
Findings of the Association for Computational Linguistics: EMNLP 2025, pages 25160–25173
November 4-9, 2025 ©2025 Association for Computational Linguistics

Does It Run and Is That Enough? Revisiting Text-to-Chart Generation
with a Multi-Agent Approach

James Ford and Anthony Rios
The University of Texas at San Antonio

{james.ford, anthony.rios}@utsa.edu

Abstract

Large language models can translate natural-
language chart descriptions into runnable code,
yet approximately 15% of the generated scripts
still fail to execute, even after supervised fine-
tuning and reinforcement learning. We investi-
gate whether this persistent error rate stems
from model limitations or from reliance on
a single-prompt design. To explore this, we
propose a lightweight multi-agent pipeline that
separates drafting, execution, repair, and judg-
ment, using only an off-the-shelf GPT-4o-mini
model. On the TEXT2CHART31 benchmark,
our system reduces execution errors to 4.5%
within three repair iterations, outperforming
the strongest fine-tuned baseline by nearly 5
percentage points while requiring significantly
less compute. Similar performance is observed
on the CHARTX benchmark, with an error
rate of 4.6%, demonstrating strong general-
ization, and also with the VISTEXT bench-
mark. Under current benchmarks, execution
success appears largely solved. However, man-
ual review reveals that 6 out of 100 sampled
charts contain hallucinations, and an LLM-
based accessibility audit shows that only 33.3%
(TEXT2CHART31) and 7.2% (CHARTX) of
generated charts satisfy basic colorblindness
guidelines. These findings suggest that future
work should shift focus from execution reliabil-
ity toward improving chart aesthetics, semantic
fidelity, and accessibility.

1 Introduction

Natural language chart generation turns a request
such as plot quarterly revenue by region into
runnable code and a complete figure. A reliable so-
lution would let non-programmers explore data,
shorten the loops of professional analysts, and
(potentially) create alternative renderings for low-
vision users that are more accessible to screen read-
ers. Two conditions decide whether the community
can call the task solved: the generated script must

execute without error, and the visual output must
match the description.

One public benchmark has guided much of the
recent progress. The dataset TEXT2CHART31 (Pe-
saran Zadeh et al., 2024) measures exact failure
rates across thirty-one plot types along with var-
ious code similarity metrics. Zero-shot prompts
for large language models (LLMs) initially failed
on about forty percent of inputs. Supervised fine-
tuning and reinforcement learning reduced that
number below fifteen percent and brought pairwise
plots close to six percent. Prompt engineering im-
proved results a little more (Zhang et al., 2024b;
Koh et al., 2025; Hu et al., 2024; Li et al., 2024b).
Closed-source models such as GPT-4-turbo and
Claude3Opus achieved similar levels, yet stubborn
errors remained for complex surfaces and volu-
metric plots. Work on chart captioning and visual
question answering (Ford et al., 2025; Ye et al.,
2024; Han et al., 2023; Kim et al., 2025; Wang
et al., 2024b) shows that even a small execution
failure can break an entire downstream pipeline.

Instead of one large prompt, agent-based sys-
tems use several small prompts that plan, call tools,
and verify interim results (Ji and Wang, 2025;
Zhao et al., 2024). Code-repair agents update
faulty scripts after runtime errors and often suc-
ceed within a few steps (Fan et al., 2023; de Fitero-
Dominguez et al., 2024; Bouzenia et al., 2024;
Wang et al., 2024a). This study asks two research
questions. First, whether chart generation, defined
in its present benchmark setting, can be improved
using a simple agent-based framework. If the an-
swer is yes, the field would need to revisit its eval-
uation criteria, shift resources away from training
larger models for pure execution, and retire the
current benchmarks in favour of more difficult sce-
narios such as noisy data or multi-step analytic
sessions.

Second, if using traditional metrics and our ap-
proach effectively “solves”, what objectives should
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guide new work when execution errors are already
rare? For general image generation, this could
extend chart evaluation work to move beyond a
binary “runs or not” view. Structural similarity
(SSIM) scores reflect low-level alignment. At the
same time, multimodal LLM judges rate perceptual
fidelity and semantic match (You et al., 2025; Wu
et al., 2025; Yan et al., 2024; Goswami et al., 2025).
Furthermore, a focus on aesthetics, readability, and
accessibility could produce charts that follow color-
contrast guidelines for color-blind users, place leg-
ends to avoid overlap, and include alt-text or tactile
representations for screen readers and embossing
devices. Such qualities matter for journalism, ed-
ucation, and government dashboards, where the
chart must inform a wide audience rather than only
run without crashing.

To answer these questions, we developed a
lightweight multi-agent pipeline that uses an off-
the-shelf GPT-4o-mini model without any addi-
tional training. The pipeline was also tested with
three open-source models (Llama 3.1, Gemma 3,
and Qwen 3). A DRAFT agent generates Python/-
Matplotlib code from natural-language chart de-
scriptions, and a REPAIR agent iteratively debugs
and rewrites the code—up to three times—when
execution fails. On both TEXT2CHART31 and
CHARTX, the system reduces execution errors by
nearly 5 absolute percentage points, outperforming
fine-tuned baselines while preserving image qual-
ity as measured by SSIM and multimodal LLM
judgment, and similar patterns were evident with
VISTEXT. A manual analysis of 100 sampled out-
puts found that 83% were accurate, with most re-
maining issues related to minor stylistic differences
rather than semantic or data errors. These findings
suggest that agentic pipelines are not only more
robust than single-shot prompting but also capable
of producing high-quality, visually faithful charts.

Overall, we make the following contributions.

• We introduce a multi-agent pipeline that
achieves state-of-the-art execution success on
two public benchmarks. Our system reduces
the overall error rate of existing models by
nearly 5% with no drop in performance in
visual quality.

• We provide empirical evidence that execution
is largely “solved” in current benchmarks and
perform a comprehensive analysis to explore
the missing gaps in current evaluation that
should be targeted in the future.

2 Related Work

Chart Generation and Evaluation. Large lan-
guage models (LLMs) are increasingly used to au-
tomate chart generation from natural language, but
major challenges persist in quality control and eval-
uation. Datasets such as CHARTQA, PLOTQA,
CHARTLLAMA, and CHARXIV (Masry et al., 2022;
Methani et al., 2020; Han et al., 2023; Wang et al.,
2024b) establish benchmarks for chart reasoning,
captioning, and data extraction. These corpora fo-
cus primarily on chart understanding and question
answering. Ford et al. (2025) and Ye et al. (2024)
also examine chart captioning and visual QA.

To address text-to-chart generation directly,
TEXT2CHART31, CHARTX, and VISTEXT pair in-
structions with both code and image outputs, allow-
ing complete evaluation pipelines (Pesaran Zadeh
et al., 2024; Xia et al., 2025; Tang et al., 2023). Still,
these datasets remain small and often require hu-
man references. Prompt engineering, CoT prompt-
ing (Podo et al., 2024a; Li et al., 2024a), and image-
based analysis methods (e.g., SSIM) have been pro-
posed to assess generated charts (You et al., 2025;
Wu et al., 2025). However, hallucinated or stylisti-
cally inconsistent outputs remain common (Podo
et al., 2024b; Tian et al., 2025). Moreover, re-
cent work questions the reliability of multimodal
LLM judges for chart evaluation (Mukhopadhyay
et al., 2024; Masry et al., 2024). This motivates the
development of task-specific evaluation protocols
combining low-level visual similarity (e.g., SSIM)
as well as using LLM-as-a-judge (Yan et al., 2024;
Goswami et al., 2025).

Code Generation and Repair. Chart generation
with LLMs relies on producing syntactically and
semantically valid code. Yet generated scripts of-
ten contain runtime errors, prompting the need for
automated debugging frameworks. Several works
propose feedback-driven or error-trace-guided re-
pairs (Fan et al., 2023; de Fitero-Dominguez et al.,
2024; Bouzenia et al., 2024; Wang et al., 2024a).
These methods fall into agentless, agentic, and
retrieval-augmented categories (Puvvadi et al.,
2025), but still suffer from semantic hallucina-
tion and misalignment with user intent (Low et al.,
2024).

Agentic Chart Code Generation. Agentic sys-
tems introduce structured coordination among
LLM components for planning, generation, and val-
idation. Tool-augmented and multi-agent pipelines
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Plot Type Data Points

Text2Chart31

Pairwise Chart 472
Statistical Distribution Chart 452
Gridded Chart 192
Irregularly Gridded Chart 148
3D and Volumetric Chart 159

Total 1,423

ChartX

General Chart 500
Fine-Grained Chart 500
Specific Chart 152

Total 1,152

VisText

Bar 874
Area 466
Line 424

Total 1,764

Table 1: Dataset statistics.

have been proposed across domains (Cheng et al.,
2024; Shang et al., 2024; Shen et al., 2024b; Zhang
et al., 2024a; Zong et al., 2024; Shen et al., 2024a).
Open-source ecosystems such as LANGCHAIN and
CREWAI (Langchain; CrewAI) provide infrastruc-
ture to implement agentic workflows with memory
and tool use.

In visualization tasks, SOCRATIC CHART orches-
trates chart question answering through multiple
agents with access to visual and textual tools (Ji
and Wang, 2025), while LIGHTVA incorporates
user feedback in an iterative refinement loop (Zhao
et al., 2024). These systems exemplify how ver-
ification and repair agents can boost generation
quality, even without direct reference data. Our
work builds on this trend, highlighting the synergy
between agentic reasoning, code correctness, and
reference-free evaluation.

3 Data

We use three benchmark datasets. The statistics for
the datasets used in our study are shown in Table 1.

Text2Chart31. The Text2Chart31 dataset (Pe-
saran Zadeh et al., 2024) consists of 11,128 data
points with 31 types of plots, providing a robust
environment to test the benefits of agentic visual-
izations. The dataset contains text plot descriptions,
Python code to create a charts, image files of the
created charts, and (for 8,166 data points) csv data
files as well as reasoning steps. The dataset is seg-

mented into 9,705 data points in the training set and
1,423 in the test set (for the purpose of this current
study, only the test set was used). The dataset was
created synthetically through the use of GPT-3.5-
turbo and GPT-4. Topics span nearly 50 scientific,
political, economic, and popular culture subjects.
The 31 chart types are distributed in five categories,
including pairwise, statistical, gridded, irregularly
gridded, and 3D/volumetric data.

ChartX. The second dataset is ChartX (Xia et al.,
2025). This benchmark data consists of 4,848
synthetically-generated chart examples in the vali-
dation set and 1,152 in the test set (similarly, for the
purpose of this current study, only the test set was
used), spanning 18 chart types. A total of 22 topics
are represented in the charts, with similar cultural,
economic, political, and scientific themes as the
first dataset. The data file contains text descriptions
of the charts, Python code, the raw data points, and
chart image files.

VisText. The third dataset is VisText (Tang et al.,
2023). This benchmark data consists of 12,441 bar,
line and area charts constructed using real-world
data from the Statista.com pertaining to topics such
as technology, economics, and sports. The test set
was used in this study, totaling 1,764 charts. The
data file consists of text descriptions of the charts in-
cluding the data points and chart image files. Note
that the text descriptions of the charts were created
automatically rather than human-generated.

4 Methodology

Figure 1 provides a high-level overview of our pa-
per. Our framework has three main components.
First, we use a DRAFTING agent that transforms
the text into code to generate the chart. Second, the
code is evaluated using a Python interpreter, and
any resulting errors are passed to a RE-WRITER

agent; otherwise, if there is an error, the final chart
is returned. If there was an error, the RE-WRITER

agent will try to fix the error. This process is re-
peated until the code runs or a maximum number
of iterations is hit. We describe each part in detail
below.

Step 1: DRAFTING Agent. First, we generated
baseline Python code from the provided text de-
scriptions in the dataset using the closed-source
GPT4o-mini LLM. We conducted both zero-shot
and few-shot runs for the baseline. In the zero-shot
setting, the LLMs receive only the task instructions
and the data without examples. The prompt fol-
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Code

Lorem ipsum

Description of Chart
This vertical bar chart showcases the passion
for sports among di�erent countries worldwide.
                         Data Filename here

Drafting
Agent

Execute

Re-writer
Agent

Final Chart

If ERROR

If S
ucessful

Figure 1: Multi-agent text-to-chart pipeline. A natural-language description is first passed to the Drafting Agent,
which synthesises runnable Python/Matplotlib code. The script is executed; if a runtime exception occurs, the full
traceback and source are forwarded to the Re-writer Agent, which edits the code and resubmits it. This repair loop
repeats (up to three iterations in our experiments) until the code runs successfully, producing the final chart with no
human intervention.

lows the format from the Text2Chart31 paper (Pe-
saran Zadeh et al., 2024). Specifically, the system
prompt instructs the model to generate Python code
for data visualization as follows:

System Prompt

You are good at generating complete python code from
the given chart description.

Next, the user instruction prompt then provides the
specific chart details

User Instructions
Your task is to generate a complete Python code for the
given description. Make sure to include all necessary
libraries.
Description: Description_text
Please generate the corresponding code that generates
the plot that has the above description. Code:
```import matplotlib.pyplot as plt
import pandas as pd
import numpy as np

where Description_text is the provided text de-
scription which is passed to the model. An example
of the text description is as follows:

This vertical bar chart showcases the pas-
sion for sports among different countries
worldwide. The chart represents the per-
centage of individuals in each country
who identify themselves as avid sports
fans. The data provides insights into the
level of sports fanaticism across coun-
tries, offering a comparative analysis.

The X-axis denotes the countries in-
cluded in the dataset, labeled as ’Coun-
try’, while the Y-axis signifies the per-
centage of individuals who consider

themselves passionate sports fans, de-
noted as ’Percentage of Sports Fanatics’.

The data for this graph is stored in a CSV
file named ’sports_fanatics.csv’, which
includes five columns: ’Country’, ’Per-
centage of Sports Fanatics’. Here are the
first six rows of the dataset:

Country,Percentage of Sports Fanatics
United States,45
Germany,35
...

This prompt directs the LLM to generate the ap-
propriate Python code to create the chart per the
specifications. The system prompt is mentioned
once in the few-shot setting, and two in-context ex-
amples are provided. These examples are supplied
in pairs, containing (1) the user instruction with
the chart description and data file and (2) the code
associated with the data files to generate the chart.

Step 2: RE-WRITER Agent. Second, the code
generated from Step 1 is passed to a Python inter-
preter. If the code runs, the final chart is generated.
However, if the code results in an error, the error
and original code are passed to the RE-WRITER

Agent. Specifically, for the instances where execu-
tion failed, the supervising agent sends the code and
the error message to the re-writer agent to correct
and re-execute the code. The process is repeated for
a maximum of three iterations. The system prompt
is shown below (full prompt in the Appendix):
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Error Ratio Code Similarity

Statistical (Irregularly) 3D and
Model Pairwise distribution gridded Volumetric Total METEOR CodeBLEU

CLI-7B 22.67 29.42 77.94 52.20 41.32 0.485 0.402
L3I-8B 20.76 28.98 66.76 34.59 35.91 0.519 0.437
SFT: L3I-8B 19.07 13.27 13.53 20.75 16.09 0.562 0.464
SFT+RLpref: L3I-8B 13.14 11.50 15.00 26.42 14.55 0.567 0.461

CLI-13B 18.86 29.42 71.76 57.23 39.14 0.489 0.413
StarCoder-15.5B 23.31 32.08 51.18 25.16 32.89 0.347 0.328
InstructCodeGen-16B 38.56 45.13 62.94 40.25 46.66 0.388 0.330
SFT: CLI-13B 6.36 6.19 12.06 22.64 9.49 0.581 0.481
SFT+RLpref: CLI-13B 6.36 5.53 12.35 21.38 9.21 0.566 0.467

GPT-3.5-turbo 11.02 13.50 28.82 19.59 18.62 0.524 0.453
GPT-4-0613 13.56 11.06 28.53 39.62 19.26 0.535 0.441
GPT-4-turbo 11.02 14.16 11.76 29.56 14.27 0.540 0.448
GPT-4o 13.98 6.86 13.53 26.42 13.00 0.552 0.450
Claude3Opus 7.84 7.74 30.59 23.27 14.90 0.515 0.435

ZS GPT 4o-mini Baseline 13.35 5.97 18.53 35.85 14.76 0.542 0.407
ZS GPT 4o-mini Agentic 2.54 5.09 9.41 18.24 6.75 0.510 0.406

FS GPT 4o-mini Baseline 14.62 8.85 12.45 31.45 14.13 0.557 0.433
FS GPT 4o-mini Agentic 1.48 3.76 5.59 13.21 4.50 0.532 0.447

FS Llama 3.1 Baseline 18.64 22.35 52.35 33.33 29.52 0.510 0.404
FS Llama 3.1 Agentic 4.03 7.08 30.29 8.18 11.74 0.449 0.401

FS Gemma 3 Baseline 16.95 28.54 59.71 64.78 36.19 0.535 0.440
FS Gemma 3 Agentic 1.06 5.54 26.76 23.90 11.18 0.467 0.443

FS Qwen 3 Baseline 22.98 5.31 12.06 22.64 14.69 0.556 0.445
FS Qwen 3 Agentic 10.59 5.53 66.76 11.95 8.22 0.530 0.421

Table 2: Performance of baseline, fine-tuned (SFT), and preference-optimized (SFT + RLpref) models on the
TEXT2CHART-31 benchmark. Columns 2–6 report error ratios (↓) for Pairwise, Statistical-Distribution, Irregularly-
Gridded, 3D/Volumetric, and Overall errors; lower values indicate more accurate chart generation. Columns 7–8
give code-similarity scores (↑) using METEOR and CODEBLEU, where higher is better. “ZS” denotes zero-shot
models (all closed-source LLMs are ZS if not noted as FS), “FS” few-shot models, and “Agentic” indicates our
agent-based prompting strategy. Best results for each metric are bolded.

System Prompt

You are an expert Python code rewriter. Your task is to
rewrite Python code based strictly on the user’s sugges-
tions.
- DO NOT modify any part of the code that is not explicitly
mentioned in the suggestion.
- Ensure that the rewritten code is functional, error-free,
and adheres to Python syntax rules (e.g., indentation,
brackets, braces).
- Return ONLY the complete revised code without expla-
nations, comments, or Markdown formatting.
- Follow instructions EXACTLY as provided.

5 Results

Experimental Details. In addition to the closed-
source GPT-4o-mini model, three open-source
models executed the agentic pipeline. These in-
cluded Llama-3.1-8B-Instruct, gemma-3-12b-it,
and Qwen3-32B. All experiments are implemented
using the LangChain framework (Langchain) with

the exception of the Qwen 3 model which utilized
direct Python functions to call the agents. Overall,
our experiments cost ∼$150, including all experi-
ments that did and did not work.

Evaluation Metrics. For our main metrics, we use
code similarity and execution error rates. Execu-
tion error rates is calculated as the proportion of
code snippets that do not run in the Python inter-
preter. Code similarity metrics are calculated with
METEOR (Banerjee and Lavie, 2005) and Code-
BLEU (Ren et al., 2020). Finally, image similarity
analysis is conducted, comparing the generated
charts with the provided ground truth chart images
from the two datasets to gauge the accuracy of the
data visualizations created by the agent. Image
similarity was determined with both the Structural
Similarity Index Measure (SSIM) as well as multi-
modal LLM as a judge (Yan et al., 2024; Goswami

25164



Model Error Rate

ZS GPT 4o-mini Baseline 11.11
ZS GPT 4o-mini Agentic 3.13
FS GPT 4o-mini Baseline 9.38
FS GPT 4o-mini Agentic 4.60
FS Llama 3.1 Baseline 24.38
FS Llama 3.1 Agentic 6.94
FS Gemma 3 Baseline 23.00
FS Gemma 3 Agentic 5.3
FS Qwen 3 Baseline 9.38
FS Qwen 3 Agentic 7.64

Table 3: Overall chart generation error rate (↓) on the
CHARTX benchmark. “ZS” denotes zero-shot models,
“FS” few-shot models, and “Agentic” indicates our agent-
based prompting strategy. Lower values mean fewer
generation errors; the best score is bolded.

et al., 2025). SSIM measures structural differences
between two images, ranging from 0 to 1, with 1
being perfect similarity. For the MM-LLM LLM-
as-a-judge analysis, in-context (few-shot) prompt-
ing was used to compare the generated charts with
the ground truth, with GPT4o-mini generating a
perceptual quality score ranging from 0 to 100 for
each chart when compared to the original (Wu et al.,
2025). The appendix details the prompts used in
the MM-LMM judge procedure. The SSIM and
perceptual quality scores were averaged for the
baseline and agentic process results for all gener-
ated images. Thus, the agentic calculations have
more data points than baseline calculations.

Text2Chart31 Results. Table 2 presents the results
of our agentic process compared to the models pub-
lished in the Text2Chart31 paper (Pesaran Zadeh
et al., 2024). For the comparison, the models la-
beled SFT and SFT+RL are the supervised fine-
tuning and reinforcement learning versions from
the benchmark study. Our baseline results are simi-
lar to other closed-source models such as the GPT
offerings and Claude3Opus, as well as the SFT and
SFT+RL 8B models. However, our agentic runs
showed major decreases in error rates in executing
the code, dropping by more than half to two-thirds
over the baseline and surpassing the results of the
previously published models by far. The agentic
few-shot run had an error rate of 4.5 percent, less
than half of the SFT+RL 13B model at 9.2 percent
for total error. The agentic models also displayed
strong performance across all chart types, with the
weakest result being 13.2 percent error for 3D and
Volumetric charts. Pairwise plots had an error rate

Model Error Rate

ZS GPT 4o-mini Baseline 4.15
ZS GPT 4o-mini Agentic 0.85
FS GPT 4o-mini Baseline 3.91
FS GPT 4o-mini Agentic 1.02
FS Llama 3.1 Baseline 14.73
FS Llama 3.1 Agentic 1.47
FS Gemma 3 Baseline 15.67
FS Gemma 3 Agentic 1.59
FS Qwen 3 Baseline 2.61
FS Qwen 3 Agentic 0.79

Table 4: Overall chart generation error rate (↓) on the
VISTEXT benchmark. “ZS” denotes zero-shot models,
“FS” few-shot models, and “Agentic” indicates our agent-
based prompting strategy. Lower values mean fewer
generation errors; the best score is bolded.

of only 1.5 percent. While the open-source models
generally did not match the performance of GPT
4o-mini, the agentic pipelines did display similar
gains over the baseline models.

However, the metrics involving code similarity
did not show similar improvements. While com-
parisons to the published results might suffer from
inconsistent alignment with their methodologies,
the fact that our agentic scores are no better than
the baseline indicates that code similarity might
be of lesser importance, given the decreased er-
ror rate, especially with the image quality findings
discussed below. More specifically, code similar-
ity is not as important if the code does not run.
Yet, we still show better performance than stronger
models (GPT-4o) for METEOR. We do note that
prior research results indicate that code similar-
ity may not be a good indicator of visualization
quality (Chen et al., 2024). Furthermore, the agen-
tic process lends itself to creative GenAI problem-
solving, which, in turn, produces deviations from
the original code.

ChartX Results. Table 3 lists the results using the
ChartX dataset. Note that the ChartX dataset was
not originally used for text-to-chart generation (Xia
et al., 2025), hence we only compare to our base-
lines. As evidenced in the first dataset performance,
the agentic methods greatly improve the success-
ful execution of the generated code to produce the
charts. Error rates decline by approximately half
to two-thirds. Interestingly, while the few-shot ap-
proach improved the error rate for the baseline as
expected, the result was reversed once the agentic
process corrected the code. Also interesting is the
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Figure 3: Iteration Analysis for Text2Chart31.

fact that the final zero-shot agentic results were al-
most identical between both the Text2Chart31 and
this ChartX dataset at 4.5 and 4.6 percent for GPT
4o-mini, respectively.

VisText Results. Table 4 lists the results using the
VisText dataset. Note that the VisText dataset was
also not originally used for text-to-chart genera-
tion (Tang et al., 2023), hence we only compare to
our baselines as well. Again, the agentic pipeline
achieves much lower error rates than baseline.

Ablation and Discussion. Overall, we perform a
comprehensive ablation and error analysis to under-
stand the current state of text-to-chart generation
using an agent-based process. Specifically, we eval-
uate the impact of the number of iterations, how
well accessible the charts are (about colorblind-
ness), the general image quality compared to the
ground-truth results, and a manual error analysis.

Iteration Ablation. To evaluate the impact of it-
erative repair, we conducted ablation studies ex-
amining how many chart scripts were successfully
fixed at each step of the agentic pipeline. Figures 3
and 4 show the number of scripts corrected dur-
ing the first, second, and third iterations for the
Text2Chart31 and ChartX datasets, respectively.
As expected, the few-shot (FS) GPT-4o-mini agent
started with fewer initial code failures than the zero-

Model SSIM MM-LLM as a Judge

Text2Chart31

GPT 4o-mini Agentic 0.670 67.4
GPT 4o-mini Baseline 0.672 66.7

ChartX

GPT 4o-mini Agentic 0.722 76.0
GPT 4o-mini Baseline 0.722 76.4

VisText

GPT 4o-mini Agentic 0.570 79.37
GPT 4o-mini Baseline 0.569 79.31

Table 5: Image Quality Analysis results on FS models.
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Figure 4: Iteration Analysis for the ChartX dataset

shot (ZS) variant. Nevertheless, both settings bene-
fited from additional repair attempts, particularly
in the first two iterations. The largest gains oc-
curred during the first pass, with diminishing but
meaningful returns in subsequent iterations. These
results highlight the value of multi-step reasoning
and self-correction within agentic systems.

Color Blindness. Overall, we find that modern eval-
uation frameworks do not measure performance
across many attributes needed to understand chart
quality. Hence, we use an LLM-as-a-judge to
evaluate how many generated charts pass standard
colorblindness criteria (see the Appendix for the
criteria and prompt). We manually evaluated the
quality of the annotations on a random sample of
50 charts, and 46 were correctly labeled. For the
Text2Chart31 dataset, we find that only 33.3% were
appropriate for color blindness. For the ChartX
dataset, only 7.2% of the generated charts were
appropriate. This suggests that even though we can
generate charts with a minimal error rate, substan-
tial research is needed to make accessible charts.

Image Quality Analysis. Table 5 presents image
quality scores for the agentic and baseline models
across the three datasets. Structural Similarity In-
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(a) Ground Truth (b) Agent Generated

(c) Ground Truth (d) Agent Generated

Figure 5: Examples of visual similarity and variation in generated charts compared to ground truth. (a) and (b) show
a bar chart comparing metropolitan population growth, with the agent-generated chart (b) closely matching the
structure and values of the ground truth (a). (c) and (d) depict a 2D histogram of ice cream sales vs. temperature,
where the agent-generated chart (d) captures the overall distribution but varies in visual encoding and bin density
relative to the ground truth (c).

Model/Error Message Count

Text2Chart31

stem() got an unexpected keyword argument "use_line_collection" 49
Argument Z must be 2-dimensional 19
name "np" is not defined 17

ChartX

No module named "mplfinance" 39
No module named "squarify" 25
All arrays must be of the same length 18

VisText

All arrays must be of the same length 56
unconverted data remains when parsing with format "%Y-%m" 7
time data doesn’t match format "%B %d, %Y" 2

Table 6: Top 3 common Python interpreter errors for
Iteration 1 on each dataset with GPT 4o-mini

dex Measure (SSIM) values are nearly identical be-
tween the agentic and baseline models, indicating
that the improved execution rates seen in Tables 3
and 2 do not come at the cost of chart quality. In
other words, the agent generates more executable
charts while maintaining visual similarity to the
ground truth.

Similarly, perceptual judgments by a multimodal
LLM (MM-LLM) show comparable scores across
methods (ranging from 67 to 76 on a 100-point
scale), further confirming that the agentic process

does not degrade the perceived quality of the charts
while resulting in much better execution perfor-
mance. We do note that the prompts provided to
both models contained only high-level descriptions
(e.g., chart type and data values), without detailed
formatting instructions, so some stylistic deviation
from ground truth is expected.

Figure 5 illustrates close matches and common
variations in chart outputs. Panels (a) and (b) de-
pict a bar chart with minimal deviation: the agent-
generated chart closely mirrors the structure and
data of the ground truth, differing only in bar shad-
ing. In contrast, panels (c) and (d) show a 2D
histogram with more noticeable differences. While
the agent chart preserves the overall distribution, it
employs a different colormap and includes a leg-
end and title not present in the ground truth. These
examples demonstrate that even when stylistic vari-
ations occur, the generated visualizations are plau-
sible, faithful to the underlying data, and often
enhanced with additional chart elements

Error Analysis. To better understand the nature of
remaining errors, we manually reviewed 100 ran-
domly sampled charts generated by our few-shot
agentic system. We provide a summary of the anal-
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ysis in Figure 2. Each chart was labeled as either
Successful or assigned one of two error categories:
Wrong Style (e.g., incorrect chart type, missing
stylistic elements) or Error Data/Other (e.g., in-
correct values, axis misalignment, or malformed
outputs not caught by execution checks). As shown
in Figure 2, 83% of the charts were deemed fully
successful. Among the 17 failures, 11 involved
stylistic mismatches that still plausibly conveyed
the intended message (e.g., a line chart instead of
a bar chart). At the same time, only 6 were due to
data-related or structural errors. This analysis sug-
gests that while execution correctness has largely
been addressed, future improvements should focus
on semantic and stylistic fidelity.

To better understand the kinds of issues the agent
addresses, we analyzed the most frequent runtime
errors encountered during the first iteration of the
repair process. As shown in Table 6, the top er-
rors for the Text2Chart31 dataset included incor-
rect keyword arguments (e.g., unsupported param-
eters like use_line_collection), shape mismatches
(e.g., expecting a 2-dimensional input), and missing
or incorrectly referenced libraries (e.g., undefined
variables like np). For ChartX, the most common
errors involved missing third-party libraries (mplfi-
nance, squarify) and array length mismatches. Sim-
ilarly, the leading errors for VisText included array
lengths and incorrect data formats. The agent typ-
ically responds to the first error surfaced by the
Python runtime, treating the repair process as a
sequential correction task. As a result, deeper or
secondary issues are often uncovered in subsequent
iterations, supporting the design choice of a multi-
round repair loop.

Implications. Our findings suggest that text-to-
chart generation, as currently defined by bench-
marks like TEXT2CHART31, CHARTX, and VIS-
TEXT, is approaching a performance ceiling con-
cerning execution correctness. By introducing a
lightweight multi-agent framework that separates
drafting, execution, and iterative repair, we reduced
error rates by over 5 percentage points without re-
lying on supervised fine-tuning or reinforcement
learning. This indicates that when paired with
execution-aware self-correction, structured prompt-
ing alone can achieve or exceed the performance
of more computationally expensive methods.

However, execution success alone does not guar-
antee semantic accuracy, visual clarity, or accessi-
bility. While our system maintains visual quality

(via SSIM and multimodal LLM judgment), man-
ual analysis shows that some outputs still deviate
stylistically or semantically from the intended chart.
Additionally, only 7-33% of generated charts meet
basic color accessibility standards, underscoring a
critical gap in current evaluation protocols.

These results call for reorienting future work in
this space, from reducing execution failure to en-
hancing chart readability, aesthetics, and inclusiv-
ity. Benchmarks must evolve to reflect real-world
use cases where visual clarity and usability are as
important as syntactic correctness. Agentic sys-
tems, by enabling structured reasoning and self-
verification, offer a promising foundation for tack-
ling these higher-level challenges.

6 Conclusion

We presented a lightweight agentic framework that
significantly improves text-to-chart generation by
reducing execution errors while preserving image
quality, all without fine-tuning or reinforcement
learning. Our analysis shows that single-prompt
LLMs (whether zero- or few-shot) still fail fre-
quently, whereas multi-agent repair loops offer
more robust performance at low cost.

Beyond execution, we highlight the need to shift
focus toward semantic fidelity, visual clarity, and
accessibility. Paired with image quality analysis,
agent-based approaches can help address these
broader challenges. Future work should explore
how these methods can enhance real-world applica-
tions, especially for users with visual or cognitive
impairments (Gorniak et al., 2024; Seo et al., 2024).
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Limitations

While our proposed framework demonstrates
strong performance in generating LLM-based data
visualizations using a multi-agent approach, sev-
eral limitations remain. First, our evaluation fo-
cuses on three benchmark datasets, Text2Chart31,
ChartX, and VisText. The first two datasets are
synthetically generated and, while the third uses
real-world data, its chart descriptions are created
automatically. Thus, these datasets may not reflect
the full complexity of real-world chart generation.
Future work should consider additional datasets
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that include human-authored chart descriptions and
real-world data to better evaluate generalizability.
Second, the system uses a single proprietary model
and three open-source models for drafting and re-
pair. Exploring additional open-source LLMs as
alternatives could improve transparency and repro-
ducibility. Testing a broader set of LLM providers
may also reveal model-specific strengths or weak-
nesses. Finally, our agentic framework uses a sim-
ple two-agent setup without memory, planning, or
retrieval modules. More advanced agent designs
supporting longer-term reasoning or richer tool use
could improve performance, especially in more
complex or multi-step charting scenarios. Finally,
we note that we use AI to help improve our writing
of this manuscript.
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A Appendix

Prompts for Baseline The prompts used to create
the baseline charts are derived from the code in the
Text2Chart31 dataset (Pesaran Zadeh et al., 2024).
These were modified for the few-shot run by in-
cluding two example descriptions and generated
code from the training set from that data source.

System Prompt

You are good at generating complete python code from
the given chart description.

User Instructions

Your task is to generate a complete Python code for the
given description. Make sure to include all necessary
libraries.
Description: Description_text
Please generate the corresponding code that generates
the plot that has the above description. Code:
```import matplotlib.pyplot as plt
import pandas as pd
import numpy as np

Prompts for Agentic Process The prompts used
in the agentic process are presented below. The
LangChain framework uses multiple tools to com-
plete the agentic tasks, thus the prompts are embed-
ded within each tool.

Reflection Tool

The following Python code produced an error:
code
Error: error
Identify the root cause of the error. Provide a suggestion
to fix ONLY the problematic lines, explicitly specify-
ing which parts of the original code should REMAIN
UNCHANGED. Return the complete code with the sug-
gested modifications inserted.
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Rewriter Tool

system_message = You are an expert Python code
rewriter. Your task is to rewrite Python code based
strictly on the user’s suggestions. - DO NOT modify
any part of the code that is not explicitly mentioned in
the suggestion. - Ensure that the rewritten code is func-
tional, error-free, and adheres to Python syntax rules
(e.g., indentation, brackets, braces). - Return ONLY
the complete revised code without explanations, com-
ments, or Markdown formatting. - Follow instructions
EXACTLY as provided."""
user_message = """Rewrite the following Python code
based on this suggestion:
Original Code: code
Suggestion: suggestion

Prompts for MM-LLM as a judge For the
MM-LLM as a judge analysis, GPT4o-mini was
prompted to rate the quality of each of the baseline
and agentic charts which were generated.

MM-LLM Prompt

system_message = For two shown images, the human
perceptual quality score of the first image is 50. Based
on this example, assign a perceptual quality score to
the second image in terms of perceptual similarity. The
score must range from 0 to 100, with a higher score
denoting better image quality. Return the result as a
JSON object in this format: s̈core:̈ <integer>.
user_message =
"type": "image_url",
"image_url":
"url": f"data:image/png;base64,base64_image1" ,
"type": "image_url",
"image_url":
"url": f"data:image/png;base64,base64_image2"

Color Blindness Analysis For the color blindness
analysis, GPT4o-mini was prompted to evaluate
whether the generated chart was appropriate or not
based on color blindness criteria. To assess whether
generated charts are appropriate for color-vision-
deficient users, we created an LLM-based judg-
ment prompt grounded in accessibility research.
Specifically, we drew on practical recommenda-
tions from Muth (2020), who highlights common
failure modes in data visualizations for colorblind
readers, such as over-reliance on hue and the use
of indistinguishable color pairs like red/green, pur-
ple/blue, or pink/grey when luminance is held con-
stant. These combinations, while legible to users
with typical vision, can render visual encodings
ambiguous or unreadable for individuals with color
deficiencies.

Our system prompt was designed to reflect these
insights, emphasizing three critical criteria: (1)
redundant encoding, such as pairing color with

shape, text, or iconography; (2) contrast in light-
ness, which improves discernibility even when hue
perception is impaired; and (3) legend readability,
including whether text labels and gradients remain
interpretable under color vision simulation.

Color Blindness Prompt

system_message = You will be given a data-visualization
(image). Decide whether the visualization is appropriate
for viewers with color-vision deficiencies. How to judge:
1. Do not rely on hue alone. Look for additional cues
such as shapes, icons, text labels, patterns, or distinct
light-dark contrasts. 2. Avoid problem pairs. Red +
green, red + brown, green + brown, purple + blue, and
pink + turquoise of similar lightness are hard to tell
apart. 3. Prefer safe palettes. Blue vs. orange/red, or
any two colors that differ clearly in lightness, usually
work well. Check gradients. Gradients should vary in
lightness, not just hue. Overall clarity. Annotations,
legends, and labels must still be readable when colors
are altered by common forms of color-blindness. Output
format: Just return Äppropriateör N̈ot appropriatë, do
NOT return anything else. "Return the result as a JSON
object in this format: J̈udgment:̈ <string>.
user_message =
"type": "image_url",
"image_url":
"url": f"data:image/png;base64,base64_image2"

Error Analysis Examples of various error either
in the graph generation or the color blindness as-
sessment.

(a) Ground Truth

(b) Agentic

Figure 6: Example of the agent generating a successful
chart
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Figure 6 displays an example of the agentic pro-
cess generating a successful chart. Figure 7 dis-
plays an example of the agentic process generating
the wrong style of chart. Figure 8 displays an ex-
ample of the agentic process generating the chart
with incorrect data, as the labels are interchanged.

For the color blindness analysis, Figure 9 dis-
plays an example of GPT4o-mini correctly assess-
ing a chart as being "Not Appropriate" for color
blindness. The chart includes both blue and green,
which may cause issues for viewers with visual
impairments. In contrast, Figure 10 displays an
example of GPT4o-mini incorrectly assessing a
chart as being "Not Appropriate" for color blind-
ness. The chart only uses one shade of blue along
with the grey border and gridlines, so this is less
likely to cause issues for the visually impaired.

(a) Ground Truth

(b) Agentic

Figure 7: Example of the agent generating the wrong
style chart

(a) Ground Truth

(b) Agentic

Figure 8: Example of the agent generating the wrong
data for a chart

Figure 9: Color Blindness assessment correct

Figure 10: Color Blindness assessment error
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