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ABSTRACT

Recently, multimodal large language models (MLLMs) have attracted increasing
research attention due to their powerful visual understanding capabilities. While
they have achieved impressive results on various vision tasks, their performance
on chart-to-code generation remains suboptimal. This task requires MLLMs to
generate executable code that can reproduce a given chart, demanding not only
precise visual understanding but also accurate translation of visual elements into
structured code. Directly prompting MLLMs to perform this complex task often
yields unsatisfactory results. To address this challenge, we propose ChartIR, an
iterative refinement method based on structured instruction. First, we distinguish
two tasks: visual understanding and code translation. To accomplish the visual
understanding component, we design two types of structured instructions: de-
scription and difference. The description instruction captures the visual elements
of the reference chart, while the difference instruction characterizes the discrepan-
cies between the reference chart and the generated chart. These instructions effec-
tively transform visual features into language representations, thereby facilitating
the subsequent code translation process. Second, we decompose the overall chart
generation pipeline into two stages: initial code generation and iterative refine-
ment, enabling progressive enhancement of the final output. Experimental results
show that, compared to other methods, our method achieves superior performance
on both the open-source model Qwen2-VL and the closed-source model GPT-4o.

1 INTRODUCTION

Recently, Multimodal Large Language Models (MLLMs) (Bai et al., 2023; Lu et al., 2024; et al.,
2024; OpenAl, 2024; Liu et al., 2023), such as GPT-4V, LLaVA, and Qwen-VL, have attracted sig-
nificant attention due to their impressive capabilities in visual understanding and reasoning. Among
the many downstream tasks involving multimodal inputs, chart reasoning has emerged as an impor-
tant domain (Xia et al., 2025; Masry et al., 2022; Han et al., 2023; Liu et al., 2024; He et al., 2024),
as charts play a crucial role in presenting structured data in a visual format. However, recent studies
show that current MLLMs still struggle to handle a range of chart-related tasks effectively, includ-
ing summarization, captioning, question answering, and particularly chart-to-code generation. The
unique difficulties of chart inputs, such as their high information density and complex layout, ren-
der direct learning from vision-language corpora insufficient. Therefore, existing MLLMs generally
perform poorly on chart-to-code generation benchmarks, due to their inability to accurately capture
and translate multi-dimensional chart information.

To address the limitations of direct generation, some recent efforts have attempted to enhance the
chart-to-code capability of MLLMs through more structured approaches. ChartCoder (Zhao et al.,
2025) improves performance by decomposing the generation process into step-by-step procedures
and applying instruction tuning to open-source models. However, due to its reliance on training,
ChartCoder cannot be applied to commercial closed-source models like GPT-40, and its performance
remains suboptimal. On the other hand, METAL (Li et al., 2025) adopts a training-free, multi-agent
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system that enables compatibility with both open-source and commercial MLLMs. It iteratively
refines the generated code through a pipeline of generation, critique, and revision based on visual
metrics. Nevertheless, METAL suffers from critical limitations: it updates code based only on the
lowest-performing single metric, which often leads to unbalanced optimization, and some metrics
such as color are rarely used in practice (see Table 1). Moreover, optimizing one metric may degrade
others, and relying on a single score for update decisions can result in code that is worse overall.
These issues hinder METALs ability to generate high-quality, visually faithful chart code.

To better understand the unique challenges behind  T,p1e 1: Total usage counts of three metrics
chart-to-code generation, we conduct a detailed
analysis and identify two core bottlenecks: visual

understanding and code translation. Visual under- Metric Plot2Code  ChartMimic
standing refers to the MLLM’s ability to extract ac-

S : . . Text 93 694
curate and multi-dimensional information, such as Color 0 4
structure, text, colors, and layout, from the input Overall 108 554

chart. Code translation involves converting this rich
visual information into executable and semantically
faithful code. Motivated by this observation, we pro-
pose ChartlR, a training-free iterative framework that explicitly addresses both challenges. To en-
hance the visual understanding phase, we introduce a structured, multi-dimensional chart description
mechanism that provides detailed annotations over several key visual components. To improve code
translation, we design an iterative generation scheme that leverages both the original image and the
chart description to guide code refinement. In each iteration, the model identifies and compares the
differences between the generated chart and the reference chart across all key dimensions, including
text, color, layout, and type, enabling more holistic and targeted updates.

Total samples 201 1252

To validate the effectiveness of ChartIR, we conduct extensive experiments on two widely-used
chart-to-code benchmarks: Plot2Code (Wu et al., 2024) and ChartMimic (Yang et al., 2025). We
evaluate our method on both open-source (Qwen2-VL) and closed-source (GPT-40) models. Results
show that ChartIR significantly outperforms both direct generation and METAL across a compre-
hensive set of evaluation metrics, including GPT-40 Score, low-level metrics (Text, Layout, Type,
Color), and traditional image similarity metrics (SSIM, CLIP, MSE, PSNR). Notably, the improve-
ments in GPT-40 Score, an evaluation metric closely aligned with human judgment, demonstrate
that our approach leads to substantial gains in visual and structural fidelity of the generated charts.
We further conduct ablation studies to isolate the effects of chart description and iterative difference-
based refinement. Results show that removing either component leads to considerable performance
degradation, confirming the necessity and effectiveness of each module in the ChartIR framework.

In summary, our contributions are threefold: (1) We propose ChartIR, a training-free, model-
agnostic framework for enhancing chart-to-code generation in MLLMs; (2) We introduce a struc-
tured chart description mechanism that captures multi-dimensional visual features of the reference
chart, which is shown to be essential for accurate code generation; and (3) We design an itera-
tive difference-based refinement process that improves code quality across all visual aspects. Our
method achieves state-of-the-art results on multiple benchmarks both on open-source and closed-
source models and provides a robust blueprint for future research in chart-to-code generation.

2 RELATED WORK

Multimodal Large Language Models. Multimodal large language models (MLLMs) extend the
capabilities of large language models (LLMs) by incorporating vision inputs, enabling them to per-
form tasks involving both text and images. Open-source MLLMs such as Qwen-VL (Bai et al.,
2023), DeepSeek-VL (Lu et al., 2024), LLaVA (Liu et al., 2023), and Mini-Gemini (et al., 2024)
have attracted attention due to their transparency, accessibility, and potential for fine-tuning. These
models are often built by aligning pre-trained vision encoders with language models using mul-
timodal instruction tuning. On the other hand, closed-source commercial models such as GPT-
40 (OpenAl, 2024) and Claude (Anthropic, 2024) integrate proprietary vision-language pipelines
and demonstrate superior performance across a wide range of multimodal tasks. In chart-related
tasks, such as summarization, captioning, question answering and chart-to-code generation, these
closed-source models consistently outperform their open-source counterparts. However, their closed
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Figure 1: Overview of the ChartIR. The method consists of two steps: 1) Initial Code Generation:
First, a description is generated based on the reference chart. Then, using both the description and
the reference chart, an initial code is produced. 2) Iterative Refinement: In this stage, first comparing
the chart generated from the initial code with the reference chart and produces a description of the
difference. Based on this difference, the reference chart, and the description of the reference chart,
a new code is generated and then get a new chart. This process is repeated iteratively. The iteration
continues until convergence is achieved.

nature restricts research access, model interpretability, and downstream adaptability, especially for
tasks requiring task-specific customization or iterative optimization.

Chart-to-Code Generation. Chart-to-code generation aims to convert visual charts into exe-
cutable code that reproduces the original figure. Recent studies (Xia et al., 2025; Han et al., 2023;
Liu et al., 2024; Zhang et al., 2025) have evaluated MLLMSs on this task. These works show that
both open-source models (e.g., Qwen-VL, DeepSeek-VL) and closed-source models (e.g., GPT-4o,
Claude) still struggle with accurately reproducing charts. Among the most recent and advanced
approaches, ChartCoder improves performance by decomposing the task into sequential substeps
and training dedicated modules, but is limited to open-source models and still underperforms closed-
source ones. METAL introduces a training-free multi-agent framework that critiques and revises
code iteratively, allowing compatibility with both model types. However, it relies heavily on a single
evaluation metric per iteration and lacks a unified optimization mechanism across all visual dimen-
sions, leading to suboptimal convergence. Our method shares with METAL the idea of iterative
refinement but differs by introducing a multi-dimensional description and holistic difference-based
generation strategy that ensures all critical aspects of the chart are considered in every iteration.

3 METHODOLOGY

We first provide a formal problem formulation of chart-to-code generation. Given a reference chart
I,., we aim to generate executable code C, using an MLLM such that the resulting rendered chart
minimizes visual discrepancy with the reference chart 7,., i.e.,

n(}in disc(Render(Cy), I-), ey

where disc represents the visual discrepancy. Common metrics for disc include SSIM (Wang et al.,
2004), CLIP scores (Radford et al., 2021), etc.

According to the problem definition, a natural strategy is to iteratively optimize the generated code
based on the discrepancy evaluation function disc. Figure | illustrates the entire pipeline of our
code generation and optimization process. Overall, our method first generates a textual description
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Algorithm 1: Initial Code Generation

Input: Reference chart image I,,, MLLM-Describer, MLLM-Coder, Render.
1 Generate chart description: 0 <— MLLM-Describer(1,.);
2 Generate initial code: Cy <~ MLLM-Coder ([, ¢);
3 Render initial image:I, <— Render(Cy);
4 return Cy, I,

of the reference chart I,., and then produces the initial code C, based on both the description and the
reference chart I,.. We then iteratively refine the code C* at each step ¢ by minimizing the visual
discrepancy disc(/;“", I,.), where I;'*" = Render(Cy“"). This refinement process continues until
the MLLM can no longer make meaningful improvements to the generated code. In the remainder
of this section, we provide a detailed description of our proposed method.

STAGE 1: INITIAL CODE GENERATION

In the first stage, we carefully prompt the multimodal large language models (MLLMs) to produce
the initial chart-generating code C,, by effectively leveraging both the reference chart image /.. and
a detailed textual description § of the chart.

Description Generation. To enhance the model’s understanding of the visual chart content, we
first generate a description § that captures key semantic and structural information from I,.. This
description serves as an auxiliary input to guide the model during code generation. For closed-source
models such as GPT-40, which possess strong chart understanding capabilities, we directly prompt
the model with the reference chart to obtain the description § prior to code generation. In contrast,
open-source models typically demonstrate weaker performance in chart interpretation. To address
this limitation, we fine-tune Qwen2.5-VL (Bai et al., 2025) specifically for the chart description task.
We construct a training set using the ChartX (Xia et al., 2025) dataset by prompting GPT-40 with
chart images and corresponding code to generate descriptive captions. This results in a dataset of
approximately 5,000 (chart, description) pairs. We then fine-tune Qwen2.5-VL using this dataset to
enable it to generate high-quality chart descriptions.

Code Generation. Once the description § is obtained, it is combined with the chart image I, and
fed into the MLLM to produce the initial code C,. In the ablation experiments, we demonstrate the
effectiveness of incorporating chart descriptions for both open-source and closed-source models.
The overall procedure of Stage 1 is summarized in Algorithm 1.

STAGE 2: ITERATIVE REFINEMENT

In the second stage, we iteratively refine the initial code C, to improve the quality of the generated
chart. The generated chart image I, is first obtained by executing C';. We then prompt the MLLM
to describe the differences u between I, and I,. Based on this difference description, the model
analyzes I, I, and Cy to produce a revised version of the code, denoted as C7“. This updated
code is executed to generate a new chart image /7. Unlike METAL, which refines the code based
on improvements in a specific metric at each iteration, our method allows the MLLM to consider all
visual and structural aspects of the chart. The full iterative process is outlined in Algorithm 2.

Update Criterion. The decision to update Cy to C'g“*” is based on the discrepancy evaluation func-
tion D, defined in Equation 1. The update occurs only when the new image /" is quantitatively
closer to the reference image I, than I, is; that is, when disc(1;*", I,.) < disc(I, I-). To ensure ro-
bust and comprehensive evaluation, we aggregate multiple visual similarity metrics, including CLIP
Score, DINO, SSIM, PSNR, and Hamming Distance. These are combined via a weighted average
to compute the overall discrepancy score. An update is accepted only when the aggregated score for

I5¢* is less than that of I, ensuring improvements across multiple dimensions.

Convergence Criterion. To ensure convergence, we introduce a convergence counter k initialized
to zero. Each time the discrepancy score declines (i.e., [, ;‘ew is closer to I, than 1), the counter k
is reset. If an iteration fails to decrease the discrepancy score, k is incremented. Once the counter
reaches a predefined threshold, the refinement process stops, and the final code is returned.
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Algorithm 2: Iterative Refinement

Input: Reference chart image I, initial code C,, description §, MLLM-Coder, Render.
Output: Final refined code.

1 Initialize convergence counter: k < 0;

2 repeat

3 | Render chart: I, < Render(C);

4 Generate difference description: p <— MLLM-Coder(I,, I,);
5 Refine code: Cj¢? <= MLLM-Coder (I, Iy, Cy, 0, p);

6 Render new chart: 1" < Render(Cy*");

7 if disc(/;°, I;.) < disc(Iy, I,-) then

8 Refine code: C, C;w“’;

9 Reset convergence counter: k < 0;

10 else

11 \ Increment convergence counter: k < k + 1;

12 end

13 until k reaches a pre-determined threshold,
14 return C,,

Debug. During the entire iterative refinement process, the MLLMs may occasionally generate code
that fails to execute. To address this potential issue, we invoke a specialized LLM designed for
code-related tasks (Hui et al., 2024) to perform automatic bug fixing in real time. Specifically, we
provide the model with both the detailed error message and the faulty code as input, enabling it to
generate a corrected version of the generated code.

4 EXPERIMENTS

4.1 EXPERIMENT SETTING

The primary goal of our experiments is to evaluate whether ChartIR can enhance the ability of
base multimodal models to convert chart images into code, and whether it can outperform exist-
ing approaches such as METAL (Li et al., 2025). Based on our experimental setting, we con-
duct experiments by applying ChartIR to GPT-40 and Qwen2-VL across two benchmark datasets:
Plot2Code (Wu et al., 2024) and ChartMimic (Yang et al., 2025). We also evaluate several baselines,
including Direct Generation, and METAL.

Baselines. We compare our approach with the following two methods: 1) Direct Generation: In
this setting, we directly prompt MLLMs to generate code based on the reference chart. The MLLMs
receive only a generation prompt along with the reference chart, without access to any additional
information or further optimization processes. 2) METAL: METAL employs an iterative multi-agent
optimization framework to achieve the generation process.

Dataset. In this work, we adopt two widely-used open-source datasets specifically designed for
chart-to-code tasks: Plot2Code and ChartMimic. Plot2Code contains 132 manually curated test
examples, whose plots exhibit a wide range of diversity in terms of size, textual elements, color
schemes, and chart types (Wu et al., 2024). It supports two evaluation settings: Direct Asking
and Conditional Asking. ChartMimic consists of 500 manually filtered (figure, code, instruction)
triplets for the Direct Mimic task and another 500 triplets for the Customized Mimic task (Yang
et al., 2025). The plots in ChartMimic cover 18 regular types and 4 advanced types, demonstrating
substantial diversity and complexity. In this work, we focus exclusively on the Direct Asking setting
for Plot2Code and the 500 triplets for the Direct Mimic task for ChartMimic.

Base Model. Our experiments are conducted under two distinct settings: closed-source and open-
source. In the closed-source setting, commercial close-source models are allowed, whereas in the
open-source setting, such models are excluded. The open-source setting ensures that all user data
remains local, thereby preserving user privacy. Specifically, for the closed-source setting, we employ
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Table 2: Evaluation results on the Plot2Code and ChartMimic dataset. ChartIR outperforms both
Direct Generation and METAL under most evaluation metrics for both open-source (Qwen2-VL)
and closed-source (GPT-40) models.

Low-Level Metri Traditional Metri
Dataset Base Model Method ow-Level Metrics aditional Metrics ‘ GPT-40 Score
Text Type Layout Color PSNR SSIM MSE ‘
Direct 0.30 0.65 0.60 0.45 11.91 0.62 16958 3.12
3 Qwen2-VL  METAL 047 0.63 0.75 0.50 1200 0.62 16380 | 3.34(0.227)
S ChartIR (ours) 0.45 0.67 0.76 0.50 13.61 0.69 11995 | 3.54(0.427)
o
E Direct 0.70  0.80 0.89 0.74 13.53  0.68 12746 5.61
GPT-40 METAL 0.83 0.86 0.86 0.71 1250  0.66 13864 | 6.02(0.4171)
ChartIR (ours) 0.70  0.79 0.95 0.68 1429  0.69 10676 | 6.56 (0.957)
Direct 030 041 0.78 0.41 11.73  0.60 16644 2.20
é Qwen2-VL  METAL 035 0.40 0.78 0.33 11.74  0.60 16461 2.32(0.121)
= ChartIR (ours) 0.48 0.64 0.75 0.49 12.01 0.60 15127 | 3.86 (1.667)
§ Direct 0.78 0.82 0.97 0.74 13.05 0.64 11846 6.62
GPT-40 METAL 086 0.84 0.96 0.80 13.09 0.70 11356 | 6.89 (0.271)
ChartIR (ours) 0.82 0.84 0.96 0.76 13.68 0.67 10129 | 7.15(0.537)

GPT-40 (OpenAl, 2024) as our experimental model. Given GPT-40’s strong inherent capabilities
in chart understanding, we utilize it directly to generate chart descriptions. In contrast, for the
open-source setting, we adopt Qwen2-VL (Wang et al., 2024) as our base model and generate chart
descriptions using our fine-tuned version of Qwen2.5-VL (Bai et al., 2025).

Fine-Tuning. To further enhance the base model’s chart-to-code capability, we perform instruction
tuning on Qwen2.5-VL using a curated dataset derived from the ChartX (Xia et al., 2025) collec-
tion. Specifically, we select 5,000 chart samples, each containing an image and its corresponding
Python source code. To construct high-quality multi-dimensional descriptions for each chart, we
prompt GPT-40 to analyze the image and produce structured explanations based on the underlying
code. The resulting dataset consists of (image, description, code) triplets, which we use to fine-tune
Qwen2.5-VL. This fine-tuning step equips the model with the ability to understand and reason over
visual elements in a more structured and interpretable manner, forming a stronger foundation for our
iterative chart-to-code generation framework.

Evaluation Metric. We employ the following metrics to evaluate the quality of the final generated
charts: 1) GPT-40 Score. GPT has been widely adopted for evaluating a variety of natural language
and vision tasks (Yan et al., 2025; Lee et al., 2024). Therefore, we follow the evaluation benchmark
Plot2Code (Wu et al., 2024) and adopt the same GPT-40 prompt: we feed both the ground-truth
chart and the generated chart into GPT-40, then guide it to output a quality score ranging from 0 to
10. To ensure the reliability and precision of the GPT-40 score, we obtain three independent GPT-40
scores and compute their mean as the final score. 2) Four low-level metrics. Unlike GPT-40 Score
which serves as high-level metrics, We follow the four low-level evaluation metrics proposed in the
ChartMimic (Yang et al., 2025): Text Score, Layout Score, Type Score and Color Score. They are
designed to evaluate four key low-level visual components of a chart: Text, Layout, Type and Color.
3) Some other traditional metrics such as PSNR, SSIM and MSE (Huynh-Thu & Ghanbari, 2008;
Wang et al., 2004) which are widely used for assessing image similarity.

4.2 EXPERIMENT RESULTS

As shown in Table 2, the experimental results on the Plot2Code and ChartMimic datasets demon-
strate that ChartIR consistently outperforms baseline methods across most evaluation metrics. These
results validate our core objective, enhancing the chart-to-code capabilities of base multimodal mod-
els like GPT-40 and Qwen2-VL, and also show that ChartIR provides consistent improvements over
both Direct Generation and existing approaches such as METAL.
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GPT-40 Results. For the GPT-40 model, ChartIR consistently outperforms both direct generation
and METAL under all major evaluation metrics. On the Plot2Code dataset, direct generation and
METAL achieve GPT-40 Scores of 5.61 and 6.02, respectively. In contrast, ChartIR reaches a score
of 6.56, representing a relative improvement of 17% over direct generation. Besides the overall
score, ChartIR also improves across low-level metrics (Text, Type, Layout, Color) and traditional
metrics (PSNR, SSIM, MSE), demonstrating better structural preservation and appearance similar-
ity. On the ChartMimic dataset, ChartIR again shows the strongest performance, achieving a GPT-40
Score of 7.15, compared to 6.62 for direct generation and 6.89 for METAL. These results highlight
ChartIR’s superiority in generating chart code that best aligns with both structural accuracy and
visual fidelity, particularly under the strong reasoning capabilities of GPT-4o0.

Qwen2-VL Results. For the open-source model Qwen2-VL, ChartIR also brings consistent and no-
table gains. On the Plot2Code dataset, GPT-40 Score improves from 3.12 (direct) and 3.34 (METAL)
to 3.54 using ChartIR. Notably, in addition to higher structural accuracy (Layout +0.16), ChartIR
greatly improves traditional metrics such as PSNR (13.61 vs. 11.91) and SSIM (0.69 vs. 0.62),
highlighting enhanced image reconstruction quality. On the ChartMimic dataset, Qwen2-VL with
ChartIR reaches a GPT-40 Score of 3.86, significantly outperforming both direct (2.20) and METAL
(2.32). Low-level metrics also show marked gains (Text from 0.30 to 0.48, Type from 0.41 to 0.64),
confirming the broad effectiveness of our approach in challenging visual conditions.

Analysis. These results validate the strength of ChartIR in enhancing both open-source and closed-
source multimodal models in the chart-to-code generation task. Compared to METAL, which also
utilizes iterative refinement, our method achieves stronger layout alignment and semantic expres-
siveness. We believe this is due to the incorporation of an intermediate structured representation that
retains chart semantics and layout cues while being model-friendly for generation. Furthermore, the
improvements in the GPT-40 Score, a metric closely aligned with human preference, suggest that
the benefits of ChartIR go beyond token-level or image-level matching. Instead, ChartIR enhances
the holistic perception of the chart as a visually and semantically coherent artifact. This supports our
motivation to incorporate intermediate representations that bridge the modality gap between vision
and code, thereby benefiting both symbolic alignment and perceptual faithfulness.

In summary, across both models and datasets, ChartIR leads to measurable and consistent improve-
ments, highlighting its potential as a general-purpose enhancer for chart-to-code generation tasks. It
performs robustly across diverse settings and model capabilities, making it a strong foundation for
future multimodal reasoning and generation systems.

4.3 ABLATION STUDY

To better understand the contribution of different components in ChartIR, we conduct an ablation
study focusing on the two key elements: description and difference. Specifically, we randomly
sample 20% of examples from both the ChartMimic and Plot2Code datasets, resulting in a combined
test set of 132 samples for evaluation.

We perform three separate experiments using both the open-source model Qwen2-VL and closed-
source model GPT-40 on this ablation set: 1) ChartIR: the complete version incorporating both the
description and difference components; 2) Only Difference: a variant where the description part is
removed, and only the difference information is retained; and 3) Only Description: a variant where
the difference information is removed, and only the description is used.

This setup allows us to isolate the impact of each component and evaluate how much each contributes
to the model’s ability to generate accurate chart code from images.

Effect of Description. We first investigate the impact of description component in ChartIR. This
component provides a natural language description of the visual content, offering high-level seman-
tic guidance. As shown in Table 3, removing the description results in a noticeable performance
drop. For Qwen2-VL, the GPT-40 score decreases from 3.96 to 3.10, and the average score of low-
level structural metrics, Text, Chart Type, Layout, and Color, drops from 0.61 to 0.51. In addition,
traditional similarity metrics also show consistent degradation. While for GPT-40, the GPT-40 score
decreases from 7.13 to 7.00. On the other metrics, ChartIR and Only Difference achieved compara-
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Table 3: Ablation study results on ChartIR components. We compare full ChartIR with variants
using only static descriptions or difference-based prompts.

Low-Level Metri Traditional Metri
Base Model Experiment Setting ow-Level Metrics raditional Metrics ‘ GPT-40 Score
Text Type Layout Color PSNR SSIM MSE |
ChartIR (Both Components) 042  0.66 0.81 0.54 12.30 0.65 14500 3.96
Qwen2-VL > Only Description 0.35 0.54 0.68 0.43 12.47 0.63 14299 3.38 (0.58))
> Only Difference 0.37 0.53 0.69 0.45 12.26 0.64 15070 3.10 (0.86))
ChartIR (Both Components) 0.80  0.81 0.69 0.94 14.09 0.70 9144 7.13
GPT-40 > Only Description 0.76  0.81 0.69 0.92 1376 0.69 9883 6.91 (0.22])
> Only Difference 0.79 0.83 0.71 0.91 14.14 0.70 8976 7.00 (0.13))

ble results. These results suggest that the description plays a critical role in helping the model better
understand the chart’s overall structure and semantics.

Effect of Difference. We then ablate the difference component, which highlights the key variations
between the current chart and its potential reference template. Without this explicit contrastive infor-
mation, the model must infer visual and structural changes solely from the image, which increases
the generation difficulty. The results demonstrate a similar trend: for Qwen2-VL, the GPT-40 score
drops from 3.96 to 3.38, and the average of the four structural metrics decreases from 0.61 to 0.50;
for GPT-40, the GPT-40 score drops from 7.13 to 6.91, and the four low-level metrics also show
a such decline. Furthermore, traditional similarity-based measures decline in both Qwen2-VL and
GPT-4o0, confirming that explicitly modeling chart-specific differences significantly improves gen-
eration accuracy, particularly in compositional reasoning scenarios.

In summary, the ablation study clearly demonstrates that both description and difference components
are essential to ChartIR, with their combined use yielding the best results across all metrics. While
the description provides crucial semantic context for chart understanding, the difference compo-
nent enables precise identification of structural variations, and their synergistic effect is particularly
pronounced for open-source models like Qwen2-VL. These findings validate our design choice of
incorporating both complementary representations in ChartIR’s intermediate format.

5 DISCUSSION AND CONCLUSION

Limitations. Although ChartIR achieves superior performance compared to direct prompting and
Metal, it exhibits two limitations: 1) Compared to METAL, our method requires more computational
cost, but since it makes fewer queries, it results in lower time overhead on closed-source models.
2) Limited effectiveness on closed-source models: While our structured instruction demonstrates
strong capabilities on open-source models, its impact on closed-source models is relatively limited.
This is mainly because closed-source models like GPT-40 possess strong chart understanding abili-
ties, rendering structured instructions less effective. We believe that the performance of ChartIR on
such models could be further enhanced with a more powerful instruction generation model.

Conclusion. In this work, we present ChartIR, a training-free and model-agnostic framework de-
signed to enhance chart-to-code generation in MLLMs. Unlike prior approaches that rely on either
direct prompting or metric-driven refinement, ChartIR introduces a structured, two-stage process
consisting of multi-dimensional chart description and iterative difference-based refinement. This
design directly targets the core challenges of chart understanding and faithful code translation.
Through comprehensive experiments on two benchmark datasets, Plot2Code and ChartMimic, we
demonstrate that ChartIR significantly improves over both direct generation and METAL, across a
broad range of evaluation metrics. Notably, our ablation studies validate the essential roles of both
the chart description and difference. ChartIR’s generality and compatibility with both open-source
and commercial MLLMs suggest that it can serve as a robust and extensible solution for future work
in multimodal chart understanding and generation.
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Appendix
A PROMPT TEMPLATE

In this appendix, we present the prompt templates used in our experiments.

A.1 PROMPT FOR INITIAL CODE GENERATION

The following prompt is used to guide the model in extracting structural and stylistic information
from a chart image. It asks the model to describe the chart’s key visual elements without generating
any code.

Please analyze the provided image, which was generated using Python’s matplotlib.pyplot.
Your task is to identify and describe the key visual elements and details necessary to recreate
a similar figure. Focus on the following aspects:

1. The number and location of subplots: If the chart consists of multiple subplots, please
describe the number of subplots. Meanwhile, specify the function (such as subplot(212),
subplot(221), subplot(311), etc.) that should be used for each subplot to place it correctly in
the figure. Otherwise, please answer "The chart contains only one subplot."

2. Plot type: Identify the type of the plot, such as line plot, pie chart, scatter plot, bar chart,
histogram, event plot, node plot, radar plot, area plot, box plot, heatmap, bubble chart, polar
plot, violin plot, text plot, etc. If the chart does not fit any known chart type, please describe
which matplotlib functions should be used to generate the visual elements.

3. Axes: Describe the labels, titles, and scales (e.g., linear, logarithmic) of the x-axis and
y-axis.

4. Color: Describe the color schemes. If the color is a fixed value, please specify the exact
color or name; if the color is dynamically generated, please describe the generation logic,
such as random generation, data mapping, algorithmic calculation, or the use of a specific
colormap.

5. Styles: According to the type of chart, describe the stylistic features that should be noted,
such as orientation, width, size, and marker types.

6. Annotations and Texts: Mention any text annotations, labels, titles, or legends present in
the image.

7. Grid and Background: Describe whether a grid is present and any background elements.
8. Data Characteristics: If the data is generated randomly, specify the distribution used
(e.g., normal, uniform, exponential, Poisson, binomial, geometric, gamma, beta, etc.). If the
chart is generated from a function, identify the function type (e.g., sine, exponential growth,
mixed type, etc.). For periodic functions, also include the period and phase information. If
the chart uses specific given values, estimate the approximate magnitude of the data.

Note: If the chart contains multiple subplots, you must describe all the above information
for each subplot. You do not need to generate any code.

. J

Once the description is obtained, the following prompt is used to generate the corresponding Python
code based on the extracted details.

Here’s a description of the image: <description>. According to the description, please
generate the Python script used to draw this image.

A.2 PROMPT FOR ITERATIVE REFINEMENT
In this stage, we aim to refine previously generated code by capturing the differences between two

chart images. The following prompt is used to guide the model in identifying meaningful visual
differences between two images.
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Please compare the two provided images generated using Python code. Your task is to de-
scribe the differences between the first image and the second image. Focus on the following
aspects:

1. Axes: Describe the differences in the labels, titles, and scales (e.g., linear, logarithmic) of
the x-axis and y-axis between the two images.

2. Color: Describe the differences in the color schemes of the two images.

3. Styles: According to the type of chart, describe the differences in styles that should be
noted in the charts, such as orientation, width, size, marker types, etc.

4. Annotations and Texts: Mention any differences in text annotations, labels, titles, or
legends present in the two images.

5. Grid and Background: Describe any differences in the presence of a grid and background
elements between the two images.

6. Others: Include any other significant differences not covered by the above aspects.

Note: If the charts contain multiple subplots, you need to describe the differences for each
subplot.

Given the visual differences and the original code, the following prompt is used to instruct the model
to modify the existing code to match the second image.

Here is the Python script used to generate the first image: <code>

I want to modify the script to draw the second image.

The difference between the two images generated by the given code is: <difference>

The description of the second image is: <description>

Based on the differences and the description, please provide the Python code that can be
used to generate the second image.

A.3 PROMPT FOR EVALUATION

The following prompt is used to instruct GPT-40 to assess the visual similarity between the ground
truth image and the image generated from model-produced code.

You are a helpful assistant. Please evaluate the similarity between a reference image created
using matplotlib and an image generated by code provided by an Al assistant. Consider
factors such as the overall appearance, colors, shapes, positions, and other visual elements
of the images. Begin your evaluation by providing a short explanation. Be as objective as
possible.

After providing your explanation, you must rate the response on a scale of 1 to 10 by strictly
following this format: "Rating: [[5]]"

The reference image is the first image and the generated image is the second image.

A.4 PROMPT FOR CHARTX CODE DESCRIPTION GENERATION

The following prompt is designed for instructing GPT-40 to analyze a given Python script and gen-
erate a detailed textual description of the resulting chart. This description focuses on the visual and
stylistic elements of the figure, enabling its recreation without direct access to the code.

12
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Please analyze the provided code, which used Python’s matplotlib.pyplot to generate an
image. Your task is to identify and describe the key visual elements and details necessary to
recreate a similar figure. Focus on the following aspects:

1. Plot Type: Identify the type of plot (e.g., line plot, scatter plot, bar chart, histogram, etc.).
2. Axes: Describe the labels, titles, and scales (e.g., linear, logarithmic) of the x-axis and
y-axis.

3. Data Representation: Summarize how the data is represented (e.g., points, lines, bars,
colors, markers, etc.).

4. Colors and Styles: Note the color schemes, line styles, marker shapes, or other stylistic
elements used.

5. Annotations and Texts: Mention any text annotations, labels, titles, or legends present in
the image.

6. Grid and Background: Describe whether a grid is present and any background elements.

7. Data Characteristics: If the data is visible, describe its general trend, distribution, or any
notable patterns (e.g., clusters, peaks, trends).

8. Random Seed or Data Source: If the image involves randomness, extract the random seed
or describe the data source for reproducibility.

Use clear, everyday language to describe the key elements of the code. Your response should
provide enough information for someone to redraw the figure without needing to see the
original code.Here is the code: <code>

B DETAILED TRAINING SETTINGS

We trained Qwen2.5-VL for generating descriptions on 4 A100 GPUs for approximately one day.
We include the detailed hyperparameters for training Qwen2.5-VL in Table 4.

Table 4: Training hyperparameters

Epochs Lora_rank ViT freeze Learning rate Warmup_ratio Numerical precision Scheduler
30 64 yes 5.0e7° 0.03 bfloat16 cosine

C BROADER IMPACT

This work investigates the task of chart-to-code generation, which aims to translate visual chart
representations into their corresponding code. Such technology holds promise for enhancing acces-
sibility and efficiency in data analysis workflows. For example, it can support users with limited
programming expertise in reproducing and modifying visualizations, and enable the reverse engi-
neering of figures from educational or scientific publications. Nonetheless, the automatic generation
process may introduce errors or misleading outputs, particularly when the source charts contain
design flaws or follow non-standard conventions.

D CASE STUDY

A case study based on ChartIR (Figure 2): in the initial code generation stage, a description of the
reference chart is obtained to generate initial code that renders correct segment colors but missing
textual annotations; in the first refinement stage, the missing annotations are identified and fixed,
but a segment color error is introduced; in the second refinement stage, the color error is corrected
without new issues, and subsequent iterations fail to improve further, so the refined chart 2 is selected
as the final output with more accurate annotations and colors than the initial chart.

E EXAMPLES
We provide several visual comparison examples to illustrate the differences among Direct, METAL,

and ChartIR (Figures 3, 4, 5, 6) . For each example, we present the chart generated by each method
alongside the ground truth chart, enabling a direct visual comparison of their generation quality.
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Matplotlib bakery: A pie Description: Initial code:
import matplotlib.pyplot as plt

4. Color: The color scheme uses fixed values for each
segment:Blue for flour, Orange for sugar, Green for butter, formatted_labels = [f"{p:.1f}%\n({q} g)" for p,

Ingredients e i
== flour Red for berries q in zip(percentages, quantities)]
= sugar
e 6. Annotations and Texts: Each segment is annotated with its ax.pie(quantities, labels=formatted_labels,
= e percentage and quantity in grams: "37.5% (375 g)", "7.5% (75 colors=colors, autopct=None,
g)", "25.0% (250 g)*, "30.0% (300 g)". textprops={'color": 'white'} )
Reference chart
Matplotlib bakery: A pie Diﬂerence: Reﬁned code 1 :

def format_autopct(pct, all_vals):
absolute = int(round(pct/100.*sum(all_vals)))
return f"{pct:.1f}%\n({absolute} g)"

4. Annotations and Texts
Title: The title "Matplotlib bakery: A pie" is present and

e identical in both images.
sugar Slice Text: In the *first image, there are no annotations or texts = -
e within the pie slices. In the second image, each pie slice is ax.pie(...autopct=lambda pct:
labeled with both the percentage and the corresponding format_autopct(pct, quantities),

weight (e.g., "7.5% (75 g)"). textprops={'color': 'white', 'weight': 'bold'})

Initial chart
Matplotlib bakery: A pie

Difference: Refine code 2:
import matplotlib.pyplot as plt

37.5% 2. Color - The color schemes for the pie chart quantities = [375, 75, 250, 300]

(375 9) Ingeadhents segments differ: In Image 1, the segments are: Blue labels = ['flour’, 'sugar’, 'butter', 'berries']
for flour, Orange forsuga, Green for butter, Light colors = ['dodgerblue’, 'orange', ‘forestgreen’,
orange for berrier. In Image 2, the segments are: Blue ‘red'] # Updated 'berries' color to red
for flour, Orange for sugar, Green for butter, Red for fig, ax = plt.subplots(figsize=(6, 3))

berries (instead of light orange/yellow from Image 1).

Refined chart 1

Matplotlib bakery: A pie Matplotlib bakery: A pie

No improvement after
enough iterations!

37.5%
{375 9)

Ingredients

Matplotiib bakery: A pie

ngredents
four

Refined chart 2 final chart

Figure 2: A case study based on ChartIR.The initial chart had missing textual information. The first
refinement recovered the text but caused a color error, while the second refinement fixed the color
error without new issues, resulting in a chart with better overall performance than the initial version.
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Figure 3: Visual comparison of chart generation results across different methods (Example 1).
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(a) Ground Truth (b) Direct

= suongly disagree == Disagree Neither agree nor disagree. Agree  mmm strongly agree

Question 1 E) .
- . -

(c) METAL (d) ChartIR

Figure 4: Visual comparison of chart generation results across different methods (Example 2).

104 T T A tab:blue 10 @ @ 2 . ,.j' ‘ tab:blue
\ / tab:orange Y & ® © tab:orange
55 } hE Fos 'oﬂf ¥ o ‘_ ."!?‘?8 o mbgren
0.8 1 0.8 4= 2 - - '. O & ~aml
B, bo oo |© e .o'o' @
p" %g ) 1 &
25 vl fag @i%e ey w5 dl 0| |
catie e, 3 e A
0.4 0.4 ".'Q_.é_‘n'n!- it ® o, %0
. 4o P -”o 4 go0we ao.’a—..
con @ 4 -y e &
:." 2 1° ‘e e @
021 SSE = 218 9@ 20 @° e ®e.
..c. .:“.ﬂ @ Q.. '.‘ ° e
0.0 0.0 O.. ® % %o B o Lind
0.0 0.2 0.4 0.6 0.8 1.‘(] 0.0 0.2 0.4 0.6 0.8 10
(b) Direct
10 & o whoie

tab:orange

(c) METAL (d) ChartIR

Figure 5: Visual comparison of chart generation results across different methods (Example 3).
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Figure 6: Visual comparison of chart generation results across different methods (Example 4).
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