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Figure 1: The INKLING interface, containing a Vega-Lite code editor (middle left), an input box for natural language instructions
(bottom left), and a canvas for sketching and annotating (right). After first inputting a dataset, the user can begin designing with
any of the three modalities, and freely switch between them as they refine the data visualization.

ABSTRACT

Visualization authors can use a number of tools to design and author
data graphics, including those with alternative input modalities. For
example, sketching is useful for exploring ideas, natural language
for expressing intents that are not easily visually expressible, and
direct code editing for precise refinement. Prior work exploring
these modalities has tended to one modality at a time. However, a
data visualization designer may benefit from the ability to fluidly
move between modalities for different stages of the design process.
We present INKLING, a prototype multimodal editor for data visu-
alization in which users can combine sketching, natural language
instructions, and direct code editing to design visualizations that
are bound to their data. We conducted pilot user studies with six
visualization novices to gain an initial insight into how they used
the three modalities to complete assigned visualization tasks. This
work is meant to inform further larger-scale empirical studies into
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the effectiveness of multimodal visualization editing. Our qualita-
tive analysis of screen recordings and audio transcriptions revealed
consistent patterns of usage of the three interaction modes.

Index Terms: Data visualization, multimodal editing.

1 INTRODUCTION

Data visualization has long been used to help make sense of and
communicate insights from large amounts of data. Visualizations
today are created not only by specialists, but also by students or
domain experts like journalists wanting to present data at work or
for personal purposes [7, 10]. While efforts have been made to im-
prove visualization interpretation skills (e.g., [13, 6]), there remains
a lack of pedagogical resources for visualization construction [7].

Huron et al. [10] outline three design challenges for universal-
izing visualization: keeping tools simple, enabling expressive free-
dom, and incorporating data dynamics. Existing solutions for de-
signing visualizations typically address only one or two of these
challenges at a time. Current approaches generally fall into three
categories [10, 26]: template-based tools like Excel, program-
matic systems, or environments that allow hand-drawn sketching.
Template-based tools are simple to use, allowing users to quickly
generate visualizations through a menu of predefined chart types.
However, this restricts a user’s ability to create custom visualiza-



tions for their particular analytical needs. Programmatic systems
such as those based on grammars of graphics (e.g., [19]), offer
greater expressive power by allowing users to declaratively com-
pose primitives like marks, encodings, and layers to create custom
visualizations. But this flexibility comes at the cost of a steeper
learning curve. Finally, sketching is widely used during early-stage
ideation because it is quick and highly expressive [3, 4], allowing
users to freely explore visualization ideas without technical con-
straints. But sketches are inherently static and disconnected from
underlying data, and users must manually re-create sketches using
formal tools, introducing friction between ideation and implemen-
tation. This fragmentation can increase cognitive effort and makes
it difficult to preserve design intent throughout the process.

We propose INKLING (Fig. 1), a multimodal visualization au-
thoring system that integrates three authoring modalities: code edit-
ing, hand-drawn sketching, and natural language instructions. A
user can freely move between or combine modalities based on fa-
miliarity or context, increasing expressivity and reducing the cog-
nitive load associated with visualization design [3, 16].

While prior work has explored visualization authoring through
different modalities, they have tended to assume a dominant mode
of interaction, whether it be direct manipulation [3], coding [19], or
prompting through text or speech [20, 27]. In the spirit of Huron
et al.’s “constructive visualization” [10], INKLING acknowledges
that visualization design is a multi-faceted task, where a designer
may use sketching to explore ideas, language to express intent, and
code for precision and refinement. Additionally, visualizations in
INKLING are grounded in the user’s dataset and an editable and
exportable code representation.

We conducted six pilot user studies with visualization novices to
gain an initial understanding of the limitations and affordances of
our prototype. This workshop paper presents our initial evaluation
along with plans for improvements and further research.

We found that participants used each modality for distinct pur-
poses: sketching to construct and modify visual structure, natural
language instructions to specify transformations that were difficult
to express through sketches, and code editing to inspect and re-
fine the visualization specifications produced using the other two
modalities. This project contributes a novel visualization editing
tool, an initial understanding of how and when authors employ the
three modalities during the design process, and future design direc-
tions for combined visualization authoring inputs.

2 RELATED WORK

Visualization authors have a number of means through which they
may create visualizations, each with its own strengths and weak-
nesses [10, 26]. Template-based environments like Excel are simple
to use but limited to specific chart types. Programmatic tools like
Vega-Lite [19] give the author more control but demand a steeper
learning curve. Natural language interfaces like VisTalk [27] can
help flatten these learning curves, but are still challenging if the de-
signer needs to compose primitives like marks, encodings, layers,
and multi-view layouts into custom displays that are not easily de-
scribed in natural language. Finally, the fluid and expressive nature
of sketching allows the designer to directly communicate the visual
structure they envision, and allows them to quickly and cheaply ex-
plore many designs in parallel [4].

The value of sketching as an input modality has been recognized
both within [3] and without [4, 9] the data visualization domain. In
2011, Browne et al. [3] presented SketchVis, which aimed to inte-
grate sketching into the data analysis process. Using SketchVis,
a user could sketch chart elements (like axes and legends) that
were then bound to their real data to produce data visualizations.
Users appreciated the rapid data exploration afforded by sketch-
ing, but Browne et al. acknowledge the limitations that SketchVis
supported only two chart types (barcharts and scatterplots) and the

sketch input modality, which limited what users could accomplish
quickly. Huang et al. [9] presented SketchGPT, a multimodal inter-
action paradigm for touchscreen devices that couples sketch-based
gestures and speech with system interfaces. Their evaluation sug-
gested that users found the combination of sketching and speech to
be easy to use, particularly for “graphical contents or elements that
were hard to refer to [through speech alone]” [9, Section 5.5].

Another line of research investigates natural language interfaces
for authoring visualizations. Setlur et al. [20] introduced Eviza,
a natural language interface that employs a grammar-based proba-
bilistic method to analyze queries posed by a user, and updates a
visualization accordingly. Like in Huang et al.’s SketchGPT [9],
Eviza demonstrated that speech-based interactions were rapid and
intuitive, but posed limitations when it came to complex interac-
tions. Similarly, Wang et al. [27] proposed an interface (VisTalk)
to translate user utterances into structured visualization editing ac-
tions. Their user study found that participants viewed natural lan-
guage interaction as easier to learn and more efficient than tradi-
tional menu-based interfaces, particularly for users with less visu-
alization expertise.

The works discussed thus far have identified the potential of
sketch- and natural language-based interactions for authoring vi-
sualizations, while also noting the limitations of using only one
modality or the other. They have echoed Oviatt et al.’s recommen-
dation for human-centered design, namely to model users’ natural
multimodal communication patterns [16, 17]. The SketchGPT [9]
project showed multimodal interactions (including sketching) to be
promising in general. However, these lines of work have so far re-
mained separate: prior sketch-to-vis work (e.g., [3, 18, 23]) has not
explored integration with other modalities like natural language and
direct code editing.

Multimodal inputs can also positively impact visualization
novices’ learning of visualization tools. Multimodal inputs allow
a user to express design intent through multiple representations.
For instance, using the taxonomy described by Wu et al. [30], they
may use symbolic-mathematical representations like code, visual-
graphical representations like sketches, or textual-verbal represen-
tations like natural language instructions. Prior work has reported
the pedagogical benefits of multiple external representations [1, 11]
in STEM disciplines like chemistry [5, 30] and computing [21].
When a phenomenon or system is presented to a learner through
multiple representations, it facilitates the formation of connections
between concepts that might not otherwise occur through a sin-
gle representation. Additionally, multiple representations and in-
put modalities can reduce cognitive load by engaging multiple pro-
cessors in working memory at once [2, 16]. For example, Sibia
et al. [21] found that learners were able to better grasp relation-
ships between abstract data structures, memory and pointers, and
the code they were tracing when presented with multiple synchro-
nized representations as they stepped through the code. Similarly,
designing and iterating on custom visualizations through multiple
inputs (representations) could prove conducive to transfer learning
between modalities, e.g., for a novice’s learning of a visualization
grammar like Vega-Lite through sketching.

Tools such as INKLING can represent a step toward Huron et
al.’s “constructive visualization” [10] in which novices as well as
experts have the ability to design custom visualizations with simple,
expressive, and dynamic tools that harness existing competencies.

3 DESIGN GOALS

Based on prior work and our goals, we focused on three primary
goals in designing INKLING, each with associated preliminary tar-
gets and evaluation criteria.



Design Goal 1: Multimodality
We sought to design a tool in which users can fluidly move be-
tween modalities as desired. In particular, users unfamiliar with
some modes (such as students who have yet to master a visual-
ization grammar, or users with limited experience using conversa-
tional AI systems as a design tool) should be able to produce valid
visualizations using the other modes, requiring that each mode be
independently functional. Additionally, if users have some variable
degree of experience in all three modes, they should be able to com-
bine them in whatever way feels natural for each part of the author-
ing process, requiring that each mode be always available. Finally,
when considering these two components of multimodality together,
INKLING should be able to facilitate learning from one mode to an-
other by allowing users to easily see the effect of making changes in
one mode within the context of each of the others, thus allowing ex-
isting competencies to help “fill in the gaps” in other less developed
competencies.

Design Goal 2: Iterative Refinement
Visualization design is never done in practice through a single fixed
operation [15], and thus INKLING must support iterative refine-
ment. Indeed, one key benefit of sketching is the ability to quickly
explore designs, and a “one and done” approach in which a user
draws one sketch, and they must interact with the high-fidelity data
visualization thereafter would significantly impoverish this ability.
The same holds for natural language instructions.

To this end, we aim for the user to be able to use any of the
modalities—or a combination therein—to edit an existing visual-
ization, i.e., a visualization that was created using any of the modal-
ities can also be edited using any of the modalities. That is, they
should be able to iterate by directly editing code, issuing natural
language instructions, or sketching on top of a rendered visualiza-
tion. In the case of direct code editing, this is straightforward—the
new visualization specification is the result of the edits. In the case
of the other two modalities, the user’s design intents must be inter-
preted and incorporated into the existing visualization specification.

Design Goal 3: Groundedness
Our final design goal is that all visualizations produced using
INKLING should be specifications operating on valid data bindings.

Prior drawing tools for visualization authoring have historically
been “static”, i.e., not bound to real data [10], or limited to a few
specific chart types [3]. For sketching and natural language instruc-
tions to work as sibling modalities to direct code editing, they must
also be bound to the user’s data, in the same way that, for instance, a
Vega-Lite specification is bound to a dataset. To this end, INKLING
requires a user to specify the dataset with which they are working,
and all expressions of design intent (through code edits, sketches, or
natural language) are evaluated against the variables in that dataset.

Identifying user intention through combinations of sketches and
natural language instructions has been shown to be promising
through recent advances in generative artificial intelligence [9, 22].
However, with the use of generative AI comes the risk of peddling
plausible falsehoods. Therefore, another component of this design
goal is that we never use generative AI to directly produce a visual-
ization. Rather, we use it to interpret sketches or natural language
to produce a visualization specification that is bound to the user’s
real data. Another benefit of this approach is that resulting visual-
izations can be exported and edited using other tools of the user’s
choosing.

4 SYSTEM DESIGN

We implemented a prototype visualization editor, INKLING, which
allows authors to design data visualizations through any combina-
tion of code editing, sketching, and natural language instructions.
The user begins by inputting a dataset whose schema is used to

keep all model-assisted outputs grounded in real data. The editor
contains three main components: a code editor, a canvas, and an
input for natural language instructions. All three inputs are avail-
able to the user at all times.

The code editor provides editing support for the Vega-Lite visu-
alization grammar [19]. We selected Vega-Lite because it is declar-
ative, supports multi-view composition, and is widely used.1

The canvas area plays two roles: that of sketchpad and visual-
ization display. The author can use the canvas to sketch an initial
design and then send it to a server, where a pipeline of generative
AI agents interprets the sketch and returns a corresponding Vega-
Lite specification that implements the user’s sketch. The system
compiles the Vega-Lite specification and renders the resulting vi-
sualization in the canvas area. The user can also use sketching
in the canvas area for iterative refinement; they can make anno-
tations on the currently-displayed visualization and go through the
same procedure to receive an updated Vega-Lite specification. Each
time they apply changes, the canvas contents (sketch marks and, if
present, the rendered visualization) are sent to the server for pro-
cessing, whereupon a new Vega-Lite specification is returned. At
all times, the specification is available for direct editing by the user,
which would trigger a fresh render in the canvas.

Finally, the user can input natural language instructions, such as
“change the color of the line to blue” or “make a graph of profit
over time”. Such instructions are mapped to variables in the dataset
if appropriate.

The visualization rendered in the canvas is only ever the result of
a Vega-Lite specification based on the user’s inputted dataset (i.e.,
the figure itself is never directly generated).

The author can use any of the three modalities (or combinations
therein) for design and refinement. Prompt chaining is employed
to interpret the user’s input. This involves breaking down large
tasks into smaller sub-tasks, and feeding the results of each sub-
task to the next. This avoids giving a single agent a large task that it
must decompose by itself; generative AI agents tend to perform bet-
ter on complex tasks when they are broken up into checkable sub-
tasks [28, 31]. Each operation (sketching from scratch, annotating
on top of a rendered visualization, and sending natural language
instructions) follows its own pipeline. Calls to the model include
the canvas contents (figure + annotations), the Vega-Lite specifica-
tion currently in the editor, and the schema from the user’s dataset.
For example, the process for interpreting an annotated visualization
follows these steps:

1. Compare the image to the Vega-Lite specification; determine
at a high level what additions or edits have been made in the
image that are not present in the spec.

2. Use those descriptions to make corresponding modifications
to the spec.

3. Make sure all field names match a column name from the
dataset. If not, substitute it with the closest match.

4. Iteratively perform the following checks on the modified spec.
To avoid lengthy or infinite loading times, this step concludes
when either the spec passes the checks, or three iterations have
been performed.

(a) Does the updated spec accurately represent the anno-
tated visualization?

(b) Are all components that are present in the sketch also
present in the spec, and vice versa?

(c) Are there any issues that will prevent the visualization
from displaying properly?

1At the time of this writing, Vega-Lite has 5.4k stars on GitHub and is
included by default in the popular visualization platform Observable.



The user sketches a scatterplot in a 
blank canvas and clicks "Apply Changes".

The sketch is sent to a generative AI model and a Vega-Lite [19] 
specification is sent back to the editor. The sketch is replaced 

by a rendered visualization.

The user sketches a regression 
line directly on the rendered vis.

The sketch mark is interpreted and replaced 
with a regression line bound to the user's data.

The user issues a natural language instruction to 
change the regression line's color to red.

The spec is updated once again and 
the vis re-renders.

Figure 2: Example INKLING workflow. Each time the user applies a change (a sketch, annotation, or textual instruction) the Vega-Lite specification
is updated accordingly, triggering a fresh rendering of the new visualization. The visualization specification is also directly editable.

5 PILOT EVALUATION

We conducted user studies to get initial feedback on our prototype.
We qualitatively observed participants’ interaction patterns with the
three modalities, as well as the reasoning behind their interactions,
gathered through a think-aloud protocol. We looked for the follow-
ing information:

• What modality or modalities did participants tend to employ
for each operation?

• How exactly did participants use those modalities? For ex-
ample, if they tried to change the colors of markings through
sketching, did they do so by coloring over the markings or by
drawing a legend?

• Why did participants choose one modality over another?

5.1 Recruitment
We recruited six participants. First, we recruited participants from
the pool of current and former takers of an upper-division elective
course on data visualization in the computer science department at
our university. Students in that course learn about visualization fun-
damentals such as the grammar of graphics and receive exposure to
tools like Vega-Lite. Our expectation was that this relative familiar-
ity with Vega-Lite would ensure that the code editing modality was
not completely ignored. Additionally, by reaching out to our net-
works, we recruited a computer science graduate student (who was
unfamiliar with Vega-Lite) and three individuals who had little or
no experience with Vega-Lite and data visualization concepts. The
spread of expertise is valuable given that the goal of this project is
to assist data visualization novices, including those who have never
used visualization libraries like Vega-Lite. Our participant pool is
summarized in Tab. 1.

5.2 Procedure
We conducted user studies in which participants used our prototype
to work through assigned tasks while thinking out loud. Participants
were provided with a touchscreen device running INKLING, a sty-
lus, and a keyboard. Each session was screen- and audio-recorded,
and the procedure was approved by our Institutional Review Board.

Each session proceeded as follows. First, the participant took a
short survey comprising questions about demographics and Likert-
type questions about their experience with data visualization and
Vega-Lite, as well as their trust in generative AI. The demographic
questions were necessary to gauge representation in the group of
participants, and the questions about trust in generative AI (taken
from Hoffman et al. [8], Table 8) were necessary because users’
perceptions of it are relevant to the ways they approach a tool that
uses generative AI. All questions were optional.

After the survey, participants were given a demonstration of the
features of the interface and could ask clarifying questions. Each
participant was given the same demonstration.

Then the participants were given a set of tasks to work through.
They were told that they could take as many steps as they wanted
in order to reach the solution, and they were instructed to use
whichever modality felt most intuitive for what they were trying
to accomplish. The interviewer inputted the corresponding datasets
into the tool for each task, and the datasets were also displayed for
the participants’ reference. The tasks are described below.

In this pilot evaluation, we aimed for a variety of convergent vi-
sualization authoring tasks, i.e., tasks meant to arrive at a predefined
end goal. Task 1, which asked participants to replicate an existing
visualization from scratch, let us observe how they approached var-
ious parts of the process from start to finish. Tasks 2 and 3, which
incorporated smaller, specific sub-tasks, let us observe how users
tackled specific types of operations.

Task 1. The system was loaded with a stock-price dataset,
then participants were shown the visualization in Fig. 3 and asked
to replicate it.

Task 2. The system was loaded with a weather dataset, and
participants were given the following instructions in sequence, i.e.,
each subsequent instruction followed successful completion of the
previous instruction. We wanted to simulate a process of iterating
on a prototype visualization.

2.1 Make a scatterplot of max temperature over time.
2.2 Add a line showing the average max temperature over time.
2.3 Make the points more transparent.



Table 1: Participants’ backgrounds, experience with data visualization and Vega-Lite, and trust in AI.

ID Gender Race/Ethnicity Major I am comfortable
designing data vi-
sualizations.

I am comfortable
authoring data
visualizations with
Vega-Lite.

Taken Data Vis
Course

Trust in AI: Low
(1) – High (5) [8]

P1 Man White Computer Science Neutral Somewhat Disagree Yes 1.875

P2 Man Asian/White Computer Science Neutral Strongly Disagree No 2.625

P3 Man White Architecture Somewhat Agree Strongly Disagree No 2.75

P4 Woman Asian Computer Science Somewhat Agree Somewhat Agree Yes 2.75

P5 Woman Hispanic or Latino/White Architecture Neutral Strongly Disagree No 2.375

P6 Prefer not to answer Hispanic or Latino Computer Science Somewhat Agree Somewhat Agree No 2.75

Figure 3: The visualization that participants were asked to recreate
in Task 1.

Task 3. Participants were given a Vega-Lite specification that
produced the visualization in Fig. 4:

Figure 4: The starting visualization given to participants in Task 3.

Then they were given the following modification instructions in
sequence:

3.1 Filter the graph to only include data from New York.
3.2 Set the precipitation scale’s domain to range between 1 and 5.
3.3 Add a line showing wind over time. Display the wind scale

on the right y-axis.
3.4 Change the color of the line and y-axis title for wind to orange.

3.5 Display both lines (precipitation and wind) as smooth/curved.
3.6 Below the plot, add a horizontal bar chart showing how many

records exist for each type of weather for New York.
3.7 Move the bar chart to the top, above the plot.

5.3 Data Analysis
This section presents a description of participants’ strategies to
complete the assigned tasks. We analyzed each screen recording
with its transcript and identified which modality or combinations of
modalities participants chose to use for various tasks and their suc-
cess. We felt it was not necessary to compile a formal codebook due
to the small sample size, and because our goal was to gain an initial
understanding of user interactions with the interface, as a precursor
to further research.

5.4 Preliminary Findings
The primary goal of our pilot evaluation was to learn how au-
thors used code editing, sketching, and natural language instruc-
tions while constructing and refining data visualizations. We iden-
tified some common ways in which participants interacted with the
three modalities when using our prototype to work through data vi-
sualization tasks.

5.4.1 Task 1: Time series with a color encoding
All six participants started Task 1 (recreating a provided visualiza-
tion) by sketching the visualization’s structure. It is possible they
were driven to do this by the perceived novelty of the interaction;
P1 and P3 said as much. Fig. 5 shows all six initial sketches along
with a description of their sequence of interactions that led to suc-
cessfully completing the task. Only P2’s initial sketch led to the
required final visualization. Most of the other participants verbally
stated they wanted to “see what happens and take it from there” with
the initial sketch. When the sketch did not produce the expected fi-
nal result, P1 continued annotating (they drew a legend and wrote a
title), and P3–P6 issued a single natural language instruction (e.g.,
P4 wrote “Change the graph to show five lines of the five stock val-
ues over time”). P3 and P5 finished by using the canvas to add the
required chart title.

5.4.2 Task 2: Scatterplot with opacity setting and layered
mean line

Task 2.1 asked the participants to create a scatterplot of monthly
maximum temperature over time. Four participants again used
sketching while participants P2 and P6 used textual instructions.
P2 notably entered textual instructions as a comment in the code.
Then, using natural language, they instructed the AI to fill out the
code based on the comment; the resulting changes matched their
intention.

Task 2.2 asked participants to overlay a monthly average line
on the scatterplot. P1, P3, and P5 all began with sketching, while
the other participants began with natural language instead. P1 made
two attempts at overlaying a line using a sketch mark, but the model



P1 

P3 P4

P5 P6

P2

Figure 5: Initial sketches for Task 1. Only P2’s first sketch succeeded
immediately. All other initial sketches led to the vis shown in Fig. 6.
The sequences of icons represent the series of sketch ( ) or natural
language ( ) instructions the participant used before successfully
completing the task ( ).

applied an incorrect transform each time (inferred incorrectly from
the shape of the line drawn). P1 finally issued a natural language
instruction specifying the desired transform (mean) and was suc-
cessful. Participants P3 and P5 were hesitant to draw the line at
first because they were unsure what it would look like, but ulti-
mately they chose to see if the AI could determine what they were
trying to draw. Importantly, their eventual figures did not result in
a mean aggregation, but rather a LOESS transform. They did not
notice since it looked visually close to what was expected, and they
did not inspect the newly added code. The successful participants
all started with or resorted to natural language for Task 2.2 (with P6
stating not wanting the line to be misinterpreted as a motivation).

For Task 2.3 (point opacity), all participants used a natural lan-
guage instruction. P2 wanted to learn the Vega-Lite grammar dur-
ing the session, and attempted to guess the code required first (they
were close; they named the field “transparency” instead of “opac-
ity”), but used natural language when that was not successful.

5.4.3 Task 3: Modifying a line chart by filtering, adding a
layer, and changing a scale domain

Task 3 started with a time series of monthly precipitation amounts
and asked the participant to make a series of modifications.

Four out of six participants (P1, P3, P4, P5) used a single natu-
ral language instruction to complete Task 3.1 (filtering the weather

Figure 6: The model’s interpretation of all the initial sketches for Task
1 except for P2’s.

dataset to only show New York’s weather). P5 commented that us-
ing natural language was helpful “for all of the back-end stuff that
you don’t really manipulate visually, or process visually.” P2 tried
to make changes to the provided Vega-Lite and when that was not
successful, also issued a natural language instruction. P6 made two
attempts to achieve the desired filter through sketching. First, they
wrote “New York” under the rendered visualization, which was in-
terpreted as a title. Then, they wrote “show New York data only”
by hand in the canvas, which was successful.

Figure 7: P5’s solution to Task 3.2. They crossed out a section of the
chart to communicate their intent to start the y axis at 1.

Task 3.2 (change the y axis domain from 0–5 to 1–5) saw some
variety of strategies attempted. P1 and P2 both tried to directly edit
the code with limited success (due to lack of Vega-Lite knowledge),
and then switched to natural language. P3 did not edit the code,
but they did first look through the code for the word “domain”—it
was not present, so they issued a natural language instruction. P4
straightforwardly used natural language. Finally, P5 and P6 used
the canvas to cross out the bottom portion of the graph (P5) or y axis
(P6) to indicate that they wanted the domain to start at 1 instead of
0; Fig. 7 shows P5’s attempt. For P5, this was not successful, and
they fell back to natural language. For P6, the y axis scale was
adjusted to start at approximately the minimum data value, which
was not exactly what was asked for. So, they drew a new y axis
with handwritten tick labels in the canvas, and were successful in



Figure 8: P6 wrote in the canvas to express desired changes.

achieving the desired domain.
For Task 3.3 (layering in a line chart for wind speed), P1, P3,

and P5 sketched a new trend line, a dual y axis, and the handwrit-
ten title “wind” on the existing visualization, and were successful at
this task. P5 used natural language to adjust the title of the resulting
additional y axis. The other three participants all used natural lan-
guage to add the layered chart (with P2 again first attempting direct
code edits, then falling back to natural language).

For Task 3.4 (line and axis title color), all but P1 directly edited
the code, using code from the original Vega-Lite chart as a refer-
ence. P1 used natural language to edit the axis title color.

Nearly all participants used natural language for Task 3.5
(smoothing the lines in Fig. 4). P6 circled the sharp peaks on a line
graph and wrote “change to smooth/curved” (Fig. 8)—a successful
strategy.

For Task 3.6 (concatenate a horizontal barchart below the line
chart), nearly all participants used sketching. A couple of partici-
pants first drew a vertical bar chart and then used natural language
to swap the axes. P2 only used natural language.

Finally, Task 3.7 (moving the barchart above the line chart) was
completed using a number of strategies. P1 and P3 used natural
language immediately; P2 attempted to edit the code and then fell
back to natural language; P4 (who had taken the course in which
Vega-Lite was taught) successfully edited the code; and P5 and P6
both attempted to use sketching to communicate their intent. As
in Task 3.2, P5 was unsuccessful: they drew a circle around the
barchart and an arrow pointing above the line chart. This did not
succeed, so they fell back to natural language. As in Task 3.2,
P6 made a similar attempt, but provided more information to the
model: they circled the barchart, drew an arrow, and hand-wrote
“move above” in the canvas. This strategy was successful.

5.4.4 Trust in AI
Pre-interview survey responses suggested that participants held
reservations about genAI. None indicated that they felt it was pre-
dictable, reliable, and accurate, and none responded more strongly
than neutral to the statement “I like using genAI for decision mak-
ing”. Five out of six participants indicated wariness of genAI, and
half “somewhat agreed” that they felt confident that genAI works
well; the rest were “neutral” or “somewhat disagreed”.

These results align with our observations that participants ex-
pected to make multiple attempts when using the model-assisted
components. While working through tasks, participants often ex-
pressed that they were using the sketch or natural language tools to
get to a starting point, and then they expected to make modifications
from there. For example, when using natural language instructions
to make the scatterplot in Task 2.1, P6 explained, “I’ll modify it if
it’s not to my liking.” Reflecting on the changes made by the AI

Table 2: Modality usage by task. Preferred is the first modality the
participant attempted for that task. Fallback pairs indicate a partic-
ipant switched modalities after an unsuccessful attempt. Parenthe-
sized numbers are the frequencies with which each pattern occurred.

= sketching = natural language = code editing

Task Preferred modality Fallback

1 (6) → (4)

2.1 (4), (2) –
2.2 (3), (3) → (1)
2.3 (5), (1) → (1)

3.1 (4), (1), (1) → (1)
3.2 (2), (2), (2) → (2), → (1)
3.3 (3), (2), (1) → (1)
3.4 (5), (1) –
3.5 (5), (1) –
3.6 (5), (1) → (2)
3.7 (2), (2), (2) → (1), → (1)

throughout their interview, P3 said, “if they weren’t what I wanted,
I would be able to be more specific myself because I don’t expect a
level of specificity like that.” Participants also frequently inspected
the code after applying a sketch or instructions, even if they were
unfamiliar with the language. After writing “filter to only use NY
data” on the canvas to accomplish Task 3.1, P2 examined the code
and verified that a filtering operation had been added. They also
expressed that they felt there was a “layer of abstraction and a lack
of transparency”, and that it would be helpful if the changes made
by the AI were highlighted and explained.

6 DISCUSSION

We discuss some implications of our results and highlight avenues
for discussion at the EduVis workshop and further research.

6.1 Patterns of Multimodal Editing
Observed interaction patterns are summarized in Tab. 2. Partic-
ipants preferred sketching for tasks that were easily represented
visually, like drawing a chart from scratch or moving, removing,
or modifying visual elements. P4 said, “I really appreciated [the
sketching feature] because I feel like I made sure that I knew what
I wanted before just kind of copy and pasting [the instructions] in.”

Natural language was popular for changes that could not be eas-
ily communicated with sketching or direct code edits, or tasks for
which participants were unsure how to represent the desired change
through sketching or code (e.g., filtering data, changing the y axis
range, and smoothing a jagged line mark). Natural language was
the most common fallback modality when the user was unsuccess-
ful with their preferred modality (Tab. 2).

Finally, direct code editing was typically used for small adjust-
ments and to verify changes made by the model. Although only
four participants were experienced coders (P1, P2, P4, and P6) and
only two indicated that they were comfortable with using Vega-
Lite (P4 and P6), all participants referenced the code editor multiple
times during their sessions. Participants would often make a change
through sketching or natural language instructions and then inspect
the code to confirm that the expected modifications had occurred.
This was especially common for tasks that involved adjusting spe-
cific values in the code, e.g., point opacity in Task 2.3. After the AI
updated the code, P2, P4, and P5 again examined the code and lo-
cated the newly added “opacity” value, and P4 and P5 adjusted it to
their liking. Similar patterns of keyword-seeking emerged in later
tasks involving modifications to colors or data filters (e.g., to con-
firm that a natural language filter instruction took hold). P5 com-
mented, “I really enjoy the ability to draw it out...and then being
able to look through the code and manipulate certain aspects of it.”



P1 similarly noted, “In a perfect world, for anything small like that,
I’d want to just go in and do it myself.”

One caveat was that participants generally found the code editor
somewhat difficult to use due to lack of a mouse or trackpad.

Participants tended to work iteratively, often using the model-
assisted tools (sketching or natural language instructions) to es-
tablish a starting point rather than expecting them to produce ex-
actly what they wanted. They would then refine the result or
undo changes if necessary. In many instances, participants made
comments such as, “Let’s just apply [the chat message or canvas
changes] and see where it starts.” P1 noted that, in their expe-
rience, AI systems performed better when asked to make smaller
changes, which may have contributed to this behavior.

6.2 Implications for Learning

Our eventual goal is to use INKLING in the teaching and learning
of data visualization design and implementation. While we leave
for future work empirical study of INKLING’s impact on visualiza-
tion learners, in this section we explore the issue from a theoretical
perspective. INKLING’s support for multiple representations of a
user’s design intents has the potential to strengthen competencies
associated with each modality [1, 11]. For example, a user who is
not yet familiar with Vega-Lite may benefit from using a familiar
action like sketching to express a visual structure, and seeing the
Vega-Lite code that implements that structure.

We note that the positive effects of multiple representations on
learning are not a given and may be influenced by a number of fac-
tors. In her DeFT framework, Ainsworth [1] suggests that multiple
representations have three key functions to aid in learning: to com-
plement, to constrain, and to construct deeper understanding.

Representations in INKLING complement each other. Sketches
are uniquely suited to communicating visual structures [3], natural
language instructions appear well-suited to describing instructions
that are difficult to depict visually ([9], Sec. 5.4), and code edit-
ing was used to verify and refine generated outputs (Sec. 5.4). In
our user studies, we also observed participants issuing atomic in-
structions through combined modalities, e.g., sketching and natural
language (Fig. 8), or code and natural language (Sec. 5.4).

Representations in INKLING can also constrain each other. Con-
sider again the multimodal instruction issued by P6, where they
circled points in trend lines and wrote by hand “change to smooth”
in the canvas. The same instruction might have contained ambigu-
ities in natural language—for example, the instruction “make the
lines smooth” might raise the question “which lines”? There was
no such ambiguity in the multimodal instruction.

Finally, representations in INKLING can help the learner con-
struct understandings that would have been difficult to achieve with
a single representation. For example, we observed instances of par-
ticipants using sketching or natural language to generate a Vega-
Lite specification, and then refining the visualization by inspecting
and editing the specification directly. Importantly, we observed this
behavior with both Computer Science (P2) and Architecture (P3)
students, neither of whom had taken the data visualization course
in which Vega-Lite was taught. This can be empowering for a vi-
sualization creator whose goal is to create visualizations and not to
learn a visualization specification language, but who nevertheless
would benefit from the flexibility afforded by such languages.

The DeFT framework outlines benefits and risks of multiple rep-
resentations that engage different processors in working memory.
Some research suggests that this helps distribute cognitive load and
form connections between concepts [2, 16, 21], while others sug-
gest that the heterogeneity can make it difficult for learners to see
relationships between different representations [1]. In the case of
INKLING, we expect the multiple modalities to be a boon, in par-
ticular because of its rapid feedback cycle [12, 25]. When a user
makes a sketch mark or issues a natural language instruction, they

are immediately presented with the updated Vega-Lite code and re-
sulting visualization, making an explicit connection between their
chosen modality/representation and the specification.

However, as we saw in Sec. 5.4, with the ambiguity of sketching
also comes the risk of a false sense of success. Two participants
used sketching to produce a visualization with an incorrect data
transform without noticing. The mistake would have been clear
had they attended to the code changes produced by the AI model.
This is an important risk factor to keep in mind for tool designers.
Simply displaying the multiple representations is not sufficient; the
connections between them must also be made readily apparent. We
discuss possible tool improvements in the next section.

6.3 Future work

Larger-scale user studies. We conducted a small scale pilot with
six participants whose goal was to inform further research. We will
continue this work by conducting empirical evaluations of INKLING
with a larger and more diverse participant pool, measuring success
on visualization design and implementation tasks using existing as-
sessments [7, 6]. We will also study impacts on non-visualization-
expert users’ tendency to reach for custom visualizations as ways to
communicate data in their domain of expertise. These evaluations
will be conducted in undergraduate data visualization courses at our
university and through crowd-sourced user studies.

These studies will be preceded by improvements to INKLING
based on the user studies described in this paper.

Tool improvements. Although our initial set of user studies
proved promising in the sense that users liked and successfully used
INKLING to complete visualization tasks, they also revealed several
areas for improvement. First, not all tasks were successfully com-
pleted using the user’s chosen modality of sketching. Further refine-
ment of the pipeline of agents used to interpret sketch marks is un-
derway. Next, we plan to make improvements to the code editor so
that experienced users are not faced with a relatively impoverished
editing experience compared to other editing tools. These improve-
ments include improved error messages and suggestions based on
the Vega-Lite specification schema.

Many interactions in INKLING are supported by generative
AI. Our participants were cautious about relying entirely on AI-
generated modifications, which appeared to encourage verification
behaviors (e.g., reading the generated code), repeated attempts, and
requests for additional transparency regarding what changes had
been made. They frequently inspected the generated Vega-Lite
specifications after making changes through sketching or natural
language instructions, even if they did not directly edit the code.
This behavior suggests that they valued the code representation as a
source of verification and trust. Several participants expressed a de-
sire to see which portions of the Vega-Lite specification were mod-
ified by the system in response to sketch or natural language inputs,
and to receive explanations describing the reasoning behind those
modifications. We plan to explore ways to make this connection
more easily perceptible, starting with highlighting diffs when the
visualization specification is updated by the generative AI model.
We expect that this would have avoided the incorrect final visual-
izations from two participants in Task 2.

Beyond. We are planning numerous refinements to INKLING
in addition to the suggestions that were surfaced through the pilot
study. One is our choice of visualization grammar. We currently
target Vega-Lite for reasons described in Sec. 4, but the author-
ing approach is not intrinsically tied to it. We may instead target
a language-agnostic intermediate representation, like the one sup-
ported by Draco 2 [14], which can be compiled to a different gram-
mar of choice (e.g., Vega-Lite, Altair [24], or ggplot2 [29]).

We also plan to use INKLING as a research platform to learn
about the kinds of inputs that users prefer for communicating design
intents regarding interactions and animations.
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