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Abstract

Charts are widely used for data visualization across vari-
ous fields, including education, research, and business. Chart
Question Answering (CQA) is an emerging task focused on
the automatic interpretation and reasoning of data presented
in charts. However, chart images are inherently difficult to
interpret, and chart-related questions often involve complex
logical and numerical reasoning, which hinders the perfor-
mance of existing models. This paper introduces VProChart,
a novel framework designed to address these challenges in
CQA by integrating a lightweight Visual Perception Align-
ment Agent (VPAgent) and a Programmatic Solution Rea-
soning approach. VPAgent aligns and models chart elements
based on principles of human visual perception, enhancing
the understanding of chart context. The Programmatic So-
lution Reasoning approach leverages large language models
(LLMs) to transform natural language reasoning questions
into structured solution programs, facilitating precise numer-
ical and logical reasoning. Extensive experiments on bench-
mark datasets such as ChartQA and PlotQA demonstrate that
VProChart significantly outperforms existing methods, high-
lighting its ability to understand and reason with charts.

Homepage — https://github.com/MuyeHuang/VproChart

1 Introduction

Chart is a widely used format for data visualization, preva-
lent in scientific papers and business reports. Chart Question
Answering (CQA) aims to answer questions based on chart
contexts, achieving the automatic analysis of data trends and
the automatic generation of data reports. In recent years,
the CQA task has garnered increasing attention in light of
advancements in multi-modal understanding and reasoning
techniques. (Kafle et al. 2018; Methani et al. 2020)

The CQA task naturally draws comparisons with Vi-
sual Question Answering (VQA), which involves answer-
ing questions based on images. Despite significant advances
in VQA (Li et al. 2023; Wang et al. 2023), CQA remains
challenging due to the complex understanding of diagram
contexts and complex reasoning requirements. Firstly, chart
images are inherently difficult to interpret. For example, in
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Figure 1: Comparison of the two subsets of ChartQA, ChartQA-H
and ChartQA-M.

the left chart of Figure 1, the line chart does not have a strict
legend, it only provides two labels corresponding to colors,
which might potentially cause confusion. The elements and
organizational methods in charts are not derived from nature
but depend on the author’s intentions. Different authors may
use various elements or organizational methods for clarity
or aesthetic appeal, complicating the understanding of chart
images through common presentation rules. Secondly, ques-
tions in CQA often require complex numerical or logical
reasoning. For example, in the left chart of Figure 1, “Is
the sum of the heights of the two highest red line greater
than the value of the two highest blue line?” necessitates
numerical calculations and logical comparisons. These types
of reasoning are particularly challenging for current research
methods. However, existing approaches lack significant im-
provement in both of these aforementioned aspects.

On the one hand, the currently dominant strategy in-
cludes models like Pix2Struct (Lee et al. 2023) and UniChart
(Masry et al. 2023), which are end-to-end visual models,
using extensive synthetic chart pretraining to enhance their
chart understanding capabilities. This method has made
progress in understanding synthetic charts but is still lim-
ited by the performance of external tools and synthetic data.
On the other hand, MatCha (Liu et al. 2023) and ChartIn-
struct (Masry et al. 2024a) have successfully enhanced the
reasoning capabilities of models on CQA tasks through



logical reasoning computation datasets or instruction fine-
tuning. However, these reasoning approaches are still based
on neural networks, making it difficult to achieve further
progress in numerical reasoning. Overall, existing research
lacks improvements for the two aforementioned challenges:
in chart understanding, current methods rely on pretraining
with large-scale chart-question pairs, while ignoring explicit
modeling of relationships among chart elements; in numeri-
cal and logical reasoning, they rely on pretrained neural net-
works, which are not adept at handling complex logical and
numerical reasoning.

To address the above two issues, we propose VProChart,
an Agent-LLMs hybrid framework designed for the chal-
lenging CQA task. The VProChart method consists of two
modules: the lightweight visual perception alignment agent
and the programmatic solution reasoning approach. The Vi-
sual Perception Alignment agent (VPAgent) achieves chart
understanding and basic chart question answering by prin-
ciples of human visual perception. The programmatic so-
lution reasoning approach converts questions into solution
programs, which guide the reasoning process. During this
process, the solution programs invokes the VPAgent to ob-
tain intermediate variable values specified in the solution
programs. Additionally, we perform a series of comparative
experiments to demonstrate the superiority of VProChart.

Our main contributions can be summarized into four
folds:

* We propose the novel VProChart method to solve the
challenges in understanding the context of the chart and
the complex reasoning demands of the CQA task.

* We explicitly model and align the relationships between
chart elements based on human visual perception princi-
ple, and infer answers within the modeled relationships
using a question-driven reasoning module.

e We propose a programmatic solution reasoning frame-
work, a flexible framework that can be applied to all
types of questions, accurately inferring answers through
flexible solution approaches and a precise Python-style
reasoning engine.

¢ We conduct extensive experiments on different datasets
such as ChartQA and PlotQA to validate the superior-
ity of VProChart. The results show significant improve-
ments compared to various popular competitors across
different scales.

2 Related Work

The chart question answering task answers textual ques-
tions by understanding visual context. Kahou et al. (Kahou
et al. 2018) pioneered a synthetic Chart dataset FigureQA,
which includes automatically generated chart images and
a small number of template-generated true/false judgment
questions. Kafle et al. (Kafle et al. 2018) proposed another
more comprehensive synthetic dataset, DVQA. They also in-
troduced two models named MOM and SANDY to better
handle CQA problems, and they subsequently introduced
the PReFIL (Kafle et al. 2020) model, achieving state-of-
the-art results on FigureQA and DVQA.
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However, the aforementioned datasets lack the complex
reasoning problems present in real-world CQA. There-
fore, PlotQA (Methani et al. 2020) introduced a large-scale
dataset, containing complex reasoning and numerical com-
putation tasks. It comprises real-world data along with di-
verse synthetic charts. Furthermore, Masry et al. (Masry
et al. 2022) proposed the novel CQA dataset ChartQA,
where the human subset consists of real-world images and
manually curated questions, bringing the CQA task closer
to real-world scenarios. CRCT (Levy, Ben-Ari, and Lischin-
ski 2022) achieved satisfactory results on the PlotQA dataset
by utilising a unified regression-classification head. Lee
et al. (Lee et al. 2023) introduced a pure visual model
Pix2Struct based on Vision Transformer (Dosovitskiy et al.
2021), achieving state-of-the-art performance on various
CQA datasets through large-scale pre-training on screen-
shots without the need for external OCR. Building upon
this, MatCha (Liu et al. 2023) using mathematical reason-
ing tasks during pre-training, resulting in significant im-
provements on ChartQA and PlotQA. Masry et al. (Masry
et al. 2023) proposed UniChart, which achieved state-of-
the-art performance on the ChartQA task through multi-task
multi-stage pre-training. In light of the rapid advancement of
LLMs, ChartLlama (Han et al. 2023) utilised Llama with an
added visual branch, achieving good performance through
large-scale pre-training and offering new directions for re-
searchers. Moreover, Chartlnstruct (Masry et al. 2024a),
ChartAst (Meng et al. 2024) and TinyChart (Zhang et al.
2024), an instructive approach to the CQA domain, which
achieved new advancements in CQA tasks through the utili-
sation of LLMs.

The aforementioned works either rely on external detec-
tors and data annotations or heavily on large-scale synthetic
data driving, neglecting the exploration of structural rela-
tionships among chart elements and failing to achieve pre-
cise reasoning, limiting their understanding of charts and the
reasoning capability for questions. In contrast, our work fo-
cuses on explicit modeling of chart structural relationships
and precise question reasoning, achieving impressive results
across multiple datasets.

3 Method

In this section, we introduce VProChart method, which com-
prises a lightweight visual perception alignment agent and
programmatic solution reasoning approach. The program-
matic solution reasoning approach transforms the reasoning
problem into a programmatic solution and invokes the visual
perception alignment agent to understand the chart context
for reasoning execution.

3.1 Visual Perception Alignment Agent

The Visual Perception Alignment Agent (VPAgent) is de-
signed for chart question answering. Figure2 illustrates the
framework of the VPAgent, which includes four modules: 1)
Chart & question encoder module to extract sequences from
charts and questions; 2) Visual perception align module to
explicitly model the relationships between elements; 3) Q-
driven chart reasoning module to infer and provide answers
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Figure 2: The overview of the proposed VPAgent. The proposed VPAgent comprises four modules: Chart & Question Encoder Module (left),
Visual Perception Align Module (center), Q-driven Chart Reasoning and Question Answering Module (right).

driven by the question; 4) Question Answering Module to
produce the answer. The details of these four modules are
introduced as follows:

1) Chart & Question Encoder Module. The Chart &
Question Encoder Module converts the chart and question
into sequential representations. This encoder is designed to
recognize both textual and visual elements present Cy, in the
chart, and to represent the question in a sequential format
that encapsulates the core essence Qgiobal Of the question.

Chart Encoder Module. The encoding of chart images
plays a critical role in the CQA process, as it requires the ex-
traction of both visual and textual elements from the charts.
To address the need for a lightweight and structurally com-
plex encoder, we employ Swin-Encoder (Liu et al. 2021) as
the chart encoder. Swin-Encoder is a lightweight encoder ca-
pable of achieving high-resolution encoding at a relatively
low computational cost, enabling the simultaneous extrac-
tion of visual and textual information from images without
the need for external OCR.

Cv ={X1,Xz,..., Xy} ey

where C, is a sequence set containing chart information,
and Xy represents the embedding of the k-th patch.

Question Encoder Module. The Question Encoder Mod-
ule encodes questions into sequences and extracts a global
representation of each question. We employ RoBERTa (Liu
et al. 2019), renowned for its state-of-the-art performance in
natural language processing tasks, as the encoder. Given a
question Q, this procedure represents the question as a se-
quence:

Qt:{H07H17H27"'7Hm} (2)

where Qg is the sequential representation of question Q, and
Qgloba is the global embedding of the question.
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2) Visual Perception Align Module. In the image se-
quence set C,, each patch contains elements of the chart.
This module clusters elements of the same type within the
image sequence. It then models the structural relationships
among these elements by aligning elements from different
clusters based on human visual perception principles. Fi-
nally, this module represents the visual perception alignment
information as a matrix V.

Element Clustering. Chart images come in various forms
(e.g., pie charts, line charts, bar charts), each with distinct
element names and features. To address this diversity of el-
ements, we employ agglomerative hierarchical clustering, a
flexible and noise-robust approach. This method operates at
the patch level within chart images, organizing the differen-
tiated elements into clusters:

G:{G()ale"'vafl}v |G| =k 3

k-1
C,=|JGi, GinG;=0Vi#j 4)
i=0
where k£ denotes the number of clusters, & is the set of all
clusters, and Cy is the set of image embedding sequences.

Visual Perception Alignment. In this module, we align
elements from different clusters based on visual perception
principles: a) Crosshair Intersecting Principle, aligning
elements based on their horizontal and vertical relationships
on the original chart image, e.g., aligning the axes with the
lines or bars. This is because charts always adhere to the
Crosshair Intersecting alignment relationship for the x and
y axes. b) Spatial Proximity Principle, alignment is deter-
mined by the spatial proximity of elements on the original
chart, e.g., aligning bars with their corresponding numeri-
cal labels. This is because elements that are spatially proxi-
mate within the chart are more likely to be related. ¢) Color



& Semantic Consistency Principle, alignment is based on
the color and semantic similarity of elements, e.g., align-
ing green legend labels with green bars. This is because ele-
ments of the same color in the chart commonly represent the
same attribute.

These three principles of alignment relationships can be
respectively represented as I, P, and S. For I, we establish
relationships with patches that are in the same row or column
as patch X, and store the collection of these relationships
within it. For P, we establish relationships with patches that
are within a straight-line distance of 3 from patch X;, and
store the collection of these relationships within it. For S,
we calculate the normalized semantic similarity with patch
X; and store these relationships within it.

The primary alignment method varies among different
types of charts. For instance, pie charts predominantly em-
ploy spatial proximity, while line graphs primarily utilize
crosshair intersecting. We utilize the global pooling repre-
sentation X, of the chart images to obtain the weights W
of the three alignment through a MLP:

W, = softmax (WQ e (Wl . Xp + bl) + bg) 5)

However, not every pair of clusters in the chart needs to be
aligned. The necessity of alignment between clusters is de-
termined by computing the interactions among the global
representations of each cluster. This ensures that the align-
ment process is effective, focusing only on the most relevant
cluster interactions. Let G be the matrix of global represen-
tations of clusters:

G = [g0,81,82,---,8k—1) (6)

The interaction matrix W, which denotes the necessity
scores of alignment between clusters, is computed as:

W = softmax(G - GT) (7

By combining the weights W, and W, we integrate the
alignment relationships between clusters into a visual cri-
terion alignment matrix V:

V=W.0(Wo(I+P+28)) 8)

Here, ® denotes the element-wise multiplication. Overall,
the visual perception alignment module explicitly provides
the alignment information V for chart image elements by
integrating visual perception principles and multi-weight
alignment information.

3) Q-driven Chart Reasoning QA Module. Given a chart
Cy, this module mines implicit information within the graph
and marks answers under the guidance of the problem-
global representation Hg and the chart alignment informa-
tion V. To achieve this, we designed the intra-cluster reason-
ing module and the cross-cluster reasoning module to handle
intra-cluster and inter-cluster reasoning tasks respectively.

Intra-Cluster Reasoning. In charts, certain information
such as omitted interval labels is implicitly provided. This
module deeply mines the implicit information within clus-
ters by using a restricted-attention mechanism. The mech-
anism confines the attention scope to the range of element
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clusters G;. It is followed by feed-forward layers, skip con-
nections, and normalization. We stack this attention module
for N layers to enhance information extraction.

k N
VVQCV[WKGi]T) ]
C, = S W+ G;
2 [ ﬁ’"( Var v
C)]

Here, C, represents the output image sequence set of this
module.

Cross-Cluster Reasoning. This module utilizes the align-
ment matrix V and the global embedding of the question
Qgiobal to annotate elements in the alignment information V
that are strongly associated with the answer. Specifically, it
computes the similarity scores between image elements in
C. and the global representation Qgjobal Of the question. The
top-k elements most relevant to the query are then selected
and annotated in the alignment matrix V:

V., = Amnotate (sofimax (CyQgiopy) , V) (10)

Here, V, represents the reasoned alignment matrix with
the most relevant elements annotated. As the alignment ma-
trix 'V only contains alignment relationships between ele-
ments from different clusters, marking one element results
in automatically marking elements from other clusters that
are aligned with it. Consequently, the reasoned chart C,. ob-
tained from the previous steps is combined with the rea-
soned alignment information V.., yielding the output Oc.
This combination is achieved through a normalization pro-
cess, which ensures the stability and consistency of the out-
put:

C,+V,—pu
Vo?+e
Here, 1 and o2 represent the mean and variance of C, +

V., respectively, while € is a small constant for numerical

stability. The parameters -y and (3 are learnable affine trans-
formation parameters.

0. = v+8 (11)

4) Question Answering Module. For a given question
Q, the answer can be either a floating-point number or
textual content. Previous works, such as TS5 (Raffel et al.
2020), have demonstrated that generative decoders can ef-
fectively handle both types of responses simultaneously.
Consequently, we employ the mBART (Liu et al. 2020) de-
coder as the text decoder. The text prompt is provided as in-
put to the decoder, which generates the answer based on the
prompt context. The loss function for this process is defined
as follows:

T
L= —Zlogp(yt | y<t,Oc, Q)

t=1

(12)

where y; represents the target token at time step ¢, y-; de-
notes the sequence of previous target tokens, and p(y; |
Y<t, Oc, Q) is the predicted probability of y; given y.,
O¢, and Q. This loss function minimizes the negative log-
likelihood of the predicted tokens.
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Figure 3: An example of Programmatic Solution Reasoning.

3.2 Programmatic Solution Reasoning

CQA necessitates advanced reasoning capabilities. To ad-
dress this challenge, we propose the Programmatic Solu-
tion Reasoning approach, which leverages LLMs to inte-
grate the precise reasoning of programs with the language
understanding of LLMs. As depicted in Figure 2, the frame-
work consists of two distinct modules: 1) Prompting LLMs
to parse natural language questions into structured pseudo-
code solution in Python style. 2) Python-style Reasoning En-
gine to interpret the solution generated by the LLMs and
output answers through programming.

1) Prompting LLMs.

Prompting LLMs leverage the complex question under-
standing and code generation capabilities of LLMs to trans-
form intricate textual questions into solution program (Xu
et al. 2023). LLMs do not need to compute or infer answers,
instead, they express the process of solving the problem in
the form of solution program (Chen et al. 2023a). In par-
ticular, we prompt the LLMs to act as programming ex-
perts, solving problems programmatically by invoking two
kinds of operators: 1) ASK (). This operator takes the com-
plete question as input and returns the answer directly, used
for questions that do not require reasoning or computa-
tion. For instance, the question “Which color indicates 65+
years?” requires no reasoning. 2) SUBSTEP(-). This op-
erator takes in sub-questions and returns answers to these
sub-questions, used for complex questions requiring decom-
position.

2) Python-style Reasoning Engine.

Given any question Q and its corresponding solution P,
this module parses the solution program P and employs
the VPAgent to obtain values for critical variables within
the program. The flexibility of the programming design en-
dows the reasoning engine with broad applicability to vari-
ous types of questions, ensuring robust performance across
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diverse query scenarios. For example, as shown in Figure 3,
the key variable difference_in_2012 in the solution program
requires calling the VPAgent twice to obtain the answer. The
Reasoning Engine passes the variable “what is the value of
Republican in 2012” from the SUBSTEP to the VPAgent,
and returns the output of the Agent, “50.” Finally, the Rea-
soning Engine uses a judgment statement to obtain the an-
swer output of the solution program. This process ensures
the accuracy of the reasoning.

4 Experiments
4.1 Experimental Setting

Datasets. We conducted extensive experiments on three
prominent datasets: PlotQA (Methani et al. 2020), DVQA
(Kafle et al. 2018), and ChartQA (Masry et al. 2022). DVQA
is a fully synthetic dataset focused on chart-specific ques-
tions. PlotQA, a large synthetic dataset, comprises two sub-
sets, D1 and D2, incorporating both real-world data and
automatically generated charts, with numerous numerical
and logical reasoning questions. ChartQA includes two
benchmarks for challenging CQA tasks: ChartQA-H and
ChartQA-M. ChartQA-H features manually curated chart
images and question-answer pairs, while ChartQA-M con-
sists of machine-generated images and questions. As illus-
trated in Figure 1, ChartQA-H poses a more formidable
challenge due to its extensive collection of manually curated
charts and complex multi-step reasoning questions.
Competitors. We evaluate our model against both fully-
supervised models and large-language-model-based base-
lines. Fully-supervised models include TS5 (Raffel et al.
2020), PReFIL (Kafle et al. 2020), VisionTapas (Masry et al.
2022), Pix2Struct (Lee et al. 2023), ChartReader (Cheng,
Dai, and Hauptmann 2023), CRCT (Levy, Ben-Ari, and
Lischinski 2022), MatCha (Liu et al. 2023), and UniChart
(Masry et al. 2023), all of which are trained on CQA bench-
marks. Large-language-model-based models such as PaLI-
17B (res.588) (Chen et al. 2023b), Qwen-VL (Bai et al.
2023), ChartLLama (Han et al. 2023), OneChart (Chen et al.
2024), ChartGemma (Masry et al. 2024b) and ChartInstruct
(Masry et al. 2024a) utilize end-to-end LLMs integrated
with a visual component.

Settings. In our proposed VPAgent, we use the Donut
weights (Kim et al. 2022) for initialization. The training pro-
cess consists of two stages: firstly, pre-training 200k steps on
the UniChart pretraining corpus (Masry et al. 2023), with an
initial learning rate of le-4; secondly, fine-tuning 5 epoch
on the downstream dataset, with an initial learning rate of
Se-5. Notably, due to the substantial computational cost,
we trained the model only on PlotQA-D1 and tested it on
PlotQA-D2. In our programmatic solution reasoning frame-
work, we employ Qwen2-7B-Instruct (Yang et al. 2024) as
the base LLM. All experiments were conducted using two
Tesla A100 GPUs.

4.2 Performance Comparison

In Table 1 and 2, we present a comprehensive summary of
VProChart’s performance on three popular datasets. From
these results, we make the following three observations.



Model Size ChartQA PlotQA DVQA
Human Augment Avg PlotQA-D1  PlotQA-D2  Familiar Novel Avg
T5 223M 25.1 41.0 33.1 72.6 56.2 89.0 76.9 83.0
PReFIL - - - - 57.9 10.4 80.9 80.0 80.5
VisionTapas 223M 29.6 614 45.5 65.3 42.5 94.4 95.5 94.9
CRCT - - - - 76.9 34.4 - - 82.1
Pix2Struct 300M 30.5 81.6 56.0 73.2 71.9 - - -
ChartReader - - - 52.6 78.1 59.3 95.4 96.5 96.0
MatCha 300M 38.2 90.2 64.2 92.3 90.7 - - -
UniChart 260M 43.9 87.8 65.8 28.6 21.7 - - -
VPAgent(Ours) 311M 48.1 87.4 67.8 92.6 78.1 98.5 97.1 97.8
VProChart(Ours) 7B+0.3B  57.4 88.0 72.7 94.7 83.5 - - -
Table 1: Comparison results on ChartQA, PlotQA, and DVQA Datasets
Model Size ChartQA Method ChartQA
Human  Aug Avg Human Augment Avg
gaLI(rijf%) 91763B 22431 ggg gg w/o VP alignment 44.1 870  65.6
'wen- . . . . . s
ChartLlama 13B 480 90.4 697 w;o Q—drlvizn chart reasoning jgg 23421 ggé
Chartlnstruct-E 7B 455 878 667 W]o Intra-ClSIEr reasoning ' ' '
ChartInstruct-P 3B+40.3B 50.1 93.8 71.9 w/o cross-cluster reasoning 46.6 87.4 67.0
OneChart 13B+02B  49.1 853  67.2 VPAgent 48.1 874 678
VProChart(Ours) 7B+0.3B 57.4 88.0 72.7

Table 2: Comparison VLM results on ChartQA Dataset

1) Our VPAgent and VProChart method consistently out-
perform other competitors across three datasets in terms
of overall performance. When comparing our VProChart
method with similarly sized large models, the performance
is nearly 5.0% higher compared to the best competitors on
ChartQA. Additionally, when the small VPAgent is used
for basic chart question-answering tasks and compared with
similarly sized fully supervised models, its performance is
higher than the best competitor UniChart by 2%. This indi-
cates that our proposed VProChart method is advantageous
for CQA tasks.

2) Compared to the best competitor ChartInstruct-P, our
VProChart method achieves a performance improvement of
over 7% on “human” set. Even without utilizing additional
training data, the VPAgent surpasses the best competitor,
UniChart, by more than 4% on the human subset. It’s worth
noting that the gap between the small VPAgent and ChartL-
lama on the human subset is less than 1%. This illustrates
that the proposed VProChart approach exhibits strong gen-
eralization and is suitable for real-world CQA tasks.

3) With all methods, the performance scores worsen when
the benchmark changes from augment to human, or from
PlotQA-D1 to D2. This is reasonable because the charts in
the human subset are manually curated, and the questions
entail multi-step complex reasoning. Although PlotQA-D2
lacks manually curated charts, most questions still require
multi-step reasoning.
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Table 3: Ablation study on VPAgent.

4.3 Analysis on VPAgent

VPAgent Ablation. To validate the contribution of the
VP alignment module and the Q-driven reasoning module
within VPAgent, we designed detailed ablation experiments
for VPAgent, as shown in Table 3. Further experiments, in-
cluding the zeroshot study and architecture study, can be
found in the appendix. We use “w/0” to indicate the absence
of a particular module. It is noteworthy that since VP align-
ment is a prerequisite module for Q-driven chart reasoning,
in the “w/o VP alignment” experiment, we substitute the
alignment matrix V with Gaussian noise. We can make the
following three observations:

1) The performance of models missing any component is
significantly lower than VPAgent, demonstrating the effec-
tiveness of our proposed VPAgent for general chart question
answering.

2) Models with the Q-driven chart reasoning module out-
perform those without it, highlighting the overall effective-
ness of the Q-driven chart reasoning module. However, the
model without VP alignment exhibits the lowest perfor-
mance, indicating the importance of incorporating visual
perception into the model.

3) For different versions of the ablation models, the
“human” performance drops much more dramatically than
“Augment”. This is reasonable because “Augment” involves
machine-generated images and questions, where answering
them does not require the same level of visual complexity as
“human” questions.
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Figure 4: Two examples of VProChart. Above and below illustrate two examples from the PlotQA and ChartQA datasets, respectively.

ChartQA-Human

Agent Method
w/o Programmatic ~ w/ Programmatic

Solution Solution
ChartInstruct-E 22.5 28.6 T 6.1
ChartInstruct-P 37.4 432158
ChartGemma 28.0 349169
UniChart 43.9 523184
VPAgent 48.1 574193

Table 4: Ablation study on Programmatic Solution Reasoning. It
is noteworthy that all experiments were reproduced locally.

4.4 Analysis on Programmatic Solution

Programmatic Solution Ablation. In this section, we uti-
lize various chart expert models as agents to investigate the
effectiveness of Programmatic Solution Reasoning. We use
“w/o Programmatic Solution” to indicate the performance of
the original agent and “w/ Programmatic Solution” to repre-
sent the performance of ChartQA under the guidance of the
Programmatic Solution. Considering that the “Augmented”
set almost lacks reasoning issues, our experiments focus on
the ChartQA-Human set, which is rich in reasoning prob-
lems. The experimental results, as shown in Table 4, indicate
that all agents exhibit significant performance improvements
under the guidance of the Programmatic Solution. It demon-
strate that Programmatic Solution Reasoning is a highly ef-
fective method for chart question answering.

4.5 Case Study

To further investigate the capabilities of VProChart, we
selected sample instances from the PlotQA and ChartQA
datasets. Figure 4 illustrates an example from each datasets.
In comparison to MatCha or UniChart, our VProChart yields
predictions that are closer to the ground truth, even with-
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out a Programmatic Solution. This observation underscores
the effectiveness of VProChart. Further illustrative examples
can be found in the Appendix.

5 Conclusion

In this paper, we propose the VProChart, a framework
comprising a VPAgent guided by human visual principles
and Programmatic Solution Reasoning for precise infer-
ence, which presents a novel approach to the ChartQA task.
We conducted comprehensive experiments on ChartQA,
PlotQA, and DVQA, demonstrating the effectiveness of
VProChart, and showing that human visual perception can
significantly enhance the model’s capability in understand-
ing schematic diagrams. In the future, we will continue to
explore the potential of integrating human-like thinking with
programmatic reasoning.
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