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Figure 1: Code shaping usage example: (a) a programmer draws an arrow from a few lines of code defining data attributes to a
sketch of a bar chart in whitespace near the code, then they add another arrow back to a different code location and annotate
the arrow with ‘def’; (b) an AI model uses the code and the overlaid sketches to insert a new function to plot that data; (c) the
programmer reviews the edits interpreted by the model, then they run the program; (d) the code outputs a rendered plot, the
programmer sketches on top of it to indicate it should use min-max scaling; (e) the model examines the new sketches and

modifies the code to implement scaling.
ABSTRACT

We introduce the concept of code shaping, an interaction paradigm
for editing code using free-form sketch annotations directly on
top of the code and console output. To evaluate this concept, we
conducted a three-stage design study with 18 different program-
mers to investigate how sketches can communicate intended code
edits to an Al model for interpretation and execution. The results
show how different sketches are used, the strategies programmers
employ during iterative interactions with Al interpretations, and
interaction design principles that support the reconciliation be-
tween the code editor and sketches. Finally, we demonstrate the
practical application of the code shaping concept with two use case
scenarios, illustrating design implications from the study.
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1 INTRODUCTION

In programming tasks, text is not always the primary medium for
expressing ideas [27]. Programmers often turn to sketching on
whiteboards and paper to externalize thoughts and concepts [10, 35,
64]. This includes tasks like designing program structure, working
out algorithms, and planning code edits [10, 46, 60]. The informal
nature of sketching helps untangle complex tasks, represent abstract
ideas, and requires less cognitive effort to comprehend [10, 14, 63].

Prior research has explored programming-by-example systems
that transform sketches [39], such as diagrams [17], mathematical
symbols [28, 55], and user interfaces [24, 25, 51], into functional pro-
grams. However, these systems often target non-programmers, with
the generated code typically hidden or not intended for direct edit-
ing. For programmers, another line of research has enhanced cur-
rent integrated development environments (IDE) with sketch-based
annotation features from the engineering perspective to support
note-taking [9, 61], facilitate collaboration [30], and aid in planning
future code edits [53]. Despite these advancements, sketching and
code editing are still largely treated as separate activities in the
software development process.
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This division stems from the traditional view of programming as
primarily text-based [2], with sketching seen as an auxiliary tool.
Programmers must switch contexts between sketching and coding,
potentially losing insights during the translation from visual ideas
to code modifications [13, 45, 46]. This challenge is exacerbated by
the non-linear and dynamic nature of programming, where code
is frequently revisited and revised in response to evolving require-
ments and new discoveries. Hence, sketches have been primarily
considered as a static external representation of the programmer’s
thoughts instead of ways to interact with code [9, 47, 61].

To address this separation, we propose a sketch-based editing
approach where a programmer draws free-form annotations on and
around the code to iteratively guide an AI model in modifying code
structure, flow, and syntax: a concept we call code shaping. For exam-
ple, to insert a function to visualize data, a programmer can circle
lines of code related to data attributes, draw an arrow to a sketch
of a graph, then draw another arrow with the word “def” back to a
line of code to insert the function (Figure 1a,b,c). Further iterations
of sketching can revise the function name or specify additional
data processing steps (Figure 1d,e). This approach tightly integrates
free-form sketching with realtime code editing both visually and
operationally, providing programmers with an alternative modality
to express modifications. This approach allows programmers to
encapsulate their expectations for the program’s functionality and
link these sketches directly to syntactic code. However, challenges
such as model interpretation errors due to the inherent ambiguity of
sketches [1, 16] and the fundamental differences between sketching
and coding modalities require further design exploration.

We adopted a user-centered design process with 18 programmers
using a prototype system probe that implements the code shaping
concept. Our findings reveal the types of sketches programmers
created, their strategies for correcting Al model errors, and design
implications for bridging the conceptual gap between the canvas
where sketches are made, the textual code representation, and the
Al models. We demonstrate these design implications with two
real-world use cases: a productivity break using a tablet and pair
programming at a whiteboard. The contribution of this research
is not to claim that code shaping is superior to other interaction
paradigms, such as typing, but to establish it as a viable alternative
that empowers programmers to iteratively express and refine their
code edits through free-form sketches.

2 RELATED WORK

Historically, the practice of writing code has evolved significantly
alongside the development of different tools and technologies. Early
methods relied on handwritten and drawn notations, reflecting the
material and cultural contexts of their time [2]. The advent of the
typewriter marked a pivotal shift, standardizing typed input as the
dominant mode for programming. However, multiple explorations
into alternative, keyboard-less methods of code manipulation have
been conducted. Research has investigated the use of gestures [38],
touch inputs [46, 49, 62], and voice- or speech-based input [4, 11]
for programming. These studies demonstrate a consistent effort to
move beyond traditional text-based coding by leveraging different
interaction modalities to make programming more accessible.
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These studies demonstrate a consistent effort to move beyond
traditional text-based coding by leveraging different interaction
modalities to simplify and enhance the coding experience. The
advent of large language models (LLMs) marks another paradigm
shift in the way code is written. With capabilities for code gen-
eration and completion from natural language, LLMs have made
the long-envisioned concept of literate, unstructured, and natural
programming more feasible [8, 23, 65]. The use of LLM-driven code
assistants is transforming programming workflows, as developers
increasingly transition from writing code manually to critically
evaluating and refining Al-generated code [5, 37]. While the key-
board remains a central tool, advancements in computer vision
and speech recognition are expanding the possibilities of program-
ming, allowing for diverse and multimodal forms of code input
and manipulation [21, 48]. Among these modalities, sketching has
attracted significant attention as a flexible and expressive method
for generating code.

2.1 Generate Code from Sketches

Prior work has explored the transformation of sketches into code
to facilitate rapid prototyping and early-stage design. Tools like
SILK [25, 26] enable designers to sketch UI elements electronically,
turning them into interactive prototypes, thereby supporting flexi-
ble sketching and demonstrating the effectiveness of sketch-based
methods for generating functional Uls. DENIM [31] extends this
approach by offering a zoomable user interface that supports web
design sketches across multiple levels of detail, from high-level
site maps to specific page elements. Other tools, such as Eve [59],
provide a comprehensive sketch-based prototyping workbench
that facilitates transitions between low, medium, and high-fidelity
prototypes, ultimately generating executable code. More recent
approaches, like pix2code [7] and Microsoft’s Sketch2Code [24],
leverage deep learning and computer vision techniques to convert
GUI sketches into code for multiple platforms. Although these tools
demonstrate the utility of sketches in generating code, they pri-
marily focus on sketching the program output and transforming
them into code, rather than using sketches as a direct manipulation
method for editing code.

Further, these sketches often exist in separate mediums from the
code, and sometimes the code might not even be shown alongside
them [51]. This separation makes direct visual-to-code mappings
challenging [10] since code is inherently abstract without definitive
representation. This often results in sketches being transient, as
they are attempts to translate fluid visual representations into the
structured syntax required by code [56]. The temporary nature
of these sketches highlights the difficulty in maintaining a clear
mapping between visual sketches and syntactic code structures.
Arawjo et al. [3] introduced notational programming, which in-
tegrates small canvases containing handwritten notations within
code cells of computational notebooks, showing an initial effort to
merge sketches and code. However, this approach maintains only
an implicit connection between code and sketches, limiting explicit
linkage between handwritten symbols and their textual equiva-
lents. In contrast, our proposed concept, code shaping, goes be-
yond both notational programming and programming-by-example
approaches[39]. It enhances the linkage between sketches and code
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by allowing programmers to sketch directly on and around the code,
resembling a visual programming language. This enables visual
planning and referencing of future edits, fostering a more direct
and dynamic interaction between sketches and actual code.

2.2 Annotating and Planning Code with
Sketches

Programmers often use sketches, highlights, and external notes to
annotate code for better comprehension, resource tracking, progress
monitoring, and peer communication [34, 60]. Several systems have
been developed to support these annotation practices. For instance,
Synectic IDE [12] facilitates linking and annotating code files to as-
sist in programming tasks. However, for annotations to be effective,
they should be integrated directly into the code editor or positioned
close to the code to help programmers maintain their workflow [44].
Annotations lacking context from surrounding code can hinder un-
derstanding of their implications for future edits [34]. Systems like
Catseye have addressed this issue by enabling programmers to add
contextually linked annotations alongside the code editor, serv-
ing as a note-taking tool [22]. However, Catseye’s annotations are
limited to typed textual notes linked to code snippets, lacking the
flexibility offered by freeform sketches. Recent research in software
engineering has focused on developing integrated development en-
vironments (IDEs) that allow programmers to sketch directly on the
code editor for note-taking, such as CodeAnnotator [9] and Code-
Graffiti [29]. However, similar to the sketch-to-code approaches
discussed in Section 2.1, these sketches primarily serve as static
externalizations of users’ thoughts rather than interactive mediums
for code manipulation. Consequently, sketches and programs re-
main separate modalities with distinct affordances. This limitation
restricts the practical application of sketching on code to scenarios
involving code comprehension or collaborative discussions.

However, integrating sketch-based annotations for planning
code edits with subsequent code modifications presents significant
challenges due to the inherent nature of the program. First, the dy-
namic and interdependent nature of code means changes in one part
can have cascading effects across the entire codebase, complicating
the predictive power of annotations. Second, the code’s non-linear
nature, where functions, variables, and classes interact in complex,
non-sequential ways, requires annotations to account for these
intricate relationships. Third, the rigid syntax and structure of code
demand precise and well-integrated annotations, unlike the more
flexible and informal notes used in text editing. Despite these chal-
lenges, using sketched annotations for planning code edits could
play a significant role in software development [10]. Samuelsson
et al. investigated common sketches for standard code editor com-
mands, such as inserting or searching code [54]. However, they
only considered using sketches as replacements for common IDE
commands, similar to previous research using gestures to replace
keyboard shortcuts [49]. Our research, in contrast, explores the
potential of transforming these annotations into actionable com-
mands for code editing, allowing programmers to make annotations
and edits without constant context switching between code and
external spaces like canvases or paper.
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3 CODE SHAPING

The code shaping concept enables programmers to edit code using
freeform sketches directly on or around the code. This approach in-
cludes three core elements: a sketching canvas, a responsive code
editor, and an Al that interprets sketches to generate code edits.

In a code shaping session, programmers sketch their intended
modifications on an invisible canvas overlaid on the code. These
sketches can include arrows pointing to specific lines, pseudocode
defining a function’s structure, and annotations indicating desired
changes. The sketches can interact with any part of the code and out-
put in the console and graphical view. Once sketches are made, users
can press a button to prompt Al to interpret their sketches along
with the code. If the resulting code does not match the program-
mer’s intent, they can refine their sketches, creating an iterative
cycle of input and feedback. This feedback loop allows program-
mers to use sketches progressively and iteratively to shape how the
code should be structured, how it should flow, and how it should
function, guiding it towards the desired form and functionality.

In the following sections, we describe a series of three design
studies (stages) to develop a proof-of-concept system and interface
for the core code shaping interactions. The first stage examined
the types of annotations used in code shaping. The second stage
focused on exploring model interpretation errors and the strategies
programmers employed to address them. The final stage synthe-
sized prior stages’ insights, aiming to coordinate the interactions
when editing code, iterating with Al and sketching on the canvas.

4 STAGE ONE: EXPLORE SKETCHES

We developed a basic user interface to explore how participants
used sketches as actionable commands for code edits. We observed
and categorized participants’ challenges and sketch types, providing
foundational insights for the code shaping system’s development
in subsequent stages.

4.1 User Interface

For this stage, the user interface creates a
straightforward way to make free-form sketches
in the canvas layer to directly generate code ed-
its affecting the code layer while keeping the
Al layer hidden to the user. The interface sup-
ports typical free-form sketching tools, includ-
ing colour selectors, pens, erasers, and shapes
(Figure 2a-b). A text tool is available for conventional editing. Two-
finger panning and zooming navigate the code in the editor to
enable sketching at different levels of granularity. A pointer tool
can select strokes in the sketches. Pressing a “Generate” button
uses all annotations on the canvas, or only selected annotations, as
parameters for generating edited code (Figure 2c). The system rec-
ognizes free-form annotations on the code editor, utilizing GPT-40
to generate corresponding code. We render HTML content from
both the code editor and sketches onto separate canvases and em-
bed these canvas content into an SVG. This transformation process
includes handling CORS and tainting issues, adding grids to locate
annotations, and turning the code editor to grayscale to highlight
the sketches. The system then considers the annotations along-
side previous version history, including pictorial representations of
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Figure 2: Interface design from the rst stage. (a) Pen tool with color options for code annotation; (b) Canvas tools including
select, pan, pen, eraser, and other common shapes; (c) Al-powered Generate button for translating sketches to code edits; (d)
Run button executes Python code and displays results in the console output.

sketches, code snapshots, conversational context, natural language
inputs, and modi ed code outputs. The stored history was used
to contextualize model responses and maintain a comprehensive
context of the evolving codebase. After the code is generated, a
di erence algorithm is employed to only update the changed sec-
tions of the code4Q. The user can press a Run button to execute
the code, with text or image results shown in the console panel
underneath (Figure 2d). Programmers can annotate any output on
the console or graphical windows as part of their sketches. The
system incorporates these annotated outputs by transforming them
into separate canvases, embedding them as SVGs alongside the
code editor content, and encoding them for processing.

4.2 Participants, Tasks, and Procedure

We recruited 6 programmers (1 left-handed), aged 23 to 28, with

4 identifying as women and 2 as men. Participants were recruited

through convenience sampling and received $30 for completing Figure 3: The classi cation of sketched annotations from
the study. Based on a screening questionnaire, participants had 2-8 participants situated in a quadrant with two spectra, Abstract-
years of programming experience in Python and had used ChatGPT Concrete and Procedural-Functional.

or Copilot 3-12 times per week.

We developed three Python coding scenarios, each comprising
two tasks that required speci ¢ edits to achieve prede ned goals.
These scenarios spanned di erent programming paradigms: basic
object-oriented programming, functional programming for machine
learning, and declarative programming for data engineering. Each 4.3  Data Analysis
task provided participants with starter code requiring modi cations
in multiple areas. For instancecenario 2 involved extending a
class to handle categorical features in data points, necessitating
changes to existing methods for feature encoding and distance
calculations. All tasks were pre-tested to ensure that GPT-40 could
not immediately generate the correct code.

Participants were assigned 2 out of 3 scenarios that they were
most familiar with, as determined by their screening questionnaire.
Each scenario consisted of 2 tasks, and participants completed all
4 tasks (Xcenarios  2tasks each) within a total of 60 minutes,
spanning around 12 to 16 minutes per task. The order of scenarios
and tasks was pre-assigned, meaning participants completed all
tasks within one scenario before moving on to the next scenario.
The study was conducted in person using an Apple iPad Air (5th 4.4 Results
generation, 10.9-inch display) as the primary research tool. An ex-

perimenter was present throughout each session to observe and All but two participants completed the four assigned tasks; these
two participants did not completescenario2-task2 within the

document participant behaviours. Finally, a semi-structured inter-
view gathered qualitative data on participants' general experience,
challenges encountered, and suggestions for system improvement.

We conducted an inductive thematic analysis of participant-generated
sketches. This analysis incorporated observational notes, screen
recordings, transcribed think-aloud data, and interview notes. Sketches
were automatically captured in base64 format each time the gener-
ate button was activated, yielding 81 distinct screenshots. Of these,
7 were identi ed as duplicates and subsequently removed from the
analysis. We developed a codebook covering ve dimensions: Con-
tent (text, code, annotation, freeform), Approach (step-by-step, one-
time), CodeReference (parameters, targets), Purpose (functional,
procedural), and Form (concrete, abstract). All captured sketches
were veri ed and coded by researchers together. The results and
descriptions of each coding category are presented in Table 1.

4
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Category \ Subcategory  Description # Example
Content Text Written text or natural language instruction 11  impute missing value [...] [P3]
Code Written pseudo code or code syntax 23 defupdate_task [P5]
Annotation Symbols and annotations 31 circle, arrow, underline
Freeform Sketches or drawings without clear structure 9 line chart [P1]
Approach | One-Time Marked all possible changes before generating code edi®6  add due_date as an attribute and pointing arrow to the
written def sort function [P4]
Step-by-Step Decomposing tasks and generating code edits after ea@® Copied list_task function, generated, then edited it to be
subtask list tasks by due_date [P2]
CodeRef | Parameter Referencing code as a parameter to contextualize gendr2  Circled data and pointed to plot [P3]
ation
Target Reference to code as the target to be modi ed 28rossed out sampled data with (int, int) to (int, str) [P5]
Purpose | Functional Sketches express how the code should function 11 Sketching the sample processed output [P6]
Procedural Sketches express how the code should process orrun  S&tching the ow from variables, to one-hot encoding, to
distance metrics [P5]
Form Concrete Sketches with a concrete or syntactic form 31 text, pseudo code
Abstract Sketches representing the abstract attributes (semantidB  annotations, freeform sketches
meaning

Table 1: Types of sketches used in stage one were categorized, and the number being coded was indicated by # .

assigned time. There was a concern that experienced programmers 4.4.2 Types of Sketch&sserall, the sketches can be situated in

might be strongly biased toward typing code edits, which could
impact their experience with sketch-based code editing. However,
all participants appreciated the concept and expressed a willing-
ness to integrate it into their current programming work ow, as

it allowed them to think deeper about the cod@1] and focus on
higher-level planning[P6]. Participants used sketching to edit code
an average of 3 times per subtagk ( = 40). Each instance of
sketching often included multiple annotations, with some sketches

a quadrant with two spectrums (Figure 3bstract -Concrete

and Procedural -Functional . The Abstract -Concrete spec-
trum describes whether the annotations are abstract symbols or
graphs versus concrete written text. TH&rocedural -Functional
spectrum classi es the target of the annotations, ranging from pro-
cedural steps describing how the program should be structured to
functional descriptions specifying how the program should work.
Participants often combined these aspects, drawing graphs and

encompassing edits to several parts of the code. Early-stage codeadding arrows to refer to certain data attributes, specifying both

edits were primarily made through sketched annotations, but in
the later stages (12-13 minutes), edits occurred without sketches
suggesting the use of a keyboard or undo/redo mechanisms to re-
ne code. P2 and P4 explained that they resorted to the native
tablet keyboard for edits to handle low-level details, as the waiting
time for model interpretation could exceed ve seconds (in average

around 4-8 seconds based on the size of the codebase) in some cases

making manual code changes faster, thusuld rather do it myself
[themselves][P4].

4.4.1 General Workflowarticipants sometimes wrote higher-
level instructions rst when unsure about the solution but had

a rough idea of where the code edits should happen and what the
shape of the code looks like4]. After evaluating the edited code,
they then added annotations for lower-level code editing based
on their approaches in mind. We also observed two participants
gradually develop a personalized work ow for editing code with
sketches. P2 found that breaking down tasks into very low-level
details was ine ective and not necessary, while P5 emphasized the
need for smaller task pieces for better system understanding. This
di erence arose because P2 included precise code-like keywords in
their sketches, minimizing the need for further detail.

functional and procedural terms.

'4.4.3 Sketch as a Toéldditionally, we observed that participants

considered sketches as functional tools that could be reused, [

not just as transient digital ink drawings. All participants expressed
that they could use di erent sketches to achieve the same e ect,
choosing which sketch to use based on the environment, such as
available white space. They also reused their sketches to convey
the same e ect; for instance, an arrow used to insert a function into

a speci c line of code was reused by P3 to add another function.

4.4.4 Ambiguity of Sketches and Model's Transpar&heypri-
mary challenge was the ambiguity of participants' sketches. For
example, arrows were used inconsistently, sometimes indicating
context [P1] and other times denoting targets of changes [P4] (Fig-
ure 4a-d). The interpretation of these sketches often relied heavily
on surrounding code, leading to occasional misrecognition and mis-
interpretation. This necessitated an iterative re nement process.
However, this iteration became a signi cant source of frustration
for participants, largely due to the system's lack of transparency.
Participants rated the clarity of the e ect of their sketches on the
generated code poorly'8= = 3%5,( = 183, as well as the
ease of iterating on sketche83= = 4,( = 234, on a seven-
point scale questionnaire. Participants struggled with not knowing
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Figure 4: Sketches from stage one showing how participants employ arrows (

Yen et al.

I ) for di erent purposes, including command

(the intended action of operation), parameter (supplementing the command), and target (the area where the edit should occur);
(a) indicating procedural ow between commands; (b) referring to data attributes; (c) modifying a function, with the function
as the parameter to supplement the command; (d) applying changes to a target area.

where the code was being editg#], an unclear mapping between
sketches and the edited code, and why the model misinterpreted
their sketches. This is considered as interpretation error than recog-
nition error.

4.5 Summary

The results revealed that programmers utilized diverse sketching
techniques, necessitating an iterative re nement process due to
the inherent ambiguity of these sketches. However, the current
iteration process was hindered by the Al model's lack of trans-
parency, particularly in how it interpreted sketches and applied
code changes. To address this issue, we focused on identifying
potential misinterpretations of sketches by the Al model and ex-
ploring how programmers could recover from these errors in the
next stage.

5 STAGE TWO: MODEL INTERPRETABILITY

The second stage of our study focused on enhancing user control
over the model interpretation of sketches by providing di erent
types of brushes for sketching and adding feedback to convey the
model's interpretation of the sketches.

5.1 User Interface

The system was enhanced with three major fea-
tures to facilitate the above focus of our second-
stage study. Firscommand brushesere intro-
duced to allow programmers to convey their
intentions more precisely. For example, a re-
place brush can instruct the model to limit its
interpretation to replacing existing code with the
users' sketches (Figure 5a). Second, the underlying model interpre-
tation mechanism was modi ed to recognize, group, and interpret
sketches. The system groups semantically related sketch marks
each time the pen is lifted and provides reasoning for the actions
it interprets for each group (Figure 5b). These descriptions are dis-
played as tooltips next to each sketch group, allowing users to edit
the descriptions to re ne the interpretation or commit to executing

6

the actions. Third, an inline di view was added to the code editor,
enabling users to visualize code changes as staged edits and choose
to accept or reject these changes (Figure 5c).

5.2 Participants, Tasks, and Procedure

Six new participants were recruited through convenience sampling,
with all right-handed, 2 identi ed as women and 4 as men. All
participants had 3-6 years of programming experience in Python
and had used ChatGPT or Copilot 6-14 times per week. The same
scenarios and tasks were used with the same procedure and data
collection. We applied inductive thematic analysis to the observa-
tional notes, screen recordings, system logs, captured sketches, and
interview notes to identify common types of model interpretation
errors, the strategies participants used to recover from these errors,
and insights related to the model's interpretation.

5.3 Results

Four participants did not complete one of the four assigned tasks
from either scenario 2 or scenario 3. This incompletion was
acceptable, as our primary objective was to understand how par-
ticipants recovered from interpretation errors, rather than task
completion itself. We identi ed a total of 66 error and recovery
scenarios, categorized into six distinct error types (Table 2). Par-
ticipants employed six di erent repair strategies following three
major actions: rejecting/accepting code edits, or taking no action.

5.3.1 Feedback on Model Interpretatiost participants (5/6)
appreciated having an interpretation as a preliminary step before
code edits. They noted it is necessary when code changes went
wrong (5/6), when they were unsure about how the code should be
implemented (4/6), and when tasks required decomposition (2/6).
However, most of the time, they could rely on the code di view as
itindicates the model's interpretation, especially if their sketches in-
cluded pseudocode. They expressed that the interpretation feedback
should include the recognized items and text within the annota-
tion (6/6), the model's recognition of non-textual annotations and
sketches (5/6), suggestions for code edits (3/6), and the linkage
between sketches and code edits (2/6).
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Figure 5: The interface design from the second stage. (a) Command brushes used to steer Al model's interpretation, including
reference, delete, add and replace; (b) interpretation of sketches displayed as tooltips, programmers can click on the preview
(recognized sketches) and see the full description of Al's reasoning of actions; (c) programmers can click on the commit button
to execute the actions, edited code will be shown in di view and programmers can accept/reject it.

5.3.2 Common Errors and Strategies to Repéiall sketches, of code during interpretation. All participants used strategies such
232%required iterations due to model interpretation errors. Com-  as adding code targets and referencesrtmke sure correct code is
mon errors (Table 2) included mismatches between code imple- being used[P7] or only changing speci c area [of cod¢P8]. For
mentation and user expectations, incorrect interpretation before instance, P8 circled the DataProcessor class to ensure that new code
code edits, wrong recognition of sketches, no code edits being edits were implemented as methods within the class rather than as
made, incorrect scope of code changes, and wrong modi ed code standalone functions outside it.

syntax causing runtime errors. The most frequent error was code
mismatches, which were detected after code edits, P10 questioned
whether the error happenedecause my drawing was not clear
enough or my [written pseudocode] was not recognitieel second

5.3.3 Control Over Model Interpretatidviost participants (5/6)
did not nd control brushes particularly useful. Two participants
preferred interacting directly with the code editor rather than using
. ; . . speci ¢ brushes to constrain the Al model. They favoured simple
and third most common were incorrect interpretations of user ac- o .
. s . o . - arrows and cross-outs to indicate code replacements instead of
tions and recognitions, which participants could identify before . .
e di erent brushes. All participants found that sketches alone were
any code changes occurred. In these cases, some participants (4/6) . - . R
; : . . expressive enough to guide the Al model in correcting its interpre-
chose to re ne their sketches before generating the code edits, while .
- . . tation. For example, P10 added a numbered label to the pseudocode,
two participants occasionally still pressed the generate button, P11 . _— L .
- : . I str:, to indicate that the Al should prioritize interpreting that
explaining this due tonot knowing how should I re ne the sketches.
In most cases, participants attempted to repair errors by redraw- annotation rst . We observed that three participants
ing sketches. In two instances, they edited the code directly using tended to wait for the interpretation to complete before generating
the tablet's keyboard, in three cases they adjusted the interpretation, code edits tonot lose control over my [their] own code9].
and in four cases they used control brushes. However, participants
only used the control brush when redrawn sketches were still not
recognized. P9 explainedwould think that it's because of the recog-
nition error or code referencing error, then realize it's misinterpreting
what | want to do. Overall, these repair strategies can be cate-
gorized into three types: selection, instruction, and target. These
included adding textual instructions, adding annotations, removing
unnecessary sketches, rewriting pseudocode, adding code syntax,
and adding references pointing to other target code (Table 2). For
instance, P9 changed the written text frorhandle to def to
specify that the handling should be implemented in a new function.
Some participants redrew sketches to prevent new annotations
from obscuring the code when no sketches were detected, suspect-
ing that the sketches blended into the cdg@e1] This concern is
valid, as the system overlays the sketch layer on top of the code
layer in the pictorial form to associate sketches with speci c lines

5.3.4 Sketching, Correcting Model, and Editing Gdltipartici-
pants primarily attributed their frustration with iteration to the
need for contextswitching between the code editor and the can-
vas [P9]. The interface required a double-tap to enter or exit the
code editor for tasks such as accepting/rejecting code edits, undo-
ing/redoing actions, and performing manual edits (though these
were less common). Due to the dynamic nature of programming,
where each edit builds on previous modi cations, the frequent need
for interpretation and the requirement to accept or reject code edits
often disrupt participants' ow. Consequently, most participants
(5/6) preferred to complete all sketches rst and then use the gen-
erate button as a clear boundary between debugging and sketching
modes, avoiding repetitive context switching.

This context switching also involved changing mental models
and using di erent input modalities, leading to errors. For example,
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Table 2: Results from stage two showing Al interpretation error types and corresponding participant repair strategies.

ERRORS REPAIR STRATEGIES
Type Description # Action Type Description # Example
Code code does not match intended . Add Code specify target of code
. . . 25 Reject 15
Mismatch implementation Target changes

Code Error  contains syntax or logical error 3 Add Code add con_text for 11
Reference generation

. Preci rewrite text or redr
No Changes  no code changes being made 7 euse. ewrite .ex or redraw 11
Annotation annotations

Wrong

Action Inter- interpret the action wrong 14 Add Pseudo add code syntax or 19
. before generate code edits Code symbols

pretation

Wrong Scope incorrect code range edited 4 Accept Next Round accept code ?d'ts then 4

of Change annotate again

Wrong . . generate code again

Recognition recognize the sketches wrong 13 No Action Regeneratewithout modifying sketch

some participants (3/6) frequently selected the wrong tools due identi ed, we introduced an always-on feedforward mechanism
to overlapping semantic meanings, such as P11 using the eraser through subtle visual cues. This approach allows programmers to
to delete code or the pointer to select code. These ndings high- iterate more quickly without delving into code details. Additionally,
light the importance of enabling interactions with the code editor  to reduce the cognitive load of switching between layers, we devel-
through the canvas layer, e ectively translating certain canvas  oped unique gestures that enable users to interact directly with the

layer interactions into actions within the code editor layer. code editor through the canvas.

5.4 Summary 6.1 User Interface

While feedback on Al interpretations added value, the method used Unnecessary GUI elements were removed to
in this stage disrupted the programmers' ow. The goal of code keep the interaction focused on sketches. The
shaping is to allow programmers to edit code structure through button for sending sketches and code to the
sketches, rather than engage in low-level code editing or prompt model was renamed Commit to make it clear
engineering for the Al system. The control brushes did not per- that a change will be applied to the code. Only
form as expected; participants preferred re ning their sketches by this button and the Run button were retained
adding more code references or employing code syntax to shape the in the GUI, as participants preferred having ex-

outcome. This tendency can be linked to the cognitive dimension plicit controls for these actions rather than relying on implicit

of premature commitmerforcing programmers to make decisions gestures. We open sourced the code for this stage at https://github.
too early [15, which con icts with the iterative nature of code com/CodeShaping/code-shaping, including all the prompts used.
shaping. The ndings underscore that the key to facilitating code
shaping is an interaction design that minimizes the conceptual
layers between the code editor and the sketching canvas.

6.1.1 Ink and GestureBased on insights from the previous two
stages, we classi ed common interactions during code shaping into
ve key categories: navigating the canvas and code, undoing and
6 STAGE THREE: TOWARDS RECONCILING L 2ot o e e ing and rejecing code changes, and
SKETCHES, Al, AND CODE creating free-form sketches (Table 3). Multi-touch gestures were
To bridge the conceptual gap between interacting with the code  assigned to system-level interactions, such as panning for naviga-
editor and the canvas, the user interface was modi ed in two key tion and two- or three- nger double-tapping for undo and redo
ways. Insights from the previous stage suggested that unnecessary actions. Selecting items on the canvas or within the code editor
code changes could be minimized by con rming interpretations  was di erentiated by the duration of a single touch: a single tap
before generating edits. Building on the types of interpretations  for canvas items selection (Figure 6a) or a long press followed by
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Figure 6: The interface design from the third stage. (a) programmers can use one nger tap and drag to select items on canvas;
(b) tap longer and drag will select code with contextual menu beside; (c) the always-on feedforward interpretation showing the
interpretation of sketches or text, the reasoning of action, and the related code; (d) the gutter will be decorated to indicate which
code being referenced and which code will be a ected; (e) the related code syntax will be highlight transiently; (f) programmers
can commit the changes and (g) draw check/cross to accept/reject code edits.

dragging for code selection (Figure 6b). Contextual action buttons,

lower right of the screen. This adjustment allows users to occlude

such as delete and copy, are displayed next to the selected codethe interpretation with their hands while sketching, minimizing

or within the selection box of canvas items, allowing for quick
access to common actions. We implemented unique stroke gestures
for accepting or rejecting code edits using the $1 unistroke rec-
ognizer [66 to detect check £ ) and crossé ) marks (Figure 6f).
The Google Cloud Vision APl was employed for robust recognition
of handwritten text, enhancing the system's ability to interpret
written pseudo code or textual instructions.

6.1.2 Always-On Feedforward InterpretatiBuilding on insights
from the second iteration, we focused on providing only three essen-
tial types of interpretations that users truly needed: (1) recognizing
how the model interpreted written text, code, and annotations (Fig-
ure 6¢); (2) describing the code editing action inferred by the model;
and (3) indicating the code context by highlighting relevant pa-
rameter code, displaying blue vertical line glyph decorations, and
marking potentially a ected code areas withla icon beside the
line number on the glyph (Figure 6d). To identify the relevant code,
we traversed the abstract syntax tree (AST) to dynamically high-
light code syntax related to the user's input. The interpretation
process is triggered 500 milliseconds after the user stops sketching,
ensuring timely feedback while minimizing disruptions (Figure 6e).
The average latency between the input request and the complete
output measured from the second study is approximat2I§7 sec-
onds (= 1"45. However, since interpretations are generated in
real-time as users are sketching, it is possible for the system to pro-
duce correct results even before all annotations are fully completed.
We implemented a cascade interpretation approach, sequentially
processing pen or touch input, prede ned gestures, text and shape
recognition, code edit action reasoning, and a ected code analy-
sis. This approach enables programmers to adjust their sketches
concurrent with system evaluation, rather than waiting for the
nal step. These feedforward interpretations were not directly dis-
played on the canvas or situated within the code but were instead
ambiently presented, updating on the y to o er guidance when
needed. To enhance usability, especially for right-handed users, we
repositioned the interpretation text from the upper right to the

interference with their work ow.

6.2 Procedure and Data Analysis

We recruited six new participants for this study, including ve right-
handed individuals, four of whom identi ed as women and two
as men. They had between 2-8 years of programming experience
in Python and used ChatGPT or Copilot 4-12 times per week. We
reused the same setup and tasks to ensure consistency in our results
across studies. We added several system logs for gesture recognition
and recorded input images, which served as parameters for the
always-on feedforward interpretation. We collectd@7sketches,

48 of which were recorded when participants hit the Commit
button. We employed inductive thematic analysis to examine all
collected data, including sketches, system logs, video recordings,
observational notes, and transcribed interview audio recordings.
The iterations were de ned by the accomplishment of subtasks that
participants themselves decided upon and decomposed from the
main study task's goal. We then categorized the common ow of
actions within these iterations.

6.3 Results

The analysis revealed several themes that shaped participant expe-
riences.

6.3.1 Flow of Action¥Ve identi ed seven common action ows
among participants, highlighting patterns in how they navigated
between sketching, code editing, and reviewing interpretations
(Table 5). These ows generally followed a sequence that can be
counted as a full iteration:
Sketch! t Interpret’! Generatd * Run Codé
I Accept/Reject Re-Sketch/Undo/Redo

Some of these ows were also observed in the previous stages but
were more pronounced in this stage. Participants appeared more
aware of their work ows, especially during interviews when recall-
ing their processes. This contrasts with earlier iterations, where
participants often expressed uncertainty, such aspefully the
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