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Abstract

Charts are widely used for data analysis, providing visual representations and insights

into complex data. To facilitate chart-based data analysis using natural language, several

downstream tasks have been introduced recently including chart question answering.

However, existing methods for these tasks often rely on pretraining on language or vision-

language tasks, neglecting the explicit modeling of chart structures. To address this, we

first build a large corpus of charts covering diverse topics and visual styles. We then

present UniChart, a pretrained model for chart comprehension and reasoning. We propose

several chart-specific pretraining tasks that include: (i) low-level tasks to extract the

visual elements (e.g., bars, lines) and data from charts, and (ii) high-level tasks to acquire

chart understanding and reasoning skills. Our experiments demonstrate that pretraining

UniChart on a large corpus with chart-specific objectives, followed by fine-tuning, yields

state-of-the-art performance on four downstream tasks. Moreover, our model exhibits

superior generalizability to unseen chart corpus, surpassing previous approaches that lack

chart-specific objectives and utilize limited chart resources.
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1 Introduction

1.1 Motivation

Information visualizations such as bar charts and line charts are commonly used for

analyzing data and making informed decisions. To analyze data, often people ask various

complex questions about charts [47]. However, answering such questions about charts is

not always easy. In order to answer complex questions, one must have various analytical

skills and would need to combine various low-level operations (e.g. retrieve values from

bars, find extremes, aggregate values) which can be mentally taxing. For example, to

answer the question “When the difference between the Apple and Google stocks was the

highest?” in Figure 1.1, one needs to compute the differences between all data points of

two red and blue lines and then find the highest one.

Automatic chart question answering is a challenging task because of the richness

and ambiguities of natural language and complex reasoning that may be required to

predict the answer [96]. The problem is also very inter-disciplinary in nature, falling in

the intersection of information visualization, natural language processing, and human

1



Question: When the difference between the Apple and Google stocks was the highest?
Answer: 2008

Figure 1.1: An example of a natural language question about a line chart that shows stock prices
of some tech companies over time.

computer interactions. Some early approaches on NLIs and chart question answering

applied natural language processing techniques by largely depending on heuristics or

grammar-based parsing techniques [96, 103, 36, 27]. Recently, there have been also some

attempts for applying deep learning models for understanding natural language queries

about visualizations [9, 100, 90]. Several benchmark datasets have also been developed

to evaluate the effectiveness of these approaches [43, 45, 9].

A dominant strategy to tackle these downstream tasks is to utilize pretrained models

[105, 59, 49, 13] trained on langauge and vision tasks [22]. However, although effective,
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UniChart

What is the sum of the two highest
dark blue bars?

Nuclear power

177

Summarize

Most Americans favor expanding solar power (92%) or
wind power (85%), including strong majorities of both
Republicans and Democrats. The public, however, is
evenly divided over whether to expand nuclear power
(49% on each side). Fewer than half of Americans
support more offshore oil and gas drilling (42%),
hydraulic fracturing for oil and natural gas, known as
‚Äúfracking‚Äù (38%) or coal mining (35%).

Which energy source received smallest
difference between Oppose and Favor?

Describe the proportion of Americans who
favor the expansion of solar energy?

Most Americans favor expanding solar
power ( 92 % ) or wind power ( 85 % )

Figure 1.2: UniChart is pretrained on a large chart corpus and is capable to perform various chart
comprehension and reasoning tasks.

such models may not be optimal for chart-specific tasks because they are trained on large

text corpus and/or image-text pairs without any specific focus on chart comprehension.

In reality, charts differ from natural images in that they visually communicate the data

using graphical marks (e.g., bars, lines) and text (e.g., titles, labels, legends). Readers

can discover important patterns, trends, and outliers from such visual representation [78].

Existing pretrained models do not consider such unique structures and communicative

goals of charts. For instance, Pix2Struct [52] is a pretrained image-to-text model designed

for situated language understanding. Its pretraining objective focuses on screenshot

parsing based on HTML codes of webpages, with a primary emphasis on layout under-

standing rather than reasoning over the visual elements. MatCha [63] extends Pix2Struct

by incorporating math reasoning and chart data extraction tasks, but it still lacks training

objectives for text generation from charts and it was trained on a limited number of charts.
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1.2 Our Approach

In this work, we present UniChart, a pretrained model designed specifically for chart

comprehension and reasoning. We address this goal in multiple steps throughout the

project. At the first stage, we provide a large pretraining corpus including 611K charts

that we collected from multiple real-world sources. During the curating process, we

also augment our corpus with visualization-generation tools such as D3 and Vega-Lite

and create charts based on data tables we crawled from online sources. This assist us

to manually diversify the visual style of the charts by manipulating the relevant features

during generating charts. In general, our corpus has two main category which are (i)

charts with available underlying data table and (ii) charts without available underlying

data table. For specific pretraining objectives, we utilize datasets from each category, with

some objectives requiring gold data tables and others not requiring them.

UniChart is pretrained on a large corpus of charts and it aims to serve as a Universal

model for various chart-related downstream tasks including those relevant to question

answering domain. Inspired by the model architecture from Kim et al. [48], UniChart

consists of two modules: (1) a chart encoder, which takes the chart image as the input,

and (2) a text decoder, trained to decode the expected output based on the encoded image

and the text input fed in the decoder as task prompt. This architecture enables us to devise

an end-to-end approach for chart understanding tasks which involve natural language

4



interaction. Kim et al. [48] also pretrained their model on Optical Character Recognition

(OCR) objective on millions of document images, which already provides the model with

a significant ability in addressing chart question answering task [76].

Various essential capabilities are necessary for a model to effectively address diverse

queries posed by users regarding charts. Some questions ask for a single element value,

which requires retrieving a value from (i) underlying chart data table. Compositional

queries which requires (ii) numerical/visual reasoning steps on chart elements are also

another common type of questions asked by users. Sometimes a single word or phrase

cannot satisfy a user query and the model needs to generate (iii) an explanatory answer

with factually correct statements. Users can also simply ask for (iii) a high-level brief

summary covering important trends and patterns in the chart. Our pretraining objectives

include both low-level tasks focused on extracting visual elements and data from chart

images, as well as high-level tasks, intended to align more closely with downstream

applications. One key challenge for pretraining was that most charts in the corpus do not

come with informative summaries. To address this challenge, we leverage knowledge

distillation techniques by promoting LLMs to opportunistically collect a large set of text

summaries from charts which are utilized during pretraining. Figure 1.2 demonstrates

some samples of different downstream tasks can be addressed by UniChart.

We also conducted extensive experiments and analysis on various chart-specific

downstream tasks to evaluate the effectiveness of our approach. Specifically, we evaluated

5



UniChart on two chart question answering datasets, ChartQA [76] and OpenCQA [46],

and found that it outperformed the state-of-the-art models in both cases. For chart

summarization, UniChart achieves superior performance in both human and automatic

evaluation measures such as BLEU [85] and ratings from ChatGPT [81]. Moreover,

UniChart achieved state-of-the-art results in the Chart-to-Table downstream task. Finally,

our model showed improved time and memory efficiency compared to the previous state-

of-the-art model, MatCha, being more than 11 times faster with 28% fewer parameters.

1.3 Contributions

Our primary contributions are:

(i) A pretrained model for chart comprehension with unique low-level and high-level

pretraining objectives specific to charts. These objectives range from numerical/visual

reasoning and data table extraction to generating comprehensive summaries about charts,

which provide the model with capabilities required in different chart-specific downstream

tasks.

(ii) A large-scale chart corpus for pretraining, covering a diverse range of visual styles

and topics. We introduce UniChart pretraining corpus by crawling multiple online sources

providing chart data. We employ data augmentation to incorporate hundreds of thousands

of charts with diverse visual styles to the corpus. We also utilize state-of-the-art LLMs

through a knowledge distillation approach in order to generate high-quality summaries

6



for the charts in our corpus which do not come with gold summaries.

(iii) Extensive automatic and human evaluations that demonstrate the state-of-the-art

performance of UniChart on a wide range of chart-specific benchmark tasks. We make

our code and chart corpus publicly available at https://github.com/vis-nlp/UniChart.

1.4 Outline

In this section, we provide a brief overview of the organization of the chapters in this

thesis. Chapter 2 begins with a review of prior work in chart question answering and

vision-language pretraining. Chapter 3 details the process of curating our pretraining

corpus and Chapter 4 elaborates the design of our proposed model and our experiments,

including the downstream tasks, evaluation metrics, and ablation studies. The conclusion

and future work are outlined in Chapter 5.

7
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2 Literature Review

This chapter focuses on two main domains: chart question answering and document-

understanding pretraining. First, we extensively explore various aspects of the chart

question answering problem by analyzing the input and output dimensions. Additionally,

we examine the existing works that try to address the challenges in this domain. Another

area we explore is document-understanding pretraining, which is closely related to our

pretraining approach. We delve into the latest methods used to create pretrained models

that are applicable to different downstream tasks involving document understanding.

Moreover, we investigate how these techniques can be effectively applied to enhance chart

comprehension.

2.1 Chart Question Answering

In chart question answering, people express their information needs through a variety of

textual queries as shown in Table 2.1. Note that these categories are not orthogonal; for

example, a question can be factual, visual, and compositional simultaneously.

8



(a) Vertical Bar Chart (b) Horizontal Bar Chart (c) Pie Chart

(d) Line Chart (e) Scatter Plot (f) Box Chart

Figure 2.1: Examples of different types of input charts (plots a, b, d are adapted from [47]
and plots c, e, f are adapted from [9])

2.1.1 Questions as Textual Input

We discuss the different types of textual queries along with how current CQA systems

handle them below.

• Factual vs. Open-ended: Most existing works focus on answering questions that

require factual answers (e.g. “Which country has the highest GDP?”) [9, 47, 90, 43].

Factual questions require the system to compute the answer by analyzing the question

and the chart and then subsequently performing some arithmetic and logical operations

(e.g., compare values, find extremes). Several works have attempted to understand

and analyze such questions using a combination of heuristic approaches and syntactic

9



Table 2.1: Different types of question inputs and possible answers. Each question is
referring to a particular chart in Figure 2.1, as specified at the end of the question.

Answer Types

Question
Types Fixed Vocabulary

Numeric Word(s)/Phrase(s)

Factual How many years have fertility
rate more than 11 percent? 2.1c

Which years have more
than 11 percent of fertility? 2.1c

Open-ended - -

Visual What is the median
of smallest box? 2.1f

Which administration has the
longest blue component?2.1a

Non-visual What is the median of
Sudan? 2.1f

Which statement satisfies Asians
most regarding living in U.S.? 2.1b

Simple What is the percentage of
fertility in 1982? 2.1c

Which country experienced the
gdp higher than 10,000? 2.1d

Compositional What is the overall percentage of
fertility in 1982 and 1968? 2.1c

Which country has the highest
median? 2.1f

Open Vocabulary

Numeric Word(s)/Phrase(s) Explanatory
Sentence(s)

Factual How much is life expectancy’s
mean bigger than labour force’s? 2.1e

To which continent Venezuela
belongs to? 2.1f -

Open-ended - -
Explain the surge of Russia’s GDP
in the end of 1990’s. 2.1d

Visual What is the ratio of the longest
orange bar to the shortest? 2.1a

To which continent the red
colored box belong to? 2.1f

Why Thatcher has the longest
blue component? 2.1a

Non-visual What is the ratio of Sudan’s
median to Serbia’s? 2.1f

What is the population of the
country with highest gdp? 2.1d

Why higher life expectancy
included higher female labour? 2.1e

Simple What is the percentage of
rainfall in Blair? 2.1a

Was the blue line increasing or
decreasing from 2000 to 2005? 2.1d

What is the definition
of GDP? 2.1d

Compositional What is the mean of total
life expectancy rates? 2.1e

In which continent is the country
with the highest GDP last year? 2.1d

Why is China’s GDP
less than Brazil’s? 2.1d

parsing techniques [96, 103, 79]. Others have focused on leveraging various machine

learning approaches for table question answering [47, 75] and feature extraction from chart

images [9, 90, 43]. For example, several research works utilize the recurrent neural model

(RNN) with Long short-term memory (LSTM) architecture to encode the question [9,

90, 77, 44, 120, 43]. However, more recently transformer architecture has been found to

be more effective than RNN for long input sequences, which inspired some researchers

10



Table 2.2: The table summarizes how existing research papers on CQA cover different
categories of input and output dimensions. In the left most column, the papers coded with
blue color represent those works that solely focus on CQA, while the ones with magenta
color are the works that do cover some question answering aspects but focus more broadly
on supporting natural language commands and web-search like queries for interactions
with visualizations (such as filtering, sorting, zooming, and highlighting).

Dimensions
Input Output

Text Visualization
Multimodal

Text Visualization
Multimodal ConversationalRelated Papers Factual/

Open-ended
Visual/

Non-visual
Simple/

Compositional
Bitmap/

Data Table

Fixed
Vocab

Open
Vocab New/

Existing
Numeric/

Word

Numeric/
Word/

Sentence
LeafNet[9] ✓/✗ ✓/✓ ✓/✓ ✓/✗ ✗ ✓/✓ ✗/✗/✗ ✗/✗ ✗ ✗

STL-CQA[100] ✓/✗ ✓/✓ ✓/✓ ✓/✗ ✗ ✓/✓ ✗/✗/✗ ✗/✗ ✗ ✗

DVQA[43] ✓/✗ ✓/✓ ✓/✓ ✓/✓ ✗ ✓/✓ ✗/✗/✗ ✗/✗ ✗ ✗

PReFIL[44] ✓/✗ ✓/✓ ✓/✓ ✓/✗ ✗ ✓/✓ ✗/✗/✗ ✗/✗ ✗ ✗

Kim et al.[47] ✓/✗ ✓/✓ ✓/✓ ✗/✓ ✗ ✓/✓ ✓/✓/✓ ✗/✗ ✗ ✗

FigureNet[90] ✓/✗ ✓/✓ ✓/✓ ✓/✓ ✗ ✗/✓ ✗/✗/✗ ✗/✗ ✗ ✗

Affinity[120] ✓/✗ ✓/✓ ✓/✓ ✓/✗ ✗ ✓/✓ ✗/✗/✗ ✗/✗ ✗ ✗

FigureQA[45] ✓/✗ ✓/✓ ✓/✓ ✓/✓ ✗ ✓/✓ ✗/✗/✗ ✗/✗ ✗ ✗

PlotQA[77] ✓/✗ ✓/✓ ✓/✓ ✓/✗ ✗ ✓/✓ ✓/✓/✗ ✗/✗ ✗ ✗

ChartQA[76] ✓/✗ ✓/✓ ✓/✓ ✓/✓ ✗ ✓/✓ ✓/✓/✓ ✗/✗ ✗ ✗

Eviza[96] ✓/✗ ✗/✓ ✓/✓ ✗/✓ ✓ ✗/✗ ✗/✗/✗ ✗/✓ ✗ ✓

Evizeon[36] ✓/✗ ✓/✓ ✓/✓ ✗/✓ ✓ ✗/✗ ✗/✗/✗ ✗/✓ ✗ ✓

DataTone[27] ✓/✗ ✗/✓ ✓/✓ ✗/✓ ✓ ✗/✗ ✗/✗/✗ ✗/✓ ✗ ✗

Orko[103] ✓/✗ ✗/✓ ✓/✓ ✗/✓ ✓ ✗/✗ ✗/✗/✗ ✗/✓ ✓ ✓

FlowSense[116] ✓/✗ ✗/✓ ✓/✓ ✗/✓ ✗ ✗/✗ ✗/✗/✗ ✓/✓ ✗ ✓

NL4DV[79] ✓/✗ ✗/✓ ✓/✓ ✗/✓ ✗ ✗/✗ ✗/✗/✗ ✓/✗ ✗ ✗

ADVISor[61] ✓/✗ ✗/✓ ✗/✓ ✗/✓ ✗ ✗/✗ ✗/✗/✗ ✓/✗ ✗ ✗

NL2VIS [71] ✓/✗ ✗/✓ ✓/✓ ✗/✓ ✗ ✗/✗ ✗/✗/✗ ✓/✗ ✗ ✗

to adopt such architecture for answering factual questions with charts [100, 75, 76, 61].

Unlike factual questions, open-ended questions are exploratory in nature (e.g., “Why the

country with the highest GDP changed in 2016?”) and typically the expected answer is

an explanatory text. Generating such explanatory answers is very challenging and to our

knowledge, there is no existing work that explores this problem. The closest works to

this problem are the ones that automatically summarize the key insights from charts as

text [18, 102, 80, 98]. For example, Obeid and Hoque [80] adopted a transformer-based

model to generate an explanatory text describing the chart. Future works may explore

11



such data-to-text generation approaches by taking the question as additional input.

• Visual vs. Non-visual: Visual questions include reference to visual attributes such

as color, height, and length of graphical marks (e.g., bars) in the chart. In contrast,

non-visual questions do not contain such references. For instance, the question “Which

bar is the longest?” is a visual question since it is referring to the length attribute of

the mark type bar. Kim et al. [47] handled the visual question by translating it to an

equivalent non-visual question through a pipeline that first recognizes all phrases in the

input question that refers to marks and their visual attributes and then replaces these

phrases with equivalent non-visual terms. Then they pass the question and the data

table of the chart to a table parsing model to obtain the answer. Others have extracted

visual features from the chart and then build classification models to answer the visual

questions [45, 43].

• Simple vs. Compositional This categorization is based on the complexity of the

analytical tasks [3] that the system needs to perform to answer the given question. To

answer simple questions, the system needs to complete a single analytical task (e.g.,

retrieving a value). For instance, the question “What percentage of people are Real

Madrid’s fan?” is a simple question. On the other hand, compositional questions involve

multiple mathematical/logical operations like sum, difference and average. Compositional

questions are more challenging as the model needs to combine multiple operations together.

For example, to answer this question “How many students achieved over 90%?” from a bar
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chart that shows the grades of students, the system needs to perform a filtering operation to

find students who achieved over 90% followed by applying a count operation. To handle

the compositional questions, some researchers have applied a compositional semantic

parsing technique called Sempre [83] that was originally trained on a table question

answering dataset [47, 116]. However, solving compositional questions still remains a

challenging task as the accuracy is still very low for such questions. For example, Kim et

al. [47] found the accuracy of their model to be only 37% for compositional questions.

2.1.2 Charts as Visual Input

The input visualization to the CQA system can have different types and storage format.

Below we discuss how current CQA methods process the input visualization.

• Chart Types: Most existing works on CQA focused on limited chart types. Bar charts

[9, 90, 44, 120, 77], Line charts [9, 44, 120, 77], Pie charts [9, 90, 44, 120], Box plots [9],

Scatter plots [9, 77] are most common chart types used in recent related works. Figure

2.1 shows examples of chart types. None of the CQA works in Table 2.2 (coded with

blue color) supports map chart even though they are commonly used. However, some

NLI systems such as Eviza support natural language queries with map charts [96]. Less

common and unconventional chart types such as Parallel coordinates plot and radar charts

are not supported in existing works.

• Storage Format: Storage format is another important aspect of the input chart. Charts
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can be stored in different formats such as SVG vs. bitmap image. Several works take

charts in bitmap image format which are more challenging to handle because the model

does not have access to the underlying data table. They mainly utilized computer vision

techniques to extract features from a bitmap chart image and then applied classification

models [45, 9, 77, 90, 100, 44]. For example, FigureQA [45] extracts the features of

the chart using a CNN. The problem with such CNN-based feature extraction is that the

model treats the chart like a natural scene without extracting individual graphical marks

(e.g., bars) and the underlying texts (e.g, x-axis-labels) in the chart. To overcome this

limitation, others attempted to parse the chart by employing object detection models

such as Mask-RCNN [32] to detect visual and textual elements [9, 100]. Subsequently,

Optical Character Recognition (OCR) models are applied in order to dynamically encode

the chart-specific tokens in the question in terms of the positional information of the

textual elements in the chart image (e.g., ‘x-axis-label-1’, ‘x-axis-label-2’). However,

such dynamic encoding technique is prone to OCR errors and fails when the question

refers to the chart texts using synonyms (e.g., ‘US’ vs ‘United States’).

One key question here is how the model should reason over both the question and the

visualization together to generate the answer? FigureQA used Relation Network (RN)

[92] to capture the relation between visual and textual features by concatenating all pairs

of object representations from the chart image provided by a CNN with the question

features [45]. However, the number of object pairs in RN can be very large, resulting in
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computational inefficiency and restricting the performance. Some researchers attempted

to address the problem either by making relation features in RN more concise [120] or by

dividing the problem into various sub-tasks [90]. Others captured inter-relation between

the chart and question features by applying attention mechanisms [9, 43] or through

fusing the low and high level features from the chart image and the question in parallel to

facilitate multi-stage reasoning process. However, these models ignore the chart structure

(e.g., relationships between axis labels, bars, and legends). STL-CQA [100] attempted to

better capture the relation between the chart element and the question using a multi-modal

transformer-based model, which can better exploit the structural properties by learning the

intra-modality relationships (among the chart elements) and cross-modality relationships

(between the question and the chart elements)[107].

A common limitation of all the above models is that they simply utilize the image

features without extracting the underlying data table and visual encoding information of

the given chart, which makes it difficult for their models to answer complex visual and

compositional questions. Moreover, since they are classification based models, they could

only handle fixed-vocabulary type answers and can not apply mathematical operations on

the chart data.

In contrast to the above body of work, some systems simplify the problem by assuming

that the underlying data and visual encodings of charts are available [96, 103, 36, 61, 79].

Kim et al. [47] propose a pipeline that recovers the data table and encodings from an
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input chart to derive the corresponding Vega-Lite specification [93]. It then extracts the

data and transforms into a flat relational table and passes it to a table question answering

model. If the data can be extracted from the chart, leveraging the pretrained transfer-based

model for table question answering such as TaPas [34] or converting natural language

question to SQL query [117] could be effective for CQA. However, directly applying

table question answering method on chart data is not enough, rather it is necessary to

effectively combine the chart features with the data table. Masry et al. [76] takes an initial

step in this direction by extracting both the visual features extracted using ViT [21] and

the underlying data table of the chart encoded by TaPas [34] and combining them using a

cross modality encoder to infer the answer. Still, their model feeds the visual features and

the data values separately to their model and does not relate between them. A promising

direction here could be to create a better representation of the chart that combine and

relate between the visual features and the data table is needed to solve complex visual

reasoning questions.

2.1.3 Answers as Textual Output

Most CQA models focus on answering questions that require a textual answer. Usually,

such an answer is either a numeric token or a word/phrase [9, 43, 45, 44]. Such

textual outputs can be categorized into fixed vocabulary vs. open vocabulary. In

case of the fixed vocabulary output setting, the answer comes from a small fixed-sized
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Figure 2.2: Example outputs of an automatic chart summarization model. The textual
summary attempts to explain important insights from the chart such as trends and extreme
values [80].

vocabulary (e.g., chart axis labels, bar values, ‘yes’, ‘no’). For example, early systems

outputs only yes or no to the questions about the chart [90, 45]. Some systems support

other possible output textual elements in chart and certain numeric values as they add

them to the fixed vocabulary [43, 44, 9, 100, 120]. These models that only support

fixed vocabulary questions usually treat the task as a classification problem and rely on

dynamic encoding techniques where the questions and answers are encoded in terms of

spatial positions of chart elements (e.g., x-axis-label-1, x-axis-label-2 and so on). Such

approaches do not produce correct outputs when the OCR model for extracting text from a
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chart generates errors or when the question refers to chart elements using synonyms (e.g.,

US vs. United States). Overall, treating the CQA problem as a classification task

with a fixed vocabulary output is very limited for practical purposes, as it ignores many

complex reasoning questions where the answer is derived through various mathematical

operations such as aggregation and comparison.

Open vocabulary questions could be more challenging as the system no longer treats

the problem as a classification task and instead needs to derive the answer through

analytical operations. However, the works focusing on generating open vocabulary

outputs are still very limited [47, 77, 75, 36]. Most of these works apply a table question

answering model named Sempre [83]. However, Kim et al. simplify the problem by

assuming that the underlying data table is available [47] where others try to extract the

data using computer vision techniques [77, 75]. One limitation with PlotQA is that after

automatically extracting the data table it directly applies the Sempre [83] while answering

questions which does not consider any visual features of a chart. As a result their model

accuracy can be low for visual questions that makes references to graphical marks and

their attributes in chart.

Moving beyond outputting a word/phrase, an open-ended question that requires

explanatory sentences or paragraphs has not been supported by existing works. For

example, to answer the question, “How has the GDP of Brazil changed over time?” from

the line chart Figure 2.1 (d), the output needs to be an explanatory paragraph summarizing

18



the major trends. Recent works on automatic caption generation from charts (e.g., [80, 98]

can serve as a starting point for generating explanatory answers (see Figure 2.2). Another

way a descriptive sentence/paragraph might be helpful is by explaining how the model

computes the answer to enhance the transparency of the model to the user. Kim et al.

took the intermediate logical form representation of the table question answering system

and then translated it into an explanation using pre-defined templates by applying a rule-

based approach [47]. More recently, Kantharaj et al. also introduced a new benchmark

OpenCQA containing chart-relevant questions and their explanatory answers annotated

by humans [46]. Overall, generating explanatory answers to a question about charts still

remains extremely under-explored.

2.1.4 Challenges and Opportunities

• Constructing more benchmark datasets: Most existing CQA datasets mainly provide

template-based questions and synthetically plotted chart images which lack realism. To

address this key limitation, it is necessary to develop human authored questions and

real-world chart sources with a variety of chart types and visual styles. Human-authored

questions can pose several challenges for the CQA models due to the rich semantics,

language variations, informal languages and typos. Moreover, there are several types of

questions from Table 2.1 that are underexplored in the existing datasets. While the PlotQA

dataset [77] supported open-vocab questions, they were mostly data-related questions

19



without focusing on questions that refer to the visual attributes (e.g., color, position) of the

chart elements. Similarly, while there have been some work on conversational interfaces

for visualizations [94], there is no existing dataset that would allow us to train and evaluate

conversational question answering interfaces quantitatively. Constructing new datasets

on such under-explored problems could open up exciting new avenues of chart question

answering.

• Leveraging more advanced deep learning models: There are significant rooms for

improving the existing methods for chart question answering. Many natural language

interfaces for charts often rely on simple heuristics that fail to understand questions that

are compositional and require a deeper understanding of the syntactic, semantic, and

pragmatic aspects [96, 36, 103, 116]. This is a serious limitation, as the user becomes

very frustrated if the system frequently fails to understand the query correctly. In con-

trast, existing works that solely focus on chart question answering apply classification

techniques on chart images [45, 43, 9] or table question answering on the data table of the

chart [77, 47]. As we discussed in Section 2.1.3, both approaches are limited in handling

many real-world questions. To address the limitation, future models need to effectively

combine both the visual features and the data values of a chart in a unified representation.

In this regard, adapting models from the Vision-Language domain[107, 21, 106, 13, 56],

which unify visual and textual features effectively through transformer-based models can

be a starting point.
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• Addressing chart data extraction challenges: Many CQA tasks involving perceptual

[29] and arithmetic reasoning with charts, which require accurate extraction of chart

data and visual encodings (i.e., how data is mapped to visual attributes of graphical

marks). Many natural language interfaces assume that the underlying data table and visual

encodings of the charts are readily available [96, 103, 36, 97]. This assumption becomes

invalid for most real-world charts on the Web which are available in bitmap image format

without the underlying data. For other charts that are available in SVG format (e.g., D3

charts), there are some techniques for extracting data and visual encodings, however

they are also error-prone in some situations (e.g., cannot accurately extract map chart

data) [30, 35].

In general, chart data extraction from bitmap images is more challenging and requires

us to apply computer vision techniques to automatically extract the underlying data.

PlotQA [77] attempts to use automatically extracted data from chart images to perform

question answering, however, it suffers from low accuracy due to data extraction errors.

The key problem here is that existing solutions for chart data extraction are quite limited.

Some of them are not fully automatic [94, 42] which is not very useful for practical pur-

poses. Some focused on recovering color encodings from various charts [84, 118]. Others

provided automatic solutions but they rely on various heuristics which do not work for

many real-world charts and the performance is still not high enough [14, 64]. ChartOCR

automatically extracts data from real-world charts with reasonably high accuracy [70]
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but the model only predicts the raw data values of marks (e.g., bars) without associating

them with their corresponding axis or legends. Overall, current approaches for automatic

data extraction are usually modular and rely on assumptions which are error-prone. An

end-to-end deep learning approach could help improve the performance and generalize

well to different chart styles.

2.2 Chart and Document Understanding Models

Pretrained models have dominated in many vision and language tasks [22]. Building a

pretrained vision-language model typically involves three steps. First, textual input is

usually encoded using BERT-based encoder [68, 87, 55, 57]. Second, for the input image,

some prior studies utilize Fast-RCNN [91] to encode the sequence of object regions as the

image features [58, 68, 12]. However, this method may neglect some crucial regions in an

image. Recent approaches favor encoding the image as a whole [39, 40, 55, 57] by using

ResNet [31] or ViT [21]. Third, to fuse the textual and visual features, prior work mostly

either designs a fusion encoder [107, 105, 13, 49] or a dual encoder [87, 41, 57]. Finally,

multiple common cross-modal pretraining tasks have been designed such as image-text

matching [12, 54], cross-modal contrastive learning [87, 41] and generation tasks such as

visual question answering [13, 112].

Our work is also related to multimodal document understanding tasks that involve

analyzing the textual content, layout, and visual elements of documents [115, 114, 111,
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38, 48, 109]. These tasks can be addressed using encoder-only and encoder-decoder

architectures. Encoder-only models rely on OCR engines to extract text from document

images and use BERT-like encoders augmented with specialized embeddings to encode

layout and visual features [115, 114, 111, 38]. In contrast, encoder-decoder architectures

combine transformer-based encoders with autoregressive text decoders for text generation

tasks related to documents [109, 48, 52]. While Tang et al. [109] incorporates an OCR

tool to supplement the vision encoder, Kim et al. [48] and Lee et al. [52] operate in an

end-to-end manner without external OCR engines.

More specifically, Lee et al. [52] introduced a model called Pix2struct, which focuses

on visual language understanding. Pix2struct adopts an image-encoder text-decoder

approach based on the Vision Transformer (ViT) architecture [21]. One key modification

in Pix2struct is that it maintains the aspect ratio of input images, unlike ViT, which converts

images to a fixed resolution before extracting fixed-size patches. Pix2struct instead scales

the images up or down, ensuring the preservation of the width-to-height ratio, and then

extracts the maximum number of patches. This approach allows the model to capture

important ratio-related information in document images, which is crucial for various

document understanding tasks and also enables better adaptation to downstream tasks

involving higher resolution input images. To perform pretraining, Pix2struct leverages 80

million screenshots of webpages. During pretraining, the webpage’s HTML code is used

as a representative structure for the corresponding screenshot. Following the paradigm of
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Bart [53], Pix2struct masks 50 percent of the text both in the decoder and in the screenshot.

This pretraining strategy combines OCR and language modeling capabilities in Pix2struct.

The unified encoder-decoder architecture of Pix2struct simplifies fine-tuning on various

downstream tasks in the document understanding domain. For tasks requiring textual

input, the text is rendered on top of the image and then fed into Pix2struct during fine-

tuning. Pix2struct achieves state-of-the-art performance on most document understanding

benchmarks.

Donut [48] is another a comprehensive encoder-decoder architecture that can be

directly used for text generation tasks in document-related contexts. It comprises an

image encoder based on the Swin Transformer architecture [67] and a text decoder

initialized with Bart weights [53]. The main objective of Donut’s pretraining phase is to

extract text from over 11 million document images in a top-left to right-bottom manner,

eliminating the need for additional OCR approaches during fine-tuning. For document

understanding tasks like document image classification, form understanding, and visual

question answering, Donut utilizes a model consisting of a transformer encoder and an

autoregressive text transformer decoder. Initially, the document image is processed by a

transformer-based image encoder, and then the textual input is provided as a prompt to

the decoder, which generates the corresponding output based on the input. In line with the

latter approach, our model adopts an end-to-end encoder-decoder architecture [48].

In general, the above work focuses on training on large image-text pairs or text corpus,
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lacking focus on chart understanding. One exception is MatCha [63], a pretrained chart

model based on Pix2Struct [52], which achieved SoTA on chart question answering and

summarization tasks. MatCha incorporated chart rendering and data table extraction as

specific objectives during the pretraining phase. To teach Pix2struct numerical reasoning,

they utilized the MATH [95] and DROP [23] datasets. Since these datasets were designed

for text-to-text tasks, the authors first rendered the questions and textual input, and then

provided the resulting image to the Pix2struct backbone to obtain the output. The major

problem with MatCha is that its pretraining tasks mainly focus on data table generation

without focusing on text generation tasks. The model is also pretrained with reasoning

tasks using the textual datasets which might limit its visual reasoning ability. Our model

is trained on a larger corpus with chart-specific pretraining objectives, including visual

reasoning and text generation, making it more versatile for various chart-related tasks.

2.3 Discussion

In general, the above work focuses on training on large image-text pairs or large text

corpus without any specific focus on chart-understanding tasks. One notable exception is

MatCha [63], which is a pretrained chart model based on Pix2Struct [52] and achieved

SoTA on chart question answering and summarization benchmarks. However, their

pretraining tasks mainly focus on data table generation from a limited number of charts

without focusing on text generation tasks that are important for tasks such as OpenCQA
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[46] and Chart-to-Text [98]. The model is also pretrained with reasoning tasks using

the textual datasets (MATH [95] and DROP [23]) which might limit its visual reasoning

ability against chart-specific questions. In contrast, our model is trained on a much larger

chart corpus with chart-specific pretraining objectives including visual reasoning and text

generation for charts. As such, our model is more suitable to serve as a general-purposed

model with more diverse chart-specific capabilities gained in pretraining.
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3 Chart Pretraining Corpus Construction

As we discussed in last chapter, one of the major drawbacks in existing CQA benchmarks

is that their charts lack visual and style diversity. Moreover, the questions in these datasets

are usually simple template-based queries that are related to simple tasks like retrieving a

data value. More complicated questions like compositional and visual referring questions

(color, position) have been relatively unexplored. As a result, we decided to provide

a large chart pretraining corpus which contains various visual styles in charts and also

different types of questions related to these charts in order to prepare the model for chart

downstream tasks including chart question answering.

At the first step, the large corpus of charts that we curated for the pretraining phase

will be introduced. In following sections, we will elaborate how we collect, generate, and

filter charts from diverse sources to reach the final version of corpus. At the last step, we

will have an extensive analysis about different aspects of our proposed corpus.

To build a large and diverse corpus with various styles, topics, and storage formats, we

crawled charts from various online sources. Additionally, we utilized publicly available

27



chart datasets suitable for pretraining. The collected charts can be categorized into two

types: charts with underlying data tables and charts without data tables.

3.1 Charts with Data Tables

Charts with an underlying data table are collected in three ways: (i) utilize existing

datasets, (ii) extract SVG charts, and (iii) data augmentation.

• Utilize existing datasets Our goal was to train the model based on real-world data,

thus, we did not consider the ones that are generated from synthetic data [43, 45]. In

particular, we used the following five chart datasets for which the underlying data tables

were available: (i) Statista (statista.com) [98], (ii) Our World In Data or OWID (our-

worldindata.org) [76], (iii) Organisation for Economic Co-operation and Development or

OECD (oecd.org) [76], (iv) PlotQA [77], and (v) a subset of the ChartInfo [1] dataset that

provides bounding box annotations for data encoding marks (e.g., bars in a bar chart).

• Extract SVG charts We also used some charts in SVG format that do not come with

data tables, but extracting the data is relatively straightforward from the SVG elements.

We used the Chartblocks and Plotly datasets from the Beagle corpus [5] as they generally

have better quality charts (e.g., meaningful titles and axis labels). The steps for preparing

these charts are: (1) identify axis labels and legends using specific class names of html
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(a) (b)

(c) (d)
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Figure 3.1: Visually diverse charts generated by D3 and Vegalite for WDC corpus
(Figure 3.1a, Figure 3.1b, Figure 3.1c, Figure 3.1d, Figure 3.1g and Figure 3.1h from
D3-WDC, Figure 3.1e and Figure 3.1f from Vegalite-WDC. Visual factors like color
scheme, width of bars, and existence of grids and axis labels are different among the
samples.
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attribute, (2) extract bounding boxes of chart elements (e.g., bars, line) using SVG attribute

properties (e.g., size and location of <rect>, (3) construct the underlying data

table by iterating through each of the <g> elements to find data values of each data

attribute encoded in the given chart. When data labels are absent, we utilize the scale

information based on the axis labels and tick marks (height of <rect>) of the chart

and the bounding box information of data encoding marks to recover the data values.

• Data augmentation We further augmented the corpus by creating charts from publicly

available data tables. We used the The Web Data Commons (WDC) [2], which used

Common Crawl2 to collect a large amount of structured data. The charts are created in the

following steps:

1. Data pre-processing: Since many tables in WDC contain more than three columns,

we decomposed so that tables are suitable for creating desired chart types (e.g., bars,

lines, and pie charts). In particular, we automatically analyze the data type of each

column (e.g, numeric vs. categorical) and then randomly choose one column with

numeric data values and one/two column(s) with categorical data. We also limit the

maximum number of rows of the table to 8 so that the corresponding chart can fit

within reasonable screen space.

2. Chart generation: To generate visually diverse charts, we used the D3 [8] library that

2https://commoncrawl.org/
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provides great flexibility in terms of creating diverse visualization styles. We also

employed Vega-Lite [93] which creates charts based on declarative JSON syntax.

We used simple heuristics for determining chart types from the data table [73]. We

created four types of charts: (1) vertical simple bar charts with one numeric data

column, (2) vertical grouped bar charts, (3) pie charts, and (4) line charts (both

single series and multi-series).

3. Visual diversification: To create visually diverse charts resembling real-world varia-

tions, we manipulated the following visual style properties: (1) Colors and shapes:

Color schemes from ColorBrewer3 and Tableau4 were chosen for categorical data

attributes. We also varied shape properties such as bar thickness, line types (e.g.,

continuous vs dotted), and legend shape types (e.g., rect, circle). (2) Position and

distance: We also varied bar positions and distances with respect to axis labels. (3)

Guides: Charts may contain additional guides such as grids, so we generate charts

with and without grids to diversify styles.

Figure 3.1 depicts a visually diverse set of charts created using this augmentation

process. In total, we created a total of 189,839 charts (Table 3.1).

3https://colorbrewer2.org/
4tableau.com
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3.2 Charts without Data Tables

Many charts that are available online are in image format where the corresponding data

tables are not available. However, they can be still useful in large-scale pretraining as

we can extract chart elements and rich textual contents (e.g., titles, surrounding texts,

captions) using object detection and optical character recognition (OCR) techniques. We

collected image chart datasets such as LineCap [74] and Neural Caption Generation [102]

since they provide high-quality summaries. We also used the Pew dataset from [98] and

further augmented it with additional 1K charts that were published between Jan 2021

to Nov 2022. Finally, we used the ExcelChart400K dataset [70] which only provides

bounding boxes without underlying data tables. We also considered other existing image

chart datasets such as Vis30K [10] and VisImage [19] which are scraped from scientific

publications but are not very suitable as they tend to have poor resolution and lack

meaningful textual content (e.g., no titles). Another visualization collection [11] provides

images with multiple views which are not suitable for our intended pretraining model.

3.3 Augmentation by Knowledge Distillation for Text Generation

Tasks

Chart-related downstream tasks such as and open-ended question answering [46] and

chart summarization [98] require generating informative and relevant texts. However, for
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most of the charts in the pretraining corpus, there are either no associated summaries

or the summaries that are collected opportunistically such as the Statista dataset [98]

lack quality (e.g., too short and not very informative). Training on such substandard

“ground-truth” summaries can negatively affect the overall model performance as shown

in text summarization [51, 17]. Indeed, Goyal et al. [28] and Liu et al. [66] have recently

shown that human raters prefer summaries generated by LLMs, especially the ones that

are instruction-tuned such as InstructGPT [82], compared to the reference summaries in

various text summarization datasets. Consequently, the instruction-tuned LLMs have been

successfully used as an annotator in several recent studies [20, 86].

Inspired by these findings, we leveraged InstructGPT to generate coherent and relevant

text. Specifically, we prompted text-davinci-003 by providing the underlying data

table as input and one exemplar (i.e., 1-shot in-context learning). Since generating

summaries for thousands of charts by calling OpenAI API is quite costly, we devised a

knowledge distillation approach. We first used text-davinci-003 to create a small

dataset of 3700 summaries for different chart types.

We select the small dataset (3700 charts) from PlotQA and the augmented charts from

WDC, since these datasets are accompanied by the underlying data tables which serve as

suitable chart representation for LLMs. Also, they cover a wide range of topics which

contributes to the diversity in the generated summaries (Section 3.1). Figure 3.2 shows

our process for generating summaries for the charts that have underlying data tables using
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InstructGPT model [82]. The input mainly consists of one demonstration (table-caption

pair) followed by the desired chart data table. The output is the generated summary.

Using this mechanism, we generated a small dataset of 3,700 samples. We then finetuned

Flan-T5 XL [16] on this dataset. To our knowledge, Flan-T5 was the SoTA open-sourced

instruction-tuned model during the development of our dataset. After finetuning on our

task, we (qualitatively) observed similar performance as text-davinci-003. At

the final step, we used the finetuned Flan-T5 model to generate summaries for all the

charts that do not have an associated summary (e.g., PlotQA, augmented charts, OWID

and OECD charts). In this process, we added around 454K summaries for charts in our

pretraining corpus. Figure 3.4 shows some examples generated by the finetuned Flan-T5.

To benefit more from the capability of GPT models in generating high-quality sum-

maries, we further prompt ChatGPT (gpt-3.5-turbo) [81] to generate summaries for

the charts from Statista and Pew Research and put these in our pretraining corpus instead

of the original summaries in the Chart-to-Text benchmark [98]. In most cases, we found

the summaries from ChatGPT to be more elaborate and of better writing style. For the

Pew Research Centre charts, the underlying data tables are not provided. However, we

have observed that the underlying data values are written on the visual elements in most

of these charts. Hence, we decided to use an OCR tool to extract the layout-preserving

texts from the chart images, and then feed it into ChatGPT to generate the summaries as

shown in Figure 3.3. We realized that ChatGPT is capable of understanding a chart from
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Figure 3.2: An example of the performance of InstructGPT in generation summaries
for data tables. On the left side, the red text is a full example of a demonstration and
its summary followed by the demonstration for the target chart. The paragraph in green
shows the summary generated by the model.

the OCR data.

3.4 Datasets Analysis

Our chart pretraining corpus has over 611K charts covering a diverse range of bar charts,

line charts, and pie charts (Table 3.1). Data tables of Simple charts have two columns

(simple bar charts or single-series line charts), whereas Complex charts involve at least

three columns (e.g., stacked or group bar charts, line charts with multiple lines). The

first two chart groups in Table 3.1 come with an underlying data table which cover over

80% of the corpus. The bottom group contains five datasets which only provide charts
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The chart shows the percentage of U.S. teens, ages
13 to 17, who feel overwhelmed by drama, excluded
by friends, pressured to post content for likes, or
worse about their life due to social media. Girls are
more likely than boys to feel overwhelmed by drama,
excluded by friends, and worse about their life. Around
45% of girls report feeling overwhelmed by drama,
while only 32% of boys feel the same. Similarly, 37%
of girls report feeling excluded by their friends
compared to 24% of boys. Regarding pressure to post
content for likes, 32% of boys and 27% of girls feel
this pressure. Finally, 28% of girls and 18% of boys
report feeling worse about their own life due to social
media. Overall, the chart suggests that social media
has a greater negative impact on the mental health of
teen girls than teen boys.

Analyze the following chart in one paragraph.
Teen girls more likely than teen boysto say social
media has made them feel overwhelmed by drama,
excluded by friends or worse about their life
%ofU.S. teens whosay thatin general, what theyseeonsocial media makes
themfeela lot or little...
                                                                             U.S.
                                                                             teens
                                             Boys     Girls
     Overwhelmed because ofall               320      045                     38
                    the drama

     Liketheir friends are leaving        240 -037                            31
               them outofthings

Pressure to post content thatwill
                                           270032                             29
    getlots of comments or likes

       Worse about their own life - 18       28                               23
                                     0                  50             100

Note: Teensare thoseages 13to 17.Thosewho did notgivean
answerorwhogaveother
responses are not shown.
Source: Survey conducted April 14-May4,2022.
"Connection, Creativityand Drama: Teen Life on Social Media in 2022"
   PEW RESEARCH CENTER

ChatGPT

Generated SummaryOCR text extracted from chart

Figure 3.3: An example of the layout-preserved OCR-extracted text for a PewResearch
chart image where the underlying data table is not available. The extracted text is then
given to ChatGPT to generate a summary. ChatGPT can still extract and comprehend
important information and insights from the layout-preserving text of the chart image.

Table 3.1: Chart type distribution and linguistic statistics of the chart pertaining corpus.
The charts in the last group (magenta) do not come with an underlying data table. The
charts generated by the data augmentation process are shown in blue.

Chart Type Linguistic Statistics

Datasets Bar Line
Pie #Charts #Vocab Avg. Character Avg. Token

Two-Col Multi-Col Two-Col Multi-Col

Statista 71.9% 15.3% 8.3% 2% 2% 19,143 24,392 111.37 21.88
OWID 51.9% 0.0% 9% 38.9% 0.0% 60,624 3,721 85.89 16.96
OECD 49.1% 0.0% 3.1% 47.7% 0.0% 64,380 1,606 65.47 14.67
PlotQA 11.2% 55.6% 6.7% 26.2% 0.0% 157,070 2,230 155.32 33.21
Beagle 29.8% 27.3% 24.7% 17.9% 0.0% 3,972 11,361 78.76 20.55
ChartInfo 31.7% 51.0% 8.6% 8.6% 0.0% 1,796 13,329 120.75 26.11

Data Augmentation 13.3% 49.3% 11.7% 11.1% 14.3% 189,836 117,244 85.62 21.16

ExcelChart400K 11.5% 32.7% 12.0% 22.3% 27.7% 106,897 515,922 138.68 27.72
PewResearch 11.4% 55.5% 4.4% 21.9% 6.5% 5,295 38,165 477.33 98.08
LineCap 0.0% 0.0% 15.9% 84.0% 0.0% 2,821 16,570 102.11 24.62
Neural Caption 0.0% 0.0% 100% 0.0% 0.0% 100 389 117.56 27.43

Total 21.95% 36.56% 9.23% 23.71% 9.39% 611,934 888,522 114.70 25.01
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The line chart shows the amount of agricultural
raw materials, food, and fuel exports of Norway
from 1990 to 1995. Agricultural raw materials
exports decreased from 2.18% in 1990 to 1.32%
in 1993. Food exports increased from 6.94% in
1990 to 8.85% in 1994. Fuel exports increased
from 47.78% in 1990 to 51.26% in 1993.
Overall, the trend shows a decrease in the
amount of agricultural raw materials, food, and
fuel exports of Norway from 1990 to 1995.

The line chart displays the number of domestic
takeoffs and takeoffs abroad of air carriers
registered in Israel over a six-year period from 1998
to 2003. The number of flight takeoffs started at
50,100 in 1998, increased to 51,010 in 1999, then
decreased to 56,427 in 2000, decreased further to
47,648 in 2001, increased to 49,404 in 2002, and
decreased again to 46,334 in 2003. Therefore, the
chart depicts a fluctuating trend of the number of
flight takeoffs of air carriers registered in Israel
during the six-year period, with an overall
decreasing trend from 1998 to 2003.

The line chart shows the statistical performance of
individual players from Delaware Valley and
Widener in a football game on November 10, 2012.
The categories measured are number of carries
(NO), yards gained (YDS), average yards per
carry (AVG), longest gain (LG), and touchdowns
scored (TD). Among the players, Lewis Vincent
had the most carries (5.09) and yards gained
(64.09), with an impressive average of 13.09 yards
per carry. Chris Ruiz also had a strong
performance, with an average of 8.42 yards per
carry and 0.42 touchdowns scored. Meanwhile,
Mike Anusky had the fewest carries (1.42) and
yards gained (6.09), but still managed to score a
touchdown. Overall, the chart shows that the
players from both teams had varying levels of
performance in the game.

The bar chart compares the performance of two
high school girls soccer teams, Fleetwood and
Trinity, in a game. Both teams had a goal
difference of 1.0, with Fleetwood scoring 1.0 goal
and Trinity scoring 0.0. Both teams had 0.0 in
shots on goal, saves, points, and corner kicks.
However, Fleetwood had 4.0 shots on goal, 7.0
saves, 2.0 points, and 6.0 corner kicks, while
Trinity had 8.0 shots on goal, 3.0 saves, 2.0 points,
and 3.0 corner kicks. Overall, the chart shows
that both teams had similar performances in the
game, with Fleetwood scoring 1.0 goal and
Trinity scoring 0.0.

The bar chart shows the results of the
Vital Leeds poll in chronological order for
seven teams: Huddersfield, Hull City,
Ipswich, Leeds United, Middlesbrough,
MK Dons, and Preston. All teams had a
score of 0.0 in the poll, indicating that they
had not been voted on yet. This suggests
that the team was not yet considered to be
a clear favorite in the poll, and that the
results of the poll may be skewed by the
outcome of the next few games.

The pie chart shows the results of the
Hungarian Grand Prix motor race in 2020,
categorized by the winner of the race. The
winner of the race was Sebastian Vettel, who
accounted for 17% of the total results, followed
by Daniil Kvyat at 33%, and Daniel Ricciardo
at 50%. This chart indicates that the race was
closely contested, with all three drivers finishing
within a close margin of each other.

The line chart displays the number of non-fatal
injuries from terrorist attacks over a nine-year
period from 1970 to 1982. The x-axis shows the
number of non-fatal injuries, while the y-axis
shows the number of fatalities. The number of
non-fatal injuries increased from 4.23 in 1970 to
271.09 in 1980, before decreasing to 42.18 in
1981. Overall, the chart shows an increasing
trend in the number of non-fatal injuries from
terrorist attacks during the nine-year period,
with a slight decrease in 1978.

The bar chart shows the number of one-year-olds
who did not receive the vaccine against diphtheria,
pertussis, and tetanus (DTP3) in 2000 for five
countries: Lebanon, Eritrea, Iran, Comoros, and Sri
Lanka. Lebanon had the highest number of one-
year-olds who did not receive the vaccine with
13,958 while Eritrea had 12,089 and Iran had
11,401. Comoros had 5,467 and Sri Lanka had 3,291.
The data suggests that there is a significant
variation in the number of one-year-olds who did
not receive the vaccine against diphtheria, pertussis,
and tetanus across these countries.

The bar chart compares the number of patents on
environment technologies between Canada and
Mexico. Canada has 6.8 patents on environment
technologies, while Mexico has 26.3. This indicates
that Mexico has more than double the number of
patents on environment technologies compared to
Canada. This suggests that Mexico is more active in
the field of environment technologies.

Figure 3.4: Examples of summaries generated by Flan-T5 XL model after fine-tuning.
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Table 3.2: Statistics about the captions of the datasets used in LM pretraining.

Datasets #Vocab Avg. Char Avg. Token Avg. Sentence

Statista 72,725 450.28 106.68 4.46
OWID 58,212 463.48 105.99 4.47
OECD 24,752 414.97 95.08 4.78
PlotQA 112,394 666.09 149.84 5.20
Data Aug. 162,239 468.41 113.46 4.49
PewResearch 13,449 604.04 133.01 4.66
LineCap 2018 110.82 26.24 1.87
Neural Caption 1338 262.84 53.28 3.58

in image format without a data table5 and cover about 20% of the corpus. Bar charts

make up the majority portion (58.51%), followed by line charts (33.94%) and pie charts

(9.39%). About 60.27% of the charts have multiple columns in their data tables, while

39.73% of the charts have only two columns.6 The corpus also covers a diverse range

of topics including technology, economy, politics, health, and society. The linguistic

characteristics of the textual elements vary across different datasets, with charts from

PlotQA and PewResearch often having longer text elements (e.g., axis labels, legends,

titles), while augmented data and Beagle datasets contain shorter text (Table 3.1, right).

In Table 3.2, we further provide linguistic statistics for the summaries of the datasets used

in the summary generation task at pretraining.

5The ExcelChart400K dataset only provides bounding box annotations of chart elements and we used
this dataset for data value estimation task during pretraining.

6Since we do not have access to the chart types of Pew dataset, we manually tagged random 200
samples from each of these datasets to estimate the chart type distribution.
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3.5 Summary

In this chapter, we provide detailed explanations of our process for creating the pretraining

corpus. We categorized various types of sources, made modifications to them, and

conducted a extensive analysis of the final version of the corpus. Given that charts are

generally rare data types on the web, we believe that our augmentation of real-world data

and the generation of well-written summaries using the knowledge distillation approach

have greatly contributed to the development of a comprehensive and adaptable corpus for

the task of chart understanding.
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4 Chart Pretraining Methodoloy

In this chapter, we will outline our approach to pretraining. Initially, we will provide

a precise definition of the pretraining problem, followed by a discussion of the model

architecture and pretraining objectives employed to train our model. Subsequently, we

will introduce the downstream tasks and delve into the comprehensive evaluation methods,

including both automated and extensive human assessments, that we utilized to thoroughly

evaluate the performance of our model on various benchmarks.

4.1 Problem Definition

In this section, we will first discuss the pretraining problem and then explain how it

will be applied to Chart Question Answering (CQA) and other related downstream tasks

such as OpenCQA, Chart-to-Table, and Chart-to-Text. The pretraining corpus consists of

samples denoted as S = {C,P, L}, where C is a chart image, P is a prompt or question

about C, and L is the label that should follow the prompt. In the pretraining process the

model predicts L based on C and P as inputs. Figure 4.1 shows the paradigm of the
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pretraining. This mechanism allows our model to function in an end-to-end manner and

be more appropriate for real-world scenarios where most of the time chart image is the

only available information about the chart.

After the pretraining phase, the pretrained model will be utilized for Chart Question

Answering and other major downstream tasks in chart domain. There are two different

scenarios for the CQA problem [76]. In the first scenario, the data table behind the

chart image is available, while in the second scenario, the image is the only information

available for the chart and the data table cannot be accessed. In this study, we will

concentrate on the second scenario, which will provide an end-to-end solution for the

CQA problem. By adapting the CQA problem to our pretraining setup, a question can

play the role of P and the answer to the question can be represented by L. In this case,

other chart downstreams tasks can be seen simply in the same format where the answer

would be L and the prompt would be P in the problem definition concept. In open-ended

question answering problem the question is P and L is the explanatory answer of the

question. Gold summary and data table would be L for Chart-to-Text and Chart-to-Table

tasks as well.

4.2 Model Architecture

We propose UniChart, a unified pretrained model for chart comprehension and reasoning.

UniChart consists of two main modules: a chart image encoder and a text decoder as
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Chart Image
 Encoder

<data table generation> </answer>

<chart summarization> </answer>

<numerical visual reasoning> Sum two leftmost values of
gray line </answer>

<open-ended question answering> What is the birth rate in
the U.S. from 2005 to 2019? </answer>

90.0

The line chart shows the birth rate in the United States from 2005 to
2019, by poverty status. The numbers represent the number of births per
1,000 women. In 2019, the birth rate for women below the poverty level
was 74, for women with an income of 100 to 199 percent of the poverty
level it was 61, and for women with an income of 200 percent or more of
the poverty level it was 44. The trend over the years shows a decline in
birth rates for all income levels, with the highest birth rate in 2005 for
women below the poverty level at 95, and the lowest birth rate in 2019 for
women with an income of 200 percent or more of the poverty level at 44.

Characteristic | Income below poverty level | Income 100 to 199 percent
of poverty level | Income 200 percent of poverty level or more & 2019 | 74
| 61 | 44 & 2018 | 77 | 60 | 45 & 2017 | 76 | 62 | 45 & 2016 | 78 | 61 | 44 &
2015 | 76 | 61 | 44 & 2014 | 77 | 60 | 43 & 2013 | 76 | 60 | 43 & 2012 | 82 |
63 | 45 & 2011 | 81 | 62 | 45 & 2010 | 85 | 64 | 45 & 2009 | 92 | 69 | 46 &
2008 | 96 | 72 | 48 & 2007 | 92 | 69 | 44 & 2006 | 91 | 68 | 45 & 2005 | 95 |
70 | 45

The trend over the years shows a decline in birth rates for all income
levels, with the highest birth rate in 2005 for women below the poverty
level at 95, and the lowest birth rate in 2019 for women with an income of
200 percent or more of the poverty level at 44.

Text
 Decoder

Input Image and Prompts OutputUniChart

Figure 4.1: Our UniChart model with different pretraining objectives. The model consists of two
main modules: Chart Image Encoder, and Text Decoder. Four different pretraining objectives are
specified in different colors; data table generation, chart summarization, numerical and visual
reasoning, and open-ended question answering.

shown in Figure 4.1.

• Chart Image Encoder In order to effectively encode a chart image, an encoder needs to

identify and interpret three different types of chart components: (1) textual elements (axis

labels and legends), (2) visual elements (e.g., bars, lines), and (3) the layout that arranges

textual and visual elements within a chart. Since this has a similarity with document

Table 4.1: Training details for pretraining and finetuning experiments.

Experiment # Epochs/Steps Learning Rate Batch Size GPUs Saving Mechanism

Pretraining

First-stage/ablations 300K steps 1e-4 160 4xA100 82GB each 50K steps
Second-stage 100K steps 1e-4 80 4xA100 82GB each 50K steps

Finetuning (main 960x960 model)

ChartQA 20 epochs 5e-5 24 4xV100 32GB each 1 epoch
Chart-to-text Pew 200 epochs 5e-5 48 4xA100 40GB each 5 epochs
Chart-to-text Statista 100 epochs 5e-5 48 4xA100 40GB each 5 epochs
OpenCQA 200 epochs 5e-5 24 4xV100 32GB each 5 epochs
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image (e.g., receipts) understanding, our chart image encoder builds upon the encoder of

one of the recent state-of-the-art document image understanding models, Donut [48].

Donut offers an OCR-free architecture. The model is pretrained using an OCR-pseudo

task, where it sequentially generates the encoded text in a document image, following

the order from the top-left corner to the bottom-right corner of the image. As a result,

we did not have to run an external OCR module like CRAFT [4] and Parseq [6], which

improved time and memory efficiency throughout our training pipeline. Donut employs

Swin Transformer [67] architecture as the image encoder. To encode the chart image

features, the images are split into non-overlapping patches, which are then processed

using shifted window-based multi-headed self-attention and MLP layers to produce the

image embeddings.

• Text Decoder Similar to Donut [48], we use the BART [53] decoder for generating the

output. The textual (task-specific) prompts are fed to the decoder and the decoder has to

generate the output by conditioning on the prompted context (see Figure 4.1).

Further details about the setup and hyper-parameters for the pretraining experiments

are provided in Table 4.1

4.3 Pretraining Objectives

Our pretraining objectives include low-level tasks that are more focused on retrieving the

underlying data from the chart images and high-level tasks that align closely with the

43



Table 4.2: Number of examples for each task in pretraining.

Dataset
Data Table
Generation

Numerical &
Visual Reasoning

Open-ended
Question Answering

Chart
Summarization

Pew 0 0 5,295 5,295
Statista, OECD, OWID 144,147 679,420 126,009 126,009
PlotQA 155,082 2,414,359 157,070 157,070
LineCap 0 0 2,821 2,821
Neural Caption 0 0 100 306
Beagle 3,972 51 0 0
ChartInfo 1,796 21,949 0 0
Data Aug. 189,792 2,218,468 189,802 189,802
ExcelChart 106,897 0 0 0

Total 601,686 5,334,247 481,097 481,303

downstream tasks.

• Data Table Generation A chart creates a visual representation of a data table by map-

ping each data attribute (e.g., ‘country’, ‘population’) to corresponding visual attributes

(e.g., x-positions, height) of graphical marks (e.g, bars). An effective chart com-

prehension and reasoning model should be able to deconstruct the structured underlying

data table by recovering such mappings. To this end, we propose the data table generation

task in which we ask the model to generate the flattened data table given a chart image.

A vast amount of charts available online are stored in bitmap image format with no

access to the underlying data table. It is important to learn how to recover data values

when the chart data is not available. To this end, we also designed the task of data value

estimation, in which the model is asked to generate the scale of the graphical marks (e.g.,

bars, line points) as a percentage of the chart plot area. We obtain these scales by dividing

the bars or line points heights (bounding boxes) by the height of the chart plot area and
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rounding the result to two decimal places. At the final stage, we use charts for which both

data tables and object bounding boxes are available as well as charts for which at least the

bounding box annotations are available, e.g., ExcelCharts from [70].

• Numerical & Visual Reasoning Many downstream applications over charts may

involve numerical and visual reasoning with the chart elements such as chart QA and

summarization. For example, the model may need to apply a series of mathematical and

logical operations such as addition, subtraction and comparisons to answer a question. To

inject such reasoning skills into the model, we design template-based numerical reasoning

tasks where the model is trained to execute/perform the most common mathematical

operations over the chart data values. We manually analyzed the existing task datasets

(e.g., ChartQA) to find the most common operations (e.g.,sum, average, difference, etc.)

and constructed 90 templates that we utilize to generate synthetic question and answer

pairs. All the templates are provided in Table 4.7.

• Open-ended Question Answering It is very common for users to ask open-ended

questions over charts [46]. Such questions often ask for answers that require high-level

reasoning and explanations. To improve the capability of the model in answering open-

ended questions, we follow previous work [99] to generate synthetic open-ended QA

pairs. Specifically, a T5 model [88] pretrained on SQuAD [89] is employed to generate

an open-ended question for each summary. The sentence containing the answer in the

summary then serves as the answer to its generated question.
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• Chart Summarization Image captioning is a fundamental problem in AI in which the

machines need to summarize the main content of the image in the textual form. This task

has been studied extensively [110, 33, 37, 57]. We follow previous work [110, 113] to

pretrain our model on this task to further enhance the model’s capability in generating

textual descriptions from the chart image. As discussed in Section 3.3, we used mostly the

summaries generated from GPT models provided by OpenAI either directly or through a

knowledge distillation step.

Detailed statistics of each pretraining objective among all the datasets in pretraining

corpus is shown in Table 4.2.

4.4 Downstream Tasks

In addition to zero-shot evaluation, we also adapt UniChart by finetuning it on a down-

stream task. We consider four downstream tasks: (1) Factoid Chart Question Answering:

we use ChartQA [76], which is a benchmark consisting of factoid question-answer pairs

for charts with a particular focus on visual and logical reasoning questions; (2) Complex

Chart Question Answering: we consider OpenCQA [46], another QA benchmark in which

answers are explanatory descriptions; (3) Chart Summarization: we use Chart-to-Text

[98], a large-scale benchmark for chart summarization in case the user asks for a summary

about the chart; (4) Chart-to-Table: Another downstream task in which the model is asked

to generate underlying data table of a chart. Significance of accessing the gold data table in
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chart question answering has been studied previously [76]. Consequently, we believe the

model’s ability to comprehend the underlying data table in the chart would significantly

enhance its capacity to address chart-related questions as well. We use ChartQA for both

finetuning and evaluation. Moreover, we evaluate the pretrained model in a zero-shot

setup on the WebCharts dataset [14], a collection of 300 charts obtained from the web.

Our experimental setups and hyperparameters for each downstream task are provided in

Table 4.1.

4.5 Evaluation

4.5.1 Baselines

We compare our model against five baselines:

• T5 [88], a unified seq2seq Transformer model that achieved state-of-the-art (SoTA)

results on various text-to-text tasks, including question answering and summariza-

tion.

• VL-T5 [13], a T5-based model that unifies Vision-Language (VL) tasks as text gen-

eration conditioned on multimodal inputs and achieved SoTA results on OpenCQA

[46].

• VisionTapas [76], an extension of TaPas [34], a BERT-based SoTA table encoder,
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adapted for QA over charts utilizing visual features extracted from visual trans-

former architecture.

• Pix2Struct [52], a pretrained image-to-text model for visual language understanding,

which can be finetuned on tasks involving visually-situated language, and achieved

SoTA results on document understanding tasks.

• MatCha [63], an adapted version of Pix2Struct for charts that is further pretrained

on math reasoning and chart data extraction tasks, achieving SoTA results on

Chart-to-Text [98] and ChartQA [76].

4.5.2 Evaluation Metrics

To evaluate our approach, we follow previous works [52, 98, 76, 46, 63] and utilize

Relaxed Accuracy for ChartQA and BLEU [85] for text-generation tasks (Chart-to-Text

and OpenCQA). However, the BLEU score has limitations as it primarily focuses on

n-gram matching between the generated and reference texts, overlooking important factors

such as semantic similarity, informativeness, and factual correctness [28]. Therefore,

we conduct a human evaluation and ChatGPT-driven study to assess and compare these

crucial aspects in the outputs of different models (Section 4.5.5). Finally, we use Relative

Number Set Similarity (RNSS) [76] and Relative Mapping Similarity (RMS) [62] metrics

to evaluate the Chart-to-Table task.
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Table 4.3: Evaluation results on four public benchmarks: ChartQA, Chart-to-Text, OpenCQA,
and Chart-to-Table. All the results are calculated after finetuning UniChart pretrained checkpoint
except for WebCharts (zero-shot).

ChartQA OpenCQA Chart-to-Text Chart-to-Table
(RA) (BLEU ) (BLEU ) (RNSS ∣ RMSF1)

Model aug. human avg. OpenCQA Pew Statista ChartQA WebCharts

VisionTaPas [76] 61.44 29.60 45.52 - - - - -
T5 [76] 56.96 25.12 41.04 9.28 10.49 35.29 - -
VL-T5 [76] 56.88 26.24 41.56 14.73 - - - -
Pix2Struct [52] 81.6 30.5 56.0 - 10.3 38.0 - -
MatCha [63] 90.2 38.2 64.2 - 12.2 39.4 85.21 ∣ 83.49 44.37 ∣ 17.94

UniChart 88.56 43.92 66.24 14.88 12.48 38.21 94.01 ∣ 91.10 60.73 ∣ 43.21

4.5.3 Main Results

4.5.3.1 Chart Question Answering

Table 4.3 shows that UniChart outperforms previous state-of-the-art models, MatCha

and Pix2Struct, on the ChartQA benchmark [76]. First, there is a noticeable difference

between the performance of UniChart and the baselines reported by Masry et al. [76] (T5,

VL-T5, and VisionTapas), which underscores the importance of our relevant pretraining

objectives (numerical/visual reasoning and data table extraction) in enhancing the model

capability in factoid question answering task. Furthermore, UniChart outperforms more

recent SoTA models which employed pretraining approach, Pix2Struct and MatCha. The

performance gap is more prominent on the challenging human-written questions in the

ChartQA benchmark, where our model’s pretraining objectives tailored to visual and

numerical reasoning give it a significant advantage.
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In terms of open-ended chart question answering task, UniChart achieves a higher

BLUE score compared to the SoTA VL-T5 model on OpenCQA benchmark [46], which

demonstrates our model’s capability in generating explanatory answers for questions about

charts. Overall, these results establish UniChart as the SoTA model for chart question

answering domain.

4.5.3.2 Chart-to-Table

Data Extraction from charts is another downstream task which is highly correlated with

chart question answering domain [76]. To evaluate our model, we choose two ChartQA,

and WebCharts [15] datasets, which contain diverse visual styles and chart types, making

the data extraction task challenging for the model. We also take MatCha as the SoTA

baseline in chart understanding domain. As shown in Table 4.3, UniChart surpasses

MatCha’s performance on both datasets based on both RNSS and RMSF1 metrics.

Better performance of UniChart on WebCharts demonstrates its generalizability across

diverse visual styles, even in a zero-shot setup on unseen charts.

4.5.3.3 Chart-to-Text

Finally, we evaluate UniChart on generating comprehensive summaries about charts

based on Chart-to-Text benchmark [98]. Table 4.3 shows UniChart outperforms T5, best

baseline reported by Shankar et al. [98] and Pix2Struct in both Pew and Statista splits.
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Table 4.4: UniChart ablations on ChartQA benchmark.

ChartQA

Model aug. human avg.

UniChart (512x512) 85.84 43.60 64.72
No Chart Summarization 84.96 42.72 63.84
No Open-ended Question Answering 85.52 42.96 64.24
No Numerical & Visual Reasoning 84.08 35.44 59.76
No Data Table Generation 83.84 42.24 63.04

Compared to SoTA MatCha, UniChart demonstrates a higher performance based on

BLUE score on Pew split, although it shows slightly lower performance on Chart-to-Text

Statista. We will do a more extensive evaluation approach for Chart-to-Text task in future

sections by utilizing both human and model-based methods.

Figure 4.2 shows the performance of UniChart on four different downstream tasks on

which we evaluate our pretraining approach.

4.5.4 Ablation Studies

To further assess the impact of our different pretraining objectives on our model’s per-

formance, we conducted a series of ablation studies. Due to computational limitations,

we focused on pretraining the model only on the lower image size (512x512) and com-

pared it against the corresponding main model (512x512). From Table 4.4, we observe

that removing the Chart Summarization or Open-ended Question Answering objectives

resulted in a minor decrease in performance on ChartQA. We attributed this to the abun-
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Q1: What is the lowest value in blue bar?
UniChart: 12  

Q3: Summarize the chart.
UniChart ZeroShot:  The line chart shows the neonatal,
infant and child mortality rates in Bahrain from 1990 to 2011.
The child (before age 5) mortality rate decreased from 2.34 in
1990 to 0.86 in 2011, while the infant (first year of life)
mortality rate decreased from 2.0 in 1990 to 0.74 in 2011. The
neonatal (first 28 days of life) mortality rate decreased from
1.54 in 1990 to 0.34 in 2011. Overall, the trend shows a
decrease in the neonatal, infant and child mortality rates in
Bahrain from 1990 to 2011.

Q4: How do married adults conceive their
relationship satisfaction in comparison to
adults living with a partner?
UniChart: Among adults who are
married, 54% say they are very well
married or living with a partner, compared
with 41% of those who are living with a
partner.
 

Q2: Extract underlying data table.
UniChart:  Characteristic | Facebook Messenger |
WhatsApp & 18-29 | 73% | 30% & 30-59 | 66% | 25% & 60+
| 43% | 6%

Figure 4.2: Some examples from different downstream tasks where UniChart demonstrates
appropriate performance.
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Table 4.5: Average Informativeness scores from Human and ChatGPT-based evaluation.

Summary Human ChatGPT p-value

UniChart ZeroShot 3.97 3.18 1.70e-10
UniChart Finetuned 2.86 2.37 2.32e-8
MatCha [63] 2.50 2.18 0.0020
Gold [98] 3.19 2.73 2.13e-6

Table 4.6: Human evaluation on summaries for 150 random samples from Chat2text
Statista test split.

Criteria ZeroShot Finetuned MatCha Gold

Factually incorrect sents 13.45% 9.63% 21.97% 3.59%

Elemental/encoded sents 19.42% 26.06% 29.61% 21.07%
Statistical/relational sents 57.41% 33.42% 34.07% 34.70%
Perceptual/cognitive sents 6.98% 1.41% 0.31% 5.39%
Contextual/domain-specific sents 1.36% 14.44% 7.32% 20.56%

dance of numerical reasoning examples in pretraining. On the other hand, removing the

Numerical Reasoning pertaining task led to a substantial decrease in performance on

ChartQA, highlighting the importance of this task in imbuing numerical abilities into our

model. Pretraining the model without the Data Table Generation objective resulted in a

relatively weak performance in the ChartQA benchmark, underscoring the significance of

understanding underlying data tables of charts in answering reasoning questions.
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1. Read the summary carefully and ensure understanding of the
information presented in the chart data table.

2. Evaluate the informativeness of the summary by assessing how
much information from the data table is covered.

3. Rate the informativeness of the summary on a scale of 1 to 5,
with 1 being not informative at all and 5 being highly informative
and containing all key insights.

4. Consider whether the summary effectively conveys the key
information from the chart data table and is factually accurate.

5. Provide specific feedback on areas for improvement, if necessary.

ChatGPTYou will be given one summary written for a chart. Your task is to rate
the summary on one metric and provide appropriate feedback.

Evaluation Criteria: Informativeness (1-5) - It measures how
informative the generated summary is. In other words,
informativeness measures how much information from the data table
of the chart the summary covers. Ideally, an informative summary
should contain high-level insights from the chart, such as important
patterns, trends and outliers in data.

Evaluation steps:

This statistic shows the economic contribution of the travel
and tourism industry to the United Kingdom ( UK ) in 2017, by
sector. The direct contribution to GDP is approximately 93.5
billion U.S. dollars.

ChatGPT

Initial Instruction Detailed Steps Generated By ChatGPT

Evaluation:

Informativeness: 2/5

Feedback: The summary only covers one data point
from the table, which is the direct contribution to GDP. It
does not provide any information on the total
contribution to GDP, visitor exports, domestic spending,
leisure spending, business spending, or capital
investment. The summary is not informative enough as
it does not contain any key insights from the chart data
table. The summary needs to include more information
from the table in order to be more informative.

Feedback Generated By ChatGPT

Chart Sample

Summary Sample

Figure 4.3: The pipeline designed for the ChatGPT Evaluation Experiment. First, we feed the
task description followed by our desired criteria into ChatGPT in order to get detailed grading
instructions. Then, the chart (underlying data table representation) and a sample summary are
appended to the prompt which is fed again into ChatGPT to receive the feedback.

4.5.5 Human and ChatGPT evaluation

As discussed in Section 4.5.2, reference-based metrics like BLEU have major weaknesses

in terms of evaluating text-generation tasks have relatively low correlations with human

judgments [7, 108, 65], and generated texts with very high such scores can be of a very

poor quality [101]. Therefore, we decided to conduct a human evaluation to measure the

quality of summaries generated by different models. We focus on three major criteria in

the chart summarization task including:

1. (1) Informativeness which measures how much information from the chart the

summary covers. Ideally, an informative summary should contain high-level insights
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(a)

(b)

Figure 4.4: Human evaluation interface. Figure 4.4a shows a chart sample from Chart-to-Text Statista test
split with four different versions of UniChart ZeroShot, UniChart fine-tuned, MatCha, and Ground True
summaries in a random order. Figure 4.4b shows the questions an annotator should answer regarding each
summary.
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from the chart, such as important patterns, trends, and outliers in data.

2. (2) Factual Correctness which considers how accurate the summary is. A factually

correct summary should only contain information (e.g. numbers, events, entities)

that is true and/or supported by the chart.

3. (3) Semantic Levels defined by Lundgard and Satyanarayan [69] which categorize

the content of summaries across four levels: visual encoding (e.g., axis, legends,

color), statistical/relational (e.g., min, max, avg.), perceptual/cognitive (e.g., de-

scribing overall trends, complex patterns, or outliers), and context/domain specific

information.

We randomly picked 150 sample charts from Chart2text Statista test split and asked

3 human annotators to rate four summaries for each chart based on informativeness out

of 1 to 5. The order of exposure of summaries to the annotator was randomized to avoid

any potential bias. Summaries for each chart were rated by one annotator except for the

first 100 charts for which we had two annotators to measure the agreement. We computed

Krippendorff’s alpha [50] to measure inter-annotator agreement and found a moderate

level of agreement with an alpha coefficient of 0.54. For factual correctness and semantic

level measures, the annotator goes through each sentence of the summary to determine

whether the sentence contains any factual error and what levels of semantic content are

present for that sentence. We further utilize ChatGPT for evaluating the same 150 samples,
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as LLMs have demonstrated their effectiveness as evaluators for text generation tasks

[72, 65, 26, 24]. We define the informativeness criteria and rating scheme to ChatGPT

and then employ ChatGPT to generate evaluation steps. We then send these evaluation

steps along with the data table of the chart and the summary to ChatGPT to obtain ratings.

Figure 4.3 shows an overview of the paradigm we use in our ChatGPT-driven evaluation

study. Figure 4.4 depicts the interface we used in our human evaluation study. The

annotator is required to evaluate each summary by responding to six different questions.

The initial question involves providing a score for informativeness, where only one option

can be chosen. Subsequently, the annotator must identify the sentence numbers that

contain factual errors. The following four questions focus on determining the sentence

numbers that fall into specific semantic categories.

Table 4.5 shows the result of human evaluation on chart summarization based on

informativeness criteria. We notice that annotators preferred ZeroShot version of our

model which generates summaries that are more similar to those generated by GPT, rather

than gold summaries. The finetuned version of UniChart was also rated higher compared

to SoTA MatCha [63]. The finetuned UniChart model also produces fewer factual errors

compared to Matcha and the ZeroShot version (Table 4.6). We observe that the ratings

provided by ChatGPT are roughly consistent with the human annotators’ scores in terms

of informativeness criteria. In terms of different semantic contents, the ZeroShot model

tends to contain more sentences with high-level visual patterns and trends. A previous
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study finds that such high-level insights lead to more reader takeaways compared to the

text describing low-level visual encodings like axes and colors [104]. Overall, the results

above suggest that UniChart model’s summaries are more informative with high-level

insights and factually accurate than the SoTA (MatCha).

Figure 4.5: Average inference time for 10 random samples from three major benchmarks
in chart understanding domain for UniChart and MatCha models

4.5.6 Time and Memory Efficiency

UniChart exhibits significant time efficiency compared to MatCha, as shown in Figure 4.5.

To compare the time efficiency, we measure the average inference time of the models on

58



three benchmarks: ChartQA, Chart-to-Text (Pew), and Chart-to-Text (Statista) using 10

random samples from each benchmark. The experiments were conducted on Google’s

Colab platform with cpu type. The gap in speed is more evident on tasks that require the

generation of long output sequences (e.g., Chart-to-Text). This difference in speed can

be attributed to MatCha’s use of a long input sequence (4K) with a quadratic increase

in complexity while UniChart’s vision encoder relies on sliding windows with a local

attention mechanism that scales linearly with the input image size. Moreover, UniChart

boasts a smaller parameter count (201M) compared to MatCha (282M), further contribut-

ing to its efficiency. As a result, UniChart is highly suitable for real-world applications

that prioritize fast inference speeds.

4.6 Error Analysis and Challenges

We conducted a manual analysis of our model’s outputs to identify key challenges faced

by existing models.

• Densely populated charts: Our model struggles with extracting insights from chart

images that contain numerous data elements densely packed in a limited area. This is

evident in Figure Figure 4.6 (Q3) where our model generates a hallucinated summary due

to the complexity of the chart. Increasing model parameters and input image resolution

could potentially improve performance in these cases.

• Numerical reasoning: Despite efforts to incorporate mathematical skills, our model
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Q1: What is the largest value of red bar?
Answer: 25       UniChart: 25         MatCha: 40

Q3: Summarize the chart.
UniChart ZeroShot: The line chart shows the year-on-year change in air
operations due to the outbreak of COVID-19 in Poland from March to
November 2020, broken down by major occupations. The occupations are
measured in air operations (excluding Fight operations), in wholes
(excluding Fight operations), and in wholes (excluding Fight
operations).The occupations are measured in air operations (excluding
Fight operations), in wholes (excluding Fight operations), and in wholes
(excluding Fight operations). The occupations are measured in air
operations (excluding Fight operations), in wholes (excluding Fight
operations), and in wholes (excluding Fight operations). The occupations
are measured in air operations (excluding Fight operations), in wholes
(excluding Fight operations),  ................................................................. 
revehivehivehivehivehivehivehivehivehivehivehivehivehivehivehivehiveh.

Q2: What's the average of all the values in the green
bars (round to one decimal)?
Answer: 21.6        UniChart: 0.4         MatCha:0.51

Q4: Summarize the chart.
UniChart Finetuned:  This statistic illustrates the
annual consumption of fluid cow milk worldwide in
2019, by country. In that year, India's fluid cow milk
amounted to 77.7 million metric tons, making it the
world's second largest consumer of milk.

Figure 4.6: Some challenging examples from the ChartQA and Chart-to-text benchmarks.
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still encounters difficulties with complex arithmetic calculations (Q2 in Figure 4.6).

Addressing this challenge involves decoupling arithmetic calculations and reasoning steps

by employing external program executors that perform the calculations using the equations

generated by our model [25].

• Factual correctness in generated summaries: Factual correctness still poses a chal-

lenge for autoregressive language models [60, 81, 119]. Although our finetuned UniChart

model produced fewer factual errors compared to MatCha (see Table 4.6), it still generates

some incorrect statements (see Q4 in Figure 4.6). This issue can be attributed to factual

errors in the pretraining captions generated by ChatGPT.

4.7 Discussion

In this chapter we presented our pretraining methodology followed by pretraining objec-

tives, each focusing on distinct skills in chart understanding domain. Then we introduced

downstream tasks, baselines and evaluation metrics we used to measure UniChart perfor-

mance against the baselines. We applied an extensive evaluation procedure using both

automatic metrics and also human and model-based approaches to compare UniChart and

SoTA performance. We also compared UniChart with SoTA based on time and memory

complexity. Finally, we briefly explained current challenges and errors that we observed

after evaluation procedure.
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Table 4.7: Numerical & Visual reasoning templates.
Template-based Questions

1) First bar from the top/left in the second group from the top/left
2) First bar from the bottom/right in the second group from the bottom/right
3) Second bar from the bottom/right in the first group from the bottom/right
4) Second bar from the right/bottom in the first group from the left/top
5) Topmost/Leftmost bar
6) Bottommost/Rightmost bar
7) Second bar from the top/left
8) Second bar from the right/bottom
9) Leftmost topmost bar
10) Leftmost bottommost bar
11) Rightmost topmost bar
12) Rightmost bottommost bar
13) Leftmost <color> data
14) Rightmost <color> data
15) Second from the left <color> data
16) Second from the right <color> data
17) Which legend represented by <color>?
18) What is the color of <legend>?
19) Which one is greater, <x1> or <x2>?
20) Divide the sum of largest and lowest values by <n>
21) When did line <legend - label> peak?
22) What is the difference between maximum and minimum of <legend - label>?
23) Sum pie segments above <value>
24) What is the sum of top three values?
25) What is the median/mode of <legend - label>?
26) What is the negative peak of <legend - label>?
27) What is the largest/smallest value of <legend - label>?
28) Which two x-axis labels of <legend - label> sums up to <value>?
29) What is the sum of the second highest and second lowest value of <legend - label>?
30) Which x-axis label is second highest for <legend - label>?
31) What is the sum of two middle values of <legend - label>?
32) Which two x-axis labels of <legend - label> have a difference of <value> ?
33) What is the average of <legend - label> from <x - label - 1> to <x - label - 2>?
34) What is the average of the highest and lowest value of <legend - label - l>?
35) What is the sum of the average of <legend - label - 1> and average of <legend - label - 2>?
36) What is the sum/difference of the maximum of <legend - label - 1> and minimum of <legend - label - 2>?
37) Which x-axis label has the maximum/minimum difference between <legend - label - 1> and minimum of <legend - label - 2>?
38) Which x-axis label witnessed the smallest value of <legend - label>?
39) Which label contains largest/smallest values across all labels?
40) Sum up the medians of all the data series in this chart
41) What is the average of all values above <value>?
42) What is the sum of the largest and smallest difference between <legend - label - 1> and <legend - label - 2>?
43) What is the maximum/minimum difference between <legend - label - 1> and <legend - label - 2>?
44) What is the ratio of the largest to the smallest pie segment?
45) What is the ratio of the two largest/smallest segments?
46) What is the difference between the leftmost and rightmost bars?
47) What is the sum of the bars in the second group from the left?
48) What is the sum of the bars in the first group from the right?
49) What is the ratio between the two leftmost bars?
50) What is the difference between the rightmost <color - 1> bar and leftmost <color - 2> bar?
51) What is the average of <color> bars values?
52) How many <color>bars are larger than <N> ?
53) What is the average of the bars in the second group from the right?
54) How many bars in the leftmost group have a value over <N>?
55) What does the <color> represent?
56) What is the median value of the <color> bars/line?
57) What is the average of the <color - 1> sum and <color - 2> sum?
58) What is the average of the <color - 1> median and <color - 2> median?
59) What is the least difference between the <color - 1> and <color - 2> bars/line?
60) What is the ratio between the leftmost and rightmost bar in the first group from the left?
61) What is the maximum value in the <color> bars/line?
62) What is the minimum value in the <color> bars/line?
63) What is the sum of <color> bars/line?
64) What is the difference between the maximum values of the two leftmost bar groups?
65) Sum of the first <color - 1> and last <color - 2> bars/line points
66) Difference between the two lowest <color> bars
67) Add largest and smallest <color> line/bar values and divide by 2
68) What is the value of <color> line/bars in <x - axis - label>?
69) Sum/Average of <color - 1> and <color - 2> values in <x - axis - label>?
70) Sum of highest points in <color - 1> and <color - 2> lines/bars
71) Which color has the highest/smallest values?
72) How many values are equal in <color - 1> line/bar?
73) Sum two rightmost values of <color> graph
74) Product of two smallest values in the graph
75) Sum of lowest and median values of <color> graph/bars
76) When did <color> line reached the peak?
77) What is the average of the rightmost three points of <color> line?
78) How many <color> data points are above <value>?
79) What’s the ratio of the largest and the third/second-largest <color> bar?
80) Is the sum of lowest value of <color - 1> and <color - 2> bar greater than largest value of <color - 3> bar?
81) Is the median value of <color - 1> bars greater than the median value of <color - 2> bars?
82) Is the median of all the <color - 1> bars greater than the largest value of <color - 2> bar?
83) What’s the product of <color> bars in India and Japan?
84) Is the sum of the two middle bars greater than the sum of top and bottom bars?
85) What’s the ratio of the <x - axis - label - 1> <color - 1> bar and the <x - axis - 2> <color - 2> bar?
86) Is the total of all <color - 1> bars greater than the total of all <color - 2> bars?
87) Take the sum of the two smallest <color - 1> bars and smallest <color - 2> bars, deduct the smaller value from the larger value, what’s the result?
88) What is the sum/average of two smallest/largest <color> bars?
89) What is the ratio of <color - 1> and <color - 2> segments?
90) What segment is represented by <color>?
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5 Conclusions and Future Work

Here we will outline the final conclusion of this research and also provide some directions

for further future work on this domain.

5.1 Conclusion

We present UniChart, a general purpose pretrained model designed for chart question

answering and a broad range of other chart-related tasks. Our model incorporates chart-

specific pretraining tasks and is trained on a large and diverse collection of charts and

corresponding summaries collected opportunistically using LLMs. We conducted both

human and ChatGPT evaluations to show the superiority of our method. While our model

sets the state-of-the-art record on four different downstream tasks and showed improved

time and memory efficiency, the evaluation also reveals opportunities for improvement.

We believe that our model and pretraining data will be valuable resources for future

research and encourage further exploration in this relatively new area.

Overall, our major contributions in this work are (i) Curating a large pretraining corpus

containing diverse visual and topic styles, which makes our model generalizable on unseen
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charts; (ii) Introducing an pretraining approach which utilizes both low-level (data table

extraction) and high-level (numerical/visual reasoning, summarization, and open-ended

question answering) objectives, which causes our model adaptable on other downstream

tasks in chart understanding domain; (iii) Applying different evaluation methods including

automatic metrics, model-based and human evaluation to demonstrate our model SoTA

performance on different benchmarks.

5.2 Future Work

While UniChart exhibits state-of-the-art performance on several benchmarks, it suffers

from several limitations. Despite the remarkable abilities on the ChartQA dataset, the

model still struggles to answer questions that involve compositional mathematical opera-

tions. Moreover, we have noticed that the model may hallucinate and produce factually

incorrect statements on the text generation tasks such as Chart-to-Text and OpenCQA.

Despite the generalizability of our model on unseen chart image styles (WebCharts),

there’s still a noticeable drop in performance compared to the performance on the tasks

on which the model is finetuned (e.g., ChartQA). Hence, there’s still a need for better

generalizable chart models for the diverse charts on the Web. One direction is to enlarge

our pretraining datasets by crawling millions of chart images from the Web. Since most

charts on the Web do not provide high-quality captions or the underlying data table,

self-supervised pretraining objectives are needed to benefit from these charts.
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Second, improving current deficiencies in the performance of SoTA models like

complicated numerical reasoning, factual correctness in generated summaries, and halluci-

nation in over-populated charts can be a focus in future. Current SoTA demonstrates very

well performance on simple numerical reasoning or less populated charts, but making the

performance robust against all kinds of input charts and questions requires extra effort.

Another domain that can be explored is employing current large language models to

generate more human-like and coherent summaries for complicated charts like PewRe-

search. Currently, SoTA models are capable of generating well-written summaries for

charts with more regular style like Statista, but when it comes to the charts with unique

visual style multiple data series, the model is inclined to hallucinate and even generate

low-quality text. One possible solution for this issue is to utilize large language models

enjoys great ability in generating high-quality text in order to generate coherent and

human-like summaries for complicated charts, just like what we observed from ChatGPT

performance in summary generation for PewResearch charts during curating pretraining

corpus Section 3.3.

Lastly, there remains an insufficient exploration of a crucial aspect within the chart

domain, namely the provision of a model that is well-suited for a wide range of potential

downstream tasks. UniChart employs four objectives that are confined to a textual/visual

format as input and a textual format as output. However, there are other scenarios to

consider, such as processing multiple views (where multiple charts are provided as input)
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or visual storytelling (where the generation of chart visualizations is the desired output).

These scenarios necessitate novel architectures capable of effectively processing different

modalities both in input and output.

Due to the limited computing resources, we did not investigate the effect hyperpa-

rameter tuning might have on the performance on the different downstream tasks. Also,

although we have noticed the convergence of UniChart at the end of the second stage

pretraining, we can not confirm whether further pretraining may improve the performance

of our model.
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A Ethical Considerations

During the dataset collection process, we made sure to comply with the terms and

conditions of the different websites we used to crawl our data. Statista7 provide a

permissive license to use their publicly available data for scientific purposes. Pew Research

Centre 8 also provide a permissive license to use their data with the condition that we

attribute it to the Centre. OECD9 allows the users to download and publish their data

as long as they give appropriate credit to the OECD website. For OWID10, all their

data are provided under the Creative Commons BY license which gives the permission

for downloading and publication. Web Data Commons11, which we used in the data

augmentation process, allows the usage of their data under the conditions of the Apache

License Software which gives the right to download and publish. Finally, all the remaining

datasets (PlotQA, Beagle, ChartInfo, ExcelChart400K, LineCap, and Neural Captions)

7https://www.statista.com/getting-started/publishing-statista-content-terms-of-use-and-publication-
rights

8https://www.pewresearch.org/about/terms-and-conditions/
9https://www.oecd.org/termsandconditions/

10https://ourworldindata.org/faqs#can-i-use-or-reproduce-your-data
11https://webdatacommons.org/
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are publicly available datasets which were released in earlier scientific publications.

Due to the generative nature of our models, they may be abused for misinforming the

public by generating factually incorrect responses. Moreover, we can not guarantee that

our models may not produce texts that may contain hate speech or harmful content.
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