 10 le-4 128 3
Chart-to-text Statista 10 le-4 128 4 10 le-4 128 8
ChartFC 10 le-4 128 1 10 le-4 128 2
Finetuning on downstream tasks (Llama 2)
ChartQA 10 2e-5 32 6 10 le-4 64 8
OpenCQA 10 2e-5 32 2 10 le-4 64 4
Chart-to-text Pew 10 2e-5 32 2 10 le-4 64 4
Chart-to-text Statista 10 2e-5 32 6 10 le-4 64 9
ChartFC 10 2e-5 32 3 10 le-4 64 3
Finetuning on downstream tasks (Gemma 2)

ChartQA 10 2e-5 32 2.5 10 le-4 64 6
OpenCQA 10 2e-5 32 1 10 le-4 64 2
Chart-to-text Pew 10 2e-5 32 1.5 10 le-4 64 2
Chart-to-text Statista 10 2e-5 32 3.5 10 le-4 64 7
ChartFC 10 2e-5 32 1 10 le-4 64 2

Table 5: Training details for our instruction tuning and downstream tasks finetun-

ing experiments.

specifically evaluates the model’s proficiency in data retrieval and logical

reasoning concerning numerical and visual inquiries.

* OpenCQA an open-ended chart question answering dataset. We further

evaluated our pre-trained model by fine-tuning it on OpenCQA[47], a chal-

lenging benchmark in which the answers require explanatory answers. This

task measures how comprehensive and related generated answers are given
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a chart and an open-ended question.

» Chart2Text a chart captioning dataset collected from two sources: Statista
and Pew Research Center. We explored the abilities of our models to pro-
vide a concise text summarizing the information available in an image, by
fine-tuning it on Chart-to-Text, a comprehensive benchmark on chart sum-

marization involving a set of diverse and challenging chart images.

* ChartFC a chart fact-checking dataset. We conducted the final downstream
task, evaluating our models on their fact checking abilities regarding an in-
put image. We fine-tune our models on Fact-Checking, the first benchmark

available on automatic fact checking for chart data.

5.1.2 Baselines

We compare Chartlnstruct against seven baselines:

* T5[91], a unified seq2seq Transformer model that achieved state-of-the-art
(SoTA) results on various text-to-text tasks, including question answering

and summarization.

* VL-T5[22], a T5-based model that unifies Vision-Language (VL) tasks as
text generation conditioned on multimodal inputs and achieved SoTA re-

sults on OpenCQA[49].

* VisionTapas[76], an extension of TaPas[37] for chart question answering.
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* ChartBERT][11], a BERT-based model utilizing textual and visual informa-

tion of charts for fact verification.

* Pix2Struct[57], a pretrained image-to-text model for visual language un-
derstanding, which can be finetuned on tasks involving visually-situated

language, and achieved SoTA results on document understanding tasks.

* MatCha[66], an adapted version of Pix2Struct for charts that is further pre-
trained on math reasoning and chart data extraction tasks, achieving SoTA

results on Chart-to-Text[99] and ChartQA[73].

* UniChart[75] achieving SoTA on Chart-to-Text, ChartQA, and OpenCQA.

5.1.3 Evaluation Metrics

We use Relaxed Accuracy (RA) for ChartQA, Accuracy for ChartFC, and BLEU
for text-generation tasks (Chart-to-Text and OpenCQA). However, BLEU focuses
mainly on n-gram matching, overlooking factors like informativeness and factual
correctness. To address this, we conduct human evaluations to compare these
aspects (see Section 5.3).

To evaluate the results on the ChartQA dataset, a relaxed accuracy measure
is adopted for numeric answers, as proposed in previous work. This measure
allows for a margin of error, considering that exact matches for numeric answers
can be challenging due to potential inaccuracies in the data extraction process.

Specifically, a numeric answer is deemed correct if it falls within 5% of the correct
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answer. However, for non-numeric answers, an exact match is required for them
to be considered correct.

To evaluate our models on ChartFC, we consider the Accuracy metric. With it,
we check whether our models correctly infer the needed information to generate
a verdict whether the input fact is supported or refuted by the input chart.

To evaluate Open-CQA and Chart-to-Text, We use BLEU score. It quantifies
the similarity between the machine-generated translations and the human refer-
ences by examining the correspondence of words or sequences of words (n-grams)
between the translations.

The BLEU score is defined as:

N
BLEU = BP - exp (Z Wy, logpn> (D

n=1

where:

Pn 18 the precision of n-grams,

w,, 1s the weight for each n-gram (typically w,, = % for uniform weights),

BP is the brevity penalty, defined as:

BP:{lifc>r,exp(l—i)ifcgr, (2)

c is the length of the candidate translation,

r is the effective reference length.
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It measures the similarity the generated text is to one or the human references
by comparing n-grams (sequences of words). BLEU calculates n-gram precision
(Here four-grams) and includes a brevity penalty to avoid favoring overly short
outputs. It results in a number between 0 and 1(also can be shown in percentage
between 0 and 100) in which results closer to 1 mean perfect matching to the

references.

5.2 Results and Findings
5.2.1 Main Result

We present the experimental results on downstream tasks in Table 6 compare with
existing baselines. ChartInstruct models (both end-to-end and pipeline) outper-
forms previous state-of-the-art models, UniChart on all ChartQA and Chart-toText
datasets. In particular, the Flan-T5-XL version excels on the ChartQA including
the challenging human-written question set[73], which suggests that the model
learned more complex mathematical and visual reasoning through the relevant in-
struction tuning tasks such as CoT reasoning, and coding abilities. ChartInstruct
also achieved a higher BLUE score compared to UniChart on OpenCQA bench-
mark, which demonstrates our models capability to generate explanatory answers
for questions about charts. Finally, ChartInstruct surpasses ChartBERT by a wide
margin (8.85%) on the recently released fact-checking task. Overall, these results
establish ChartInstruct as the SOTA model for chart comprehension and reasoning

tasks.
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ChartQA OpenCQA  Chart-to-Text ChartFC
(RA) (BLEU) (BLEU) (Accuracy)

Model #Params | aug. human avg. OpenCQA Pew Statista ChartFC
Open Source
VisionTaPas [73] - 61.44 29.60 45.52 - - - -
TS5 [73] 222M | 56.96 25.12 41.04 9.28 1049 35.29 -
VL-T5 [73] - 56.88 26.24 41.56 14.73 - - -
ChartBERT [10] - - - - - - - 63.8
Pix2Struct [56] 282M 81.6 30.5 56.0 - 10.3 38.0
Matcha[66] 282M 90.2 382 642 - 12.2 394 -
UniChart [75] 201M | 88.56 4392 66.24 14.88 1248 38.21 -
Closed LMMs
Gemini Pro [109] - - - 74.1 6.84 28.5 25.8 65.8
GPT4-V [85] - - - 78.5 3.31 35.9 18.2 69.6
End-to-End System
ChartInstruct-Flan-T5-XL 3B 85.04 4336 64.20 16.71 12.92 4242 70.27
ChartInstruct-Llama2 7B 8776 45.52 66.64 15.59 13.83 43.53 69.57
ChartInstruct-Gemma2 2B 85.12 44.84 64.98 15.10 12.68 43.14 67.79
Pipeline System
Chartlnstruct-Flan-T5-XL 3B 93.84 50.16 72.00 14.81 9.93  40.08 72.65
ChartInstruct-Llama2 7B 82.40 40.64 61.52 14.78 12.81 39.39 64.99
ChartInstruct-Gemma2 2B 82.80 4144 62.12 14.75 10.47  38.90 64.39

Table 6: Evaluation results on four public benchmarks:
OpenCQA, and ChartFC. All the results are calculated after finetuning ChartInstruct.

Our observations reveal that the end-to-end system for ChartInstruct-LLama
generally surpasses the corresponding LLaMA pipeline system across all bench-
marks. This performance disparity is likely due to the fact that the data table
alone does not capture all the nuanced information present in the charts, thus
becoming a limiting factor in the pipeline systems effectiveness. Similarly, the
end-to-end system of ChartInstruct-Flan-T5-XL performs better than the pipeline
system on both OpenCQA and Chart-to-Text benchmarks. One notable exception
is the reasoning-intensive tasks like ChartFC and ChartQA on which the pipeline

FlanT5-XL system exhibits better performance. Furthermore, we notice that both
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Chartlnstruct-Flan-T5- XL and Chartlnstruct-Llama achieve comparable perfor-
mance, even tho the former has 4B fewer parameters. This efficiency makes
ChartInstruct-FlanT5-XL more suitable for real-world applications with compu-
tational constraints.

To further assess the impact of our different instruction tuning tasks on our
models performance, we conducted ablation studies on the ChartQA dataset us-
ing our best performing model, ChartInstruct-Flan-T5-XL (Pipeline System). Our
ablation studies reveal that excluding tasks like Chart Summarization or Open-

ended Question Answering results in a minor decline in performance.

You can find some of the examples properly generated by ChartInstruct-LLaMA

in Figure 12.

5.2.2 Ablation studies

To understand the impact of the different instruction tuning tasks on the perfor-
mance of our model, we conducted ablation studies on the ChartQA dataset using
our top performing model, ChartInstruct-Flan-T5-XL (Pipeline System). These
ablation experiments involved the removal of one task at a time, except for reason-
ing tasks, which were grouped and removed together. Due to computational con-
straints, we finetuned our model on the instruction tuning data for only 1 epoch
only, as opposed to the 3 epochs used in the primary experiment. All other hy-
perparameters remained consistent with those detailed in our main experiments,

as outlined in Table 5, including the fine-tuning experiments on the downstream
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Ql

Input:

Provide an open-ended answer to the following
question based on the chart image. Is there a

correlation between age and the degree of

discrepancy between self-reported and IAT racial

attitudes? If so, what does this correlation

Implicit and Explicit Racial
Attitudes and Stereotypes

Chartinstruct-Llama:

Output:

Yes, there is a correlation
between age and the degree of
discrepancy  between  self-
reported and IAT racial attitudes.
This correlation suggests that
younger individuals tend to have
a higher degree of discrepancy
compared to older individuals.

suggest?

Q2

Input:

Is there higher support for armed police
in schools or metal detectors at
entrances among K-12 parents?

Chartinstruct-Llama:
Output:

Armed police in schools
have higher support at 80%

School securi

EEEEEEEREE

pared to metal
detectors at entrances,
which have 74% support.

Q3

Input:

Generate a python function that return
the answer to the following questions
based on the chart image. Which
region had the largest increase or
decrease in the value of new
construction from 2019 to 2020, and by
how much did it change?

Chartinstruct-Llama :

Output:

def largest_change_region_2019_to_2020():

information = {"New England": {"2019": 52647, "2020": 53348},

"Mid-Atlantic": {"2019": 153394, "2020": 155338},
"East North Central 19": 121844, "2020": 123881},
"South Atlantic" : 50405, "2020": 50459},
"East South Central 2019": 49893, "2020": 50493},
"West South Central": {"2019": 40211, "2020": 40893},
"Mountain": {"2019": 113397, "2020": 112075},
"Pacific": {"2019": 23934, "2020": 24398}

}
largest_change =0
region=""
for region, value in information.items():
change = value["2020"] - value["2019"]
if change > largest_change:
largest_change = change
region = region
return region, largest_change

Q4

Input:
Provide a summary for the following
chart

Chartinstruct-Llama:
Output:

The chart depicts the trend in the
order backlog in U.S. dollars from
2011 to 2015. The x-axis
represents the years, while the y-
axis represents the order backlog
in UsS. dollars. The maximum
value of the order backlog was
observed in 2013 at 69.7 U.S.
dollars, while the minimum value
was in 2011 at 53.9 U.S. dollars.
The data shows a fluctuating
trend in the order backlog over
the years, with a peak in 2013
followed by a decrease in 2014
and 2015. Overall, the chart
illustrates the variation in the
order backlog over the five-year
period, with 2013 standing out as
the year with the highest backlog.

Figure 12: Sample outputs generated by ChartInstruct-Llama2 over various tasks such
as LLM induced Data Correlation, Open-EndedCQA, Coding, and Chart Summarization

tasks. As depicted in Table 7, removing tasks like Chart Summarization and

Open-ended Question Answering had a negligible effect on the performance on

ChartQA. However, a more significant performance decline was observed upon

the exclusion of the fact-checking task, which is important for enhancing the mod-

els data retrieving and reasoning capabilities. This decline was further amplified

when reasoning-associated tasks (CoT and Coding) were removed, underscoring

their critical role in improving the numerical reasoning capabilities of our model.
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ChartQA
Model (RA)
ChartInstruct-Flan-T5-XL 70.08
No Open-ended Question Answering | 69.68
No Chart Summarization 69.76
No Fact Checking 66.28
No Novel Tasks 69.20
No CoT Reasoning/Coding 63.36

Table 7: Chartlnstruct ablations on ChartQA benchmark.

Rules:

Below you will see a series of charts, each chart accompanies one question/task and two
models’ answers. Your goal is to rate the quality of answers based on the following criteria.

(i) Informativeness: how much information from the chart does the answer cover? Ideally, an
informative response should contain high-level insights from the chart

(i) Relevance: how relevant the answer is to the input task?

(i) Factual Correctness: how factually correct is the answer (facts mentioned are supported by
the chart);

Please rate from 1(worst rating) to 5 (best rating).

Figure 13: Evaluation Rules of the human study for the three following metrics:
informativeness, relevance, and factual correctness.

5.3 Human Evaluation on Chart Tasks

Reference-based evaluation metrics like BLEU-score may not align with human-
perceived text quality attributes [69, 103]. To ensure accurate evaluation of our
approach, we conducted a human experiment, assessing the generated responses
from UniChart and our ChartInstruct-LLlama2 model across three metrics: (a) In-
formativeness, (b) Relevance, and (c¢) Factual Correctness.

For the study, we chose 150 samples that are unseen by both UniChart and

ChartInstruct-Llama2. Half of them are randomly from the ChartQA test set,

45



Informativeness Relevance Factual

UniChart[75] 3.2 2.74 2.756
ChartInstruct-Llama2 3.848 4.06 3.664
p — value 743 x107*  4.42x107% 1.31x 1078

Table 8: Human evaluation results for comparing between the outputs of UniChart
and ChartInstruct-Llama2. The first two rows show the average of samples across each
metric. The last row shows the p-values resulted from performing Mann-Whitney U
Tests.

while the other half is from a small set of web-crawled charts not used in the
instruction generation pipeline. These samples contain queries from Open-ended
QA, Chart Summarization, and novel instruction samples that involve a diverse
set of tasks for evaluation. In terms of task distribution, 75 (50%) of the study
samples belonged to novel tasks, while the other half comprised Chart-to-Text
and OpenCQA tasks (40 and 35 samples). We use UniChart and ChartInstruct-
Llama?2 to generate responses for these samples. We asked 2 different annotators
to rate the sample’s responses based on the mentioned factors from 1-5, having
100 samples in common to measure their agreement level toward the responses.
We presented the responses randomly to prevent any biases toward models. You
can see an example from the evaluation enviornment in Figure 14.

To analyze their agreement toward the responses In order to measure that,
we calculated Krippendorff’s alpha[55] and found an acceptable level with the
alpha coefficient of 0.447 For Factual correctness, annotators read the responses
thoroughly to find out whether they involve any factual errors.

From Table 8, we observe that ChartInstruct-Llama?2 significantly outperforms

UniChart across all three measures of human evaluation, especially in relevance
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Sample 44)

Who's to Blame for Rising Gas Prices?
30% 28%

24%

25%

20%

15%

10%

5%

0%
The President Don't Know/Refused

W9/11/2005 W2/26/2012

Input:
Explain the significance of the 2005 data point for "'The President’ group in the context of the chart.

Output 1:

The 2005 data point for The President’ group indicates that 28% of the population blamed the president
for rising gas prices in the year 2005.

Output 2:

Overall, the data suggests that the majority of the data point for The President' group in the 2005 data
point.

Evaluation:

Output 1

Informativeness: 4

Relevance:5

Factual Correctness:5

Output 2

Informativeness: 4

Relevance: 3
Factual Correctness: 2

Figure 14: An example of the human study evaluation setup.

(4.06 vs. 2.74). Upon manual examination, we observed that UniChart often
provides a general summary of the chart without addressing specific task instruc-

tions (sometimes repeating the same tokens), particularly evident in novel and
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OpenCQA task samples. In contrast, Chartlnstruct-Llama2 consistently offers rel-
evant answers for these cases (see an example in Figure 15). Overall, these find-
ings affirm that our instruction-tuning approach enhances the model’s ability to
adhere to task instructions, thereby expanding its capacity to address a wide array
of new real-world chart-related scenarios beyond the capabilities of the state-of-

the-art pre-trained model for the chart domain.

5.4 Error Analysis and Challenges

We reviewed our model’s results across various samples to highlight the challeng-
ing aspects encountered.

Value Estimation and Comparison Charts with crowded or minimal details pose
challenges in pairing visual elements (e.g., bars) with their associated values, esti-
mating data values, and making comparisons based on visual attributes (compare
based on height). For instance, errors occurred in Q1 and Q2 of Figure 16, where

the correct value associated with specified items was not identified.
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Kansas

a%

2

Ql

Input: What is the difference in economic
growth between Kansas and the United
States in the year the tax cuts were
enacted (2012)?

Economic growth lags in Kansas
Since Gov. Brownback cut taxes beginning in 2012, the pace of economic expansion
has been slower in Kansas than in the rest of the country.

United States

% g
N

2012 2016

Chartinstruct-Llama:
In 2012, the difference
in economic growth
between Kansas and
the United States was
1.3%.

Unichart:

Overall, the chart depicts a
fluctuating trend of
economic growth between
Kansas and the United
States, with Kansas and the
United States having the
highest growth rate and GDP
growth rate, and

LLM Induced Task: Pattern Identification

PERGENT OF ALL PECPLE WITH HV

oV s . 3014w SRS

Input:
What trend does the chart show
regarding the stages of HIV care?

HIV STAGES OF CARE

There Is an urgent need to reach mara people with testing and make sure
tho i nd treatmen

se with the virus receive prompt, ongoing care and

86%
40%
37%
DIAGNOSED PRESCRIBED ART*

ENGAGED VIRALLY
IN CARE SUPPRESSED

Chartinstruct-Llama:
The chart shows a
decreasing trend in the
percentage of people
living with HIV as they
progress through the
stages of HIV care.

Unichart:

The chart shows the
percentage of people with
testing and make sure about
the various stages of HIV.

Figure 15: Comparison of ChartInstruct-Llama2 and UniChart over two WebChart novel

task samples

Factual Errors Although our models have shown improved text generation qual-
ity and better utilization of available information, they still produce statements

unsupported by the chart or factually incorrect. In Q3 of Figure 16, the model

produces coherent text but also introduces factual errors.
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Q1

Input:

Compare the incidence of 'Fracture
of lower leg and ankle' between the
age groups 25-44 and 45-64.

Chartinstruct-Llama:
Output:

The incidence of
'Fracture of lower leg
and ankle' is higher in
the age group 25-44
with a rate of 56

Q2

Input:

Chartlnstruct-Llama:

Calculate the rate of change in Output: )
productivity from 1998 to 1999. The rate of change in
pro y from 1998

Annual productivity
Percent change in nonfarm
business productivity from
previous year

to 1999 was a 0.2%
increase.

= - w?w compared to 45-64 Dt . =TT Unichart:
F-“z ;“nn with a rate of 21. o The data shows that
= Unichart: == the rate of change in
- © e Output: B productivity has been
— The chart shows the te steadily increasing
incidence of 'Fracture ; : over the past decade.
enumae of lower leg and ankle’ oo
between the age 1995 2000 ey
groups and 75+. SSURCE: U-S. Suresu: of Labo ~
Q3 Q4
Input: Chartinstruct-Llama : Unichart: Input: ChaﬁIHStruct-LIam.a:
Summarize the Following Chart: Output: Output: Calculate the percentage The percentage point

The chart depicts the number of people in
different ethnic groups in the United
States from 2017 to 2021. The x-axis
represents the years, while the y-axis
"""" represents the number of people in each
ethnic group. The data shows that the
White population has consistently
decreased over the years, while the
Hispanic and Black populations have
steadily increased. In 2021, the White

in different genres of White, Black, Hispanic,
Other, and Unknown. In 2017, White had the

Black with 223, Hispanic with 179, and Other

Black with 36, followed by Black with 36,
followed by Black with 36, and Unknown with
202 and Hispanic with 35, followed with 36,
followed with 36, and Other with 36, followed

population is projected to reach its lowest  with 36, followed with 30, followed with 30,

point at 457 people, while the Hispanic
and Black populations are expected to
reach their peak at 154 and 244 people,
respectively. These trends indicate a
significant shift in the demographic

with 30, followed followed followed followed
followed followed followed followed followed
followed followed followed followed followed
followed followed followed followed followed

composition of the United States, with the ~ followed followed followed followed followed
Hispanic and Black populations. followed
experiencing the most substantial growth

‘The column chart shows the Number of people

highest number of people with 457, followed by

with 44. In 2018, White had the highest number
of people with 399, followed by Black with 239,
Hispanic with 148, and Other with 36, followed by

followed with 30, followed with 30, followed with
30, followed with 30, followed with 30, followed

point difference in market
share between Samsung
and Lava in Q2 2014.

Smartphone Vendor Share Q2 2014

difference in market
share between

Samsung and Lava

is 21%.

Unichart:

The largest percentage
point difference was from
Micromax, at 29%,
followed by Micromax at
18%, and Lava at 18%.

Figure 16: Some samples that our ChartInstruct-Llama2 and UniChart had errors in
their outputs. The errors are shown in red. UniChart often does not follow the queries
and occasionally repeats tokens. On the other hand, ChartInstruct-Llama2 tends to adhere
better to the instructions but occasionally encounters factual and other errors.

Numerical Reasoning Despite advancements, LL.Ms sometimes struggle with de-

pendable mathematical operations [32, 66]. While achieving state-of-the-art per-

formance in ChartQA [73] and attempting to teach the model to use external tools,

LLMs still exhibit inconsistencies in calculations. Q4 in Figure 16 illustrates the

unreliability of LLMs in some numerical reasoning tasks regardless of difficulty.

Figure 16 shows a few samples which our model faced a challenge generating

factual and accurate responses for. In samples Q1 and Q2, our model fails to find

the right value for the expected target either by estimation, matching or compar-
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ison to other visual elements. In Q3, although it generates a cohesive summary,
it produces some statements that are not true. Q4 shows a numerical error that

Chartlnstruct-Llama didnt perform the subtraction operation correctly
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6 Conclusion, Limitations and Future Work

6.1 Conclusion

We present ChartInstruct, an automatically generated dataset of chart-related in-
structions and two instruction systems designed for a broad range of chart-related
tasks. To the best of our knowledge, this is the first instruction tuned dataset that
not only includes pre-defined tasks but also many new types of tasks automati-
cally distilled by LLMs. Our model sets the state-of-the-art performance on four
different downstream tasks on various automatic measures while the human eval-
uation further confirms the effectiveness of our approach on many new kinds of
tasks. We believe that our models and instruction-tuning dataset will be valuable
resources for future research and encourage further exploration into the unique

problem domain of chart understanding and reasoning.

6.2 Limitations and Future Work

First, while our research covers key tasks such as Chart Summarization, Chart
Question-Answering, Open-ended Chart Question-Answering, and Chart Fact Check-
ing, it does not cover other tasks, e.g., chart-to-table. Second, while our manual
inspection of instruction-tuning dataset suggests that the novel tasks distilled by
LLM are generally valid and answerable, occasionally the outputs are incorrect
which may influence the instruction-tuning process. Third, although our instruc-

tion tuning approach significantly enhances the models ability to follow instruc-
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tions compared to its counterpart, it does not entirely prevent the model from
deviating from instructions. Fourth, despite the state-of-theart performance on the
numerical reasoning task, ChartQA, our model still struggle with complex numer-
ical questions. Finally, the model may produce factually incorrect statements in

the text generation tasks.
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Appendices

A Task Prompts

A.1 Gemini Data Table Generation Prompt

We used the following prompt concatenated with chart image for data table and
metadata generation using Gemini-Vision Pro.

Prompts: Try to come up with a JSON that represents the underlying data table
and other metadata for the input chart image. Do not generate anything besides

the JSON object.

A.2 Chain-of-Thought Reasoning

Prompt: For this task, we considered two types of question, one of which requires
tracking variables to generate the final answer, while the other one doesn’t need it.
As aresult, we came up with different prompt for each of them. We generated the

instructions by feeding these prompts concatenated with chart metadata to GPT-4.

A.2.1 Variable-based Prompt

Prompt: First of all, know that you must act like you can’t do basic match even
addition or subtraction. However, you might feel a need for calculation in your in-

coming tasks. In that case, you can tell me to calculate by calling Calculator(X =

7



OPERATION). <OPERATION> can be executable python code and X is a vari-
able. Use the defined variables in the next sentences when needed like a python
code. Do not define the variables in the text. Use this format” DEFIN E(variable,ame =
X)” where X is the value of the variable. Youll be given a datatable in json string
format which is an underlying datatable for a chart. Although you cant see the
chart, you should mention any references that come up to the chart instead of the
table Your responses must be limited to question and answer pairs related to the
data, strictly avoiding any conversational language or fillers. You have to come up
with six pairs of question and answers that ask for values that require calculations
such as differences, totals, and statistical measures such as median, mode, and
mean. To come up with your answer, you have to break down your solution into
several basic steps. In each step, you explain what are you going to do, and if
that is a mathematical operation, you have to mention the formula and fill it with
the respected numbers. If you want to list some numbers, do it when there are
less than 8 of them. Since you are unable to do calculations, you may return one
of the defined variables from your previous steps as your final answer. Consider
the following template: " The Answer is <ANSWER>." to wrap up your gener-
ated steps, replace <ANSWER> in the mentioned template with your final answer
word without ANY explanations or assignment. Please return the list of questions
and responses in a json format. I should be able to parse it. Each dictionary must
contain 3 field ’question’, ’steps’, ’answer’ filled with the requested formation.
The answer section must only involve a python variable previously defined. No

numbers should appear in this section.
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A.2.2 Non-Variable-based Prompt

Prompt: Youll be given a datatable which is an underlying datatable for a chart.
Although you cansee the chart, you should mention any references that come up
to the chart instead of the table Your responses must be limited to question and
answer pairs related to the data, strictly avoiding any conversational language or
fillers. You have to come up with six pairs of question and answers that ask for
achart value, or comparison not asking for a number, and a general trend. There
must be at least two retrieval questions and one general trend. To come up with
your answer, you have to break down your solution into several basic steps. In
each step, you explain what are you going to do, and if that is a mathematical
operation, you have to mention the formula and fill it with the respected numbers.
If you are comparing two or several numbers retrieved from the table, you must
mention them. Consider the following template: " The Answer is <ANSWER>."
to wrap up your generated steps, replace <ANSWER> in the mentioned template
with your final answer word without ANY explanations or assignment. Please
return the list of questions and responses in a json format. I should be able to
parse it. Each dictionary must contain 3 field ’question’, ’steps’, "answer’ filled

with the requested formation.

A.3 Chart Summarization Prompt

We used the following prompt for chart summarization concatenated with the

datatable and other metadata of a chart image using Chat-GPT3.5-turbo.
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Prompt: Summarize a chart based on a provided data table, highlighting key as-
pects such as data background, maximum and minimum values, value compar-
isons, and trends across categories. The summary should not directly mention the
input table, instead referring to the ’chart’ or ’chart elements’. You’ll also be given
the title of the chart to get a context on what is shown in the chart. Do not use
the title as it is like "the chart is titles TITLE", always try to infersomething new
based on it. Include a brief explanation of the elements represented on different
axises(if applicable). The entire summary should be cohesive, in paragraph form
without bullet points, and not exceed 150 words. Conclude with a final sentence

that encapsulates the most significant findings from the chart.

A.4 Open-ended Question Answering Prompt

We used the following prompt for Open-ended Question Answering concatenated
with the datatable and other metadata of a chart image using chat-gpt3.5-turbo.

Prompt: Generate question-answer pairs based on a data table representing a chart.
You will also be given the title to have additional context. The questions should
vary in complexity, ranging from simple what’, which’, when’ questions to
more challenging "how’ and why’ questions. Refer to ’chart’ or ’chart elements’
instead of the data table. Ensure the answers are cohesive and fluent, using di-
verse vocabulary, with each answer spanning 3 to 5 sentences. The questions
should encompass different aspects related to a chart figure. Each turn of conver-
sation should consist of 3 or 4 question-answer pairs, covering a range of insights,

explanations, and complexities as mentioned. There’s no specific order for the
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difficulty of the questions. Put ! before starting each question, and * before each

ansSwer.

A.5 Fact Checking

We used the following prompt for fact checking concatenated with the datatable
and other metadata of a chart image using chat-gpt3.5-turbo.

Analyze a chart and generate questions about its data, forming pairs of statement
and answer. Half of the questions should be supported by the chart’s data, while
the other half are refuted. Avoid using terms like ‘rows’, ’columns’, or ’elements’
from the data table; refer to ’chart’ or ’chart image’ instead. Each response must
state whether it “supports’ or ‘refutes’ the question, followed by a brief explana-
tion. The questions should cover comparisons of values or trends, basic statistical
values (maximum, minimum, mean, median, mode) without using exact numbers
from the chart. Ensure a diverse range of questions addressing various visual as-
pects of the chart, resulting in 4-6 turns of Questions and Answers. Put ! before

starting each question, and * before each answer.

A.6 Code Generation Prompt

We used the following prompt for Python code generation concatenated with the
datatable and other metadata of a chart image using GPT-4.
Prompt: Assume that you are an expert in solving problems by implementing the

script text of a python funtion to solve that problem. You are expected to find
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the answer to an input question step-by-step sharing explanations as comments
in-between the python commands. Right now, the input doesnt involve a question,
so you have to come up with a question as well. The question can ask one item
like an finding an element or a statistical measure like mean, median, etc. After
finishing the solution, return the pyhton script. The requirements for the outputs
are: The output MUST BE ONLY a piece of python text script without any lingual
explanation in ENGLISH. Don’t use any indication that you are using the table.
Try to make the sentence in a way that you are looking at a chart instead of a
table. The output must only be a generated question in the form of a question at
the beginning outside of the python script and then, a python function solving that
question with no other commands or explanations in the body of the script. It takes
no input arguments. Every command including the definition of data variables
must be inside that function, and the function returns the answer variable. The
function must not be called. These questions should vary in complexity: easy
(value retrieval), medium (basic calculations or single comparisons), and hard
(compositional questions involving more than one math operation like summation,
Subtraction, division, Multiplication, and comparison on different metrics such as
maximum, minimum, median or finding a complex trends, like asking for the
difference between median, maximum, mean, minimum, and etc.). For each table,
come up with three rounds of distinct Questions and Answers pairs with three
hard compositional questions. Put ! before starting each question, and * before

each answer.
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A.7 Novel Tasks Prompt

We used the following prompt for novel tasks concatenated with the datatable and
other metadata of a chart image using GPT-4.

Prompt: Generate different instruction tuning tasks for an LLM that we are trying
to tune for Chart Understanding. Your response should be be in a JSON format
where each example has three fields: task type, input, and expected output. Use
the following chart data to generate 10 unique tasks that do not have overlap with
two specific tasks: Summarizing the Chart, and specific information retrieval. Do

not generate anything besides the JSON object.
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