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Abstract

Although multimodal large language mod-
els (MLLMs) show promise in generating
chart rendering code, editing charts via code
presents a greater challenge. This task de-
mands MLLMs to integrate chart understand-
ing and reasoning capacities, which are labor-
intensive. While many MLLMs claim such
editing capabilities, current evaluations rely on
limited case studies, highlighting the urgent
need for a comprehensive evaluation frame-
work. In this work, we propose CHARTE-
DIT, a novel benchmark designed for chart
editing tasks, featuring 1405 diverse editing
instructions applied to 233 real-world charts,
each manually annotated and validated for ac-
curacy. Utilizing CHARTEDIT, we evaluate
the performance of 10 mainstream MLLMs
across two types of experiments at both the
code and chart levels. The results suggest that
large-scale models can generate code to pro-
duce images that partially match the reference
images. However, their ability to generate accu-
rate edits according to the instructions remains
limited. The state-of-the-art (SOTA) model
achieves a score of only 59.96, highlighting
significant challenges in precise modification.
In contrast, small-scale models, including chart-
domain models, struggle both with following
editing instructions and generating overall chart
images, underscoring the need for further de-
velopment in this area. Code is available at
https://github.com/xxlllz/ChartEdit.

1 Introduction

Data visualization is a crucial component in vari-
ous fields, enabling individuals and organizations
to present and interpret data effectively (Chen et al.,
2008). However, creating high-quality, visually ap-
pealing charts from scratch can be time-consuming
and often requires extensive adjustments and refer-
ences to documentation. This highlights the need
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Figure 1: Overall pipeline. The inputs are a chart, edit-
ing instruction w/ or w/o code. The MLLMs are in-
structed to generate the edited code. The final evaluation
is constructed at both the code level and chart level.

for more efficient solutions to streamline the visu-
alization process. Previous works have explored
utilizing textual descriptions to generate visualiza-
tion code automatically through the model (Yang
et al., 2024; Zadeh et al., 2024), which significantly
reduces the time and effort required for data visual-
ization, making it more accessible and efficient for
researchers.

Recently, multimodal large language models
(MLLMs) (Liu et al., 2023a; Zhang et al., 2024a;
Guo et al., 2025; Zhang et al., 2025), which lever-
age the rich knowledge in large language models
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(LLMs) (Dubey et al., 2024), have demonstrated
impressive performance in processing and reason-
ing over various modalities, such as image (Wang
et al., 2024b; Yu et al., 2025), video (Li et al., 2024)
and speech (Wang et al., 2024d). However, much
of the existing research in code generation has pri-
marily focused on using text as the sole input (Li
et al., 2022; Luo et al., 2023), leaving the potential
of multimodal information largely unexplored.

Although there have been recent efforts to ex-
plore multimodal code generation in specific areas
like charts (Shi et al., 2024; Zhang et al., 2024c)
and webpages (Yun et al., 2024; Si et al., 2024),
these works typically address direct chart/web-to-
code tasks, which are akin to using code for caption-
ing. These approaches often lack diverse instruc-
tions and fail to account for interactive or iterative
modifications. This raises an important question:
Can current MLLMs function like expert chart ana-
lysts, generating modified chart code based on both
the source chart and detailed editing instructions?

This is a far more complex challenge, as it re-
quires MLLMs to not only extract relevant infor-
mation from the chart but also generate correspond-
ing code and adapt it according to the provided
editing instructions. However, there is currently
no high-quality, diverse benchmark for evaluat-
ing chart editing tasks. Previous works, such as
ChartMimic (Shi et al., 2024), focus mainly on
data-centric modifications, while the ChartLlama
dataset lacks real-world charts, limiting the scope
and relevance of their evaluations.

To address this gap, we introduce CHARTEDIT,
a comprehensive evaluation benchmark consisting
of 233 real-world charts sourced from Arxiv, each
accompanied by manually annotated code and 1405
chart instructions with reference edited code. The
instructions and code are either human-written or
initially generated by LLMs, followed by man-
ual correction and alignment to ensure accuracy.
To ensure diversity, we pre-define 19 chart types
and six types of editing instructions. We also in-
troduce two task formats, input chart w/ code or
w/o code, simulating real-world scenarios that re-
quire code editing from only the charts or charts
with code. Furthermore, we establish and evalu-
ate metrics based on execution rate, code-level ac-
curacy, and chart-level consistency to comprehen-
sively assess MLLMs’ capabilities. These metrics
measure the models’ ability to generate executable
code, maintain editing precision, and ensure con-
sistency across the generated visualizations. We

conduct experiments on three types of MLLMs:
proprietary, general-domain open-source and chart-
domain models. The results reveal that, despite
notable advancements, state-of-the-art open-source
models still show performance gaps compared to
GPT-4o. Additionally, current small-scale MLLMs,
including chart-domain models, continue to face
significant challenges in generating editing code
that accurately follows the instructions. Further-
more, we also investigate the impact of Chain-of-
Thought (CoT) prompting (Wei et al., 2022) and
analyze the models’ performance across various
editing instructions and chart types.

2 Related Works

2.1 Chart-Domain MLLMs

Recently, MLLMs have achieved superior perfor-
mance on many visual tasks by leveraging con-
nectors to bridge the gap between large language
models and vision encoders (Liu et al., 2023a,b).
As a significant image type, chart-related tasks
have received much attention. Previous works
utilize a two-stage method that first extracts in-
formation from the chart and then utilizes lan-
guage models to process the information (Liu et al.,
2022). Currently, end-to-end MLLMs are utilized
to solve chart-related tasks with a unified model.
ChartLlama (Han et al., 2023) direct finetuning
based on the existing LLaVA (Liu et al., 2023b).
mPLUG-Owl (Ye et al., 2023) and mPLUG-Owl2
(Ye et al., 2024) achieve superior performance
on high-resolution chart images. ChartVLM (Xia
et al., 2024) utilizes a discriminator to determine
whether intervention from the LLMs is required for
a specific query. TinyChart (Zhang et al., 2024b)
proposes the token merging and PoT-based rea-
soning strategy to improve inference efficiency
and understanding capacity. ChartMoE (Xu et al.,
2024) utilize the Mixture-of-Expert (MoE) method
to align many data formats with charts.

2.2 MLLMs For Code

Previous advancements in LLMs have significantly
contributed to code-related tasks. Notable mod-
els, such as DeepSeek Coder (Guo et al., 2024)
and StarCoder (Lozhkov et al., 2024), have demon-
strated substantial progress in tasks like code gen-
eration and error fixing. However, these models
typically operate in a single-modal setting, rely-
ing on textual input, which limits their ability to
address the complexity and range of problems.
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Name Output w/ Real w/ Cor. Diverse Open Editing Instruction
Format Chart Code Types Domain Data Format Layout Style Text

ChartCraft (Yan et al., 2024) Json ✗ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✗
Plot2Code (Wu et al., 2024) Code ✓ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗
ChartX (Xia et al., 2024) Code ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗
AcademiaChart (Zhang et al., 2024c) Code ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗
ChartMimic (Shi et al., 2024) Code ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗

CHARTEDIT (OURS) Code ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: The comparison of our proposed CHARTEDIT evaluation benchmark with other chart-related benchmarks.
CHARTEDIT is the first evaluation benchmark, and it contains various editing instructions and reference codes.

Multimodal code generation has recently gained
significant attention. Several works, like De-
sign2Code (Si et al., 2024) and Web2Code (Yun
et al., 2024), focus on assessing the capacities of
MLLMs in generating HTML code for web pages.
RoboCodeX (Mu et al., 2024) proposes a multi-
modal code generation framework for robot be-
haviour synthesis. The field of chart-to-code gen-
eration has also attracted considerable attention
(Zhao et al., 2025), as it focuses on generating
code that accurately reproduces a given chart image.
This task is challenging due to the complex visual
elements in charts, demanding advanced models to
accurately translate them into functional code. Re-
cent works (Wu et al., 2024; Xia et al., 2024; Zhang
et al., 2024c) evaluate the capacities of MLLMs in
this context. Although some works like (Xia et al.,
2024; Shi et al., 2024) have considered this prob-
lem, the editing instructions in their works only
focus on one type of modification, which is not
diverse enough.

3 CHARTEDIT

In this section, we first introduce the definition of
the chart editing task and illustrate the data collec-
tion and organization pipeline of CHARTEDIT.

3.1 Task Definition
In this work, we aim to leverage MLLMs to edit
charts and generate the corresponding code as in-
structed. The task can be summarized as follows:
given a chart image X from Arxiv papers, along
with an editing instruction I , the model is expected
to generate the corresponding visualization code
after applying the edits, regardless of whether the
original code C is provided. Thus, the task can be
represented as:

O = M(X ∨ (X,C), I) (1)

where M denotes the processing model. X ∨
(X,C) indicates that the model can either receive

X (Chart w/o Code) or (X,C) (Chart w/ Code) as
input. O is the output code in Python, which uti-
lize libraries like Matplotlib and Seaborn to plot
the edited chart.

3.2 Data Construction

3.2.1 Chart Collection and Filtering
In this study, to collect real-world chart images,
we begin by crawling papers published on Arxiv
using web scraping tools like BeautifulSoup. To
ensure the quality of the collected images, we first
retrieve the IDs and comments of papers published
on Arxiv, then filter the papers by selecting those
whose comments include keywords such as “sub-
mit”, “accept”, “under review” and “camera ready”.
After this filtering step, we use the ArXiv API to
download the LaTeX source files for the selected
papers. After downloading the source files, we
remove irrelevant files based on their suffixes, re-
taining only those ending in .png, .pdf, .jpg, and
.svg. However, many of these images are not
charts that can be reproduced by visualization code.
To filter out high-quality chart images, we employ
a two-step process. First, we use an MLLM to
assess whether each image is a chart through zero-
shot prompting. Despite this assessment, we found
that many low-quality chart images remained. To
address this, we developed a scoring mechanism,
instructing the MLLM to evaluate the images based
on four criteria: Aesthetics, Readability, Repro-
ducibility, and Data Presentation Simplicity. Each
image is assigned a total score of 100, and we filter
out those scoring below 90. After completing this
two-step filtering process, we are left with more
than 1, 000 high-quality chart images.

3.2.2 Code Annotation
While we have collected a sufficient number of
chart images, the charts crawled from Arxiv do
not include the code required for reproduction. To
refine our dataset and facilitate the extraction of

3618



Source filter

Multimodal Self-Instruct: Synthetic 
Abstract Image and Visual 
Reasoning Instruction Using 
Language Model

Comments: The paper is accepted by
EMNLP-24.

Thu, 3 Oct 2024 13:12:06 UTC (5,959 KB)

• TeX Source

Chart collection

Unzip

Filter suffix

Determine whether 
it is a chart?

Evaluate across 
four criteria, with a 
total score of 100.

< 90

>= 90

LLM-generation Manually-written

233 <Chart, Code> 1405 <Chart, Instruction, Code>
Manually check and modification

Code annotation

19 types

Instruction generation

PairsDownload

Human annotation

Figure 2: The pipeline for constructing the CHARTEDIT evaluation dataset begins with filtering and crawling ArXiv
papers based on keywords found in their comments. After that, we remove irrelevant files by filtering out specific
suffixes. We then use an MLLM to distinguish and filter out non-chart images, scoring the remaining images. These
images are further screened based on these scores and reviewed by human evaluators. Also, Code annotations are
manually written by human evaluators. The editing instructions and reference edited code are constructed utilizing
two strategies: one based on LLM and the other manually written. Finally, all the <Chart, Instruction, Code> triplets
are reviewed and modified by human evaluators to enhance correspondence and accuracy.

edited code, we manually filter and write Python
code that can reproduce the corresponding charts.
However, some chart types are still missing. To
address this, we supplement the dataset with addi-
tional charts from other platforms, such as Kaggle
and the Matplotlib gallery (Hunter, 2007). To pre-
vent data leakage, we manually modify the code to
generate visually distinct versions of the original
charts. As a result, we have successfully obtained
233 charts, along with their corresponding code,
forming <chart, code> source pairs.

3.2.3 Instruction Generation

After obtaining the chart source code, we propose
two approaches for constructing editing instruc-
tions: (1) LLM-based generation and (2) human-
written instructions. In the LLM-based approach,
we predefine five key editing categories: style, for-
mat, layout, data, and text, each with multiple spe-
cific subtypes. By providing the LLM with both the
source code and the chart image, we prompt it to
generate editing instructions and the corresponding
edited code. To ensure a diverse set of outputs and
minimize errors, we generate at least three varia-
tions for each chart and instruction type. To ensure
the instructions and code are rigorous and aligned
with human expectations, we manually verify and
modify all instructions, code, and edited images
for consistency. This process results in a total of
1, 172 <chart, instruction, code> triplets. While
LLM-based generation can produce a large volume
of triplets, the diversity of descriptions and their

Figure 3: The number and specific proportions of dif-
ferent types of editing instructions in our CHARTEDIT
evaluation benchmark.

relevance to real-world needs may be constrained
by inherent biases in LLM outputs. To mitigate this
limitation, we manually write one editing instruc-
tion for each chart with reference code, ensuring
that the dataset more closely aligns with real-world
requirements.

3.3 Dataset Statistics and Analysis
Using LLM generation and manual annotation,
we construct our evaluation benchmark, CHARTE-
DIT, which comprises 233 <chart, code> pairs and
1, 405 <chart, instruction, code> triplets. We fur-
ther analyze the diversity of CHARTEDIT from both
chart and instruction perspectives. To ensure a di-
verse selection of chart types, we have predefined
19 distinct chart categories, carefully curating in-
stances for each type. The distribution of these
chart types is provided in the Appendix A.2. Addi-
tionally, we enhance the diversity of editing instruc-
tions by classifying them into six categories: five
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Figure 4: The dimension reduction of the editing in-
structions in CHARTEDIT with various colors represents
different editing types. We choose the Sentence-BERT
(Reimers, 2019) as the embedding model.

generated by LLMs, as outlined in Section 3.2.3,
and one written by humans. The proportions of
each editing category are shown in Figure 3. In ad-
dition to exploring the diversity of editing types, we
also examine the different formats in which these
instructions are presented, including plain text de-
scriptions, code symbols such as marker=’*’, and
hexadecimal color codes like color=’#ABCDEF’.
We embed these editing instructions and compare
them with instructions from other chart-to-code
benchmarks using dimensionality reduction tech-
niques. The result in Figure 4 shows embedding
after dimension reduction, which indicates that dif-
ferent editing types are generally separated, and
the human-written instructions almost cover all the
instruction types.

4 Experiments

4.1 Baselines

To facilitate a more effective comparison of ex-
isting MLLMs in chart editing tasks, we bench-
mark three categories of widely used MLLMs: pro-
prietary, open-source general-domain, and chart-
domain models. (1) Proprietary Models: We eval-
uate two top-performing models in the multimodal
domain: GPT-4o (OpenAI, 2024) and Claude-3.5-
Sonnet (Anthropic, 2024) which represent the cut-
ting edge in the multimodal domain. (2) Open-
Source General-Domain Models: We select five
competitive open-source models from a variety of
sizes, listed in descending order of total parameters.
These models include InternVL-V2.5-78B (Chen
et al., 2024), Qwen2-VL-72B (Wang et al., 2024a),

Statistic Value
Charts
Total Chart 233
Types 19
Average size (px) 876×575
Maximum size (px) 3000×1600
Instruction
Total Instruction 1405
Edit Types 6
Code
Average Length 650
Maximum Length 3310

Table 2: ChartEdit dataset statistics. The code length is
calculated based on the number of tokens utilizing the
Llama3.2 tokenizer (Dubey et al., 2024).

LLaVA (Liu et al., 2023b), InternVL-V2.5-8B and
Phi-3.5-Vision (Abdin et al., 2024). These models
represent the base models commonly used in the
multimodal domain. (3) Chart-Domain Models:
For this category, we focus on models already de-
signed for chart-to-code generation tasks, including
ChartLlama (Han et al., 2023), TinyChart (Zhang
et al., 2024b), and ChartMoE (Xu et al., 2024).

For the evaluation, we use the direct instruc-
tion prompting method across all models. Detailed
prompts and implementation steps are provided in
the Figure 11.

4.2 Evaluation Metrics

Given the lack of established evaluation metrics
for assessing the completeness of image editing,
we draw inspiration from recent research that uses
LLMs as evaluators (Gu et al., 2024; Zheng et al.,
2024). In this work, we leverage GPT-4o to evalu-
ate two key aspects: first, whether the generated
code aligns with the provided editing instructions,
and second, whether the generated code effectively
produces the intended chart. Therefore, we pro-
pose evaluating both the code level and the chart
level. The code-level evaluation is based on the
source code, editing instructions, and output code.
We use GPT-4o to score the models on two aspects:
Modification Accuracy and Code Completeness.
Building on related approaches (Shi et al., 2024;
Zhang et al., 2024c), we also evaluate the model’s
overall generation capabilities at the chart level.
This evaluation is performed by comparing how
closely the generated chart reproduces the refer-
ence edited chart (manually created). The results
reflect the degree of completeness of the gener-
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Model
Chart w/o Code Chart w/ Code

Exec.Rate Code-Level Chart-Level Exec.Rate Code-Level Chart-Level

Proprietary Models
GPT-4o (OpenAI, 2024) 91.46 59.96 79.87 98.89 89.96 93.68
Claude-3.5-Sonnet (Anthropic, 2024) 88.22 47.32 54.92 89.50 88.99 81.68

Open-Source General-Domain Models
InternVL2.5-78B (Chen et al., 2024) 79.66 55.67 70.77 94.31 92.56 92.81
Qwen2-VL-72B (Wang et al., 2024a) 81.65 46.67 64.06 86.09 90.30 79.51
InternVL2.5-8B (Chen et al., 2024) 62.37 39.24 45.85 85.20 90.16 87.36
Phi3.5-Vision (Abdin et al., 2024) 67.13 40.19 37.65 74.44 82.31 89.16
LLaVA-13B (Liu et al., 2023b) 48.75 11.35 16.71 30.44 71.88 25.82

Chart-Domain Models
ChartMoE (Xu et al., 2024) 53.44 21.60 34.73 81.89 84.87 89.31
ChartLlama (Han et al., 2023) 52.30 15.82 27.42 46.34 50.18 47.00
TinyChart (Zhang et al., 2024b) 36.13 18.34 25.09 3.51 18.40 2.54

Table 3: Evaluation results of various baseline models on Chart w/o Code and Chart w/ Code tasks. The performance
is evaluated from three aspects: the code Execution Rate, Code-Level, and Chart-Level scores. The best performances
are indicated in bold.

Model Types Layout Text Data Style Clarity

GPT-4o 18.35 9.49 15.26 14.87 13.55 8.53
InternVL2.5-78B 16.25 9.03 13.13 13.59 11.12 7.91
InternVL2.5-8B 10.22 7.68 8.21 7.21 6.19 6.34
TinyChart 4.99 4.60 4.39 3.71 3.41 4.16

Table 4: Detailed results of Chart-Level scores on Chart
w/o Code task.

Model Modification Acc Code Complete

GPT-4o 30.67 29.29
InternVL2.5-78B 29.05 26.62
InternVL2.5-8B 20.16 19.08
TinyChart 6.46 11.88

Table 5: Detailed results of Code-Level scores on Chart
w/o Code task.

ated chart image. Following (Shi et al., 2024), we
also utilize GPT-4o to evaluate six aspects: Types,
Layout, Text, Data, Style, and Clarity. Detailed
information is provided in the Figure 13.

4.3 Main Results

The main results for all the MLLMs are presented
in Table 3. Although open-source models have
made significant strides, and in some cases even
outperformed GPT-4 in various tasks (Masry et al.,
2022; Zhang et al., 2024a), there is still a noticeable
gap when it comes to handling complex multimodal
tasks (Wang et al., 2024c; Shi et al., 2024). In our
experiments, GPT-4o delivers the best performance
on the Chart w/ Code task, achieving the high-
est Execution Rate, Code-Level, and Chart-Level
scores. However, the Code-Level score is still not
high enough, indicating that GPT-4o faces chal-
lenges with precise editing. Among open-source

MLLMs, InternVL2.5-78B achieves the best per-
formance, but it still lags behind GPT in terms of
code execution rate and chart-level metrics. Our
analysis shows that the largest gap between propri-
etary and open-source models lies in generating the
complete code corresponding to an image. There
is little difference in instruction-following ability
between the two, and both struggle with detailed
modifications in chart editing. The chart-domain
models perform worse in this task, and we believe
this is due to the current limitations of MLLMs in
the chart-domain, particularly in handling editing
tasks. Although TinyChart (Zhang et al., 2024b)
and ChartLlama (Han et al., 2023) have been fine-
tuned on relevant datasets, both lack the ability to
follow editing instructions effectively. The instruc-
tions in chart editing are much more diverse than
those in direct chart-to-code generation tasks.

In the Chart w/ Code task, providing the source
code of the input chart leads to significant perfor-
mance improvements across all proprietary and
open-source general-domain models. These mod-
els can generate more accurate code, which we be-
lieve is due to the source code supplying essential
information, such as the chart’s data, text, and style.
This significantly alleviates the challenge for the
model in extracting relevant information from the
chart itself. In this context, the task becomes more
like editing the code with the chart images serving
as auxiliary context, which is much easier than the
Chart w/o Code task. However, we observe that
most Chart-Domain models perform significantly
worse in this setting. Upon analyzing TinyChart,
we found that it lacks training data for relevant
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Figure 5: The result comparisons between GPT-4o and
InternVL2.5-78B in direct and zero-shot Cot prompting
setting. In most cases, the effect of CoT prompting
shows a negligible improvement over direct prompting.

tasks, especially those involving longer code snip-
pets in the input. ChartLlama claims to support
chart editing, but the diversity of chart types and
editing instructions in its training data is limited.
As a result, its performance decreases slightly when
faced with inputs that include code. Overall, tasks
with code are generally easier than those without,
denoting chart-domain models still require substan-
tial improvements in handling diverse instructions.

The detailed scores of the chart-level are pre-
sented in Table 4, and we select four models for
analysis. Since the Chart w/o Code task is signifi-
cantly more challenging, we only provide detailed
scores for this task. The result shows that the perfor-
mance gaps between proprietary and open-domain
models are most noticeable in the text, data, and
style aspects, which are key pieces of information
in the chart. Table 5 presents the detailed scores
at the code level, highlighting that there remains a
gap between the state-of-the-art open-source mod-
els and proprietary models in generating complete
code. At the same time, the large-scale model has
a significant advantage over the small-scale model
in terms of modification accuracy.

Furthermore, we also recruit human evaluators
to score the editing results of four popular MLLMs.
Details about the results are listed in Appendix A.3.

5 Discussion

In this section, we conduct many analyses to an-
swer the following questions.

RQ1: Is Chain-of-Thought (CoT) prompting
useful for MLLMs in chart editing tasks for
proprietary models? Answer: No. In the CoT
setting, we provide MLLMs with zero-shot prompt-
ing, instructing them to first understand the source
chart, then analyze the editing instructions, and
finally generate the code. However, the result in

Figure 6: A comparison of task performance among
GPT-4o, InternVL2.5-78B, and InternVL2.5-8B across
both code-level and chart-level tasks in various instruc-
tion categories.

Figure 7: A comparison of task performance among
GPT-4o, InternVL2.5-78B, and InternVL2.5-8B across
both code-level and chart-level tasks in various chart
categories.

Figure 5 shows whether using proprietary models
or open-source models, CoT prompting shows al-
most no improvement in performance. We analyze
the thought process of GPT-4o and find that while
CoT helps the model better understand the com-
ponents in the chart and the editing instructions,
it does not result in more accurate code genera-
tion. The detailed CoT prompts are provided in the
Figure 11.

RQ2: How does the performance of MLLMs
vary across different types of editing instruc-
tions? In Figure 6, we compare the performance
across different types of editing tasks and find that
models are much more effective at generating code
to modify chart types. Our analysis reveals that un-
like tasks requiring first grounding and then modi-
fication of specific elements, the format conversion
task focuses on altering the overall visual represen-
tation of the chart, which makes it easier to edit
the code. However, at the chart level, model perfor-
mance on format conversion tasks is limited. This
suggests that while models can change the chart
type effectively, they still struggle with more com-
plex modifications involving other elements and
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Figure 8: Case studies comparing the state-of-the-art proprietary model GPT-4o with a popular used open-source
general-domain model InternVL2.5-8B. Generally, GPT-4o could perform better in a wide range of chart editing
tasks, although there are still some tasks it struggles with. InternVL2.5-8B performs reasonably well in handling
common chart types like bar and line charts, but it struggles with more complex editing instructions.

Figure 9: A comparison of error types of output
code generated by GPT-4o, InternVL2.5-78B, and
InternVL2.5-8B.

fail to capture all the details of the chart.

RQ3: How does the performance of MLLMs
vary across different types of charts? Figure 7
illustrates model performance across different chart
types. The results show that the most significant
performance discrepancy between open-source and
proprietary models occurs with venn diagrams. Ad-
ditionally, noticeable differences emerge in han-
dling more complex chart types, such as errorbar
and multi charts. Upon further analysis, we found
that the comparable performance of InternVL2.5-
7B and GPT-4o on the code-level tasks is since this
metric primarily evaluates the models’ capacity to
follow instructions. Since most editing instructions

for venn diagrams do not require altering the chart
type itself, the performance gap at the code level is
smaller than at the chart level.

RQ4: How do the error types of generated
code vary across MLLMs? Figure 9 shows the
types of runtime errors generated by different mod-
els. The results reveal that ValueError consti-
tutes the largest proportion of errors, accounting
for more than half of the total. Interestingly, the
proportion of errors excluding ValueError tends
to decrease as the model’s performance improves.
Our analysis suggests that as code generation ca-
pabilities improve, many common errors are effec-
tively mitigated while more complex issues related
to data processing persist.

6 Conclusion

In this work, we introduce CHARTEDIT, a high-
quality benchmark that includes various types of
editing instructions, each of which is either man-
ually written or first generated by an LLM and
then manually corrected. We evaluate performance
across proprietary, open-source general-domain,
and chart-domain models. The results demonstrate
that proprietary models consistently outperform
others in both following editing instructions and
generating accurate chart images. Additionally, we
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observe that current chart-domain models generally
struggle with complex instructions and handling
diverse inputs. We believe that automated chart
editing in academic research holds great promise,
but MLLMs need to further improve their ability
to effectively process chart images.

Limitation

From our perspective, our work has several limita-
tions: (1) Our works only consider textual prompts
such as Chain-of-Thought. However, more vi-
sual prompt methods could be evaluated. (2) The
dataset size may not be enough in some situations.
Maybe a much larger evaluation benchmark could
help to find more interesting findings. (3) More
accurate evaluation methods. Our code-level and
chart-level metrics are evaluated via LLM, so a
better calculation method could be proposed.

Ethical Statement

Our research employs publicly available models
and data with proper citations. This approach min-
imizes the risk of generating toxic content, lever-
aging the widely used and non-toxic nature of our
datasets and prompts.
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A Appendix

A.1 Instruction Generation Details
In data generation, we use InternVL2.5-78B to eval-
uate whether the images crawled from Arxiv are
charts and to score the quality of these chart im-
ages. Charts with scores above 90 pass the initial
filtering.

A.2 Chart Statictic
We present the count of each chart type in Table 6.
The largest proportions are observed in bar and line
charts, which are the most common chart types in
Arxiv papers.

Chart Type Count Chart Type Count

line 62 bar 41
multi 22 heatmap 21
radar 13 scatter 12

errorbar 10 pie 10
violin 7 combination 6
box 5 errorpoint 4
hist 4 3d 3
inset 3 multidiff 3

hexbin 2 stack 2
venn 2

Table 6: Count of Each Chart Type in the Dataset

A.3 Human Evaluation
We recruit human evaluators to evaluate four pop-
ular MLLMs on the Chart w/o Code setting with
criteria denoted in Figure 10. The results are listed
below Table 7, which show alignments between
code-level with the human evaluations.

Model Editing Other Sum

GPT-4o 3.88 3.07 6.95
InternVL2.5-72B 3.08 2.36 5.44
InternVL2.5-8B 1.62 1.25 2.87
ChartMoE 1.21 1.03 2.24

Table 7: The results of human evaluation on four popular
MLLMs

A.4 Prompts
For the chart editing task, we utilize prompts in
Figure 11 to instruct MLLMs to generate the edited
code. For evaluation metrics, we utilize prompts in
Figure 12 and Figure 13 to evaluate the code-level
and chart-level scores.

Human Evaluation Instruction

You are a human evaluator. Please evalu-
ate and score the completion degree of the
chart editing based on the following scoring
criteria.

1. How well does the edited chart follow
the given instructions?

Score Criteria
4 The edited instructions are per-

fectly performed with no errors.
4 Instructions are generally fol-

lowed, with minor deviations
(e.g., small formatting differ-
ences).

3 Key edits are applied, but some
instructions are missed or incor-
rect.

2 Only a few edits are correct; ma-
jor deviations remain.

1 Minimal adherence; the gen-
erated chart barely reflects re-
quested changes.

0 Exec failure or nothing corre-
sponding to the instructions are
edited.

2. How well does the edited chart retain
non-instructed editing elements from the
original?

Score Criteria
5 All the elements (labels, scales,

styles) except those instructed
for editing remain identical.

4 Minor unintended changes (e.g.,
slight font size differences).

3 Some unmodified elements are
altered but the charts are gener-
ally similar.

2 Significant unintended changes
(e.g., missing lots of details).

1 Most original elements are lost
or distorted.

0 Exec failure or all the other com-
ponents are failed to construct.

Final Score: Sum of both dimensions (max
10 points).

Figure 10: Human evaluator evaluation instructions
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Prompt for Edited Code Generation

Edited code generation without code (Chart w/o Code)
You are an expert Python developer specializing in generating matplotlib code based on style
modification instructions. I will provide you with a reference image and a set of style modification
instructions. Your task is to generate the corresponding Python code according to the modification
instructions and ensure that other parts remain unchanged except for the modified content. The
required modifications are as follows: {instruction} and figure size is set to {figsize}, and the
generated code should be executable without requiring further modifications. Now, generate
the Python code that produces a chart reflecting these changes. The code should be wrapped in
```python\n```

Edited code generation with code (Chart w/ Code)
You are an expert Python developer specializing in generating matplotlib code based on style
modification instructions. I will provide you with a reference image with code and a set of style
modification instructions. Your task is to generate the corresponding Python code according to the
modification instructions and ensure that other parts remain unchanged except for the modified
content. The reference is: {code} and the required modifications are as follows: {instruction}
and figure size is set to {figsize}, and the generated code should be fully executable without
requiring further modifications. Now, generate the Python code that produces a chart reflecting
these changes. The code should be wrapped in ```python\n```

Edited code generation without code of CoT (Chart w/o Code with CoT)
You are an expert Python developer specializing in generating matplotlib code based on style
modification instructions. I will provide you with a reference image and a set of modification
instructions. Your task is to generate the corresponding Python code according to the modification
instructions and ensure that other parts remain unchanged except for the modified content. The
required modifications are as follows: {instruction} and figure size is set to {figsize}, and the
generated code should be fully executable without requiring further modifications. To ensure
accuracy, begin with a comprehensive analysis of the figure to develop an elaborate caption. This
caption should cover, but not be limited to, the following aspects:
1. Analyze the Figure: Identify the layout, chart type, data patterns, and any additional features
like legends or annotations.
2. Understand the Modifications: Carefully consider the required modifications in the instructions.
3. Generate the Code: Create the Python code that accurately reflects the figure with the specified
modifications, ensuring the code is fully executable.
Once you’ve completed these steps, generate the corresponding Python code. The code should be
wrapped in ```python\n```

Figure 11: Prompt for generating the edited code.
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Prompt for Code Level Evaluation

You are an expert evaluator tasked with assessing the performance of a model on a Python code
generation task. You will be provided with the original Python code, the instructions given to the
model, and the code generated by the model.
The original code: {source code}
Instructions: {description}
The generated code: {generated code}

Scoring Methodology:
The AI-generated code score is based on the following criteria, totaling a score out of 100:
1. Modification Accuracy (50 points):
– Does the model make accurate and comprehensive modifications based on the instructions?
2. Code Completeness (50 points):
– Is the generated code completely detailed and precise?

Evaluation:
Compare the two Python code files and provide a detailed assessment. Use the following format
for your response:
Comments:
– Modification Accuracy: your comment and subscore
– Code Completeness: your comment and subscore
Score:
– Your final score out of 100

Please ensure the evaluation is clear and comprehensive.

Figure 12: Prompt for code-level evaluation. source code and generated code are the human annotated and MLLM
generated code receptively. description is the editing instructions.
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Prompt for Chart Level Evaluation

You are an excellent judge at evaluating visualization chart plots. The first image (reference image)
is created using ground truth matplotlib code, and the second image (AI-generated image) is
created using matplotlib code generated by an AI assistant. Your task is to score how well the
AI-generated plot matches the ground truth plot.
Scoring Methodology:
The AI-generated image’s score is based on the following criteria, totaling a score out of 100
points:
1. Chart Types (20 points):
– Does the AI-generated image include all chart types present in the reference image (e.g., line
charts, bar charts, etc.)?
2. Layout (10 points):
– Does the arrangement of subplots in the AI-generated image match the reference image (e.g.,
number of rows and columns)?
3. Text Content (20 points):
– Does the AI-generated image include all text from the reference image (e.g., titles, annotations,
axis labels), excluding axis tick labels?
4. Data (20 points):
– How accurately do the data trends in the AI-generated image resemble those in the original image
and is the number of data groups the same as in the reference image?
5. Style (20 points):
– Does the AI-generated image match the original in terms of colors (line colors, fill colors, etc.),
marker types (point shapes, line styles, etc.), legends, grids, and other stylistic details?
6. Clarity (10 points):
– Is the AI-generated image clear and free of overlapping elements?
Evaluation:
Compare the two images head to head and provide a detailed assessment. Use the following
format for your response:
Comments:
– Chart Types: your comment and subscore
– Layout: your comment and subscore
– Text Content: your comment and subscore
– Data: your comment and subscore
– Style: your comment and subscore
– Clarity: your comment and subscore
Score:
– Your final score out of 100

Please use the above format to ensure the evaluation is clear and comprehensive.

Figure 13: Prompt for chart-level evaluation.
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