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Abstract

Vision-Language Models (VLMs) have demon-
strated impressive capabilities in code gener-
ation across various domains. However, their
ability to replicate complex, multi-panel visu-
alizations from real-world data remains largely
unassessed. To address this gap, we introduce
RealChart2Code, a new large-scale bench-
mark with over 2,800 instances grounded in
authentic datasets and featuring tasks with clear
analytical intent. Crucially, it is the first bench-
mark to systematically evaluate chart genera-
tion from large-scale raw data and assess itera-
tive code refinement in a multi-turn conversa-
tional setting. Our comprehensive evaluation
of 14 leading VLMs on RealChart2Code re-
veals significant performance degradation com-
pared to simpler benchmarks, highlighting their
struggles with complex plot structures and au-
thentic data. Our analysis uncovers a substan-
tial performance gap between proprietary and
open-weight models and confirms that even
state-of-the-art VLMs often fail to accurately
replicate intricate, multi-panel charts. These
findings provide valuable insights into the cur-
rent limitations of VLMs and guide future re-
search directions. We release the benchmark
and code at https://github.com/Speaknow/
RealChart2Code.

1 Introduction

Recent advancements in Al research have demon-
strated the powerful code generation capabilities
of LLMs (OpenAl, 2023, 2025; Anthropic, 2023;
Team, 2024; Roziere et al., 2023; Hui et al., 2024;
MistralAl, 2024; Team et al., 2025b; Cao et al.,
2026; Team, 2025), which have solved coding
challenges in domains such as software engineer-
ing (Jimenez et al., 2023; Zhang et al., 2025b;
Pan et al., 2025; Shum et al., 2025), code com-
pletion (Ding et al., 2023; Yang et al., 2024; Gong
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Table 1: Comparison of RealChart2Code with existing
chart-to-code benchmarks.

et al., 2024; Zhang et al., 2026a), and algorithmic
problem-solving (Chen et al., 2021a; Zhuo et al.,
2025; Jain et al., 2024). Chart-to-code generation is
another prominent application area, where the goal
is to reproduce the visualization code from an im-
age. This capability fulfills a frequent and practical
user need by enabling users to recover the underly-
ing visualization logic from static images, which
is especially valuable when the original code is un-
available and the chart needs to be edited, extended,
or reused in different contexts. However, while cur-
rent VLMs excel at creating simple, single-panel
charts, they struggle to generate plots with multiple
subplots and intricate composite layouts, especially
when derived from large, complex structured data.
As illustrated in Figure 1, a state-of-the-art model
fails to accurately replicate the intended multi-plot
structure.

Prior benchmarks for chart-to-code generation
have primarily focused on simple chart types and
single-panel layouts. They often rely on either pre-
existing chart-code pairs from the internet, which
pose a risk of data leakage, or on synthetic data cre-
ated to replicate figures from scientific papers (e.g.,
Plot2Code (Wu et al., 2024), ChartMimic (Yang
et al., 2025)). Furthermore, they lack metrics for
evaluating a model’s ability to refine code in multi-
turn conversation. With the rapid advancement of
LLMs, such benchmarks are no longer sufficient
for evaluating a model’s ability to handle chart-to-
code tasks involving complex, real-world data and
intricate plot structures.

To systematically evaluate these capabilities,
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Figure 1: A real-world example illustrating the limitations of LLMs on complex chart-to-code tasks. When presented
with a sophisticated request, the model generates a low-quality output and struggles to make effective improvements

during the subsequent refinement process.

we introduce RealChart2Code, a new large-
scale benchmark comprising 2896 instances.
RealChart2Code is distinguished from prior work
in four key aspects, as illustrated in Table 1. @
First, it is grounded in realistic visualization sce-
narios and utilizes authentic datasets, in contrast
to benchmarks that rely on synthetic data or ar-
bitrary constructions. @ Second, it introduces a
significantly higher level of complexity by incor-
porating intricate chart structures and a diverse
range of chart types. ® Third, it features an in-
teractive chart-to-code framework that simulates
real-world development workflows. @ Finally, it
incorporates three challenging tasks designed to
comprehensively evaluate model capabilities in
generating complex visualizations, understanding
chart semantics, and modifying plots. Specifically,
we construct the benchmark by rigorously filtering
high-quality datasets from Kaggle (Kaggle, 2025),
manually designing complex visualization tasks,
and implementing the corresponding ground-truth
code. Furthermore, we construct realistic chart
refinement contexts by manually designing errors
and correction instructions, ultimately yielding a
comprehensive benchmark grounded in authentic
development scenarios.

We evaluate 14 prominent VLMs on the
RealChart2Code benchmark, including 5 propri-
etary and 9 open-weight models. We observe that
most models that perform well on simple bench-
marks fail to achieve comparable performance on
RealChart2Code, primarily due to difficulties in
handling complex chart structures and large-scale,
authentic data. To validate our quantitative results,
we conduct a human evaluation that manually in-
spects the correctness and fidelity of the generated
visualizations. A subsequent correlation analysis
(§ 5.1) demonstrates a strong correlation between

our multi-level metrics and human judgments. Fi-
nally, we perform extensive quantitative analysis
and qualitative case studies (§5.2) on model per-
formance across multiple benchmarks (§5.3). This
analysis reveals key similarities and differences in
model capabilities across tasks of varying difficulty
and types, providing valuable insights to guide fu-
ture research.

2 Related Works

2.1 Code Generation

Recent advances in Large Language Models
(LLMs), including general-purpose models (e.g.,
GPT (OpenAl, 2023), Claude (Anthropic, 2023),
Gemini (Team, 2024)) and specialized code models
(e.g., Qwen-Coder (Hui et al., 2024), DeepSeek-
Coder (Guo et al., 2024), Codestral (MistralAl,
2024)), have demonstrated powerful coding capa-
bilities (DeepSeek-Al and etc., 2024; Roziere et al.,
2023; Team et al., 2025b,a). While conventional
tasks like algorithmic problem-solving (Chen et al.,
2021a; Zhuo et al., 2025) and software engineer-
ing (Jimenez et al., 2023; Zhang et al., 2025b) are
evaluated on functional correctness (Chen et al.,
2021b), this paper focuses on data visualization,
a domain where generated code must produce a
visually accurate output, a requirement shared by
front-end design (Xu et al., 2025; Lu et al., 2025;
Chen et al., 2025) and SVG generation (Xing et al.,
2025).

2.2 Data Visualization

Prior LLM-based data visualization research spans
three main areas. The first, chart understanding,
focuses on interpreting visual information from
plots for tasks like question answering or sum-
mary generation (Li et al., 2024; Zeng et al., 2024;
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Implement Missing Chart Overlays and Components:

* Subplot (0,1): Overlay a violin plot on the existing box

plot to show the full distribution shape of mileage for each

price quartile.

*  Subplot (1,0): This subplot needs two major
corrections. First, it must include the 'Medium' and 'High'
price segments on the x-axis for comparison. Second,
overlay a strip plot (or swarm plot) on the box plots to
visualize the individual data points for acceleration
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import matplotlib.pyplot as plt
import numpy as np

import seaborn as sns

from matplotlib.gridspec import
GridSpec

from scipy import stats

=P axl = fig.add_subplot(gs[0, 01) =P
axl.scatter(reds_train, v8_train,
alpha=0.4, s=10, c=train_color,
label='Train Dataset')
axl.scatter(reds_test, v8_test,
alpha=0.4, s=10, c=test_color,
label='Test Dataset’)

plt.show()

Q Visualization Code J 1 lI Generated Chart J

import
import
import

pandas as pd
matplotlib.pyplot as plt
numpy as np

Anime & Manga: Popularity Metrics vs Quality Ratings
Comprehensive Correlation Analysis

import seaborn as sns 51N

from scipy import stats o
from matplotlib.gridspec import B
GridSpec /

# Load data

anime_df = pd.read_csv('anime.csv')
manga_df = pd.read_csv('manga.csv')

ax4.set_xticks(range(len(corr_matrix
.columns))) §e
ax4.set_yticks(range(len(corr_matrix
.columns)))

plt.show()

.- o1
P> Visualization Code ]

import pandas as pd

import matplotlib.pyplot as plt

import numpy as np

import seaborn as sns

ax9.set_title('Weight vs Top Speed by el
Bike Type', fontweight='bold') ]

Wrong Chart J

ax9.set_xlabel('Weight (kg)') 7
ax9.set_ylabel('Top Speed (km/h)"') -
ax9. legend(fontsize=8)
ax9.grid(True, alpha=0.3)

plt.show()

<> Refined Code
pd

import pandas as

import matplotlib.pyplot as plt
import numpy as np

import seaborn as sns

from scipy import stats
ax7.set_title('Mileage Distribution by
Weight Categories', fontweight='bold',
fontsize=11

ax7.set_xlabel('Mileage (km/1)',
fontsize=9)

ax7.set_ylabel('Density', fontsize=9)

plt.show() : . "

i ‘! Refined Chart
A

b

Figure 2: The three core tasks of the RealChart2Code benchmark. Chart Replication is the fundamental chart-to-
code task. Chart Reproduction adds the challenge of using provided raw data files. Chart Refinement introduces
a conversational component, where the model must debug and modify code to fix errors according to user feedback.

Rahman et al., 2023; Kantharaj et al., 2022; Jia
et al., 2025; Zhang et al., 2025¢; Ma et al., 2024;
Zheng et al., 2026; Li et al., 2025; Zhang et al.,
2026b,c; Xin et al., 2025; Hui et al., 2025; Chang
et al., 2025; Jiang et al., 2026). The second,
Text-to-Visualization (Text2Vis), concerns generat-
ing visualization specifications or code from natu-
ral language descriptions (Luo et al., 2025; Gal-
imzyanov et al., 2025; Ni et al., 2025; Zhang
et al., 2025a; Fang et al., 2026; Yan et al., 2026b).
The third, Chart-to-Code (Chart2Code), involves

reverse-engineering a visualization by generating
the code required to replicate it (Wu et al., 2024;
Yang et al., 2025; Zhao et al., 2025; Luo et al., 2026;
Su et al., 2026, 2025; Yan et al., 2026a). However,
existing benchmarks in this domain predominantly
feature simple, single-panel plots, which are insuf-
ficient for evaluating an LLLM’s ability to handle
complex layouts and high information density. To
address this critical gap in chart-to-code evaluation,
we introduce RealChart2Code, a benchmark specif-
ically designed to assess performance on intricate,
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multi-panel charts derived from real-world data.

3 RealChart2Code
3.1 Task Definition

We define the chart-to-code task as a conditional
code generation problem. Formally, given a source
chart image V' and an accompanying prompt P,
a LLM, denoted by F(-), must generate an exe-
cutable code snippet C'. This code must render
a visualization that accurately reproduces the vi-
sual and structural elements of V' while adhering to
any requirements in P. The task is formulated as
C = F(V, P). The RealChart2Code benchmark
evaluates models on three distinct variants of this
core task, illustrated in Figure 2: (1) Chart Repli-
cation, is the fundamental chart-to-code task where
the model must reverse-engineer the visualization
from the image alone, measuring its core visual-to-
code translation ability. (2) Chart Reproduction,
provides the model with the chart image, raw data,
and metadata, assessing its capability to generate
the correct plot using large-scale, real-world data
sources. (3) Chart Refinement, which requires
the model to correct a chart with predefined errors
through a multi-turn dialogue, assessing its abil-
ity to perform iterative debugging based on user
instructions.

3.2 Benchmark Coverage Analysis

Chart Types The chart data in RealChart2Code
can be classified from two perspectives: visualiza-
tion intent and chart type. Our taxonomy includes
seven high-level intent categories and 50 distinct
plot types. Crucially, all visualizations in the bench-
mark are designed to be complex, featuring com-
posite charts or intricate multi-panel layouts. As a
result, a single plot type label is often insufficient
to describe a given instance. Detailed examples of
these categories and complex layouts are provided
in Appendix A.1.

Dataset Distribution RealChart2Code covers
diverse thematic topics across eight high-level do-
mains: Finance, Industry, Health, Research, Soci-
ety, Media, Technology, and Environment. These
domains are further divided into 35 fine-grained
sub-topics, ensuring broad applicability to real-
world scenarios. Figure 3 illustrates the distri-
bution of chart images and CSV data across all
three tasks using CLIP (Radford et al., 2021) and t-
SNE (Maaten and Hinton, 2008). As shown in Fig-
ure 3(a) and (b), both distributions are widely dis-

persed across the feature space, indicating substan-
tial diversity in visual styles, layouts, and data char-
acteristics across Chart Replication, Chart Repro-
duction, and Chart Refinement tasks. Figure 3(c)
shows the data length distribution, reflecting the
complexity of real-world datasets. This comprehen-
sive coverage ensures that RealChart2Code chal-
lenges models with diverse chart types and data
patterns.

3.3 Data Curation Process

The construction of RealChart2Code follows a
four-stage pipeline: (1) Data Collection and Fil-
tering, (2) Visualization Task Design, (3) Code
Implementation, and (4) Error Injection. We de-
scribe each stage in detail below. Further details
and strict quality control measures are provided in
Appendix B.

Data Collection and Filtering We collect open-
source datasets from Kaggle. Our use of these
datasets is strictly for scientific research; other
uses fall under their original licenses. Our pro-
cess involved a two-stage filtering pipeline. First,
we performed an initial screening of over 8,000
datasets, which collectively contained more than
100,000 files and 30 billion data rows. This screen-
ing was based on community metrics such as vote
counts, download counts, and usability ratings.
From this initial pool, we conducted a second,
more rigorous filtering stage to select 1,036 high-
quality datasets suitable for our benchmark’s task
and chart construction. The final curated collection
for RealChart2Code contains 3,271 raw data files,
with approximately 860 million rows in total.

Visualization Task Design Using the curated
datasets, we designed 1,016 unique and complex
visualizations. Each of these visualizations serves
as the basis for two distinct tasks: (1) Chart Repli-
cation, where the model receives only the chart im-
age, and (2) Chart Reproduction, where the model
is also provided with the corresponding raw data.
This dual-task structure results in 2,032 instances
across these two categories. Every visualization
was designed to be contextually relevant to its
source dataset, ensuring practical, real-world mean-
ing. To guarantee task diversity and complexity,
the design process was guided by a taxonomy of
7 high-level visualization intents and 50 distinct
chart types.

41998



(a) Image Distribution

(b) CSV Data Distribution

(c) Query Length Distribution

2 n=1788‘0 . Replication ,{n=3271

Refinement

20000
Reproduction ||~ 17500 p=1893.0 1=3569.9 p=7030.3
2 M=1891.0 |M=2930.5| |M=6990.0
§ 15000
]
£ 12500
=
%, 10000
£ 7500 i
- |
& 5000 % Y
<]
/A 2500 o

-2 -1 0 1 2 -2 -1

0

1 2 Replication Reproduction Refinement

Figure 3: Dataset distribution across tasks. (a) Image distribution. (b) CSV data distribution. (c) Data length

distribution with median (M) and mean () in tokens.

Ground-Truth Code Implementation For each
task, our in-house team of five expert Python de-
velopers implemented the ground-truth code using
Matplotlib and its associated libraries. This code
serves as the reference solution that models must
replicate. The sandboxed execution environment
used for evaluation is detailed in Appendix A.2.

Error Injection To create the Chart Refinement
tasks, we manually injected errors into a subset of
the ground-truth charts. These intentionally flawed
charts serve as the starting point for a multi-turn
dialogue. The types of errors are diverse, includ-
ing incorrect chart types, data mapping errors, ele-
ment overlap and other common errors. Through
this process, we constructed 864 Chart Refinement
tasks. In total, the RealChart2Code benchmark
consists of 2,896 instances, comprising 1,016 for
Chart Replication, 1,016 for Chart Reproduction,
and the 864 for Chart Refinement.

3.4 Evaluation Metrics

Our evaluation first assesses functional correctness,
which we measure as the Pass Rate: the percentage
of generated code snippets that execute success-
fully in our sandbox environment without errors.
Submissions that fail this check are automatically
assigned a score of zero. For all valid outputs, we
deploy a multi-agent judging panel that uses a vot-
ing system to score visual accuracy. Each chart
is assessed on a 3-point scale (0, 1, or 2) across
eight key criteria: chart type, spatial layout, text
elements, axis configuration, color scheme, style,
component completeness, and data pattern consis-
tency. Notably, for the Chart Reproduction task,
Data Pattern Consistency is evaluated programmat-
ically. We perform a code-level comparison to
ensure the model’s data handling is identical to
the reference implementation, rather than relying
on visual inspection. Beyond these core accuracy

metrics, our evaluation also includes a qualitative
assessment of the chart’s design, scored on Visual
Clarity, Compositional Balance, and Typographic
Quality. The complete scoring rubrics and prompts
used for our automated evaluation are detailed in
Appendix C.1.

4 Experiments

4.1 Experiments Setup

Baseline Models We evaluate 14 widely-used
proprietary and open-source Large Language
Models. For proprietary models, we evaluate
five leading models: Anthropic’s flagship mod-
els, Claude-4.5-Sonnet and Claude-4.5-Opus (An-
thropic, 2023); OpenAl’s advanced model, GPT-
5.1 (OpenAl, 2025); and Google’s Gemini 3 Pro
Preview and Gemini 2.5 Flash (Team, 2024). For
open-weight models, we select 9 competitive mod-
els with parameter sizes ranging from 7B to 241B.

Benchmark Setup To ensure a comprehen-
sive evaluation, in addition to our primary
RealChart2Code benchmark, we also evaluated
model performance on two established chart-to-
code benchmarks: Plot2Code (Wu et al., 2024) and
ChartMimic (Yang et al., 2025).

Evaluation Details All experiments were con-
ducted using the standard OpenAl API format, with
a chat structure compliant with ChatML (OpenAl,
2022). We employed a greedy decoding strategy
and set the maximum output token limit to 32,768.
If a model did not support this context length, its
own maximum limit was used instead. The final
reported results are an average of three indepen-
dent runs. Proprietary models were queried via
their official APIs, while open-weight models were
served using the SGLang framework. Additional
details on prompts and evaluation are provided in
Appendix D.
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Model Chart Replication | Chart Reproduction | Chart Refinement AVG score
Pass (%) Score | Pass (%) Score Pass (%) Score
Closed-source LLMs
Claude-4.5-Sonnet (Anthropic, 2023) 85.8 7.1 73.7 5.7 89.0 8.0 7.0
Claude-4.5-Opus (Anthropic, 2023) 87.7 7.8 86.1 7.4 91.2 94 8.2
Gemini-2.5-Flash (Team, 2024) 63.2 5.2 57.6 4.8 69.0 6.0 5.3
Gemini-3-Pro-Preview (Team, 2024) 82.1 9.0 68.7 6.7 83.6 8.5 8.1
GPT-5.1 (OpenAl, 2025) 71.2 5.7 64.8 4.8 73.0 5.8 54
Open-source LLMs
DeepSeek-VL-7B (Lu et al., 2024) 9.7 0.4 5.9 0.3 314 1.4 0.7
Intern-VL-3.5-241B (Wang et al., 2025) 54.3 3.5 49.2 2.5 60.2 43 34
Intern-VL-3.5-30B (Wang et al., 2025) 20.3 0.8 15.3 0.7 41.6 2.0 1.2
Qwen3-VL-235B (Bai et al., 2025) 49.2 33 38.2 24 65.1 5.1 3.6
Qwen3-VL-30B (Bai et al., 2025) 17.3 0.8 19.0 0.9 452 2.2 1.3
GLM-4.5V-106B (Hong et al., 2025) 38.4 2.8 39.1 2.1 44.3 2.0 2.3
GLM-4.1V-9B (Hong et al., 2025) 12.8 0.7 16.2 0.9 39.9 1.8 1.1
MiMo-VL-7B-RL (Team et al., 2025¢) 11.0 04 10.7 0.5 34.8 1.5 0.8
ChartCoder (Zhao et al., 2025) 48.0 3.5 40.5 2.3 54.7 39 3.2

Table 2: Quantitative results on Real Chart2Code 14 primary LLMs across three tasks: Chart Replication,
Chart Reproduction, and Chart Refinement. For each task, we report Pass Rate (%) and Score. AVG score is the
average of scores across all three tasks. Within each model category, the best score is bolded and the second-best is

underlined.
Model ChartMimic Plot2Code
Direct Mimic ‘ Customized Mimic
| Pass (%) Score | Pass (%)  Score | Pass(%) Text Rating
Closed-source LLMs
Claude-4.5-Sonnet (Anthropic, 2023) 100.0 90.1 99.5 91.5 93.9 73.3 8.8
Claude-4.5-Opus (Anthropic, 2023) 98.5 92.3 100.0 95.1 99.6 754 9.0
Gemini-2.5-Flash (Team, 2024) 88.5 69.8 89.1 74.4 87.9 72.8 8.6
Gemini-3-Pro-Preview (Team, 2024) 97.3 96.0 100.0 96.8 90.9 79.5 9.6
GPT-5.1 (OpenAl, 2025) 97.8 89.8 98.5 91.2 98.5 82.6 8.8
Open-source LLMs

DeepSeek-VL-7B (Lu et al., 2024) 41.3 19.7 59.3 37.6 64.4 32.6 2.3
Intern-VL-3.5-241B (Wang et al., 2025) 90.5 76.9 90.7 78.4 90.2 69.0 7.6
Intern-VL-3.5-30B (Wang et al., 2025) 85.6 68.1 87.2 68.5 88.6 66.3 6.7
Qwen3-VL-235B (Bai et al., 2025) 91.5 80.4 92.7 81.8 89.8 69.8 8.9
Qwen3-VL-30B (Bai et al., 2025) 89.5 68.6 89.1 69.9 88.9 65.0 79
GLM-4.5V-106B (Hong et al., 2025) 87.4 72.8 86.7 71.2 84.1 61.7 5.8
GLM-4.1V-9B (Hong et al., 2025) 86.6 70.2 87.1 70.1 74.1 59.1 49
MiMo-VL-7B-RL (Team et al., 2025c) 83.2 58.5 87.7 64.7 73.5 55.5 4.3
ChartCoder (Zhao et al., 2025) 90.9 75.3 92.1 76.7 87.9 54.5 4.7

Table 3: Quantitative results for 14 LLMs across two benchmarks, ChartMimic and Plot2Code.

4.2 Main Results

This section presents the evaluation results for
14 leading LLMs on our RealChart2Code bench-
mark, as well as on the existing ChartMimic and
Plot2Code benchmarks. The primary performance
on RealChart2Code is detailed in Table 2, while
results on the other benchmarks are shown in Ta-
ble 3. For a granular analysis, Figure 4 breaks
down the scores by task and sub-metrics, including
three quality assessment criteria. The key findings

are as follows.

@ Claude-4.5-Opus leads proprietary models,
but a significant performance gap exists between
proprietary and open-source models. Among
proprietary models, Claude-4.5-Opus achieves the
highest overall score of 8.2, demonstrating strong
and consistent performance across all three tasks.
Gemini-3-Pro-Preview follows closely with a score
of 8.1, even achieving the top score on the funda-
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Figure 4: Performance breakdown across tasks and metrics for top models. Each radial chart shows scores for
eight visual accuracy metrics (Type: chart type consistency, Layout: spatial layout, Text: text elements, Axis:
axis configuration, Color: color scheme, Style: style and format, Complete: component completeness, Data: data
alignment), execution pass rate (Pass), and three quality metrics (Clarity: visual clarity, Balance: compositional

balance, Typo: typographic quality).

mental Chart Replication task at 9.0. In the open-
source category, performance is considerably lower.
The top-performing models are Qwen3-VL-235B
and Intern-VL-3.5-241B, with scores of 3.6 and
3.4, respectively, which are less than half of those
from the leading proprietary models. This high-
lights a significant capability gap on the complex,
real-world tasks featured in RealChart2Code.

® Strong performance on simpler benchmarks
does not guarantee success on RealChart2Code.
We observe a significant performance disparity for
models across different benchmarks, indicating that
RealChart2Code provides a much stronger differ-
entiation of model capabilities. For instance, mod-
els like Qwen3-VL-235B and Intern-VL-3.5-241B
achieve excellent scores above 75 on ChartMimic
but experience a drastic performance degradation
on RealChart2Code, where their scores drop to 3.6
and 3.4, respectively. This suggests that while pre-
vious benchmarks can identify basic competency,
their lack of complexity fails to distinguish between
models with truly advanced visual reasoning and
code generation abilities. In contrast, our bench-
mark effectively separates the performance of even
top-tier models, with Claude-4.5-Opus scoring 8.2
and GPT-5.1 scoring 5.4. Additionally, we find
that different models exhibit specific error patterns,
which are analyzed in detail in Section 5.2.

Metric Fleiss’ x Cohen’s
(Inter-Agent) (Agent-Human)
Type 0.921 0.91
Layout 0.998 0.99
Text 0.896 0.79
Axis 0.892 0.86
Color 0.879 0.72
Style 0.829 0.78
Data 0.813 0.82
Completeness 0.781 0.74
Average 0.824 0.83

Table 4: Reliability analysis: Fleiss’ « for inter-agent
agreement and Cohen’s « for agreement between multi-
agent judge and human evaluations across eight metrics.

5 Discussion

5.1 Reliability Analysis

We validate the robustness of our automated eval-
uation framework through internal consistency
and alignment with human judgment (Table 4,
Figure 5). To assess the consensus among
agents, we calculated Fleiss’ x across the entire
RealChart2Code benchmark. The resulting aver-
age Inter-Agent x score of 0.8239 indicates that
the multi-agent framework maintains high stability
throughout the evaluation process.

We further examined the correlation between our
judge and human experts using 600 tasks sampled
from Claude-4.5-Sonnet results. By computing Co-
hen’s x, we observed an average agreement score
of 0.83. This strong correlation demonstrates that
our automated multi-agent judge effectively cap-
tures human preference. This reliability is visually
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Figure 5: Score distributions with 95% confidence intervals across evaluation metrics for Claude-4.5-Sonnet and
Gemini-3.0-Pro-Preview on chart replication, reproduction, and refinement tasks.
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Figure 6: Error type distribution across models. Per-
centages indicate the proportion of each error category
in failure cases.

corroborated by Figure 5, which presents the score
distributions and 95% confidence intervals. The dis-
tinct distributions combined with narrow intervals
confirm that the judge provides a discriminatory
and precise assessment of visualization quality.

5.2 Error Analysis

To gain deeper insights into the limitations of cur-
rent LL.Ms, we conducted a comprehensive er-
ror analysis covering all failure instances in the
RealChart2Code benchmark. This analysis aims
to reveal systematic weaknesses in chart-to-code
generation and to better understand where exist-
ing models break down in practice. We categorize
the observed errors into four primary types: (1)
Syntax and Execution Errors, (2) Layout and Struc-
tural Failures, (3) Data Mapping Errors, and (4)
Instruction Neglect, which together capture the ma-
jor sources of performance degradation.

Divergent Failure Patterns. We observed a sig-
nificant disparity in the types of errors exhibited
by proprietary versus open-weight models, as illus-
trated in Figure 6: @ Open-weight models (e.g.,
Qwen3-VL, InternVL) are particularly suscepti-
ble to Syntax and Execution Errors. These models
frequently hallucinate non-existent libraries or in-
voke invalid functions, leading to immediate code
execution failures. Furthermore, when the code

does execute, they often struggle with spatial rea-
soning, resulting in Layout and Structural Failures,
such as overlapping subplots or incorrect grid def-
initions. & Proprietary models (e.g., Claude-
4.5, GPT-5.1), in contrast, demonstrate robust cod-
ing capabilities with minimal syntax errors. Their
failures are predominantly Data Mapping Errors,
where the visual structure is correct, but specific
data series are mapped to the wrong axes or visual
attributes do not match the prompt requirements.

Challenges in Iterative Refinement. The Chart
Refinement task reveals a critical weakness in main-
taining context. We identified a frequent error
mode termed "Regressive Editing." When users
request a specific modification, models often suc-
cessfully apply the fix but inadvertently introduce
new errors in previously correct parts of the code.
This phenomenon indicates that even state-of-the-
art models struggle to balance local code updates
with global consistency during multi-turn conversa-
tions. Detailed case studies illustrating these error
types and specific failure modes are provided in
Appendix F.

5.3 Performance Analysis Across Benchmarks

Figure 7 compares normalized model perfor-
mance (0-100%) on RealChart2Code against
ChartMimic and Plot2Code. We observe that
while proprietary models like Gemini-3-Pro-
Preview saturate existing benchmarks with scores
exceeding 91%, their performance declines to ap-
proximately 50% on our dataset. This gap widens
for open-weight models (e.g., Qwen3-VL), where
competitive scores (~85%) degrade to below 25%.
These results suggest that capabilities demonstrated
in simplified synthetic environments fail to transfer
effectively to the complex, data-driven scenarios
inherent in real-world visualization tasks.

42002



6 Conclusion and Future Works

In this work, we addressed the lack of systematic
evaluation for Vision Language Models (VLMs) on
realistic and complex data visualization tasks. We
introduced RealChart2Code, a large-scale bench-
mark grounded in authentic datasets that assesses
capabilities across chart replication, reproduction
from raw data, and iterative refinement. Our com-
prehensive evaluation of 14 leading models demon-
strates that while current LLMs are capable of sim-
ple plotting, they suffer significant performance
degradation when handling complex multi-panel
layouts and real-world data. Specifically, we iden-
tified a distinct capability gap: proprietary mod-
els demonstrate superior visual reasoning, whereas
open-weight models frequently struggle with syn-
tax and spatial logic. In future research, we aim to
develop automated pipelines for generating high-
quality synthetic data to address the scarcity of
complex training examples and improve model gen-
eralization on intricate layouts.

7 Limitations

However, we acknowledge limitations in scope and
evaluation. First, our code implementations are
currently confined to Matplotlib. While this scope
is specific, the granular and imperative nature of
Matplotlib code effectively reflects a model’s fun-
damental visualization understanding and logical
reasoning capabilities, serving as a robust proxy
for general plotting skills. Second, although our
MLLM-based judges show strong correlation with
human experts, they may still fail to detect subtle
visual artifacts, such as minor element overlaps or
precise color nuances. These areas offer promising
directions for future research in more fine-grained
visual evaluation.
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A Benchmark Details
A.1 Chart Tyeps

RealChart2Code encompasses a diverse collection
of 50 chart types to ensure comprehensive cover-
age of real-world visualization scenarios. Table 5
presents the frequency distribution of these chart
types across all tasks in the benchmark. To avoid
inflated counts from task repetition, each unique
visualization task is counted only once, as the same
task set is used across both single-turn and multi-
turn interactions. The distribution reflects the nat-
ural occurrence of chart types in practical applica-
tions, with fundamental visualization types (e.g.,
line charts, scatter plots, bar charts) appearing more
frequently, while specialized techniques (e.g., par-
allel coordinates, dendrograms, sankey diagrams)
are represented in proportion to their real-world
usage. This balanced yet realistic distribution en-
sures that models are evaluated on both common
and advanced visualization capabilities.

A.2 Render Envirnment

To ensure the safe, consistent, and reproducible
execution of all model-generated code, we con-
structed a dedicated sandboxed environment con-
tainerized using Docker. This environment, based
on Python 3.13, provides an isolated and standard-
ized platform pre-installed with a comprehensive
suite of libraries for data analysis and visualiza-
tion. Foundational libraries include Pandas for data
manipulation and NumPy for numerical operations.
For visualization, the environment is equipped with
Matplotlib as the primary plotting library, comple-
mented by specialized libraries such as Seaborn for
high-level statistical graphics, Plotly for interactive
charts, Squarify for treemaps, and others like scikit-
learn and statsmodels to support diverse charting
requirements. All evaluations are conducted on a
server with 128 CPU cores and 1024 GB of RAM,
where each code execution runs within its container
without network access and is subject to a 120 sec-
onds timeout. This fully-specified setup eliminates
system variability and ensures a fair and secure
assessment of each model’s capabilities.

B Benchmark Data Curation Details

B.1 Design Principles

The design of RealChart2Code is driven by the
necessity to evaluate Vision Language Models
(VLMs) not just on their ability to generate code,

but on their capacity to perceive, interpret, and
reconstruct complex visual data. Our curation pro-
cess is guided by four core principles:

* Grounded in Authentic Data: Unlike bench-
marks that rely on synthetic or simplified data,
RealChart2Code is constructed entirely from
real-world datasets sourced from Kaggle. This
ensures that models are tested against the
noise, scale, and irregularity inherent in ac-
tual data science workflows. The visualiza-
tions reflect genuine analytical intent, moving
beyond arbitrary plotting to meaningful data
storytelling.

* Visual-Grounded Reverse Engineering:
Distinct from text-to-visualization tasks where
models generate charts from open-ended
prompts, our benchmark focuses on Chart
Replication and Reproduction. This requires
the model to strictly adhere to a visual refer-
ence, testing its ability to translate pixel-level
visual information (layout, styling, color map-
ping) into executable matplotlib code with
high fidelity.

Complexity and Diversity: We explicitly tar-
get the "complexity gap" in current evalua-
tions. The benchmark includes a wide spec-
trum of chart types (over 50 distinct types)
and complex composite layouts (e.g., multi-
panel figures, dual-axis plots). This composi-
tional complexity probes the model’s spatial
reasoning and logical understanding of library
constraints.

Iterative Refinement Capability: Real-
world coding is rarely a one-shot process. By
incorporating a dedicated Chart Refinement
module based on error injection, we assess the
model’s ability to diagnose issues, understand
user feedback, and modify existing code with-
out breaking its functionality—a critical skill
for collaborative Al assistants.

B.2 Data Collection and Filtering

The foundation of RealChart2Code is a rigorous
data selection pipeline designed to filter massive
open-source repositories into a high-quality cura-
tion. We utilized Kaggle as our primary source,
strictly adhering to scientific research licensing
terms. The process was executed in two phases:
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Table 5: Frequency distribution of 50 chart types in RealChart2Code. Each task is counted once to prevent
inflation from multi-turn repetitions. The distribution reflects natural occurrence patterns in real-world visualization

applications.
Type Count | Type Count | Type Count | Type Count
Line Chart 845 | Scatter Plot 782 | Bar Chart 723 | Time Series Plot 689
Area Chart 521 |Histogram 487 | Box Plot 456 | Violin Plot 398
Heatmap 374 | Stacked Bar Chart 342 | Grouped Bar Chart 318 | Stacked Area Chart 295
Bubble Chart 267 |Pie Chart 243 | Error Bar Plot 231 | Density Plot 218
Contour Plot 195 | Radar Chart 187 | Waterfall Chart 176 | Network Graph 164
Parallel Coordinates 152 | Sankey Diagram 143 | Treemap 138 | Sunburst Chart 127
Ridgeline Plot 119 | Slope Chart 112 | Stream Graph 105 | Dendrogram 98
Funnel Chart 91 | Candlestick Chart 87 | Gantt Chart 82 | Chord Diagram 76
Alluvial Diagram 71 | Population Pyramid 67 | Marimekko Chart 63 | Lollipop Chart 58
Dumbbell Plot 54 | Pair Plot 49 | Dot Plot 45 | Word Cloud 41
Waffle Chart 38 | 2D Histogram 34 | Hexbin Plot 31 | Jitter Plot 27
Joy Plot 24 | Autocorrelation Plot 21 | Ternary Plot 18 | Circular Barplot 15
Polar Chart 12 | Stripplot 9

Phase 1: Automated Large-Scale Screening
We initiated the process with a pool of over 8,000
candidate datasets, comprising more than 100,000
files and roughly 30 billion data rows. To ensure
data quality and relevance, we applied a quanti-
tative filtering mechanism based on community
engagement metrics. Datasets were ranked and
filtered according to vote counts, download fre-
quency, and official usability ratings. This step
eliminated incomplete, poorly documented, or triv-
ial datasets.

Phase 2: Expert Curation From the pre-
screened pool, we conducted a manual review to
select datasets suitable for complex visualization
tasks. The selection criteria focused on data rich-
ness (e.g., sufficient columns for multi-dimensional
plotting) and domain diversity. This resulted in a
final selection of 1,036 high-quality datasets. The
final curated collection comprises 3,271 raw data
files with approximately 860 million rows, provid-
ing a robust testbed for data-intensive generation
tasks.

B.3 Visualization Task Design

Using the 1,036 curated datasets, we constructed
1,016 unique visualization scenarios. To ensure
comprehensive coverage of analytical tasks, the
design process was guided by a taxonomy of 7
high-level visualization intents and over 50 distinct
chart types.

The taxonomy of intents includes:

e Correlation: Tasks involving Scatter Plots,
Bubble Charts, Pairwise Plots, and Heatmaps
to show relationships between variables.

* Deviation: Visualizations such as Diverging
Bar Charts and Area Charts to highlight varia-
tions from a baseline.

* Ranking: Ordered Bar Charts, Lollipop
Charts, and Slope Charts to display compara-
tive rankings.

* Distribution: Histograms, Box Plots, Vio-
lin Plots, and Density Plots to analyze data
spread.

* Composition: Stacked Bar Charts, Treemaps,
and Pie Charts to show part-to-whole relation-
ships.

* Change: Line Charts, Time Series Decom-
positions, and Area Charts to visualize trends
over time.

* Groups: Cluster Plots and Parallel Coordi-
nates to reveal cluster structures within data.

These 1,016 visualizations form the basis for the
Chart Replication (Image — Code) and Chart Re-
production (Image + Data — Code) tasks, totaling
2,032 instances.

B.4 Ground-Truth Code Implementation

To establish a high-quality "Gold Standard," we
avoided using model-generated code as ground
truth. Instead, an in-house team of five expert
Python developers manually implemented the so-
lution code for all 1,016 visualizations. The
implementation strictly utilizes matplotlib and
standard data processing libraries (e.g., pandas,
numpy). The code was rigorously tested to ensure it
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is: @ Executable: Runs error-free in the evaluation
sandbox. @ Reproducible: Accurately regenerates
the target visualization from the provided data. ©
Idiomatic: Follows standard coding practices, en-
suring the benchmark evaluates the generation of
maintainable and clean code.

B.5 Error Injection and Refinement Tasks

To construct the Chart Refinement subset, we man-
ually introduced errors into a selected subset of
the ground-truth implementations. This process
generated 864 distinct refinement tasks. The in-
jected errors cover a diverse range of categories to
simulate real-world debugging scenarios:

* Visual/Stylistic Errors: Overlapping ele-
ments, incorrect color schemes, missing leg-
ends, or illegible labels.

* Data Mapping Errors: Assigning incorrect
columns to axes, wrong aggregation methods,
or incorrect data filtering.

* Chart Type Errors: Using a suboptimal or
incorrect chart type for the given data type
(e.g., using a bar chart for continuous time-
series data).

In these tasks, the model is presented with the
"flawed" code and the resulting incorrect chart,
along with a natural language instruction to cor-
rect the issue, requiring multi-turn reasoning and
code editing capabilities.

B.6 Quality Control

To guarantee the robustness and reliability of
RealChart2Code, we implemented a strict multi-
stage quality control protocol involving peer review,
automated execution checks, and consensus-based
adjudication.

Ground-Truth Code Verification Given that our
benchmark relies on human-authored code as the
gold standard, ensuring the correctness and quality
of these scripts is paramount. We established a
**Cross-Validation Peer Review Workflow**:

1. Execution Sanity Check: All ground-truth
scripts were first run in our standardized sand-
box environment. Scripts that failed to exe-
cute, produced warnings, or timed out were
automatically flagged for revision.

2. Visual Fidelity Review: Each successful visu-
alization was inspected by a secondary expert

who did not author the code. This reviewer
verified the chart against a three-point check-
list: (1) Data Accuracy (does the chart cor-
rectly represent the underlying raw data?), (2)
Visual Clarity (are labels, legends, and layouts
legible and overlap-free?), and (3) Idiomatic
Coding (does the implementation follow stan-
dard Matplotlib best practices?).

3. Adjudication: Any code flagged as sub-
optimal during peer review was returned to the
original author for correction. If a disagree-
ment persisted regarding the implementation
style, a senior lead made the final decision to
ensure consistency across the benchmark.

Multi-turn Refinement Verification For the
Chart Refinement tasks, ensuring the logical con-
sistency between the intentionally flawed code, the
rendered image, and the correction instruction was
critical. We employed a **Triple-Verification Strat-
egy** similar to the data curation phase:

1. Triplet Validation: Each refinement instance
consists of a triplet: (Flawed Code/Image,
User Instruction, Corrected Ground Truth).
These triplets were reviewed by independent
annotators.

2. Logic & Consistency Check: Annotators
verified two specific conditions: First, Error
Visibility—confirming that the injected error
(e.g., "incorrect axis range") was clearly dis-
tinguishable in the rendered image. Second,
Solvability—ensuring that the user instruction
provided sufficient information for a model to
deduce the correct fix without ambiguity.

3. Majority Vote & Consensus: A task was
only accepted if it received a unanimous
“Pass" vote. In cases where the error was
deemed too subtle or the instruction too vague
(partial agreement), the task underwent a con-
sensus discussion phase to polish the prompt.
Triplets failing to reach consensus were dis-
carded to prevent model confusion.

This rigorous verification loop ensures that
RealChart2Code provides a fair, noise-free, and
logically sound evaluation environment for multi-
modal code generation.
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C Evaluation Details

C.1 Evaluation Metrics

This section details the comprehensive scoring
rubric used to evaluate the generated visualizations
across all three tasks. Our evaluation framework
comprises two primary dimensions: Visual Struc-
ture Alignment for assessing fidelity to reference
charts, and Data Alignment for verifying compu-
tational correctness in code reproduction.

C.1.1 Chart Replication and Chart
Refinement Tasks

For Chart Replication (Task 1) and Chart Refine-
ment (Task 3), evaluation focuses on visual struc-
ture alignment with the reference chart. Each met-
ric uses a 3-level scoring system (0/1/2).

Visual Structure Alignment (3-Level Scoring:
0/1/2) Assess whether the generated chart repli-
cates the structural elements of the reference chart
with precision.

1. Chart Type Consistency

* Question: Does the generated chart use
identical chart types as the reference for
all visualizations (e.g., line, bar, scatter,
pie, heatmap)?

* Scoring Criteria:

Score 2 All chart types match exactly
across all subplots, including pri-
mary chart types and any overlaid
secondary elements (e.g., dual-axis
charts, combination charts).

Score 1 Primary chart types match for
all subplots, but minor secondary el-
ements differ (e.g., missing auxiliary
bar overlay on a line chart, absent
trendline, missing error bars on pri-
mary plot).

Score 0 Any primary chart type differs
(e.g., bar chart used where line chart
required), or multiple subplots have
type mismatches, or fundamental
chart category is wrong (e.g., scatter
instead of bar).

2. Spatial Layout Consistency

* Question: Does the generated chart repli-
cate the reference chart’s exact compo-
nent arrangement (subplot grid dimen-
sions, relative positioning of all visual
elements)?
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* Scoring Criteria:

Score 2 Exact grid structure (e.g., 2x3
layout), identical subplot positioning,
precise relative placement of all ele-
ments (legends, annotations, insets)
within +2% of reference dimensions.

Score 1 Correct grid structure and sub-
plot count, but minor positioning de-
viations (legend slightly displaced,
annotation shifted but still in correct
subplot, spacing variations within 5-
15% of reference).

Score 0 Incorrect grid dimensions (e.g.,
1x4 instead of 2x2), wrong number
of subplots, major element misplace-
ment (legend in wrong subplot, anno-
tations in incorrect panels), or spatial
relationships fundamentally altered.

3. Text Element Consistency

* Question: Does the generated chart con-
tain all textual content from the reference
(titles, subtitles, annotations, axis labels)
with identical wording, excluding axis
tick values?

* Scoring Criteria:

Score 2 All text content matches exactly
in wording, placement, and hierarchy
(main title, subplot titles, axis labels,
annotations, data labels).

Score 1 All critical text present (main ti-
tle, axis labels, subplot titles) with ex-
act wording, but minor discrepancies
in secondary elements (1-2 missing
annotations, slightly reworded foot-
notes, minor label omissions that do
not affect core interpretation).

Score 0 Missing or altered critical text
(wrong/missing main title, incorrect
axis labels, absent subplot titles, 3+
missing annotations), or significant
semantic changes to any primary text
element.

4. Axis Configuration Consistency

* Question: Does the generated chart repli-
cate all axis properties from the refer-
ence (variable names, units, scale types,
ranges, tick intervals) and legend specifi-
cations for each subplot?

* Scoring Criteria:



Score 2 Perfect match for all axis prop- tributes (background color, grid styles,

erties (scale type, range, units, la- marker shapes, line patterns, font fami-

bel text, tick intervals) and legend lies, border styles)?

specifications (position, order, labels) * Scoring Criteria:

across all subplots. Score 2 All stylistic attributes match
Score 1 Axis variable names and scale (grid style [solid/dashed/dotted],

types correct, but minor deviations marker shapes, line widths, line

(axis range extends £10-20% beyond patterns, font families, background

reference, tick intervals slightly dif- colors, border styles, opacity levels).

ferent but reasonable, legend order

: ! Score 1 Core visual style maintained
swapped but all entries present, units

with minor deviations (grid style
abbreviated differently but semanti- slightly different [dashed vs. dot-

cally equivalent). ted], marker shapes similar but not

Score 0 Incorrect axis scale type (log exact [circle vs. hexagon], line width
vs. linear), wrong variable assign- within +1px, font family same cat-
ments, axis range drastically differ- egory [all sans-serif] but different
ent (>30% deviation or missing criti- face).
cal data region), missing axis labels, Score 0 Multiple style mismatches

incorrect units, or legend missing

= ) (wrong grid style + wrong markers +
critical entries.

wrong font category), fundamentally
different aesthetic (dark theme

5. Color Scheme Consistenc
y vs. light theme), or critical style

* Question: Does the generated chart apply elements missing (no gridlines when
the same color mappings as the reference reference has them, no borders when
for all data series, categories, and visual required).
elements?

« Scoring Criteria: 7. Component Completeness

Score 2 Identical color mappings for * Question: Does the generated chart in-
all elements (data series, categori- clude all visual components present in
cal encodings, heatmap scales, back- the reference chart?
ground, grid, annotations) with exact * Scoring Criteria:
hex/RGB matches or perceptually in- Score 2 Chart contains all visual com-
distinguishable equivalents. ponents from the reference includ-

Score 1 Correct color palette family and ing all data series, markers, annota-
mapping logic, but minor shade varia- tions, grid elements, legends, statis-
tions (slightly lighter/darker versions tical overlays (trendlines, confidence
of reference colors, saturation differ- intervals, reference lines), decorative
ences within 15%, 1-2 secondary ele- features, and auxiliary elements.
ments use similar but non-exact col- Score 1 All  primary  components
ors). present (all main data series, essen-

Score 0 Different color palette applied, tial legends, critical annotations,
incorrect categorical color assign- primary axis elements, key sta-
ments (e.g., Category A colored red tistical markers) but missing 1-3
instead of blue), reversed color scale minor elements (optional secondary
(e.g., heatmap scale inverted), or 3+ annotations, decorative styling fea-
elements with significantly different tures, non-essential reference lines,
colors. auxiliary data labels on individual

) points).
6. Style and Format Consistency . o
Score 0 Missing critical components (1+
* Question: Does the generated chart major data series absent, essen-
match the reference chart’s stylistic at- tial legend missing, key annotations
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omitted, primary axis elements in-
complete, important statistical over-
lays missing) that significantly affect
information completeness or interpre-
tation accuracy.

8. Data Pattern Consistency

* Question: Does the generated chart
visually replicate the reference chart’s
data patterns (data point positions, trend
shapes, distribution profiles, statistical
markers)?

* Scoring Criteria:

Score 2 Data patterns match reference
with >95% positional accuracy, all
trend shapes replicated, distribution
profiles visually identical, all statisti-
cal markers (means, medians, confi-
dence intervals) present and correct.

Score 1 Core data trends and patterns
recognizable (correlation directions
correct, major peaks/troughs present,
distribution shapes similar), but mi-
nor deviations (5-15% positional
variance, slight smoothing differ-
ences, 1-2 missing minor statisti-
cal markers, interpolation artifacts in
small regions).

Score 0 Data patterns significantly di-
verged (>15% positional errors,
trend directions incorrect, distribu-
tion shapes fundamentally differ-
ent, major statistical markers miss-
ing/wrong), or substantial data miss-
ing/added.

C.1.2 Chart Reproduction Task

For Chart Reproduction (Task 2), the Data Pattern
Consistency metric is replaced with Data Align-
ment, which performs code-level verification to
ensure computational correctness rather than visual
similarity.

Data Alignment (3-Level Scoring: 0/1/2) Verify
that the generated code produces computationally
equivalent data transformations and mappings as
the reference implementation.

1. Data Source Matching

¢ Both codes must load data from the same
file(s).
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fields (even if using different syntax).

e Example: df[’col’] = df.col

df.loc[:, ’col’]

2. Data Transformation Equivalence

¢ Column selections must access the same

* For each subplot, check if the final data

arrays passed to plotting functions are

equivalent.

* Accept as equivalent:

— Different groupby syntax producing

same result:

df.groupby(’A’)[’B’].sum() =

df.groupby(’A’).
agg({’B’:’sum’})[’B’]

— Different filtering methods:
dffdf[’x’] > 0] = df.query(
> 0) =
df.loc[df[’x’] > @]

— Reordered operations that do not af-

fect output:
df.sort_values(’A’)
.reset_index(drop=True) =
df.reset_index(drop=True)
.sort_values(’A’)

’ X

— Different intermediate variable

names

— Different but equivalent aggregation

functions on same data

* Reject as different:

— Using different columns: df[’A’]

vs. df[’B’]

— Different aggregation types: . sum()

vs. .mean()

— Different filters: df[df[’x’] > @]

vs.
df[df[’x’] > 5]

— Different data subsets for same visual

element

— Missing or extra data transformations

that change values

3. Visual Element Data Mapping

visual elements use equivalent data.

* Scoring Criteria:

* For each subplot, verify corresponding

Score 2 All data transformations are

computationally equivalent, and all
visual elements map to identical data

arrays.



Score 1 Core data transformations cor-
rect with minor acceptable varia-
tions (different but equivalent filter-
ing logic, reordered operations pro-
ducing same output, 1-2 minor data
processing steps differ but final ar-
rays match).

Score 0 Data transformations produce
different results (different columns
used, different aggregations applied,
filters produce different subsets),
or visual elements map to non-
equivalent data arrays.

Note: All other Visual Structure Alignment met-
rics (Chart Type Consistency, Spatial Layout Con-
sistency, Text Element Consistency, Axis Config-
uration Consistency, Color Scheme Consistency,
Style and Format Consistency, and Component
Completeness) apply identically to the Chart Re-
production task as described above.

C.2 Model Details
D Evaluation Prompts

* Line/marker styles (patterns,
shapes, widths)

* Grids and backgrounds
4. Text Content:
« Titles, annotations, labels (exact
wording and placement)

Code Standards:

» Use matplotlib and/or seaborn exclu-
sively

e Ensure code is self-contained and exe-
cutable

* Generate synthetic data matching ref-
erence characteristics

Output Format:
Provide only the Python code block:

* > python
Your code here

Generation Prompt for Chart Replication

Role:

You are an expert Python data visualiza-
tion engineer specializing in matplotlib and
seaborn.

Task:

Generate executable Python code that pre-
cisely replicates the provided reference
chart image with pixel-level fidelity.
Requirements:

Your code must exactly replicate:

1. Chart Structure:

* Chart types
* Subplot layout

2. Data Representation:

* Axis properties (labels, units,
ranges, scales, ticks)

 Data values and trends

* Legends (content, position, style)

3. Visual Styling:

¢ Colors (all elements)
* Typography (fonts, sizes)
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Role and Goal:

You are an expert data visualization quality
assessor. Your task is to rigorously evaluate
Chart B (generated output) against Chart
A (reference chart) based on the original
task requirements. The evaluation must as-
sess fidelity in visual structure, data repre-
sentation, and design execution with strict
adherence to standards.

Evaluation Categories:

1. Visual Structure Alignment (3-Level
Scoring: 0/1/2)

Assess whether Chart B replicates the struc-
tural elements of Chart A with precision.

1. Chart Type Consistency

* Question: Does Chart B use iden-
tical chart types as Chart A for all
visualizations?

* Scoring Criteria:

— Score 2: All chart types
match exactly

— Score 1: Primary chart types
match




Model

Version/HF Checkpoint

Release Time | Source

Proprietary Multimodal Large L Model
GPT-5.1 (OpenAl, 2025) gpt-5-1-2025-11-13 2025-11-13 | https://openai.com/zh-Hans-CN/index/gpt-5-1/
Claude 4.5 Sonnet (Anthropic, 2023) claude-4-5-sonnet-20250929 2025-09-29 | https://www.anthropic.com/news/claude-sonnet-4-5
Claude 4.5 Opus (Anthropic, 2023) claude-4-5-Opus-20251101 2025-11-01 | https://www.anthropic.com/news/claude-opus-4-5
Gemini-2.5-Flash (Comanici et al., 2025) gemini-2-5-flash-20250617 2025-06-17 | https://deepmind.google/models/gemini/flash/
Gemini-3-Pro-Preivew (Comanici et al., 2025) gemini-3-pro-preview 2025-11-18 | https://deepmind.google/models/gemini/pro/

Open-Source Multimodal L

arge Language Models

Qwen3-VL-30B (Bai et al., 2025)
Qwen3-VL-235B (Bai et al., 2025)
Deepseek-VL-7B (Lu et al., 2024)

Qwen/Qwen3-VL-30B-A3B-Instruct
Qwen/Qwen3-VL-235B-A22B-Instruct

deepseek-ai/deepseek-v1-7b-base

2025-10-10
2025-10-10
2024-03-09

https:
https:
https:

//huggingface.
//huggingface.
//huggingface.

co/Qwen/Qwen3-VL-30B-A3B-Instruct
co/Qwen/Qwen3-VL-235B-A22B-Instruct

co/deepseek-ai/deepseek-v1-7b-base

MiMo-VL-7B-RL (Team et al., 2025c)
GLM-4.1V-9B (Hong et al., 2025)
GLM-4.5V-106B (Hong et al., 2025)
Intern-VL 3.5 30B (Wang et al., 2025)
Intern-VL 3.5 241B (Wang et al., 2025)

zai-org/GLM-4.5V

XiaomiMiMo/MiMo-VL-7B-RL-2508
zai-org/GLM-4.1V-9B-Thinking

OpenGVLab/InternVL3_5-30B-A3B
OpenGVLab/InternVL3_5-241B-A28B

2025-08-10
2025-07-30
2025-07-30
2025-08-25
2025-08-25

https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/zai-org/GLM-4.1V-9B-Thinking
https://huggingface.co/zai-org/GLM-4.5V
https://huggingface.co/OpenGVLab/InternVL3_5-30B-A3B

Table 6: Model details for all models. The release time and model source information are provided for reference.

— Score 0: Any primary chart
type differs

2. Spatial Layout Consistency

* Question: Does Chart B repli-
cate Chart A’s exact component
arrangement?

* Scoring Criteria:

— Score 2: Exact grid structure
and positioning

— Score 1: Correct grid struc-
ture with minor deviations

— Score 0: Incorrect grid di-
mensions or major misplace-
ment

3. Text Element Consistency

¢ Question: Does Chart B contain
all textual content from Chart A?
* Scoring Criteria:
— Score 2: All text content
matches exactly
— Score 1: Critical text present
with exact wording
— Score 0: Missing or altered
critical text

4. Axis Configuration Consistency

* Question: Does Chart B replicate
all axis properties from Chart A?

* Scoring Criteria:
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— Score 2: Perfect match for all
axis properties

— Score 1: Axis variable names
and scale types correct

— Score 0: Incorrect axis scale
type or range

5. Color Scheme Consistency

* Question: Does Chart B apply
the same color mappings as Chart
A?

* Scoring Criteria:

— Score 2: Identical color map-
pings for all elements

— Score 1: Correct palette fam-
ily with minor variations

— Score 0: Different color
palette applied

6. Style and Format Consistency

* Question: Does Chart B match
Chart A’s stylistic attributes?
* Scoring Criteria:
— Score 2: All stylistic at-
tributes match
— Score 1: Core visual style
maintained
— Score 0: Multiple style mis-
matches

7. Data Pattern Consistency

https://huggingface.co/OpenGVLab/InternVL3_5-241B-A28B


https://openai.com/zh-Hans-CN/index/gpt-5-1/
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-opus-4-5
https://deepmind.google/models/gemini/flash/
https://deepmind.google/models/gemini/pro/
https://huggingface.co/Qwen/Qwen3-VL-30B-A3B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-235B-A22B-Instruct
https://huggingface.co/deepseek-ai/deepseek-vl-7b-base
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/zai-org/GLM-4.1V-9B-Thinking
https://huggingface.co/zai-org/GLM-4.5V
https://huggingface.co/OpenGVLab/InternVL3_5-30B-A3B
https://huggingface.co/OpenGVLab/InternVL3_5-241B-A28B

* Question: Does Chart B visually
replicate Chart A’s data patterns?
* Scoring Criteria:
— Score 2: Data patterns match
with >95% accuracy
— Score 1: Core data trends rec-
ognizable
— Score 0: Data patterns signif-
icantly diverged

8. Component Completeness

* Scoring Criteria:
— Score 2: All visual compo-
nents present
— Score 1: All primary compo-
nents present
— Score 0: Missing critical
components

2. Execution Quality (3-Level Scoring:
0/1/2)

Evaluate the technical execution quality of
Chart B independently.

1. Visual Clarity

* Scoring Criteria:
— Score 2: Zero overlap affect-
ing readability
— Score 1: Minor overlap lim-
ited to non-critical elements
— Score 0: Critical overlap af-
fecting primary elements

2. Compositional Balance

* Scoring Criteria:

— Score 2: Optimal spatial dis-
tribution

— Score 1: Adequate composi-
tion with minor issues

— Score 0: Poor composi-
tion with disproportionate el-
ements

3. Typographic Quality

* Scoring Criteria:
— Score 2: All text appropri-
ately sized and legible
— Score 1: Text mostly appro-
priate with minor issues
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— Score 0: Text severely under-
sized or mispositioned

Output Format:
Your response MUST be a single, valid
JSON object with no additional text.

“json

"visual_structure_alignment”: {
"chart_type_consistency”: {
"score": 2,
"reason”: "Detailed explanation”
3o
"spatial_layout_consistency"”: {
"score": 2,
"reason”: "Detailed explanation”
3o
"text_element_consistency”: {
"score": 2,
"reason”: "Detailed explanation”
bP
"axis_configuration_consistency”:
{ "score": 2,

"reason”: "Detailed explanation”

3

"color_scheme_consistency”: {
"score": 2,

"reason”: "Detailed explanation”

3

"style_and_format_consistency”: {

"score": 2,

"reason”: "Detailed explanation”
3o
"data_pattern_consistency”: {
"score": 2,
"reason”: "Detailed explanation”
3o
"component_completeness”: {
"score": 2,
"reason”: "Detailed explanation”
}
}s
"execution_quality”: {
"visual_clarity”: {
"score": 2,
"reason”: "Detailed explanation”
bP
"compositional_balance”: {
"score": 2,
"reason”: "Detailed explanation”

3



"typographic_quality": {
"score": 2,
"reason”: "Detailed explanation”
}
3y

"improvement_recommendations”:
"Priority fixes with explanations”

3

Generation Prompt for Chart Reproduction

Role:

You are an expert Python data visualiza-
tion engineer specializing in matplotlib and
seaborn.

Task:

Analyze the provided data information and
reference chart image to identify the data
relationships and patterns being visualized.
Generate executable Python code that pre-
cisely replicates the chart with pixel-level
fidelity using the actual data structure de-
scribed.

Inputs:

1. Data Information:

* Dataset descriptions including
shape, columns, data types, and
sample rows

* Multiple CSV/XLSX files may
be provided with their respective
schemas

2. Reference Chart:

* Image showing the target visual-
ization to replicate

Analysis Requirements:
Before generating code, identify:

¢ Which dataset(s) and columns are used
in the visualization

* Data transformations applied (aggrega-
tions, calculations, filtering, etc.)

» Relationships  between
datasets (if applicable)

multiple

» Time series patterns, trends, or statisti-
cal relationships displayed
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Code Requirements:
Your code must exactly replicate:

1. Data Loading:

* MANDATORY: Read data from
the provided CSV or XLSX files
using pandas (pd.read_csv() or
pd.read_excel())

* Use the exact file paths/names
mentioned in the data information

* Apply necessary data type con-
versions (dates, numeric values,
categories)

* Handle multiple files if multiple
datasets are referenced

2. Data Mapping:

e CRITICAL: Ensure each data
column is correctly mapped to its
corresponding visual element in
the chart

» X-axis must display the correct
column data in the proper order

* Y-axis must display the correct
column data with accurate values

e Multiple series/groups must use
the correct data columns with
proper labels

* Verify that data values in the vi-
sualization match the source data
numerically and categorically

* Apply correct aggregations (sum,
mean, count, etc.) to match the
reference chart

* Ensure data filtering and group-
ing operations produce the exact
subsets shown in the visualization

3. Chart Structure:

e Chart types (line, bar, scatter,
etc.)

* Subplot layout and arrangement
* Figure dimensions and aspect ra-

tios
4. Data Representation:

* Axis properties (labels, units,
ranges, scales, ticks)




 Data values, trends, and patterns
from the input datasets

* Legends (content, position, style)
 Statistical elements (means, me-
dians, trend lines, etc.)

5. Visual Styling:

e Colors for all elements (lines,
markers, backgrounds)

* Typography  (fonts, sizes,
weights)
* Line/marker styles (patterns,

shapes, widths, transparency)
* Grids, spines, and backgrounds

6. Text Content:

e Titles, axis labels, annotations
(exact wording and placement)

* Value labels or data point annota-
tions

Code Standards:

» Use matplotlib and/or seaborn exclu-
sively

* Load and process data matching the
provided data_info structure

¢ Include necessary data preprocessing
(parsing dates, filtering, calculations)

¢ Ensure code is self-contained and exe-
cutable

¢ Use the actual column names and data
types from the input datasets

* DO NOT generate synthetic data

Output Format:
Provide only the Python code block:

* T python
# Your code here

Task:

Compare two Python visualization codes
and determine if they use functionally
equivalent data for each corresponding
subplot.

Data Evaluation Prompt for Chart Reproducti
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Evaluation Criteria:

1. Data Source Matching

e Both codes must load data from the
same file(s)

* Column selections must access the
same fields (even if using different syn-
tax)

* Example: df[’col’] = df.col =
df.loc[:, ’col’]

2. Data Transformation Equivalence

For each subplot, check if the final data ar-
rays passed to plotting functions are equiv-
alent:

ACCEPT as equivalent:

* Different groupby syntax producing
same result:

— df.groupby(’A’)[’B’].sum()

df.groupby(’A’).agg({’B’:
’SUm’})[’B’]

* Different filtering methods:

— df[df[’x’] > 0]
df.query(’x > 0’)
df.loc[df[’x’] > @]

» Reordered operations that don’t affect
output:

— df.sort_values(’A’).reset
_index(drop=True) =
df.reset_index(drop=True).
sort_values(’A’)

e Different intermediate variable names

* Different but equivalent aggregation
functions on same data

REJECT as different:

* Using different columns: df[’A’] vs
df[’B’]

* Different aggregation types: .sum()
vs .mean()

e Different filters: df [df[’x’] > @] vs
df[df[’x’] > 5]




¢ Different data subsets for same visual
element

* Missing or extra data transformations
that change values

3. Visual Element Data Mapping
For each subplot, verify corresponding vi-
sual elements use equivalent data:

Must match:
e X-axis data source and values
¢ Y-axis data source and values

¢ Color/hue grouping variables

Size/marker data sources

Facet/subplot grouping variables

Filter conditions (if applied to specific
elements)

May differ:
¢ Variable names (x_data vs x_vals)

* Intermediate calculation steps (as long
as final result is same)

* Code organization (functions vs inline)

Verification Steps:

1. Identify corresponding subplots be-
tween two codes (by position or title)

2. For each subplot pair, trace data
flow:

¢ What columns are loaded?

* What transformations applied?
(group, filter, aggregate, calcu-

late)
e What data arrays enter
plt.plot(), plt.bar(),

sns.lineplot(), etc.?

3. Compare final data semantics, not
code syntax

4. Check ALL subplots - if any subplot
uses different data, return NO

Edge Cases:

* Hardcoded values: If one code uses
plt.bar([1,2,3], [4,5,6]) and
another loads same values from CSV,
consider EQUIVALENT

e Derived columns: df[’ratio’] =
df[’A’]1/df[’B’] must use same
columns in both codes

e Statistical calculations: df[’A’]
.mean() vs np.mean(df[’ A’]) are
EQUIVALENT

Output Format:

<reasoning>

[Brief analysis of each subplot's data
usage comparison]

</reasoning>

<result>YES</result> <!-- If all sub-
plots use equivalent data -->

or

<result>NO</result> <!-- If ANY sub-
plot uses different data -->

Examples:
Example 1: Should return YES

# Code A

data = pd.read_csv('data.csv')

train = dataldatal'split'] == 'Train']
plt.bar(train['category'],
train['count'])

# Code B

df = pd.read_csv('data.csv')
filtered = df.query("split == 'Train""
plt.bar(filtered['category'].values,
filtered['count'].values)
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Evaluation Prompt for Chart Reproduction

Role and Goal:

You are an expert data visualization quality
assessor. Your task is to rigorously evaluate
Chart B (generated output) against Chart
A (reference chart) based on the original
task requirements. The evaluation must as-
sess fidelity in visual structure, data repre-
sentation, and design execution with strict
adherence to standards.




Evaluation Categories:

1. Visual Structure Alignment (3-Level
Scoring: 0/1/2)

Assess whether Chart B replicates the struc-
tural elements of Chart A with precision.

1. Chart Type Consistency

¢ Question: Does Chart B use iden-
tical chart types as Chart A for all
visualizations?

* Scoring Criteria:

— Score 2: All chart types
match exactly across all sub-
plots

— Score 1: Primary chart types
match for all subplots

— Score 0: Any primary chart
type differs

2. Spatial Layout Consistency

* Question: Does Chart B repli-
cate Chart A’s exact component
arrangement?

* Scoring Criteria:

— Score 2: Exact grid structure,
identical subplot positioning

— Score 1: Correct grid struc-
ture and subplot count, but mi-
nor positioning deviations

— Score 0: Incorrect grid di-
mensions, wrong number of
subplots, major element mis-
placement

3. Text Element Consistency

¢ Question: Does Chart B contain
all textual content from Chart A?
* Scoring Criteria:

— Score 2: All text content
matches exactly in wording,
placement, and hierarchy

— Score 1: All critical text
present with exact wording,
but minor discrepancies in
secondary elements

— Score 0: Missing or altered
critical text

4. Axis Configuration Consistency

42020

* Question: Does Chart B replicate
all axis properties from Chart A?
* Scoring Criteria:

— Score 2: Perfect match for
all axis properties and legend
specifications

— Score 1: Axis variable names
and scale types correct, but
minor deviations

— Score 0: Incorrect axis scale
type, wrong variable assign-
ments, axis range drastically
different

5. Color Scheme Consistency

* Question: Does Chart B apply
the same color mappings as Chart
A?

* Scoring Criteria:

— Score 2: Identical color map-
pings for all elements with ex-
act hex/RGB matches

— Score 1: Correct color palette
family and mapping logic, but
minor shade variations

— Score 0: Different color
palette applied, incorrect cat-
egorical color assignments

6. Style and Format Consistency

* Question: Does Chart B match
Chart A’s stylistic attributes?
* Scoring Criteria:
— Score 2: All stylistic at-
tributes match
— Score 1: Core visual style
maintained with minor devia-
tions
— Score 0: Multiple style mis-
matches or fundamentally dif-
ferent aesthetic

7. Component Completeness

* Scoring Criteria:

— Score 2: Chart B contains
all visual components from
Chart A

— Score 1: All primary compo-
nents present but missing 1-3
minor elements




— Score 0: Missing critical
components that significantly
affect information complete-
ness

2. Execution Quality (3-Level Scoring:
0/1/2)

Evaluate the technical execution quality of
Chart B independently.

1. Visual Clarity

* Scoring Criteria:

— Score 2: Zero overlap or oc-
clusion affecting readability

— Score 1: Minor overlap lim-
ited to 1-2 non-critical ele-
ments

— Score 0: Critical overlap af-
fecting primary elements that
severely impairs interpreta-
tion

2. Compositional Balance

* Scoring Criteria:

— Score 2: Optimal spatial dis-
tribution with proportional el-
ement sizing

— Score 1: Adequate composi-
tion with acceptable propor-
tions and spacing

— Score 0: Poor composi-
tion with disproportionate el-
ements

3. Typographic Quality

* Scoring Criteria:

— Score 2: All text appropri-
ately sized relative to chart di-
mensions

— Score 1: Text mostly appro-
priate with minor issues

— Score 0: Text severely under-
sized or oversized, illegible el-
ements

Output Format:

Your response MUST be a single, valid
JSON object with no additional text. Use
this exact structure:
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{

"visual_structure_alignment”: {
"chart_type_consistency”: {
"score": 1,
"reason”: "Detailed explanation”
P
"spatial_layout_consistency"”: {
"score": 2,
"reason”: "Detailed explanation”
3
"text_element_consistency”: {
"score": 1,
"reason”: "Detailed explanation”
3},
"axis_configuration_consistency”:
{ "score": 1,
"reason”: "Detailed explanation”
o
"color_scheme_consistency"”: {
"score": 2,
"reason”: "Detailed explanation”
o
"style_and_format_consistency"”: {
"score": 1,
"reason”: "Detailed explanation”
o
"data_pattern_consistency”: {
"score": 2,
"reason”: "Detailed explanation”
3o
"component_completeness”: {
"score": 1,
"reason”: "Detailed explanation”
}
X
"execution_quality": {
"visual_clarity”: {
"score": 1,
"reason”: "Detailed explanation”
LS
"compositional_balance”: {
"score": 2,
"reason”: "Detailed explanation”
o
"typographic_quality"”: {
"score": 2,
"reason”: "Detailed explanation”
}
}s

n

"improvement_recommendations”:




Priority fixes: (1) Add missing
auxiliary bar overlay..."

Role:

You are an expert Python data visualiza-
tion engineer specializing in matplotlib and
seaborn, with strong skills in chart debug-
ging and correction.

Task:

You will receive:

1. An image of a chart that contains vi-
sual errors or issues

2. An instruction describing what needs
to be corrected

Your goal is to generate corrected, exe-
cutable Python code that fixes the issues
identified in the instruction while maintain-
ing other aspects of the original chart.
Instruction Input Format:

The instruction will be provided in natu-
ral language describing the required correc-
tions, such as:

¢ "Fix the incorrect color scheme - bars
should be blue instead of red"

 "Correct the y-axis scale which is cur-
rently inverted"

» "Fix the overlapping labels on the x-
axis"

* "Correct the legend positioning - it’s
currently obscuring the data"

¢ "Fix the incorrect data values in the
second subplot"

e "Adjust the title alignment and font
size"

 "Fix the misaligned text labels"

» "Correct the vertical alignment of an-
notations"

Your Responsibilities:

1. Analyze the Chart Image:

,
| HJ

Generation Prompt for Chart Refinement
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e Identify the chart structure, type,
and layout

¢ Understand the current state (in-
cluding the errors)

e Note all visual elements and
styling

2. Interpret the Instruction:

» Understand what specific correc-
tions are needed

e Determine  which
should be modified

* Preserve all elements not men-
tioned in the instruction

elements

3. Generate Corrected Code that Must
Exactly Replicate:

* Chart Structure:
— Chart types
— Subplot layout
* Data Representation:
— Axis properties (labels, units,
ranges, scales, ticks)
— Data values and trends
— Legends (content, position,
style)
* Visual Styling:
— Colors (all elements)
— Typography (fonts, sizes)
— Line/marker styles (patterns,
shapes, widths)
— Grids and backgrounds
e Text Content & Alignment:
— Titles, annotations, labels (ex-
act wording and placement)
— Text alignment (horizontal
and vertical: left/center/right,
top/center/bottom)
— Text rotation and orientation
— Spacing and positioning rela-
tive to chart elements

Code Standards:

» Use matplotlib and/or seaborn exclu-
sively

e Ensure code is self-contained and exe-
cutable




* Generate synthetic data that matches
the reference characteristics

Apply corrections precisely as in-
structed

Maintain all other visual properties of
the original chart

* Pay special attention to alignment
properties (ha, va, align parameters)

Output Format:
Provide only the corrected Python code
block:

T python
# Your corrected code here

Evaluation Prompt for Chart Refinement

Role and Goal:

You are an expert data visualization quality
assessor. Your task is to rigorously evaluate
Chart B (generated output) against Chart
A (reference chart) based on the original
task requirements. The evaluation must as-
sess fidelity in visual structure, data repre-
sentation, and design execution with strict
adherence to standards.

Evaluation Categories:

1. Visual Structure Alignment (3-Level
Scoring: 0/1/2)

Assess whether Chart B replicates the struc-
tural elements of Chart A with precision.

1. Chart Type Consistency

¢ Question: Does Chart B use iden-
tical chart types as Chart A for all
visualizations (e.g., line, bar, scat-
ter, pie, heatmap)?

* Scoring Criteria:

— Score 2: All chart types
match exactly across all
subplots, including primary
chart types and any over-
laid secondary elements (e.g.,
dual-axis charts, combination
charts)

— Score 1: Primary chart types
match for all subplots, but mi-
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nor secondary elements dif-
fer (e.g., missing auxiliary bar
overlay on a line chart, absent
trendline, missing error bars
on primary plot)

— Score 0: Any primary chart
type differs (e.g., bar chart
used where line chart re-
quired), or multiple subplots
have type mismatches, or fun-
damental chart category is
wrong (e.g., scatter instead of
bar)

2. Spatial Layout Consistency

* Question: Does Chart B repli-
cate Chart A’s exact component
arrangement (subplot grid dimen-
sions, relative positioning of all
visual elements)?

* Scoring Criteria:

— Score 2: Exact grid structure
(e.g., 2x3 layout), identical
subplot positioning, precise
relative placement of all ele-
ments (legends, annotations,
insets) within +2% of refer-
ence dimensions

— Score 1: Correct grid struc-
ture and subplot count, but
minor positioning deviations
(legend slightly displaced, an-
notation shifted but still in
correct subplot, spacing vari-
ations within 5-15% of refer-
ence)

— Score 0: Incorrect grid di-
mensions (e.g., 1x4 instead
of 2x2), wrong number of
subplots, major element mis-
placement (legend in wrong
subplot, annotations in incor-
rect panels), or spatial rela-
tionships fundamentally al-
tered

3. Text Element Consistency

* Question: Does Chart B contain
all textual content from Chart A
(titles, subtitles, annotations, axis




labels) with identical wording, ex-
cluding axis tick values?
* Scoring Criteria:

— Score 2: All text content
matches exactly in word-
ing, placement, and hierarchy
(main title, subplot titles, axis
labels, annotations, data la-
bels)

— Score 1: All critical text
present (main title, axis la-
bels, subplot titles) with ex-
act wording, but minor dis-
crepancies in secondary ele-
ments (1-2 missing annota-
tions, slightly reworded foot-
notes, minor label omissions
that don’t affect core interpre-
tation)

— Score 0: Missing or altered
critical text (wrong/missing
main title, incorrect axis la-
bels, absent subplot titles, 3+
missing annotations), or sig-
nificant semantic changes to
any primary text element

4. Axis Configuration Consistency

* Question: Does Chart B repli-
cate all axis properties from Chart
A (variable names, units, scale
types, ranges, tick intervals) and
legend specifications for each
subplot?

* Scoring Criteria:

— Score 2: Perfect match for
all axis properties (scale type,
range, units, label text, tick in-
tervals) and legend specifica-
tions (position, order, labels)
across all subplots

— Score 1: Axis variable names
and scale types correct, but
minor deviations (axis range
extends £10-20% beyond ref-
erence, tick intervals slightly
different but reasonable, leg-
end order swapped but all en-
tries present, units abbrevi-
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ated differently but semanti-
cally equivalent)

— Score 0: Incorrect axis
scale type (log vs linear),
wrong variable assignments,
axis range drastically differ-
ent (>30% deviation or miss-
ing critical data region), miss-
ing axis labels, incorrect units,
or legend missing critical en-
tries

5. Color Scheme Consistency

* Question: Does Chart B apply
the same color mappings as Chart
A for all data series, categories,
and visual elements?

* Scoring Criteria:

— Score 2: Identical color map-
pings for all elements (data
series, categorical encodings,
heatmap scales, background,
grid, annotations) with exact
hex/RGB matches or percep-
tually indistinguishable equiv-
alents

— Score 1: Correct color palette
family and mapping logic,
but minor shade variations
(slightly lighter/darker ver-
sions of reference colors, satu-
ration differences within 15%,
1-2 secondary elements use
similar but non-exact colors)

— Score 0: Different color
palette applied, incorrect cat-
egorical color assignments
(e.g., Category A colored
red instead of blue), reversed
color scale (e.g., heatmap
scale inverted), or 3+ ele-
ments with significantly dif-
ferent colors

6. Style and Format Consistency

e Question: Does Chart B match
Chart A’s stylistic attributes
(background color, grid styles,
marker shapes, line patterns, font
families, border styles)?




¢ Scoring Criteria:

— Score 2: All stylistic at-
tributes match (grid style
[solid/dashed/dotted], marker
shapes, line widths, line pat-
terns, font families, back-
ground colors, border styles,
opacity levels)

Score 1: Core visual style
maintained with minor de-
viations (grid style slightly
different [dashed vs dotted],
marker shapes similar but not
exact [circle vs hexagon], line
width within £1px, font fam-
ily same category [all sans-

serif] but different face)

— Score 0: Multiple style mis-
matches (wrong grid style +
wrong markers + wrong font
category), fundamentally dif-
ferent aesthetic (dark theme
vs light theme), or critical
style elements missing (no
gridlines when reference has
them, no borders when re-
quired)

7. Data Pattern Consistency

¢ Question: Does Chart B visu-
ally replicate Chart A’s data pat-
terns (data point positions, trend
shapes, distribution profiles, sta-
tistical markers)?

* Scoring Criteria:

— Score 2: Data patterns match
reference with >95% posi-
tional accuracy, all trend
shapes replicated, distribu-
tion profiles visually iden-
tical, all statistical markers
(means, medians, confidence
intervals) present and correct

— Score 1: Core data trends and
patterns recognizable (corre-
lation directions correct, ma-
jor peaks/troughs present, dis-
tribution shapes similar), but
minor deviations (5-15% posi-
tional variance, slight smooth-
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ing differences, 1-2 missing
minor statistical markers, in-
terpolation artifacts in small
regions)

— Score 0: Data patterns sig-
nificantly diverged (>15% po-
sitional errors, trend direc-
tions incorrect, distribution
shapes fundamentally differ-
ent, major statistical markers
missing/wrong), or substan-
tial data missing/added

8. Component Completeness

* Scoring Criteria:
— Score 2: Chart B contains

all visual components from
Chart A including all data
series, markers, annotations,
grid elements, legends, sta-
tistical overlays (trendlines,
confidence intervals, refer-
ence lines), decorative fea-
tures, and auxiliary elements
Score 1: All primary com-
ponents present (all main
data series, essential legends,
critical annotations, primary
axis elements, key statisti-
cal markers) but missing 1-
3 minor elements (optional
secondary annotations, dec-
orative styling features, non-
essential reference lines, aux-
iliary data labels on individ-
ual points)

Score 0: Missing critical
components (1+ major data
series absent, essential leg-
end missing, key annotations
omitted, primary axis ele-
ments incomplete, important
statistical overlays missing)
that significantly affect infor-
mation completeness or inter-
pretation accuracy

2. Execution Quality (3-Level Scoring:




Evaluate the technical execution quality of
Chart B independently.

1. Visual Clarity

* Scoring Criteria:

— Score 2: Zero overlap or oc-
clusion affecting readability;
all elements (subplots, titles,
axis labels, legends, annota-
tions, tick marks, data mark-
ers) are fully legible with ad-
equate separation (minimum
3-5px spacing between inter-
active elements)

— Score 1: Minor overlap lim-
ited to 1-2 non-critical el-
ements (legend box edge
touching subplot border, sec-
ondary annotation slightly
overlapping gridline, axis tick
label near but not touching
neighbor) that marginally af-
fects aesthetics but not com-
prehension

— Score 0: Critical overlap af-
fecting primary elements (ti-
tle obscuring data, axis labels
overlapping each other, leg-
end blocking data points, tick
marks colliding, data series
indistinguishable due to oc-
clusion) that severely impairs
interpretation

2. Compositional Balance

¢ Scoring Criteria:

— Score 2: Optimal spatial dis-
tribution with proportional el-
ement sizing (subplots bal-
anced, margins uniform), har-
monious spacing (consistent
gaps between subplots, ap-
propriate padding), effective
whitespace utilization, profes-
sional aesthetic quality with
clear visual hierarchy

— Score 1: Adequate composi-
tion with acceptable propor-
tions and spacing, minor im-
balances (one subplot slightly
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larger than others, margins
vary by 5-10%, spacing some-
what inconsistent) that don’t
significantly detract from us-
ability or professionalism

— Score 0: Poor composi-
tion with disproportionate el-
ements (subplots drastically
different sizes without jus-
tification, margins vary by
>20%, cramped or excessive
spacing, wasted whitespace,
visual imbalance creating con-
fusion about hierarchy or im-
portance, unprofessional ap-
pearance

3. Typographic Quality

* Scoring Criteria:

— Score 2: All text appropri-
ately sized relative to chart di-
mensions (titles 14-18pt, axis
labels 10-12pt, tick labels 8-
10pt for standard charts), fully
legible at standard viewing
distance (arm’s length for dig-
ital, 2-3ft for print), correctly
spelled, semantically accu-
rate, properly positioned with-
out overlap

— Score 1: Text mostly appro-
priate with minor issues (1-
2 labels slightly undersized
[7-8pt where 10pt ideal] but
still readable, minor position-
ing suboptimality [axis label
slightly too far from axis], ab-
breviations used where full
words preferred but meaning
clear)

— Score 0: Text severely under-
sized (<7pt for body text) or
oversized (>20pt for labels),
illegible elements, spelling er-
rors, semantic inaccuracies
(wrong variable names, incor-
rect units), severely misposi-
tioned labels (rotated when
horizontal preferred, outside
visible area)




Output Format:

Your response MUST be a single, valid
JSON object with no additional text. Use
this exact structure:

{
"visual_structure_alignment”: {

"chart_type_consistency”: {

"score": 1,

"reason”: "Detail Explanation”
e
"spatial_layout_consistency”: {

"score": 2,

"reason”: "Detail Explanation”
B
"text_element_consistency”: {

"score": 1,

"reason”: "Detail Explanation”

o
"axis_configuration_consistency”:
{ "score": 1,

"reason”: "Detail Explanation”
s
"color_scheme_consistency”: {

"score": 2,

"reason”: "Detail Explanation”

}s
"style_and_format_consistency”: {
"score”: 1,

"reason”: "Detail Explanation”
e
"data_pattern_consistency”: {

"score": 2,

"reason”: "Detail Explanation”
P
"component_completeness”: {

"score": 1,

"reason”: "Detail Explanation”

}
s

"execution_quality”: {
"visual_clarity"”: {

"score": 1,

"reason”: "Detail Explanation”

3

"compositional_balance”: {
"score": 2,

"reason”: "Detail Explanation”

},

"typographic_quality": {
"score": 2,

"reason”: "Detail Explanation”
}
o

"improvement_recommendations”:
"Priority fixes: (1) Add missing
auxiliary bar overlay..."

\.

E Additional Discussion

E.1 Performance Analysis Across
Benchmarks

To contextualize the difficulty of RealChart2Code,
we compare the performance of the evaluated
models against two existing state-of-the-art bench-
marks: ChartMimic (Yang et al., 2025) and
Plot2Code (Wu et al., 2024). To ensure a fair com-
parison, we normalize all scores to a 0-100% scale.
As shown in Figure 7, we observe a dramatic per-
formance collapse when models transition from
existing datasets to our proposed benchmark.

The "Complexity Gap'. Existing benchmarks
appear to have reached a saturation point for top-
tier proprietary models. For instance, Gemini-3-
Pro-Preview and Claude-4.5-Opus achieve near-
perfect scores on existing tasks, averaging 96.0 %
and 91.2% respectively. However, their per-
formance practically halves on RealChart2Code,
dropping to 50.6% and 51.3%. This vast dispar-
ity—visually represented by the "Complexity Gap"
below the diagonal in Figure 7—demonstrates that
current SOTA models, while proficient at simple
syntax, are far from solving the challenge of gen-
erating complex, multi-panel visualizations from
authentic raw data.

Open-Weight Models Struggle. The gap is
even more pronounced for open-weight models.
While leading models like Qwen3-VL-235B per-
form admirably on standard benchmarks (averag-
ing 84.7%), they fail to generalize to the rigor of
real-world data science, scoring only 22.5% on
RealChart2Code. This indicates that while open-
weight models have memorized chart patterns, they
lack the robust reasoning capabilities required for
the iterative refinement and complex logic handling
demanded by our benchmark.

F Case Study

Error Case 1 As shown in Figure 8, the model
demonstrates a strong capability in code genera-
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Performance Collapse on Real-World Tasks
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Figure 7: Performance Collapse on Real-World
Tasks. We compare the normalized average scores
(0-100%) of models on existing benchmarks (x-axis)
versus RealChart2Code (y-axis). The dashed line rep-
resents equal performance (y = x). The significant
distance of all models from this line highlights the Com-
plexity Gap: even state-of-the-art models that mas-
ter simple plotting tasks see their performance drop
by nearly 50% when facing the realistic challenges in
RealChart2Code.

tion for individual subplots, accurately replicat-
ing the visual style and data distribution of the
reference. However, the synthesis of the multi-
panel figure is structurally deficient. The gener-
ated script relies on default subplot positioning
rather than explicit layout management tools such
asmatplotlib.gridspec. Consequently, the final
output suffers from severe overcrowding, particu-
larly in the bottom row where the text labels and
plot elements overlap. This indicates that while the
model captures local plotting semantics, it lacks
the global spatial planning reasoning required for
dense composite visualizations.

Error Case 2 As illustrated in Figure 9, this case
pushes the boundaries of the model’s spatial rea-
soning capabilities. The reference image requires
nesting complex sub-layouts (e.g., a scatter matrix
and a joint plot) within a larger dashboard grid.
The model struggles significantly with this hier-
archical composition. Specifically, the pairwise
relationship matrix (bottom right) is rendered as
disjointed, individual plots rather than a coherent
grid, and the marginal joint plot (top left) fails to
render the central scatter distribution entirely. This
suggests that while the model can identify distinct
plot types, it lacks the ability to orchestrate nested
layout containers and coordinate systems required

for high-density dashboards.

Error Case 3 As demonstrated in Figure 10, the
model exhibits a severe failure in global canvas
utilization. While the code attempts to construct
the multi-panel grid, it lacks the necessary logic to
balance figure size (figsize) with element scaling
and resolution. The generated plot suffers from
a critical aspect ratio mismatch, where the visual-
ization is rendered at a "thumbnail" scale within
a disproportionately large canvas. This results in
excessive whitespace on the right and top margins,
indicating that the model struggles to align code pa-
rameters with standard visual output requirements
for readability.

Error Case 4 Figure 11 illustrates a fundamen-
tal failure in parsing composite chart structures.
The reference image features advanced "Joint-
Grid" style layouts, where central axes are spa-
tially locked with marginal axes to display bivari-
ate distributions. The model, however, interprets
these marginal components as standalone visual-
izations. Consequently, it "flattens” the hierarchi-
cal design, rendering the marginal histograms as
separate, strictly grid-aligned panels rather than in-
tegrated overlays. This error demonstrates a lack
of understanding regarding semantic grouping in
data visualization, leading to a fragmented layout
that fails to reconstruct the cohesive narrative of
the original image.

Error Case 5 Qwen3-VL-235B exhibits a re-
curring tendency to generate plausible-looking
but functionally invalid API calls, affecting ap-
proximately 20% of the generated solutions.
Specifically, the model frequently executes
plt.style.use(’seaborn-v@_11"), triggering a
ValueError since this specific style parameter
does not exist in standard Matplotlib or Seaborn
libraries. This specific hallucination suggests a
contamination or noise issue within the model’s
code-domain training data, where it has memorized
incorrect versioning strings or deprecated syntax.
Consequently, a significant portion of the outputs
fail not due to visual reasoning deficits, but due to
fundamental library knowledge errors.
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Figure 8: Error Case 1: Layout Optimization Failure. Comparison between the reference visualization (top)
and the model-generated output (bottom). While the generated code correctly implements the individual plotting
logic for diverse chart types, it fails to utilize advanced layout managers (e.g., GridSpec), resulting in overcrowded
subplots and overlapping elements.
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Figure 9: Error Case 2: Complex Composite Layout Failure. Comparison between the reference dashboard (top)
and the model prediction (bottom). The target visualization features a highly intricate arrangement of heterogeneous
charts, including marginal distributions, dual-axis overlays, and pairwise matrices. The model fails to recover the
hierarchical structure, resulting in fragmented subplots, missing central data elements, and a collapse of the global
layout.
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Figure 10: Error Case 3: Canvas Scaling and Dimensioning Failure. Comparison between the reference
visualization (top) and the model-generated output (bottom). The model fails to correctly parametrize the global
figure dimensions relative to the content, resulting in the entire subplot grid being compressed into a minute area.
This scaling mismatch leaves the majority of the canvas as empty whitespace, rendering the visualization illegible.
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Figure 11: Error Case 4: Semantic Layout Decompgsiyipn. Comparison between the reference dashboard (top)
and the model output (bottom). The reference relies on composite visualizations, specifically joint plots that integrate
scatter plots with marginal density distributions. The model fails to perceive these grouped elements as unified
semantic entities, instead breaking them down into disjointed, independent subplots. This results in a complete loss

of the original grid structure and intended visual hierarchy.




