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Abstract

Recently, interpreting complex charts with log-
ical reasoning has emerged as challenges due
to the development of vision-language models.
A prior state-of-the-art (SOTA) model has pre-
sented an end-to-end method that leverages the
vision-language model to convert charts into
table format utilizing Large Language Model
(LLM) for reasoning. However, unlike natural
images, charts contain a mix of essential and
irrelevant information required for chart reason-
ing, and we discover that this characteristic can
lower the performance of chart-to-table extrac-
tion. In this paper, we introduce SIMPLOT, a
method designed to extract only the elements
necessary for chart reasoning. The proposed
method involves two steps: 1) training to mimic
a simple plot that contains only the essential
information from a complex chart for table ex-
traction, followed by 2) performing reasoning
based on the table. Our model enables accurate
chart reasoning without the need for additional
annotations or datasets, and its effectiveness is
demonstrated through various experiments'.

1 Introduction

The rapid advancements in vision-language models
have accelerated a wave of research into models
capable of handling data that integrates both im-
ages and text (Zhang et al., 2021; Zhou et al., 2020;
Kim et al., 2023, 2024), thus undertaking a vari-
ety of tasks. Among these tasks, the interest in
models capable of advanced reasoning has signif-
icantly increased. This increasing field has seen
considerable success in addressing visual question
answering (VQA) tasks targeted at natural images,
marking a trend towards models that can engage in
complex reasoning based on images (Antol et al.,
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'Our source code is available at https://github.com/
sangwu99/Simplot.

2015; Shao et al., 2023; Garderes et al., 2020). De-
spite these advancements, the domain of mathe-
matical multimodal reasoning such as interpreting
charts remains relatively unexplored. Mathemati-
cal reasoning in question answering poses unique
challenges, as models proficient in natural images
struggle with specific types, such as charts. Charts,
with their unique formats and the need for logical
interpretation, necessitate a different approach to
learning compared to conventional VQA models
targeting natural images.

Prior chart reasoning methods mainly rely on
heuristic rule-based systems, and thus they are not
only limited to pre-defined chart formats but also
struggle with novel chart types without additional
rule formulation (Luo et al., 2021). Moreover, the
performance of models utilizing OCR or key-point
detection modules are highly dependent on the per-
formance of these modules, and also face signifi-
cant annotation costs and are typically unable to
perform end-to-end reasoning (Methani et al., 2020;
Poco and Heer, 2017). In response to these lim-
itations, recent approaches have adopted vision-
language models trained in an end-to-end manner
without heuristic rules (Cheng et al., 2023; Liu
et al., 2022b), which, however, require fine-tuning
for each specific downstream task, limiting their
flexibility.

A novel approach, called Deplot (Liu et al.,
2022a), that combines vision-language models with
Large Language Models (LLMs) has emerged as an
approach to addressing these issues. Specifically,
Deplot first transforms charts into tables (i.e., chart-
to-table extraction), and then employs the extracted
tables along with the LLMs for reasoning. This
approach not only aims to solve the inherent prob-
lems of previous methodologies, but also leverages
the capability of the LLMs to enhance performance
in chart question answering. Converting charts into
tables before reasoning offers several advantages,
including improved interpretability and the abil-
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Global demand for education: Global population younger than 15 until
2100, according to Wittgenstein Centre's SSP2 CER, 1970 to 2100

o)

(a) Input chart

Entity | 1970 1980 2080 2100
—— World 1.37 155 .. 179 171
Africa 190 200 .. 650 637
CCBY 1.3 1.3 .. 1.3 1.3

(b) Extracted table

Figure 1: An example of chart-to-table extraction (from
(a) to (b)) by Deplot (Liu et al., 2022a) on ChartQA.

ity to achieve high performance in table reasoning,
thus facilitates more accurate and precise reasoning
compared to a direct image-based QA.

Despite its effectiveness, Deplot suffers from the
following two limitations that still need to be ad-
dressed. First, we discovered that Deplot struggles
to fully utilize the textual context within a chart for
chart-to-table extraction (See Fig. 1). For example,
the counting unit (e.g., “million” or “billion”) is
overlooked when converting a chart (Fig. 1(a)) into
a table (Fig. 1(b)). Moreover, irrelevant informa-
tion (e.g., “CC BY”) is extracted as an entity in the
table, while relevant information (e.g., “Northern
America”) is overlooked. However, as real-world
charts often contain information that might not be
helpful for chart reasoning (e.g., source credit and
“CC BY"), it is crucial for the model to be able
to differentiate between relevant and irrelevant in-
formation. Owing to these challenges, Deplot is
prone to eventually extracting inaccurate values
within a table, failing in effectively interpreting the
information of the chart.

The second limitation of Deplot is that it solely
relies on tables to solve chart reasoning tasks, while
overlooking the visual information associated with
the tables. For this reason, Deplot fails to answer
questions regarding the information that cannot be
obtained from the extracted table itself (e.g., "What
is the value of the third bar from the top?", "What
year does the orange line represent?"), indicating
a significant shortfall in the model’s capability to

interpret visual data.

In this paper, we propose a simple yet effective
method, named SIMPLOT, to address the aforemen-
tioned limitations of Deplot. To handle the first lim-
itation, we develop two methods aimed at providing
explicit supervision to the model. The first method,
named row-col rendering, involves explicitly in-
serting information about the rows and columns
that an extracted table should contain, allowing
the model to perceive more accurate textual con-
text. The second method involves conveying only
the essential information in the chart to the model,
which is built on our observation that converting
an original chart containing irrelevant information
into a simple chart containing only the essential in-
formation significantly improves the performance
of table extraction.

To address the second limitation, we present a
novel prompt named Human-oriented chart instruc-
tion while leveraging a Large Multimodal Model
(LMM) to utilize the visual attributes of a chart.
Since more advanced reasoning is required when
interpreting charts, LMM requires a prompt that is
specifically designed for the chart reasoning task,
differentiated from natural images. Hence, we pro-
vide instructions to the model in a way that is simi-
lar to how humans interpret charts for precise rea-
soning.

Our contributions are summarized as follows:

1. We provide guidelines for utilizing textual in-

formation within charts for reasoning that was
previously overlooked.

2. SIMPLOT extracts only essential information
from complex charts, preventing irrelevant in-
formation from entering the model, resulting
in detailed reasoning.

3. We present a prompt specifically designed for
chart reasoning. Through this prompt, LMMs
perform more accurate reasoning by mimick-
ing how humans interpret charts.

4. Extensive experiments validate that SIM-
PLOT successfully addresses the limitations of
Deplot. A further appeal of SIMPLOT is that
it is model-agnostic, i.e., it can be applied to
any existing model that involves chart-to-table
extraction for chart reasoning beyond Deplot.

2 Proposed Method: SIMPLOT

In this section, we describe our proposed method,
SIMPLOT. Fig 2 presents the overall framework
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Figure 2: Overall framework of SIMPLOT. Upper box presents the preprocessing stage, which involves generating a
simple positive sample containing only essential information from the original chart, as well as a negative sample,

along with row and column rendering.

illustrates the training stage including two phases. In Phase 1

of the training stage, a teacher encoder and a table decoder are trained using a simple chart, and in Phase 2, a student
encoder is trained with the original chart, while being distilled the knowledge of the teacher encoder on how to
generate a table from a simple chart. Lower right box illustrates the inference stage, where an LMM receives the
original chart and the extracted table along with prompts for reasoning.

of SIMPLOT, where SIMPLOT eventually performs
reasoning with an LMM given a table extracted
from a chart (Inference stage). In this work, we fo-
cus on chart-to-table extraction (Training stage) as
a high-quality table enables precise reasoning with
a powerful LMM. It is important to note that SITM-
PLOT can be combined with diverse LMM variants,
and various techniques such as Chain-of-Thought
(CoT) (Wei et al., 2022) can further improve the
accuracy of the chart reasoning, which we leave as
future work.

2.1 Preprocessing Stage

Before the training stage, we conduct two prepro-
cessing steps, i.e., 1) Simple Chart Generation, and
2) Row-Column Rendering. Note that as these
steps can be readily done offline, they do not in-
crease the training time.

1) Simple Chart Generation. We generate a sim-
ple chart by excluding irrelevant information from
the original chart, keeping only essential elements
required for reasoning. Specifically, since each of

the original charts in the dataset is annotated with
a table in the CSV format, we use a Python library
(i.e., Matplotlib) to plot a chart based on the table.
The chart generated in this manner is considered
as a simplified version of the original chart, i.e.,
simple chart. This process requires no separate
training or additional costs and it can be executed
offline by running a simple code snippet, so it is
scalable and generalizable across various datasets.

2) Row-Column Rendering. Inspired by render-
ing questions over images used for QA (Lee et al.,
2023), we aim to improve the table extraction ac-
curacy by rendering information about the rows
and columns that should be included in the table
onto the image, enabling the model to utilize this
information to extract more accurate tables when
converting charts to tables. Note that in the training
stage, since we are given the ground-truth chart-
table pairs, we simply render rows and columns
of each table onto its paired image containing the
chart. However, it would not be feasible in the infer-
ence stage, since we would be only given the charts
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without tables. Instead, in the inference stage, we
utilize a LMM to extract rows and columns from
the chart and render them onto the image. De-
spite the relative low performance of LMM such as
GPT-4 (Achiam et al., 2023) in chart reasoning, we
found they can accurately extract row and column
information from charts, since such information
is given as text and structured in a relatively sim-
ple manner. Detailed description of the process is
presented in Appendix B.

2.2 Training Stage: Chart-to-Table Extraction

Our proposed chart-to-table extraction approach
consists of two phases: Phase 1) Training a teacher
encoder and a table decoder by performing the
chart-to-table extraction given simple charts con-
taining only the essential information for reasoning,
rather than complex original charts; Phase 2) Train-
ing a student encoder by extracting the table given
the original chart, while being distilled the knowl-
edge by teacher encoder to embed original charts
to the embedding space of simple charts.

2.2.1 Phase 1: Learning with Essential Part
from Simple Chart

Our model learns the process of extracting
tables from previously generated simple charts.
Specifically, we use Deplot (Liu et al., 2022a)
as our backbone model, which is our baseline
model that consists of an image encoder and a
text decoder, and fine-tune it on the generated
simple chart-table pairs. This facilitates the image
encoder to obtain representations containing only
essential information within the chart, while the
text decoder converts this representation into a
table format. In this paper, we name the encoder
and decoder as chart encoder E.p.+ and table
decoder Dyqpe, respectively.

To corroborate our model design of focusing
on the essential parts when learning from charts,
in Fig. 3, we compare the chart-to-table extraction
performance when using either one of the two chart
types (i.e., original chart (in green), and simple
chart containing essential information only (in red))
for both training and inference. We observe that
using simple charts for chart-to-table extraction
greatly outperforms the case when original charts
are used.

Note that the chart encoder trained here serves
as the teacher encoder E9"er providing guide-
lines for the representation that the student encoder
Estudent ghould learn in the subsequent learning

B Original
95.0 Simple
92.5
90.0
87.5
85.0
82.5
80.0
Pie Bar 1ne Overall

Figure 3: Accuracy of chart-to-table extraction using
the original (in green) and simple charts (in red).

process to be described in Sec. 2.2.2. Following
Deplot, we adopt ViT (Dosovitskiy et al., 2020)
as the chart encoders. Note that the trained table
decoder D;q. and a fully connected layer (F'C)
remain frozen in the next stage.

2.2.2 Phase 2: Encoding Original Chart into
Representation Space of Simple Chart

As shown in Fig. 2, after training the teacher en-
coder Eﬁ%’jf;er with simple charts as inputs, our
goal is to train a student encoder E5/%4° in a way
that the representation of an original chart image
obtained from E3fuent closely matches the rep-
resentation of its corresponding simplified chart
obtained from E'¢9<her This is to enable Es{udent
to encode any original chart into the representation
space of simplified chart images, thereby improv-
ing the accuracy of table generation. Then, given
the chart representations, we generate table repre-
sentations z using the frozen table decoder Dy
trained in Phase 1.

More precisely, given an original chart A and the
simplified chart P, we obtain the representations of
the original chart z, and its corresponding sample
zp from sequentially passing into chart encoders
and the table decoder. For efficient learning, we de-
fine the triplet loss by adding a negative sample IV,
which is created by randomly shuffling the values
of the simple chart P and its representation z,, as
follows:

Liripiet (A, P, N) = maz{d(za, zp) — d(za, zn) + m, 0},

Za = Dtable(Egitzi(iﬁ(:nt(A)%
2p = Dianie (B354 (P)),
2n = Diavie (EL2HT(N)).

where

ey

where d denotes the distance defined as d(z;, z;) =
|zi — 2;]|2, and m denotes the margin which in-
duces the anchor z, to be closer to the positive
sample z, and farther from the negative sample
zn. The purpose of utilizing negative samples is
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to more precisely discriminate between data that
may be mapped closely in the representation space
because the charts are similar, and further details
and effectiveness are presented in Appendix H.

Through this process, the student chart encoder
Estudent i trained to extract only the essential in-
formation from original charts, even if they con-
tain information that is irrelevant to chart reason-
ing. The representation z, obtained after passing
the original chart A through the student encoder
Estudent and the table decoder Dy is then fed
into the frozen fully connected layer (F'C) trained
in Phase 1 to generate a table.

Furthermore, since our goal is not just to train
Estudent o mimic the representation of simple
charts, but to eventually generate tables effectively,
we also introduce a cross-entropy loss for table
generation as follows:

T=1[,..,0n) = FC(za), 2)

IR exp(fic)
Lratie =~ 57 ; ; yi.clog (Zf_1 o @m)> €
where 7" a linearized textual sequence of the gen-
erated table, n and C denote the length of the lin-
earized textual sequence of the table 7', and the
number of classes, respectively, and y; and g; de-
note the ¢-th ground-truth and the predicted token
each belonging to one of the C classes, i.e., y; . = 0
if y; belongs to class c and 0 otherwise. Note that,
as in Deplot, lines of " are separated by ‘<0x@A>’
(line break), and cells are distinguished by I’

The final loss function for chart-to-table extrac-
tion is defined as follows:

Efinal - A‘C«triplet + (1 - )\)['table- (4)

where A is a hyperparameter balancing the two
losses, i.e., Lipipiet and Lygpe. Note that consid-
ering the scale of the two losses, we set A to 0.1
to balance between them. For detailed analysis of
hyperparameter A, please refer to Appendix G.

In summary, in Phase 2, we align the representa-
tion space of E5/9et which is trained with origi-

chart

nal charts, and Eéfﬁ;ﬁ?”, which is trained with sim-
ple charts, thereby allowing E3/udent to generate
chart representations that mainly contain essential
information for chart reasoning. Based on the rep-
resentations obtained from E3{“dent we use the
frozen decoder D4 to generate tables that will

be passed on to the LMM in the inference stage.

2.3 Inference Stage: Reasoning with
Extracted Table

In the inference stage, we use a Large Multimodal
Model (LMM) to perform various reasoning tasks
given the tables obtained from the training stage as
input. However, relying solely on tables without
the associated visual information to solve chart
reasoning tasks makes it impossible for the model
to answer questions regarding visual information
in charts (e.g., "What is the value of the third bar
from the top?", "What year does the orange line
represent?"). To address this issue, we additionally
provide the original chart as another input to the
LMM to enable the model to provide answers to a
wider range of questions. By doing so, we expect
the model to not only answer to questions regarding
precise chart values by referring to the tables, but
also to answer about visual attributes not contained
in the table by referring to the original chart. Please
refer to Appendix F for experimental results on the
effects of using the table and original chart together.

Human-oriented chart instruction. Furthermore,
we present a novel prompt that is specifically de-
signed for chart reasoning, named Human-oriented
chart instruction. Although prompt engineering
is a widely studied topic for processing natural
images (Kim et al., 2023; Li et al., 2022), it is
crucial to develop specialized prompts specifically
tailored for charts, due to the inherent nature of
chart reasoning tasks, i.e., they require more ad-
vanced advanced thinking steps for interpretation.
Our proposed prompt provides instructions that
mimic how humans interpret charts, enabling more
accurate reasoning within the LMM and its effec-

Human-oriented chart instruction

Instruction for bar chart:
1. Firstly, bars of the same color represent the same
column. Therefore, distinguishing colors and identifying
corresponding columns is crucial (usually displayed
around the main chart in the form of a legend).
2. Next, determine the location of rows. For vertical bar
charts, rows are typically annotated at the bottom of the
main chart, while for horizontal bar charts, they are
annotated on the left or right side of the main chart.
3. Then, combine the colors of the nearest bars with
annotated rows to determine which row and column the
bars correspond to in the table.

Ch e

Instruction for line chart:

1. In the case of a line chart, ...

Figure 4: A snippet of the proposed prompt.
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tiveness will be demonstrated in Section 3.1.2. We
provide a snippet of our proposed prompt in Fig. 4.
For detailed description of Human-oriented chart
instruction, please refer to Appendix C.

3 Experiments

Dataset. In this paper, we evaluate SIMPLOT using
widely used dataset for chart reasoning, ChartQA
(Masry et al., 2022) comprising three types of
charts (i.e., pie, bar, and line), and PlotQA
(Methani et al., 2020) including three types of
charts (i.e., dot line, line, bar). ChartQA also in-
cludes human-authored and LLM-augmented QA
pairs, while PlotQA consists of QA pairs generated
from templates created by manually analyzed sam-
ple questions collected through crowd-sourcing.
Detailed explanation for dataset is presented in Ap-
pendix D.1.

Baselines. In this paper, we use various models
as baselines that can perform chart reasoning. The
baselines we employ are divided into three cate-
gories including Vision-Language pre-trained mod-
els (VLP), fully supervised models for chart reason-
ing, and models which extract table and perform
reasoning using LLMs. For a fair comparison, we
employ GPT-4V for all methods utilizing extracted
table. Detailed descriptions of the models are pro-
vided in the Appendix D.2.

Evaluation protocol. For question answering
based on charts, we report Relaxed Accuracy (RA)
of 2,500 questions in the test set following previous
works (Lee et al., 2023; Kantharaj et al., 2022b;
Masry et al., 2022; Kantharaj et al., 2022a; Liu
et al., 2022b).

Furthermore, we propose a proper metric to eval-
uate the chart-to-table extraction performance, em-
ploying a slightly modified metric derived from
Relative Mapping Similarity (RM.S), presented
by Deplot (Liu et al., 2022a). We discover that
the vanilla RM S does not accurately measure the
chart-to-table performance in certain cases, and
thus we introduce a metric named Relative Dis-
tance (RD). For the differences between RM S
and RD, please refer to the Appendix D.3.

3.1 Experimental Results
3.1.1 Results on Chart-to-Table Extraction

In Table 1, we observe that SIMPLOT exhibits su-
perior chart-to-table extraction performance com-
pared to existing methods including Deplot (Liu
et al., 2022a) and UniChart (Masry et al., 2023).

‘ Chart type ‘
Models ‘ Pic ‘ Bar ‘ Line ‘ Overall
GPT-4V 90.13 | 91.53 | 71.51 | 84.24
UniChart | 84.86 | 92.58 | 85.16 | 88.03
Deplot 88.82 | 96.37 | 82.25 | 90.95
SIMPLOT | 91.41 | 96.87 | 84.74 | 92.32

Table 1: Chart-to-table extraction performance (RD 1)
on the ChartQA dataset over various chart types.

We argue that the superiority of SIMPLOT in terms
of chart-to-table extraction eventually leads to more
precise reasoning as will be shown in Section 3.1.2.
While the difference in chart-to-table performance
may seem small, we argue that even minor errors
such as slightly incorrect values or column and
row names during the chart-to-table extraction may
entail completely incorrect answers, as shown in
Table 2.

We also have mentioned that GPT-4V can
achieve more accurate text extraction rather than
numerical extraction, which is why we utilize it for
row and column extraction. Nevertheless, to further
validate the necessity of a model specifically target-
ing charts, we also conduct table extraction (both
text and numerical information) using GPT-4V, and
the results are presented in the Table 1. As previ-
ously argued, GPT-4V is well-suited for extracting
text information from charts, so it demonstrated
comparable performance on pie charts where val-
ues and rows/columns are primarily given as text.
However, for line charts, where most values must
be inferred from the image rather than being pro-
vided as text, GPT-4V showed significantly lower
performance compared to other models.

This explains the low QA performance in Table 2
as well, and conducting QA using tables extracted
by GPT-4V is inefficient both in terms of perfor-
mance and cost. Furthermore, these results support
our argument that existing vision-language mod-
els still lack effectiveness when dealing with chart
images while performing well on natural images,
so methods specifically trained to target charts are
necessary.

3.1.2 Results on Chart Reasoning

The performance of question answering on the
ChartQA dataset is summarized in Table 2. 1) In
general, we observe that methods designed with
a focus on chart reasoning (i.e., ‘Supervised’ and

’The authors also provide pre-trained model for chart to
table extraction. We use this model to extract the table and
conduct reasoning in the same setting of Deplot and SIMPLOT.
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. Data type
Models Human | Augmented | Overall
TaPas 28.72 53.84 41.28
V-TaPas 29.60 61.44 45.52
é T5 25.12 56.96 41.04
S VLTS5 26.24 56.88 41.56
E PaLl 30.40 64.90 47.65
g Mini-GPT 8.40 15.60 12.00
LLaVa 37.68 72.96 55.32
GPT-4V 56.48 63.04 59.76
ChartQA 40.08 63.60 51.84
ChartT5 31.80 74.40 53.10
2 Pix2Struct 30.50 81.60 56.05
é MatCha 38.20 90.20 64.20
g Unichart 43.92 88.56 66.24
&  ChartLlama 48.96 90.36 69.66
ChartAssisstant | 65.90 93.90 79.90
ChartInstruct 45.52 87.76 66.64
o Deplot 62.71 78.63 70.67
2 Unichart® 67.04 69.92 68.48
& SmvpLoT 78.07 88.42 83.24

Table 2: Chart question answering performance (RA)
on the ChartQA dataset.

‘Table’) outperform VLP in QA tasks. This demon-
strates that despite the superior performance of
vision-language models in performing a wide range
of tasks in the traditional natural image domain,
they face difficulties in interpreting charts due to
the significantly different characteristics of natu-
ral images and charts. 2) Furthermore, noticeable
performance difference is observed among models
aimed at chart reasoning. Methods using tables
such as Deplot, Unichart, and SIMPLOT, generally
outperform models that conduct reasoning based
solely on images (i.e., ‘Supervised’). This suggests
that going through tables allows for more detailed
reasoning, aligning well with our motivation that
emphasizes the importance of effectively extracting
tables. Additionally, models utilizing extracted ta-
bles and LMM can efficiently handle various tasks
such as OpenCQA (Kantharaj et al., 2022a) with-
out any additional data and training. 3) Among the
table-based reasoning models, STIMPLOT performs
the best by utilizing textual information, which is
essential for obtaining the most accurate table, and
by employing prompts mimicking the human rea-
soning process. Additional experimental results on
PlotQA dataset and effectiveness of our method are
presented in Appendix E and 3.2, respectively.

Discussion. The overall performance of SIM-
PLOT is consistently higher than other baselines;
however, on the augmented set, it sometimes ex-
hibits slightly lower performance compared to
some models. This can be attributed to the char-
acteristic of the augmented set, which is obtained

by fine-tuning the TS5 model on the SQUAD QA
dataset (Rajpurkar et al., 2016) to generate ques-
tions and answers. Consequently, the questions in
the augmented set are mostly simpler and relatively
easier to answer compared to those in the human
set. Models that are fully fine-tuned on such ques-
tions tend to show notably higher performance on
augmented data. For instance, MatCha (Liu et al.,
2022b) shows a performance of 90.2 on the aug-
mented set, but its performance drops significantly
to 38.2 on the human set which is composed of
more complex QA pairs, resulting in an overall
performance of 64.2. In contrast, SIMPLOT’s high
performance even on the human set without addi-
tional fine-tuning suggests that proposed method is
effective for more complex reasoning tasks.

3.2 Further Analysis

Ablation Study. We conduct ablation studies
to determine the impact of each module of SIM-
PLOT on the performance. Upper part of the Table 3
shows the effects of the two modules we introduced
for chart-to-table extraction: 1) row-column render-
ing and 2) distillation from a simple chart. These
results demonstrate that each module enhances the
performance of table extraction, thereby proving
the effectiveness of our design.

Additionally, to verify the effect of the proposed
prompt, we also present the QA performance with
and without the Human-oriented chart instruc-
tion (lower part of Table 3). We observe that our
prompt that mimics how humans think enhances
the performance of the QA task, which confirms the
importance of using appropriate prompts tailored
to the task when employing LMMs. It is notable
that providing more diverse in-context examples
could lead to even greater performance gains.

Row-col rendering ~ Simple chart  Prompt ‘ RDp1 RA

X X 90.95

4 X 91.40

X v 91.86

4 v 92.32
- X - 79.79
- 4 - 83.24

Table 3: Ablation studies on each component of SIM-
PLOT for chart-to-table extraction and QA tasks.

SIMPLOT is Model-agnostic. While SIMPLOT is
originally designed to address the limitations of
Deplot, it is model-agnostic, i.e., SIMPLOT can
be applied to any existing table-based reasoning
model to enhance its performance. Here, we ap-
plied SIMPLOT to one of our baselines, Unichart
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(a) Table extraction performance of Deplot(left) and Unichart (right) with SIMPLOT applied
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Figure 5: Improvements in performance observed when
SIMPLOT is applied across diverse models.

(Masry et al., 2023), which is pre-trained to per-
form chart-to-table extraction task. Specifically,
Fig. 5 (a) demonstrates significant performance en-
hancements with SIMPLOT applied to Deplot and
Unichart, respectively. Consequently, Fig. 5 (b)
show a substantial increase in question answering
performance. These results verifies the generality
and practicality of SIMPLOT.

Using Images as Input to Unichart/Deplot for
Inference. Here, we further demonstrate that
using both tables and images is essential for chart
reasoning, as emphasized earlier. Table 4 shows
that the performance of the vanilla Deplot and the
vanilla Unichart, both of which only use tables
for reasoning, is improved when images are also
utilized during inference. This indicates a clear
drawback of relying solely on tables and proves
the necessity of using images with specifically
designed prompts. Moreover, even without the
prompt, SIMPLOT outperforms the baselines
with images used during inference, thanks to the
superior table extraction capability of SIMPLOT.

Models | Human ~ Augmented ~ Overall
Unichart 67.04 69.92 68.48
Unichart + img. 75.04 88.82 81.93
Unichart + SIMPLOT w/o prompt | 76.56 88.64 82.60
Unichart + SIMPLOT 79.56 87.18 83.37
Deplot 62.71 78.63 70.67
Deplot + img. 72.39 85.01 78.70
Deplot + SIMPLOT w/o prompt 7391 85.67 79.79
Deplot + SIMPLOT 78.07 88.42 83.24

Table 4: Chart question answering performance (RA)
with/without image on ChartQA dataset.

Broad Applicability of the Proposed Prompt.
To verify the effectiveness of our proposed prompt,
we apply it to Deplot with images (upper part
of Table 5). We observe that applying the pro-
posed prompt to the ‘Deplot+img’ indeed greatly
enhances its performance.

Performance on more Challenging Settings. It
is worth noting that ‘Deplot+img+prompt’ now
performs competitively to SIMPLOT. However, we
argue that this is mainly due to the simplicity of the
ChartQA dataset, which makes the dataset insuffi-
cient to evaluate the table extraction capability of
SIMPLOT. For example, ChartQA contains ques-
tions that can be answered by referencing just one
row of the extracted table.

To evaluate the models with more challenging
questions, we randomly sample 100 test images
and then provide GPT-4 with the following in-
struction: "Create a challenging question-answer
pair that requires referencing at least two rows
and two columns to solve.”. Through this pro-
cess, we generated 100 question-answer pairs and
eventually obtained 85 pairs after manually filter-
ing out inaccurate pairs, and then evaluate ‘De-
plot+img+prompt’ and SIMPLOT on these question-
answer pairs (lower part of Table 5). We observe
that the performance gap greatly increases as the
questions get more challenging, which demon-
strates the importance of extracting accurate tables
when encountering challenging questions. For the
specific example of the challenging question and
how the extracted tables from SIMPLOT and Deplot
lead to differences in complex QA performance,
please refer to Appendix J.

Models Human Augmented Overall
., Deplot +img. 72.39 85.01 78.70
% Deplot + img. + prompt | 77.75 88.30 83.03
= Sivpror 78.07 88.42 83.24
T Deplot + img. + prompt - - 49.41
E SIMPLOT - - 65.88

Table 5: Performance on more challenging questions.

Models Com. (Easy) Com. (Hard) Sequential
Deplot+img.+prompt 57.50 50.00 26.80
SIMPLOT 59.20 58.10 36.50

Table 6: Performance on MultiChartQA dataset.

Furthermore, questions that necessitate referring
to multiple charts (Zhu et al., 2024) are expected
to be significantly impacted by the accuracy of
table extraction when it comes to improving QA
performance. The additional experimental results
are presented in the Table 6. On the comparative
dataset, which requires simultaneously comparing
values from two or more charts, and the sequential
dataset, which requires finding new information in
one chart based on information from another chart,
our proposed method consistently outperforms De-
plot. Since these tasks require examining multiple
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charts simultaneously, the results strongly support
our claim that accurate table extraction leads to bet-
ter performance on complex tasks. Moreover, the
comparative dataset is divided into easy and hard
categories, and the greater performance differences
observed on harder questions indicate that even
small improvements in table extraction accuracy
can significantly impact accurate QA.

Adaptability of Chart-to-table Extraction to an-
other task. As we have argued before, extracting
tables and combining them with LMM not only
improves the accuracy of QA but also offers the
advantage of immediately being applicable to other
tasks such as OpenCQA (Kantharaj et al., 2022a)
without additional training.

Table 7 presents the BLEU score (Papineni
et al., 2002) of a model fine-tuned for OpenCQA
(ChartInstruct), and those of models that utilize
extracted tables (Deplot & SIMPLOT). Here, we
demonstrate that leveraging tables allows for ef-
fective performance on other tasks without addi-
tional training, while also proving that accurately
extracting tables enhances accuracy when perform-
ing these tasks. Note that this dataset includes
charts in a different format from those used to train
SIMPLOT, so training with the charts from this
dataset could potentially improve performance.

Models | BLEU score
Gemini 6.84
GPT-4V 3.31
ChartInstruct 5.27
Deplot 6.88
SIMPLOT 711

Table 7: Open-ended question answering performance
on OpenCQA dataset.

Case Studies. We verify whether SIMPLOT cor-
rectly captures textual information within charts.
Fig. 6 illustrates that the table extracted by
Deplot fails to consider the counting unit, i.e.,
"million/billion," present in the chart, while ST™M-
PLOT correctly captures the textual information.

Please refer to Appendix I for further case stud-
ies including the results that demonstrate the effec-
tiveness of proposed prompt and Appendix K for
error analysis.

4 Related Work

Early chart processing methods relied on rule-
based approaches, which lacked flexibility for var-
ious chart types (Balaji et al., 2018; Choi et al.,

Global demand for education: Global population younger than 15 until
2100, according to Wittgenstein Centre's SSP2 CER, 1970 to 2100

/ —

1.5 billion

1 billion

D
500 mil “”/

1970 1980 2000 2020 2040 2060 2080 2100
jum SSP2 - Witgenstein Centre for Demography

and Global Human Captal

(a) Input chart

Entity | 1970 1980 2000 2020 2040 2060 2080 2100

World | 137 155 1.83 193 193 189 179 171
Africa 190 200 350 479 604 665 650 637
Northern America 6 379 323 392 406 463 479 4381

Entity | 1970 1980 2000 2020 2040 2060 2080 2100

World | 138875 152046 1830.13 1934.69 195249 197042 1712.03 1696.22
Africa | 11745 11597 33405 49055 64236  677.90 68698  694.67
Northern America | 0.06 0.05 0.059 0.05 0.05 0.06 0.06 0.06

(b) Extracted table from Deplot (upper) & SIMPLOT (lower)

Figure 6: SIMPLOT captures contextual information
(billion/million) and extract precise values in the chart.

2019). OCR and key-point detection methods are
utilized to address these limitations, but they de-
pend on data annotation and module performance,
making them time-consuming (Poco and Heer,
2017; Zhou et al., 2023; Xue et al., 2023).

Recent papers train end-to-end vision-language
models to improve chart reasoning without heuris-
tic rules, but they need fine-tuning for specific tasks
(Meng et al., 2024; Huang et al., 2023; Masry et al.,
2023; Han et al., 2023), so recent approaches trans-
form charts into tables and utilized LLM for ques-
tion answering while enhancing interpretability and
allowing the model apply to various downstream
task without additional training (Liu et al., 2022a;
Xia et al., 2023). For complete related works,
please refer to the Appendix A.

5 Conclusion

We propose SIMPLOT, which extracts only the
essential information required for chart reason-
ing. Furthermore, by leveraging textual informa-
tion inside the charts, SIMPLOT enables accurate
chart reasoning. We also propose a novel prompt
specifically designed for chart reasoning, which
guides LMM to imitate how humans interpret chart.
Through extensive experiments, we demonstrate
that SIMPLOT effectively handle concerns raised
by existing works while improving performance,
and also can be applied to other various tasks.
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Limitations

As with existing chart reasoning methods, STM-
PLOT is also expected to have limited performance
on unseen out-of-distribution (OOD) data. This is
a future research area that all chart reasoning meth-
ods, including ours, should consider. However,
please note that our proposed method can address
various downstream tasks with just one round of
training to extract tables from OOD charts, unlike
other methods that require separate training for
each task. Meanwhile, we conduct inference with-
out training for the OpenCQA dataset where no
tables were provided, and we observed that STM-
PLOT outperformed the existing baselines, indicat-
ing that our proposed method ensures a certain level
of generalization performance for OOD charts.

Ethics Statement

SIMPLOT has not been trained with private or sensi-
tive data. This significantly reduces the risk of gen-
erating harmful or misleading content. ChartQA
and PlotQA dataset, which we utilize to collect
chart-table pairs, is publicly accessible for research
purposes. To make sure the transparency and repro-
ducibility of our experiments, we provide detailed
information on hyperparameter configurations in
our paper and publicly share our source code. This
careful approach mitigates the potential for unethi-
cal outcomes associated with data usage. While our
models demonstrate state-of-the-art performance
on the both dataset, we acknowledge the possibility
of their misuse. There exists a risk that our mod-
els could be exploited to mislead the public about
the content and implications of charts. Despite our
models’ high performance, we cannot guarantee
their outputs will always be accurate, emphasizing
the need for critical interpretation and verification
of results.
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A Complete Related Work

Pre-trained vision-language models. Vision-
language pre-training seeks to enhance the perfor-
mance of downstream vision and language tasks
such as visual question answering (VQA) (Tan and
Bansal, 2019; Alayrac et al., 2022), image-text re-
trieval (Chen et al., 2020; Jia et al., 2021), and
image captioning (Li et al., 2020, 2022).

Several models learn cross-modal representation
from visual features and language tokens (Chen
et al., 2020; Su et al., 2019). Specifically, Lu et al.
(2019) employs two single-modal networks, along-
side a cross-modal transformer layer integrating
information from input sentences and images.

Others propose a different approach to develop
an enhanced Large Multimodal Model (LMM). For
example, Liu et al. (2023) employs a visual encoder
and a language decoder from other studies (Rad-
ford et al., 2021; Chiang et al., 2023). It is capable
of performing various QA tasks including conver-
sation, detail description, complex reasoning and
focuses on chat capability.

Chart reasoning models. Early methods for pro-
cessing charts predominantly utilized rule-based
approaches (Balaji et al., 2018; Choi et al., 2019).
However, they were specifically tailored to prede-
fined chart formats, limiting their applicability only
to certain types of charts. Moreover, incorporating
new chart designs require additional rules, leading
to the impracticality of immediate adaptation to
new chart formats.

Due to above limitations, researchers utilize
modules such as OCR and key-point detection
(Poco and Heer, 2017; Zhou et al., 2023; Xue
et al., 2023). However, these methods can be time-
consuming and require dataset annotation for label-
ing, and rely on the performance of modules. For
example, Luo et al. (2021) suffers from a drawback
as it solely predicts the raw data values without
establishing connections to their respective axes or
legends.

In an effort to address these challenges, re-
searchers develop vision-language models (Meng
et al., 2024; Huang et al., 2023) without heuristic
rules. Some approaches comprehend the chart and
respond to questions in natural language (Masry
et al., 2023; Han et al., 2023). However, such mod-
els require fine-tuning for each downstream task,
constraining their adaptability for diverse tasks.
Meanwhile, studies such as Methani et al. (2020);
Lu et al. (2023a) have created datasets to enable

more realistic mathematical reasoning.

To tackle these challenges, recent studies Liu
et al. (2022a); Xia et al. (2023) introduce a two-
step approach, chart-to-table extraction and rea-
soning with LLM. Recent advancements like Liu
et al. (2022a); Xia et al. (2023) have introduced
a two-step approach to tackle challenges in chart
analysis. Firstly, charts are transformed into tables,
improving interpretability and aiding in identifying
inaccuracies. Lu et al. (2023b) utilizes Program of
Thought (PoT), achieving significant performance
gains. This approach enables more accurate and in-
terpretable reasoning compared to traditional meth-
ods, indicating that table extraction is crucial.

B Row-column Rendering

Fig. 7 presents a detailed example of our row-
column rendering process. For a simple chart and
an original chart used in the training stage, we ex-
tract rows and columns from their associated table
and directly render them onto the charts since the
ground-truth table is provided in this stage. How-
ever, for the original chart used in the inference
stage, since we cannot access the ground-truth ta-
ble, we use an LMM to extract rows and columns
from the input chart and rendered onto the image.

C Human-oriented Prompt for Chart
Reasoning

We present instructions in the prompt to mimic the
way humans commonly perceive charts. We name
this approach Human-oriented chart instruction,
which is a simple yet effective methodology as
shown in the QA results. The detailed prompt is
shown in Fig. 8.

In the Human-oriented chart instruction, uni-
versal instructions applicable to all chart types are
provided first. They include components contained
in every chart such as chart title, y-axis, x-axis,
legend, and data labels, facilitating the LMM to
comprehend the chart. Furthermore, we guide the
alignment between a chart and the generated table
by instructing the system within the prompt to ef-
fectively comprehend the positions of columns and
rows as well as the outline of the chart, referring to
the table generated by SIMPLOT.

Subsequently, instructions are described for each
chart type. Here, we describe the instructions de-
signed for bar charts, but those for line charts and
pie charts are designed in a similar manner.

585



v
Generate data table of the figure below given
the columns Value; and the rows Use SNS |
Do not go online | Go Online, No SNS

A Number of columns are 2 and rows are 4

Generate data table of the figure below given
the columns Value; and the rows Use SNS |
Do not go online | Go Online, No SNS

A Number of columns are 2 and rows are 4

One-quarter of seniors
use online social
networks

For inference

% of seniors who ...

Generate data table of the figure below given
the columns Value; and the rows Use SNS |
Do not go online | Go Online, No SNS

A Number of columns are 2 and rows are 4

- Use SN
== Do not

Go online, no ™=
NS

s
go online.

Use SNS. Go online, no
SNs.

One-quarter of seniors
use online social
networks

% of seniors who ...

1%
Do not go
online

One-quarter of seniors
use online social
networks

% of seniors who ...

1%
Do not go
online

Do not go online

(a) Original chart .
(c) Simple chart for training recking s :
Entity | Value A PEW RESEARCH CENTER PEW RESEARCH CENTER
Use SNS 27
Do not go online 41 (d) Original chart for training (e) Original chart for inference

Go online, no SNS 32

A

(b) Ground-truth table L.
For training

Figure 7: An example of row-column rendering for an input image in training and inference stage.

Human-oriented chart instruction

<Image>

<Predicted table>
Instruction for all charts:
1. If the question is about values corresponding to specific positions (ex: lower, last, top),
then you must match the table with the chart image's positions for reasoning.
2. If the question demands interpretation based on the magnitude of values, reasoning should be based on the table's values.
3. Originally, this task requires solving based solely on the image, meaning all positions should be interpreted based on the image itself.
4. In most cases, the presence of x-axis values or y-axis values enables the determination of the chart's values.
5. Note that, you can utilize the information from the predicted table. The predicted columns and rows are very likely
to correspond to the actual columns and rows of the chart, and this can help you determine where the rows and columns exist in the chart image.
6. If the colors are indistinguishable, proceed to Instruction 2 and skip Instruction 3.

Instruction for bar chart:
1. Firstly, bars of the same color represent the same column.
Therefore, distinguishing colors and identifying corresponding columns is crucial (usually displayed around the main chart in the form of a legend).
2. Next, determine the location of rows. For vertical bar charts, rows are typically annotated at the bottom of the main chart,
while for horizontal bar charts, they are annotated on the left or right side of the main chart.
3. Then, combine the colors of the nearest bars with annotated rows to determine which row and column the bars correspond to in the table.
4. Afterwards, locate the values corresponding to each row and column. If values are annotated on the bars, refer to them.
Otherwise, compare the sizes of the bars to find the values.
5. For vertical bar charts, the y-axis value at the end of the bar corresponds to its value.
Similarly, for horizontal bar charts, the x-axis value at the end of the bar corresponds to its value.

Instruction for line chart:
1. In the case of a line chart, the bottom x-axis will primarily represent the rows, and each colored line will represent a column.
2. The legend, which indicates which column corresponds to the color of the line, is usually located within the main chart.
If the legend is absent or located separately, the text annotated with the color corresponding to the line will likely indicate the column
(if colors are not present, the text annotated at the left or right end of the line is likely to correspond to the column).
3. The point of the line passing through the same x coordinates as each x-axis is the value itself (meaning the x-axis corresponds to the row,
the color of the line corresponds to the column, and that point is the value).
4. If there is an annotation near a line point, it is highly likely that this value represents the value of the point.
5. If there is no annotation near a line point, you can determine the value of the point by referring to the y-axis value
corresponding to the y coordinate of the point.
6. In a line chart, it is crucial to understand the flow of the line. Lines can show trends of decreasing, increasing, or remaining constant,
and when multiple lines intersect, it is important to identify which line corresponds to which column based on their colors.

Instruction for pie chart:
1. In a pie chart, it is very important to determine which color corresponds to which row.
2. Each section has one color, and the row it corresponds to is likely indicated by text either inside the section or close to it
(if not nearby, it can be identified through the legend or connected to the corresponding text by lines or markers).
3. In the case of a pie chart, the values are usually annotated on each section of the pie chart.

Figure 8: Overall prompt of Human-oriented chart instruction.

Bar Chart: Instruction 1. When humans recog-
nize a bar chart, the initial observation would be
columns distinguished by their colors. Following

this observation, the legend within the image is
consulted to identify which color denotes which
column. If the colors are indistinguishable, proceed
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to Instruction 2 and skip Instruction 3.

Bar Chart: Instruction 2. Having identified the
columns, humans would proceed to observe which
row each bar corresponds to. Specifically, for ver-
tical bar graphs, rows are usually annotated below
the main chart, whereas for horizontal bar graphs,
annotations on the lateral sides determine the rows.

Bar Chart: Instruction 3. Humans then would
match the color of the bar with the annotated row,
thereby aligning each bar with its corresponding
column and row.

Bar Chart: Instruction 4 & 5. Lastly, humans
would figure out the value corresponding to each
row and column by referencing the value annotated
on the bar, the relative sizes between bars, and
the x-axis and y-axis. Notably, it is understood
intuitively that the value at the point where the bar
terminates on the x-axis or y-axis represents the
value of that bar.

We argue that developing a language model that
captures the sequential and unconscious reason-
ing process involved in human chart recognition
through Human-oriented chart instruction not only
mimics human cognition effectively but also en-
sures the alignment of predicted tables with chart
images. This leads to substantial performance en-
hancements at a lower cost.

D Details regarding Experiments

D.1 Dataset Description

In this paper, we mainly evaluate our proposed
method with a widely-used dataset, ChartQA
(Masry et al., 2022). It consists of real-world charts
containing complex information, which aligns well
with our motivation compared to other synthetic
datasets such as PlotQA (Methani et al., 2020) and
DVQA (Kafle et al., 2018), both of which only
include simple charts. Furthermore, ChartQA is
comprised of three chart types (i.e., pie, bar, and
line), whereas DVQA and PlotQA comprise only
one or two types of chart. Therefore, ChartQA is a
more challenging dataset and is desirable for eval-
uating performance on real-world chart reasoning
tasks.

For these reasons, we mainly focus on ChartQA
dataset in this paper since other datasets are com-
posed only of very simple charts, which are not
suitable for our model that is designed to handle
real-world charts containing noisy information un-
necessary for reasoning. Nevertheless, to demon-
strate that SIMPLOT can be applied to any dataset,

we conduct additional experiments on the PlotQA
dataset in the Appendix E.

ChartQA also includes human-authored and
LLM-augmented QA pairs for reasoning. Please
note that we do not use QA pairs for training, but
train the model to generate tables only from the
charts in the training set, then use QA pairs from
the test set for measuring reasoning performance.

Detailed statistics of ChartQA dataset are pre-
sented in Table 8, and statistics of PlotQA dataset
are presented in Table 9. To reduce the training cost
and balance the dataset with ChartQA, we stratified
and sampled 10% of the images from the PlotQA
dataset based on type, which were then used for
training and inference. Additionally, for QA pairs,
we used one pair per image.

Table 8: Statistics of ChartQA dataset.

type . . .
m ‘ Pie Bar Line QA pair
Train set 541 15,581 2,195 -

Validation set | 48 837 171 -
Test set 78 1,230 211 2,500

Table 9: Statistics of PlotQA dataset.

type
split

Dot line Line

Bar ‘ QA pair

Train set 26,010 25,897 105,163
Validation set 5,571 5,547 22,541 -
Test set 5,574 5,549 22,534 | 4,342,514

D.2 Compared Methods

We use a wide range of models capable of perform-
ing chart reasoning as baselines, categorizing them
into three distinct categories.

The first category includes Vision-Language Pre-
trained models (VLP) as follows:

* TaPas (Holmgren et al., 2012)
* V-TaPas (Masry et al., 2022)
* TS5 (Bujard et al., 1987)

e VL-T5 (Cho et al., 2021)

PaLI (Chen et al., 2022b)

Mini-GPT (Zhu et al., 2023)

LLaVa (Liu et al., 2023)

GPT-4V (Achiam et al., 2023)
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The second category consists of supervised mod-
els, including followings:

e ChartQA (Masry et al., 2022)

e ChartT5 (Zhou et al., 2023)

¢ Pix2Struct (Lee et al., 2023)

e MatCha (Liu et al., 2022b)

e Unichart (Masry et al., 2023)

e ChartLlama (Han et al., 2023)

* ChartAssistant (Meng et al., 2024)

e Chartlnstruct (Masry et al., 2024)

LLM Textual info. Designed prompt

Unichart X X X
Deplot v X X
SIMPLOT v v v

Table 10: Comparison of models based on their utiliza-
tion of LLM, textual information, and designed prompt.

The third category consists of table-based rea-
soning models, including Deplot (Liu et al., 2022a)
and Unichart (Masry et al., 2023). Deplot con-
verts charts to tables similar to SIMPLOT and em-
ploys prompt-based methodologies such as Chain-
of-Thought (CoT) (Wei et al., 2022), Program-of-
Thought (PoT) (Chen et al., 2022a) alongside using
an LLM for question reasoning. Although Unichart
is trained to perform QA directly from charts, it is
also pre-trained to generate tables. In this paper,
we use this variant of Unichart to extract tables and
utilize LLM to fairly compare with Deplot in the
same setting.

Regardless of our application of Unichart in the
same setting as Deplot, the original Unichart re-
quires direct training for each downstream task. It
has limitations in terms of adaptability and may
exhibit suboptimal performance. Deplot and SIM-
PLOT achieve performance gains and enhanced
adaptability by performing inference through an
LLM after chart-to-table extraction. Additionally,
SIMPLOT significantly improves the accuracy of ta-
ble extraction and downstream tasks by leveraging
textual information and utilizing prompts specifi-
cally designed for charts. The differences among
the aforementioned models can be referred to Table
10.

As the existing chart reasoning models (Liu et al.,
2022a; Masry et al., 2023, 2024; Meng et al., 2024;
Liu et al., 2022b; Masry et al., 2022; Lee et al.,
2023) require expensive computational time, they
have reported the performance after a single run,
which makes it difficult to conduct statistical com-
parison. Following the previous works, we only
report the performance after a single run. However,
we claim that our results improve the performance
of chart question answering with significant mar-

gin.

D.3 Details regarding Proposed Metric

As illustrated in Fig. 9, columns of extracted
table from SIMPLOT (e.g., "Percentage (%)" in
the figure) often carry the same meaning as the
ground truth (e.g., "Value" in the figure) but have
different Levenshtein distances. Additionally, as
shown in Fig.10, in cases where columns are not
explicitly stated in the image, an SIMPLOT utilizing
LMM without further fine-tuning generates arbi-
trary columns. We confidently assert that there are
unequivocally no problems associated with chart
analysis when employing an LMM in both scenar-
ios. However, given that RM S is composed of the
product of Levenshtein distance (from columns and
rows) and relative distance (from values), this leads
to an apparent degradation in performance of chart-
to-table task even when there are no issues with QA.
Consequently, we construct a Levenshtein distance
matrix by concatenating column and row predic-
tions with the ground truth, followed by applying
minimal cost matching to consider only the rela-
tive distance of each pair. We adopt this Relative
Distance (R D) as our main metric. This approach
allows us to accurately assess performance in value
mapping.

We follow Deplot (Liu et al., 2022a) to define
RD as in the following equation, with most for-
mulas extracted from this paper. Following Liu
et al. (2022a), we use basic concept of Related
Mapping Similarity (RM.S), regarding tables as
unordered sets of mappings from row and column
headers (r, ¢) to a single value v. p; = (p}, p§, p})
and t; = (t7,15,7) indicates each entity for the
predicted table P = {p;}i<i<n and the ground
truth table 7 = {t; }1<;<u, respectively. Utilizing
Normalized Levenshtein Distance (N L;) (Biten
et al., 2019), we denote the distance between two
keys p; and t; as NL.(p"||p®,t"||t¢) where || indi-
cates concatenation of string. The distance between
values of table is computed with relative distance
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Most Latino adults have not heard of Entity ‘ Value
the term Latinx; few use it -

. Have not hearf of Latinx 76

Have heard of Latinx 23

Have heard of Do not use Latinx 20

Latinx

,—uEl Latinx
3%

Use Latinx 3

(b) Ground-truth table

Have not heard

of Latinx Eﬂthy

Percentage (%)
76
23
20

3

Have not hearf of Latinx
Have heard of Latinx
Do not use Latinx

Use Latinx

atinx. but Just 3
Use
PEW RESEARCH CENTER

(c) Extracted table
from SIMPLOT

(a) Input chart

Figure 9: An example of an extracted table that poses no
issues for reasoning despite having a different column
name from that in the ground-truth table.

U.S. Hispanic population reached nearly
61 million in 2019

In millions

Year | Values
1970 9.6
1980 14.5
1990 22.6
1971‘) 1980 1990 2000 2010 2019 2000 35 .7
2010 50.7
2019 60.6

(a) Input chart (b) Ground-truth table

Year | U.S. Hispanic population (in millions)

1970 9.6
1980 14.5
1990 22.6
2000 35.7
2010 50.7
2019 60.6

(c) Extracted table from SIMPLOT

Figure 10: An example where reasoning remains un-
affected, yet a column extracted by SIMPLOT differs
significantly due to the lack of clear column description
in the image.

Dy(p”, %) = min(L,|[p* — ¢*]|/]|¢"]l) and dis-
tances larger than 6 are set to the maximum of 1. In-
corporating these two distances, we obtain the sim-
ilarity between two entities in a mapping D ¢(p, t)
as (1 — NL, (p"][p°, '][t))(1 — Dy(p", t")).

For RM S, Liu et al. (2022a) computes the pair-
wise similarity in P and 7 using the cost function
(I-=NL-(p"||p° t"||t%)), obtaining a similarity ma-
trix in shape of NV x M and identifying the minimal
cost matching X € RY*M between the keys (in

the binary matrix form).

While precision and recall is obtained from two
mappings in Deplot (Liu et al., 2022a), we only use
distance of the numeric entries to compute RD:

N M v v
o - X (D ,t
RDprecision = 1 — 2171 2371 NJ( 9(17 ))’ (5)
N M
- " X (Dg(p®,t?
RDyooury = 1 — i ZJ,1 i(Do(p ) C®

M

Similar to Deplot, we compute RD; as the
harmonic mean of the precision and recall.

E Additional Experiments with PlotQA

To demonstrate that our method can be applied
to a variety of data beyond the ChartQA dataset,
we present additional experimental results on the
PlotQA dataset in Table 11. Our proposed method
exhibits superior performance across various chart
types, indicating that it can be applied to any chart
type. However, unlike ChartQA, which consists
of real-world charts, PlotQA is composed only of
very simple charts, so the performance differences
between SIMPLOT and other methods are not as sig-
nificant as in the result on the ChartQA dataset. We
emphasize once again that SIMPLOT is designed
to handle real-world charts containing unnecessary
and noisy information for chart question answer-
ing.

Table 11: Chart question answering performance (RA)
on the PlotQA dataset.

Models ‘ Dot line  Line Bar Overall
GPT-4V 50.53 58.84 53.85 54.11
Unichart 58.78 53.26  60.10 58.74
Deplot 66.66 55.59 61.73 61.53
SIMPLOT 60.93 65.57 73.84 70.32

F Effectiveness of Utilizing Image with

Extracted Table

Using tables for chart reasoning allows for per-
forming various downstream tasks (such as chart
summarization, chartQA, etc.). However, there is
an inherent limitation of using tables for chart rea-
soning, i.e., incorrect extraction of the table leads
to failure in all subsequent downstream tasks. Tak-
ing this limitation into account, unlike Deplot that
solely relies on tables for reasoning, SIMPLOT si-
multaneously considers both the extracted table and
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the image itself to compensate for the incorrectly
extracted table.

To further verify the effectiveness of using an
image alongside the generated table, we conduct
additional experiments. Table 12 proves that using
images along with tables increases the success rate
of QA compared to using only tables. We assume
both Deplot and SIMPLOT failed to accurately ex-
tract the table in cases where the Relative Distance
(RD) was below 0.7 (i.e., when the SIMPLOT does
not benefit from utilizing simple charts) and the dif-
ference between the two RDs was within 0.1, and
there are 155 such cases. Among these cases, even
though we provide images to Deplot and removed
the prompt from SIMPLOT for a fair comparison,
while Deplot failed in QA, SIMPLOT succeeded in
48 cases, which is more than 30% additional cor-
rect answers. Conversely, when SIMPLOT failed
in QA, Deplot succeeded in only 7 cases, which is
less than 5%. This demonstrates that utilizing both
plot and table can effectively address the limitation
of solely relying on tables for reasoning.

Table 12: The number of times QA succeeded or failed
when both methods failed to extract the table properly.

SIMPLOT .
M Success  Fail

- 7
48

Success
Fail

G Hyperparameter Analysis

We conduct a hyperparameter anaylsis by setting
various values for the balancing parameter A and
analyzing the result changes in RD. As illustrated in
Fig. 11, the changes in RD values due to variations
in A are minimal. This indicated that our model is
robust and performs consistently well regardless of
the X value.

H Effectiveness of Negative Sample

For more effective learning, we can generate nega-
tive samples at no additional cost and use them for
training. Charts of the same type (e.g., line charts)
tend to have a similar format even if they contain
different content, so the representations obtained
from the model will likely be similar. Since the
value information within the chart is critical, we
utilize negative samples that have a format similar
to positive samples but contain different values, al-
lowing the model to capture finer differences. In

924
[a)]
o 922

0.0 0.1 0.2 0.3 0.4 0.5

A

Figure 11: Table extraction performance (RDp;) with
varying .

other words, the purpose of utilizing negative sam-
ples is to more precisely discriminate between data
that may be mapped closely in the representation
space because the charts look similar. The effect
of using negative samples together is shown in Ta-
ble 13. Although the difference in table extraction
performance may appear minor, even a slight im-
provement in extracting values more accurately is
important in the process of converting charts into
tables.

Positive Negative ‘ RDpy

4 X 92.18
4 4 92.32

Table 13: Ablation studies on utilizing negative sample
SIMPLOT for chart-to-table extraction.

I More Case Studies

Here, we present more case studies. We confirm
that rendering columns and rows of a table onto
the image is beneficial for extracting an accurate
table. In Fig. 13, Deplot (Liu et al., 2022a) omits
a relevant row (i.e., "Montenegro"), redundantly
extracts several rows, and even generates entirely
irrelevant rows such as "CC BY," which would
result in a poor performance in reasoning tasks. In
contrast, SIMPLOT accurately generates a table by
extracting only the relevant rows, ensuring accurate
reasoning.

Fig. 14 and 15 show that in both pie charts and
bar charts, Deplot (Liu et al., 2022a) fails to cap-
ture relevant rows, generates inaccurate rows, thus
failing to create values. On the other hand, SIM-
PLOT consistently produces accurate tables. This
directly proves the generality of SIMPLOT across
various chart types.
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Furthermore, Fig. 17 demonstrates that our
Human-oriented chart instruction works well by
imitating the way of human interpretation for charts.
Without the proposed prompt, an LLM fails to de-
tect the exact location of the line component "Fa-
vor", leading to a wrong answer. However, utilizing
Human-oriented chart instruction, an LMM can
precisely locate the necessary component, result-
ing in a correct answer.

J Evaluations on more Challenging
Questions

While conducting case studies, we observed that
Deplot and Simplot often exhibited similar QA per-
formance, despite Deplot failing to accurately ex-
tract tables that SIMPLOT successfully extract. We
attribute this mainly to the simplicity of the ques-
tions in the ChartQA dataset. For example, in Fig.
15, although Deplot fails to accurately extract the ta-
ble, if the question happens to be about ‘Dem/Lean
Dem’, which is not related to the inaccurate part
of the extracted table, Deplot can still generate the
correct answer. This proves that the performance
of our method can be further differentiated with
more complex questions.

Hence, we generated more challenging ques-
tions, and evaluated models in Section 3.2. Fig. 16
shows an example of challenging question, where
Deplot fails to answer correctly due to its poorly
extracted table, while SIMPLOT generates a pre-
cise answer based on its accurately extracted table.
The question is "What is the sum of the birth rate
in China in 1955 and the death rate in China in
1965?", which requires more than one row and
column to answer. In this example, we verify that
extracting accurate tables is crucial for solving chal-
lenging questions, and that the ChartQA dataset
is insufficient to precisely evaluate the reasoning
models.

K Error Analysis

Here we present examples of SIMPLOT failures,
their reasons, and possible solutions. In Fig. 18 (c),
it can be observed that the extracted table from the
proposed method contains inaccurate rows. This is
attributed to a line break between the items "Expo-
sure to false or incorrect information" and "Losing
the ability to Communicate face-to-face" in the in-
put chart, leading to the misinterpretation of each
item as two separate entities during row extraction.
To address such issues, one possible solution would

be to refine the rows and columns by considering
their contextual information before rendering.

In addition, we find some examples where the
LMM lacks specific abilities, such as color detec-
tion. In Fig. 19, there is a question asking about
the color of "Jamaica" with the correct answer be-
ing orange, but the model recognizes it as red and
answers incorrectly. One possible solution would
be to broaden the range of similar colors for the
model to answer together.

L Responsible NLP Research Checklist

Hardware.

We train SIMPLOT using a NVIDIA RTX A6000.
The training time for phase 1 (Section 2.2.1) and
phase 2 (Section 2.2.2) are about 2 hours and 4
hours per epoch, respectively. We train phase 1 for
7 epochs and phase 2 for 9 epochs.

Parameters.

SIMPLOT has 374M parameters, and the exact num-
ber of parameters in GPT-4 has not been publicly
reported. For LMM prompting, we use temperature
of 0.1.
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CNN Viewership Lower than in
2008; Foxand MSNBC Hold Steady

% who regularly watch...

Question: What is the % who regularly watch CNN in 02? Correct Answer: 25

CNN
25 "
\QV\ = SIMPLOT
2 2 \ w/o prompt
18
16 f
98 oo 02 04 06 08 10 12 SIMPLOT
PEW RESEARCH CENTER 2012 News Consumption Survey.
Q4ig-i

Explanation: The percentage of people who regularly watch CNN in the year ’02 is found in the chart
under the CNN column at the point where the year *02 is marked. The chart shows that the value is 21%.
Answer: 21

Explanation: To answer the question, we must refer to the line chart. The x-axis represents the years, which
correspond to the rows in the table. Each line represents a different news network, which corresponds to the
columns in the table. The value for CNN in a specific year can be found by locating the point on the CNN
line (red) that aligns with the year on the x-axis and then reading the value from the y-axis.

The chart shows the percentage of people who regularly watch CNN, Fox News, and MSNBC over various
years. The red line represents CNN. In 2002, the red line is at the 25% mark on the y-axis.

Answer: 25

Figure 12: Case study. Interpreting charts similar to how humans do using Human-oriented chart instruction.

Commercial bank branches, 2004 to
Numb

services (o customers.

40

30

20

09

ommercial bank branches per 100,000 adults. Commercial bank branches are retail locations of
nmercial banks and other resident banks that function as commercial banks 10 provide financiai

‘Montenegro

- —suitkom

e

S Y
0

2004 2005 2006

Source: World Bank

(a) Input chart

2007

2008

2009

Entity | Commercial bank branches, 2004 to 2009

South Korea 16.86 Rey older Ameri more Entity | Bad Good
Congo 4.16 critical of China’s response to COVID-19
Senegal 3.12 % wha say China has done a__ job dealing with the Dem/Lean Dem 54 42
Congo 3.7 coronavirus outbreak Rep/Lean lslgp gg ;gg
Senegal 432 Bad  Good Ages 1829 | 54 nn
como + 1 missing row +0 Total G4 — Total | 64 310
ceBY ¢ Rkt + 1 missing row
hges 1529
Entity | 2004 2005 2006 2007 2008 2009 3049 El. Entity | Bad  Good
50+ 73 23
Montenegro | 21.4 255 270 345 421 432 Dem/Lean Dem | 54 42
South Korea | 168 17.0 179 183 187 182 Ren/Lean R = Rep/Lean Rep 82 15
Semegal | 20 21 22 23 27 28 eprlean fep [ = S0+ | 73 23
Congo | 03 03 03 03 03 03 bem/Lean Dem 54 — 3049 | 59 35
Ages 18-29 54 41
(b) Extracted table from Deplot (upper) & SIMPLOT (lower) Survey of LS. adulls conducted June 16-July 14, 202 Total | 64 31
PEW RESEARCH CENTER
Figure 13: Case study. Extract precise rows without (b) Extracted table from
unnecessary information in the chart. (a) Input chart Deplot(upper) & SIMPLOT(lower)

U.S. Catholics on Vati Ref

Most U.S. Catholics say reforming the Vatican is
an important priority for Pope Francis.

35% P : 40%
Top Important,
priority but lower
priority
1% 13%-

Dor'tknow ot too important/
should not be done

Source: Pew Research Center survey of U.S. Catholics, March
2013. Figures may not sum to 100% due to rounding.

PEW RESEARCH CENTER

(a) Input chart

Figure 15: Case study. Extract all necessary rows and
precise value in the bar chart.

Entity | Value

Don’t know 11
Not too important/ should not be done 13
Don’t know 11
- Top priority 35
+ v
| missing row .y ¢ ndidate 40

Entity | Value

Top priority 35

Important, but lower priority 40

Don’t know 11

Not too important/ should not be done 13

(b) Extracted table from Deplot (upper)

& SIMPLOT (lower)

Figure 14: Case study. Extract all necessary rows in the

pie chart.
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ere affected by the Great
Siombo =

Question: What is the sum of the birth rate in China in 1955 and the death rate in China in 1965??  Correct Answer: 42.1

represents a different column (birth rate and death rate). The value of the line at a given year can be
determined by the y-axis value that the line intersects. Since the question asks for specific years, we locate the
Deplot + img. points on the lines that correspond to the years 1955 and 1965 and sum the values of the birth rate in 1955 and
+prompt  the death rate in 1965.
Answer: 47

{j Explanation: For a line chart, the x-axis typically represents the rows (time periods in this case), and each line

China - Deatn Rate

Explanation : To find the sum of the birth rate in China in 1955 and the death rate in China in 1965, we need

0

s e o o0 ) f to identify the values from the line chart. The x-axis represents the years, and the two lines represent the birth

and death rates, respectively. We locate the year 1955 on the x-axis and find the corresponding point on the
birth rate line, then do the same for the year 1965 on the death rate line. The y-axis provides the values for
these points. Since the question is about specific years, we refer to the predicted table for the exact values for
those years.

Answer: 42.1

(a) Input chart

Entity ‘]949 1955 1960 1965 1970 1975 1980 SIMPLOT

Birth Rate
Death Rate

378 nan  nan nan nan nan 184
172 nan  nan nan nan nan 6.5

Entity | 1949 1955 1960 1965 1970 1975 1980

BirthRate | 359 325 253 377 335 243 182
DeathRate | 182 122 148 96 74 94 62

(b) Extracted table from Deplot (upper) & SIMPLOT (lower)

Figure 16: Case study. Effectiveness of precise extracted table for challenging question.

Increased Support for More Question: Which group favor or oppose has the highest value in the year Sept 2008? Correct Answer: Favor
Offshore Drilling
Explanation: According to the table, in Sept 2008, the value for ‘Favor” is 0 and the value for ‘Oppose’ is
67 68 Favor o 28. Therefore, the ‘Oppose’ group has the highest value in the year Sept 2008.
m— 57 Answer: Oppose
SIMPLOT
w/o prompt

Explanation: For a line chart, the x-axis typically represents the rows (time periods in this case), and each
line represents a different category or column. The points on the lines correspond to the values for each

37 <l'> category at a given time. To find the highest value for a specific time period, you need to look at the points
on the chart that align with that time period on the x-axis and compare the y-axis values of those points.

Based on the line chart, in Sept 2008, the point on the ‘Favor’ line is higher than the point on the ‘Oppose’

line. The ‘Favor’ line is at approximately 67, and the ‘Oppose’ line is at 28, as indicated by the annotations

on the chart.

Sept Apr Feb June Oct Mar Answer: Favor
2008 2008 2010 2010 2010 2011

SIMPLOT

PEW RESEARCH CENTER Mar. 17-20, 2011, PEW27a

Figure 17: Case study. Interpreting charts similar to how humans do using Human-oriented chart instruction.

Entity ‘ Very concerned ~ Somewhat concerned ~ Not concerned

Widespread n about mobile ph ’ impact on
children across 11 emerging economies surveyed Losing the ability to communicate face-to-face 48 26 22
Harassment or bullying 59 21 16
% of adults l.U)lD say peop{e should be very/somewhat/not concerned about +1 mlssmg row Mobile phone addiction 62 17 18
when using their mobile phones Identity theft 66 17 16
Children being exposed to harmful content 79 14 6

Very Somewhat Not

Children being exposed S P (b) Extracted table from Deplot
to harmful content

Exposure to false or 25 14 N
incorrect information Entity | Very concerned ~ Somewhat concerned  Not concerned
Mobile phone addiction 7 18 Communicate face-to-face 48 26 22

X Losing the ability to 48 26 22
Harassment or bullying Harassment or bullying 59 21 16
Mobile phone addiction 62 17 18
communicate face-to-face Incorrect information 64 25 14
Note: Percentages are 11-country medians Exposure to false or 64 25 14
Source: Mobile Technology and ts Social Impact Survey 2018. Q19af. Identity theft 66 17 16
Mobile Connectivity in Emerging Economies’ Children bEil’lg exposed to harmful content 79 14 6
PEW RESEARCH CENTER
(c) Extracted table from proposed method
(a) Input chart
Figure 18: Error Analysis. Failure in row / column rendering.
ment expenditure per student, tertiary (% of GDP per ¢ 2004 R . ) ) .
Question: What’s the color of the line of Jamaica? Correct Answer: Orange

aptal, and ransters) pe

one should look for the legend or any text annotations that are connected to the line
T by color. The legend or annotations will indicate which color corresponds to Jamaica.
SIMPLOT  The line representing Jamaica in the chart is colored red, as indicated by the legend
or text annotation connected to the red line.
Answer: Red

f Explanation: To determine the color of the line representing Jamaica in a line chart,

Figure 19: Error Analysis. Failure in detecting a color in the chart.

593



