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Abstract

Generating visualisations from natural lan-
guage requests (Text-to-Vis) is highly valuable
as it allows users to create data plots quickly
and easily, even if they lack programming skills.
While recent LLMs can perform this task, there
is a lack of high-quality benchmarks that eval-
uate these models in real-world uses. This pa-
per introduces a new benchmark dataset drawn
from real-world scenarios and a novel annota-
tion framework that empowers novices to han-
dle annotation tasks typically reserved for pro-
gramming and data analysis experts. We be-
lieve this benchmark could be a good challenge
for LLMs and would drive the development of
Text-to-Vis to better meet practical needs.

1 Problem

Text-to-Vis refers to the task of taking a human
language request for visualisation along with input
data and generating code to produce the correspond-
ing visualisation, as described in Figure 1. Such a
system would streamline and enhance data analysis
so that non-expert users can easily express their vi-
sualisation requirements and gain valuable insights
from their data.

Despite its potential, the Text-to-Vis field re-
mains in its early stages and faces several chal-
lenges, especially the scarcity of high-quality
benchmarks. Although there are several, including
nvBench (Luo et al., 2021), nlvUtterances (Srini-
vasan et al., 2021), PlotCoder (Chen et al., 2021),
and ChartDialogs (Shao and Nakashole, 2020),
most of them are either synthesised, automatically
extracted, or influenced by a limited set of anno-
tators. Our prior work identified a significant gap
between these benchmarks and real-world visuali-
sations, as evaluations do not test the same distri-
bution of chart types, attributes, and the number of
actions (Nguyen et al., 2024).

In this work, we aim to create a new benchmark
for Text-to-Vis that accurately reflects real-world
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Figure 1: A visual description of Text-to-Vis

practices. To achieve this, we plan to collect an-
notation data from various sources, including data
statistics websites, visualisation forums, and aca-
demic papers '. As illustrated with corresponding
colors in Figure 1, the collected data include (1)
plotting data, , 3)
code snippets, and (4) visualisation images. We
will also create a new annotation framework for
novices to create code. Note that this task is often
reserved for data visualisation and programming
experts.

2 Proposed Solution

Data Sources Plotting data and visualisations
from statistics websites and visualisation forums
can be gathered with clear copyright information.
However, obtaining these from the academic do-
main can be challenging because authors often
include pixel-based visualisations (PNG, JPG) in
their publications rather than providing raw plot-
ting data and code snippets. To overcome this, we
plan to email authors to request the necessary data
for our annotation. Although this method requires
significant resources and ethics approval, it offers a
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Figure 2: Annotation framework

direct approach to obtaining authentic data for our
study.

Annotation Framework Drawing inspiration
from Tian et al. (2023) in Text-to-SQL, we will
develop a framework for indirect annotation in
Text-to-Vis, explicitly designed for novice anno-
tators. The framework contains five main steps,
as shown in Figure 2. First, plotting data and a
desired visualisation image are displayed on the la-
belling tool’s interface. Second, the annotator then
writes a to re-create the
visualisation for given plotting data. Third, the sys-
tem uses LLLMs to generate several candidate pairs
of code snippets and their resulting visualisations
(produced by executing the code). Fourth, the anno-
tator selects the most accurate pair and refines the
associated code comments. Fifth, the LLMs mod-
ify the selected program based on the annotator’s
input, producing refined code and corresponding
visualisation. This process repeats through the last
four steps, iterating until the recreated visualisa-
tion closely matches the original. In cases where
non-expert workers cannot complete the task, those
instances will be escalated to experts for resolution.

Experiments and Analysis We will establish
baselines for the new dataset using state-of-the-
art LLMs like GPT-4 and Gemini. We will evaluate
metrics such as plot type accuracy, data matching
accuracy, and code-based similarity (CodeBLEU,
CodeBERTScore). To assess the dataset’s quality,
we will manually review a sample to verify whether
the recreated visualisations closely match the orig-
inals. We will compare task completion rates be-
tween novice and expert annotators to evaluate the
effectiveness of the annotation framework.

3 Conclusion

This paper outlines several limitations in current
Text-to-Vis benchmarks and introduces the devel-
opment of a new dataset. The process involves
gathering real-world visualisation data from diverse
sources and creating an annotation framework that
enables non-experts to handle tasks typically per-
formed by experts. We believe this new bench-
mark will advance the development of Text-to-Vis
to meet users’ real-world visualisation needs.
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