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Figure 1: System workflow of RAVEN, an interactive tool that enables BLV users to adapt 3D scenes through conversational 
natural language. The figure illustrates an example interaction: (A) A low-vision user types, “Make the sign with the text much 
bigger.” (B) The system combines semantic scene data with a runtime code-generation LLM to translate this request into an 
accessibility-enhancing modification. (C) The generated code is compiled and executed in real time, while the system also 
provides a spoken response confirming the change. 

Abstract 
As virtual 3D environments become more prevalent, equitable ac-
cess is essential for blind and low-vision (BLV) users, who face chal-
lenges with spatial awareness, navigation, and interaction. Prior 
work has explored supplementing visual information with auditory 
or haptic modalities, but these methods are static and offer limited 
support for dynamic, in-context adaptation. Recent advances in 
generative AI allow users to query and modify 3D scenes via natural 
language, introducing a paradigm that offers greater flexibility and 
control for accessibility. We present RAVEN, a system that enables 
BLV users to issue queries and modification prompts to improve 
the runtime accessibility of 3D virtual scenes. We evaluated RAVEN 
with eight BLV people and six Unity developers, generating em-
pirical insights into how conversational programming can support 
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personalized accessibility in 3D environments. Our work highlights 
both the promise of natural language interaction—intuitive, flexible, 
and empowering—and the challenges of ensuring reliability, trans-
parency, and trust in generative AI–driven accessibility systems. 
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1 Introduction 
Virtual 3D environments have become pervasive, supporting a 
diverse range of applications such as interactive gaming, social 
networking, and education. These immersive spaces enable rich in-
teractions, offering users a sense of presence and spatial exploration 
previously inaccessible in traditional media [12, 47]. However, with 
their increased adoption arises the imperative of ensuring inclusive 
and equitable access, particularly for blind and low-vision (BLV) 
users who encounter challenges in spatial understanding, naviga-
tion, and object interaction in these environments [84]. s To address 
these challenges, prior work proposed tools that modify or sup-
plement visual information using alternative modalities, such as 
audio descriptions [30], haptic feedback [38, 94], and enhanced 
visual effects tailored for low vision [95]. Systems like SceneWeaver 
[5] offer users greater agency over when and how to consume 
scene descriptions. Commercial platforms have also adopted acces-
sibility features—such as high-contrast display modes and spatial 
audio—to accommodate BLV players in mainstream video games 
[7, 64]. These methods allow BLV users to utilize pre-defined tools 
to enhance the accessibility of a virtual 3D environment. 

However, current approaches to accessibility share a fundamen-
tal limitation: they are predominantly developer-driven and static, 
such as fixed mappings for color changes or auditory overlays, and 
may not align with the nuanced and evolving needs of individual 
users [21]. Moreover, they often require users to learn specific con-
trol mappings or adjust settings in non-intuitive ways, leading to 
a steep learning curve while offering limited support for dynamic, 
context-specific adaptation. 

Recent advances in generative AI (GenAI), particularly large 
language models (LLMs), open possibilities for more flexible and 
conversational interaction. LLMs have been increasingly applied to 
accessibility tasks such as querying images [1] and runtime scene 
editing [39], suggesting the potential for users to directly query 
and adapt 3D scenes through natural language, bypassing rigid 
developer-defined workflows and expanding user agency. 

Motivated by this potential, we present RAVEN, an interactive 
system that empowers BLV users to engage with 3D scenes via 
natural language interaction. RAVEN supports both querying (e.g., 
“What’s around me?”) and accessibility-related modifications (e.g., 
“Make the table brighter” or “Move the bench closer”). It integrates 
LLMs with semantic scene data and runtime code generation to 
apply changes at runtime, while providing spoken responses to 
user queries. Interaction is iterative, enabling users to refine modi-
fications through follow-up prompts in a dialogue-like flow. 

We evaluated RAVEN with eight BLV participants in a user 
study including three interactive scenarios: a guided tutorial, struc-
tured tasks, and free exploration. The scenarios and study tasks 
were designed around six accessibility categories drawn from prior 
work. Participants engaged in conversational interactions to tailor 
scenes according to their accessibility preferences, offering quan-
titative feedback on usability and qualitative reflections on their 
experiences. Findings reveal critical insights into the potential and 
limitations of generative AI-supported interactions, highlighting 
both opportunities for enhanced accessibility and challenges with 
trust and reliability. We also conducted a preliminary study with 

six Unity developers to evaluate the system’s usability from a de-
veloper perspective, yielding insights into its learnability, overall 
usability, and opportunities for improvement. 

In summary, our work contributes: (1) the design and implemen-
tation of RAVEN, a GenAI-powered system for real-time, natural 
language-driven querying and modification of 3D environments 
for accessibility, and (2) empirical insights from a study with eight 
BLV users and a preliminary study with six Unity developers, high-
lighting interaction strategies, usability, and challenges that inform 
future LLM-based accessibility tools. Our work demonstrates the 
importance of flexible, intuitive, and contextually adaptive accessi-
bility in virtual environments. 

2 Related Work 
We review prior work on accessibility in virtual 3D environments 
for BLV people, survey how generative AI has been used to enhance 
access across contexts, and examine runtime generative tools for 
virtual 3D scenes that inform our system’s capabilities. 

2.1 BLV Accessibility in Virtual 3D 
Environments 

For the context of this work, virtual 3D environments are computer-
generated three-dimensional spaces that may be displayed on PCs, 
mobile devices, or immersive VR headsets. Early efforts created 
bespoke virtual environments for BLV users [4, 30, 63, 76], for 
activities including rehabilitation and orientation training pro-
grams [70, 77] and specific experiences such as boxing [25], rac-
ing [29], and table tennis [41]. While these systems demonstrate 
feasibility and value, their design assumptions often limit general-
izability beyond the particular contexts for which they were built. 

To broaden access in general-purpose 3D spaces, researchers 
have explored substituting visual information via audio and haptics. 
Guerreiro et al. articulate a design space for auditory substitu-
tion in virtual environments, providing a theoretical framework 
for cue design [33]. Commercial haptic hardware, however, typi-
cally lacks the spatial resolution to convey rich scene structure, so 
haptics is commonly paired with audio [5, 56] or requires custom 
devices [77, 89, 94]. A growing thread emphasizes agency and free 
exploration. Canetroller provides an auditory-haptic “white cane,” 
enabling transfer of real-world cane skills into VR for learnable ex-
ploration [94]. NavStick supports surveying surroundings through 
a gamepad thumbstick with auditory feedback, improving mental-
map accuracy over menu-based baselines [56]. SceneWeaver gives 
users control over when and how to receive descriptions, increasing 
exploratory agency [5]. This body of work shows how auditory 
and haptic feedback can help BLV users understand and navigate 
3D scenes. 

For users with residual vision, enhancing the visual modality 
itself can be effective. SeeingVR demonstrates how magnification, 
contrast enhancement, recoloring, and related tools help low-vision 
users complete tasks more quickly and accurately [95]. 

Many of these ideas have influenced commercial games, which 
now include accessibility settings such as navigation assistance, 
combat audio cues, and high-contrast modes [7, 64], offering evi-
dence of long-term learnability and adoption. 
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Despite these advances, most approaches remain developer-
defined and static: substitutions (e.g., auditory cues) and modifica-
tions (e.g., color mappings) are predetermined and may not track 
the diverse, evolving needs of BLV users [21]. They can also impose 
learning burdens through mode switches, keybindings, or complex 
settings, which is especially challenging for newcomers [44, 51]. To 
our knowledge, RAVEN is the first system to enable BLV users to 
query and modify virtual 3D scenes at runtime via natural language, 
shifting control from developer-defined presets to user-directed, 
in-situ adaptation. 

Despite these advances, most approaches remain developer-
defined and static: substitutions (e.g., auditory cues) and modifica-
tions (e.g., color mappings) are predetermined and may not track 
the diverse, evolving needs of BLV users [21]. They can also impose 
learning burdens through mode switches, keybindings, or complex 
settings, which is especially challenging for newcomers [44, 51]. 

We also build on a prior non-archival ASSETS demo that pre-
sented an early prototype based on our work [15]. That demo 
introduced the idea of using LLM-driven runtime modifications in 
Unity and reported preliminary results, but it did not include the 
full analysis of the BLV user study or the developer study reported 
here. In this paper, we substantially extend that prototype by (1) 
fully specifying the system architecture and prompt-engineering 
framework (section 3.3.1-section 3.3.6), (2) deriving and document-
ing accessibility rules and categories from BLV literature, and (3) 
contributing two new empirical evaluations: a three-scene study 
with eight BLV participants and a preliminary usability study with 
six Unity developers. We therefore treat the demo as an early proof-
of-concept and this paper as the first archival presentation of the 
complete system and its evaluation. 

To our knowledge, RAVEN is the first system to enable BLV 
users to query and modify virtual 3D scenes at runtime via natural 
language, shifting control from developer-defined presets to user-
directed, in-situ adaptation. 

2.2 Generative AI for Visual Accessibility 
Generative AI (GenAI) tools have increasingly supported BLV users’ 
everyday access needs, including real-world scene understanding [8, 
17], navigating digital interfaces [42], visual authoring [18], and 
professional productivity [62, 71]. These systems leverage natural 
language as an intuitive control channel and adapt responses to 
context and user goals. For example, Savant allows users to control 
screen readers conversationally, reducing dependence on complex 
shortcut vocabularies and lowering workload [42]. WorldScribe 
provides real-time, context-aware descriptions, offering concise 
updates for dynamic scenes and more detailed accounts for stable 
ones [17]. This line of work motivates us to introduce similarly 
flexible, conversational interaction to virtual 3D contexts. 

GenAI also enables visual content creation, spanning images [11, 
93] and 3D scenes [36, 90], opening avenues for creative agency 
among BLV users [10]. Yet generated content is often inaccessible 
to its creators, complicating evaluation, verification, and iterative 
refinement [37]. To address this in 2D settings, GenAssist combines 
vision-language and language models to pose verification and style 
questions, and synthesize question-guided descriptions that help 

users assess prompt alignment and compare candidates [37]. Alt-
Canvas introduces a spatially structured, tile-based interface to 
improve layout comprehension while adding, editing, and moving 
visual components [45]. While effective in 2D, analogous accessi-
bility support for virtual 3D generative workflows remains under-
explored, where BLV users face additional demands for spatial and 
embodied understanding. 

Adoption of GenAI in accessibility also introduces risks. A recent 
study by Glazko et al. [28] found that LLMs could recite accessibil-
ity guidance but struggled to apply it in context [28]; an empirical 
audit found high rates of accessibility issues in generated web code, 
with many defects persisting even after remediation prompts [3]. 
Despite these errors, the apparent fluency of agents can foster false 
expectations, overconfidence, and inaccurate mental models [1, 28]. 
The potential for hallucination further necessitates trustworthy ver-
ification and avenues for user contestation [1, 2, 91]. Finally, train-
ing data can encode biases and ableist stereotypes [26–28, 50, 79]. 
RAVEN attempts to address these concerns by embedding specific 
accessibility instructions into prompts for the Unity3D environ-
ment, lowering sampling temperature to reduce randomness [81], 
and explicitly detecting “out-of-scope” user requests to avoid spuri-
ous outputs. 

Overall, RAVEN leverages LLM-generated responses and code to 
support accessibility in virtual 3D environments, aiming to combine 
the flexibility of conversational interfaces with safeguards that 
mitigate known GenAI limitations. 

2.3 Runtime Generation in Virtual 3D Scenes 
Using GenAI 

Recent work demonstrates GenAI systems for 3D scene cre-
ation [36, 87, 90], modification [19, 22, 39], and interaction [35, 46]. 
Collectively, these systems show that models can reason about spa-
tial layouts, process multi-modal inputs, and generate executable 
changes-capabilities that are promising for accessibility. 

Creation-focused systems primarily support 3D designers. 
SceneCraft generates Blender-executable Python scripts from lan-
guage, rendering assets programmatically [36]. HoloDeck uses GPT-
4 to select and place objects from model collections to instantiate 
embodied AI environments [87]. VRCopilot supports multi-modal 
furniture layout design to enhance immersion and creativity [90]. 
These systems illustrate how GenAI can interpret spatial intent and 
produce code to realize 3D content. 

Beyond creation, GenAI can edit scenes and generate behaviors 
at runtime. GROMIT encodes Unity scenes as semantic graphs to 
enable LLM-authored behaviors and was evaluated with developers 
creating new game mechanics [39]. LLMR provides a framework 
for real-time creation and modification of mixed-reality experi-
ences [22]. Chen et al. analyze user input patterns for LLM-assisted 
manipulation in immersive settings, identifying design consider-
ations around user agency and handling uncertainty and hallu-
cination [19]. This line of work suggests rich opportunities for 
accessibility-oriented modifications. 

Other systems employ LLMs to mediate interaction in 3D spaces. 
HandProxy lets users command a virtual hand via natural language 
to operate UI and manipulate objects [46]. GesPrompt augments 
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this paradigm with co-speech gesture for lower-effort, more intu-
itive control [35]. These approaches echo non-GenAI proxies such 
as VoiceAttack [82] but also leverage multi-modal interaction for 
greater expressiveness and ease of use. 

Despite these advances, utilizing runtime generation for accessi-
bility remains underexplored. While systems such as LLMR hint at 
adaptations for color blindness, near-sightedness, or child-friendly 
design [22], they do not address the breadth of BLV needs nor evalu-
ate with BLV users. Our work is the first to investigate LLM-driven, 
runtime scene querying and modification for accessibility with and 
for the BLV community. 

3 Iterative System Design 
RAVEN supports real-time queries and modifications in virtual 3D 
environments to improve accessibility for BLV users. The system 
is designed to be open, where users can use any natural language 
prompt. However, to ground its utility in user needs, we first devel-
oped an initial prototype and conducted a pilot study with three 
BLV participants. Insights from this study informed iterative refine-
ments, resulting in the final system presented here. In this section, 
we introduce an illustrative use scenario (section 3.1), describe the 
pilot study and resulting design modifications (section 3.2), and 
detail the final system architecture (section 3.3). 

3.1 Use Scenario 
Consider Dez, a low-vision gamer who sometimes uses screen read-
ers but primarily relies on residual vision augmented with accessi-
bility modifications. While playing a 3D game enhanced by RAVEN, 
Dez first requests a description of the scene. Within seconds, the 
system replies: “You are located at a dark street corner. . . In front of 
you, there is a mysterious parked car. . . Further in the distance, two 
characters are talking on their phones. . . ” 

Dez then asks the system to brighten the scene. In response, 
the system adds point light sources, which Dez further refines by 
requesting they be placed near the mysterious car. Curious, he 
follows up: “How many lights are near the car now?”, and the system 
provides a count. After iteratively adjusting brightness levels, Dez 
continues customizing the environment—highlighting the car in 
bright yellow, raising the pitch and volume of a key character’s 
dialogue, and enlarging the license plate text. 

This scenario illustrates how users can iteratively adapt scene 
elements through natural language, tailoring the environment to 
their accessibility needs. Figure 2 highlights additional examples, 
showing that RAVEN can support a wide range of modifications. 

3.2 Pilot Study and Iterative Modifications 
We built an initial prototype of RAVEN based on the intended use 
scenario and insights from prior BLV accessibility research [54, 
56, 84]. The prototype included keyboard shortcuts for selecting 
and bookmarking objects as well as a natural language interface 
for querying and modifying the environment. To evaluate its fea-
sibility and identify areas for refinement, we conducted a pilot 
study with three BLV participants (two with residual vision and 
one blind). Participants explored two scenes designed to present 
distinct accessibility challenges: (1) a static scene with complex spa-
tial relationships to probe exploration, and (2) a noisy scene with 

overlapping conversations to simulate dynamic social interactions. 
After receiving training in system interactions, participants freely 
explored the scenes. We collected usability ratings, observational 
data, and semi-structured interview feedback, which informed the 
iterative modifications described below. 

3.2.1 Removing Keyboard Shortcuts for Conversation-Only Inter-
action. In the initial prototype, participants could interact with 
the system in two ways: through keyboard shortcuts (e.g., select-
ing and bookmarking objects) and through natural language com-
mands for querying and modification. Usability ratings indicated 
a mixed experience, with an average System Usability Scale (SUS) 
score of 75.83—suggesting reasonable usability but leaving room for 
improvement. Participants reported that remembering keyboard 
shortcuts created “initial frustrations” and described them as non-
intuitive. Consistently, the selection and bookmarking features tied 
to keyboard commands received the lowest ratings. In contrast, 
natural language interaction was rated most highly and described 
as more intuitive. To reduce learning burden and cognitive load, 
we removed keyboard-based features and focused exclusively on 
conversational interaction. 

3.2.2 Adding Egocentric Spatial Descriptions. In the initial proto-
type, the system described object locations using raw 3D coordi-
nates (x, y, z). Participants reported that this format was unintuitive 
and difficult to map onto their own perspective in the scene. For 
example, one participant remarked, “I don’t quite understand the 
coordinates,” while another noted that the system failed to recognize 
egocentric references such as “what’s in front of me.” To address this 
limitation, we augmented object metadata with embodied spatial 
relations (in front of, to the left/right, behind) and relative distance 
from the player. We then instructed the LLM to use this metadata 
to generate egocentric, perspective-aware descriptions that aligned 
with how participants naturally referenced space. 

3.2.3 Mitigating Errors and Hallucination. During the pilot, partici-
pants observed typical LLM shortcomings, including hallucination, 
randomness, and failure to handle vague requests gracefully. At 
times the system claimed to have executed a modification when 
none had occurred, or produced erroneous changes. To mitigate 
these issues, we added prompt-engineering strategies instructing 
the system to: (1) ask clarifying questions when requests are vague, 
(2) acknowledge and recover from errors reported by users, and 
(3) recognize out-of-scope requests (e.g., adding magnifiers) rather 
than attempting unsupported modifications. Although hallucina-
tion remains a limitation of generative AI technologies [59], these 
strategies improved the system’s reliability and transparency. 

3.2.4 Summary of Iterative Refinements. Through iteration, we 
streamlined RAVEN toward conversational interaction, refined spa-
tial reasoning with embodied relations, and improved robustness 
against hallucination. Participants navigate scenes using standard 
keyboard controls (arrow keys for movement; W,A,S,D for cam-
era panning), while all accessibility queries and modifications are 
handled through natural language. This design reduces learning 
overhead while preserving the flexibility and power of real-time 
modifications. 
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Figure 2: Examples of system usage. The center image shows the original game scene, with six surrounding panels illustrating 
accessibility-driven modifications: (A) change object color, (B) reposition the player, (C) enlarge a text object, (D) increase 
brightness, (E) amplify audio volume, and (F) adjust audio pitch. Bubbles and icons in E and F visualize auditory changes. These 
are only a few of the many types of modifications RAVEN can support to enable flexible, user-driven accessibility. 

3.3 The RAVEN System 
The final RAVEN architecture (fig. 1-B) requires only minimal de-
veloper annotation during scene creation (section 3.3.1) and inte-
grates several components to support natural language interac-
tion. At runtime, the system self-voices user input (section 3.3.2), 
retrieves an accessibility-augmented semantic scene graph (SSG) 
from the environment (section 3.3.3), and constructs prompts that 
combine user queries with accessibility and error-prevention in-
structions (section 3.3.4). These prompts are executed through 
the GROMIT runtime generation system [39], which generates 
Unity code to implement requested modifications and returns a 
textual response. This response is announced to the user through 
text-to-speech, completing the interaction loop. The full system 
implementation is open-sourced and can be accessed here: https: 
//github.com/SoundabilityLab/RAVEN. 

3.3.1 Scene Construction. To prepare a scene, developers create a 
3D environment in Unity following standard workflows, then iden-
tify a subset of important objects (e.g., game items on a table). For 
each selected object, developers attach a lightweight Unity script 
and indicate whether it is physical (e.g., a table) or non-physical (e.g., 
an ambient sound source), and whether it is the player. Optional 

developer-provided descriptions of visual or auditory properties 
may also be included. Developers also include lightweight scripts 
that connect the scene to the LLM agent. This metadata is the only 
additional input required, keeping developer burden minimal. 

3.3.2 Text-to-Speech for Self-Voicing. Standard screen readers do 
not integrate well with Unity environments, yet audio feedback is 
critical for BLV users. To address this, RAVEN is designed as a self-
voicing application: it announces characters as they are typed, reads 
words upon completion, and vocalizes system responses. We im-
plemented this feature by building a wrapper around the Microsoft 
Speech API for Unity [53]. 

3.3.3 Dynamic Information Retriever. The Dynamic Information 
Retriever produces an up-to-date semantic scene graph (SSG) each 
time a prompt is issued, ensuring that the LLM receives current 
environmental context. Building on the structure introduced by Jen-
nings et al. [39], we extend the SSG with accessibility metadata. For 
each relevant object, the SSG stores its name, developer-provided 
description (visual, auditory, and functional properties), attached 
scripts, position, scale, and hierarchical relationships. To support 
accessibility queries and modifications, the following metadata is 
recomputed at every prompt: 

https://github.com/SoundabilityLab/RAVEN
https://github.com/SoundabilityLab/RAVEN
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(1) Color (HEX code). 
(2) Text content and font size. 
(3) Egocentric direction (in front of, to the left/right, behind) and 

distance from the player. 
(4) Light source density. 
(5) Audio source status (mute/unmute, volume, pitch, and 

range). 

This enriched SSG provides the LLM with the contextual ground-
ing necessary for accurate descriptions and modifications. 

3.3.4 Prompt Constructor. The Prompt Constructor fuses user in-
put with scene data and prompt-engineered instructions before 
sending requests to the LLM. Prior research shows that LLMs often 
struggle with accessibility alignment and error handling [28, 40, 72]. 
To address this, the Prompt Constructor integrates two sets of in-
structions, which are included with every request as part of the 
conversational history. 

1. Accessibility Support Instructions. Although LLMs may 
possess accessibility knowledge, they may struggle to apply it effec-
tively in specific contexts [28]. We therefore synthesized accessibil-
ity needs in virtual 3D environments from prior BLV accessibility 
research [33, 56, 84, 95]. These needs span color/contrast adjust-
ments, brightness changes, spatial understanding, text enlargement, 
scene description, and audio manipulation. We operationalized 
these needs into a set of explicit rules (e.g., how to adjust Unity C# 
variables, how to simplify materials before recoloring, and how to 
convert Unity terminology into user-facing language) that guide 
the LLM’s descriptions and modifications. 

2. Error Prevention Instructions. To mitigate hallucinations 
and improve transparency, we designed instructions that enable 
the system to handle ambiguity and errors conversationally. If a 
request is incomplete or vague, the LLM asks clarifying questions 
(e.g., “It seems like your request is not clear. Could you please provide 
more details or clarify what you would like to achieve?” ). If a user 
reports an error (e.g., “it’s not working” ), the system is instructed 
to acknowledge the limitation and suggest alternative approaches. 
Finally, the LLM is primed [74] with a list of out-of-scope tasks iden-
tified during the pilot study (e.g., adding magnifiers), ensuring that 
unsupported requests are clearly surfaced rather than producing 
erroneous code. 

Together, these measures ground the LLM in accessibility context, 
reduce hallucinations, and preserve the flexibility of conversational 
interaction. The full prompt is provided in appendix A.1. 

3.3.5 Runtime Modification Generation and Compilation. Once the 
prompt is constructed, it is sent to GROMIT [39, 57], an open-source 
runtime behavior generation system for Unity. GROMIT processes 
the prompt by generating Unity code that implements the requested 
modification, attaches the compiled script to the relevant object, and 
returns a textual response. This enables the system to dynamically 
update scenes while providing users with immediate, self-voiced 
feedback. We used GPT-4o for language and code generation, as 
it was the most advanced model that supported feasible real-time 
integration during system development. 

3.3.6 System Design Summary. In sum, RAVEN introduces a new 
approach to making virtual 3D environments accessible: BLV users 

can issue natural language queries and modifications that are ex-
ecuted in real time. This is enabled by three key contributions: 
(1) a self-voicing interface that supports prompt entry and feed-
back, (2) an accessibility-augmented semantic scene graph that 
encodes perspective-aware relations and multimodal attributes, 
and (3) prompt-engineering strategies that align the LLM with ac-
cessibility goals and mitigate hallucinations. Together, these compo-
nents shift control from static, developer-defined accommodations 
to dynamic, user-directed accessibility. 

4 User Study Method 
To evaluate the utility of on-demand accessibility modifications 
and the usability of RAVEN, we conducted a user study with BLV 
participants. The study focused on six accessibility categories (sec-
tion 4.1) and three scenarios with progressively open-ended tasks 
(section 4.2). We addressed two research questions: 

• RQ1: Can RAVEN support blind and low-vision people in 
experiencing a 3D scene? 

• RQ2: What kinds of prompts do BLV participants use when 
interacting with the system to improve accessibility? 

4.1 Accessibility Categories 
To scaffold our study design, we synthesized six accessibility cate-
gories from prior work across game accessibility toolkits and em-
pirical studies of BLV user needs [66, 67, 75, 80, 85, 95]. These 
categories were used solely to structure our evaluation tasks and 
analysis; they do not constrain RAVEN’s capabilities nor restrict 
what users may request during interaction. Four categories address 
the visual domain and two target the auditory dimension. 

4.1.1 Visual Categories. These categories allow users to adapt the 
visual presentation of a scene: 

(1) Color: Retrieve or modify color schemes and object colors 
to aid recognition, especially for color-blind and low-vision 
users [66, 85]. 

(2) Object Location: Retrieve or reposition objects (e.g., furniture, 
characters) to simplify navigation and interaction, inspired 
by assistive game toolkits [82]. 

(3) Object Size: Resize objects or text to enhance visibility and 
readability [67, 80]. 

(4) Scene Brightness: Query or adjust overall brightness or spe-
cific light sources to accommodate visual sensitivity [95]. 

4.1.2 Auditory Categories. These categories adapt the auditory 
experience of a scene: 

(1) Audio Volume: Increase or decrease the volume of sound 
sources to isolate or emphasize elements [16, 68]. 

(2) Audio Pitch: Alter pitch to distinguish sounds, highlight im-
portant content, or emulate screen reader cues [16, 32, 58, 
83]. 

4.2 Scenes 
We designed three scenes to scaffold participants’ exploration of the 
six accessibility categories, with increasing complexity and freedom 
of interaction (fig. 3). 
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4.2.1 Scene 1: Guided Tutorial. The first scene introduced partic-
ipants to the system in a simple, game-like room containing two 
geometric objects with distinct colors, two speakers playing dia-
logue, a torch with continuous sound and animation, a text object, 
and a table (fig. 3a). The researcher demonstrated each category 
using a three-step prompt pattern (ask, modify, verify), after which 
participants practiced similar prompts themselves. This structure, 
inspired by prior work on generative AI accessibility tools [1, 28, 37], 
ensured that participants could explore both querying and modifi-
cation. Full list of demo prompts used are included in appendix A.2. 

4.2.2 Scene 2: Task-Driven Exploration. The second scene, a cat 
park with natural elements, three cats producing distinct meows, a 
bench, a streetlamp, and a garden hut (fig. 3b), was paired with six 
predefined tasks (table 1). The tasks were designed to align with the 
six accessibility categories. After completing a task, participants 
reflected on their experience, including whether the interaction 
was intuitive, useful, or confusing. This setup allowed us to observe 
how participants applied categories in a goal-oriented context. 

4.2.3 Scene 3: Open-Ended Exploration. The final scene encouraged 
open-ended use of the system. Participants explored a spaceship-
themed room containing sixteen objects and three sound sources 
(fig. 3c). They were given ten minutes to query, modify, and adapt 
the environment according to their own needs, without predefined 
tasks. This scenario revealed how participants appropriated the 
system in less structured contexts. 

4.3 Study Design 
4.3.1 Participants. We recruited eight BLV participants (five men, 
three women; ages 24–50, 𝑀=36.6, 𝑆𝐷=7.9) through mailing lists 
and word of mouth. Two participants were blind with no vision, 
two had light perception, and four had low vision. All used screen 
readers; some also used braille displays, large text, or commercial 
interpreting services (e.g., Be My Eyes, Aira). Three regularly used 
conversational AI apps (e.g., ChatGPT, Claude), four had limited 
experience, and one had never used them. Three had played games 
prior to vision loss, while five continued gaming using accessibility 
features. Full demographics are shown in table 2. 

4.3.2 Study Setup. The scenes in the study were deployed in a 3D 
environment running on a laptop. Prior work shows that this setup 
could be effectively used to evaluate visual accessibility in 3D and 
360 environments [23, 56]. We excluded more novel formats (e.g., 
VR) to keep the study centered on 3D spatial aspect and to avoid 
confounding the results with extra learning demands. Participants 
used a laptop device running Unity, a full-sized keyboard, and 
stereo headphones. The researcher also used stereo headphones to 
monitor system audio output in real time. See fig. 4. 

4.3.3 Procedure. Studies lasted approximately 1.5 hours and were 
conducted either in-lab (N=6) or at participants’ homes (N=2). Each 
session followed the three scene explorations (section 4.2), then 
a survey (usefulness of categories, confidence, intuitiveness, and 
SUS [14]), and finally a semi-structured interview (usability, new 
category ideas, prompt strategies, accessibility needs, AI trust). Ses-
sions were audio- and video-recorded. Participants received a $50 
gift card and travel reimbursement. The study was IRB-approved. 

(a) Scene 1 

(b) Scene 2 

(c) Scene 3 

Figure 3: Screenshots of the three scenes used in our evalua-
tion. Scene 1: a demo with simple objects and sound sources. 
Scene 2: a park with cats meowing and background nature 
sounds. Scene 3: a spaceship room with furniture, small items, 
and sci-fi sound sources. 

Figure 4: The study setup for the evaluation of RAVEN with 
BLV participants. 
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Table 1: Tasks in Scene 2 

Number Task 

1 Ask the system to describe the scene. 
2 The bench is a color unfriendly to low-vision users, can you change it to a better color? 
3 Notice that there are some cats in the scene making some sounds. What’s different about how each of the 

cats sounds? Which of these cats seems to be the happiest? 
4 Benches in the park are sometimes dedicated to people who donated money for them, and they have their 

name written in a short text on the benches. Where is the bench and who is this bench dedicated to? 
5 Imagine you’re taking a (virtual) photo of the white cat, try increasing the brightness of the scene for a 

better photo. 
6 Make the bench bigger so that you and the cat have space to sit together. 

Table 2: Participant demographics. Visual ability labels: B = blind, LP = blind with light perception, VI = visually impaired (all 
self-identified). “Onset” indicates the age at which vision loss began. “AT usage” lists accessibility technologies used. “LLM 
usage” refers to experience with conversational AI apps. 

Code Age Gender Visual Ability Onset AT usage LLM usage Video game usage 

P1-LP 34 Man Light perception only 26 Screen readers Never used Played a few 
P2-VI 43 Woman Blurry and muted vision Birth Screen readers, braille 

display, and AI apps 
Tried a few times Played a few as kid 

P3-VI 40 Man Severe tunnel vision Birth Screen readers Used regularly Played a lot as kid, only 
haptic games recently 

P4-LP 41 Man Blind with light perception Birth Screen readers, braille 
display, and AI apps 

Used regularly Played a few 

P5-VI 28 Man Astigmatism in right eye 5 Large text, screen read-
ers 

Tried a few times Played a few 

P6-VI 24 Woman Legally blind with Retinopa-
thy of Prematurity 

Birth Large text, screen read-
ers 

Tried a few times Played a few as kid 

P7-B 33 Man Totally blind with no light 
perception 

Birth Screen readers, braille 
display 

Tried a few times Play audio games regu-
larly 

P8-B 50 Woman Totally blind with no usable 
vision 

5 Screen readers, braille 
display, and AI apps 

Used regularly Never since vision loss 

4.3.4 Data Analysis. We analyzed three sources of data: survey 
ratings, prompt logs, and interview transcripts. Together, these pro-
vided complementary perspectives on participants’ experiences and 
interaction strategies. The research team is mixed-ability, with one 
BLV, one DHH, and three able-bodied researchers. We acknowledge 
that these backgrounds shape our interpretation. 

Survey Data. The survey was designed to address RQ1, evaluat-
ing RAVEN’s support for BLV users in 3D scenes. It included an 
SUS questionnaire [14] to evaluate system usability, and 5-point 
Likert scale questions about: usefulness of categories (section 4.1), 
user confidence in accessibility improvement, and intuitiveness of 
the system. We computed descriptive statistics (means, standard 
deviations) to summarize the data. 

Prompt Logs. Prompts and system responses from Scenes 2 and 
3 were recorded, yielding 336 valid prompts (181 from Scene 2 and 
155 from Scene 3), after excluding the tutorial scene and erroneous 
inputs. We collected response time from recordings, measuring 
from the frame of user input submission to the frame when the 

LLM finished loading and reply appeared. Each prompt was inde-
pendently coded by multiple researchers along three dimensions, 
with disagreements resolved through discussion: 

(1) Correctness: whether the system response successfully 
achieved the request (success), correctly identified the re-
quest as out-of-scope, misaligned with user intent (intent 
error), or failed against ground truth (technical error). 

(2) Command category: the type of modification or query. Six 
predefined categories guided the study design, while analysis 
revealed four emergent categories, producing ten in total. 
Nine prompts were coded as “Other,” and eight combined 
multiple categories. We also calculated correctness rates per 
category. 

(3) User goal: the underlying intent behind the prompt (e.g., cre-
ative modification, verification). Through iterative coding, 
we developed three code groups encompassing eight codes. 
Prompts could receive multiple goal codes to capture com-
plex intentions. 
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Interview Data. Interviews were transcribed and analyzed using 
applied thematic analysis [34]. Three researchers collaboratively: 
(1) familiarized themselves with the transcripts, (2) tagged data 
with codes, (3) developed an initial codebook, (4) refined codes and 
themes, (5) finalized the codebook, and (6) synthesized themes into 
findings. 

This process produced a final codebook with 114 codes, organized 
into 30 third-level themes, 12 second-level themes, and 4 first-level 
themes. Before integrating qualitative insights into the Findings 
section, we summarize the structure of our thematic analysis. Our 
final codebook contained four major themes and twelve subthemes: 
(1) System Performance and Reliability (perceived accuracy 
and trust, handling of hallucinations, and verification strategies); 
(2) Interaction and Feedback Experience (intuitiveness of natu-
ral language interaction, appropriation of iterative prompting, and 
modality preferences across audio and visual cues); (3) Prompt 
Categories and Use Patterns (task-driven use in Scene 2, open-
ended exploration in Scene 3, and differences between effective 
and ineffective prompting strategies); and (4) Ethical and Broader 
Impacts (concerns about safety and scene integrity, desires for 
guardrails and transparency, and reflections on broader accessibil-
ity opportunities and risks). These themes structure the qualitative 
findings reported in section 5 and clarify how we organized perspec-
tives on system performance, interaction experience, prompting 
behavior, and broader impacts. 

5 User Study Findings 
Our analysis highlights both the promise and current limitations 
of RAVEN. We first report the system’s performance, followed by 
participants’ overall perceptions of usability, then examine perfor-
mance across the six guiding and four emerging prompt categories, 
and finally describe the strategies and goals that shaped how par-
ticipants engaged with the system. 

5.1 System Performance Evaluation 
Of the 336 valid prompts from Scenes 2 and 3 in the user study, 253 
(75.3%) produced a correct query answer or intended modification 
(determined through researcher coding of session recordings), 9 
(2.7%) were correctly flagged as out-of-scope, and 74 (22.0%) failed. 
Failures included intent errors (14 prompts, where the LLM misun-
derstood participant goals) and technical errors (60 prompts, where 
the LLM hallucinated, misrepresented system capabilities, or failed 
in code execution). 

The average response time was 3.1 seconds (𝑆𝐷=3.7) across all 
prompts. A breakdown of the average response time for different 
correctness labels is shown in table 3. Acknowledge Out-of-scope 
prompts had the shortest average response time and the lowest 
variability. The remaining correctness labels had similar average 
response times, with Technical Errors requiring slightly longer. 

5.2 Overall System Usability 
Participants rated the system positively across confidence, intuitive-
ness, and usability. On average, they reported confidence in using 
the tool to make scenes accessible (𝑀 = 4.1, 𝑆𝐷 = 0.8, scale 1–5, 5 
being best) and rated the system as intuitive (𝑀 = 4.3, 𝑆𝐷 = 0.9). 
The mean SUS score was 79.7, corresponding to an A– on the 

Sauro–Lewis curved grading scale [69] and categorized as “good” 
usability [6]. 

Subjective feedback echoed these results. P1-LP observed that 
the tool “seems very good at allowing someone to get a sense of the sort 
of overall environment they’re in and the sort of properties of items 
within that environment.” P5-VI appreciated that adjustments could 
be made in-scene without interrupting gameplay, and P7-B com-
pared the learnability favorably against audio games that require 
memorizing shortcuts: “you could tell the AI to change something 
that you forgot the keyboard command for and then it could help 
you.” Several participants (N=2) highlighted robustness to typos, 
ambiguity, and compound requests. Others (N=2) praised the open-
endedness, with P8-B noting: “the sky was the limit in some of the 
things that I could ask [the system] to do.” 

Five participants felt the system could enhance the gaming ex-
perience for BLV players. P6-VI described how it expanded her in-
terest: “[There were] games that I previously weren’t super interested 
in because of all the barriers related to the visual barriers that I face. 
[Having this tool] could potentially increase my interest in computer 
games.” Participants also envisioned applications beyond games, 
including web design (P5-VI) and educational software (P4-LP), 
and for broader groups such as players with cognitive disabilities 
(P1-LP) or colorblindness (P7-B). 

Despite these advantages, several limitations emerged. P4-LP 
described the gaps in flexible language and cross-modal consistency: 
extinguishing a torch stopped the light but left the fire sound. P6-VI 
similarly noted misapplied assumptions, such as turning all objects 
white after asking to “make the room white”. Participants (N=7) 
raised trust concerns about misleading responses. As P2-VI asked, 
“If it gives the wrong information, how is a visually-impaired person 
going to know?” P4-LP concluded: “right now, [the system] is not so 
foolproof as to say I completely trust it.” These findings highlight 
both the promise and current fragility of the approach. Because our 
participants’ visual abilities spanned a continuum—from no usable 
vision to varying forms of low vision—these impressions reflect 
a spectrum of experiences rather than a clean blind/low-vision 
split. This motivates our choice to report visual-ability differences 
qualitatively instead of conducting binary group comparisons. 

5.3 Performance and Usage Across Prompt 
Categories 

Qualitative coding of 336 prompts revealed ten categories: six guid-
ing categories defined in study design (Object Location, Audio Vol-
ume, Color, Object Size, Scene Brightness, Audio Pitch) and four 
emerging categories that surfaced during analysis (Scene Descrip-
tion, Semantic Description, Functionality, Creation/Deletion). Nine 
prompts were coded as “Other” and eight combined multiple cate-
gories (e.g., “Make the bench normal-sized (Object Size) and put us 
on the bench” (Object Location)). See table 4 for code definitions and 
examples. 

Figure 5 summarizes category occurrence and correctness. Object 
Location was most frequent, but with a relatively high error rate. 
Color and Audio Volume were also common, with high success 
rates. Semantic Description appeared often but was limited by out-
of-scope acknowledgments. Functionality and Creation/Deletion 
were rare and error-prone, reflecting unsupported user needs. 
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Table 3: Counts and percentages of prompts per correctness label, and their corresponding average response times. 

Correctness Label Count Percentage (%) Avg. Response Time (sec) SD of Response Time (sec) 

Success 253 75.3 3.1 4.1 
Acknowledge Out-of-scope 9 2.7 2.1 0.5 
Intent Errors 14 4.2 3.2 1.6 
Technical Errors 60 17.9 3.4 2.5 
Total Errors (Intent and Technical) 74 22.0 3.2 2.3 
All Prompts 336 - 3.1 3.7 

Table 4: Prompt category codes with descriptions and examples. 

Code Description Example 

Object Location Modify or describe the location of object(s) 
or the player. 

“Move me closer to the white cat.”, “Where 
is the gold key?” 

Audio Volume Modify or describe the loudness of sound 
sources. 

“Mute the laptop.”, “How loud is each cat?” 

Color Modify or describe the color of object(s). “Make the bench bright yellow.”, “What 
color are the keys?” 

Object Size Modify or describe the size of object(s) or 
text. 

“Increase the length of the bench.”, “How 
big is the laptop?” 

Scene Brightness Modify or describe brightness of lights or 
the scene. 

“Increase skylight intensity.”, “How bright 
are the lamps?” 

Audio Pitch Modify or describe pitch of sound sources. “Lower pitch of laptop to 0.4.”, “Which cat 
has the high-pitched meow?” 

Scene Description Describe the general scene or search for ob-
ject(s). 

“Describe the scene around me.”, “Does the 
room have a window?” 

Semantic Description Describe objects based on semantic quali-
ties. 

“Which cat seems happiest?”, “What is on 
the laptop screen?” 

Functionality Use objects functionally. “Open the laptop.”, “Answer the phone.” 
Creation/Deletion Add or remove objects. “Add a canopy to the bench.”, “Make the pen 

disappear.” 

5.3.1 Guiding Categories. 

Object Location. Most frequently used (𝑀 = 4.8, 𝑆𝐷 = 0.7 useful-
ness), this category enhanced spatial awareness through directional 
cues and repositioning. P4-LP stressed: “You have to know how to 
orient in the world, and you have to be able to have it clear in space.” 
Despite high value, success rates were lower than average due to 
LLM hallucinations (e.g., misaligned perspectives) and the system’s 
reliance on object-center coordinates, which provided only coarse 
control. This worked for broad moves (e.g., placing the player in 
a room) but broke down for finer actions (e.g., putting a phone on 
a chair without it floating between the legs). Some participants 
preferred richer directional schemas (clock-face or cardinal points) 
over simple left/right cues, highlighting opportunities for more 
precise spatial references. 

Audio Volume. Highly rated (𝑀 = 4.8, 𝑆𝐷 = 0.5), the Audio Vol-
ume category allowed participants to isolate and prioritize sounds. 
In Scene 2, for example, most participants adjusted the cats’ meows 
to identify differences. P3-VI described this as mirroring real-world 
strategies: “try to isolate one thing at a time and listen.” P4-LP sug-
gested volume control could help prioritize critical in-game alerts. 

Color. Frequent and successful (𝑀 = 4.6, 𝑆𝐷 = 0.5), Color cat-
egory prompts supported object recognition and contrast adjust-
ments. For low-vision participants, recoloring enhanced readability 
and visibility (e.g., P5-VI applied black-on-white contrast; P6-VI 
recolored objects to “see them and move them and understand what’s 
there even better” ). For blind participants, relevance varied: P7-B 
noted limited utility without color knowledge, whereas P8-B, who 
had prior vision, used color references to mentally reconstruct 
scenes. Regarding potential improvements, some participants (N=2) 
suggested that the system should better recognize an object’s back-
ground color to select an appropriate high-contrast color. 

Object Size. Moderately rated (𝑀 = 4.1, 𝑆𝐷 = 0.8), resizing aided 
low-vision players. P6-VI explained that enlarging objects made 
them easier to recognize and manipulate. For others, the numeric 
size descriptions drew mixed reactions. P7-B valued precise mea-
surements in meters or feet, since these remain consistent regardless 
of viewing distance: “as you move away from an object, it visually 
appears smaller. If everything is in meters or feet... then [the de-
scription] is not affected by scale.” In contrast, P8-B found numeric 
values difficult to interpret without visual reference. Some partici-
pants proposed alternatives: P2-VI suggested zooming in on objects 
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(a) Occurrences of each category (blue = guiding, orange = emerging). 

(b) Correctness breakdown per category. 

Figure 5: Prompt usage and correctness across categories. 

rather than resizing them, while P5-VI highlighted the importance 
of knowing size limits (e.g., maximum enlargement). Others, like 
P4-LP, considered size largely aesthetic and of limited accessibility 
value. 

Scene Brightness. Less frequently used and variably rated (𝑀 = 
3.6, 𝑆𝐷 = 1.7), brightness adjustments helped some low-vision 
participants by enhancing contrast (P6-VI) or highlighting local 
areas (P5-VI). For blind participants, value was limited. For example, 
P4-LP dismissed it as “cosmetic.” Usefulness thus depended strongly 
on visual ability. 

Audio Pitch. Lowest rated (𝑀 = 2.8, 𝑆𝐷 = 1.7), Audio Pitch 
adjustments were less useful overall. Some participants envisioned 
benefits for distinguishing status (e.g., damage to a game character) 

or orientation (P7-B: “using pitch for positional information is a really 
good idea... for example, gets higher when you get closer to it” ), but 
most preferred volume as a more salient cue. Participant comments 
suggested potential for system-level pitch cues for important events 
or orientation in future designs, but this category had limited value 
as a user-driven adjustment in our scenarios. 

5.3.2 Emerging Categories. 

Scene and Semantic Descriptions. Although not predefined, these 
categories were frequently used, revealing additional details pre-
ferred by participants. Scene descriptions offered general overviews, 
while semantic descriptions probed higher-level qualities (e.g., the 
mood of a cat or the content of a laptop screen). Participants valued 
detail but noted issues of verbosity: P4-LP suggested limiting output 
to nearby objects or allowing control over granularity. P7-B empha-
sized context-aware tailoring: “Maybe all I need to know is... I don’t 
need to know that it’s a Toshiba.” Out-of-scope acknowledgments 
were common, as users often sought knowledge beyond system ca-
pabilities. Suggested improvements included adding shape (P1-LP), 
clearance (P7-B), sound characteristics (P2-VI, P8-B), and hazard 
indicators (P7-B). 

Functionality and Creation/Deletion. Although infrequent, these 
categories revealed unmet needs. Participants wanted to interact 
with objects functionally (e.g., “sit on the bench” rather than just 
move to its coordinates) and to add or remove objects. As P4-LP 
pointed out, without supporting object functionality interaction, 
the objects felt like “dry artifacts” instead of interactive video game 
objects. Success rates were low, especially for Creation/Deletion, 
reflecting system limitations rather than lack of interest. However, 
these attempts highlight aspiration for richer interactivity beyond 
current system capabilities. 

5.3.3 Category Usage Comparison Between Scene 2 and Scene 3. 
Scene 2 asked participants to complete specific tasks aligned with 
the six guiding categories, whereas Scene 3 encouraged open-ended 
exploration. Figure 6 shows the percentage of prompts in each cate-
gory for the two scenes (excluding Compound and Other prompts). 
Five categories showed notably higher relative usage in Scene 3 
than in Scene 2: Object Location, Scene Description, Audio Pitch, 
Functionality, and Creation/Deletion. These differences suggest two 
broad exploration patterns in the open-ended scene: spatial explo-
ration (Object Location, Scene Description) and novel feature ex-
ploration (Audio Pitch, Functionality, Creation/Deletion). Together, 
they highlight how participants appropriated RAVEN differently 
when not guided by predefined tasks. 

5.4 Emergent User Strategies and Goals 
Across both the task-oriented scene (Scene 2) and the open-ended 
scene (Scene 3), participants used prompts serving different goals. 
Our coding produced eight user goal codes, grouped into three 
categories: exploration, execution, and verification (see table 5 for 
details and examples). 

Exploration. Exploration was the entry point for nearly all tasks. 
It included US (understand scene), SS (search in scene), and QI 
(questions about specific items). In Scene 2, 33 of 48 tasks (68.8%) 
began with exploration, and in Scene 3, all eight participants opened 
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Figure 6: Occurrence frequency of each category within the categorizable prompts (excluding Compound and Other) in each 
scene (blue = Scene 2 percentage, orange = Scene 3 percentage). 

with such prompts. P5-VI explained: “You have to first ask what is an 
object, then know what it is, then increase size... and be more specific.” 
Among the 336 total prompts, QI was most frequent (93), followed 
by SS (48) and US (36). These patterns highlight the central role of 
exploration in helping BLV users build an initial mental model of the 
environment. The success rate for US prompts (86.1%) was higher 
than for SS (75.0%) and QI (73.1%), suggesting that strategies starting 
with broad, whole-scene queries were more reliably supported than 
strategies that immediately targeted specific objects. 

Execution. After establishing orientation, participants used exe-
cution prompts to act on the scene. Codes included EK (external 
knowledge), EM (explicit modification), PM (proactive modifica-
tion), and CM (creative modification). EK was rare (7 prompts) but 
notable, as it showed users using the LLM to probe for accessibility 
knowledge beyond the scene itself, such as “If I had a camera, would 
the light sources be bright enough to take a clear picture?” P4-LP 
highlighted its promise: “you could have the game intuit its own 
design and say how might this be more accessible in a non-visual 
way?” EK prompts also demonstrated a relatively high success 
rate (85.7%), underscoring that this strategy worked well when 
participants treated the LLM as an accessibility advisor. 

EM and PM were common, aligning with task completion and 
proactive adjustments. Interestingly, CM appeared in 34 prompts, 
with participants using the system creatively, such as “Create a door 
in front of me” (P2-VI) or “add a canopy and luxury padding to the 

bench” (P7-B). For some, creative use became dominant — P2-VI 
devoted 10 of her 17 free-exploration prompts to CM. Creative mod-
ifications were sometimes successful but also more likely to expose 
limitations (e.g., unsupported functionality or implausible object 
behavior), indicating that CM is a powerful but less predictable 
strategy compared to EM and PM. These findings suggest that be-
yond accessibility, participants viewed the system as a potential 
authoring tool. 

Verification. Verification prompts (V) were used to confirm 
whether modifications occurred as intended. They appeared 37 
times overall, primarily in Scene 2 where tasks had specific targets. 
In Scene 3, use varied: some participants (N=5) regularly checked 
outcomes, while others (N=3) did not verify at all. P8-B issued six 
verification prompts across twelve modifications, explaining: “soft-
ware applications or technology is not perfect, and that you just [have 
to] understand that there will be glitches.” This reflects differing trust 
strategies: some relied on system feedback directly, while others 
double-checked modifications through dialogue. 

6 Preliminary Evaluation with Unity 
Developers 

6.1 Method 
To understand how RAVEN fits into real development workflows 
and to evaluate its scalability from a developer perspective, we 
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Table 5: User goal codes across three groups. 

Group Code Description Example 

Exploration US Understand whole scene “What is this scene like?” 
Exploration SS Search within scene “Is there a white cat?”, “Where is the loudest cat?” 
Exploration QI Question about specific item(s) “How big is the conference table?” 
Execution EK External knowledge “What color is useful for low-vision people?” 
Execution EM Explicit modification (task-driven) “Make the bench bigger.” 
Execution PM Proactive modification (user-driven) “Mute the other cats.” 
Execution CM Creative modification “Make the chairs float in the air.” 
Verification V Verify changes “What’s the color of the chair now?” 

conducted a preliminary usability study with six Unity developers 
(three men, three women). Participants were recruited through 
forum posts and snowball sampling. Their Unity experience ranged 
from 0.5 to 6 years (𝑀=1.8, 𝑆𝐷=1.9). Two participants had prior 
experience with accessibility toolkits (e.g., Meta XR accessibility 
tools), and two had used LLMs in game development. 

Researchers first demonstrated how to integrate RAVEN into 
a simple example Unity scene (five objects including two 3D ob-
jects, a sound source, a light source, and a text object) following 
the workflow described in section 3.3.1. Participants then repeated 
this integration themselves in the example scene. Next, they incor-
porated RAVEN into one of their own scenes, either self-created or 
selected from online resources. Written instructions accompanied 
the implementation steps, and participants were not given time 
constraints. 

We recorded (1) the time required to achieve a working inte-
gration in the example scene and (2) the time needed to apply 
a functioning version of RAVEN to a personal scene. Time was 
measured from the start of implementation to the first successful 
runtime test of an LLM prompt. Although we did not explicitly 
prompt developers to think aloud, several spontaneously verbalized 
thoughts about the system during the process. Because some per-
sonal scenes were large, we also collected estimates of how many 
objects would require tagging for full coverage. 

After implementation, participants completed a questionnaire 
(5-point Likert-scale items on learnability, usability, perceived ac-
cessibility improvement, and intent for future use), followed by 
a semi-structured interview to capture experiences, preferences, 
and improvement suggestions. Sessions were conducted in person, 
lasted approximately one hour, and participants received $30 com-
pensation. Quantitative ratings were summarized using descriptive 
statistics. Two coders performed thematic analysis [34], producing 
12 codes grouped under four themes—initial learning, developer 
interaction, system behavior, and perceived accessibility impact 
(see supplementary materials for full code book). 

6.2 Findings 
Developers spent an average of 265.8 seconds (𝑆𝐷=92.6) integrat-
ing RAVEN into the example scene and 331.8 seconds (𝑆𝐷=63.2) 
applying a working version to their own scenes. Estimated tagging 
effort averaged 26.7 objects per scene (𝑆𝐷=16.7), though estimates 
varied with scene complexity and the tagging strategies developers 
preferred. 

Initial Learning and Setup. Developers described the setup 
process as easy and intuitive. Learnability received a mean rating of 
4.7 (𝑆𝐷=0.5). All six participants commented on the ease of initial 
system setup. Three appreciated the drag-and-drop design, while 
two noted that such simplicity could particularly help novices who 
may feel overwhelmed by other accessibility tools. A recurring chal-
lenge involved unclear variable names (e.g., using isMeta to denote 
non-physical objects like sunlight); four participants recommended 
more transparent naming conventions. 

Developer Interaction and Tagging Strategies. Usability rat-
ings remained positive when applying RAVEN to developers’ own 
scenes (𝑀=4.3, 𝑆𝐷=0.5). Tagging strategies varied: some developers 
preferred tagging only interactable objects, while others advocated 
tagging everything visible for parity with sighted access. D4 noted 
that tagging hidden or narrative-sensitive elements (e.g., easter 
eggs) might unintentionally spoil gameplay, whereas D5 suggested 
including a tagging field to mark the importance of each object. D6 
argued that “a sighted person can see all the objects, so to provide 
an equivalent experience, we should tag all of them.” 

System Behavior and Desired Automation. Developers sug-
gested automating several aspects of the workflow, including: gen-
erating unique object names (D2), enabling batch tagging (D3), 
collecting renderers from nested objects (D4), and generating text 
descriptions from models or images (D6). D2 also suggested an 
interface for customizing model and prompt settings, though this 
might increase the learning curve. 

Perceived Accessibility Impact and Adoption. Developers 
rated RAVEN’s potential to improve accessibility highly (𝑀=4.7, 
𝑆𝐷=0.5) and said they would use it in future projects (𝑀=4.7, 𝑆=0.5). 
Five participants felt RAVEN could meaningfully enhance BLV user 
experience. Interestingly, D3 described the system as a connector 
between developers and disabled users: developers supply descrip-
tions and structural intent, while the LLM tailors them to user 
needs. 

However, three participants raised concerns about LLM-
generated errors, echoing concerns from prior work in runtime 
generation [39] and feedback from BLV participants. For future im-
provements, participants suggested features such as event-history 
tracking (D6), improved input/output methods (N=4), and using 
RAVEN not only for modifying scenes but also for authoring acces-
sible scenes (N=2). 
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7 Discussion 
Generative AI introduces new programming paradigms and conver-
sational forms of human-computer interaction. RAVEN illustrates 
how these capabilities can extend accessibility in 3D environments 
by allowing BLV users to query and adapt scenes in natural lan-
guage. Our findings show that participants found the system usable 
and intuitive, valuing its flexibility and tolerance of ambiguous 
input. At the same time, accuracy limitations surfaced, raising ques-
tions of trust and verification—findings consistent with known 
limitations of LLMs for accessibility [1, 28]. 

Throughout the study, participants appropriated RAVEN in dif-
ferent ways across Scenes 2 and 3, highlighting both task-driven use 
and open-ended exploration. These behaviors, together with the 
error profile we observed, inform how RAVEN should be positioned 
relative to existing accessibility tools and how future systems might 
provide safe, scalable support. Building on these results, we discuss 
opportunities for safeguarding and verification, the potential role 
of LLMs as accessibility experts, ways to reduce developer effort 
through metadata automation, and broader implications for conver-
sational programming. We conclude with limitations and directions 
for future work. 

7.1 Towards Safe and Trustworthy On-Request 
Generative Access 

Open-ended prompting enabled BLV participants to make diverse 
runtime modifications, but its open-endedness also created risks. 
Prior work in runtime behavior generation has noted developer con-
cerns about “game-breaking” mechanics, such as deleting important 
objects or blocking pathways [39]. Our findings echo these risks: 
four emergent categories of prompts went beyond expected usage, 
often resulting in hallucinations or failures. Compounded by the 
difficulty BLV participants faced in verifying modifications, these 
results underscore the need for both automated and user-driven 
safeguards. 

Accessibility-Focused Guardrails. Prior work has pro-
posed multi-layer guardrails to constrain LLM behavior across 
domains [20]. Extending this approach, accessibility-focused 
guardrails could ensure that generated modifications preserve both 
functionality and accessibility. Future work might adapt existing 
secure code-generation frameworks such as static analysis and 
constraint-based filters (e.g., CodeShield [20]) to restrict modifica-
tions that could regress accessibility, building on recent guidelines 
for accessible agentic interaction [24, 61, 92]. 

Automated Verification. In our study, verification relied on 
the same LLM that generated modifications, risking false confir-
mations when errors occurred. Future systems could mitigate this 
by separating generation and verification roles, using multi-agent 
methods such as ensemble consensus [55, 86] or debate-based tech-
niques [73]. Multi-modal models could further enhance verifica-
tion by cross-checking code execution against visual and auditory 
outputs from the scene [31]. Though GPT-4o supports such multi-
modal capabilities, we were unable to use them as these features 
were not available in the APIs at system development time. 

Human-in-the-Loop Verification. Participants frequently is-
sued follow-up prompts to confirm whether modifications had been 
applied, reflecting both natural interaction patterns and limited 

trust in the system. Prior work shows that LLMs can only audit ac-
cessibility in a limited capacity in well-standardized domains such 
as apps [96] and the web [60], underscoring the need for human 
oversight in open-ended contexts like 3D environments. Building 
on collaborative accessibility approaches in mainstream platforms 
(e.g., Xbox’s controller assist), future systems could weave accessi-
bility verification into mixed-ability collaborative gameplay. Such 
designs would preserve BLV user agency [5, 56] while distributing 
responsibility for accuracy between users and systems, making 
accessibility verification an interdependent experience in virtual 
worlds [9, 13]. 

Taken together, guardrails, automated checks, and human over-
sight point to a layered verification strategy for ensuring both 
reliability and user trust in generative accessibility systems. 

7.2 LLMs as Accessibility Experts 
Participants sometimes prompted the system as if it were an ac-
cessibility consultant, asking it to recommend or directly apply 
accessibility improvements (e.g., “make the bench more visible to 
visually impaired individuals”). This highlights users’ expectation 
that LLMs can provide design knowledge beyond simple scene 
modifications. Prior work shows that LLMs can support accessi-
bility tasks in domains such as web and app design [1, 28], but 
also that they risk introducing ableist assumptions or biased rec-
ommendations. In 3D environments, this challenge is compounded 
by the need to scope recommendations to both user ability and 
scene context. Future systems could integrate guardrails that align 
suggestions with achievable in-system capabilities and contextual 
constraints, enabling LLMs to act as reliable accessibility advisors 
rather than overgeneralizing. 

7.3 Positioning RAVEN Among Accessibility 
Approaches 

RAVEN occupies a distinct space among existing accessibility ap-
proaches for virtual 3D environments. Static toolkits such as See-
ingVR [95] offer valuable enhancements for low-vision users but 
rely on developer-authored overlays and visual filters. These toolk-
its do not support runtime code generation, natural language 
prompting, or modification of audio and spatial structures. As a 
result, they are complementary to rather than directly comparable 
with RAVEN, which focuses on enabling BLV users to interactively 
query and modify 3D environments in real time. 

An alternative design question is whether large language models 
could simply “make the entire scene accessible” in a single trans-
formation. Our findings suggest that such one-shot global modifi-
cations would not meet BLV users’ needs. Participants expressed 
diverse and sometimes conflicting accessibility preferences across 
the visual-ability spectrum—for example, some preferred brighter 
scenes while others needed dimmer ones, and some relied on color 
semantics while others valued purely spatial descriptions. Partici-
pants also engaged in iterative exploration, targeted adjustments, 
and verification, using conversational interaction to personalize 
accessibility in ways that a single global transformation could not 
capture. Importantly, accessibility needs emerged as highly indi-
vidualized and context-dependent in our study, suggesting that 
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adaptive, user-guided modification workflows are more appropri-
ate than rigid, global transformations. 

By enabling controlled, query-guided modifications grounded 
in embodied metadata and accessibility rules, RAVEN supports 
accessible interaction as an iterative, user-directed process. This 
design preserves user agency, aligns modifications with contextual 
grounding, and avoids the brittleness of one-shot transformations, 
positioning RAVEN as a complementary and necessary approach 
alongside existing static and LLM-based accessibility tools. 

7.4 Reducing Developer Burden through 
Metadata Automation 

Our system required manual developer setup to populate the se-
mantic scene graph with object and sound descriptions (section 6). 
In our preliminary developer study, participants found the overall 
workflow learnable and usable, but expressed concern about scaling 
tagging and description efforts to larger scenes. Several requested 
automation to generate names, collect renderers from nested ob-
jects, and produce first-pass descriptions for both visual and audio 
elements. 

These requested capabilities can be supported in future integra-
tions of RAVEN’s authoring into mainstream developer environ-
ments. For example, Cap3D provides scalable 3D object caption-
ing [48], and ExCap3D supports expressive, variable-level descrip-
tions [88]. Audio language models (e.g., Audio Flamingo [43]) can 
generate captions for sound sources. Accessibility-focused plugins 
such as UI Accessibility Plugin [52] could integrate these intelligent 
capabilities to generate a first-pass layer of accessibility metadata 
for developers. 

Future systems could integrate such tools into development 
workflows (e.g., Unity editor scripting [78]) to semi-automate tag-
ging. Developers would still refine outputs to capture context-
specific meaning (e.g., labeling a “red vial” as a “health potion”), 
but automation could substantially reduce workload. By combin-
ing automated metadata generation with human curation, systems 
could better support detailed, context-aware accessibility queries 
without placing unrealistic demands on developers. 

7.5 Conversational Programming for 
Personalized Accessibility 

Beyond ensuring safety and scalability, our findings highlight the 
importance of personalization—how accessibility preferences differ 
across users and can be supported through conversational program-
ming. RAVEN is, to our knowledge, the first system to combine 
conversational interaction with runtime code generation for accessi-
bility in 3D environments. Despite current limitations, participants’ 
engagement demonstrates the potential of conversational program-
ming [65] to remediate accessibility barriers in ways that adapt 
to individual preferences, particularly where fixed guidelines fall 
short. 

Our findings showed marked differences in how categories were 
valued depending on participants’ visual ability and history of 
vision. Low-vision participants benefited from color and bright-
ness adjustments, while blind participants often dismissed these as 
cosmetic or irrelevant. Conversely, blind participants emphasized 
precise spatial orientation, whereas some low-vision participants 

preferred richer visual cues. By accommodating both, RAVEN re-
sponds to the diverse and sometimes conflicting preferences of 
BLV users [75], demonstrating how conversational programming 
can enable personalized accessibility. Rather than treating “blind” 
and “low-vision” users as two homogeneous groups, our analysis 
reflects this continuum of abilities and preferences, which further 
motivates an adaptive, user-directed approach over static presets. 

Beyond 3D environments, similar approaches could extend to 
domains such as web browsing, education, or productivity tools. 
For example, extensible screen readers like NVDA could be aug-
mented with LLM capabilities to generate custom add-ons from 
natural language instructions, tailoring themselves to individual 
needs. More broadly, the non-prescriptive and adaptive nature of 
conversational programming could support people with multiple 
disabilities or with fluctuating access needs, where requirements 
change across contexts and personal circumstances [49]. 

7.6 Limitations and Future Work 
Our study represents an early exploration of conversational pro-
gramming for accessibility in 3D environments. Several limitations 
qualify our findings and point to opportunities for future work. 
First, the system exhibited a non-trivial error rate, meaning it is not 
yet deployable in real-world applications and may have negatively 
impacted user trust and usability during evaluation. Future work 
should prioritize error prevention and robust verification meth-
ods to increase trust and reliability. Second, the system lacked an 
understanding of object affordances (e.g., distinguishing the sit-
ting surface of a bench from its coordinates), limiting functional 
interactions. Richer semantic modeling of object properties will be 
needed to support more realistic accessibility modifications. Third, 
our evaluation was conducted in a controlled, scenario-based set-
ting with short-term tasks. Although this is comparable to other 
accessibility evaluations, our sample size (eight BLV participants) 
limits the statistical power of between-group comparisons, which 
means our findings should be interpreted primarily as qualitative 
and exploratory. Finally, longer-term deployments in commercial 
games or fast-paced contexts (e.g., combat scenarios) are necessary 
to assess real-world viability. 

8 Conclusion 
RAVEN explores a new frontier in accessible interaction—enabling 
blind and low-vision users to query and modify 3D virtual envi-
ronments through natural language. By combining semantic scene 
understanding with real-time code generation, RAVEN shifts acces-
sibility from a static, developer-defined feature to an interactive, 
user-driven experience. Our evaluation with eight BLV participants 
demonstrated the promise of this approach: users found the system 
intuitive, flexible, and empowering. At the same time, limitations 
around reliability, error transparency, and emergent user needs 
point to the importance of future advances in guardrails, verifi-
cation, and automated metadata. Such efforts will be critical to 
ensuring safe, trustworthy, and scalable deployment of generative 
accessibility systems. 
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A Appendix 

A.1 Appendix 1: Prompt Constructor 
Instructions 

A.1.1 Accessibility Support Instructions: The following is a section 
about colors: The HEX code represent the color. When asked about 
the color of an object, answer with natural language color instead 
of HEX code. Red-green color blindness is a type of color vision 
deficiency that makes it difficult to distinguish between shades of 
red and green. To make a scene more accessible for someone with 
red green color blindness, you should change the color palette. To 
make a palette for red green colorblind, avoid combining red and 
green. Also, make sure the new color created are not the same or 
similar as the other colors in the surroundings. To highlight an 
object, you can use the GPT Indicator material. To highlight an 
object without a Renderer, you create a transparent sphere with 
GPT Indicator material at its location for 5 seconds. To select an 
object, you can create a transparent sphere with GPT Indicator 
material at its location for 5 seconds. For simplifying material or 
texture of an object: When asked to simplify material or texture 
of an object, create a new material that is closest to the object’s 
original color and assign this new material to the object. If the 
original color is not provided, use the best guess given the object 
name. To change the color of an object, first simplify the texture 
and then change the color. 

The following is a section about object and text size: When asked 
about size of an item, each unit is a meter. Answer how big an object 
is based on the size in meters. When asked about how big is a text, 
answer the font size of the text. 

The following is a section about spatial relationship between 
objects: When “me, I, my” is referred, it means the player. When 
asked about location of objects, answer the object’s location relative 
to the player’s location. When asked about the location of one 
object relative to another, respond by the distance calculated using 
euclidean distance between the center of the two objects. Be as 
precise as possible. Also answer how far the item is to the player 
in common sense, like "the object is close to you" or "the object is 
far away from you". 

The following is a section about scene brightness: To add a light 
to an area, create a Sphere game object in the area and add a point 
light to the sphere. To make a light source brighter, adjust the 
intensity of the Light component. 

The following is a section about audio sources: To change the 
volume of a sound source, change the volume parameter on the 
AudioSource. To change the pitch of a sound source, change the 
pitch parameter on the AudioSource. To change the range of a 
sound source, change the max distance. 

When asked to describe the scene or what are in the scene, 
describe it briefly, group similar objects together instead of listing 
all items. 

A.1.2 Error Prevention Instructions: If the request is general or in-
complete, please ask follow-up questions for precise details and 
contexts, and leave the ’code’ field null. If the request says it’s 
not working, please ask follow-up questions to clarify what’s hap-
pening and suggest users to refine their request. If it’s still not 
working, apologize to users and ask them to try another task. If 
the request is out of your capability, tell users that the request is 
out of scope. The types of requests that cannot be achieved include: 
make zoom/magnifier, edge enhancement, color change on textured 
materials, object deletion. 

A.2 Appendix 2: Scene 1 Demo Example 
Prompts 

A.2.1 Color. 

(1) “What is the color of the cube?” (query) 
(2) “What is the color of the sphere?” (query) 
(3) “Make the color of the cube the same as the sphere.” (modifi-

cation) 
(4) “What is the color of the cube now?” (verification) 

A.2.2 Object Size. 

(1) “What is the size of the speaker 1?” (query) 
(2) “Can you make it smaller?” (modification) 
(3) “Will it fit into my hand?” (verification) 

A.2.3 Object Location. 

(1) “Grab one of the speakers onto my hand.” (modification) 
*Move around and hear that speaker one is following you* 

(2) “What am I grabbing?” (verification) 

A.2.4 Scene Brightness. 

(1) “How bright is the scene?” (query) 
(2) “Make the sunlight brighter.” (modification) 
(3) “How bright is the scene now?” (verification) 

A.2.5 Audio Volume. 

(1) “Mute all speakers” (modification) 
(2) “Unmute speaker one” (modification) 
(3) “Move speaker one much closer to me” (modification) 
(4) “Make the speaker one sound much louder” (modification) 

A.2.6 Audio Pitch. 

(1) “Make the pitch of speaker one higher.” (modification) 
(2) “Is the pitch of speaker 1 higher than speaker 2 now?” (veri-

fication) 
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