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ABSTRACT

Natural language interfaces (NLIs) enable flexible authoring and
interaction with visualizations (VIS) using natural language (NL).
However, current NLIs predominantly focus on identifying the
data attributes and analytic tasks from the user’s query and give
less emphasis to customizing the design of the output visualiza-
tions, which is an important consideration to satisfy personal pref-
erences, meet branding requirements, and/or ensure accessibility.
We present NL4DV-Stylist, a Python toolkit that utilizes example
charts and NL instructions as design guidance, enhancing current
NL to VIS authoring workflows to produce more design-informed
visualizations. For instance, if a user generally prefers horizon-
tal legends or wants to re-use the blue color scheme they saw in
a scatterplot, they can supply these as inputs to the toolkit, which
will incorporate these design preferences when generating visual-
izations. NL4DV-Stylist is available as open-source software at
https://nl4dv.github.io.

Index Terms: Natural language interface, natural language, data
visualization, visualization, styling, open-source, toolkit.

1 INTRODUCTION AND BACKGROUND

Natural language (NL) interfaces (NLIs) have transformed visual
data analysis by enabling people to flexibly specify and interact
with visualizations using NL [10]. Additionally, there exist open-
source libraries and toolkits [8, 6, 7] that have enabled visualization
developers–who may not have a background in natural language
processing (NLP)–to create new visualization NLIs or incorporate
NL input within their existing systems.

However, while current NLIs understand what to visualize, they
often fall short in addressing how to style the resulting visualiza-
tions. Visual design elements–such as color schemes, typography,
and layout–play a crucial role in effective data communication, e.g.,
satisfying personal preferences, meeting branding requirements,
and ensuring accessibility. Recent work has begun addressing this
gap through structured editing actions [12] (e.g., “Turn the dashed
lines black”), yet remains limited to textual descriptions.

Recent advances in Vision Language Models (VLMs) have
opened new possibilities for understanding and manipulating vi-
sual content. Empirical evaluations [1, 2, 4, 5] already demonstrate
that VLMs can somewhat effectively interpret visualizations and re-
spond to NL-based questions about the associated content. In addi-
tion, there are new approaches to design extraction and reuse, with
systems like Brickify [11] and CreativeConnect [3] decomposing
designs into reusable tokens that can be creatively recombined.

Building on these advances, we present NL4DV-Stylist, a
Python toolkit that leverages VLMs to author design-informed vi-
sualizations using a combination of example charts and NL. Our
approach addresses current NLI limitations by streamlining the
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process of reusing and remixing design inspiration from multiple
sources to inform the design of the target visualization, as illus-
trated in Figure 1. Our primary contribution is:
1. An open-source Python toolkit, NL4DV-Stylist, comprising:
(a) A prompt template crafted to extract visual design elements

from an image-based chart into a Vega-Lite specification.
(b) A prompt template crafted to appropriately apply the extracted

design elements into an output visualization generated as part of
an NL to visualization authoring workflow.

(c) An extensible API for developers to prototype effective NLIs.
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Figure 1: Given a dataset on website traffic and a natural language
(NL) query, “Visualize Website Traffic by Source over the Years,”
current natural language interfaces (NLIs) generate a relevant visu-
alization but with a default layout and style, e.g., a stacked bar chart
with blue and orange colors. With NL4DV-Stylist, users can addi-
tionally input one or more example charts, e.g., a grouped bar chart
with green and red colors, along with corresponding NL instruc-
tions to extract and apply its design into the output visualization.

2 NL4DV-STYLIST

2.1 Design Principles
Our approach is built using two core design principles:
D1. Expressivity: Enable users to author design-informed visual-

izations by combining natural language instructions with ex-
ample charts, allowing them to express complex design intents
through references to visual elements in the examples.

D2. Modularity: Support style multiplexing by allowing users to
select and combine design elements–such as color schemes,
typography, and layouts–from multiple charts, enabling co-
herent integration of these aspects into a single visualization.

2.2 Architecture
NL4DV-Stylist extends an existing Python toolkit, NL4DV.
NL4DV processes a tabular dataset and a natural language (NL)
query about the dataset to generate a complete analytic specification
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Figure 2: NL4DV-Stylist’s architecture (in blue) extended from
NL4DV’s architecture (in orange) to support the new visual styling
capabilities. The arrows indicate the flow of information.

comprising data attributes, analytic tasks, and relevant visualiza-
tions (as Vega-Lite), all modeled as a single JSON object. NL4DV’s
architecture (Figure 2, in orange) includes a Query Processor mod-
ule that translates NL queries into visualizations, a Conversation
Manager module to facilitate multi-turn dialogs, and a Query Re-
solver module to handle ambiguities and errors during query trans-
lation. NL4DV-Stylist builds on this foundation by introducing a
new Designer module (Figure 2, in blue), consisting of three se-
quential components, as described below:

1. Extractor: Given one or more example charts and user de-
sign instructions (D1), this component utilizes a VLM and a
crafted prompt template–where the design instructions are in-
serted as parameters–to extract design elements (e.g., colors).

2. Mapper: Next, as part of the same VLM call as the Extrac-
tor, this component maps the extracted design elements into a
structured Vega-Lite [9] specification, for downstream use.

3. Consolidator: Lastly, this component utilizes a VLM and an-
other crafted prompt template–into which the Vega-Lite spec-
ifications from the Mapper are inserted–to generate a consol-
idated specification (D2), resolving conflicting instructions.

2.3 Implementation and Usage
Implementation-wise, NL4DV-Stylist is integrated into NL4DV
(as a major version upgrade). Currently, given a tabular dataset
and an NL query about the dataset, with a single function call–
analyze query(query)–NL4DV outputs a JSON object com-
prising an attributeMap composed of the inferred dataset at-
tributes, a taskMap composed of the inferred analytic tasks, and
a visList, a list of visualizations relevant to the input query.
NL4DV-Stylist, in addition to supporting these functionalities, in-
troduces a new design config parameter–that takes as input pairs
of example charts and corresponding NL design instructions–and
an lm config parameter–that takes as input corresponding VLM
configuration (e.g., GPT-4o). These inputs are processed and an
appropriate design-informed visualization is output. Listing 1 illus-
trates the corresponding Python source code for Figure 1.

Listing 1 Sample Python code to use NL4DV-Stylist.
from nl4dv import NL4DV

data_url="Website-Traffic.csv"

processing_mode = "language-model"

lm_config = { "model": "gpt-4o", "api_key": "..." } # model

design_config = [

{"type": "image_url", "image_url": {"url": "Example.png"}},

{"type": "text", "text": "Apply the design of Example.png"}

] # styling object

nl4dv_instance = NL4DV(data_url, processing_mode, lm_config,

design_config)↪→

query = "Visualize Website Traffic by Source over the Years"

output = nl4dv_instance.analyze_query(query)

2.4 Example Applications
1. Learning Vega-Lite syntax. Users who are less fa-

miliar with Vega-Lite can learn the syntax by inputing
a chart and specifying which design elements they want
to extract. NL4DV-Stylist will output a JSON object
that will show, e.g., how to set the background color
({"background":"red"}), change the font size of axis label
({"axis":{"labelFontSize":16}}), or reorient the leg-
end ({"legend":{"orient":"bottom"}}).

2. Expressively authoring custom charts or customizing ex-
isting charts. Users who are less satisfied with the default
chart designs of NL to VIS authoring toolkits, can input ex-
ample charts (consisting of target styles) and provide design
instructions using natural language. NL4DV-Stylist will ex-
tract, map, and apply these styles, into a unified, conflict-free
Vega-Lite specification, enabling both novice and experts to
expressively create visually coherent and bespoke charts.

3 ONGOING WORK

We next plan to benchmark NL4DV-Stylist’s performance on mul-
tiple Vision Language Models (e.g., GPT-4o, Claude) studying (1)
to what extent styles are recoverable from charts, (2) how often and
how successful are the subsequent style transfers, and (3) if perfor-
mance varies for simple versus complex charts, among other fac-
tors. We also plan to conduct user studies to assess the toolkit’s ef-
ficacy and usability to inform subsequent features and refinements.
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