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Abstract

Chart question answering (CQA) is a crucial
area of Visual Language Understanding. How-
ever, the robustness and consistency of cur-
rent Visual Language Models (VLMs) in this
field remain under-explored. This paper evalu-
ates state-of-the-art VLMs on comprehensive
datasets, developed specifically for this study,
encompassing diverse question categories and
chart formats. We investigate two key aspects:
1) the models’ ability to handle varying levels
of chart and question complexity, and 2) their
robustness across different visual representa-
tions of the same underlying data. Our analy-
sis reveals significant performance variations
based on question and chart types, highlight-
ing both strengths and weaknesses of current
models. Additionally, we identify areas for
improvement and propose future research di-
rections to build more robust and reliable CQA
systems. This study sheds light on the limita-
tions of current models and paves the way for
future advancements in the field.

1 Introduction

Chart question answering (CQA) (Masry et al.,
2022; Chaudhry et al., 2020) has emerged as a
critical area within the field of Visual Language Un-
derstanding (VLU) (Lee et al., 2023; Ghosh et al.,
2024), aiming to equip machines with the ability to
comprehend and answer questions based on data vi-
sualizations. While recent advancements in Vision
Language Models (VLMs) and Multimodal Large
Language Models (MLLMs) have yielded impres-
sive performance improvements in CQA (Liu et al.,
2023b; Masry et al., 2023; Xia et al., 2024; Xu
et al., 2024; Team et al., 2023; Achiam et al., 2023;
Meng et al., 2024), their true capabilities remain
obscure in uncertainty. This paper delves into an in-
sightful analysis of the robustness and consistency
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Narnia Wonderland Hogwarts La La Land

Simple Question:

What is the number of tigers present in Narnia?

Answer: 50

Complex Question:

Is the mean number of leopards across all sanctuaries greater than that of
Cheetah?

Answer: Yes

Figure 1: Simple and Complex Questions on a Complex chart

of state-of-the-art CQA models, exposing their lim-
itations and guiding future research directions.

We address several key questions regarding the
current state of CQA: Are existing models truly
effective, or do their impressive average scores
mask significant weaknesses? For instance, in
Figure 1, one can ask that if the model’s perfor-
mance remains consistent across two distinct ques-
tion types? The first type, Simple Questions like
"What is the number of tigers present in Narnia?",
involves straightforward value extraction. In con-
trast, Complex Questions such as "Is the mean num-
ber of leopards across all sanctuaries greater than
that of cheetah?" require extracting multiple val-
ues, aggregating them, and making boolean com-
parisons. It’s evident that complex questions pose
challenges even for humans; understanding how
models handle these complexities provides valu-
able insights into their capabilities.

How do models perform on specific aspects
of chart understanding, such as question com-
plexity and chart type? Figure 2 shows the differ-
ent types of charts across which the performance
of a model can be evaluated—specifically, Simple
Charts and Complex Charts—along with the differ-
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Narnia Wonderland Hogwarts La LaLand Los Santos

Simple Question:
What is the number of votes given in La La Land?
Answer: 140

Complex Question:
What is the maximum number of votes given in any area?
Answer: 150

Complex Chart

Number of Votes given to Parties by Area
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Simple Question:

What is the number of 'Party A' voters present in La La Land?

Answer: 40

Complex Question:

Is the mean number of 'Party A' voters greater than the mean number of
'Party B' voters?

Answer: Yes

Figure 2: Example of simple chart and complex chart, along
with simple and complex questions.

ent possible question types, including Simple Ques-
tions and Complex Questions. Complex Charts,
such as grouped-bar charts that compare multiple
attributes side by side present information in a more
intricate manner compared to Simple Charts, which
depict data about a single attribute using a single
bar. Similarly, questions can range from complex
tasks like identifying maximum values, performing
aggregations, and making comparisons, to simpler
queries focused on straightforward value extraction.
Investigating how models handle these varied chart
types and question complexities provides crucial
insights into their performance and adaptability.
Furthermore, is the robustness of these mod-
els, their ability to generalize across diverse vari-
ations, adequately explored? The same data can
be depicted in multiple visual formats. For instance,
Figure 3 demonstrates how an original chart can
be transformed into stair plots, bar charts, stacked
representations, and many more. These variations
can differ in aspects such as color schemes, pat-
terns, legend positioning, and even details specific

to each chart type like legend orientation and grid
sizes on the x-axis and y-axis. Exploring the effect
of these variations could provide deeper insights
into the data and enhance the comprehensibility of
the visualizations for models.

To answer these questions, we present a rigorous
evaluation of leading CQA models on a meticu-
lously curated dataset. This dataset includes di-
verse chart types and question categories, allowing
for a thorough assessment of model performance
across varying levels of complexity. We exam-
ine how well the models generalize across diverse
visual representations of identical data, assessing
their robustness against perturbations.

Our findings reveal significant performance dis-
crepancies, particularly when transitioning from
simple to complex chart-question combinations.
Moreover, we demonstrate that even the highest-
performing models exhibit a substantial drop in
accuracy when subjected to diverse perturbations,
highlighting the critical need for improved robust-
ness in CQA. This paper makes the following con-
tributions:

* Providing a thorough analysis of the strengths
and weaknesses of current VLMs and
MLLMs for chart understanding.

* Introducing a new evaluation set with fine-
grained splits across chart types and question
complexities, facilitating a deeper understand-
ing of model performance.

* Performing a detailed robustness analysis to
uncover the shortcomings of current models,
emphasizing the necessity for additional re-
search in this domain.

Our research sheds light on the current state of
CQA, offering crucial insights. Our datasets, along
with all the associated scripts, are available at
https://robustcqa.github.io/

2 Initial Dataset

This section highlights the dataset preparation pro-
cess employed to analyze the performance of CQA
models across a spectrum of chart types and ques-
tion complexities.

2.1 Dataset Selection

To ensure a comprehensive evaluation of CQA
models, we selected the ChartQA dataset (Masry
et al., 2022) as our primary benchmark. This
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dataset is widely used in CQA benchmarking, cov-
ering diverse domains from sources like Our World
in Data, Statista, OECD, and Pew Research.
ChartQA includes two distinct question cat-
egories: "Human" and "Augmented”.  "Hu-
man" questions were generated by human annota-
tors, while "Augmented” questions were machine-
generated, ensuring a diverse spectrum of question
styles. Another important aspect which motivated
our choice of ChartQA dataset was the presence of
underlying tables. This feature enabled us to gener-
ate controlled visual perturbations for the later sec-
tion of our study. Our experiments were conducted
exclusively on the test set of ChartQA, comprising
questions, charts and the corresponding tables.

2.2 Chart and Question Labelling

To facilitate a more granular analysis of model per-
formance, we categorized both charts and questions
according to their complexity levels. This catego-
rization was applied to the entire ChartQA test set,
resulting in a modified evaluation dataset tailored
for our experiments.

Chart Categorization. The tables provided by
ChartQA were loaded as a pandas dataframe. We
classify charts as either simple or complex, based
on column count in the dataframe: two columns in-
dicate a simple chart, while more than two columns
signify a more complex chart. We leverage this fact
to classify them using a python script.

- Simple Charts: The tables of these charts
contain two columns to represent the dependent
and independent variable. The charts thus formed
represent a single entity and exhibit no overlaps
or complex visual elements. Figure 2 shows an
example of such chart titled "Number of Votes given
by Area'.

- Complex Charts: The tables of these charts
feature more than two columns, often encompass-
ing multiple dependent variables. Thus, the charts
formed have increased visual complexity. These
charts usually depict multiple entities over a com-
mon series. Figure 2 shows an example of such
chart titled "Number of Votes given to Parties by
Area".

Question Categorization. Human annotators
cleaned and categorized the questions from the
ChartQA dataset into two categories based on their
complexity:

- Simple Questions: These questions primarily
focus on data extraction, and typically involve a

single step of reasoning. A human annotator can
ideally answer such a question in a single step. Fig-
ure 2 shows an example of such questions "What
is the number of votes given in La La La Land?".
One can simply answer the question by fetching
the value from the chart.

- Complex Questions: These questions require
multi-step reasoning along with data extraction,
and often involve comparisons and logical infer-
ences. If it takes multiple steps for the human an-
notator to answer a question, it would be classified
as a complex question. Figure 2 shows an example
of such questions "Is the mean number of ‘Party
A’ voters greater than the mean number of ‘Party
B’ voters?". For this question, one would require
multiple calculations to reach the final answer.

We introduced these categorizations while pre-
serving the existing division of question generation
types (human-generated and augmented questions)
which was present in the original dataset, resulting
in eight categories. The number of unique question-
chart pairs in each category is presented in Table
1. We call this modified dataset ChartQA-Split.
The detailed catagorization in our dataset allows
us to isolate the impact of chart and question com-
plexity on model performance, providing a deeper
understanding of their capabilities and limitations.

Human |  Augmented
Simple Complex | Simple Complex
Simple 149 450 876 165
Complex 143 419 133 38

Table 1: Dataset statistics. Rows represent the type of
Chart, Columns represent the type of Question and its
Generation method.

3 Experiments

Models. To rigorously assess the performance of
CQA models, we selected a diverse range of state-
of-the-art models, varying in architecture, size, and
training setup. All models were evaluated using
a zero-shot Chain-of-Thought (Wei et al., 2022)
prompting approach. An example of our prompt
can be found in Figure 4. It is important to note that
no additional reasoning aids were provided to any
of the models. For the sake of clarity and analysis,
we grouped the models into three broad categories:

Chart-based VLMs. This category contains
open-source VLMs specifically adapted for chart
reasoning. MatCha (282M) (Liu et al., 2023b) is
a transformer based model which enhances the ca-
pabilities of Pix2Struct (Lee et al., 2023) models
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through pre-training on mathematical reasoning
and chart derendering tasks. UniChart (20IM)
(Masry et al., 2023) is another similar model which
achieves chart understanding by leveraging pre-
training on tasks such as data table generation, nu-
merical and visual reasoning, and open-ended ques-
tion answering. DePlot (282M) (Liu et al., 2023a)
is a model which specializes on extracting tabular
data from a given chart. The extracted table is sub-
sequently passed to a Language Model (LM), e.g.
Flan UL2 (20B) (Tay et al., 2022), for reasoning
via Chain-of-Thought prompting (Wei et al., 2022).

Generalist VLMs. This category comprises
open-source VLMs trained on general visual com-
prehension tasks. Notably, these models were not
specifically trained or adapted for chart reason-
ing. OwenVL (Bai et al., 2023b) is a generalist
7-billion-parameter VLM built on top of Qwen-LM
(Bai et al., 2023a) through the integration of vi-
sual encoders and the use of general and multi-task
pre-training. CogAgent VQA (Hong et al., 2024)
is an 18-billion-parameter VLM specializing in
Graphical User Interface (GUI) understanding and
navigation. InternLM-XComposer2 (8B) (Dong
et al., 2024) is an adaptation of InternL.M2-7B (Cai
et al., 2024), excelling in producing high-quality
long-text multi-modal content and reasoning within
visual-language understanding contexts.

Large MLLMs. This category features state-of-
the-art closed-source Multimodal Large Language
Models (MLLMs) pre-trained on extensive visual
and language data. For this category, we utilized
Gemini 1.5 Flash (Team et al., 2023), and GPT-4o
(Achiam et al., 2023), renowned for their capabili-
ties in reasoning and visual understanding.

Evaluation To evaluate our models, we decided
to utilize the Relaxed Accuracy metric owing to
the objective nature of the expected answers. To
improve on the Relaxed Accuracy metric, we in-
troduce extra checks for precise and accurate an-
swer matching. This metric, similar to Relaxed
Accuracy, provides a 5% leverage for numerical an-
swer matching. However, it includes the following
checks:

Alphanumeric String Matching: Removing
comma and spaces from the given answer and gold
label to ensure an exact alphanumeric string com-
parison.

Strict Year Matching: For questions specif-
ically asking for a "Year" as an answer, the 5%

relaxation is disabled, forcing a strict string match.
This ensures that the model accurately identifies
the correct year.

Unordered Exact List Matching: For ques-
tions requiring multiple answers, an unordered ex-
act list matching is applied, to ensure that the model
correctly identifies all the expected elements in an-
swer list, regardless of their order.

Furthermore, to validate the accuracy of our pro-
posed evaluation metric, we manually verified the
answers obtained using this metric. Our metric is
usable and applicable for general large-scale model
evaluation in question-answering based tasks.

Smaller VLMs. We noticed that smaller models
(QwenVL, CogAgent, Internl.M) struggled to pro-
duce answers in the correct format. This might be
due lack of complex instruction following abilities.
We addressed this by using Gemini 1.5 Flash to ex-
tract answers from their outputs in a favourable for-
mat, hence using the LLM as an extractor. Manual
verification of 150 samples confirmed that Gemini
1.5 Flash primarily acted as a formatting tool, pre-
serving the original model’s answer in 149 cases
and performing rounding in the one remaining in-
stance. This demonstrates Gemini’s effectiveness
in enhancing the usability of smaller models with-
out significantly altering their intent. The prompt
used, can be found in Figure 5.

4 Can models reasons consistently?

This section presents our findings and analysis on
the performance of various chart question answer-
ing (CQA) models across different chart types and
question complexities.

4.1 Results and Discussion

Table 2 gives an overview of all results obtained
for this section.

(Q1) Does any model excel across all categories?
While no single model dominates all categories,
GPT-40 and Gemini 1.5 Flash consistently demon-
strate impressive performance, with GPT-4o lead-
ing in most cases. Among open-source models,
InternL.M stands out as the top performer.

Models specifically trained on chart reasoning
tasks (MatCha, UniChart) show exceptional perfor-
mance while answering augmented questions, as
highlighted in previous work as well ((Liu et al.,
2023b; Masry et al., 2023). This likely stems from
their exposure to similar question formats during
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Type  Chart-based VLMs |  Generalist VLMs |  MLLMs
Mat-  Uni- DePlot+ | Qwen CogAgent Intern| Gemini GPT
Cha Chart FlanUL2| VL VQA LM |1.5Flash 4o
Human
SS 57.00 49.60 51.60 |6640 8120 7990 | 8792 88.59
SC 3022 32.00 32.80 [4420 5550 58.60| 8I.11 88.22
CS 4540 4750 30.60 |60.10 58.00 74.10| 80.42 81.82
CC 2529 25.00 2520 |3500 4240 51.30| 7446 83.29
Augmented
SS 9140 8720 76.10 |86.50  80.90 8250 | 9132 94.18
SC 6540 66.00 7270 |72.10 7690  68.40| 80.61 88.48
CS 78.10 6920 48.10 |61.60 4730 6840 | 81.20 80.45
CC 3420 4470 52.60 |36.80 5520 4730 | 6579 71.05

Table 2: Model accuracy across different categories. S
denotes ’Simple’ and C denotes *Complex’. The first
and second letter represents chart and question type
respectively.

training, which is particularly evident in simple
questions from the augmented set, where MatCha
achieves a high accuracy of 91.40%, followed by
UniChart at 87.20%. However, they struggle signif-
icantly with reasoning-based questions, achieving
as low as 25% accuracy for complex chart and
complex question pairs, highlighting the need for
enhancement in the reasoning abilities of such mod-
els.

(Q2) How do models perform across various
chart types? Across all models, a consistent
trend emerged: performance was consistently bet-
ter on simple charts compared to complex charts,
while comparing with the same question type. This
behavior is likely attributable to the inherent diffi-
culty in understanding and extracting values from
complex charts. Factors like overlapping data
points and the requirement of precise color resolu-
tion contributes to challenges in data extraction, in-
creasing the difficulty of reasoning on such charts.

(Q3) How do models perform across various
question types? For the same chart type, mod-
els consistently perform better on simple questions
compared to complex questions. This significant
difference in scores highlights the limitations of
certain models in fine-grained data extraction and
reasoning. GPT-40 and Gemini 1.5 Flash exhibit
the smallest decrease in scores, indicating strong
reasoning capabilities along with commendable
data extraction skills. Smaller models, particularly
those specifically trained on charts, struggle with
questions requiring mathematical reasoning, de-
spite their competence in basic data extraction.

(Q4) Do models struggle more with complex
charts or complex questions? To further assess

model capabilities, we compared performances of
models on two categories: "Simple Charts, Com-
plex Questions" and "Complex Charts, Simple
Questions." This analysis reveals whether a model
excels at visual data extraction (complex charts) or
reasoning (complex questions).

Our results show that MLLMs like GPT-40
demonstrate strong reasoning skills, excelling in
answering complex questions. Gemini 1.5 Flash on
the other hand performs consistently across both
categories. Generalist and chart-based VLMs tend
to favor the complex chart, simple question pair
over the simple chart, complex question pair, sug-
gesting limitations in reasoning abilities. This in-
sight allows for targeted model fine-tuning to en-
hance specific domains where they lack dexterity.

(Q5) Are there charts and questions where all
models consistently fail to answer accurately?
We focused on identifying patterns of model failure
across all categories. In total, we found that 181
questions could not be answered by any model that
we tested on. Given below are a few recurring
difficulties that models faced:

36/181 - Questions involving counting: Models
consistently struggled to accurately count objects
when the number exceeded ten.

30/181 - Charts containing similar colours:
Models struggled with charts which required dis-
crimination between highly similar colors or shades
of the same color.

17/181 - Identifying colours from name: Mod-
els struggle to accurately identify the color of chart
elements when prompted to do so.

17/181 - Charts involving summary statistics:
Models struggle to interpret charts with summary
statistics, often confusing presented values with the
need for recalculation. For example, given a chart
of "Average of company revenues," they struggle
to answer questions about "company A’s average
revenue," unsure whether to extract the value or
recalculate it. This highlights a key limitation in
their understanding of statistical representations.

7/181- Tight pie charts: In some instances,
models incorrectly assigned labels to categories
in pie charts with narrow slices, hence failing to
identify the correct association.

A more detailed analysis on this topic has been
presented in the Appendix.

(Q6) How well do the models attend to the pro-
vided image for reasoning? To investigate the
extent to which models rely on visual information
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Figure 3: Examples of different types of perturbations on the same original chart and data.

versus their internal knowledge base, we conducted
an experiment using blank images and irrelevant
charts. We sampled 100 questions from each cate-
gory and tested the top-performing models on their
reasoning skills.

Surprisingly, even when models were presented
with irrelevant or blank images, some models suc-
cessfully answered the questions, indicating a re-
liance on their pre-existing knowledge. This ob-
servation suggests potential leaks in testing data.
Models were able to provide the correct answer
even if the answer was factually incorrect from a
real-world point-of-view, highlighting the need for
masked evaluation sets for visual reasoning tasks.

Model Blank Charts \ Irrelevant Charts
SS SC CS CC \ SS SC CS CC
Gemini 1.5 Flash o 0 0 o0|0 2 2 4
GPT-40 0O 3 0 3|0 2 1 6
InternLM-XComposer2 2 3 8 6|1 5 3 2
CogAgent-VQA 1 5 13 9|5 7 20 8
Qwen-VL 7 9 21 179 8 13 14

Table 3: Performance of models when probed with blank and
irrelevant charts. S denotes ’Simple’ and C denotes *’Complex’.
The first letter represents chart type and the second letter
represents question type.

Our analysis, detailed in Table 3, reveals that
even large models like Gemini 1.5 Flash and GPT-
4o were capable of answering few questions based
on irrelevant charts, highlighting the needs of de-
veloping models that integrate visual information
for robust visual reasoning capabilities.

While our analysis reveals that models face chal-
lenges with certain categories of questions and
charts, it also underscores the significant progress
achieved in chart question answering (CQA) per-
formance across various models.

5 Are models robust on CQA?

Another crucial aspect of our analysis involves in-
vestigating the robustness and consistency of these

models across different visual representations of
the same underlying data. Through the help of
this probing, we aim to understand if model per-
formance remains stable when presented with vari-
ations in chart types, styles, or aesthetics while
conveying the same information.

Figure 3 illustrates how an original chart can be
converted into stair plots, bar charts, stacked repre-
sentations, and more. These variations may differ
in color schemes, patterns, legend positioning, and
other chart-specific details like legend orientation
and grid sizes on the x-axis and y-axis. Examining
these variations can offer deeper insights into the
data and improve the clarity of the visualizations.

5.1 Our RobustCQA Dataset

Following the initial dataset preparation, a pertur-
bation dataset was created to rigorously assess the
robustness of the top-performing models across di-
verse chart variations. We refer to this dataset as
the RobustCQA dataset, which systematically ma-
nipulates various chart elements while preserving
the underlying data.

Creation We identified 75 unique perturbation
types for both simple and complex charts. These
perturbations cover a broad spectrum of visual vari-
ations, including:

* Color Scheme Changes: Modifying color
palettes, gradients and hues.

* Chart Type Variations: Experimenting with
line plots, bar plots, stair plots, stem plots and
other less commonly used chart types.

* Legend and Axis Modification: Altering la-
bel position, formatting, and positioning of
legend and axis elements.

The perturbed charts were generated using the
Matplotlib library. We ensured that only one el-
ement is altered per perturbation keeping the
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Simple Questions Complex Questions
MLLMs Generalist VLMs MLLMs Generalist VLMs
Gemini Qwen CogAgent InternLM | Gemini Qwen CogAgent InternLM

Category 15 Flash OPT4 VT VoA XComposer2|1.5 Flash OF 40| L VOA XComposer2
original_chart 94 89 62 60 77 71 82 36 45 49
annotations 86 90 34 37 59 61 77 31 40 43
annotated_bars 83 89 35 31 64 68 74 26 28 38
basic 67 43 17 17 51 55 46 28 31 37
color_random 66 45 15 14 51 53 49 21 29 31
color_scheme 56 45 16 13 47 55 52 26 31 40
data_pivot 56 43 11 9 46 44 23 28 27 38
font 67 49 16 18 34 51 43 26 28 33
grid 67 48 18 16 51 52 51 21 24 34
hatching 57 37 11 9 42 49 42 28 29 37
horizontal _grouped 60 32 19 14 49 51 42 29 29 40
horizontal_stacked 30 20 16 11 22 59 46 22 32 43
legend_position 52 44 15 19 49 47 46 28 30 28
line_representation 52 44 13 18 35 42 40 29 27 33
log_scale 38 41 11 9 5 55 45 27 30 38
only_data_color_scheme 62 44 17 18 53 51 50 25 27 39
replacing_legend_with_labels| 59 48 19 14 41 45 56 30 28 31
scaling_size 63 43 11 13 31 47 41 30 25 28
scatter_representation 43 38 12 14 37 45 44 23 27 29
stacked 36 28 14 13 36 47 38 26 33 32
stacked_area 34 24 19 13 31 45 41 26 34 34
stair_plot_normal 49 41 14 16 41 52 43 17 29 20
stair_plot_with_marker 55 48 13 20 43 57 51 24 27 45
stem_plot 47 36 12 12 52 55 41 22 28 35
tick_orientation 66 51 19 14 43 42 33 29 27 27
tick_position 56 48 21 16 47 49 42 30 31 30

Table 4: Model Performance on various perturbations on Complex Charts

rest of the elements the same. The tables from
the ChartQA dataset served as the source for the
underlying data.

Human Verification To ensure the quality and
relevance of our dataset, a rigorous manual anno-
tation process was employed. Expert evaluators
meticulously verified each perturbed chart, assess-
ing how easily comprehensible and answerable
each perturbed chart was. They also evaluated the
relevance of each perturbation to the specific chart
type, refining the perturbation set to include only
meaningful variations. The underlying tables were
also thoroughly verified to confirm that the gener-
ated questions remained answerable based on the
chart data. This comprehensive evaluation was
facilitated by a custom-built annotation platform,
specifically designed to streamline the manual an-
notation process and ensure high-quality data.

Final Dataset The original 75 perturbations were
then grouped into categories of related perturba-
tions to create the final dataset. This set consists of
22 unique perturbation categories for simple charts
and 25 such categories for complex charts, cover-
ing a wide range of visual variations.

To ensure a fair analysis of model robustness
across perturbations, 100 questions were sampled

for each chart type and question type pair. This
resulted in a total of 400 unique table and QA
pairs for our final evaluation. This standardized
question set allows for direct comparison of model
performance across different visual representations.
We finally compare the results of all perturbations
against the basic or default Matplotlib chart.

A detailed breakdown of the perturbation cate-
gories along with examples has been included in
the Appendix.

5.2 Methodology

To delve deeper into the performance and limi-
tations of leading chart question answering mod-
els, we evaluated Qwen-VL, CogAgent-VQA,
InternL.M-XComposer2 (open-source VLMs) and
Gemini 1.5 Flash, GPT-40 (closed-source MLLMs)
using our RobustCQA dataset. We employed a
similar evaluation metric as described previously,
leveraging an extractor LLM for smaller models
to ensure consistent output format, and analyzed
all models through Zero-Shot Chain-of-Thought
prompting.

5.3 Results and Discussion

The results obtained for perturbations on complex
charts have been highlighted in table 4. The re-
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sults for perturbations on simple charts has been
presented in table 9 in the Appendix.

(Q1) Does model performance stay consistent
with perturbed charts? The results reveal a sig-
nificant performance degradation for most mod-
els when confronted with perturbations. While
performance generally decreases across all mod-
els, some exhibit more drastic drops. Among
open sourced models, InternLM-XComposer2, and
among closed source models, Gemini 1.5 Flash
proved to be the most consistent across various per-
turbations. Open sourced models like CogAgent-
VQA and Qwen-VL and even closed source models
like GPT-40 displayed relatively low accuracy with
most perturbations, highlighting a potential lack
of robust data extraction skills. Manual analysis
of the responses from the models highlighted the
importance of improving data extraction for non-
annotated charts to enhance model robustness in
chart-based tasks.

(Q2) Are there specific perturbations that help
enhance model performance? Our experiments
highlighted several perturbations that improved
model performance. Across all models, annotated
data points consistently boosted accuracy. While
the most beneficial plot type varied across models
and question/chart categories, annotated bar graphs
emerged as a consistently positive influence.

In addition to that, grids to act as reference points
for data extraction and better tick orientation also
contributed positively. Furthermore, labelling the
lines to reduce the complexity of color resolution
and placing the legend optimally to ensure that it
doesn’t obscure crucial data points also helped the
models. We also noticed that increasing the font
size played an important role in aiding all models,
especially smaller models. The results for the same
have been presented in Table 5.

(Q3) Are there perturbations which are always
detrimental to the model performance? Our
analysis reveals that while models demonstrate
promising performance on standard chart datasets,
they struggle with robustness when faced with vi-
sual perturbations. While annotations generally
help improve model performance, most other per-
turbations negatively impacted model accuracy.
Notable ones among them include logarithmic
scales which can be challenging for humans as
well. Additionally, models also struggle signifi-
cantly with horizontal chart variations, particularly

horizontal stacked charts. In general it was noticed
that models struggled to reason on stacked charts,
possibly due to the requirement of additional math-
ematical reasoning for data extraction. Stair plots
also caused significant trouble as models could not
identify the precise data point to refer to. Our find-
ings emphasize the need of more diverse datasets
along with more robust models that can effectively
interpret visual information beyond just simple vi-
sual cues.

(Q4) Are there certain perturbations which are
more effective for certain question types? Our
analysis suggests chart type effectiveness varies
by question type. For instance, line charts help in
visualizing trends and correlations. Stacked bar
charts are generally unsuitable except for questions
that require data aggregation. Bar charts, while
useful for comparing individual values within a
certain group, prove to not be good for showcas-
ing correlations across different groups or entities.
Our analysis helps with understanding and creating
suitable charts for domain specific tasks.

(Q5) Does the effect of each perturbation type
vary across models? The impact of each pertur-
bation on model performance exhibits significant
variation. While question and chart type play a
role, for a given model, certain perturbations con-
sistently prove more helpful or harmful. This nu-
anced effect of perturbation type on the model per-
formance is detailed in Table 7, 8. We believe that
our analysis allows us to identify specific areas
for helping improve each model through targeted
model fine-tuning.

Additional insights and details obtained from our
experiments have been presented in the Appendix.

6 Related Work

Chart comprehension and question answering
(CQA) are critical domains with a growing body of
research. While existing CQA datasets assess mod-
els’ advanced reasoning capabilities over charts,
many face significant limitations. These include
small dataset sizes (Kim et al., 2020), reliance on
template-based questions and synthetically gener-
ated charts (Methani et al., 2020; Chaudhry et al.,
2020; Kafle et al., 2018; Han et al., 2023), re-
striction to specific domains (Methani et al., 2020;
Ahmed et al., 2023; Li and Tajbakhsh, 2023), or fo-
cusing solely on open-domain question answering
(Kantharaj et al., 2022). Even the current state-of-
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the-art dataset, Chart QA (Masry et al., 2022), has
limitations due to the lack of classification labels
for more meaningful analysis, and limited variation
in chart types.

More recent datasets, such as ChartX (Xia et al.,
2024), have expanded the range of chart types an-
alyzed. ChartBench (Xu et al., 2024) and MMC
(Liu et al., 2024) focus on large-scale datasets with
more diverse chart types.

A very recent work, CharXiv (Wang et al., 2024),
provides extensive evaluations across a range of
charts and questions, including both reasoning-
based and descriptive queries. They also perform
ablation studies by modifying charts and questions.

However, to the best of our knowledge, Ro-
bustCQA is the first dataset to systematically per-
turb all elements within a chart, enabling fine-
grained analysis of factors affecting model perfor-
mance. Additionally, we conduct a detailed analy-
sis of the Chart QA dataset based on question and
chart complexity, which has not been done at this
level of detail before.

Modeling approaches for charts Various ap-
proaches have been developed for chart modeling.
This includes models specifically designed for chart
comprehension and reasoning, built with the end-to-
end goal of reasoning over charts (Liu et al., 2023b;
Masry et al., 2023; Singh and Shekhar, 2020), as
well as models that convert charts into intermediate
table formats (Liu et al., 2023a), enabling reason-
ing by generalized large language models (LLMs)
through Chain of Thought (Wei et al., 2022) or
Program of Thought (Chen et al., 2023) prompting.
Additionally, there are generalized models used
for multi-modal reasoning tasks, including chart
comprehension (Team et al., 2023; Achiam et al.,
2023; Bai et al., 2023b; Dong et al., 2024; Hong
et al., 2024). Recent efforts have also focused on
developing smaller, yet accurate models for this
task (Wang et al., 2024).

While these approaches have shown significant
progress, their specific failure points remain un-
clear. A recent study (Islam et al., 2024) analyzed
the performance of GPT-4v and Gemini, providing
a broad evaluation of these models across various
chart comprehension tasks, including question an-
swering, summarization, and fact-checking. In con-
trast, our work focuses specifically on CQA across
a broader range of models, offering an in-depth
analysis of the question and chart types contribut-
ing to model failures. Our contribution identifies

the exact question types and chart elements that
lead to model errors, offering key insights to im-
prove model performance.

Vision-Language Model Robustness Recent
studies have highlighted the vulnerability of mod-
els to attacks and perturbations (Ma et al., 2024;
Zhao et al., 2023), raising concerns about their ro-
bustness in real-world deployment. Motivated by
this, we developed a robustness benchmark specifi-
cally for chart question answering (CQA). While
previous work (Gupta et al., 2024) analyzed mod-
els like DePlot and MatCha on perturbed charts,
focusing on questions related to structural and vi-
sual context, our study examines general reasoning
questions. This approach helps us assess how vari-
ations in the visual representation of the same data
affect model performance.

7 Conclusion

This research introduces ChartQA-Split and Ro-
bustCQA, the first datasets dedicated to understand-
ing model consistency across complexities and ro-
bustness to visual perturbations in chart question
answering. Our evaluation of SOTA models, in-
cluding baselines and VLMs/MLLMs, using a zero-
shot chain-of-thought setting, reveals significant
challenges in both areas. We perform an in-depth
analysis of model weaknesses and identify key ar-
eas for improvement, such as enhancing data ex-
traction for non-annotated charts and developing
models that can effectively interpret complex vi-
sual information, taking every possible visual cue
into consideration. Our work provides a foundation
for future research in developing more robust and
reliable chart question answering systems.

Future Directions. Our perturbation analysis
provides a nuanced understanding of model per-
formance by revealing both universal and model-
specific vulnerabilities and strengths. This insight
drives targeted improvements: Model Pretraining:
Focusing on perturbations that affect models allows
for effective fine-tuning to address weaknesses.
Perturbation-Aware Training: Integrating spe-
cific perturbations during training enhances over-
all robustness, helping models develop resilience
against challenges. Interpretable Models: Un-
derstanding the impact of perturbations aids in de-
bugging and building explainable models, fostering
the development of reliable and transparent chart
understanding and reasoning systems.
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Limitations

The presented work exhibits a few limitations. First,
our data was obtained from a singular dataset, and
we used only one plotting software for testing the
perturbations. Expanding the dataset to include
diverse sources and exploring various plotting li-
braries would strengthen the findings and improve
generalizability. Second, the dataset is limited to
English, while models are developed and evaluated
on a wide variety of languages. Future research
is required to expand the domain beyond English.
Third, we were not able to cover a few chart types
in the course of our analysis in order to make a
more generalized perturbation set. This included
pie and doughnut charts, pyramid and funnel charts
as well as radar charts. Due to metadata limitations
and the complexity of adapting data for chart rep-
resentation, these charts were excluded. Fourth,
inconsistent metadata of the original dataset some-
times lacked visual captions present in the original
charts, which could not be replicated in the per-
turbed charts. Because of this, we were not able to
identify attributes pertaining to chart elements, for
example, colour.
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Appendix

Effect of Font-size on Models Table 5 illustrates
the significant impact of font size on model perfor-
mance. Increasing the font size improves the OCR
capabilities of visual language models (VLMs),
suggesting that larger font sizes can enhance model
accuracy in chart comprehension tasks. This find-
ing indicates that adjusting font size could serve as
an effective preprocessing step for boosting perfor-
mance in such tasks.

Gemini 1.5 Flash ‘ Qwen VL

Perturbation Small Big Small | Big
types Font Font Font | Font

Normal line plot 62 63 6 27
Colors in a given 56 63 7 2%
scheme (line)
Colors random (scatter) 46 57 5 21
Line Represntation 47 50 10 18
Stem Plot 45 52 6 15
Stair Plot 42 48 10 26
Abla'tlon - removing 63 64 7 ”
Y axis
Rotated X axis Tick 56 62 8 22
Annotated Bar Graph 77 82 12 42
Horizontal Bar Graph 54 65 11 19

Table 5: Effect of increasing font size

Model Scores Alongside the scores of models
across various perturbations for complex charts
provided in Table 4, we have also presented the
model scores for different perturbations in simple
charts in Table 9.

Where can models not answer? Continuing
with the analysis of Q5 in section 4.1, we provide
a further breakdown of cases where models failed
to answer correctly, as shown in Table 6. In addi-
tion to previously discussed issues, we found that
in some instances (4/181), models did not fully
comprehend the entire chart before answering.

Type of chart | Wrong | Total | Error Rate
Bar 121 1842 6.56%
Line 44 380 11.57%
Pie 16 151 10.59%
Total 181 2373 7.62%

Table 6: Error distribution among different chart types

For example, in a chart with four columns la-
beled “No (low confidence), No (high confidence),
Yes (low confidence), and Yes (high confidence),”
models were asked to calculate the percentage of
’No’. However, they failed to recognize that the
question required summing the percentages from
both ‘No’ columns and instead provided the per-
centage from only one column. This error high-
lights a potential gap in the models’ ability to fully
integrate image encoding with language decoding,
suggesting improvements could be made to better
interpret such visual data.
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Models and Perturbation Types

Gemini 1.5 Flash

GPT-40

Qwen-VL

CogAgent-VQA

InternLM-XComposer2

Annotations on
individual points
Annotations on Bar
Graphs
Random Color Scheme
in Chart
Placing Legend
Elements with Line
Basic Matplotlib
Charts

Graphs

Charts

Annotations on
individual points
Annotations on Bar

Placing Legend
Elements with Line
Random Markers
and Line Styles
Basic Matplotlib

Annotations on Bar

Annotations on
individual points
Basic Matplotlib

Placing Legend
Elements with Line

Changing Font Size

Graphs

Charts

Annotations on
individual points
Annotations on Bar

Graphs

Random Color Scheme

in Chart

Charts

Axes Transposition

Basic Matplotlib

Annotations on bar

charts

Annotations on
individual points

Area Plot

Horizontal Bar

Charts

Random Color Scheme

Table 7: Top 5 best performing perturbations for each model

Models and Perturbation Types

Gemini 1.5 Flash GPT-40 Qwen-VL CogAgent-VQA InternL.M-Xcomposer2

Stacked Area Chart Horizontally Stacked Stacked Bar Graphs Horizontal Bar Horizontally Stacked

Bars Charts Bars

Horizontally Stacked Stacked Area Chart Changllng Ho.rlzont.al Stacked Area Chart Changllng Ho.rlzont.al

Bars and Vertical Dimension and Vertical Dimension
Hori 1 k
Stacked Bar Graphs | Stacked Bar Graphs Log Scale orlzongar}; Stacked Stacked Area Chart
Horizontal Grouped | Random Representation | Horizontal Grouped
Log Scale Bar Charts of Scatter Plots Bar Charts Stacked Bar Graphs
. Hatched Pattern in . . . .
Normal Stair Plot Stair Plots with Marker Log Scale Changing Font Size
Bar Charts

Table 8: Top 5 worst performing perturbations for each model

Simple Questions

Complex Questions

| MLLMs | Generalist VLMs | MLLMs | Generalist VLMs
Gemini Qwen CogAgent InternLM | Gemini Qwen CogAgent InternLM

Category 1.5 Flash O T40| "y, VQA  XComposer2|1.5 Flash GPT-4o "y VQA XComposer2
original_chart ‘ 96 94 ‘ 76 79 83 ‘ 85 89 ‘ 56 64 69
annotations 90 91 62 66 65 74 64 42 42 47
area_plot 73 42 21 16 61 71 64 39 42 48
annotated_bars 93 91 71 63 73 78 90 45 58 48
basic 73 43 24 18 54 73 61 38 38 46
color_random 79 43 20 22 63 72 64 32 40 42
color_scheme 78 50 18 23 58 68 64 30 36 36
data_pivot 74 55 13 13 56 71 62 42 40 41
font 79 53 19 28 28 65 52 33 26 51
grid 79 58 23 24 57 66 64 31 42 44
hatching 75 44 20 18 67 72 69 39 42 44
horizontal 73 33 19 14 58 67 64 35 45 43
legend_position 78 57 14 23 54 59 62 32 41 43
line_representation 84 59 19 25 56 67 63 31 34 40
log_scale 42 36 12 12 14 78 21 32 37 45
replacing_legend_with_labels| 78 59 18 22 53 72 61 27 41 40
scaling_size 73 53 17 25 31 62 55 34 38 39
scatter_representation 75 48 15 17 47 64 57 34 43 44
stair_plot_normal 59 53 20 23 52 65 61 39 38 48
stair_plot_with_marker 64 51 15 24 60 68 64 25 41 31
stem_plot 72 41 12 17 70 75 86 36 54 48
tick_orientation 76 57 18 22 50 72 60 41 46 49
tick_position 69 54 27 27 51 53 61 35 42 41

Table 9: Model Performance on various perturbations on Simple Charts.
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( Sample prompt for GPT-40 1
and Gemini 1.5 Flash

Task: You will be given a chart and a question. Answer the given question from the chart given to you.

Instructions:

0) Look carefully at the chart, think about the type of chart, before answering the question directly.

1) If a question asks about a column name, give the full and exact name for the column as it is written in the chart.

2) If a question required multiple outputs, give it in the form: [<output1>, <output2> ..] where outputs are in sorted
order. For example, if the output is 'Australia and India' give the answer as [Australia, India]. Please dont use this with
column names invloving 'and' keyword.

3) If a question requires doing arithmetic operations, calculate till the final number.

4) If a question asks for what column a certain value is in, give the full and exact name of the column and not the value.
5) If a question asks how many times a certain value appears, give the count and not the name of the columns where it
appears.

6) Answer without taking account of the units or scale given in chart. For example, if the chart has values in millions,
you should ignore the scale and account absolute numbers. Remove the unit from your final answer and reason based
on the absolute values obtained directly from the chart. Example: If your answer is 10 million USD, you should write
10 as your answer.

7) It is known that the answer is obtainable from the chart given to you.

8) Write your intermediate steps.

The chart might not have exact values written on it, therefore you might need to find the exact value in that case with
the help of the axes.
Think step by step and append the answer at the last of your response in the form: "... . The answer is: <answer>"
Question:

.

Figure 4: Prompt for testing chart question answering

Sample prompt for Extraction W

- through Gemini 1.5 Flash

You are an expert in getting the answers from a given long answer with steps. These questions were asked about a chart.
Task: Extract the final answer based on the given long sequence of reasoning with answer, given the question.

Instructions:
Append to your response and reasoning: 'The answer is: <final answer>".

If a question asks about a column name, give the full and exact name for the column as it is written in answer.

If a question required multiple outputs and the output contains multiple outputs as well, give it in the form: [<output1>, <output2> ..] where
outputs are in sorted order. For example, if the output is 'Australia and India' give the answer as [Australia, India].

Ignore percentage signs.

Remove the units from the answer. For example, if the answer is '10 million', give the answer as '10'".

A few examples:

Question: What is the value of the blue column?
Given Answer: The blue column has the name 'XXX' and the value is 10.
Your Answer: <reasoning>. The answer is: 10

Question: What is the share of people above 65+ years in the small business category?

Given Answer: To find the share of SME owners in small business over 65 years, we need to add the percentages for the '65-69 years' and
'70-74 years' age groups. The calculation is as follows: 26.1% (65-69 years) + 11.8% (70-74 years) = 37.9%. So, the share of SME owners
in small business over 65 years is 37.9%.

Your Answer: <reasoning>. The answer is: 37.9

Where <reasoning>. is your reasoning and your chain of thought to get to the answer.
You need to carefully look at the question and the given answer. Think step by step.

Question: {question}
Given Answer: {answer}

J ~

Figure 5: Prompt for extracting answers through an LLM from a different LLM
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Visual examples of perturbation types

A

| nnotated Bars ]

N

50

Narnia

Wonderla
nd

50

Hogwarts

B Happy
I Not Happy
B Confused

Lala

Land )

(

Annotations in scatter and line plots

8 J
70.00 70.00
—— Happy © ® Happy
~——— Not Happy o Not Happy
—— Confused 60.00 e Confused
Q)
50.00 50.00 50.00
0 0
45.00 45.00
Q)
40.00 40.00 40.00 40.00 40.00
0 0 0
.00 30.00 30.00
0 0
20.00 20.00 20.00
0 Q
Narnia Wonderla Hogwarts Lala Narnia Wonderla Hogwarts Lala
nd Land nd Land
~ Basic charts }
70 —— Happy 70 = Happy
~—— Not Happy s Not Happy
—— Confused 60 = Confused
60
50
50
40
40 30
20
30
10
20
Narnia Wonderla Hogwarts Lala 0 Narnia Wonderla Hogwarts Lala
nd Land nd Land
70 . o Happy
® Not Happy
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60 .
50 . .
.
40 . . .
30 L] °
20 . .
Narnia Wonderla Hogwarts La La
\_ nd Land
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L Random colors on figures J

70

Wonderla Hogwarts Wonderla Hogwarts
nd Land nd Land
70 .
60 .
50 . .
.
40| e . .
30 . .
20 . [
Narnia Wonderla Hogwarts LalLa
nd Land
[ Colors in a scheme on figures ]
/ S J
70 70 == Happy
Not Happy
60 ~ Confused
60
50
50
40
40 30
20
30
10
20
Narnia Wonderla Hogwarts Lala o Narnia Wonderla Hogwarts Lala
nd Land nd Land
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60 .
50 . .
.
40 . . .
30 . [
20 . [
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