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Abstract
Generative AI is increasingly used in learning environments, but
most systems focus on generating responses rather than supporting
interaction. This limitation is especially important for blind and
visually impaired (BVI) learners, who rely on non-visual ways to
navigate and understand programming tasks. We present findings
from a co-design study with BVI high school students exploring ex-
pectations for AI assistants in expressive computer science learning.
Participants described how AI could support accessible interaction,
guide learning, and empower learner agency. We derive two de-
sign principles for inclusive AI assistants: (1) situated multimodal
interaction and (2) scaffolded iterative interaction. These principles
shift the focus from adapting outputs (e.g., audio) to designing in-
teractions that support how learners navigate and engage in the CS
learning context. Our work highlights the importance of interaction
design in accessible AI and the value of involving BVI learners in
the design of AI-powered educational technologies.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI); Systems and tools for interaction design; Accessibility; •
Applied computing→ Education.
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1 Introduction
Generative AI systems are increasingly integrated into learning
environments, supporting tasks such as coding assistance [8, 15]
and feedback generation [23, 34]. However, current LLM tools are
primarily designed as response generators [1, 32], offering limited
support for interaction-level needs such as navigation and con-
textual awareness. This results in a mismatch with how dynamic
learning unfolds in practice, where learners engage in iterative,
multi-step workflows. This gap is especially significant for blind
and visually impaired (BVI) learners, who rely on structured, non-
visual interaction through screen readers, keyboard navigation,
and spatial descriptions. While accessibility is often approached as
adapting output modalities (e.g., audio or Braille), less attention has
been paid to how AI supports interaction in non-visual learning en-
vironments. To address this gap, we conduct a co-design study with
BVI high school students in an expressive programming environ-
ment. We ask:What design considerations emerge when co-designing
AI assistants with BVI learners in CS learning environments? This
paper makes two contributions: (1) We derive key challenges and
expectations for AI assistants through co-design with BVI learners.
(2) We synthesize these findings into design principles that position
accessibility as an interaction-level design problem that supports
how learners navigate, understand, and engage with programming
tasks.

2 Background and Related Work
2.1 Human–AI Interaction in CS Learning
Generative AI (GenAI) systems are increasingly used to support
coding tasks such as code generation, explanation, and debugging
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[15, 22, 23]. These tools can reduce cognitive load and support prob-
lem solving (e.g., editable prompts) [13], but also raise concerns
about overreliance and reduced critical thinking [2, 21, 35, 43]. Prior
work highlights the importance of interaction design in shaping
learning outcomes, including AI-assisted debugging[5, 10, 28], and
teachable agents [30]. However, most prior work focuses on general
CS learning contexts and uses AI systems primarily as response
generators [24, 27]. Less attention has been paid to interaction-
level support, such as navigation support and contextual awareness.
While recent studies in accessibility have explored improving AI
responses in terms of precision, interpretability, and contextual rel-
evance [3, 11, 19, 38, 47], these approaches remain underexplored in
CS learning settings, particularly in non-visual interaction contexts.
This gap motivates the need for design-oriented approaches that
examine how AI assistants can support real learning workflows for
BVI learners.

2.2 Accessibility in AI for BVI Learners
BVI learners face persistent challenges in CS education, where
visual representations such as diagrams are often inaccessible [29,
45]. While digital platforms provide features such as screen reader
support and audio descriptions, many CS learning tools still lack
sufficient accessibility, limiting their usability for BVI students
[14, 17]. Prior work has explored accessible programming tools,
AI-supported interfaces, and multimodal interaction techniques [6,
7, 20, 36, 37, 48], as well as context-aware AI systems for navigation
and workflow support [18, 26, 39]. Other studies examine how AI
supports information retrieval for curriculum alignment [4, 12, 46].
However, support for BVI learners in CS learning remains limited,
with ongoing challenges in AI integration and assistive technology
(AT) compatibility [16, 48]. While prior work explores accessibility
features and AI-supported interfaces, fewer studies examine how
these systems support interaction-level workflows in CS learning
contexts. This gap is especially critical in CS classrooms, where
non-visual interaction plays a critical role. To address this gap,
we engage BVI learners in co-design to explore their needs in an
AI-assisted programming context and derive design insights for
inclusive human–AI interaction.

3 Method: Context and Study Design
We adopted a co-design approach to engage BVI learners in shap-
ing AI assistant design, enabling us to capture situated needs and
accessibility challenges [9, 17, 41, 42]. The study was conducted
using the EarSketch expressive programming environment (Fig-
ure 1), a widely used CS learning tool with over 1.5 million learners
that teaches Python and JavaScript through music [31]. EarSketch
provides an expressive learning context where users engage in
iterative workflows combining coding and creative exploration,
making it a specific setting to examine interaction-level AI support
in non-visual learning environments. Although EarSketch does not
include generative AI features, it provides a baseline environment
for examining how AI can be integrated to support interaction
within existing learning workflows.

Figure 1: Overview of the EarSketch web client interface.
Learners search for sounds using the Sound Browser (left),
write code in theCode Editor (bottom), and play their projects
through the Digital AudioWorkstation (top), while accessing
the Curriculum (right).

ID Vis AI G AT
BS1 LV Heard NB Mag
BS2 Blind Some F Braille
BS3 LV Freq M Mag
BS4 LV Some F Fusion
BS5 Blind Some M SR

Table 1: BVI student participants. LV = low vision; G = gender;
SR = screen reader, AT = assistive technology

We recruited five BVI high school students (three low-vision,
two blind) with prior experience using EarSketch through the Mi-
crosoft TEALS curriculum 1. Students used assistive technologies
including screen magnifiers, Fusion (JAWS/ZoomText), or Braille
keyboards. Two teachers (math and CS/TEALS) participated as con-
textual stakeholders to provide insight into classroom practices and
AI use. Before the workshop, we administered a short pre-survey
to teachers to understand students’ programming practices and
AI use in the classroom. We then conducted co-design sessions
using speculative design and role-play activities to explore learners’
expectations for a generative AI assistant in EarSketch. Table 1 sum-
marizes participant demographics, two teachers also participated
to support the co-design sessions and provide contextual insights.

We conducted a multi-stage qualitative analysis combining the-
matic coding and affinity mapping [33] of workshop transcripts,
student artifacts, and researchers’ field notes. An initial AI-focused
codebook was developed using a mixed inductive–deductive ap-
proach [33]. Themes derived from affinity mapping closely aligned
with those identified through coding, further supporting the con-
sistency and reliability of the analysis. To assess coding reliabil-
ity, three researchers independently coded a subset of 207 quotes,
achieving strong agreement (Fleiss’ 𝜅 = 0.83). Disagreements oc-
curred on 6 instances (2.9%). Remaining disagreements were re-
solved through discussion and minor refinements to the codebook.

4 Themes and Findings
4.1 Context-Aware Multimodal Interaction
Participants emphasized that AI assistance should be context-aware,
aligning with a learner’s situated task [25, 40, 44], interface state,
and curriculum context. Participants also noted that limited-modality

1https://tealsk12.github.io/2nd-semester-introduction-to-computer-science/
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feedback (e.g., text-only responses) is insufficient for BVI learners,
highlighting the need for multimodal interaction that supports
non-visual navigation.

4.1.1 Context-Aware Curriculum Guidance. Students valued AI
support that aligns with the curriculum (e.g., unit goals, lesson
objectives) rather than producing generic responses. Participants
suggested that AI should reference instructional materials, iden-
tify misconceptions, and provide targeted examples that connect
to ongoing lessons. As BS3 explained, “it matters where the AI is
getting its information from. It should understand the curriculum and
summarize it, ‘According to the curriculum. . . ’ so then later students
get verified information rather than random outputs.” Others (BS1,
BS4) expressed that AI should act as a tutor by identifying mis-
conceptions, referencing relevant concepts, and offering targeted
examples rather than finished solutions. As BS3 noted, "AI should
be able to dig deeper into specific areas and provide examples, just
like a good tutor would.”

Participants also highlighted the importance of context-sensitive
guidance within EarSketch. Students suggested that AI assistants
could provide code-aware debugging suggestions, explain program-
ming concepts within the context of the current project, and support
accessible navigation of the interface. For example, BS5 noted that
“it would be helpful in debugging... It would be cool to have an LLM
read the screen and provide information about screen context.” Teach-
ers expressed concern that current tools lack contextual awareness.
Teacher BT2 discussed how an AI can feed on itself and degrade
in quality: "(AI in a CS class) is probably not gonna eat itself enough
that it can’t explain dictionaries anymore. But who knows? I think
that it still has a long way to go as far as being able to contextualize
information."

4.1.2 Multimodal Interaction. Students BS3 described using voice
interaction to explore interface elements, request debugging assis-
tance, and locate information within the coding workspace. Learn-
ers used voice queries such as asking what elements were located on
different parts of the interface or requesting playback from specific
measures. “It can describe photos, which is great for visual learners
and screen readers. I use AI voice (Google AI studio) to locate code,
offer suggestions, debug, and navigate websites.” Students valued
integration of voice, keyboard shortcuts, and accessible text editor
positions. They used voice to build spatial awareness of the UI (e.g.,
“what’s on the left side?”), request control playback (e.g., “play
measure 10”), and receive precise feedback about where changes
occurred.

Students (BS3, BS5) also emphasized the need for non-visual
spatial references when interacting with AI systems. For example,
BS3 described the use of voice interaction to explore the elements of
the interface and understand the structure of the workspace: “Voice
feels more natural, like talking to a real person.” This interaction
helps learners to articulate problems more naturally and supports
real-time reasoning during coding tasks. Instead of cursor-based
references, students preferred clear structural location descriptions
aligned with the programming environment. As BS4 noted, “Non-
visual students don’t use cursors — say the measure, track, and time.”
These interaction observations helped learners maintain awareness
of where changes occurred within their projects and supported
independent navigation in EarSketch.

4.2 Scaffolded Human–AI Collaboration
Participants expressed a desire for AI assistants in EarSketch to
provide teacher-like support while preserving learners’ agency in
the creative and problem-solving process. Rather than acting as an
answer generator, participants described AI as a “thinking partner”
that supports navigation, concept understanding, and debugging
while allowing learners to construct coding solutions themselves.
Their ideal interactions with an AI within creative learning en-
vironments require scaffolded interaction structures that support
problem-solving processes while empowering learner agency.

4.2.1 Prompting and Debugging. Participants highlighted the im-
portance of scaffolded interactions that help learners articulate
problems and reason through solutions. Teacher BT1 emphasized
that effective prompting is an important part of learning how to
collaborate with AI. For example, weak prompts such as “What is
this?” provide little learning value, while structured questions such
as “What Python concept should I use to make this repeat?” help
students share their intent and receive more meaningful guidance.

Students also noted that AI explanations sometimes misalign
with their level of understanding. For example, student BS2 de-
scribed receiving explanations that were too complex for novice
learners, suggesting the need for adjustable explanation levels that
match students’ current knowledge. "I understood it, but I wasn’t
sure if my friend would. I could have asked it to explain it more sim-
ply.” At the same time, participants valued AI’s ability to encourage
exploration. As student BS3 noted, AI sometimes introduces new
ideas that teachers may not always have time to explore in depth.
BS3 added that they "would rather get new concepts from AI because
they give more encouragement at the expense of efficiency... in ways
a teacher might not always have time for.”

Participants also preferred debugging interactions that follow a
scaffolded dialogue structure. Instead of immediately applying fixes,
they suggested that AI should first help localize the issue, explain
the cause in plain language, and then offer possible solutions before
applying changes. For example, students (BS2, BS3) preferred pre-
cise pointers as feedback such as: “On line 13, the variable drm_loop
doesn’t exist, did you mean drum_loop?” followed by an option to
apply the correction. This explain-first approach supported both
conceptual learning and independent problem solving.

Teacher BT1 further noted that BVI learners often develop com-
putational thinking skills as they learn to navigate assistive tech-
nologies, meaning that instructional support must scaffold both
programming concepts and interaction with tools: "It’s also true
that a lot of that has to happen at the same time...they’re learning
how to use a computer to a different capacity when they’re learning
to code as well.

4.2.2 Agency and Overreach in Human–AI Collaborative Learning.
Participants emphasized that AI should support, rather than replace,
human-centered learning interactions. Students described how peer
discussions often provide diverse strategies and encourage deeper
understanding, while AI tends to provide more standardized re-
sponses. As BS4 noted, peers often explain how they arrived at a
solution rather than simply providing an answer. “ Peer support
is less get straight to the fact, they share their experiences and how
they got to something”. Student BS5 also added, "Talking to people
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your own age can be helpful. They can share how they approached
the material, which might inspire you to try something similar, adapt
it in your own way, or take a completely new path."

Teacher BT1 similarly highlights the value of peer learning: “In
computer science, there’s a strong emphasis on efficiency, but in learn-
ing, inefficiency is fine... I’d often prefer to learn a new concept from a
peer rather than AI, because AI might skip foundational ideas.” In this
context, participants suggested that AI should adapt to different
roles during collaboration with accessible signifiers, for example,
acting as a brainstorming partner during early creative exploration
and as a tutor during skill-building tasks.

Students explained that an AI that provides complete solutions
constitutes pedagogical overreach, diminishing learners’ creative
control and learning. As BS5 explained, “Would you want AI to
give you the entire song? No. You won’t learn anything.” Similarly,
BS4 noted that “AI autofill of any kind could be as problematic as
autocomplete.” Teacher BT1 emphasized that AI should be used as
a supplement rather than as an authoritative source, encouraging
students to use AI to generate ideas rather than code: “I worry
about AI replacing learning instead of enhancing it. Sometimes it spits
out examples that are too close to the answer, and students miss the
opportunity to engage with the problem-solving process.”

Beyond pedagogical overreach, participants raised concerns about
the boundaries of AI assistance, including privacy and sensitive
information. They emphasized that AI should clearly communi-
cate its limits and use safeguards to maintain learner control. As
BS3 suggested, “AI should warn against sensitive requests and rec-
ognize private information automatically. For example, if someone
asks, ‘What’s my username?’ the AI should respond, ‘I’m sorry, I can’t
share that.’”

5 Design Principles for Accessible AI Assistants
Building on our analysis, we synthesize these findings into design
principles for accessible AI assistants in learning environments. Our
results point to a shift from response-level support to interaction-
level design. Instead of only providing alternative outputs (e.g.,
audio or Braille), AI emerges as an interaction layer that supports
navigation, understanding, and workflow in non-visual program-
ming. While situated in the EarSketch context, these principles
reflect broader interaction patterns and extend to accessible AI-
supported learning systems beyond a single platform, with impli-
cations for more inclusive learning environments. Together, they
capture complementary aspects of interaction design: how AI pro-
vides context-aware support (Principle 1) and how it structures the
learning process over time (Principle 2).

Principle 1: Situated Multimodal Interaction AI assistants
should provide guidance aligned with the learner’s goals, code state,
and interface context. Instead of generating generic responses, sys-
tems should offer feedback that reflects ongoing tasks and support
accessible interaction for diverse learners (e.g., screen-reader). This
is particularly critical for BVI learners, who rely on non-visual in-
teraction to navigate and understand programming environments.
Such support helps learners understand both the structure of the
environment and how their actions relate to ongoing tasks.

Principle 2: Scaffolded Iterative Interaction AI assistants
should support scaffolded collaboration rather than provide one-
time answers. Systems should guide learners through iterative cy-
cles of problem solving by localizing issues, explaining underlying
concepts, and refine their approach step by step. This interaction
maintains student agency and supports accessible workflows for
programming tasks. Such behavior can be supported through inter-
action design strategies (e.g., prompting) that guide step-by-step
reasoning and iterative refinement.

6 Conclusion and Future Work
We present findings from a co-design study with BVI learners, iden-
tifying key interaction needs for accessible AI-assisted CS learning.
We contribute two design principles that shift the focus from output
adaptation to interaction design. Although drawn from an EarS-
ketch case study, these findings suggest implications for broader
accessible AI-supported learning environments. This work suggests
accessibility in AI as an interaction design challenge, complement-
ing a focus on AI outputs and shaping how learners engage with
and make sense of complex tasks. Future work will develop and
evaluate an accessible AI assistant in real-world classroom settings.
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6.1 Selection and Participation of Children
This study involved five blind and visually impaired (BVI) high
school students and two teachers from the Washington School for
the Blind. Students had varying levels of visual acuity and prior
experience with assistive technologies such as screen readers. Par-
ticipants were recruited in collaboration with school teachers to en-
sure accessibility and equitable participation. All activities were de-
signed to be inclusive, allowing the use of screen reader–compatible
materials, verbal instructions, and flexible formats. Sessions were
conducted with accessibility support (e.g., screen readers, Braille
displays, and magnification tools), with two teachers present to
support the learning environment. Participation was voluntary,
with informed consent obtained from students and their parents.
Participants were informed about the study purpose, procedures,
and their right to withdraw at any time. The study was approved
by the Institutional Review Board (IRB) at the Georgia Institute of
Technology, and all participants received appropriate compensa-
tion. After the co-design sessions, we will maintain contact with
participants and conduct a follow-up co-design evaluation in Sum-
mer 2026. Study findings will be shared in accessible formats with
participants, educators, and the school community during these
sessions. We collected observation notes, student artifacts, and au-
dio recordings of teacher interviews during the co-design activities.
No personally identifiable information was recorded. All data were
stored securely and handled to ensure privacy and confidentiality.
The co-design approach enabled participants to contribute to the
design of AI tools for CS learning and to inform the development
of accessible and inclusive learning environments.
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