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Abstract 

Many Activities of Daily Living (ADLs) and Instrumental Activities of Daily Living (IADLs), 
such as cooking, are highly visual and create barriers for people with vision impairments. With 
over 2.2 billion people globally affected by vision impairment, these challenges significantly im-
pact autonomy, health, and overall quality of life. Cooking, in particular, involves navigating 
the kitchen, identifying ingredients, and following recipes, which often leads to reliance on un-
healthy, costly pre-packaged meals. This contributes to a 150% higher obesity rate among people 
with vision impairments. Despite advancements in assistive technology, there remains a criti-
cal gap in providing solutions that address non-visual interaction with the physical information 
space required for complex tasks like cooking. 

This thesis addresses that gap by asking how AI-enabled assistive technologies can support 
non-visual interaction with physical activities, using cooking as a concrete and demanding set-
ting. For an AI-based system to be useful in a kitchen, it needs structured information about 
objects, environments, and user actions; a generalized text or vision model alone cannot supply 
the contextual information a blind cook actually needs at the moment they need it. I argue that 
progress requires first architecting a physical information space for non-visual cooking, a struc-
tured account of what to track, why it matters, and how it should be communicated, and then 
building AI-driven systems on top of that representation. 

The thesis is structured around six research efforts. First, a content analysis of 122 YouTube 
videos and semi-structured interviews with 12 blind cooks established the practices and chal-
lenges of non-visual cooking, identifying eight key challenges that current technology fails to 
address. Second, an interview study with 20 blind cooks and four rehabilitation instructors pro-
duced a design framework for accessible recipes, characterizing what content, structure, and tech-
nological support a recipe needs in order to be usable non-visually. Third, an in-home contextual 
inquiry with 12 blind cooks produced a taxonomy of the contextual information about kitchen 
objects (five primary, two secondary, and one application-specific category) that is required to 
act safely and confidently in the kitchen. Fourth, OSCAR (Object Status Context Awareness 
for Recipes) operationalized one piece of that information space: it extracts object-status transi-
tions from recipes, aligns them with cooking video, and uses a time-causal model to track recipe 
progress, improving step-prediction accuracy by more than 20% over text-only baselines on both 
YouCook2 and a newly collected dataset of 12 real-world non-visual cooking sessions. 

Building on these four studies, the thesis introduces the Object Dependency Graph (ODG), a 
unifying representation of a recipe that integrates object status, prerequisites, safety, non-visual 
cues, measurements, progress tracking, and parallelism into a single, machine-readable structure. 
The ODG is decomposed into seven design rules (R1–R7), each explicitly traceable to one of the 
prior chapters, and is implemented as a voice-first cooking assistant paired with a researcher 
dashboard. I evaluated the ODG-based assistant in a within-subjects remote study with 10 blind 
and low-vision participants comparing it against a screen-reader baseline across nine recipes 
spanning multi-stage, linear, and high-parallelism cooking flows. The study used matched task 
probes, custom Likert measures mapped to specific ODG rules, and a closing semi-structured 
interview. 



The evaluation shows that the ODG materially improves the dimensions of non-visual cooking 
that screen readers currently fail to support: hazard awareness, parallel-task identification, and 
measurement and technique clarity all improved substantially under the ODG condition, while 
progress orientation showed a mixed pattern that points to concrete onboarding and verbosity 
refinements. Participants also articulated when they would and would not adopt a voice-first 
assistant, surfacing populations the system does not yet serve well. Together, the chapters of this 
thesis show that non-visual cooking is best supported not by better screen readers or better vision 
models in isolation, but by an explicit information space, the ODG, that ties what a system can 
perceive to what a blind cook actually needs to know while cooking. 
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Chapter 1 

Introduction 

People with vision impairments face significant challenges in performing Activities of Daily Liv-
ing (ADLs), such as eating and mobility, and Instrumental Activities of Daily Living (IADLs), 
including cooking [18]. Vision impairment, affecting over 2.2 billion people worldwide, has a 
profound impact on autonomy, health, and overall quality of life [191]. Cooking, in particular, 
poses unique challenges, including navigating the kitchen, identifying ingredients, and following 
recipes, often leading to a reliance on pre-packaged meals that are unhealthy and costly. This con-
tributes to a 150% higher obesity rate among people with vision impairments compared to those 
without disabilities [32]. Beyond nutrition, these barriers also limit the ability of visually impaired 
individuals to engage in cooking as a social activity, further affecting their autonomy and social 
interactions [110]. Although assistive technologies have improved tasks such as navigation and 
discrete object identification, there remains a significant gap in their ability to support complex 
physical activities like cooking, which require real-time contextual information and step-by-step 
guidance grounded in the state of the physical world. 

Cooking, as a dynamic physical activity, presents multiple challenges at various stages— 
before, during, and after meal preparation [68]. For those who have recently lost their vision, 
extensive rehabilitation is often required to relearn cooking skills, and even after this training, 
challenges persist when attempting unfamiliar dishes. These challenges include finding accessi-
ble recipe information, tracking ingredients, organizing the kitchen space, and understanding the 
status of objects (e.g., determining whether food is fully cooked or whether ingredients are at the 
right temperature) [110]. Mainstream AI vision apps can already help with discrete tasks such as 
recognizing the denomination of currency or the color of clothing [135, 144], but more complex 
tasks like cooking require a deeper understanding of physical context and ongoing changes in the 
environment [110]. An AI-based cooking assistant must detect, track, and interpret the status of 
objects in real time while also guiding users through multi-step processes that branch, overlap, 
and recover from interruptions. 

Central to addressing these challenges is the creation of a physical information space for non-
visual cooking—a structured representation that an AI system can use to understand the physical 
environment, know what each cook needs in the moment, and provide contextual, actionable sup-
port. This notion extends the established concept of an information space [57] from digital docu-
ments to the physical, continuously changing environment of a hands-on activity. Constructing 
such a physical information space requires answering three coupled questions: (1) what does 
the system need to track about the kitchen and the cooking process, (2) why does each piece of 
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that information matter for a blind cook, and (3) how should the system communicate it through 
a non-visual channel? Unlike tasks that can be addressed with static datasets, physical activi-
ties like cooking demand continuously updated information about the environment, objects, and 
user actions; an assistant must reason, for example, about whether a pan has reached the correct 
temperature or whether food has been properly prepared. This thesis argues that progress 
in AI-enabled assistive technology for non-visual cooking depends on first architect-
ing this physical information space as an explicit, structured object, and then building 
AI systems on top of that representation rather than directly on top of recipe prose or 
general-purpose vision-language models. The Object Dependency Graph (ODG), the central 
technical contribution of this thesis, is one concrete instance of such a representation, and the 
voice-first cooking assistant built on top of it is one concrete demonstration of how that repre-
sentation can be delivered to blind cooks. 

The research efforts presented in this thesis trace this argument through six moves: under-
stand the practices and challenges of cooking without vision; design accessible recipe systems 
for non-visual access; inquire into the contextual object information blind cooks rely on while 
cooking; build OSCAR (Object Status Context Awareness for Recipes), a vision-language pipeline 
that tracks object-status transitions and aligns them to recipe steps; represent the resulting in-
formation space as the Object Dependency Graph (ODG), decomposed into seven design rules 
(R1–R7) each traceable to a specific prior study; and deliver and evaluate the ODG as a voice-
first cooking assistant, compared against a screen-reader workflow as a familiar reference con-
dition under a within-subjects user study. The remainder of this chapter develops each of these 
moves in turn. 

1.1 Overview 

Given the limited research on non-visual cooking, my work began by conducting a content analy-
sis of 122 YouTube videos and semi-structured interviews with 12 visually impaired individuals to 
understand their cooking practices and challenges (Chapter 3). I identified and categorized prac-
tices for 12 different cooking activities, such as measuring ingredients and testing food for done-
ness, and surfaced eight cross-cutting challenges, including accessing information while cooking 
and determining the status of objects. These findings frame what an assistive system for non-
visual cooking must support if it is to deliver information that accurately reflects the needs of 
visually impaired cooks. 

Building on this foundation, I focused on how visually impaired individuals access and follow 
recipes, since this is a critical bottleneck in non-visual cooking (Chapter 4). I conducted fur-
ther interviews with 20 visually impaired cooks and four instructors from a vision rehabilitation 
center to explore how users interact with recipe information at various stages of cooking. This 
research uncovered challenges such as the need to wash hands frequently when interacting with 
recipe readers and difficulties in structuring recipe information, and led to a design framework 
for accessible recipe content, structure, and supporting technology. 

In addition to improving recipe access, it is crucial to provide real-time object status informa-
tion (e.g., temperature, shape, expiration date, and location) during cooking, since this directly 
impacts the confidence and independence of visually impaired cooks (Chapter 5). Existing vision 
apps often struggle to provide this type of contextual information in a cooking environment. 

2 



1.2. CONTRIBUTIONS 

To explore this further, I conducted a contextual inquiry with 12 visually impaired participants 
in their own kitchens, identifying eight categories of contextual information they rely on while 
cooking, along with their preferences for how that information should be communicated. 

To bridge the perception gap identified in the prior studies, I built OSCAR (Chapter 6), a 
vision-language system that extracts object status from recipes, aligns visual frames to recipe 
steps, and provides a context-aware progress tracker for following a recipe in real time. OSCAR 
demonstrated that reasoning about object status transitions substantially improves recipe step 
prediction over text-only baselines on both YouCook2 and a newly collected dataset of real-world 
non-visual cooking sessions, and made the gap between perceiving object status and delivering it 
to a blind cook visible as the next problem to solve. 

Synthesizing the four prior studies, I then developed the Object Dependency Graph (ODG) 
(Chapter 7), a unifying representation of a recipe that integrates object status, prerequisites, 
safety, non-visual cues, measurements, progress tracking, and parallelism into a single machine-
readable structure. The ODG decomposes into seven design rules (R1–R7), each grounded in a 
specific prior chapter, that govern the behavior of an ODG-aware assistant and that can be tog-
gled independently at run time. I implemented the ODG as a voice-first cooking assistant with a 
paired researcher dashboard (Chapter 8) and evaluated it in a within-subjects remote study with 
10 blind and low-vision participants, organized around three research questions on user experi-
ence, per-rule mechanism, and adoption in everyday cooking. The thesis closes (Chapter 9) with 
a synthesis of findings across all prior chapters, a consolidated list of empirical, conceptual, tech-
nical, and dataset contributions, seven concrete design guidelines distilled from the work, and a 
roadmap for future directions. 

1.2 Contributions 
The series of studies and systems presented in this thesis advances both the empirical understand-
ing of non-visual cooking and the technical machinery for supporting it. The contributions are 
grouped below by type and consolidated in full in Chapter 9. 

Empirical contributions. 

• A characterization of non-visual cooking practices and challenges through content analysis 
of cooking videos and semi-structured interviews with visually impaired cooks (Chapter 3). 

• A design framework and opportunities for non-visual recipe access, derived from inter-
views with both blind cooks and cooking instructors at a vision rehabilitation center (Chap-
ter 4). 

• A taxonomy of contextual object information needs for non-visual cooking, constructed 
through a contextual inquiry in blind participants’ own kitchens (Chapter 5). 

• A within-subjects user study with 10 blind and low-vision participants that examines how 
blind cooks experience an ODG-aware assistant end-to-end, how each of the seven rules 
shapes what the assistant says and when, and how an ODG-aware assistant would fit into 
everyday cooking, using a screen-reader workflow as a familiar reference condition to-
gether with custom Likert measures mapped to specific rules and a closing semi-structured 
interview (Chapter 8). 
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Conceptual contributions. 

• The articulation of a physical information space for non-visual cooking, framed as a struc-
tured account of what an AI assistant needs to track, why each piece matters, and how it 
should be communicated. 

• The Object Dependency Graph (ODG), a unifying representation of a recipe that integrates 
object status, prerequisites, safety, non-visual cues, measurements, progress tracking, and 
parallelism into a single structure grounded in the four prior contributions of this thesis 
(Chapter 7). 

• A decomposition of the ODG into seven design rules (R1–R7), each traceable to a specific 
prior chapter, that govern the behavior of an ODG-aware voice-first assistant and that can 
be independently enabled or disabled at run time (Chapter 7). 

• A thesis-wide synthesis that distills seven concrete design guidelines (G1–G7) for AI-enabled 
assistive technology in non-visual physical activities and charts directions for future work 
(Chapter 9). 

Technical and artifact contributions. 

• OSCAR, a vision-language pipeline that extracts object status from recipes, aligns visual 
frames to recipe steps with a time-causal model, and substantially improves recipe step 
prediction over text-only baselines (Chapter 6). 

• A runnable end-to-end voice-first cooking assistant built on the ODG, with a paired Wizard-
of-Oz researcher dashboard and an input-agnostic reasoning engine that grounds every 
spoken reply in a structured ODG query rather than in recipe prose (Chapter 8). 

Dataset contribution. 

• A new dataset of real-world non-visual cooking sessions captured by blind cooks in their 
own homes, annotated for evaluating vision and language models in this setting (Chapter 6). 
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Chapter 2 

Background and Related Work 

This chapter situates the thesis within four bodies of prior work: (1) cooking as a research do-
main in HCI; (2) information spaces and embodied interaction as theoretical frames for AI-enabled 
assistive technology in physical activities; (3) the lived experience of people with vision impair-
ments around food and cooking; and (4) the assistive-technology landscape currently available 
to non-visual cooks, including the recent generation of large language and vision-language mod-
els. Each section closes with a short pointer to what the present thesis adds, and Section 2.5 
consolidates the gaps that the empirical chapters and the ODG (Chapters 3–8) take up. The nar-
rower body of related work that touches directly on structured recipe representations, voice-first 
cooking assistants, conversational and mixed-initiative agents, and accessibility-focused recipe 
systems is positioned more precisely against the Object Dependency Graph itself in Section 7.2 
of Chapter 7; here I keep the framing broad. 

2.1 Cooking and Technology as a Research Domain 

Cooking has long served HCI as a setting in which the physical, social, and cognitive dimensions 
of everyday life intersect, which is also what makes it a demanding test bed for assistive technol-
ogy. This section reviews how the field has framed cooking as a research domain, the interactive 
systems that have been built around it, the way recipe instructions have been designed for those 
systems, and the assumptions about users that those systems have tended to encode. 

2.1.1 The Cultural and Everyday Importance of Cooking 

Cooking is more than a means of sustenance; it is tied to social, cultural, and personal identity, 
and shapes how individuals express themselves and connect with others [12]. Pollan describes 
cooking as a bridge between the natural world and human society: transforming raw ingredi-
ents into shared meals supports social bonds and personal satisfaction [149], and across many 
cultures cooking is also a vehicle for transmitting tradition and family practice [6,25,127]. These 
observations are what motivate the HCI community’s sustained interest in cooking as a domain 
in which interactive systems can support food-related activities ranging from meal planning and 
grocery shopping to cooking and social dining [41, 67, 68]. 
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Recent decades have also seen a documented decline in everyday cooking skills, particularly 
among younger generations, attributed in part to the convenience of processed foods and the 
erosion of formal cooking education [11,33,53,171]. This decline carries both health and cultural 
consequences and creates an opening for interactive systems that scaffold cooking skill: cooking 
apps, smart kitchen tools, and conversational assistants can offer step-by-step guidance, person-
alized meal plans, and real-time feedback, lowering the threshold to home cooking for users who 
would otherwise default to pre-prepared meals [165, 167]. For people with vision impairments, 
who already face elevated obstacles to home cooking [20, 32], this skill-scaffolding role is even 
more consequential. 

2.1.2 Interactive Cooking Systems 
A long line of HCI work has built interactive systems that operate inside the kitchen itself rather 
than around it. Early projection-based systems such as CounterActive [87] and PersonalChef 
[134] put recipe instructions directly onto the work surface or rendered a life-sized virtual chef 
into the room, removing the need to handle a phone or laptop while cooking. Kitchen of the 
Future [164] distributed instructions across multiple screens placed where the cook would need 
them, while CooksCollage [183] used a visual timeline of completed steps to help cooks resume 
after interruption. Voice- and gesture-based systems including eyeCOOK [26] explored hands-
free recipe interaction with eye tracking and speech for moments when the cook’s hands were 
occupied or dirty, and instrumented hardware such as Panavi [184] embedded sensors in the pan 
itself to give real-time feedback on cooking technique. 

AI-driven kitchen technologies extend this line of work by monitoring kitchen activities and 
objects [107, 141], supporting multimodal control of appliances [21, 96, 188], embedding sensing 
in smart tools and utensils [99], and providing dynamic recipe guidance [35, 38, 55, 104]. Lei et 
al. [107], for example, used RGB-D cameras to recognize fine-grained cooking activities and ob-
jects, and Konig and Thongpull’s Lab-on-Spoon [99] packaged temperature, color, and pH sensing 
into a multi-sensor utensil for food-quality inference. Across these systems, the consistent design 
move is to move some piece of the cook’s cognitive load into a perception or guidance layer that 
the kitchen itself provides; what differs from system to system is which piece, and through which 
sensory modality. 

2.1.3 Recipe Design and Instruction Structure 

How a recipe is written and structured has a measurable effect on how effectively users can follow 
it. Traditional recipe formats, which separate the ingredient list from the method, force the cook 
to mentally integrate the two streams while cooking, which raises cognitive load and increases 
the chance of errors [181]. This burden is especially heavy on novice cooks, who are still building 
the working memory and procedural fluency to manage multiple tasks at once [59]. Interactive 
systems such as PersonalChef [134] and Panavi [184] have attempted to reduce this burden by 
interleaving ingredient quantities directly into the step-by-step method, so that the cook reads 
the relevant amount alongside the action that consumes it. Empirical work on instruction design 
more broadly recommends presenting steps in a clear chronological order, chunked into logical 
units, and supported by visual aids where appropriate [59, 168]. These principles also surface 
again in Chapter 4, which extends them to non-visual recipe access. 
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2.1.4 Assumptions and Gaps in Cooking Technology Design 

Many interactive cooking systems are built on assumptions about what cooks need that are not 
always grounded in empirical observation. Researchers have routinely assumed that cooks want 
help with multitasking, with efficiency, or with confidence-building, but these assumptions do 
not always match how home cooks describe their own practice [68]. Systems like HappyCook-
ing [76], which optimizes for cooking multiple dishes in parallel, presuppose that throughput is 
a primary user goal, and systems like CooksCollage [183] that focus on interruption recovery 
presuppose that interruptions are the dominant pain point. Bell and Kaye’s [13] ethnography 
of domestic cooking suggests that, for many cooks, the activity is closer to leisure or creative 
practice than to a task to be optimized. 

A related gap is who these systems are designed for. The bulk of interactive cooking work 
has been built with younger, sighted, technologically fluent users in mind, with comparatively 
little attention to older adults, people with disabilities, or novice cooks. VERA [176], which uses 
visual cues to help individuals with aphasia follow recipes, is one of the few systems in this 
lineage that takes accessibility as its central design constraint. The empirical chapters of this 
thesis (Chapters 3–5) are partly motivated by this gap: they ground the design of an assistive 
cooking system in what blind cooks actually do, what they actually need to know, and where 
mainstream interactive cooking systems leave them unsupported. 

2.2 Information Spaces for Physical Activity 

The thesis is built around the claim that AI-enabled assistive technology for physical activity 
needs an explicit, structured representation of the physical environment, the user’s needs, and 
the action under way, what I call a physical information space (Chapter 1). This section reviews 
the theoretical foundations of that claim, drawing on three converging strands of HCI research: 
information spaces as a design construct, distributed cognition, and embodied interaction. 

2.2.1 Information Spaces as a Design Construct 
The notion of an information space—an environment of information that a person navigates, 
rather than a static document they read—has a long lineage in HCI. Early work framed interac-
tion itself as navigation through an information space [16, 51], and information-foraging theory 
characterized how people move through such spaces under the cost of acquiring information, 
following information scent toward what they need [148]. This tradition shifts attention away 
from static, application-centered documents and toward dynamic, user-centered environments 
that respond to context. Building on it, Fox et al. [57] propose a multiscale personal information 
space that adapts to a user’s cognitive and contextual needs across tasks, and argue that future 
computing systems will need to move beyond document-based interfaces to accommodate richer, 
task-driven interactions. I take Fox et al.’s construct as the most direct starting point because it 
is explicitly personal, multiscale, and context-adaptive—the three properties an assistive cooking 
system most needs—while the foraging and navigation lineage supplies the underlying account 
of why structuring an information space, rather than serving a flat document, changes what a 
user can find and act on. 

7 



CHAPTER 2. BACKGROUND AND RELATED WORK 

For physical activities such as cooking, this framing matters because the information a user 
needs is not primarily textual: it concerns where objects are, what state they are in, what is safe to 
do next, and which actions can be parallelized. A physical information space, in the sense used in 
this thesis, extends this construct from digital documents and screens to the physical environment 
of an ongoing activity: the objects, their changing states, and the cook’s position within the task 
become the space that the assistant helps navigate. It is the version of the information-space idea 
appropriate for AI-enabled assistive technology operating in a physical environment. 

2.2.2 Distributed Cognition and Embodied Interaction 

The information-space view dovetails with two long-standing HCI frameworks for thinking about 
physical-world tasks. Hollan, Hutchins, and Kirsh’s theory of distributed cognition [80] holds that 
cognitive processes are not confined to the head but are distributed across people, artifacts, and 
environments. For a blind cook, distributed cognition is not a metaphor: tactile labels on spice 
jars, the felt heat radiating from a pan, the angle of a cutting board against the counter, and the 
running spoken summary from an assistant are all part of the cognitive system that completes 
the recipe. Dourish’s embodied interaction framework [50] reinforces this view from a different 
direction: cognition and action are tightly coupled, and information becomes usable through 
the physical context in which a user encounters it. Together these two frameworks imply that 
assistive systems for physical activity must structure information so that it can be perceived and 
acted on in the body and in the environment where the action takes place, not retrieved from a 
separate textual surface. 

2.2.3 From Theory to a Physical Information Space for Cooking 

The bridge from these theoretical commitments to a runnable system is the question of what 
to put in the information space and how to expose it. Mainstream representations of cook-
ing, whether recipe prose, screen-reader navigation through that prose, or the embeddings of 
a general-purpose vision-language model, do not by themselves answer this question. Recipe 
prose collapses the underlying procedural structure, the safety constraints, and the parallelism 
into linear text [117]; vision-language model embeddings, while expressive, do not enumerate the 
named fields a downstream assistant needs in order to deliver the right piece of information at the 
right moment. The Object Dependency Graph introduced in Chapter 7 is one concrete proposal 
for what a physical information space for cooking should look like: a typed structure with named 
fields for object status, prerequisites, safety, non-visual cues, measurements, progress tracking, 
and parallel groups, each of which is what makes a corresponding assistant behavior possible at 
run time. 

2.3 People with Vision Impairments and Cooking 

This section turns from cooking-in-HCI generally to the specific population this thesis serves. 
It reviews how vision impairments affect food-related activities, the challenges and adaptations 
blind cooks develop in the kitchen, and the gap that current technology leaves around real-time 
contextual support. 
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2.3. PEOPLE WITH VISION IMPAIRMENTS AND COOKING 

2.3.1 Vision Impact on Cooking and Food-Related Activities 
Vision impairments profoundly affect the ability to engage in food-related activities such as shop-
ping, meal preparation, and cooking. The loss of visual cues complicates these tasks and often 
requires alternative strategies or sighted assistance, with the severity of vision impairment tightly 
correlated with the difficulty of daily food-related activities [20]. In a survey of over 100 visu-
ally impaired individuals, Jones et al. [86] found that severe impairments substantially increase 
the difficulty of meal preparation and documented an association with malnutrition, with down-
stream effects on overall quality of life. 

The downstream effects are also social and economic. Bilyk et al. [20] report that participants 
in their study consumed at least 40% of their meals in restaurants because of the complexity of 
cooking at home, which both adds financial cost and reduces control over meal choices. Kostyra 
et al. [100], in a survey of 250 respondents, found that only 49.6% prepared their own meals, with 
the remainder relying on sighted or fellow blind assistance, and that 57.6% leaned on ready-to-eat 
products to avoid the risks of cooking from scratch. 

2.3.2 Challenges and Adaptations in the Kitchen 

When blind cooks do prepare their own meals, certain tasks are reported as disproportionately 
difficult: peeling vegetables (82.1% of respondents in [100]), frying foods (72%), and more broadly, 
any task involving chopping, stirring, heat control, or sharp tools [20, 86]. These difficulties 
extend beyond food handling: organizing kitchen space and tracking ingredients are themselves 
cognitively expensive, and frequent mismatches between expected and actual object position can 
lead to frustration and prolonged cooking times [190]. 

To compensate, blind cooks adapt their practice in ways that rely on senses other than vision 
and on systematic spatial organization. They use tactile and auditory cues to gauge doneness and 
to monitor cooking progress [190], they reorganize the kitchen so that frequently used objects 
can be located by touch [20], and they develop personal routines that minimize the need for visual 
inspection. These adaptations work, but they impose a real cognitive cost and require time and 
rehearsal to internalize. Li et al. [110] characterize this in detail through interviews and video 
analysis, surfacing the specific pain points around measuring ingredients, inspecting food quality, 
and tracking objects during meal preparation, and arguing that assistive tools should be designed 
to reduce, rather than mirror, the cognitive load of these adaptations. 

2.3.3 The Need for Real-Time Contextual Support 
Even with adaptation, a clear class of needs persists around contextual information that is not 
available in standard recipes. Blind cooks struggle to navigate recipes efficiently because they 
must continuously track steps, manage workspace, and integrate ambient information that the 
recipe text leaves implicit [20, 117, 190]. The need to re-wash hands before each recipe consul-
tation, documented in both [110] and [100], fragments the cooking flow and makes step-by-step 
interaction with a recipe disproportionately costly. Accessible recipe formats are also scarce: 
most digital and print recipes offer little non-visual structure, leaving the cook to reconstruct 
it on the fly [110, 190]. Real-time contextual systems, whether computer-vision-based or voice-
guided, are well positioned to fill this gap by offloading some of the contextual reconstruction 
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onto a perception or guidance layer that the cook can query at the moment of need rather than 
between recipe consultations [117, 190]. 

2.4 Assistive Technologies for People with Vision Impair-
ments in Cooking 

Assistive technologies for non-visual cooking can be grouped by the modality through which they 
deliver information to the cook: tactile, vision-based, auditory and voice-controlled, multimodal, 
and (more recently) conversational systems built on large language and vision-language models. 
The grouping is convenient but not absolute; the most useful systems combine modalities, and the 
most recent generation of systems is starting to blur the boundary between perception, reasoning, 
and conversational delivery. 

2.4.1 Tactile-Based Technologies 
Tactile markers and overlays offer a low-friction way to make existing kitchen objects identifi-
able by touch. Guo et al.’s Facade [72] generates 3D-printed tactile overlays for the controls of 
household appliances such as microwaves and stoves, letting blind users locate buttons by touch 
where they would otherwise need sighted assistance. Suzuki et al.’s FluxMarker [173] uses mag-
netic and tactile markers to convey position and orientation on top of existing surfaces. These 
approaches are valuable because they are passive, durable, and require no power, but they only 
cover identification of static controls; the dynamic, time-varying state of food and cookware (the 
focus of much of this thesis) is outside their reach. 

2.4.2 Vision-Based Technologies 
Computer-vision systems capture visual information from a camera and translate it into a non-
visual representation for the user. Guo et al.’s VizLens [71] combines computer vision with crowd-
sourcing to make appliance interfaces accessible by identifying buttons in real time. Kim et al. [95] 
use a YOLO-based pipeline to monitor induction cooktops, detecting cookware, cooking zones, 
and hand positions, and providing audio, voice, and light feedback. Fusco et al. [58] demonstrate 
vision-based assistance for ingredient recognition during food preparation, and Tekin et al. [177] 
target the LED and LCD displays of appliances so blind cooks can read settings such as cook-
ing time and temperature. More recent AR-based systems such as CookAR [106] layer object 
identification, utensil recognition, and ingredient measurement into a heads-up overlay. These 
systems perceive the kitchen well, but they typically stop short of the next step in this thesis: 
tying perception to a structured recipe representation that knows what each perception means 
in the context of the recipe the cook is following. 

2.4.3 Auditory and Voice-Controlled Technologies 
Auditory feedback is the dominant delivery channel for non-visual cooking today. The simplest 
forms are ambient or alarm-style cues (e.g., beeping ovens, audible timers) [92, 157]; speech-
synthesis tools [22, 70, 163] and modern text-to-speech systems such as those used in navigation 
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aids [160] deliver richer linguistic content. Voice-controlled assistants such as Amazon Alexa 
and Google Home have become standard fixtures in many blind cooks’ kitchens, used for setting 
timers, asking discrete questions, and (less successfully) for following recipes step by step [1, 
29, 117]. The combination of smartphone-based screen readers, text-to-speech apps, and smart 
speakers covers a wide surface, and is the workflow against which the user study in Chapter 8 is 
framed as a familiar reference condition. 

Existing voice-controlled cooking workflows have well-documented limitations. They tend 
to read the recipe linearly and so do not answer structural questions (“what can I do while the 
oven preheats?”, “which step did I skip?”); their verbosity and pacing are often poorly matched 
to blind users’ preferences [29, 40, 172]; and they bundle proactive behavior (timers, warnings, 
sensory cues) into a single fixed persona that cannot be configured. The ODG-based assistant 
of Chapters 7–8 addresses these specific gaps; the more granular comparison against voice-first 
cooking work is in Section 7.2. 

2.4.4 Multimodal Technologies 
Multimodal systems combine tactile, auditory, and visual feedback to provide more comprehen-
sive support. CueSee [200] integrates auditory guidance with tactile cues to help users identify 
objects and understand their spatial relationships. Kuriakose et al. [103] pair auditory and tactile 
feedback for object recognition and spatial orientation, while Grussenmeyer et al. [69] explore 
haptic-plus-auditory feedback for device navigation. The promise of multimodal systems is that 
different cooking moments call for different delivery channels (a discreet tactile pulse during a 
conversation, an audible alert when the stove gets too hot, spoken guidance when the cook ex-
plicitly asks for it), and a single delivery surface rarely fits every moment. The ODG’s per-state 
nonVisualCues field (Chapter 7) is designed in this spirit: cues are typed by sensory channel so 
that a downstream assistant can choose the appropriate delivery surface rather than collapsing 
every cue into spoken text. 

2.4.5 Large Language Models, Vision-Language Models, and Conversa-
tional AI 

The last few years have seen a step change in the capability of large language models (LLMs) 
and vision-language models (VLMs), with direct implications for assistive technology for blind 
users. General-purpose LLMs such as GPT-4 [3] and the broader generation of conversational 
systems built on them [90] can interpret free-form questions, summarize long documents, and 
produce fluent natural-language explanations, removing several of the rigidity constraints that 
limited earlier voice assistants. VLMs such as CLIP [152] and SigLIP [199] extend this capability 
into the visual domain, supporting open-vocabulary recognition of objects and scenes without 
per-task retraining; the OSCAR pipeline in Chapter 6 is one example of how such models can be 
combined with object-status reasoning for a non-visual cooking task. 

For accessibility specifically, this capability turn has begun to reshape research design. Re-
cent systems use LLMs to mediate conversation between blind users and complex environments 
[10, 125], to coach blind makeup application through vision-grounded language [115], and to 
translate cooking video into accessible step-by-step coaching [83]. Independent work has begun 
to extend the object-status representation from OSCAR into mixed-initiative cooking assistance 
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through the AROMA system [140]. Benchmarks of LLM and VLM behavior on accessibility-
relevant tasks [138] are also starting to characterize where these models succeed and where they 
hallucinate or omit safety-critical information. 

At the same time, LLMs and VLMs are not by themselves sufficient for non-visual cooking. 
They hallucinate object states, miss safety-critical transitions, and lose track of which step is cur-
rent when the conversation extends over many turns [138, 140]. They are also non-deterministic 
in ways that complicate audit and rehabilitation training. The position taken in this thesis is 
that LLMs and VLMs are most useful when paired with an explicit, structured representation 
of the recipe and the kitchen state, with the model providing fluency and the structure provid-
ing grounding. The ODG is this thesis’s proposal for that structured grounding layer; Chapter 8 
demonstrates the pairing by routing every spoken assertion of the ODG-aware assistant through 
a structured engine call rather than through free-form generation. 

2.5 Summary and Positioning of the Thesis 
Read together, the four bodies of work surveyed in this chapter share a common shape. Cooking-
in-HCI has produced a rich library of interactive systems but has tended to assume sighted, 
throughput-oriented users (Section 2.1). The theoretical frames of information spaces, distributed 
cognition, and embodied interaction give principled reasons to design assistive systems around 
the physical environment rather than around a textual document, but they do not by themselves 
prescribe what that environment-anchored representation should contain for a specific physical 
activity (Section 2.2). The empirical work on people with vision impairments and cooking has 
documented in detail what blind cooks find hard and what they adapt around, but the assistive 
technologies most easily available to them (linear screen-reader playback, smart speakers, tactile 
labels, ambient cues) cover only narrow slices of that need (Sections 2.3 and 2.4). The recent ca-
pability turn from large language and vision-language models opens a path to far more flexible 
non-visual cooking assistance, but, on its own, it lacks the structured grounding that would let a 
blind cook trust the assistant’s claims about the recipe and the kitchen (Section 2.4.5). 

The empirical chapters of this thesis (Chapters 3–6) take up these gaps directly: a content 
analysis of non-visual cooking practices and challenges, a study of how blind cooks access and 
structure recipes, an in-home contextual inquiry into the contextual object information they rely 
on, and the OSCAR perception pipeline that turns object-status transitions into a tracked recipe 
progress signal. The ODG (Chapter 7) is the synthesizing construct: a structured physical in-
formation space for cooking, decomposed into seven design rules that a voice-first assistant can 
act on at run time. The implementation and user study in Chapter 8 then probe whether such 
an ODG-aware assistant, evaluated against the screen-reader workflow that today’s blind cooks 
actually use as a familiar reference condition, materially changes the dimensions of non-visual 
cooking that mainstream tools leave underserved. 
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Chapter 3 

Exploration of Non-Visual Cooking 
Practices and Challenges 

This chapter was adapted from my published paper: 

Franklin Mingzhe Li, Jamie Dorst, Peter Cederberg, and Patrick Carrington. 2021. Non-Visual Cook-
ing: Exploring Practices and Challenges of Meal Preparation by People with Visual Impairments. In 
Proceedings of the 23rd International ACM SIGACCESS Conference on Computers and Accessibility (AS-
SETS ’21). Association for Computing Machinery, New York, NY, USA, 1–11. 

3.1 Overview 

Vision is an important sensory modality for humans. Many activities of daily living (ADLs), such 
as cooking and eating, can be difficult without visual support. Jones et al. [86] revealed that 
people with visual impairments tend to have poor nutritional status, which is often linked to 
problems with buying, preparing, and eating healthy food. People with visual impairments may 
have an aversion to cooking due to difficulty accessing visual information and cues during the 
cooking process [20, 100]. This has resulted in people with visual impairments more frequently 
eating out at restaurants or preparing frozen food that may be calorie-rich. According to the 
aforementioned Canadian study [20], eight out of nine participants stated they “disliked or hated 
cooking” because of the time it takes to cook without vision. 

Christine Ha, the first blind contestant of MasterChef, won the third season of the show in 
2012 and described the importance of cooking to people with visual impairments [74,193]. To as-
sist visually impaired individuals to cook independently, there have also been training guidelines 
released by blind communities [187] and cooking-related assistive technologies that are commer-
cially available [78]. For example, people with visual impairments could use voice commands to 
set timers or use a speaking kitchen thermometer to check the temperature of a steak. In order 
to explore the physical information space, it is important to explore the practices and challenges 
of people with visual impairments in cooking and how they leverage different assistive devices 
for cooking. In this chapter, we explore the following research questions: 

• RQ1: What are current cooking approaches and techniques employed by people with visual 
impairments? 
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• RQ2: What are the key challenges, concerns, and risks encountered while preparing meals? 

• RQ3: What are potential opportunities for assistive technologies to support people with 
visual impairments to cook independently? 

In this chapter, we present the findings for RQ1–RQ3 through a content analysis of 122 
YouTube cooking videos by cooks with vision impairments and semi-structured interviews with 
12 visually impaired people. We categorized 12 different activities essential to non-visual cook-
ing and unique practices that people with vision impairments adopt while cooking. We further 
illuminate challenges encountered before, during, and after cooking including: utilizing tools, 
information access, touching and feeling, safety and consequence, precision and ambiguity, orga-
nizing and tracking, item and quality inspection, and collaborative cooking and communication. 
We then discuss potential opportunities to support people with visual impairments while cook-
ing (e.g., status tracking and safety monitoring). This chapter contributes to the knowledge base 
of the physical information space of non-visual cooking with novel findings of cooking practices 
and challenges. 

3.2 Technology Scaffolds for Cooking 

The broad literature on how vision impairments affect food-related activities, on the assistive 
technologies (tactile markers, computer vision, and voice interaction) that make kitchen inter-
faces accessible, and on interactive cooking systems in HCI is consolidated in Chapter 2. This 
section focuses on the work most directly relevant to the present study—technology that scaf-
folds the process of cooking and skill acquisition—and the specific gap it leaves for people with 
visual impairments. 

In terms of cooking processes, prior research has explored learning procedures of cooking [91] 
and different cooking techniques [75, 104]. For example, Kato and Hasegawa [91] introduced an 
interactive sauteed cooking simulator that could visualize different cooking states (e.g., temper-
ature changes, browning from burns), helping users better manage skills such as how to cook 
medium-rare meat. Kusu et al. [104] further proposed a method to calculate a cooking recipe’s 
difficulty level during searching and recommend recipes that match the user’s cooking skills. 
Although this body of work shows how technology can scaffold cooking activities and skill-
building, it is built almost entirely for sighted users: there is little research and understanding 
of what cooking-related practices and learning procedures people with visual impairments have 
adopted, and what challenges they face during these processes. In our work, we showed cooking 
practices of 12 different cooking procedures through a YouTube video analysis and uncovered 
eight themes of cooking challenges through interviews with people with visual impairments. 

3.3 Methodology 

3.3.1 YouTube Video Analysis: Cooking Practices for Visually Impaired 
People 

To understand existing cooking practices and potential risks for people with visual impairments, 
we conducted a YouTube video analysis (searching, filtering, and analyzing YouTube videos re-
lated to cooking practices by people with visual impairments), inspired by prior research on lever-
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aging the richness of YouTube video contents to understand accessibility needs [9]. Our video 
analysis consisted of two main steps: 1) searching for YouTube videos related to cooking practices 
for people with visual impairments; 2) analysis and coding procedures. 

Table 3.1: Searching Keywords 

Searching Keywords 
Blind Cooking, Blind Person Cooking, Blind 
Chef, Legally Blind Cooking, Blind Cooking 
Food, Blind Cooking Dinner, Blind in the 
Kitchen, Visually Impaired Cooking, Visually 
Impaired Person Cooking, Visually Impaired 
Chef, Visual Impairment Cooking 

3.3.1.1 Search Protocol 

In the video searching process, we looked for videos focused on cooking practices for people 
with visual impairments. To search for relevant videos, three researchers independently com-
bined visual-impairment-related keywords (e.g., blind, visually impaired, visual impairment) and 
cooking-related keywords (e.g., cook, cooking, chef, kitchen), forming the final set of search terms 
listed in Table 3.1. To come up with these, our researchers first started with basic searches (e.g., 
blind cooking) and gradually included other keyword combinations from candidate video titles or 
descriptions. Because each search may generate hundreds of results, we then followed the same 
approach as Komkaite et al. [98] by stopping our search for videos after the whole page of results 
started to be irrelevant. 

In total, we initially created a video dataset of 136 relevant videos found by March 28, 2021. We 
then filtered out videos if: 1) the person who cooked in the video did not have visual impairments; 
2) the person only heated frozen food; 3) it had poor audio and video quality or did not show the 
person cooking; 4) videos were duplicated. We then ended up filtering 14 videos and created the 
final video dataset of 122 videos (V1–V122). Among the 122 videos in our dataset, most videos 
were uploaded in 2020 (35), while others were uploaded in 2021 (34), 2019 (11), 2018 (10), 2013 (9), 
2014 (7), 2017 (6), 2016 (5), 2015 (3), and 2012 (2). The average length of videos was 698 seconds 
(ranging from 77 seconds to 2694 seconds). 

3.3.1.2 Video Content Analysis 

To code the videos, three researchers first open-coded [37] the videos independently. Then, the 
coders met and discussed their codes. When there was a conflict, they explained their rationale for 
their code to each other and discussed to find a resolution. Eventually, they reached a consensus 
and consolidated the list of codes. Afterward, we performed affinity diagramming [77] to group 
the codes and identify emerging themes according to the Cooking Guidelines for people with 
visual impairments [187]. Overall, we established 12 themes and 37 codes. The following section 
describes the findings based on the 12 themes. 
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3.3.2 Interview Study: Challenges of Cooking for People with Visual 
Impairments 

Table 3.2: Participants’ demographic information 

Participant Age Gender Vision Impairment Description Learned Cooking 
Before or After 
Vision Loss 

P1 25 Male Totally Blind, Congenital After 
P2 33 Male Legally Blind, Congenital After 
P3 32 Non-binary Legally Blind, Congenital After 
P4 19 Male Totally Blind, Congenital After 
P5 36 Male Totally Blind, Acquired (7 years) Before 
P6 24 Female Legally Blind, Congenital After 
P7 22 Male Totally Blind, Congenital After 
P8 35 Male Legally Blind, Acquired (1 year) Before 
P9 28 Female Totally Blind, Congenital After 
P10 31 Female Legally Blind, Congenital After 
P11 55 Male Legally Blind, Congenital After 
P12 48 Female Legally Blind, Congenital After 

3.3.2.1 Study Procedure 

To understand perceptions and challenges of cooking for people with visual impairments, we 
conducted semi-structured interviews with 12 visually impaired people who have experience 
cooking (Table 3.2). Our participants have an average age of 32, with a range from 19 to 55 
years old. Five of them are totally blind, and the rest are legally blind. Furthermore, ten of 
our participants are congenitally blind and learned cooking after the vision loss, and the other 
two cooked before losing their vision. Participants were recruited through social platforms (e.g., 
Reddit, Twitter, Facebook). To participate in our interview, participants needed to 1) be 18 or 
above; 2) have visual impairments; 3) have experience cooking; 4) be able to communicate in 
English. The interviews were conducted through Zoom and took around 60–75 minutes for each 
participant. Participants who completed the interview were compensated with a $20 Amazon 
gift card. The entire recruitment and study procedure was approved by the institutional review 
board (IRB). 

In the interview, we first asked participants about their demographic information, general 
reasoning and perceptions about cooking, and any barriers they encountered when they started 
cooking. Based on our findings of different cooking procedures and practices in the YouTube 
video analysis, we asked our participants to discuss their perceptions and challenges around dif-
ferent cooking procedures, such as measuring, pouring, and cutting and chopping. Afterward, 
we asked participants to discuss their experiences and challenges with assistive cooking tech-
nologies, cooking with other people, and the modification of kitchen appliances for accessibility 
purposes. 
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3.3.2.2 Data Analysis 

Two researchers independently performed open-coding [37] on the interview transcripts. Then, 
the coders met and discussed their codes. When there was a conflict, they explained their ratio-
nale for their code to each other and discussed to resolve the conflict. Eventually, they reached 
a consensus and consolidated the list of codes. Afterward, they performed affinity diagram-
ming [77] to group the codes and identify emerging themes. Overall, we established eight themes 
and 26 codes. The results introduced in the findings are organized based on eight themes. 

3.4 Findings 

3.4.1 Cooking Practices of People with Visual Impairments 
From the YouTube video analysis, we uncovered unique cooking practices and procedures of 
different people with visual impairments (Table 3.3). 

Table 3.3: Cooking activities from YouTube video analysis for people with visual impairments. 

Category Activities 

General Safe Cooking Practices 
Cutting and Chopping 

Preparation Measuring 
Spreading 
Pouring 
Placing Pans on a Burner 

Cooking 
Baking 
Turning Food 
Testing Food for Doneness 

Tools, Environment, and 
Recognition 

Tools and Small Appliances 
Knowing the Kitchen Space 
Tell Things Apart 

3.4.1.1 General Safe Cooking Practices 

For general safe cooking tips and practices, we found that people with visual impairments usually 
start everything with gentle actions. This includes using a slow cooker rather than an open 
grill to avoid fire flare-ups (V18), always cooking on low to medium heat to avoid injury (V80), 
and putting all food and ingredients in a cold pan first before putting the pan on the burner (V4, 
V6). In V80, the person with visual impairments mentioned in his video: 

“…For people with visual impairments like me, we might have to make different ad-
justments on the pan with our hands or utensils while cooking, I often start with 
using my hand to feel the temperature and cook at low to medium temperature on 
my pan…” 

Beyond starting with gentle actions, we found that people with visual impairments tend to 
use hearing and hand-feeling to compensate for vision needs during cooking. In terms 
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of leveraging hands for feeling during cooking, we found that people with visual impairments 
hold their hands over the pan to gauge temperature (e.g., V11, V23) and use hands to guide food 
onto utensils (V15). For hearing, we found that people with visual impairments leveraged sound 
to tell if oil is hot or not (V90, V94). For example, one cook with visual impairments put a small 
droplet of water into a pan of oil to hear if it was hot (V90). Furthermore, we found that it is 
important for people with visual impairments to memorize the environment in the kitchen, 
including the kitchen layout (V1, V17, V46) and which knobs correspond to which burner on the 
stove (V9). 

Figure 3.1: Different ways of cutting. (a) Cutting with a vegetable chopper. (b) Cutting practice of putting the whole 
hand on top of the knife to cut garlic. (c) Tucking the fingertips under and in toward the palm of the hand and cutting 
with the other hand. (d) Having fingers on both sides of the knife to position where to cut. 

3.4.1.2 Cutting and Chopping 

For cutting and chopping, we learned that many people with visual impairments tried using 
alternative ways to avoid knives, such as using a garlic masher, a vegetable chopper (Fig. 
3.1(a)), a food processor (e.g., V103, V114), scissors (e.g., V84, V94), or even by buying pre-minced 
garlic (V9, V13). Moreover, we found that people with visual impairments sort cut and uncut 
food into different specific locations on the cutting surface (V1, V32). In V1, the person 
commented on her practices in the video: “For me, I always place the cut food at the top right 
corner of my cutting board, so I can keep track of the food that I still need to cut.” We also found 
that people with visual impairments have different practices of using the knife to cut objects. 
For example, we found people perform cutting by 1) having fingers on both sides of the knife to 
position where to cut (e.g., V23, V28) (Fig. 3.1(d)), 2) putting the whole hand on top of the knife 
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(e.g., V20, V27) (Fig. 3.1(b)), or 3) tucking the fingertips under and in toward the palm of the hand 
and cutting with the other hand (e.g., V16, V112) (Fig. 3.1(c)). 

3.4.1.3 Measuring 

To measure food, we first found that there is a common practice for people with visual impair-
ments to use hands to weigh meat and measure spices (e.g., V12, V35). We further revealed 
that people with visual impairments highly rely on using measuring cups with hand as-
sistance to measure liquids (Fig. 3.2). To accurately use measuring cups, people with visual 
impairments either have to memorize the measurements (V51) or use a Braille-labeled set (V10). 
Finally, visually impaired cooks also prefer using existing containers or utensils to measure 
food, such as using the same can to get a 1:1 ratio of water and soup (V89) and using the broad 
side of a knife to measure the size of meat (V96). 

Figure 3.2: Using the hand to direct the oil and measuring cup to measure liquid (V17). 

3.4.1.4 Pouring 

For pouring, we found that people with visual impairments use an extra-large bowl to reduce 
the difficulty of pouring (V53, V56) and usually pour over the sink to make sure spills do not 
matter (V10, V26). To know how much people are pouring, we revealed that people tend to use 
their finger over the spout and/or in containers to know the exact amount (e.g., V16, V21). 
Another common practice we discovered is “making sure you poured everything” to ensure 
all of the ingredients they want are added to their dish. More specifically, we found that 
people first add water to food processor or bowl to get any leftover ingredients (V35) and 
then wipe bowls with fingers to make sure they are empty after pouring (e.g., V30, V59). 

3.4.1.5 Placing Pans on a Burner 

From the video analysis, we recognized that people with visual impairments prefer using a 
traditional electric stovetop over a modern glass top or gas top. The key reason was the 
ease of placing pans on the stovetop. As a practice, we found that people with visual impairments 
tend to use either listening or feeling to know whether the pan is on the burner. For 
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Figure 3.3: The person uses one hand to feel the food location and another to turn the food with a spatula 

example, V19 showed that visually impaired individuals listen to sizzle to tell whether the pan is 
on the burner or not after turning on the fire (V19). As another option, we found people either 
use a hand to feel to make sure the pan is at the center of the stovetop (V96) or use the back of a 
spatula to feel if the pan is on the burner (V19). 

3.4.1.6 Baking 

In baking, we found that visually impaired people have to use their hands to feel batter tex-
ture, check the batter readiness, and shape dough (V41, V88). Specifically, we found that 
visually impaired cooks prefer to fold the dough over parchment paper (V92), use their hands to 
shape the dough (V121), and create barriers when rolling it out (V82). Furthermore, we revealed 
the importance of keeping things clean during baking. For example, V29 mentioned the 
importance of wiping edges of the pan before baking to prevent the burning of anything that 
accidentally got on the edges. Finally, we found people with visual impairments use caution 
with the oven when baking, such as by pulling the oven shelf out slightly to avoid burns (V40). 

3.4.1.7 Turning Food 

For turning food, we learned that people with visual impairments have different preferences 
on choosing tools to accomplish the task. This includes using a large two-prong fork (V55), us-
ing two utensils (V83), and using tongs and spatulas (V33, V78). While turning food, people with 
visual impairments have different practices of keeping track of food locations. For example, 
V22 showed that the person always memorizes how much food she put on the grill and roughly 
where it is. V16 further showed that people with visual impairments use one hand to feel for food 
locations and then use the other hand to turn the food with a spatula (Fig. 3.3). 
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3.4.1.8 Spreading 

From the video analysis, we uncovered that using hands to spread butter or jam is a common 
practice for people with visual impairments to make sure everything is evenly distributed (e.g., 
V43, V63). V88 further showed the practices of using single-use plastic gloves for spreading. 
Beyond using hands, V45 showed the approach of using utensils to spread jam evenly on bread. 

3.4.1.9 Tools and Small Appliances 

In terms of tools and small appliances for cooking, we found that visually impaired individuals 
often use a virtual assistant to set timers. This includes using Siri (e.g., V9, V13), Alexa (V1), 
Google (V4), and analog timers (V44). In V44, the visually impaired person rotated the analog 
timer using her hand position to gauge the correct time. Furthermore, we uncovered that speak-
ing tools are widely used for different purposes, such as using a barcode reader to know 
what is in a can (V5), Aira [43] for identifying cans, screen readers to read recipes off of a phone 
(V29), video magnifiers to read boxes (V17), talking scales (V41) and speaking thermometers (e.g., 
V42, V115). We further found that people with visual impairments tend to use a lot of specific 
tools for specific tasks. For instance, V36 showed that the cook used an automatic can opener 
and listened for when it was done. Other examples include using a tea strainer to rinse off rice 
(V84) and spatula and chopsticks for mixing (V95). 

3.4.1.10 Testing Food for Doneness 

To test whether the food is done, we found that people with visual impairments mostly use five 
different methods. First, they feel to check food doneness, such as feeling food texture with 
a spoon (e.g., V9, V86), feeling for fried food to float to the top with a utensil (V90), and feeling 
cooking food with hands (e.g., V16, V39). We also learned that visually impaired people used 
measures for checking doneness. For example, they initiated a timer (e.g., V19, V54) or used 
a thermometer to check whether the food is done (V19, V121). Moreover, we found people with 
visual impairments also used listening to tell when food sounds done (e.g., V11, V34) and use 
smell to check for food doneness (e.g., V67, V100). For example, V84 mentioned that visually 
impaired people could use sound to know whether water is boiling. Finally, we found that people 
who learned cooking before losing their vision judge food doneness on their intuition and 
prior memories from when they were sighted (V91). 

3.4.1.11 Knowing the Kitchen Space 

From the YouTube video analysis, we discovered that people with visual impairments put a lot of 
effort into organizing the kitchen space to reduce cooking barriers, such as having separate 
space for cooking and for ingredients (V10), keeping the container of utensils handle side down 
so they can feel the ends (V25), keeping measuring cups nested (V28) and always placing utensils 
back to their original places (V3). Furthermore, we realized visually impaired individuals have 
different practices to feel the kitchen space. For example, V22 showed that people use a spatula 
to feel around a hot grill to get to know the space. 
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3.4.1.12 Tell Things Apart 

To tell ingredients or tools apart, we found a common practice for people with visual impairments 
is adding labels on buttons or objects. For instance, visually impaired individuals add Braille 
labels on spice jars (V27, V47) or bump dot stickers for recognizing buttons (V50). Another ap-
proach to tell things apart is by recognizing the size or shape of containers. For example, 
the person from V72 put each ingredient in a different type of bowl to keep track of different 
ingredients. Furthermore, people also rely on smell to tell things apart, such as smelling to 
tell the differences between spices (V35, V65). Finally, we found that some people with visual 
impairments prefer putting their containers in certain orders. For example, some people 
prefer to alphabetically organize spices in their drawers (V50). 

3.4.2 Challenges of Non-Visual Cooking 

In this section, we introduce the challenges of cooking derived from our interviews in eight 
themes: utilizing tools, information access, touching and feeling, safety and consequence, pre-
cision and ambiguity, organizing and tracking, item and quality inspection, and collaborative 
cooking and communication. 

3.4.2.1 Utilizing Tools 

From the interviews, we found that people with visual impairments encountered various chal-
lenges when utilizing tools (e.g., cooking utensils, appliances). In the video analysis, we found 
that people with visual impairments rely on either Braille markers or bump dots to interact with 
an interface (Section 3.4.1.12). In the interview, seven participants commented on the concerns of 
messing up tools with dirty hands and food during cooking. For example, P1 commented 
on the problems of messing up Braille tactile markers on kitchen appliances: 

“…It is very common that I might accidentally have something on my hand, especially 
when I make a dough, then when I touch my Braille markers or bump dots, it just 
stays on the marker and affects me when I want to read the markers…” 

From the video analysis, we learned that people with visual impairments usually utilize many 
tools for different purposes (Section 3.4.1.9). In the interview, we found that eight of our partic-
ipants struggled with having more tools for different purposes than necessary. For ex-
ample, P12 mentioned that she had to use a vegetable holder on one hand to hold the vegetable 
and use another hand to peel it. P4 further commented on his situation of even using syringes 
for cooking: 

“…I have too many tools or cookware for different purposes. I even used syringes to 
measure and add soy sauce to my dishes. But having too many things really freak 
me out, it made me look for things all the time…” 

During the interview, five participants mentioned that existing tools lack confirmation 
and feedback, especially for our participants who learned cooking before vision loss and were 
used to leveraging vision for confirmation and feedback. For example, P8 mentioned the chal-
lenges of just using his spatula to tell where food is and whether the food is done: 
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“…Feel through tools is hard, I cannot just use my spatula to do everything for me, 
it is really hard for me to use it to tell if the food is ready by using tools to feel the 
texture. That is why I said feel is difficult without hand, that is why we need more 
help with adding more sensors at the head of tools to tell me different status, and it 
can also accomplish basic needs…” 

3.4.2.2 Information Access 

In the interview, participants overall complained about information access problems with kitchen 
appliances’ guides and recipes. First, three participants mentioned the lack of details for guide 
manuals and instructions of kitchen appliances. For example, P11 commented on the need 
for more vocal descriptions about the interface layout: 

“…I cannot understand existing manuals and instructions for kitchen appliances like 
pressure cookers, it definitely needs more vocal descriptions about the position of 
different parts and the interface layout. Especially that the current pressure cookers 
or rice cookers have so many buttons…” 

Beyond the manuals, we found our participants complained that recipe content does not 
correspond to how people with visual impairments cook. This includes cookbooks that have 
too many pictures (P9), wording or cooking language varying among different recipes which con-
fused visually impaired cooks (P7), online recipes containing many figures and ads (P1, P3), and 
the way current recipes explain different steps requiring lots of vision support (P8). P8 continued 
with his experiences with recipes like a guessing game: 

“…The descriptions in many recipes are very hard to correspond to the ways that 
I cook now. I was reading a recipe, and it told me to cook the piece of chicken 
until it turns brown and then flip it over. It does not transfer to people with visual 
impairments, it is like a guessing game…” 

Furthermore, we realized that existing recipe structures are not friendly to people with 
visual impairments. Participants commented that different recipes they found online tend to 
have different recipe structures, such as the cook’s notes, nutrition facts, ingredients and cooking 
steps. As a consequence, our participants complained that they always have to go back to check 
the recipe (P1) and do not know where to start the recipe (P1, P3). P6 then further talked about 
her frustration of starting over from the beginning of the recipe because of the non-standardized 
recipe structure: 

“…I use voiceover for apple devices, it typically read the whole recipe. However, 
many recipes do not follow a specific structure which made me easily miss infor-
mation. Once I lose my place, I have to use voiceover to read from the beginning 
again…” 

Besides the need for better recipe structures, we also found that our participants had a diffi-
cult time interacting with the recipe while cooking. Challenges include problems interact-
ing with phones or tablets while cooking (P1), irrelevant ads and pictures (P10), and worries of 
getting both physical recipes and electronic devices dirty while cooking (P10). P10 continued: 
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“…I just cannot find a better way to interact with both my braille recipes and elec-
tronic recipes by getting them dirty and have a better interactive interface while 
cooking. Because my hands often have oil or sauce when I am cooking my dishes…” 

Therefore, it is necessary for future research to consider how to better support cooking-related 
information access and better interactive methods while cooking. 

3.4.2.3 Touching and Feeling 

In the YouTube video analysis, we mentioned that people with visual impairments leverage their 
hands’ feeling for measuring (Section 3.4.1.3), placing pans on a burner (Section 3.4.1.5), baking 
(Section 3.4.1.6), and testing food for “doneness” (Section 3.4.1.10). From the interview, we found 
that there exist various challenges and concerns about this from people with visual impairments 
in cooking. First, we found that hand feeling is not sufficient to tell all the information 
about certain cooking procedures. For example, P12 commented: “it can be difficult to feel the 
liquid level if the liquid is room temperature”. Therefore, P5 complained that he had to put oil in 
the fridge first and then use a finger to feel the level. P1 further mentioned his difficulties in using 
his hand to feel the pouring speed of liquid: 

“…When I use my fingers to lead the liquid to pour into a container, I can tell some-
things flows over my finger, but I cannot tell how fast that is, and it usually ended 
up with having too much or too little that got poured, because I do not have another 
hand to feel the weight of the container, I have to use one hand to pour and use one 
hand to lead the liquid…” 

Another concern from our participants is that using hand feeling during cooking might 
be inappropriate or unsafe. As an explanation, P5 mentioned his experiences of messing up 
the decoration of a cake by using his hands. Moreover, P9 and P12 mentioned that using hands 
when cooking might cause them to burn themselves by accidentally touching the hot pan. P12 
continued: 

“…Using hands to feel the food on a hot pan is not always easy to do, you have to 
be very very slow and gentle, especially when you want to feel the doneness of the 
food and try to flip it. I have burned myself many times…” 

Furthermore, we found that visually impaired individuals complained that using hands to 
feel objects affects the efficiency of cooking, that is, the person cannot use their hand, which 
is used for feeling and touching, to do other things. As an example we mentioned previously, the 
person has to use one hand to pour and one hand to lead the liquid to the container, which forces 
them to place the container at a stable position (P10). Therefore, future research should consider 
how to enable hand and finger sensing to help with knowing more information during different 
cooking procedures and explore alternative methods to substitute the need for hand touch and 
feel in cooking. 
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3.4.2.4 Safety and Consequence 

From the interview, we found that all participants showed strong concerns of getting burned 
during different cooking procedures, which need heat detection assistance while cooking. 
For example, taking things out of the oven puts the visually impaired person in danger (P8), and 
the plate and dish for baking can be very hot even after taking it out of the oven (P7). P8 explained 
the danger of exposed heat sources: 

“…A lot of kitchen appliances have exposed heat sources, it can be very dangerous, 
such as my toaster or the steamer. After I burned myself once, I always pay 200% 
attention when I am cooking…” 

Beyond burning, we found participants reported the difficulty of handling accidents while 
cooking. This includes accidentally knocking things over (P3), it being hard to know if there is 
an oven fire or not (P10), and accidentally dropping things and making a mess (P5). P5 continued: 

“…I had experiences making scrambled eggs and spilled the egg all over the stove-
top. However, I did not notice the mess after cooking, and my partner told me this 
situation the next day. I need something to alert me or help me to be aware of these 
things happened…” 

Finally, we found that seven participants mentioned that other people walking by could 
potentially cause safety concerns, especially for participants who learned cooking before their 
vision loss. For example, P8 mentioned: “you may turn around, and someone might stay behind 
you, and you hold a knife…It is a factor that is out of your control with another person while cooking.” 
Thus, future research should explore how to help people with visual impairments detect heat to 
prevent burns, track accidents, and notice people walking by. 

3.4.2.5 Precision and Ambiguity 

In the YouTube video analysis, we introduced the need for measuring (Section 3.4.1.3) while cook-
ing. From the interview, we found that making precise steps while cooking can be a huge 
barrier for people with visual impairments, such as getting the right amount of baking soda 
while baking, because using a hand to feel the level in a measuring cup of powders is challenging 
(P1). P7 further mentioned the problem with always getting more during spreading: 

“…Because it is hard to know how much butter I already spread on my bread, I always 
ended up with taking more than needed…” 

P11 further continued with commenting on the difficulty of decorating the food: 

“…Decorating the cake or dishes is extremely hard for me. It took a lot of practice to 
get used to frosting or adding decorations. And it is very easy to get messed up…” 

To reduce cooking risks, we showed different safe cooking tips in Section 3.4.1.1. However, 
we found that our participants complained about the long learning curve of new methods 
which makes people stick with their familiar way of cooking. P7 mentioned: “every person 
has their own of doing things.” P3 further commented on the hardness of adopting advice from 
other people: 
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“…It is really difficult to get advice from other people when I am already used to 
doing things in a certain way. I know my current way of cutting and chopping might 
not be the recommended way by blind cooking guidelines, but I am already used to 
it, I tried using the recommended method of cutting and chopping, and I cut myself 
while learning it…” 

According to participants’ responses, another challenge is following cooking steps or pro-
cedures precisely according to a recipe or instructions. P10 mentioned that a simple mistake 
during cooking could end up ruining the dish, such as measuring baking soda and tracking the 
leavening time during baking. All participants mentioned the correlation between the tedious 
work of following all cooking steps and procedures and why they do not like to cook. Therefore, 
future research should explore different tracking and measuring methods to help people with 
visual impairments follow steps more easily and should create various teaching techniques to 
reduce the learning curve of different safe cooking methods. 

3.4.2.6 Organizing and Tracking 

In Section 3.4.1.11, we showed that people put a lot of effort into organizing their kitchen space to 
reduce barriers. From the interviews, we uncovered various challenges in organizing the kitchen 
and tracking objects. First, we found that participants complained about the challenge of find-
ing previously used objects or cookware due to the mental load during cooking. P1 com-
mented: “It is really easy for me to forget where my used knives are.” P10 also mentioned that it 
is hard to find previously used ingredients. P3 then commented on the need of having a system 
that continuously tracks the kitchen environment: 

“…Cooking itself is a very complicated task that requires people to do multi-tasking 
and keep tracking of different things. For me, I sometimes forgot where my used 
knives are, and I had to be very conscious about my actions to prevent being cut 
by touching my used knife. Therefore, I think I need a tracker that can track the 
positions of different utensils and cookware for convenience and safety…” 

Furthermore, we found that cooking is not a simple binary task that will guarantee successful 
and tasty dishes if you follow the recipe. We also realized people with visual impairments have a 
hard time tracking the status of tasks in progress. Five participants commented that it is hard 
to know when things are done. They have to constantly check the food. P1 further commented 
on this problem and tended to overcook the food: 

“…Knowing whether the food is done is such a complicated project for me without 
any vision. To make sure I do not get diarrhea afterward, I often overcooked the 
food, such as shrimp. Although I can make sure it is totally cooked, but it affected 
the texture and the taste of the food…” 

We also found that participants have challenges tracking and organizing parts of the 
food, such as organizing the cut and uncut parts of a large volume of food, and memorizing 
which parts of the food on the pan need to be flipped (P10). Therefore, P1 said that she had to 
wash her hands a lot and touch everything to check the food. P6 continued with her challenges: 
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“…The pan is big. If only a portion of the food on the pan needs to be turned over, 
it would be very difficult. I usually had to use hand and smell to check if the food at 
the center of the pan is burned or not…” 

Finally, participants mentioned that they often have a hard time knowing and remembering 
where to clean while cooking. Specifically, six participants complained about remembering 
where they need to clean afterward, or they have to clean things right after use. P4 further 
commented that it is also very common for him to not know or not be aware of where he has to 
clean. Overall, future work should explore how to help people with visual impairments to better 
organize and track things through cooking. 

3.4.2.7 Item and Quality Inspection 

From the interview, we realized that people with visual impairments often have concerns about 
inspecting an item or food. First of all, we found that participants have a hard time checking 
food quality, such as whether the bread is moldy. P5 commented on the difficulty of checking 
food quality just with smell and touch, even with computer vision assistance: 

“…Knowing the food quality is hard just by smelling and touch. Such as knowing 
whether a piece of bread is moldy or whether bananas or pineapples are ripe. I even 
tried with some apps that could object recognition, but I realized it just told me the 
object it is…” 

Furthermore, we found that our participants complained about the task of telling whether 
things got peeled or cleaned thoroughly. P8 commented on cleaning and peeling non-smooth 
vegetables: 

“…Different vegetables have different difficulties in cleaning and peeling. Vegetables 
like carrots are very easy to peel. But non-smooth vegetables are hard to tell if they 
got peeled or cleaned completely. Ginger is a hard one, also spots on potatoes are 
hard too…” 

In the interviews, nine participants reported having a hard time inspecting an accidental 
mix of unwanted things, such as eggshells and bugs in flour (P1). P1 continued: “I had many 
times of having eggshells in my scrambled eggs without noticing, it was disgusting.” Overall, we 
showed the existing challenges of items and quality inspection. Future research should explore 
how to bridge the gap of the challenges we introduced to people with visual impairments in 
cooking. 

3.4.2.8 Collaborative Cooking and Communication 

From interviewing people with visual impairments, we found that ten out of twelve participants 
mentioned that they do not like cooking with another person because of continuous commu-
nication needs. “Cooking with another person needs me to constantly speak out things.” said P4. 
P3 further complained about collaborative cooking processes: 

“…I have to verbally confirm steps and actions with another person all the time. 
Sometimes they might just do something in a way that I do not like, and they might 
not inform me because cooking and talking is not common for any person…” 
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In the interview, we found that eight participants leveraged apps for remote assistance while 
cooking, such as Aira [43] or Be My Eyes [192]. However, our participants complained about 
making sure the item is in the camera’s field of view. P1 continued: 

“…Remote assistance definitely needs more improvements, I often do not know 
whether the thing I am talking about is in the camera’s field of view. More 
importantly, my hands are often dirty while cooking, and I always tried not to touch 
my electronic device. This leads to more concerns about using remote assistance…” 

Moreover, we found that our participants complained about appliance modification bar-
riers in a communal space. P8 commented on this problem: “the biggest thing about using a 
shared kitchen, even the simple one like adding bump dots or braille markers, it is hard for me to 
just add these markers on different appliances, because they are shared.” Therefore, future research 
should explore how to improve the social acceptability of adding tactile markers on appliances 
or other alternative ways for people to interact with different appliances. 

3.5 Discussion and Future Work 

From the results of our interviews with people with visual impairments, we uncovered existing 
challenges and gaps for visually impaired people in cooking. In this section, we further discuss 
zero-touch interactions for cooking, status tracking and safety monitoring, collaborative cooking, 
and contextual inquiry and learning process in depth. 

3.5.1 Zero-touch Interactions for Cooking 

From the results, we showed that our participants often rely on touching and feeling when cook-
ing (e.g., measuring, checking for food doneness, spreading), and interacting with touch-based 
electronic devices might be inconvenient because they often have food on their hands. As an in-
put method, prior research has explored speech [2, 29, 40, 172] and mid-air gestures [46] as input 
options for people with visual impairments. However, many of the existing interaction paradigms 
still require people to physically touch the interfaces (e.g., [196]), especially to explore elements 
on the screen. Although visually impaired individuals can currently leverage voice control to 
input certain commands (setting a timer), future research should explore how to best integrate 
zero-touch interactions with electronic devices alongside existing practices utilizing touch to ma-
nipulate ingredients and cooking tools. 

3.5.2 Status Tracking and Safety Monitoring 

From our interviews, we highlighted that people with visual impairments have various difficul-
ties in tracking the status of tasks in progress (Section 3.4.2.6), protecting themselves from get-
ting burned during different cooking procedures (Section 3.4.2.4), and handling accidents while 
cooking (Section 3.4.2.4). Prior work has explored using thermography to detect heat sources for 
energy auditing (e.g., [132,133]). A similar approach could be applied in the kitchen to detect heat 
hazards. Beyond heat detection, prior research also explored using computer vision approaches 
to opportunistically capture actions and provide proactive reminders to users with visual impair-
ments [94]. Similar approaches using computer vision or audio [105] could be applied in the 
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kitchen to track object locations or track a user’s actions and the status of cooking steps (e.g., 
boiling water). 

3.5.3 Collaborative Cooking 

The majority of our participants complained about cooking with other people because they have 
to constantly speak about their actions and ask about other people’s actions. Cooking while con-
stantly talking might not be a natural behavior for people both with and without visual impair-
ments. However, three participants did mention the benefit of having another person to accom-
plish tasks that rely on vision, such as checking expiration dates and food doneness (P10). Prior 
research has explored collaborative behaviors for people with visual impairments for other pur-
poses, such as gaming [61], use of tangible interfaces [39], music composition [142], and creating 
accessible home environments [28]. Therefore, future research should explore the collaborative 
cooking behaviors for people with visual impairments and further create guidelines and training 
methods to reduce safety concerns as well as both mental and physical effort. 

3.5.4 Contextual Inquiry and Learning Process 
In this chapter, we described our research approach using YouTube video analysis to understand 
more about the practices of cooking by people with visual impairments. In general, video analyses 
of this type have the benefit of allowing researchers to gain a broad understanding of the practices 
of assistive technology use for many different users. This has been exemplified in prior work in 
HCI and Accessibility (e.g., [9,82]). In future research, a contextual inquiry study is well suited to 
gather a deeper understanding of individual users’ practices and challenges (e.g., [48,94,101,109]), 
which may then be aggregated to understand themes across those individuals. As it relates to the 
research opportunities we discussed above, a contextual inquiry study may enable future re-
searchers to deeply explore the practices and challenges of zero-touch interactions, status and 
safety monitoring systems, and collaborative cooking. For example, conducting a contextual in-
quiry study at a participant’s kitchen could identify more status and safety monitoring concerns 
that might not be recognized by the participants with visual impairments and are not included in 
the camera’s field of view in YouTube videos. An example of this might be watching a visually 
impaired cook show how she cuts vegetables in front of the camera while, off-camera, cooking 
chicken in a pan. In this case, neither the audience nor researchers may recognize any potential 
safety concerns with the pan or other objects in the surroundings from the video. Beyond only 
interviewing visually impaired individuals, we realized it would also be beneficial for future re-
search to conduct interviews with teachers or trainers who work at community centers and help 
people with visual impairments with their activities of daily living and meal preparation. This 
may generate more common practices of cooking by people with visual impairments. 

3.6 Summary 

In this chapter, we systematically categorize and identify the distinct cooking practices observed 
across 12 different kitchen activities. Through a detailed analysis, we aim to highlight the nu-
anced techniques and adaptations employed during non-visual cooking tasks. Following this, we 
uncover the specific challenges that people with vision impairments face in the kitchen, using 
insights gathered from semi-structured interviews with participants. These interviews reveal a 
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range of difficulties, from ingredient identification to task sequencing, all of which play a crucial 
role in shaping the non-visual cooking experience. 

This chapter forms the knowledge foundation for understanding the complexities of non-
visual cooking, serving as an essential precursor to exploring, understanding, and constructing 
the physical information space—a conceptual framework that represents how physical objects 
and actions are perceived, interpreted, and utilized in non-visual contexts. By identifying key 
patterns and gaps in existing practices, we provide a comprehensive scope that is vital for future 
research. The findings from this chapter will inform both the exploration of core challenges and 
the design of innovative assistive technologies. Additionally, it offers guidance for researchers 
and designers who aim to delve deeper into the design space of non-visual cooking, helping to 
shape tools and systems that enhance accessibility and autonomy for individuals with vision 
impairments in kitchen environments. Based on the findings of this chapter, we further dive into 
two core challenges that people with vision impairments face in cooking—Accessing Recipes 
(Chapter 4) and Accessing Contextual Information of Objects (Chapter 5). 

30 



Chapter 4 

Design Framework for Learning and 
Following Accessible Recipes 

This chapter was adapted from my published paper: 

Franklin Mingzhe Li, Ashley Wang, Patrick Carrington, and Shaun K. Kane. 2024. A Recipe 
for Success? Exploring Strategies for Improving Non-Visual Access to Cooking Instructions. 
In The 26th International ACM SIGACCESS Conference on Computers and Accessibility (ASSETS 
’24), October 27–30, 2024, St. John’s, NL, Canada. ACM, New York, NY, USA, 16 pages. 
https://doi.org/10.1145/3663548.3675662 

4.1 Overview 

Cooking often requires multitasking, as cooks must prepare food (often through time-sensitive 
tasks) while following an overall plan, either memorized or by following a video or recipe. 
Recipes, whether presented as text or video, contain important procedural and contextual details 
that are often essential to correctly preparing dishes [35, 136]. Increasingly, home cooks are 
looking beyond cookbooks and relying on online cooking resources such as blogs and videos as 
part of their home cooking toolkit [42]. 

Having the agency and autonomy to access recipes and instructions while cooking is impor-
tant for cooking by people with vision impairments [110, 190]. However, recipes may be inac-
cessible when they include instructions that expect the cook to be sighted. For example, a recipe 
might include an instruction to cook an item until it is a particular color (e.g., cook the chicken 
until golden brown). The lack of non-visual alternatives and descriptions creates obstacles to 
cooking for people with vision impairments [20, 100]. Barriers to cooking one’s own food can 
lead to over-reliance on takeout or prepared foods, which in turn can result in poor nutritional 
outcomes [86]. 

Inspired by our research on non-visual cooking practices and challenges [110], it is important 
to dive into recipe accessibility for people with vision impairments, as changes in how home cooks 
use recipes can perpetuate or increase inaccessibility. Furthermore, it is also important to explore 
and instantiate the design space of non-visual access of recipe content and enhance learning 
experiences for people with vision impairments. To do so, we need to explore the following 
research questions. 
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• RQ1: What methods, strategies, and challenges do people with vision impairments have 
when accessing recipe information while cooking? 

• RQ2: What types of recipe information, descriptions, alternatives, and structures are most 
helpful during the cooking process? 

• RQ3: How might improvements in technology improve the accessibility of cooking instruc-
tions? 

To explore these questions, we conducted semi-structured interviews with 20 people with 
vision impairments who have experience with cooking, along with interviewing four cooking 
instructors from a vision rehabilitation center. In this chapter, we first present how people with 
vision impairments currently use recipes while cooking (Section 4.4), the preferred design of the 
recipe content and structure (Section 4.5), and design guidelines to create more accessible home 
cooking experiences (Section 4.6). Overall, this chapter contributes to the design framework that 
provides the foundational knowledge of non-visual access to recipes and design guidelines for 
accessible recipe content, structure, and user interactions. 

4.2 Related Work on Recipe Structure and Access 
This section concentrates on the work most directly relevant to this study—how recipes them-
selves are worded, structured, and accessed—and the gap it leaves for non-visual recipe use. 

Recipes act as the main source of cooking activities [23], and prior research has explored 
recipe wording and construction. For example, Tasse and Smith [175] created CURD, a database 
of recipes annotated using the MILK language, a meaning representation language based on first-
order logic, to break recipes and steps into pieces of a specific format and function. Other work 
has explored algorithms that provide more adaptive recipes based on individual needs [178], cook-
ing difficulty [104], and comparison of similar recipes [35]. Teng et al. [178] measured the role of 
ingredients and the relationships between co-occurring ingredients, constructing networks that, 
together with user feedback, drive recipe recommendation algorithms. Given these approaches 
to extracting recipe information and providing adaptive recipes, it is unknown how they can be 
leveraged for visually impaired individuals, and more importantly, what procedural and contex-
tual information people with vision impairments need and why. 

Practically, recipe information is accessed through many channels—online resources (e.g., 
AllRecipes.com [7], FoodNetwork.com [139]), traditional cookbooks [44], cooking videos 
on YouTube [197], and smart speakers [8]. Because the majority of recipes are text-based, 
non-visual access has relied on the screen readers, speech synthesizers, and Braille displays 
surveyed in Chapter 2, while recipes stored in tactile, image, or video formats carry their own 
access barriers [126, 137, 146]. Building on these general access methods, it remains unknown 
how people with vision impairments currently access recipe information specifically, and what 
design features a system for non-visual access to recipes while cooking should have. 

4.3 Methodology 

We conducted semi-structured interviews with blind people who have experience in cooking, and 
with adaptive cooking instructors from a vision rehabilitation center. Participants were compen-
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Participant Age Gender Vision Self-
Description 

Years at 
Current 
Vision 
Level 

Years 
Cook-
ing 

Days per 
Week 

Cooking 

P1 32 Female Totally Blind 21 15 3 

P2 61 Male Totally Blind 22 53 4–5 

P3 48 Female Totally Blind 48 20 7 

P4 57 Female Totally Blind 42 40 2 

P5 47 Male Legally Blind with 
light perception 

47 23 Several 

P6 38 Male Totally blind in one 
eye, Legally Blind in 
other 

5 32 Several 

P7 44 Female Totally Blind, some 
light perception in 
one eye 

44 20 4–5 

P8 26 Male Legally Blind 6 20 2–3 

P9 31 Female Totally blind in one 
eye, Legally Blind in 
other 

4 18 3 

P10 61 Female Totally Blind 61 45 7 

P11 38 Male Totally Blind 10 30 7 

P12 67 Male Legally Blind 67 49 7 

P13 36 Male Legally Blind 5 about 
20 

7 

P14 30 Female Totally Blind 22 11 once per 
month 

P15 70 Female Totally Blind 54 58 7 

P16 24 Female Legally Blind 24 2 3–4 

P17 39 Female Totally Blind 13 26 7 

P18 48 Female Totally Blind with 
very little light per-
ception 

48 40 3–4 

P19 46 Male Totally Blind 46 29 7 

P20 24 Male Legally Blind 12 14 3 

Table 4.1: Home cooks with vision impairments who participated in our study 
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sated with a $20 gift card. The recruitment and study procedures were approved by our Institu-
tional Review Board (IRB). The semi-structured interviews were conducted through Zoom [84], 
and all interviews were audio-recorded and transcribed verbatim. 

4.3.1 Semi-structured Interview with Blind Cooks 
4.3.1.1 Participants 

We recruited 20 blind participants (Table 4.1) through social media (Twitter and Reddit), and mail-
ing lists maintained by blindness organizations. All participants were 18 years or older, legally 
or totally blind, experienced in cooking, and able to communicate in English. Table 4.1 presents 
participants’ demographic information. 

4.3.1.2 Pre-interview Survey 

We asked participants to complete a pre-study questionnaire to confirm that they met the inclu-
sion criteria and asked for demographic information, cooking frequency, recipe sources they use, 
and three dishes they would like to learn. The questionnaire was administered using a Google 
Form [63] and is included in the supplementary material. 

4.3.1.3 Interview Procedure 

Each interview session took approximately 90 minutes and covered the following topics: 

1. Demographics and Background [∼ 5 Minutes]: participants’ age, gender, descriptions 
of vision level, and cooking experience. (see Table 4.1); 

2. Current Cooking Practices [∼ 20 Minutes]: participants’ current ways of accessing 
recipes and cooking information, such as what technologies they use to search for cooking-
related information, how they gather information about physical objects while cooking, 
and how they adapt information resources to make them accessible; 

3. Recipe Review and Editing [∼ 30 Minutes]: participants edited recipes as described in 
the next section (Section 4.3.1.4); 

4. Current & Desired Technology Use [∼ 30 Minutes] participants’ experiences with dif-
ferent technologies and services to access recipe information while cooking. 

4.3.1.4 Recipe Review and Collaborative Editing 

As part of the interview, we asked participants to read and reflect on recipes that they were 
unfamiliar with, but that reflected dishes they were interested in learning to cook. We used this 
activity as a probe to get concrete feedback about recipe content and structure, while choosing 
recipes that matched participants’ interest and abilities. 

During the pre-interview survey, we asked participants to name three dishes that they would 
be interested in learning to cook. Before the interview session, we located recipes for each of the 
dishes through recommended recipe sources by participants, and edited them into a simplified 
text format. During the session, we walked through the recipes with participants and collected 
their feedback about each step. This process also informed our follow-up questions during the 
rest of the interview. 
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Participant Age Gender Vision Description Years at 
Current 
Vision 
Level 

Instruction 
Experi-
ence 

I1 

I2 

I3 

I4 

58 

24 

58 

65 

Female 

Female 

Male 

Female 

Legally Blind 

Sighted 

Legally Blind, can only see 
high contrast 

Totally Blind 

4 

24 

3 

35 

9 months 

10 months 

4 months 

30 years 

Table 4.2: Instructor Demographic Information 

4.3.2 Semi-structured Interview with Adaptive Cooking Instructors 
4.3.2.1 Participants 

To complement feedback from cooks themselves, we interviewed four instructors (I1–I4) who 
teach blind cooking courses at a vision rehabilitation center (SAVVI, located in Arizona, USA); 
this included totally blind, legally blind, and sighted instructors. Their demographic information 
is shown in Table 4.2. 

4.3.2.2 Adaptive Cooking Instructor Interview 

Each interview session took approximately 75 minutes and covered the following topics: 

• Demographics and Background [∼ 5 Minutes]: participants’ age, gender, vision level, 
and length of teaching experience; 

• Experiences in Blind Cooking Instruction [∼ 30 Minutes]: experiences of instruct-
ing blind people in cooking classes, including instructional practices, challenges faced by 
their students, learning barriers encountered by their students, and preferences for recipe 
information and instruction; 

• Perceptions of Recipe Presentation Quality [∼ 20 Minutes]: perceptions of recipe 
information sources, quality, and quality of presentation for blind cooks; how informa-
tion should be presented to blind cooks at different stages of their learning processes and 
cooking activities; 

• Instruction Information Access Technologies [∼ 20 Minutes]: technologies that par-
ticipants used to teach blind people to cook, and suggestions for how technology could be 
designed to better support blind cooks. 

4.3.3 Data Analysis 
To analyze the interview data from blind cooks, two researchers performed open coding [37] on 
the same four transcripts to form and reconcile the initial codebook. Those researchers indepen-
dently coded the remaining transcripts before discussing the codes and resolving conflicts (e.g., 
missing codes, disagreements). After the two researchers reached a consensus and reconciled 
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Figure 4.1: Illustration of cooking phases, using the example process of cooking Beef Wellington from a recipe. 

the codebook, they performed affinity diagramming [77] using a Miro board [93] to cluster the 
codes and identify emergent themes. The interview data from the instructors’ interviews were 
coded separately from the cook interviews but using a similar process of redundant coding for all 
four transcripts (I1–I4) by two researchers. This was followed by discussion, conflict resolution, 
reconciliation, and affinity diagramming to identify emergent themes. 

4.4 Findings: Current Use of Recipes while Cooking (RQ1) 
We identified current methods, strategies, and challenges of accessing recipes by cooks with vi-
sion impairments. These are loosely organized into three cooking phases (Figure 4.1): 1) search-
ing for and editing recipes before cooking, 2) preparing their workspace and tools using recipe 
information, and 3) cooking while following recipe information. 

4.4.1 Searching for and Editing Recipe Information 

This stage of the process is characterized by actions taken to acquire information needed to per-
form specific cooking tasks, decide between different recipes, and manipulate the recipes them-
selves to be used in the kitchen. 

4.4.1.1 Search and Comparison 

Participants described their ways of searching for recipe information ahead of cooking. All partic-
ipants mentioned that they use text-based online recipe information sources to learn non-visual 
cooking skills (e.g., measurement techniques) and new recipes and cuisines. Twenty participants 
described accessing recipes through general-purpose recipe websites (e.g., allrecipes.com, food-
network.com), eight mentioned using specialized websites for blind cooks (e.g., visionaware.org, 
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acb.org), and six used Facebook groups (e.g., incredible recipes, the country cook). P17 described 
their experience of leveraging various online information for cooking with relative success: 

“…The ads are really frustrating, but once you can get through those, I’ve had a lot 
of success. At Thanksgiving, I always forget how long to do a Turkey or whatever, 
so I get the weight of my Turkey and I go search and find all these recipes and things 
like that, and they’ve been super helpful and I’ve even gotten some new ideas that I 
didn’t necessarily know about from reading these recipes and things like that. Get a 
little more adventurous in my cooking. I’m a great basic cook, but trying new ideas 
and stuff, recipes are great for that…” 

A common challenge was how inaccessible and unpredictable visual content in online 
sources (e.g., ads, commercial videos) diminishes the accessibility of the resource itself. 
P6 said: 

“…When navigating the recipe websites, swipe right to scroll through them. Some-
times that would cause problems. If there was a video in the recipe, it would auto-
matically start playing with sound. And even if I were to scroll past it, the video was 
already playing. Then the sound would just continue…I don’t know whether or not 
the video was still visually on the screen or not. But the audio still [played]. So that 
was a real hindrance. Especially when you’re relying on the audio of TalkBack at the 
same time, so I can’t remember if it was playing over TalkBack, or if TalkBack wasn’t 
working, but I do remember that it basically stopped me in my tracks…” 

Participants often search for multiple candidates and compare them based on ingredi-
ents, timing, and availability. P7 explained: 

“…I honestly just hop on Google…I’ll look to see how many people have rated it. I’ll 
look through three or four recipes about the same thing, and figure out what sounds 
good to me, what flavors sound right, what timing sounds right…” 

In addition to accessing recipe information through websites, some participants have tried to 
use video and audio sources, often with limited success. Twelve participants mentioned that they 
have accessed recipes through YouTube, but do not rely on it due to lack of audio description 
of actions in YouTube videos, which caused missing information. Some still use YouTube 
for ideation and inspiration. Five participants mentioned using audio podcasts for cooking infor-
mation, but did not generally follow recipes from those podcasts. When we asked participants 
what devices they used to access this information, most used their phones. Six participants also 
mentioned that they sometimes used smart speakers to access procedural and contextual infor-
mation of cooking, but generally used them to answer questions or provide short directions rather 
than following a full recipe. When asked about challenges related to audio and video cooking in-
formation, participants mentioned the difficulty of following recipes with multiple steps (P1, P9), 
lack of consistency of the recipe sources (P5, P17), and difficulty in extracting recipe information 
into a format they could follow along with (P5, P12, P19). 

37 



CHAPTER 4. DESIGN FRAMEWORK FOR LEARNING AND FOLLOWING ACCESSIBLE RECIPES 

4.4.1.2 Extraction and Manipulation 

Once they selected a recipe, our participants applied a variety of strategies to extract and manip-
ulate information to make the content more accessible and easy to navigate. Nine participants 
described saving information either in a Word document or text file, both for ease of nav-
igation and to avoid ads. P1 commented on how she saved recipes from Facebook groups: 

“…So I have joined a bunch of Facebook groups and I’ll typically get recipes from 
those groups, and if I see something I will save it, and typically I’ll not look at it at 
the moment. I’ll just sort of save and curate. And then when I have time, I’ll go look 
at the websites and copy everything out into easier-to-read plain text files, so that I 
don’t have to deal with ads and web formatting when I’m trying to cook…” 

In addition to copying and pasting text into documents, participants manually typed infor-
mation from audio or video recipes into a text document, although doing so required some 
tedious effort. P16 explained: 

“…I’ll just play it a couple of seconds at a time. If she’s listing the ingredients, I’ll 
start it and pause it and then type it into my computer. It’s not convenient, but it’s 
nicer than if I miss an ingredient. I’d have to watch the whole video again…” 

After converting the information into text, 13 participants described how they edited ingre-
dients and steps, as well as adding personal notes. Participants usually saved and edited recipes 
on a desktop or laptop computer, then accessed those recipes on a mobile device while preparing 
and cooking. Participants often use their screen reader’s search function to search for headers 
or specific text, such as an ingredient name or measurement unit. P1 commented: 

“…I’ll have to do a control F and find and I’ll search for a word of ingredients or I’ll 
search for the word ‘cup’ because I know that’s going to be in there somewhere. That 
is often why I’ll go ahead and copy it into Notepad, because especially on mobile, it’s 
a different experience…I’d rather do it when I’m sitting down and have the time to 
copy it out…” 

4.4.2 Preparing Workspace and Tools 
After finding the right recipe and converting it into an accessible format, participants often start 
the cooking process itself by preparing and laying out tools and ingredients; sometimes this in-
cluded specific tasks to make objects and ingredients more accessible. 

4.4.2.1 Identifying and Organizing Objects 

Participants noted that preparing the workspace usually involves visually identifying objects 
and food packaging such as the name of the object, expiration date, nutritional information, and 
suggested cooking instructions. Participants use visual recognition apps (e.g., SeeingAI [135], 
Lookout [64]) to scan objects. Our participants discussed various challenges they encoun-
tered while using vision apps in the kitchen, such as accurately detecting text on different food 
packages, controlling when text is (or is not) read out, and navigating visual descriptions. P19 
described the positive and negative aspects of using AI-based vision apps to scan food products: 
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Figure 4.2: Participants altered objects to make them more accessible, such as by adding NFC labels to spice jars. 

“…If you buy canned fruit they might actually have a little recipe on the side of the 
can, and sometimes I try to read that and try to figure that out. And that’s kind of 
an adventure. It’s not very accurate at all times, but it’s something I like doing just 
because I can’t access such information from other sources…” 

When using apps, participants sometimes struggle to get them to only read their desired 
text, and to not just read any text that shows up in the camera’s field of view. P9 explained: 

“…So those are not the best if you want to get the ingredients honestly, because it 
would just start reading whatever is in front of you, but there’s no real order or you 
cannot explore using…So, it would be nice if there was a mode where you can really 
scan or take a picture of the product and it would give you a better interpretation of 
columns and better interpretation of tables on a package…” 

P6 desires more fine-grained control over what information is presented at what time, 
for example describing what each object is when first organizing ingredients, but not to repeat 
that every time: 

“…I don’t want the app to track other things. For example, I only want to know was 
it like a package of fish, or is it like a package of paddies. I only want to know this 
information while I’m turning on the system. ” 

Beyond extracting information from physical packages, participants also faced challenges 
when identifying ingredients in similarly shaped containers, such as spices. Some participants 
choose to apply tactile markers or NFC tags to distinguish similarly shaped objects (e.g., 
the WayAround Tagging System, Figure 4.2) (P3, P6, P7, P18). 
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Recipe step (visual descriptions in bold) 
Bake until baklava is golden and crisp. 
Drop the covered ice cream balls into the hot oil and fry, turning occasionally so they color evenly, 
until golden brown on all sides. 
Heat 2 tablespoons olive oil over high heat until shimmering. 
Continue baking until lightly browned on top. 
Fold the sides, top, and bottom of each husk in toward the center to enclose dough. 

Add the onions to the skillet and sauté until translucent. 
Slowly knead in a small amount of water at a time, using just enough to form a soft dough that is 
pliable and even in color. 
Deep fry until bright red in color and crispy. 

Reduce heat to 425 degrees F (220 degrees C) and continue baking until pastry is a rich, golden 
brown. 

Table 4.3: Recipe steps gathered for the recipe editing task. Recipe steps often included inaccessible visual descrip-
tions. 

4.4.2.2 Managing Measurements 

Using measuring cups or spoons presented accessibility challenges when the cook must measure 
something that partially fills the measuring cup (e.g., detecting when a measuring cup is half full). 
Participants favored smaller measuring tools that could be filled completely, so as not to 
require reading markings on them. P8 commented: 

“…I frequently employ a variety of measuring tools for different recipes. Depending 
on whether I’m measuring liquids or solids, I use distinct measuring cups with dif-
ferent units. I tend to favor smaller measuring cups and measure multiple times, as 
it’s more convenient for me than attempting to use a larger measuring cup, which 
can be challenging to measure a portion of it…” 

Participants found recipes challenging when they mixed units of measurement, as that re-
quired using and coordinating more measuring tools. Participants noted that automatic unit 
conversion could simplify this task (P2, P8, P11, P15). 

4.4.3 Following Recipes while Cooking 

Most participants listen to recipes in audio format while cooking. Participants use a variety of 
tools to access recipes while cooking, including their smartphone-based screen reader (9), laptop 
screen reader (8), audio players/text-to-speech apps (7), smart speakers (6), physical cookbooks 
(3), and smartwatches (1) (see Figure 4.3). 

4.4.3.1 Navigating Recipes while Cooking 

Participants generally (N=17) used touch gestures to navigate while cooking, either via a 
screen reader or smartphone. One challenge is that screen readers often repeat unneces-
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Figure 4.3: Technology used to access recipes. (a) P4 uses an accessible audio player to play back recipes; (b) P2 
puts cling wrap on their laptop to prevent it from getting dirty; (c) P11 uses a smart speaker in the kitchen to access 
recipes and timers hands-free. 

sary information, even when a cook needs to act quickly. This problem also occurs when 
recipes are not broken down into individual steps. P6 explained: 

“…When I’m looking at the steps…I would listen to it. and then go back and complete 
a couple of actions, and then have to re-listen to the step. [When replaying the step] 
It often plays from the beginning of the step. And every time, I ended up having to 
listen to information that isn’t necessarily relevant to the actions I’m actually doing…” 

Devices with physical buttons, such as dedicated audio players, may be easier to ma-
nipulate while cooking (see Figure 4.3 (a)). P2 commented: 

“…I’d have it on my Victor Stream [audio player]. and I could just press the 
play/pause button and rewind it if I needed to, or fast-forward it…” 

While some participants have access to smart speakers, it can be difficult to navigate 
through a recipe using voice commands alone. This difficulty is exacerbated by devices that 
repeat information or forget the current state of the recipe (P3, P15). P15 explained: 

“…I typically do not use Alexa to guide me through the recipe while cooking. It is 
very common that it does not recognize your wording clearly and loses the current 
stage of information…” 

4.4.3.2 Protecting Devices from Liquids and Other Hazards 

One commonly described challenge was interacting with devices while in the process of cooking, 
especially when the workspace could be harmful to electronic devices (i.e., wet or messy) or when 
their hands are dirty. Participants described several strategies for overcoming these challenges: 
positioning their devices far away from the cooking area, adding protective coverings 
such as plastic wrap (see Figure 4.3 (b)), or using voice or other hands-free interaction meth-
ods (e.g., using a smart speaker (see Figure 4.3 (c))). P2 described his strategy: 

“…When I was using my laptop, I would get like Saran Wrap or something, and I 
kind of wrap it over the keyboard. So when I was pressing the buttons, I knew it was 
kind of covered. So I could still press the buttons, but then the Saran Wrap would be 
covering it…” 
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4.4.3.3 Memorizing Steps to Reduce Interactions with Recipes 

One strategy that applied regardless of the technology used to follow a recipe was to memo-
rize several steps at a time to reduce the number of times they consulted the recipe. One 
participant (P7) shared her personal experiences on this matter: 

“…And I look, kind of skim back and forth, and try to keep remembering. ‘Okay. So 
this much water for the rice. And no, this time when I make it, I’m not putting ginger 
in there, but I did last time for the slightly other recipes that they sent me.’ So yeah, 
looking back and forth to figure out what am I throwing in there and when and if my 
timing is right. So yeah, just scrolling back and forth as I went, as I would do steps…” 

4.5 Findings: Recipe Content and Structure (RQ2) 
During the study, participants read along with recipes that were chosen by the research team 
based on the three dishes they wanted to learn and suggested recipe sources. They provided feed-
back about their preferred structure, descriptions, and levels of detail for these recipes. Specifi-
cally, we engage the question: What types of information, descriptions, alternatives, and structures 
might make the cooking process more effective? 

4.5.1 Recipe Content Preferences 
Through reviewing recipes with the research team, participants shared their feedback on what 
information was necessary, unnecessary, or missing in each step. 

4.5.1.1 Alternatives for Visual Descriptors 

Recipes often include steps that require visually inspecting food as it is being prepared, such 
as checking doneness by examining the food’s color (see examples in Table 4.3). These visual 
checks are inaccessible to many blind cooks. One of P13’s sample recipes included the in-
struction: “Toast split bread under the broiler. Remove bread when it is toasted golden brown 
in color.” This accessibility problem was mentioned by most participants as an obstacle that they 
could not easily overcome. P7 commented: 

“…It is really common to see ‘cook this until golden brown’ in recipes, but it is some-
times hard to standardize the conversion to a description in time or texture. By this 
time, I always need to further search online for a different recipe for the same cuisine 
and check if it has a different description…” 

Many recipes include time-based instructions (e.g., “pan fry for 5 minutes”) along with visual 
descriptors. However, timing information is not always sufficient, as cooking times and 
equipment vary. P19 explained: 

“…Yeah, so just knowing the time of cooking didn’t give you how well things cooked. 
So that’s the thing. Sometimes if your water evaporates faster or if your heat is too 
low, it will be raw on the inside. So, it’s not really telling you how you know if they’re 
cooked through. Even after an hour passes, if you have your heat too low, then they 
might still be raw…” 
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Besides timing, our participants highlighted the importance of having texture descrip-
tions (4), sound descriptions (6), as well as smell descriptions (3) to substitute the use of 
visual descriptions. P4 commented on the importance of having smell descriptions: 

“…Most of the recipes will not have the smell part of the description. They will say, 
when it looks reddish brown, caramelized onion. So caramelized onion, there will be 
a smell…Caramelized onion smells sweet and nice…You will know the smell of when 
it is cooked…Onions will smell differently than cooking potatoes or cooking peas or 
whatever you are cooking…” 

4.5.1.2 Summaries and Outlines 

Participants noted that, before starting cooking, they often read through the entire recipe to 
ensure that they had the needed ingredients and tools, and to make time to prepare the dish. 
Participants using screen readers found that reading the entire recipe often took too much 
time, often because the recipe contained extraneous information such as stories about the 
recipe. Participants prefer having an overview or summary at the beginning of the recipe. 
P9 explained her desire to know how the dish would turn out before reading the recipe: 

“…And I also think getting a short overview of how the recipe is going to turn out. 
I guess or some of the ingredients, maybe the basic ingredients that you’re going 
to need without telling you the amounts necessarily. But at least that way you can 
figure out if, oh okay, I do have all the ingredients to make it, or oh, you know what, 
I’m missing something basic…” 

Furthermore, beyond a high-level overview at the beginning of the recipe, our participants 
also described their desire to have a short summary of the key task and estimated time 
for each step at the beginning of each instruction step to reduce the effort of navigation. 
P12 mentioned: 

“…I would rather [the summary] be part of the steps, and they shouldn’t go on too 
long. Like the scalding, it should be able to describe it pretty shortly. But I would 
like it to be right there in that step. You don’t want to have to go to someplace else 
to find it, because then you’d have to find your way back to where you were…” 

4.5.1.3 Precise Descriptions of Components and Actions 

Participants noted that some recipe descriptions were vague or left out important details, and 
noted that images within recipes often provide useful contextual information about the size, 
shape, and color of ingredients, and about how to physically complete cooking steps. Participants 
noted that recipes should describe in text any contextual information that is presented 
visually, such as the size of an item or how a particular task should be performed. For 
example, one of P16’s sample recipes stated “form into patties and place on the prepared broiler 
pan or baking sheet;” P16 commented: 

“…I’d want to know an approximation of the size of the patty…” 
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Similarly, some recipes may omit details about specific tools to use, or might expect readers 
to infer this information from a photo. In response to the instruction “Heat oil in a large skillet 
or wok over moderate heat,” P9 commented: 

“…[I don’t know] the size of the skillet, because large could mean different things to 
different people…” 

Recipes with images might also omit details about how to perform certain actions, such 
as distance, intensity, time, and repetition. In response to the instruction “place foil around 
the edges of the crust to protect it from burning,” P3 asked: 

“…Yep, how far on the edge? Is it over the edge into the pie? Is it the edge that is not 
covered by the egg mixture? I think I’d want a little more specific on that…” 

4.5.1.4 Substitutions or Alternative Instructions 

Recipes often make assumptions about the tools that the user has available. Our participants 
noted that they may sometimes perform tasks differently than others, such as by using special-
ized tools (e.g., accessible measuring cups) or cooking in a certain way for accessibility reasons. 
Twelve participants noted that they prefer recipes that provide information about alterna-
tives, such as substituting ingredients or using alternative cooking tools, and optional 
steps. P9 commented on the importance of providing substitutions: 

“…I guess it would also be cool to include in the recipe maybe at the end or in the 
ingredients list, if there’s any substitution for any ingredient that you can make if 
you don’t have that ingredient at home or if there’s something that you can skip, 
optional things. I think mostly recipes do tell you if something is optional, but they 
don’t give you any substitutions. For example, if you’re trying to make cookies and 
then you don’t have eggs, they don’t necessarily give you substitutions for, okay, if 
you don’t have eggs, we recommend you to use this…” 

When given the instruction “Heat oil in a deep fryer to 400 degrees F (200 degrees C). Deep fry 
samosas until golden brown, 3 to 5 minutes each”, P15 noted that it would be helpful to suggest 
alternative cooking methods: 

“…I don’t deep fry things because it is hard for me to track the food. What’s an 
alternative? If there’s a baking alternative, put it right there in the step. like: For 
deep frying, do this. For baking: do this. For air fryer: do this…” 

4.5.1.5 Time Range and Tolerance Details 

Participants preferred instructions that provide a time range for each step, and note how 
these timings might affect the final product. P6 commented on the uncertainty of timing 
included in recipes which results in over- or under-cooking food: 

“…there’ll be a lot of times where the cooking time won’t be, it won’t necessarily re-
flect how long it takes for, say, chicken to cook. It’ll be either undercooked, or some-
times they’ll go in the opposite direction and in the recipe they’ll give instructions 
for times to cook a chicken that will end up being completely overcooked because 
they’re afraid that somebody’s going to undercook it and get sick…” 
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P4 commented on the need to have time ranges as descriptions: “Five minutes timing is not 
enough, and sometimes they can say a range between five to seven minutes, not just five minutes.” 
Furthermore, our participants also commented on the value of describing time constraints 
around when certain steps must happen, and which steps can be combined. P11 com-
mented on their preferences about time management: 

“…I need specifics, I need temperature, I need time, and things that keep time man-
agement going. So a recipe where it will give you the instructions to cook pasta and 
tell you while you’re cooking the pasta now you can do something, you can make 
the sauce. You can do something else within the timeframe, like the 11 minutes it 
takes to cook pasta…” 

4.5.2 Recipe Structure Preferences 
4.5.2.1 Separate Processes into Discrete Steps 

All participants mentioned at some point that existing recipes often have steps that are too 
long, or that combine multiple steps into a single instruction. Participants suggested that 
recipes should be broken into discrete steps for each ingredient and action. P19 noted 
that it can be confusing when multiple ingredients are added in a single step: 

“…when you were mixing the eggs white with the milk. that’s one step, then, when 
you fold in the egg yolks. I think that would be another step. That’s another that you 
know. That’s another agent entering. So anytime you have to add another ingredient. 
I would, but I consider that another step…” 

Similarly, P11 noted that each action should be described in a separate step: 

“…You have something, you’re putting a bunch of stuff in and cooking it for 25 min-
utes, that’s your first step. And then your next step is to put more stuff in, and cook 
that for six more minutes. The next step that changes or alters the cooking time or 
adds to the cooking time, makes that its own step. And then try to keep the activities 
in the step logically linked. So again, if you’re manipulating food, cooking, adjusting 
heat, timing, that’s one step…” 

Recipes that did not follow these rules could be confusing. For example, P2 noted that a recipe 
was not clear about how often a repeated action should be performed: 

“…No, I do not understand it all. Maybe because it was adding, adding the milk, 
you know, and then whisking it until it thickened, and then adding more milk and 
whisking it until thickened. You might wanna break that down. So because you’re 
adding milk. In fact, I can’t remember if it was 3 or 4 times. you might want to add 
each one of those. So if I was doing something new, I’m, you know, might say, okay, 
I’ve done that step. Okay, now I’m on step 2, and so the second time I add the milk, 
and then you know, step 3…” 

45 



CHAPTER 4. DESIGN FRAMEWORK FOR LEARNING AND FOLLOWING ACCESSIBLE RECIPES 

4.5.2.2 Organizing Ingredients by Use or Type 

P16 noted that some recipes list ingredients in confusing order, and that ingredients should 
be ordered by when they are used: 

“…Yeah, I would say my ideal recipe is going to be my ingredients list first, grouped 
together based on usage. So, back to that banana bread, I want the baking soda, the 
flour, and the salt to be at the top of the list. And then I want it to be sugar, brown 
sugar, and bananas. And then I want it to be chocolate chips because those are the 
order that they’re added in. And then I like to go into the directions section…” 

Alternatively, some participants preferred that ingredients be listed by general category, 
so that they could be gathered at once and (when possible) mixed ahead of time. As P3 
explained: 

“…For ingredients, I’d want…A lot of times in baking recipes, wet ingredients to-
gether, dry ingredients together…” 

Participants emphasized the importance of using consistent language to describe ingre-
dients, both in the ingredients list and later in the instructions. When navigating a recipe with 
a screen reader, it is often difficult to jump back and forth between the ingredients list and the 
current step, as explained by P3: 

“…[is the garlic] dry? Is it dry garlic? Or was it garlic powder? Is it garlic salt? 
Whatever it is called for in the ingredient list, just call it by the same name all the 
way through, I’d say. Well, all the spices. Is it brown sugar? Is it white sugar? Is it … 
I’m assuming it’s ground cinnamon and other things. Just keep consistency between 
the ingredient list and the step…” 

4.5.2.3 Group Steps into Logical Chunks 

Recipes comprise a list of steps in order with the expectation that users will complete all of the 
steps in order. However, there may be times when blind cooks perform steps out of order, or 
break a recipe into several working sessions due to timing or accessibility constraints. 
P6 mentioned his desire for recipes that are broken into logical chunks so that he can work 
on each part as time permits: 

“…Making sure to you know if you’re putting a whole dish together, and you’re 
preparing a couple of different specific things that are gonna go together. Say, you’re 
cooking a sauce or a gravy, and then separately. You’re cooking, you know, meat like 
a steak, or and then, you know, maybe you’re also cooking, you know some onions 
and peppers to go on top of that clearly separating that into different sections is a 
big help for recipes…” 

Participants also preferred when recipes note which ingredients will be used multiple 
times. P7 explained: 

“…Oh, right. So you want two of them in this part and then one of them in that part. 
If more ingredients were that way, six cloves of garlic divided and then you’d know, 
Okay, let me just throw these in two separate areas so that I don’t accidentally put 
all of it in one space…” 
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4.6 Findings: How Technology Can Improve Recipe Acces-
sibility (RQ3) 

During our interviews, participants shared their current challenges and frustrations related to 
following recipes while cooking. These examples led to further discussion about how technol-
ogy could be improved to mitigate these challenges. Here we consider the question: How can 
technology make following recipes more accessible? 

4.6.1 Improving Recipe Organization, Navigation, and Level of Detail 
4.6.1.1 Provide a Level of Detail that Matches the User 

Participants may prefer different levels of detail depending on their skill or familiarity with the 
recipe. Since there may be no one-size-fits-all level of detail, recipes can be adapted to the 
user’s skills and experience. P9 explained: 

“…It has to be detailed, but not so much that you have a paragraph for each step. So I 
don’t want to get all the information, but I do want to get the information that I need. 
And my background is in culinary arts, so maybe for me, it’s easier to understand 
even with fewer words. But if I learned to cook or started cooking while I was blind, 
I would definitely want to get some non-visual pointers in my recipes…” 

Participants noted that each user might prefer more or less detail for a recipe, depend-
ing on their stage within the cooking process. P1 said: 

“…I’m thinking because I think there are different modes of viewing a recipe. So 
it could be that when someone is just looking at the recipe or when they’re battle 
planning, they’re preparing to cook, that information is annoying, it’s too much. It 
is too much, it’s cognitive overload to read all that in one step…” 

4.6.1.2 Communicating Information via Voice Characteristics 

Some participants suggested that a system could communicate contextual information by 
changing the characteristics of text-to-speech voices, such as using different voices to read 
different parts of the recipe (P12), or allowing users to adjust speed and volume during specific 
cooking stages (P2, P3, P4, P14, P17, P20). For example, P4 noted that she might use a fast voice 
when cooking alone, but slow the voice down if she was cooking with a friend. 

4.6.1.3 Enable Non-Linear Navigation through Recipes 

Participants described the difficulty of tracking steps and managing timing, especially 
when multiple steps [must happen simultaneously]. P11 explained: 

“…I need time, and things that keep time management going. So a recipe where will 
give you the instructions to cook pasta and tell you while you’re cooking the pasta 
now you can do something, you can make the sauce. You can do something else 
within the timeframe, like the 11 minutes it takes to cook pasta…” 
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One way to address this challenge is to provide alternative paths for stepping through a 
recipe. P9 presented an example of her desired navigation strategy: 

“…Yeah. So how it works is I’ll ask for a recipe, it will give me the first option. If I like 
it, I can give it two different commands. The first command is to start with ingredients 
or start a recipe or something like that. I’m not getting the right wording, but it’s the 
concept of. So when you start gathering the ingredients, it will go one at a time and 
you just tell like the next ingredient. Of course you have to say her name and then 
next ingredient, next ingredient. And then it will tell you when you’re at the end of 
the ingredients, and it will ask you if you want to continue with the instructions and 
then it goes one step at a time…” 

4.6.2 Supporting Users in Learning to Cook 

We asked the adaptive cooking instructors about how their students work when taking classes, 
and how they could be better supported in their cooking activities. 

4.6.2.1 Customizing Instructions for Skills and Ability 

All instructors mentioned the importance of adapting instructions to the student, depending on 
their age, cooking experience, skill, and visual abilities. For example, I3 noted that some stu-
dents knew how to cook before the vision loss and took cooking classes only to re-learn cooking 
skills non-visually, while others are learning to cook for the first time. We also found that people 
with fewer years of cooking experience or who have never cooked before blindness (e.g., P16) are 
more likely to prefer more detailed cooking descriptions and links to external resources through 
technology than people who had many years of cooking experience before blindness (e.g., P6). 
I4 emphasized the importance of providing customized cooking instructions based on in-
dividual background: 

“…I found these newly blind people who show interest in cooking tend to have dif-
ferent understandings of cooking. Emmm, I remember there was a student who was 
a chef before becoming blind. His knowledge was much stronger than mine, so I only 
needed to teach him the basics of using tools non-visually, etc. But for many many 
other students who were blind and had never cooked independently before, I need 
to start from scratch to teach them everything…” 

As noted in Section 4.4.1.2, more experienced cooks often edited recipes while transcribing 
them into a text file. Essentially, these cooks are customizing their own recipes, although cus-
tomizing and editing recipes could be made easier. P8 described how and when he chooses 
to customize recipes: 

“…Yeah, my first time when following the recipe, I just get to follow the recipe. And 
wherever I feel, okay, I’m not comfortable with this, I can actually make my own 
personal adjustments. Yeah. Yeah. That’s just my own recipe…” 

The process of customizing a recipe also creates an accessible version of the recipe that 
may be useful to other blind cooks. P7 commented: “I wish I could just see and use other 
people’s edits on the recipe who are also blind, which could save a lot of time. Other people could 
then see my edits too.” 
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4.6.2.2 Structured Discovery and Professional Instructions 

Instructors mentioned the teaching approach called Structured Discovery as a way to support 
students with varying skills and abilities. In Structured Discovery, instructors refrain from using 
hand-over-hand guidance and encourage students to experience cooking skills on their own with 
verbal guidance from instructors. I1 explained: 

“…We’re a structured discovery center, so most of the time it’s students having to 
work through these things on their own…Typically, I don’t do a lot of hand-over-
hand teaching. If I’m giving instruction or if students need any clarification or they’re 
learning something new, I always try to give verbal instructions first…” 

We also found that our participants prefer instructions that are intended for blind cooks 
specifically, rather than for the general population. P11 commented on the usefulness of 
BeMyEyes [192] in his cooking: 

“…So if they had some kind of connection to chefs or anyone that can note that 
they are cooks or they have good cooking knowledge, then when you go in and you 
specifically request. Hey, I need some help in the kitchen, then you can get someone 
who’s knowledgeable about cooking methods or just things that you need a little bit 
of guidance or things that you need to do something in the kitchen…” 

4.6.2.3 Answering Questions and Providing Assurance 

Our instructors (I1–I4) mentioned that during cooking classes, their students constantly ask 
questions for confirmation and learning purposes. They noted that asking questions 
while practicing can be a distraction, and that students must learn to act without ex-
ternal confirmation. I3 explained: 

“…A lot of times it’s just looking for reassurance. Did I do this right? That’s the 
biggest one. I’m not sure if I’m doing this right or if this is the right piece of equip-
ment. Because we try to get that out of the way ahead of time. I try to make them 
think through the process and ask most of the questions that they would’ve asked 
in the process ahead of time in conversation. It takes a lot of time to do that, but it 
saves time during the actual cooking process…” 

Our participants mentioned that existing ways of asking smart speakers, searching through 
recipes, or using vision assistance apps either cannot get the expected answer or the whole 
process takes too long (Section 4.4.3). We found that cooking-related questions are often very 
context-specific, such as “how long should I cook this tomato again?” This points to the im-
portance of understanding the question’s intent and the current stage of the recipe. P3 
shared some common questions that she has while cooking: 

“…Yeah. Standard questions like, what’s the cooking time? What’s the oven temper-
ature? Things like that. That would be handy to know right away…” 
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4.6.3 Integrating Technology into Kitchen Activities 
As discussed previously, participants often struggled with using their normal cooking devices 
in the kitchen, and invented workarounds for doing so, such as covering their laptop with cling 
film. During our interviews, we discussed how technology could better integrate into kitchen 
activities. 

4.6.3.1 Using Multiple Devices Together 

One problem noted by participants was the difficulty in sharing information across multiple 
devices, such as when they saved recipes on a computer and read them on a mobile device. P12 
suggested that cooking information should propagate across his computing devices, including his 
smartphone and smartwatch: 

“…[it should] notify me on my phone and my Apple Watch when it is done by vibra-
tion or sound whenever it is appropriate…” 

4.6.3.2 Integrating At-School Learning and At-Home Practice 

I1 noted that recipes and tools used at school should also be available at home, to support 
practicing skills: 

“…Yeah, a huge, huge thing that I would love to support is having as many smart 
devices in the house. However, if a person is in training and they have the smart 
devices in the kitchen and they don’t have them at their house, then that’s going to 
be a challenge. So I also think meeting the students where they’re at is a good thing, 
too. So meaning that besides the smart devices, if they don’t have them at home, 
we’ll then also teach them without those smart devices…” 

Instructors mentioned that their students may struggle to reproduce work from class at 
home, with different tools available and without feedback from instructors (I1, I2, I4). I4 ex-
plained: 

“…I mean, many of my students do not have the same set of tools or devices at home 
compared with the kitchen at the rehab center, they sometimes struggle with the 
tools they have at home and there is not much I could do to help them…I usually 
have my phone available after hours and try to clarify and help as much as I can, but 
it is usually hard to do so through phone calls…” 

4.6.3.3 Supporting Hands-Free Interaction 

In a previous section, we noted the challenge of switching between cooking activities and inter-
acting with technology. Participants suggested that technology could enable hands-free inter-
actions with their recipe devices, which would reduce the need to rinse and dry their hands 
during cooking. P19 commented: 

“…It would be nice to have either something that can be on some sort of a stand 
or hands-free something that you can ask your device to do, especially when you 
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have your hands full. So you got your potatoes in one thing, and you got your stuff, 
and it’s really difficult to actually grab your phone and try to see. You know. Rinse 
your hands and then get back to other stuff. It’d be really nice to have something 
hands-free that can do that or even a wearable that concentrates on stuff like that 
cooking…” 

Alternatively, computing devices could provide simplified touch interfaces to prevent 
mistaken input. P1 said: 

“…So sometimes with apps, you can restrict the gestures that are available to make 
so that, what am I trying to say? When you’re navigating with a screen reader on 
the phone, you have all the gestures available to you so you can accidentally go out 
of the file or you can accidentally lose your place. So if it was an app…that would 
restrict the gestures and only leave you a limited number of gestures available in that 
app. So you can’t accidentally go out of the recipe…” 

Our participants also emphasized the importance of leveraging multiple interaction 
modalities while cooking (P2, P8, P11, P17). P17 commented: 

“…I only have one option to interact with my recipe reader which is through touch, 
I had to wash my hands multiple times and I wish I could simply use voice or wave 
my hand to move the recipe to the next step…” 

4.7 Discussion and Future Work 

In this section, we will discuss opportunities and considerations to augment recipe information 
and interactive technologies to better support non-visual access to cooking instructions and re-
lated information. 

4.7.1 Augmenting Recipes to Make Them More Accessible 

The first strategy we suggest is to augment the information content within the recipe itself. This 
would include modifying recipes to add the suggested information additions or to make them 
more widely adopted. Referring back to the previous section, this would include support for 
non-visual alternative descriptions for objects (including sound, smell, or touch) and especially 
changes in ingredient or cooking status (Section 4.5.1), incorporating both summaries and addi-
tional precision where appropriate. Today’s AI tools (e.g., Large Language Models (LLMs)) may 
be used to summarize short pieces of the recipe to achieve the vision of concise step descriptions 
based on key actions without the need to re-write the full recipe [125, 147, 185]. By gathering 
further information from blind cooks, it may also be possible to identify unique substitutions for 
actions, in addition to utilizing resources for ingredient substitutions. Furthermore, leveraging 
the expert knowledge of chefs and food safety experts we may also be able to identify resources 
to build a repository of tolerance information for various ingredients. 
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4.7.1.1 Non-Visual Database for Common Cooking References and Substitutions 

In our study, we showed that our participants prefer having non-visual interpretations to sub-
stitute visual descriptors (e.g., cook until golden brown) to reduce the barriers to learning and 
following cooking instructions effectively. We found that our participants gradually supple-
mented their cognition by either converting the visual description of a certain action or process 
non-visually before starting to cook, or utilizing strategies directly learned from blind cooking 
classes. This approach varies based on different ingredients, ways of cooking, size of the food, 
shape, and many other variables, which makes the process very experimental. We believe that it 
could be beneficial to create a database of non-visual descriptors for common cooking tasks and 
references to allow simple and automatic substitutions of relevant information. This database of 
recipe descriptions could include attributes such as [Original Visual Description], [Ingredient], 
[Cuisine Name], [Cooking Method], and [Non-Visual Description]. We believe this would re-
duce the learning curve for people with vision impairments, and having such a database could 
also contribute to recipe customization models (e.g., [35, 104, 178]) to automatically transform 
recipes with non-visual equivalence. 

4.7.2 Facilitating Information Extraction for Kitchen Tools and Ingre-
dients 

4.7.2.1 Automatic Extraction of Visual Content from Photos and Video 

From our study, we found existing online recipes contain various visual content that is inaccessi-
ble to blind people, such as having pictures or videos attached to the text to show the ingredients, 
steps, or size of objects. For example, in a video recipe, the person might verbally say, “Cook this 
until golden brown,” however, we can leverage data extraction tools [194] to identify any text 
shown in the video that indicates the timing or even extract relevant or unique sounds that are 
generated through the process (e.g., sizzling). This approach could potentially contribute to the 
non-visual reference database for visually impaired people to leverage while following a typical 
recipe. 

4.7.2.2 Supporting Extraction of Static Information from Physical Objects 

In this chapter, we found that our participants leveraged vision apps to identify information on 
physical packages, and we showed various challenges that they encountered through the pro-
cess (Section 4.4.2). This is similar to prior research that explored package fetching by people 
with vision impairments [108]. Here, we propose future research to consider providing universal 
designs of packaging for visually impaired people, which includes considerations of the abso-
lute position of certain information on the physical package (e.g., nutrition list, ingredients list, 
cooking instructions), support recognition of unpackaged items (e.g., a bunch of parsley from 
the store), as well as tactile readings [155]. Due to the existing difficulties of using vision apps 
to identify visualizations (Section 4.4.2), we also recommend that package designers utilize plain 
text structure and provide high-level summaries for easier reading through vision apps. 

4.7.2.3 Supporting Extraction of Dynamic Information from Physical Objects 

Furthermore, objects used in the kitchen often change or move, thus necessitating a constant 
re-evaluation of space and the objects that are being used. Future technology tools need to be 
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able to support identifying these kinds of changes and communicate such information at appro-
priate stages during the cooking process [109]. Our participants mentioned how the granularity 
of recipe information may change through different cooking stages (Section 4.5), and the same 
applies to details about physical objects, especially while learning (Section 4.6). For instance, 
consider a simple example of a knife, a versatile tool in the kitchen. At the start of a cooking task, 
people might need information about its location to ensure it’s safely stowed in its designated 
spot. However, as the cooking progresses, the context for this object evolves. People may need 
updates on whether the knife has been used, requiring information on its cleanliness and any 
food residues. Later in the process, people might require data on the knife’s orientation, particu-
larly if it has been set aside with the blade exposed. This need for dynamic information motivates 
technology to assist blind cooks by reducing cognitive load and increasing environmental aware-
ness. 

4.7.3 Supporting More Accessible Kitchen Work 

4.7.3.1 Multimodal Opportunities for Blind People in the Kitchen 

We also learned that our participants prefer having the option to have multiple devices (e.g., 
connect the smartphone with the smart speaker) and modalities (e.g., sound, haptic) in the kitchen 
to interact with recipes while cooking for convenience and to reduce false positives (Section 
4.6.3.1). This would provide the freedom to choose the modality to interact with the system and 
receive output in preferred ways [112]. This provides opportunities to consider: 1) How the input 
and output modalities should be designed? 2) What are the preferred gestures for the multimodal 
systems? 3) What are the design considerations of having multimodal systems in the kitchen for 
blind people (e.g., deployment, activation)? 4) What are the broader perceived benefits beyond 
interacting with recipes by using multimodal systems in the kitchen? 

4.7.3.2 Information Modality for Cognition 

In this chapter, we showed that our participants leveraged text and video for different purposes 
(e.g., manually transcribing video content for details to text). Specifically, we discussed how our 
participants prefer leveraging sound and sayings from the cook to gain motivation for cook-
ing (Section 4.4.1.1). Beyond cooking, our findings correlate to prior research on leveraging 
multimodal guides or interaction to support blind people in everyday activities, such as navi-
gation [120], social interaction [94], gaming [158], doing makeup [116], and art experiences [34]. 
Therefore, to enhance the adaptation of information, further research should also consider how 
to enable information in different modalities (e.g., sound, smell, tactile) to better motivate and 
assist people with vision impairments in accessing information and interacting with devices in 
cooking. 

4.7.3.3 Conversational User Interfaces for Kitchen-AI Systems 

In our findings, we showed that our participants commonly leveraged communications with their 
instructors in the cooking class to reassure themselves about their process and ask for clarifica-
tions on specific steps (Section 4.6.2.3). This provides opportunities for leveraging tools such as 
LLMs [90] to provide prompts to answer questions that are highly contextual based on specific 
recipes to support learning experiences and agency to cook without instructors. For example, 
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this includes providing details of specific steps that require high memory load (e.g., quantity, 
time, ingredients), having detailed guidance on how to perform certain actions without vision 
(e.g., suggestions on measuring food doneness), having summarization of a recipe, and describ-
ing alternative ways to do something. To do so, future research should conduct contextual in-
quiries to observe existing Q&A conversations between blind cooking students and their instruc-
tors in cooking classes to further explore the proper prompts to provide accurate and ethical 
responses [90, 201] through the conversational user interfaces. 

4.7.3.4 Customization Based on Individual Backgrounds and Conditions 

In our findings, we showed that our instructors tailored their instructions based on people’s di-
verse backgrounds (Section 4.6.2.1), such as people with or without cooking experiences before 
becoming blind or people of different ages [102]. In our study with blind cooks, we had par-
ticipants who were totally blind as well as legally blind who were capable of finger counting 
(Table 4.1). By analyzing their behaviors, we found that our participants who are legally blind 
and can perform finger counting or exhibited some degree of tunnel vision (e.g., P6, P9, P12) also 
employed vision-assistive technologies during cooking procedures non-visually, such as P6 used 
BeMyEyes to read physical packages, P9 used SeeingAI to read labels, and P12 used VoiceOver to 
walk through recipes on mobile devices, which is identical to other participants who are totally 
blind. On the other hand, we found there are slight differences regarding how they incorporated 
vision-assistive technologies with their remaining visual capabilities (e.g., light perception). For 
instance, while using SeeingAI to identify object locations, P12 utilized his light perceptions to 
estimate the facing direction based on the daylight from the window and the surrounding area 
that might contain certain objects (e.g., milk in the fridge). Drawing insights from both blind 
cooks and instructors, our recommendation for future systems is to offer users comprehensive 
control options. This includes preferences for spoken information, customizable levels of nav-
igational assistance, and targeted guidance on specific cooking skills. Empowering end-users 
with detailed controls can potentially enhance their individual user experience and adaptability 
to diverse needs. 

4.8 Summary 

In this chapter, we presented the design framework of recipe accessibility that includes recipe 
content accessibility, recipe structure accessibility, and the technological adaptations necessary 
to support non-visual cooking. The design framework introduced in this chapter highlights key 
elements needed for accessible recipe support: 

• Accessible Recipe Content: Recipes should provide non-visual alternatives to visual de-
scriptions (e.g., substituting color-based instructions with sound or texture cues). This helps 
blind cooks navigate tasks more effectively. 

• Structured and Modular Recipe Format: Recipes should be broken down into discrete, 
manageable steps, with clear, consistent language throughout. This ensures that each ac-
tion and ingredient is clearly defined and easy to follow. 

• Technological Interventions: Enhancements in multimodal interaction, voice guidance, 
and context-aware systems can improve navigation and time management, helping blind 

54 



4.8. SUMMARY 

cooks engage more independently with recipes. Future AI systems should enable person-
alized levels of detail and support non-linear navigation through the recipe. 

These findings offer a foundation for improving the design of recipe accessibility systems and 
supporting tools, contributing to greater autonomy and agency for people with vision impair-
ments in the kitchen. 
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Chapter 5 

Design Framework for Recognizing 
Contextual Information of Objects 

This chapter was adapted from my published paper: 

Franklin Mingzhe Li, Michael Xieyang Liu, Shaun K. Kane, and Patrick Carrington. 2024. A Contextual 
Inquiry of People with Vision Impairments in Cooking. In Proceedings of the CHI Conference on Human 
Factors in Computing Systems (CHI ’24). Association for Computing Machinery, New York, NY, USA, 
Article 38, 1–14. https://doi.org/10.1145/3613904.3642233 

5.1 Overview 

The culinary process leans heavily on visual cues, relying extensively on the contextual 
information of objects nestled within the kitchen (e.g., location, status), which remains elusive to 
people with vision impairments [110, 180]. This creates substantial barriers for them to cook in-
dependently and, ultimately, negatively impacts their quality of life [86]. For example, seemingly 
simple tasks like finding an item in a cluttered refrigerator or gauging whether a dish is fully 
cooked are challenging for visually impaired individuals, particularly for beginners in rehabilita-
tion training programs [110, 190]. Prior research has highlighted the importance of recognizing 
contextual information [110, 180], such as the color and placement of objects in everyday tasks. 
However, there exists a notable gap in knowledge regarding the specific contextual cues that 
visually impaired people rely on and the rationale behind these preferences when cooking. 

Although assistive vision systems like SeeingAI [135] and TapTapSee [174] have proven ef-
fective in helping visually impaired people identify objects under various settings, these systems 
frequently fall short in the kitchen due to their inability to extract contextual information the 
end-user prefers [110]. For instance, past studies have highlighted their lackluster performance 
in recognizing clusters of objects or retrieving precise information about an object, such as the 
expiration date of products [14, 49]. Additionally, these systems often require holding a smart-
phone to capture information, which is inconvenient and impractical during cooking tasks that 
are time-sensitive [110]. Therefore, it is crucial to understand the design space of how visually im-
paired individuals obtain contextual information about kitchen objects as well as explore effective 
ways to communicate this information while cooking, thereby shedding light on opportunities 
to increase culinary independence and enhance their overall quality of life. 
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Figure 5.1: Contextual Inquiry: sample views of participants’ home kitchens with varying spatial layouts (from 
wide to narrow), as well as object density. 

To summarize, in this work, we aim to investigate: 

RQ1 What contextual information about objects is important to people with vision impairments 
during cooking? 

RQ2 What techniques and strategies do blind cooks use to non-visually gather and utilize infor-
mation about objects during cooking and food preparation tasks? 

RQ3 What are the most effective methods for conveying necessary contextual information about 
objects at the right times and in the right ways? 

To answer the research questions, we conducted a comprehensive contextual inquiry study 
with 12 visually impaired individuals experienced in cooking (Figure 5.1). This inquiry took place 
in participants’ own kitchens, where they were asked to naturally prepare meals using ingredients 
available in their refrigerators (as detailed in Section 5.3.2.2). Subsequently, they were instructed 
to perform specific kitchen-related tasks related to object recognition, such as identifying ingre-
dients and organizing their kitchen space. In the end, we conducted semi-structured interviews 
to gain further insights into the motivations and rationales behind their actions, understand their 
needs for object-related information, and explore their views on integrating AI-powered assistive 
technologies in the kitchen (Section 5.3.2.3). 

In this chapter, we contribute to the design framework of recognizing contextual information 
of objects for people with vision impairments. It includes: 

• A comprehensive analysis of the contextual information requirements for objects, compris-
ing five primary, two secondary, and one application-specific category (Section 5.4). 
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• The nuanced process of gathering contextual information about objects for cooking activ-
ities, which involves establishing intentional contextual associations with objects (Section 
5.5). 

• Design guidelines for AI-powered assistive technologies tailored for visually impaired in-
dividuals in kitchen environments (Section 5.7). 

5.2 Related Work on Accessing Contextual Information of 
Objects 

Chapter 2 consolidates the literature on cooking and food-related activities for people with vision 
impairments, on the assistive technologies (tactile markers, crowdsourcing, computer vision, and 
multimodal systems) used to identify objects non-visually, and on the AI-powered kitchen tech-
nologies that monitor activities and appliances. This section focuses on the work most directly 
relevant to this study and the specific gap it leaves. 

Prior research has documented a wide range of practices and challenges that people with 
vision impairments face in cooking [20,110,190]; for example, Chapter 3 [110] surfaced difficulties 
such as measuring, organizing space, tracking objects, and quality inspection. Many of these tasks 
hinge on identifying contextual information about objects (e.g., shape, color, location, internal 
state), and a substantial body of assistive technology—tactile markers [72, 173], crowdsourced 
visual question answering [19,73], computer-vision object identification [58,71], presentation and 
guidance toward target objects [200], and AI-powered kitchen sensing [99, 107]—has been built 
to surface it (reviewed in Chapter 2). Yet these systems largely stop at naming objects: it remains 
unknown what contextual information of objects people with vision impairments actually need 
across different cooking procedures, how they currently obtain it, and how a system should be 
designed to deliver it for cooking-related tasks. Our contextual inquiry addresses this gap. 

5.3 Methodology 

Contextual inquiry has been used in field research to understand end users’ experiences, prefer-
ences, and challenges during their everyday activities [17,81,88,122,123,153]. Contextual inquiry 
research can support deeper understandings of everyday human behaviors through surfacing 
facts, details, constraints, and structures [17]. Contextual inquiry has been widely adopted as a 
research method to better understand marginalized groups, cultural learning, and accessibility 
practices (e.g., [45, 48, 129, 166]). To investigate our research inquiries comprehensively, we ini-
tiated a contextual inquiry involving 12 participants with vision impairments naturally 
cooking in their kitchens. Our study unfolds in three distinct phases: the pre-study interview, 
the contextual inquiry, and the semi-structured interview. 

5.3.1 Participants 
We recruited 12 people with vision impairments from the mailing list of the China Disabled Per-
sons’ Federation (Table 5.1). To participate in our study, participants were required to be 18 years 
or older, legally or totally blind, and have prior experience with cooking. Among the 12 partic-
ipants we recruited, six of them are female and six are male (Table 5.1). The average age of our 
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participants was 42.5 (SD = 6.1). Eight of them are totally blind and four are legally blind (Table 
5.1). Regarding the four participants who are legally blind, P1 has no vision in the left eye and 
light perception in the right eye. P3, P8, and P12 have some light perception in both eyes. They 
had an average of 21.7 years of cooking experience (SD = 9.0). As per their self-reports, seven of 
them cook every day, one cooks three or four times a week, two of them cook once per week, one 
cooks two or three times a month, and one cooks once per month (Table 5.1). Regarding living 
arrangements, eight resided with their families, one with roommates, and the remainder lived in-
dependently (Table 5.1). Participants were compensated in local currency, which is equivalent to 
$40 USD. The recruitment and study procedure was approved by our organization’s Institutional 
Review Board (IRB). Each participant’s engagement took approximately 90 to 105 minutes. 

PID Age Gender Vision 
Condition 

Cooking Experience 
Frequency 

and Living 
Condition 

P1 41 Male Legally 
Blind 

16 Years, Three or Four Times 
a Week 

Living with 
Family 

P2 40 Male Totally 
Blind 

18 Years, Once per Month Living with 
Family 

P3 32 Female Legally 
Blind 

12 Years, Everyday Living with 
Family 

P4 46 Male Totally 
Blind 

24 Years, Once per Week Living with 
Family 

P5 52 Male Totally 
Blind 

29 Years, Once per Week Living with 
Family 

P6 44 Female Totally 
Blind 

15 Years, Everyday Living with 
Family 

P7 49 Male Totally 
Blind 

26 Years, Everyday Living 
Independently 

P8 36 Female Legally 
Blind 

10 Years, Everyday Living with 
Family 

P9 39 Male Totally 
Blind 

18 Years, Everyday Living 
Independently 

P10 42 Female Totally 
Blind 

36 Years, Everyday Living 
Independently 

P11 51 Female Totally 
Blind 

38 Years, Everyday Living with 
Friends 

P12 38 Female Legally 
Blind 

18 Years, Two or Three Times a 
Month 

Living with 
Family 

Table 5.1: Demographic information of our study participants 
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Figure 5.2: Contextual inquiry settings. Three camera views captured during the study to show the overall kitchen 
environment, egocentric view, and a 3rd-person camera view of the person cooking. The top image is the overall still 
image of the kitchen setting. The bottom left image is the view from the stationary camera that shows our participant 
making a meal. The bottom right image is the egocentric view captured from the chest-mounted camera. 

5.3.2 Study Procedure 

Our study unfolds in three distinct phases: a pre-study interview, a contextual inquiry, and a 
semi-structured interview. 

5.3.2.1 Pre-study Survey [5 Minutes] 

In the initial pre-study interview, we gathered demographic information from our participants. 
This included details such as age, gender, vision condition, cooking experience, cooking fre-
quency, living arrangements, preferred cooking activities, and any challenges they encountered 
in the culinary domain. 
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Figure 5.3: Dishes made by our participants during the contextual inquiry in their kitchens. 

5.3.2.2 Contextual Inquiry [75 Minutes] 

During the contextual inquiry phase, participants engaged in various cooking activities within 
their personal kitchens (as depicted in Figure 5.2). To record their culinary experiences com-
prehensively, participants were equipped with a GoPro 11 camera [65] attached to their chests, 
allowing us to document their actions and behaviors (as shown in Figure 5.2). To provide a 
comprehensive view of their activities, we installed a stationary camera within their kitchen en-
vironments (Figure 5.2). In the contextual inquiry, there were two main tasks: 

[TASK 1: Self-Directed Cooking]: To observe a full experience of cooking, our participants 
were asked to first explore the food and ingredients that they had in their own kitchen, and 
then make a dish based on the availability of ingredients (See Figure 5.3 for dishes made by our 
participants). After making the dish, participants were asked to serve the dish and clean the 
kitchen. During the cooking process, participants were encouraged to vocalize their thoughts 
while performing tasks, following the think-aloud protocols throughout the contextual inquiry 
[186]. 

[TASK 2: Specific Cooking-related Activities]: Following the completion of Task 1, par-
ticipants were further engaged in specific cooking-related activities to gain a deeper insight into 
their procedural methods and information requirements. Drawing from prior research find-
ings [110], we chose eight key activities that epitomize the essential cooking tasks for individuals 
with vision impairments that are relevant to object identification. These activities encompassed: 
1) identification of ingredients and food items, 2) recognition of cookware and utensils, 3) pre-
cise measurement, 4) monitoring of cooking progress, 5) the process of serving food, 6) ensuring 
safety measures, 7) maintaining kitchen organization, and 8) executing grocery shopping. Par-
ticipants were requested to demonstrate their typical approach to completing these tasks and to 
vocalize their thought processes throughout, adhering to the think-aloud protocols [186]. 
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5.3.2.3 Semi-structured Interview [25 Minutes] 

Following the completion of the contextual inquiry, we proceeded to conduct a semi-structured 
interview. This interview served as a platform for a comprehensive debriefing, allowing us to 
delve into our observations and findings from the contextual inquiry. Additionally, it provided 
an opportunity to explore various facets of future design considerations related to the commu-
nication of visual information and the form factors of assistive technologies within the kitchen 
environment. 

[Debriefing of the Contextual Inquiry]: In this segment of the interview, we initiated 
discussions concerning the behaviors and processes observed during the contextual inquiry (refer 
to Section 5.3.2.2). We delved deeper into the challenges encountered by participants, as well 
as their specific visual information needs. This encompassed topics such as object localization, 
contextual information regarding objects, and the dynamics of visual information requirements 
throughout different stages of the cooking process. 

[Design of Information Communication and Deployment]: Subsequently, our conver-
sation shifted toward the design aspects related to information communication and deployment 
within the kitchen setting. We inquired about participants’ preferences for how information 
should be conveyed to them while cooking, their information needs during culinary activities, 
their opinions on the form factors of assistive technologies within the kitchen, and any other 
concerns or considerations they wished to share. 

5.3.3 Data Analysis 
The contextual inquiries were meticulously documented using both video recording methods. 
High-resolution footage was captured at 5.3k resolution with a frame rate of 30Hz utilizing the 
GoPro 11 camera in HyperView [65]. Additionally, a stationary camera was employed to supple-
ment the recordings. Meanwhile, the semi-structured interviews were recorded in audio format. 
We leveraged the video resources captured by the body-worn camera and the stationary camera 
for the contextual inquiry analysis [97]. For the analysis of the contextual inquiry videos, we 
used thematic analysis [30]. Two researchers independently annotated the video and open-coded 
the observations. Our analysis centered on two key aspects: the contextual information needs 
related to objects and the processes involved in acquiring contextual information about these 
objects (as detailed in Section 5.3.2.2). As for the analysis of the semi-structured interviews, 
a similar thematic analysis approach was employed [30]. This analysis revolved around themes 
related to the processes of acquiring contextual information, expected methods of information 
communication for objects, visual information requirements, and considerations regarding form 
factors (refer to Section 5.3.2.3). 

5.4 Findings: Contextual Information Needs of Objects 
(RQ1) 

In this section, we first present the five fundamental contextual information needs of objects that 
people with vision impairments prefer while cooking: position information, orientation infor-
mation, proximity and grouping information, similarity and duplicate information, and internal 
state information. We further present three secondary and application-specific information needs 
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that are relevant to kitchen activities: safety-related information, health-related information, and 
plating and serving information. We illustrate this in Table 5.2. 

Attribute Description Priority 

Position The relative location to a reference point, or an “anchor,” Primary 
to indicate the object’s position 

Orientation Information about how an object is currently oriented Primary 
(e.g., vertical, horizontal, or tilted) relative to a reference 
point (e.g., human, object) 

Proximity and Group- Information about groupings of objects relative to others Primary 
ing and the environment 

Similarity and Dupli- Information about similar or duplicate objects, which in- Primary 
cates cludes differentiation between similar objects, relative po-

sitions between objects that are similar, and the overall 
quantity of similar objects 

Internal State Information about internal state of objects, such as clean- Primary 
ness, freshness, boiling water, the amount of solid or liq-
uid inside the container, and the doneness of food 

Safety-related Infor- Information to monitor anything that might be harmful Secondary 
mation (e.g., knocked-over objects, open flame) 

Health-related Infor- Information to track objects with health hazards after con- Secondary 
mation sumption (e.g., expired food, overcooked food) 

Plating and Serving Information about the final appearance and presentation Application-
of objects upon finishing (e.g., color distribution) Specific 

Table 5.2: Contextual information needs revealed during our study. Primary attributes were required to interact 
with objects, while secondary and application-specific attributes were related to understanding the state of objects 
and manipulating them. 

5.4.1 Five Fundamental Categories of Contextual Information for Ob-
jects 

5.4.1.1 Position Information 

During our contextual inquiry conducted in the participants’ kitchens, we uncovered a unani-
mous consensus among our participants regarding the paramount importance of knowing the 
precise position of objects within their culinary domains, which could reduce the time and effort 
of finding objects while cooking (9), and support autonomy and agency in the kitchen (3). We 
found over half of our participants encountered difficulties when attempting to locate specific 
items while cooking, due to the mental load of memorizing the positions (P1, P8, P11) or mis-
placement of items by their family members or friends (P2, P4, P6, P10). This challenge increased 
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when dealing with less frequently used items. To remember object locations, our participants 
typically advocated for the use of a reference point in the kitchen, or an “anchor,” to indi-
cate the object’s position. For instance, they preferred describing the oyster sauce as being “on 
the windowsill” rather than specifying its coordinates in 3D space (e.g., x, y, z). P5 elucidated: 

“To determine the location of the item I’m searching for, I simply require a relative 
position in relation to a reference point in my kitchen, such as near my gas range or 
on my fridge.” 

5.4.1.2 Orientation Information 

Our inquiry also shed light on another critical facet—the need to ascertain the orientation of var-
ious kitchen objects, signifying their current alignment or positioning relative to a specific 
reference point or another object. We found that our participants encountered challenges in 
discerning the orientation of objects during different culinary tasks (P2, P4, P5, P6, P9, P11). For 
example, both P2 and P5 grappled with slicing pork belly with the correct orientation, often lead-
ing to the unintended separation of fat and lean meat portions. Similarly, our participants faced 
recurrent tribulations when endeavoring to align a wok precisely with plates or bowls during the 
serving process (P4, P6, P9, P11). This issue invariably resulted in unwanted food spillage. P11 
provided illuminating insights into the complexities of this matter: 

“Perfectly aligning the wok with the plate during serving can be quite challenging, 
and as a consequence, I frequently find myself grappling with food spillage, necessi-
tating subsequent cleanup efforts.” 

5.4.1.3 Proximity and Grouping Information 

In addition to object orientation, our participants placed significant emphasis on contextual in-
formation related to proximity and grouping—essentially, the arrangement and organization 
of objects in relation to one another and the kitchen environment. Knowing the proximity 
and grouping information of certain object groups can support maintaining the kitchen, as well 
as navigating the kitchen space. This aspect encompassed the pressing need to determine if ob-
jects were correctly placed, if any misplacements or disarray had occurred (P4, P11), and whether 
alterations or rearrangements to the kitchen space had transpired during or after culinary activ-
ities (P5, P9). For instance, we observed that P5 faced difficulties locating sauces and ingredients 
following his daughter’s cooking session, as she had inadvertently rearranged various items. P5 
articulated his predicament: 

“I usually…have my sauces like soy sauce and vinegar arranged on the second shelf 
and other solid ingredients such as sugar and salt carefully positioned on the third 
shelf. However, my daughter cooked a meal yesterday, and the displacement of items 
made it exceedingly challenging to locate things today.” 

5.4.1.4 Similarity and Duplicates Information 

Our research also illuminated the critical need to acquire information about similar or du-
plicate objects, encompassing differentiation between similar items, determining the relative 
positions of objects, and assessing the overall quantity of similar objects. Understanding the 
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quantity of specific items, such as tomatoes within the fridge, emerges as vital for monitoring 
food supplies, particularly when preparing for grocery shopping. During our study, we observed 
that P3 had multiple tomatoes located at various spots within her refrigerator. When asked about 
the tomatoes’ whereabouts, she discovered two with holes and remarked: 

“I wasn’t aware that I had these tomatoes tucked away in the corner of my fridge, and 
I can’t recall how long they’ve been there. It’s possible my son placed them there.” 

Moreover, we noted that providing information regarding the differentiation between simi-
lar objects can significantly assist individuals with vision impairments in comprehending their 
kitchen environments. For example, P1 and P8 both expressed the desire to know how differ-
ent plates were stacked together on a shelf and whether all the plates were identical or if any 
variations existed during the serving process. 

5.4.1.5 Internal State Information 

Kitchen objects may possess various internal states, including temperature, freshness, 
cleanliness, the condition of solid or liquid contents, and the degree of doneness for 
food that is being cooked. Our participants noted that ascertaining these internal states can 
be a challenge, primarily because many of these assessments rely on visual cues. For instance, 
our participants expressed difficulties in determining the cleanliness of vegetables or meat (P2, 
P9). Other challenging tasks include monitoring the water temperature to determine if it has 
reached boiling point (P5) or gauging the readiness of food (P6). P9 explained this issue: 

“It’s impossible for me to determine if vegetables are clean or not during the washing 
process. Consequently, I often find myself repeatedly washing them to ensure their 
absolute cleanliness.” 

5.4.2 Secondary and Application-specific Information 

In addition to the five fundamental contextual information categories, we identified three types 
of information that people with vision impairments are acutely aware of while interacting with 
objects in the kitchen. 

5.4.2.1 Safety-related Information 

The first secondary information is safety-related information, which encompasses monitoring 
objects that have the potential to cause harm. This includes objects that could be accidentally 
knocked over during kitchen tasks (P4, P9, P10) and safety-related concerns, such as monitoring 
the temperature of cooking equipment to prevent accidents (P4, P5, P6, P10, P11). Our observa-
tions revealed instances where P4 accidentally knocked over a salt bottle while searching for a 
plate, and P9 tipped over a nearby water cup. P9 emphasized the significance of being aware of 
potential obstacles: 

“Being aware of potential obstructions that I might knock over could greatly benefit 
me throughout the preparation and cooking process. It could also help reduce the 
anxiety associated with interacting with objects while learning.” 
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Figure 5.4: Some visual information can have health implications. Left: Sliced tomatoes still have stickers attached 
(highlighted); Right: Some vegetables were overlooked and left on the cutting board (highlighted). 

5.4.2.2 Health-related Information 

Our contextual inquiry highlighted the critical importance of knowing contextual information 
about objects for health-related considerations. This encompasses factors like checking expiration 
dates (P1, P10, P12), identifying food with potential health risks, such as overcooked items (P2, P5), 
and recognizing visual cues on food items, such as stickers on vegetables (P6, P8). P2 articulated 
the challenges he faced in this regard: 

“To ensure all of the meat is fully cooked, I usually cook it for a longer period, which 
sometimes had some of the food got overcooked or even burned.” 

We also observed instances where participants unintentionally left behind or missed certain 
food items, especially when dealing with round-shaped objects like green beans, or during the 
transfer of items from the cooking vessel to the plate. This oversight could lead to health-related 
concerns, such as consuming spoiled food or creating conditions favorable to pests like cock-
roaches (P2, P4, P5, P6, P11) (Figure 5.4). For example, P5 inadvertently included a food sticker 
while slicing a tomato, and it was subsequently cooked in the dish (Figure 5.4). P5 expressed: 

“I had no idea there were stickers on the tomato, and it’s challenging to use my hands 
to feel the entire tomato to detect the sticker. Wouldn’t it be better if they stopped 
using stickers altogether?” 

5.4.2.3 Plating and Serving Information 

Upon completing the cooking process, we uncovered our participants’ preferences for being in-
formed about the presentation and final appearance of the dishes they prepared. This encom-
passed details such as the arrangement of items on the plate (position), the degree of cooking (in-
ternal state), the spatial relationship with other items on the plate (proximity), and the orientation 
of food items (orientation). P5 emphasized the value of being aware of the visual presentation of 
their culinary creations: 

“It’s valuable for me to be aware of how appealing my food looks once it’s served, 
or if I should consider adding additional vegetables or meat to enhance the overall 
visual presentation.” 
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Figure 5.5: P9 using his left hand to touch the side of the wok to gauge the temperature of the wok. 

5.5 Findings: Process of Obtaining Contextual Information 
of Objects (RQ2) 

In this section, we begin by discussing how individuals with vision impairments rely on multiple 
sensory inputs to acquire various types of contextual information [indicated in brackets] concern-
ing objects during cooking activities. These sensory inputs encompass touch, sound, and smell. 
Subsequently, we explore two distinct approaches employed by our participants to streamline the 
process of identifying objects of interest: the creation of supplementary contextual information 
and the simplification of the contextual information acquisition process related to objects. 

5.5.1 Multi-sensory Approaches to Obtaining Contextual Information 

5.5.1.1 Touch 

Our contextual inquiry revealed that our participants relied on their sense of touch for track-
ing the status of objects in their kitchen, including dual-purpose scanning and memorization, 
manipulating objects, and performing safety inspections. 

Dual-purpose Scanning and Memorization: We found that our participants used touch 
for multiple purposes, such as localizing objects and checking the internal state of objects. This 
included locating items like vegetables, fruits, and meat within the refrigerator, as well as identi-
fying sauces, ingredients, or containers within the kitchen [Position]. Touching food also com-
municated information about the freshness of the food [Internal State]. P4 commented: “Using 
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touch is my primary way of finding things in the kitchen, while I explore objects, I also feel the object 
to know if it is fresh through the stiffness or if there are holes on the skin.” 

During this process, they engaged in pre-organizing objects of interest and often memo-
rized the positions of other similar or nearby objects as they scanned the space [Proximity 
and Grouping][Similarity and Duplicates]. For instance, P1 searched for eggplants in the 
fridge, scanning through it while simultaneously committing the location of garlic to memory. 
Later, when he needed minced garlic, he easily found it, remarking, “I memorized the position of 
the garlic last time when I was scanning through the fridge!” However, we found this approach 
can be slow, and that the complexity of the space sometimes caused people to miss objects while 
scanning and to form an inaccurate memory of objects and space (P3, P7, P11). P3 explained: 

“It often takes me a while to find the vegetable that I want to get. And it is easy for 
me to miss some of it, because kitchen shelves and refrigerator storage are complex, 
such as my tomatoes were placed at multiple positions in the kitchen. Once I did not 
find it, then it might just stay in a corner for many days.” 

Precision and Manipulation: While manipulating and interacting with objects, we found 
our participants also leveraged touch to ensure objects are organized and aligned, which main-
tained order and reduced the risk of spillage, [Orientation] as well as to count and measure 
objects (e.g., sugar, vinegar) [Internal State]. To align objects, or when transferring materials 
between containers (e.g., adding sauces to salad, serving food from a wok) our participants usu-
ally used one hand to hold the object then used another hand to find and secure the other object. 
To determine the quantity of dry ingredients such as salt and sugar, they relied on touch, using 
their hands to feel and specify the exact amount (P1, P4, P5, P8, P9). For liquids, they often placed 
a finger beneath the lid, allowing them to feel the liquid passing through their finger to gauge the 
quantity (P5, P7, P10). 

Safety Inspection: Furthermore, we discovered that access to safety-related information 
could significantly reduce the risks associated with cooking for individuals with vision impair-
ments. For example, both P9 and P10 routinely performed thorough inspections of flammable 
objects that are close to the gas range before cooking [Proximity and Grouping][Safety]. P10 
expressed a desire for pre-cooking safety checks: “I would appreciate having some form of support 
for conducting safety checks before cooking to ensure there are no objects in close proximity to the 
range during cooking.” Additionally, we found that gauging the temperature of the wok [Inter-
nal State][Safety] presented one of the most formidable challenges for individuals with vision 
impairments, as this information was traditionally obtained through tactile means, such as direct 
touch (see Figure 5.5). This practice, although effective, often resulted in burns and blisters, as 
expressed by P9: 

“I use my hand to feel the temperature of the wok; you can see my arm has many 
blisters and burns, but I have to use this method as there is no other way for me to 
gauge the temperature or balance the wok correctly.” 

5.5.1.2 Sound 

Recognizing and tracking sounds played a pivotal role in our participants’ ability to assess the 
status of objects [Internal State] in cooking, such as temperature. As an illustrative example, 
P11 described a method involving the addition of a small amount of egg yolk to hot oil in a wok 
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Figure 5.6: Unique containers differentiate contents. Participants use and reuse unique containers to help identify 
objects. 

to listen to the resulting sound to estimate the oil’s temperature. While sounds were usually 
helpful, it was sometimes difficult to follow sounds because of excessive background noise (9), 
such as kitchen exhaust fans or conversations with others in the room. P11 provided further 
insights into this issue: 

“I prefer using sound-based assessments, such as checking if water has boiled, but 
sometimes the differences in sound characteristics can be quite subtle…which is dif-
ficult to specify with my exhaust fan on.” 

In addition to assessing object status, participants utilized sound to estimate the quantity or 
volume of objects [Internal State]. An interesting example involved the use of containers with 
narrow nozzles. When pouring liquids into a pan or wok, the air inside the container compresses 
as the liquid flows, generating a distinct sound, often described as a “burp.” This auditory cue 
allowed individuals to approximate the amount of liquid dispensed. P8 detailed the practicality 
of this method for estimating quantities through sound while acknowledging its inherent limi-
tations, such as reduced precision, particularly when the liquid level in the container was low: 
“I use sound to estimate how much oil I’ve poured into the pan. It’s challenging to discern through 
touch alone. The first drop of oil hitting the wok generates a small sound, and since the oil bottle 
I purchased has only one nozzle, it doesn’t continuously pour. Instead, it dispenses intermittently, 
producing a ‘burp’ sound. I rely on this auditory feedback to gauge the amount of oil in the pan. 
However, it’s not always precise, as the sound may become less noticeable when the liquid level in 
the bottle is low.” 

5.5.1.3 Smell 

The sense of smell plays a critical role in helping individuals with vision impairments determine 
the internal state of objects and health-related information [Internal State][Health], such as 
the freshness or the doneness of the food. In cases where touch exploration was not feasible or 
practical, participants relied on their olfactory senses to detect signs of spoilage. P3 illustrated 
this practice, stating, “It is common for us to have leftovers of main dishes as well as rice and bread. 
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Sometimes, touching is often not feasible to assess the condition of the food. So, I use my sense of smell 
to determine if the food has gone bad. Spoiled food often emits a sharp and unpleasant smell due to 
fermentation.” This reliance on smell allowed them to make informed decisions about whether it 
was safe to consume leftover food items. 

Participants also utilized their sense of smell as a means to determine the readiness of certain 
dishes [Internal State]. Specific foods emitted distinctive aromas when they were close to being 
fully cooked. For example, P4 and P9 mentioned that particular dishes, such as those containing 
green peppers and meat, would release a savory aroma, signaling that they were nearly done. 
This olfactory cue served as an indicator of cooking progress. However, participants emphasized 
the importance of swift action once these aromatic cues were detected, as there was little room for 
delay between sensing the enticing aroma and preventing the food from becoming overcooked 
or burned. As P4 humorously put it, “I like to use smell to gauge the readiness of my food. When 
you catch that aroma, it feels like a culinary achievement. But don’t celebrate too long; you need to 
promptly remove the food from the wok to prevent it from burning.” 

5.5.2 Altering Objects to Ease Identification 

In addition to their multi-sensory strategies, our participants demonstrated the approach of ac-
tively creating additional contextual information for objects, thereby facilitating their recognition 
and organization. Through contextual inquiry, we uncovered a pervasive practice among all par-
ticipants: the deliberate customization of objects to imbue them with supplementary contextual 
information. This approach involved introducing distinctive attributes, such as unique container 
shapes or deliberate organizational strategies, to enhance object identification and ensure secure 
organization within the kitchen. 

5.5.2.1 Using Containers with Unique Shapes 

We found that all of our participants typically chose to use different sizes or shapes of containers 
to indicate the difference between sauces, oil, or seasonings [Similarity and Duplicates] (Fig-
ure 5.6), which corresponds to prior research showing that bartenders used different glasses to 
remember orders [54]. From the observation of the contextual inquiry, we found that they easily 
spotted the sauce that they wanted, and we found that for P1, he used a thin-headed, mid-sized 
glass to store oyster sauce, a large, rectangle bottle to store vinegar, and a wide-headed, large 
plastic bottle to store soy sauce. P5 also refills oils to the bottle that he purchased a long time ago 
(Figure 5.6). P6 further explained: 

“I personally use different shapes of containers to indicate the difference of oyster 
sauce, vinegar, and soy sauce. There was one time that my daughter purchased a 
new bottle of oyster sauce, which confused me for many days.” 

5.5.2.2 Securing Objects for Organization 

Participants favored using bowls or plates to secure objects, promoting better organization, rather 
than letting them roll freely on the counter [Orientation][Position]. For example, P4, P5, P11, 
and P12 placed cut vegetables inside a bowl for ease of management. Similarly, P4, P6, and P10 
employed a knife as a makeshift “container” to secure objects before cooking, such as scallions 
or minced garlic (Figure 5.7). This additional layer of context minimized the risk of accidents and 
lightened the cognitive load associated with memorizing object locations. 
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Figure 5.7: P4 used a knife as a “container” for scallions or minced garlic. 

5.5.2.3 Spatial Separation and Grouping of Objects 

In addition to enhancing the identification of individual objects, our study revealed that partici-
pants deliberately arranged objects in separate spatial groupings based on their purposes [Prox-
imity and Grouping], aiming to facilitate easier identification and access (P2, P3, P6, P8, P9, 
P11). During interviews, participants elaborated on the advantages of spatially separating ob-
jects, highlighting how it added another layer of context and improved the spatial recognition of 
object groupings. P8 provided insights into this behavior: 

“I prefer to keep my kitchen essentials minimal and uncomplicated. Simultaneously, I 
adopt a practice of spatially separating different objects, aiding me in distinguishing 
between various items more effectively and reducing the chances of encountering 
unwanted objects due to spatial constraints.” 

Furthermore, participants mentioned their practice of organizing objects within dedicated 
mini-spaces, each containing a specific group of items. For instance, P11 stored all sauces in the 
same location, while P9 demonstrated how he arranged daily-use bowls within easily accessible 
spaces and placed less frequently used ones in cabinets: 

“Locating and reaching certain spaces can be quite demanding, especially when I 
have to stoop down to access bowls near ground level. Therefore, I keep utensils I 
use daily on the counter, within easy reach, and store the others in cabinets.” 

5.5.3 Optimizing Cooking Procedures 
In their pursuit of greater convenience and efficiency, our participants devised a range of strate-
gies to simplify their cooking procedures, reducing the need for extensive contextual information 
gathering. These innovative methods encompassed pre-assigning orders, sequential organization, 
strategic seasoning placement according to usage frequency, and preserving spatial arrangements 
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during the cleaning process. Through these tactical approaches, they were able to optimize their 
cooking routines while minimizing the effort required to access contextual information about 
objects. 

5.5.3.1 Pre-assigned Orders and Sequential Organization 

Our study revealed that participants frequently prepared objects in a specific order based on 
their sequential requirements (P2, P5) [Position]. This approach involved completing prepa-
ration tasks before embarking on the actual cooking process, thus optimizing their time and 
effort. P2 exemplified this by arranging the bowl of oil in front of the onions, followed by the 
meat, to denote the order of preparing the dish: “Pre-arranging all the containers would save me 
time and effort during execution by minimizing the need to recheck the objects in the bowl.” Further-
more, beyond arranging ingredients in the order they would be used, participants also organized 
seasonings according to their frequency of use (P9, P11) [Similarity and Duplicates]. P9 
elaborated: 

“I typically position the seasonings I use daily closer to the gas range, while placing 
others in cabinets or higher shelves.” 

Additionally, participants maintained the spatial arrangement of objects even during the 
post-cooking cleaning process (P4, P5, P7, P12) [Proximity and Grouping]. This practice served 
a dual purpose, as explained by P5: 

“The cleaning process not only ensures cleanliness but also guarantees that all ob-
jects are returned to their designated positions, preventing difficulties in locating 
ingredients during subsequent cooking sessions.” 

5.5.3.2 Step and Purpose Combination 

In pursuit of greater cooking efficiency, our participants skillfully combined specific cooking 
steps and harnessed objects for multiple purposes, simplifying their culinary endeavors, which 
reduced the need to obtain contextual information of multiple positions as well as differentiating 
different objects [Position][Similarity and Duplicates]. These strategies included merging 
cooking steps and employing objects with dual functionalities. Participants deliberately inte-
grated particular cooking steps and repurposed objects, effectively streamlining their 
culinary processes. For instance, P3 favored using a pot as a multi-purpose container, consol-
idating ingredients in the pot before cooking. P3 elucidated: “I adopt this approach to reduce the 
complexity and hassle associated with employing multiple containers.” Similarly, P4 opted to place 
pepper and other seasonings inside the wok with oil before igniting the flame, effectively con-
densing multiple steps into a single action, which was typically divided in conventional recipes. 
Furthermore, our participants exhibited resourcefulness by utilizing objects with dual func-
tionalities to diminish the need for additional tools. For instance, P11 employed a large 
bowl both as a wok lid and as a receptacle for washing vegetables. P11 explained the practical-
ity of this approach: “Utilizing the large bowl as a wok lid not only eliminates the necessity for a 
separate lid but also serves as a convenient vessel for washing various vegetables.” 
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5.5.3.3 Reducing the Need for Precise Movement 

In their quest for enhanced convenience and reduced demand for precision and accuracy, our par-
ticipants expressed a preference for minimizing complex 3D spatial actions [Orientation]. 
They identified strategies that streamlined their actions, such as adjusting their knife-handling 
technique and adopting a pragmatic approach to discarding waste. Several participants indicated 
a desire for simplified knife handling, opting for a 2D movement approach by gripping the knife’s 
back edge rather than the blade’s tip (P4). This technique allowed for more straightforward and 
manageable motion when manipulating the knife during culinary tasks. 

To further simplify their kitchen activities, our participants highlighted the practice of ini-
tially disposing of waste items in the sink (P6) [Orientation]. This approach was especially 
advantageous for items that required precise disposal, as participants found it challenging to ac-
curately target a conventional waste bin placed at ground level. By contrast, the sink offered a 
more accessible, waist-level receptacle, reducing the need for precision and diminishing concerns 
about transferring waste to a traditional trash bin after cooking. P6 explained: “This would reduce 
my effort of accurately throwing the garbage inside the bin…The water sink is big enough and at my 
waist level so I can easily throw things in it without much effort and worry about transferring them 
into the trash bin later after cooking.” 

5.6 Findings: Contextual Information Communication and 
Deployment (RQ3) 

In this section, we show our findings about contextual information presentation and deployment 
considerations by people with vision impairments during cooking activities. We present partici-
pants’ preferences for information granularity in communication (Section 5.6.1), communication 
modality (Section 5.6.2), and form factor considerations for future technologies (Section 5.6.3). 

5.6.1 Preferred Information Granularity and Level of Detail 
5.6.1.1 Providing Precise Spatial Descriptions 

Participants preferred specific, stationary spatial references to describe object positions, using 
objects in the kitchen as landmarks. P4 elaborated: 

“I typically say that the salt is on the left-hand side of the gas range, or the oyster 
sauce is on the windowsill. I prefer not to know if my oyster sauce is close to my 
sugar, because other people might place it in different spots.” 

Moreover, participants requested detailed spatial references. P1, for instance, suggested de-
scribing an object as being on the third shelf of the fridge door, rather than simply mentioning 
that it is on a shelf. Best practices here depend on layout: a kitchen with only one window has 
objects “on the windowsill,” while more detail is needed for a kitchen with multiple windows. 
In some cases, participants combined multiple objects to describe a location, such as “the bowl is 
inside the cabinet at the left-hand side of my gas range.” (P1). 

73 



CHAPTER 5. RECOGNIZING CONTEXTUAL INFORMATION OF OBJECTS 

5.6.1.2 Limiting Verbosity 

Participants expressed a dislike for systems that chatter constantly, as it could distract them from 
tasks that require focused auditory attention. P2 conveyed this sentiment: 

“I don’t want the system to constantly provide verbal updates for every new object 
it encounters. It should provide contextual information thoughtfully.” 

Participants requested that notifications be provided when most needed, and taking into ac-
count the user’s current location (P4, P7, P10). P7 elaborated: 

“I don’t require precise navigation to a specific reference point in my kitchen, such 
as the position of my sink. I can manage that on my own. What I need is a brief 
notification to confirm that I’ve reached the desired position.” 

5.6.2 Preferred Communication Modalities 
5.6.2.1 Combining Speech and Non-Speech Audio Feedback 

During the post-interviews, we asked participants about their preferred modes of receiving infor-
mation in the kitchen. A majority of participants preferred non-speech audio notifications, such 
as a familiar “beep-beep-beep” sound, as these would be less distracting. This preference was 
primarily motivated by the desire to minimize cognitive load during cooking, as noted in Section 
5.5.1.2. P4, P8, and P10 mentioned the advantage of less distracting audio feedback, particularly 
when engaged in conversation or consuming other auditory content. P10 pointed out: 

“I prefer non-verbal sounds over human voice notifications as they are less disruptive 
while I’m cooking. If I’m in the middle of cooking and listening to a lecture, having 
a human voice as a notification can disrupt my experience.” 

Participants noted that speech was still needed to convey details, but they requested control 
over when speech feedback was offered. As articulated by P11: 

“I wouldn’t want the system to speak to me in a human voice unless I specifically 
request it. Typically, not during active cooking, but perhaps I might ask for more 
detailed information before or after I perform certain actions, such as inquiring about 
the quality of the dishes I’ve prepared.” 

Overall, participants hoped for a balance between less distracting audio cues and on-demand 
speech feedback. 

5.6.2.2 Offering Proactive Reminders 

Furthermore, our participants desired proactive reminders around key topics such as safety- and 
health-related information (P8, P11), as noted in Sections 5.4.2.1 and 5.4.2.2. Participants stressed 
the importance of being able to edit and customize reminders. Reminders could be triggered by 
events in the kitchen or based on the user’s location. P12 elaborated on this concept, likening it 
to an indoor navigation system: 

“This would resemble an indoor navigation system that can automatically provide 
me with the references I’ve designated as relevant to my current location.” 
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5.6.2.3 Increasing Environmental Awareness 

When discussing the benefits of using a wearable camera to track the user’s activities in the 
kitchen, nine participants emphasized that such a system would be tolerable, but that they also 
might need awareness of events happening outside the view of a wearable camera. P5 articulated 
this need: 

“I’m unsure if I can always have the tracking system facing the exact objects or ref-
erence points. Therefore, I want the system to be capable of providing me with con-
textual information even when I’m not directly facing it.” 

5.6.3 Deploying New Technologies in the Kitchen 

5.6.3.1 Kitchen Deployment Considerations 

During the contextual inquiry, we inquired about our participants’ interest and concerns related 
to technology that could track contextual information. Our participants raised concerns related 
to introducing new technology into cooking, including the risk of water splatter, exposure to fire, 
oil-proofing, battery life, and dirt resistance. P9 also expressed concerns about the potential high 
cost of such a system, suggesting that additional support could be provided in existing mobile 
device hardware. 

5.6.3.2 Device Form Factors and Location 

Assuming new technology became available to support activities in the kitchen, we asked par-
ticipants whether they would prefer a stationary system installed in the kitchen or a body-worn 
system. Out of the 12 participants, 11 expressed a preference for body-worn systems due to fac-
tors such as ease of installation, extensibility, and cost efficiency. P4 raised questions about the 
challenges of installing technology themselves. P7 mentioned that new technology might also be 
used for other purposes, such as indoor navigation. One participant favored a stationary camera 
due to privacy concerns associated with wearing such a system during other activities (P12). 

In addition to this feedback, we conducted an evaluation in which participants wore the cam-
era in various body positions, including the chest, head, and wrist, and asked about their pref-
erences for device location. Eight participants indicated a preference for a chest-worn camera, 
while four favored a head-worn camera. Those in favor of the chest-worn position cited its non-
obtrusive nature, expressing concern that a head- or hand-worn device might collide with ob-
stacles (P5). Participants who preferred the head-worn position emphasized the advantages of 
greater freedom of movement when engaged in cooking tasks. 

5.7 Discussion and Future Work 

In this section, we explore how the contextual needs identified in this study might be integrated 
into future technology such as AI-powered kitchen assistants. 
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5.7.1 Importance and Opportunities for AI to Improve Contextual 
Awareness 

Prior research has explored various ways of adopting AI-powered systems to identify objects, 
such as using computer vision with overhead RGB-D cameras [169] or recognizing objects in 
mobile device images [15, 135]. While these systems typically detect objects, our study notes the 
importance of both identifying objects and describing the contextual information of an object. 
For example, existing systems mostly identify the object name (e.g., milk bottle) or a group name 
of objects (e.g., vegetables), instead of providing more contextual information to people (e.g., 
distance to the object, expiration date of food). Based on our findings on what and how contextual 
information should be presented, there is also an opportunity for these AI-powered systems to 
provide more precise spatial descriptions that are customized to the user’s workspace. Beyond 
kitchen contexts specifically, we recommend that future research also explore other scenarios 
in which embedding specific contextual information of objects can support people with vision 
impairments with agency and autonomy (e.g., art museum [118], grocery store [200], makeup 
[116]). 

5.7.2 Creating Smart Objects in the Kitchen 

In our study, we found that visually impaired participants often substituted touch for visual in-
formation, and did additional work to make recognition by touch easier, such as using different 
bottle shapes for different ingredients (Section 5.5.2). If users are already choosing or augment-
ing the shapes of objects, it might be feasible to expect users to attach tags to objects that could 
improve recognition [72, 110]. Using more complex tagging methods such as 3D printed mod-
els [162] or sensor-enabled tags [173] could provide additional contextual information. This leads 
to future fabrication research to consider exploring: 1) tagging methods that are sustainable and 
deformable so that they can be attached to different kitchen objects, 2) platforms that support 
people with vision impairments to create customized 3D objects for their home, 3) low-cost em-
bedded systems to track and report back about item status. 

5.7.3 Augmenting the Kitchen or the User 
Beyond customizing contextual information of objects, we also uncovered the importance of man-
aging the space (Section 5.4.1.3) and knowing the internal state of objects (Section 5.4.1.5), which 
often require them to leverage touch to scan through the space (Section 5.5.1.1). Prior research 
has explored approaches to augment the kitchen space, such as by instrumenting a kitchen 
with cameras, microphones, and motion tracking [141, 198]. These approaches should also work 
for people with vision impairments, and may provide even more benefit as they may help address 
accessibility challenges in the kitchen. Creating and deploying such systems would need to ac-
knowledge that visually impaired users may move and act differently within the kitchen space, 
and may have particular concerns around issues such as spilling ingredients or tracking cooking 
status. 

Along with augmenting the kitchen space, most of our participants were open to the idea 
of using wearable devices (e.g., body-worn cameras or smartwatches) on themselves to track 
their activities and provide contextually relevant suggestions (Section 5.6.3). For example, we 
found that tracking the internal state of the space and objects can be highly visual and it brings 
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opportunities to create systems to visually check the internal state of objects through user def-
initions (e.g., dumplings floating indicate doneness). To understand visual information, devices 
with worn cameras could leverage pre-trained Vision-Language Models (VLMs) [36,52,60,202] to 
track the status of objects and answer user questions (VQA), such as safety-related questions as 
well as relative positions and state of objects (e.g., material, quantity) [60]. Such a system could 
also provide proactive notifications, such as noting if an object has moved or if the space has been 
rearranged by another user of that kitchen. 

5.7.4 Tracking Activities in the Background 

Participants noted that they would be interested in knowing the status of the kitchen even when 
they had moved outside of that space (Section 5.6.2.3). Implicit tracking systems [66,79,89] could 
discreetly and continuously monitor contextual information, such as the location of objects, while 
the user is engaged in various activities within the kitchen [109]. This approach would alleviate 
the need for users to consciously track objects in the kitchen at all times. Future research should 
consider 1) achieving comprehensive coverage within diverse kitchen spaces, 2) the practicality of 
addressing challenges related to power consumption and storage capacity [109], 3) the interactive 
interface for people with vision impairments to pre-assign objects of interest. 

5.7.5 Multimodal Interaction in the Kitchen 

Participants’ activities in the kitchen often leveraged multiple sensory modes at once and in con-
cert (e.g., touch, sound, and smell) (Section 5.5.1). Participants also experienced overload and re-
lated challenges during these tasks (Section 5.5.1). This type of multimodal interaction is known 
in HCI to support users with diverse abilities [24, 121, 124, 143, 151, 154]. As users with vision 
impairments already interact multimodally in the kitchen, technology that supports these users 
should also be multimodal and adapted to their existing ways of performing tasks (Section 5.5.1). 
We noted that participants’ abilities to engage the environment were sometimes affected by con-
text, for example, using touch is not always feasible when the user’s hands are dirty or greasy, 
which suggests that future systems should be context-aware and should adapt to the user’s ac-
tivities and current state. 

5.8 Summary 

This chapter presents a design framework for recognizing and delivering contextual information 
about kitchen objects to support people with vision impairments during cooking. The framework 
is based on a study that identified key information needs, strategies for gathering that informa-
tion, and ways to integrate it into assistive technologies. 

The framework consists of three main components: 

• Contextual Information Categories: 

– Five primary information types are critical for cooking: 

∗ Position Information: The object’s location relative to familiar reference points in 
the kitchen. 
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∗ Orientation Information: How objects are aligned, important for tasks like serving 
or pouring. 

∗ Proximity and Grouping Information: Spatial relationships between objects, aid-
ing in kitchen organization and navigation. 

∗ Similarity and Duplicates Information: Differentiating between similar objects 
and tracking duplicates to prevent confusion. 

∗ Internal State Information: Understanding the status of objects (e.g., food done-
ness, freshness, liquid levels). 

– These categories are complemented by secondary needs such as safety, health, and 
presentation-related information. 

• Strategies for Gathering Contextual Information: 

– Users rely on multi-sensory approaches (touch, sound, and smell) to gather informa-
tion about objects. For instance, touch helps identify positions, while sound helps 
monitor cooking progress. 

– Organizational strategies, like grouping frequently used objects, streamline informa-
tion gathering and reduce cognitive load. 

– Assistive technologies should replicate or enhance these sensory strategies to provide 
relevant information efficiently. 

• Guidelines for Communicating Contextual Information: 

– Information should be presented in a non-intrusive way, using audio cues for routine 
updates and detailed verbal feedback on-demand. 

– Clear spatial references based on familiar landmarks improve users’ spatial under-
standing. 

– Proactive reminders for safety and health-related information should be customizable 
and context-aware, adapting to the user’s tasks and location. 

This design framework emphasizes reducing cognitive load and improving efficiency, allow-
ing AI-powered systems to deliver relevant, timely, and accessible information to support inde-
pendence and autonomy for visually impaired users in kitchen environments. Having presented 
design frameworks for both accessing recipes (Chapter 4) and recognizing the contextual infor-
mation of objects (Chapter 5), it is important to create systems that put these frameworks into 
practice to support people with vision impairments in cooking, and to evaluate and validate their 
usefulness. 
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Chapter 6 

OSCAR: Object Status Context Awareness 
for Recipes 

This chapter was adapted from the following two papers: 

Franklin Mingzhe Li, Kaitlyn Ng, Bin Zhu, and Patrick Carrington. 2025. Exploring Object Status 
Recognition for Recipe Progress Tracking in Non-Visual Cooking. In Proceedings of the 27th Inter-
national ACM SIGACCESS Conference on Computers and Accessibility (ASSETS ’25). Association for 
Computing Machinery, New York, NY, USA, 1–15. 

Franklin Mingzhe Li, Kaitlyn Ng, Bin Zhu, and Patrick Carrington. 2025. OSCAR: Object Status 
and Contextual Awareness for Recipes to Support Non-Visual Cooking. In Extended Abstracts of the 
CHI Conference on Human Factors in Computing Systems (CHI EA ’25). Association for Computing 
Machinery, New York, NY, USA, 1–6. 

6.1 Overview 

Following recipes while cooking is an important yet challenging task for people with vision im-
pairments, particularly due to limited support for tracking progress and receiving contextual feed-
back [117]. Prior research has shown that blind and low vision (BLV) individuals often rely on 
embodied strategies—such as spatial memory, tactile exploration, and environmental routines— 
to navigate the kitchen without vision [110,117,190]. These strategies support independence but 
are often brittle in unfamiliar or complex recipes, where confirming task completion, anticipating 
next steps, and recovering from disruptions are critical for both usability and safety [86,100,111]. 

While tools like screen readers and smart speakers (e.g., Alexa, Google Home) enable audio-
based access to recipes, they operate linearly and lack awareness of what is happening in the 
physical cooking space [1, 29]. These systems cannot verify whether a step has been completed, 
adapt to changes in task flow, or reason about what remains to be done. As a result, many BLV 
users report uncertainty about their current progress, whether they have missed a step, or when 
it is safe to move on—especially when cooking alone or without pre-memorized routines [110, 
117]. Prior work has emphasized the need for cooking technologies that provide context-aware 
feedback, rather than just access to static instructions [111]. 

In parallel, computer vision and assistive technologies have enabled object and environment 
recognition to support non-visual interaction [19,71,95]. However, most systems focus on object 
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presence, not object status—the condition or transformation of ingredients and tools. In cooking, 
this status is constantly changing: onions get chopped, sauces thicken, meat browns. Recent re-
search shows that such transformations offer rich signals for tracking procedural progress [195], 
but their potential to support accessibility remains underexplored. To investigate this gap, we 
ask: 

• RQ1: How useful is object status information in improving the performance of recipe step 
prediction using vision-language models? 

• RQ2: How can object status information support reasoning about the current context of a 
cooking task, especially in real-world non-visual cooking scenarios? 

To address these questions, we developed OSCAR (Object Status Context Awareness for 
Recipes), a technical pipeline (rather than a deployed assistive system) that explores the use of 
object status recognition to support recipe progress tracking in non-visual cooking. OSCAR 
integrates recipe parsing, object status extraction, visual alignment with cooking steps using 
vision-language models (VLMs) [152, 199], and a time-causal model for structured prediction. 
Unlike tools that rely solely on recipe text or voice interaction, OSCAR reasons about the 
real-time cooking context through the evolving visual state of ingredients and tools—enabling 
both progress tracking and contextual feedback. 

We emphasize that our focus is on evaluating the feasibility and performance of this techni-
cal pipeline through controlled dataset-based analysis, rather than assessing a complete assistive 
system in user-facing scenarios. We evaluate OSCAR across two datasets: (1) 173 instructional 
cooking videos from the YouCook2 dataset [203], and (2) a real-world dataset of 12 non-visual 
cooking sessions recorded by BLV individuals in their homes. Our results show that object status 
improves step-prediction accuracy by over 20% across multiple VLMs. We also identify key fac-
tors affecting performance in real-world conditions, including implicit tasks, lighting, occlusion, 
and camera placement. Our work contributes: 

• A technical pipeline (OSCAR) for object status-driven recipe progress tracking, combining 
recipe modeling, vision-language alignment, and time-causal prediction. 

• A real-world annotated dataset of 12 cooking sessions by people with vision impairments, 
reflecting diverse non-visual practices and challenges, which we publicly release to support 
future accessibility and AI research. 

• A technical evaluation demonstrating the feasibility and limitations of object status recog-
nition for progress tracking in both instructional and real-world cooking contexts. 

• An analysis of real-world performance factors and design implications for future context-
aware assistive cooking technologies. 

6.2 Background and Related Work 

The general landscape of kitchen technology, of cooking practices and assistive tools for peo-
ple with vision impairments, and of the large language and vision-language models that OSCAR 
builds on is reviewed in Chapter 2. Building on that grounding—in particular the finding that 
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the compensatory strategies blind cooks rely on (tactile organization, spatial memorization, and 
auditory cues such as a sizzling pan) are effective but brittle, breaking down in unfamiliar en-
vironments and on complex, multi-step dishes [110, 117]—this section focuses on the two lines 
of work most directly relevant to OSCAR: structured recipe modeling with non-visual progress 
tracking, and dataset creation for accessibility research. 

6.2.1 Recipe Structuring and Navigation 

Structured recipes are central to guiding cooking tasks and have been widely digitized for applica-
tions ranging from personalized meal planning to AI-driven cooking support. Prior research has 
explored recipe parsing, search, and recommendation through online platforms, voice interfaces, 
and annotated datasets [7, 114, 130, 139, 175, 178]. More recent efforts have focused on aligning 
recipe steps with instructional videos to track procedural content, enabling systems to provide 
step-by-step prompts or generate timelines for cooking actions [31, 47, 62, 119]. 

Yet most of these systems are built under idealized assumptions—clear visual data, fixed 
action-object mappings, and known recipes. In real-world cooking, ingredients and tools of-
ten transform over time: raw ingredients become chopped, cooked, or mixed, making it difficult 
for vision-based systems to track progress through static labels alone. Xue et al. [195] argue that 
recognizing object status changes (e.g., from raw to chopped to sautéed) offers a more accurate 
reflection of procedural progress than traditional object-verb detection. Despite this insight, few 
systems explicitly model these transformations, and even fewer consider how they might support 
non-visual or assistive applications. 

For people with vision impairments, recipe access typically relies on screen readers, smart 
speakers, or Braille displays, which translate static text into audio [5, 22, 156, 163]. While tools 
like Google Home and Amazon Alexa support basic recipe navigation through commands like 
“next step,” they lack awareness of user progress or confirmation of completed actions [1, 29]. 
This limitation becomes problematic when users lose track of their place, face interruptions, or 
attempt to manage complex, multi-step processes without visual feedback. 

Recent work has shown that BLV users often rely on internal strategies such as mental models, 
tactile routines, and step memorization to stay oriented during cooking [117]. However, these ap-
proaches are vulnerable to breakdowns, especially when switching tools, transitioning between 
stages, or reorienting after a distraction. While static access to recipe content is increasingly 
supported, real-time, context-sensitive feedback that reflects the procedural nature of cooking 
remains underexplored. Bridging structured recipe technologies with non-visual progress track-
ing presents a promising opportunity for more inclusive and supportive cooking systems. 

6.2.2 Dataset Creation for Accessibility Research 

Recent advances in accessibility research have increasingly embraced the creation and use of 
specialized datasets to evaluate technical feasibility, benchmark system performance, and train 
models tailored to the needs of people with disabilities [73]. These datasets are not only vital for 
developing robust machine-learning systems but also serve as a foundation for understanding 
the everyday contexts, preferences, and constraints of disabled users. 

One influential example is the ORBIT dataset, which provides a real-world benchmark for 
few-shot object recognition. It was constructed by blind users who captured their own personal 
items across varied home settings, resulting in a dataset that reflects authentic use cases and user 
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Figure 6.1: Illustration of OSCAR. (A) Recipe Formatting and Object Status Extraction, (B) Visual Data Extraction 
and Recipe Step Alignment, (C) Log of Similarity Metrics and Sequential Predictions, (D) History Log and Time-
Causal Model, (E) Progress Tracking. 

environments [131]. Other work, such as that by Theodorou et al., has called for a disability-
first approach to dataset design, emphasizing the importance of representing the practices, tools, 
and goals of disabled individuals rather than retrofitting general-purpose datasets to accessibility 
tasks [179]. 

Additional datasets have targeted domains such as assistive navigation, scene description, 
and input technologies. For instance, SANPO captures real-world pedestrian navigation tasks 
with visual impairments [189], while the VizWiz dataset focuses on visual question answering 
using images taken by blind users in natural environments [73]. Others have explored datasets 
for technology-mediated object search, text entry, and gesture-based interaction [56], reinforc-
ing the need for multimodal, real-world data that reflects disabled users’ information needs and 
interaction contexts. 

Collectively, these efforts illustrate a growing recognition that dataset creation is a critical 
site of access work—not just a technical step, but a design choice that shapes what problems 
are solvable and for whom. While existing datasets often center on static scenes or discrete 
recognition tasks, our work builds on this disability-centered trajectory by capturing real-world, 
user-generated cooking practices that reflect the procedural, tactile, and adaptive nature of non-
visual cooking. By documenting these practices and aligning them with structured recipe steps, 
we contribute a novel resource for evaluating accessible AI systems in the kitchen—one grounded 
in authentic behaviors rather than idealized laboratory conditions. 

6.3 Technical Approach: Object Status Recognition for 
Recipe Progress Tracking 

To explore the feasibility of using object status for recipe progress tracking, we developed OS-
CAR (Object Status Context Awareness for Recipes)—a technical pipeline that integrates recipe 
parsing, object status extraction, visual alignment, and progress prediction. While OSCAR is not 
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a deployed assistive system, it serves as a technical probe to evaluate how object status infor-
mation can enhance vision-language models for cooking progress tracking. In this section, we 
describe the design of OSCAR and its components. 

6.3.1 Recipe Formatting and Object Status Extraction 

From prior research, we learned that recipes contain formatting differences to present recipe steps 
information [117]. For example, they might indicate recipe step numbers in various ways as ‘Step 
1:’, ‘1.’ or ‘Step 1.’ In OSCAR, we first utilized GPT-4o [3] to re-format the recipe steps (Figure 
6.1(A)). We then save the recipe steps as a variable inside OSCAR (Figure 6.1(A)). 

OSCAR then extracts object status information of a recipe by analyzing the ingredient list in 
conjunction with the associated cooking actions [195]. The extracted object statuses are repre-
sented in a structured format, typically as a combination of [verb] + [noun], such as ‘chopping 
carrots’ or ‘sautéing mushrooms’ [195]. This format allows OSCAR to clearly define the actions 
that are performed on each ingredient [195]. For example, a recipe that includes steps such as 
‘whisking eggs’ or ‘peeling potatoes’ will have these actions identified and recorded to maintain 
a clear and actionable understanding of the object’s status. We then saved these object statuses 
along with the recipe steps that they belong to as a variable inside a JSON file, and a single step 
can contain multiple object status pairs, such as ‘peeling carrots,’ ‘chopping carrots,’ and ‘storing 
carrots.’ 

6.3.2 Visual Data Extraction and Recipe Step Alignment 
After formatting recipe steps and extracting object statuses, OSCAR processes visual data by 
directly using the image input or extracting relevant frames from video clips using OpenCV (Fig-
ure 6.1(B)) [27]. Once the visual content has been processed, OSCAR separately aligns recipe 
steps and object status with the corresponding visual frame (Figure 6.1(B)). This alignment can 
be achieved through different Vision-Language Models (VLMs). In this chapter, we applied two 
state-of-the-art VLMs—CLIP (Contrastive Language-Image Pre-Training) [152] and SigLIP (Sig-
moid Loss for Language Image Pre-Training) [199]—in OSCAR to show the performance differ-
ences and evaluate the approach of using object status to track recipe progress. These models 
are adept at associating textual descriptions with visual data, allowing OSCAR to compare the 
similarity scores between visual frames and the object statuses across different recipe steps. For 
example, when a recipe step involves ‘chopping tomatoes,’ OSCAR uses VLMs to identify the 
frame that best matches this action by comparing it to other potential matches within the video. 
OSCAR then predicts the recipe step to which the frame corresponds based on the highest simi-
larity score. This process ensures that visual content is accurately aligned with the progression of 
the recipe, reducing the chances of errors or confusion during cooking. Through the alignment, 
OSCAR will generate two lists of similarity scores, one for recipe steps and one for object status. 
OSCAR then averaged the similarity metrics to evaluate the enhancement of using the object 
status for the prediction of the recipe step [128]. 

6.3.3 Log of Similarity Metrics and Sequential Predictions 
Based on the similarity metrics generated for the alignment of the recipe steps, OSCAR generates 
a detailed prediction log for each frame (Figure 6.1(C)). The history log of each image frame is 
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contained in a JSON file, and each entity includes the similarity scores with all steps, the predicted 
step info, the predicted step number, the completed steps, any missing steps, and the remaining 
steps based on previous predictions. The missing step is determined by having a gap between the 
last completed step and the current step. This log serves as a record of the cooking process, which 
can be used to generate a progress tracker and support context-sensitive queries (Figure 6.1(C)). 
For example, a user might ask, ‘What step am I in?’ or ‘Have I already sautéed the mushrooms?’ 
OSCAR uses the prediction log to provide accurate and context-sensitive responses, guiding the 
user through the recipe. This feature can be beneficial in complex recipes where multiple steps 
or actions might overlap or occur simultaneously. 

6.3.4 Time-Causal Model 
After updating the log of similarity metrics and sequential predictions each time with a new 
image frame, we applied a time-causal model [145, 150, 170], to improve the temporal coherence 
of predictions, ensuring that OSCAR’s output aligns with the natural flow of cooking tasks (Figure 
6.1(D)). By enforcing sequential logic, the model is designed to reduce false positives and prevent 
the misprediction of duplicate or out-of-order steps. Specifically, if a user completes Step N in the 
recipe, the model prevents the prediction of Step N-X (i.e., an earlier step in the sequence) unless 
that earlier step was never predicted in the first place. This ensures that the system adheres to 
the expected order of operations and avoids unnecessary confusion or redundant prompts for the 
user. OSCAR then updates the progress tracking information back to the history log based on 
the time-causal model. This time-causal approach not only enhances the accuracy of recognizing 
completed steps but also strengthens the model’s ability to track and predict the appropriate next 
action, thereby supporting a smoother and more intuitive cooking process for individuals. 

6.3.5 Progress Tracking 

To support reasoning about recipe state over time, OSCAR maintains a prediction log that records 
similarity scores between each visual frame and recipe steps. This log includes both raw simi-
larity outputs from vision-language models and derived metadata about likely step completion, 
ordering, and gaps. Using this information, we apply a time-causal model to enforce temporal 
coherence—filtering out improbable jumps, duplicates, or regressions in step predictions based 
on the logical structure of recipes. From this history log, OSCAR computes a real-time snapshot 
of the user’s position within the recipe. Specifically, it identifies: 

• Current Step: The most likely step being performed in the current visual frame. 

• Completed Steps: All steps with high prediction confidence and valid temporal alignment. 

• Remaining Steps: Steps not yet observed or predicted, and appearing after the current 
step. 

• Missing Steps: Steps that were skipped or not recognized in the expected sequence. 

This structured tracking enables a time-aware understanding of progress and allows downstream 
applications to reason about what has happened before, what is happening now, and what comes 
next. An illustration of this output is shown in Figure 6.1(E). 
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6.4 Evaluation on Large-Scale Recipe Instruction Videos 
To evaluate the feasibility and performance of OSCAR in tracking cooking progress through ob-
ject status recognition, we conducted a large-scale evaluation using YouCook2, a widely used 
instructional cooking video dataset annotated with temporal recipe steps. This experiment aims 
to quantify how incorporating object status and time-causal modeling improves the alignment 
of recipe steps with visual frames, in comparison to baseline vision-language model (VLM) ap-
proaches. 

6.4.1 Dataset Description 

6.4.1.1 YouCook2 Dataset. 

To validate OSCAR’s ability to use object statuses to predict recipe steps in visual frames, we used 
the YouCook2 dataset [203]. The YouCook2 dataset is a comprehensive collection of cooking 
videos, totaling 176 hours, with each video averaging 5.27 minutes long [203]. All the videos 
are untrimmed, and the length can be up to 10 minutes; they were recorded using handheld or 
stationary cameras [203]. Each video segment is temporally localized with start and end times for 
each procedural step. The dataset includes diverse metadata, such as video duration, the number 
of recipe steps per video, segment duration, and the number of words per sentence [203]. This 
diversity in content and metadata makes YouCook2 an ideal dataset to assess OSCAR’s ability to 
handle varied and complex cooking scenarios [203]. The dataset is publicly available for download 
at (http://youcook2.eecs.umich.edu/). 

6.4.1.2 Dataset Processing and Curation. 

The original YouCook2 dataset did not include ingredient information in its metadata [203]. To 
address this, we manually reviewed each cooking video to extract ingredient details, sourcing 
information directly from the video content or the publisher’s notes on YouTube. In addition, 
we filtered out videos that were irrelevant to the cooking process, such as those featuring chef 
discussions or promotional content that is not related to cooking. After this curation process, 
we compiled a refined dataset consisting of 173 YouTube videos (Y1–Y173) with comprehensive 
ingredient lists and step-by-step instructions. These videos have an average step number of 7.7, 
which matches the average step of the original dataset, with a minimum of 5 recipe steps and a 
maximum of 15. 

6.4.2 Methodology 

6.4.2.1 Baseline Prediction. 

Each video is annotated with timestamps of the start and end of each recipe step. For each step, 
we divide the video clip belonging to that step into five equal segments and randomly select 
a frame from each segment [182]. We use this approach to reduce the impact of noise in the 
data. We applied a blur filter to choose the frame with the least blur adjacent to the selected 
frame in each segment [27]. To evaluate and understand the generalizability of how object status 
information can enhance the performance of VLMs, we used two state-of-the-art VLMs in the 
evaluation, CLIP [152] and SigLIP [199]. As baseline methods, we then calculated the similarity 
score between each frame and all the recipe steps; each frame would have a list of similarity 
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VLM Model Baseline 
Accuracy 

Baseline 
Standard 
Deviation 

OSCAR 
Accuracy 

OSCAR 
Standard 
Deviation 

∆ Accuracy 
(OSCAR − 
Baseline) 

CLIP 

SigLIP 

41.7% 

62.2% 

17.5% 

18.0% 

68.0% 

82.8% 

19.0% 

14.7% 

26.3% 

20.6% 

Table 6.1: Evaluation results with recipe instruction videos. 

scores [204]. Each time, one frame from each segment is processed, which includes five at a time 
for the step. The average of these similarity scores was used to determine the predicted step with 
the highest overall similarity [130, 204]. If the predicted step aligns with the ground truth, we 
will mark 100% for this step; otherwise, we will mark 0%. This process was repeated three times 
per step to ensure consistency in the results, and we used the average accuracy of the three times 
as the final prediction accuracy for each step [130,204]. We then repeat the same process for the 
rest of the recipe steps, as well as all other recipe instruction videos. Repeating the prediction 
process three times per step helps mitigate variability across frames within dynamic cooking 
scenes, where key objects may be temporarily obscured by motion or occlusion. Averaging the 
results across these repetitions yields a more stable accuracy estimate by reducing the influence 
of transient visual noise such as blur or obstruction [161]. 

6.4.2.2 OSCAR with Object Status and Time-Causal Modeling. 

To evaluate the usefulness of object statuses, the status information of the object was extracted 
from the ingredient list and the corresponding cooking steps (Section 6.3.1). Using the same 
video frames selected in the baseline method, we further calculated the similarity score between 
the frames and the object statuses using both CLIP [152] and SigLIP [199] (Section 6.3.2). We then 
utilized the time-causal model to further enhance the performance (Section 6.3.4). The process 
of averaging the similarity scores within the five frames per step and repetition three times is 
the same as the baseline method. The results were then averaged with the baseline similarity 
scores to obtain the final prediction accuracy to understand the usefulness of the object statuses 
compared to only using the recipe step text as a prediction [128]. 

6.4.3 Results 
6.4.3.1 Baseline Performance. 

Among 173 annotated instructional videos (Y1–Y173), the baseline results revealed an average 
accuracy of 41.7% (SD = 17.5%) for recipe step predictions using CLIP (Table 6.1). SigLIP, on the 
other hand, achieved an average accuracy of 62.2% (SD = 18.0%) (Table 6.1). These results highlight 
the challenges of accurately predicting the visual data with recipe steps individually, particularly 
in cases where the visual content is ambiguous or lacks clear cues for specific actions. 

6.4.3.2 OSCAR Performance. 

By incorporating object status information and utilizing a time-causal algorithm, OSCAR outper-
forms the baselines with a large margin in terms of prediction accuracy. Specifically, the average 
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Figure 6.2: Image frame of Y19 that shows a top-down view with all ingredients of making the burrito that impact 
the prediction accuracy through object status. 

accuracy for CLIP increased from 41.7% of the baseline to 68.0% (SD = 19.0%), while SigLIP’s per-
formance rose from 62.2% to 82.8% (SD = 14.7%) (Table 6.1). These improvements demonstrate the 
effectiveness of using object status to enhance the ability to accurately track and predict recipe 
steps, especially in complex cooking scenarios. 

6.4.4 Why Object Status Improves Step Prediction in Large-scale Recipe 
Instruction Videos 

6.4.4.1 Disambiguating Incomplete or Occluded Visual Scenes. 

By analyzing OSCAR’s performance improvements compared to the baseline with 26.3% for CLIP 
and 20.6% for SigLIP (Table 6.1), we found that the performance where OSCAR outperformed was 
because recipe text may reference objects or tools not directly visible in the frame. For example, 
some recipes instruct the use of specific tools (e.g., spatula, spoon), but these tools can be difficult 
to detect when obscured by other objects (e.g., soup) or when the user’s hand position occludes 
the tool’s shape. With the use of object states, visual information can complement missing details 
that are not directly visible with the recipe context (e.g., diced beef in the soup). As a result, this 
can improve the accuracy of aligning visual frames with the corresponding recipe steps. 

6.4.4.2 Differentiating Visually Similar or Repetitive Actions. 

Additionally, we found that implementing a time-causal model also improved performance, since 
some cooking steps involve similar or duplicate actions or objects at different stages of the recipe. 
For instance, in a stir-fry recipe for steak and vegetables, minced garlic is first added to the pan 
along with the steak. After a few minutes, the cook sets aside the partially cooked steak, adds 
more minced garlic to cook the vegetables, and then returns the steak to the pan once the veg-
etables are nearly done. This method ensures the steak is not overcooked since vegetables take 
longer to cook. In this scenario, minced garlic is added twice, which appears visually identical. 
However, by incorporating a time-causal algorithm, we can distinguish between the two actions, 
even though they involve duplicate steps. 
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6.4.4.3 Disambiguating Visually Cluttered Frames with Overlapping Ingredients. 

In visually cluttered scenes—such as top-down views where all ingredients appear 
simultaneously—baseline models often struggle to determine the correct recipe step. In 
Y19, where rice, refried beans, salsa, sour cream, and guacamole were visible at once (Figure 
6.2), SigLIP achieved only 25% accuracy, misclassifying most steps due to overlapping visual 
cues. OSCAR significantly improved performance by incorporating object status. For example, 
in step 3, baseline similarity scores were too close across steps (e.g., 0.734, 0.064, 0.612, 0.575), 
leading to misalignment. In contrast, OSCAR’s object status-based scores created clearer 
distinctions (0.381, 0.050, 0.575, 0.288) (Figure 6.3), enabling more accurate prediction. Even 
when object status alone was not enough to resolve repeated steps—such as “repeat the steps 
for each tortilla and serve”—adding the time-causal model corrected the prediction. This case 
illustrates how object status provides critical disambiguating cues in cluttered frames, and how 
temporal modeling helps resolve step repetition. The analysis demonstrates that both object 
status and time-causal model enhance the prediction performance for both CLIP and SigLIP 
models significantly with more than 20% enhancement. 

6.4.5 Factors Affecting Prediction Performance 

While OSCAR significantly outperforms baseline models, our analysis revealed several factors 
that limit the effectiveness of vision-language models (VLMs) when aligning video frames with 
recipe steps. We conducted a detailed error analysis to identify common challenges, comparing 
object status descriptions against visual content across underperforming videos. 

6.4.5.1 Exocentric vs. Egocentric View. 

From the evaluation, we observed that the performance of our model using both CLIP and SigLIP 
dropped for some videos because certain frames in the cooking videos captured an exocentric 
view, which presented a broad, external perspective of the kitchen environment. For example, 
in Y28 (Figure 6.4 left), the performance of OSCAR with CLIP was only 22.2% compared to the 
average of 68.0%. In these frames, all ingredients were displayed on the kitchen table rather than 
focusing closely on the specific cooking actions being performed. This wide-angle view included 
not only the ingredients but also the surrounding kitchen space, which made it challenging for 
VLMs to accurately associate these frames with the correct steps in the recipe. As a result, there 

Figure 6.3: Similarity scores for predicting the frame from step 3 (Y19); it shows step 3 is correctly predicted by 
OSCAR, but not the baseline. 
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Figure 6.4: Image frames of cooking video that shows an exocentric view of the cooking steps. Left: This figure 
shows one frame in Y28, in which the exocentric view fully shows the ingredients clearly. Right: This figure shows 
one frame in Y33 that the person is trying to cook food in a slow cooker, and a side view cannot show what is being 
cooked. 

was an increase in false-positive rates, where these frames were mistakenly linked to different 
recipe steps. 

Besides creating false positives from all ingredients, the exocentric views often resulted in 
cooking tools, such as pots, pans, and utensils, partially or completely obscuring the ingredients 
being cooked. For example, Y33 shows a performance of 55.6% with OSCAR and SigLIP while the 
average was 82.8%. This obstruction made it even more difficult for VLMs to correctly identify 
the status of the ingredients and the corresponding cooking actions. The lack of a clear view of 
what was happening in the pots or pans due to these obstructions compounded the challenge of 
accurately predicting the sequence of cooking steps, leading to a decrease in model performance 
(Figure 6.4, right). 

6.4.5.2 Subtle Visual Changes Across Steps. 

We found that the type of dish being prepared had an impact on the performance, particularly 
when there were only subtle visual differences between steps. For certain types of dishes, the lack 
of clear and distinguishable visual cues made it difficult for VLMs to identify and track the status 
of objects accurately. For example, in dishes such as soups (Y5), which typically involve mixing 
or simmering ingredients together in a pot, the changes between steps can be very gradual and 
subtle (Figure 6.5). Its baseline performance with SigLIP was 54.2%, which is below the average. 
As ingredients are mixed and cooked, the appearance of the contents in the pot often becomes 
homogeneous, making it difficult for VLMs to discern individual ingredients or specific object 
statuses (Figure 6.5). The lack of distinct, observable changes in the visual state of the ingredients 

Figure 6.5: Image frames of cooking video that show similar visual frames of different steps that caused mispredic-
tion. 
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Figure 6.6: Image frame of cooking video that shows misprediction because of the descriptions against the norm. 
This figure shows the recipe of making Korean watermelon rind kimchi. 

leads to fewer visual cues that VLMs can use to accurately align the cooking steps with the recipe 
instructions (Figure 6.5). 

6.4.5.3 Uncommon Object States or Descriptions. 

Our analysis reveals that existing vision-language models are often trained with generic descrip-
tions and standard norms, which limits their ability to accurately identify and interpret objects 
and their states in real-world cooking scenarios. For instance, in a Korean Watermelon Rind Kim-
chi recipe video (Y58), the CLIP model demonstrated limitations (Figure 6.6). It only achieved a 
20% accuracy rate through OSCAR with CLIP when identifying the watermelon rind as an ingredi-
ent, which is starkly lower compared to its average accuracy of 68% across other, more commonly 
recognized ingredients. This discrepancy is likely due to the model’s difficulty in recognizing the 
watermelon rind, which is white and visually distinct from the green watermelon skin typically 
associated with watermelons in most training datasets (Figure 6.6). Instead of identifying the 
rind based on its unique characteristics and contextual use in the recipe, the model’s training on 
standard images led it to misidentify or overlook it. These models typically rely on large datasets 
that contain images of common objects and ingredients in their most typical forms [138], focus-
ing on standard visual characteristics. As a result, when these models are confronted with less 
common object states or atypical features—such as variations in color, texture, or shape—they 
tend to perform poorly. 

6.4.5.4 Low-Quality Video and Cooking Artifacts. 

The video dataset of YouCook2 included cooking recipe videos uploaded in a large span of time-
frames [203]. In our evaluation, we found that low-resolution data can impact the performance of 
predicting object statuses through vision-language models. For example, Figure 6.7 presents one 
of the frames for making BBQ pork fried rice (Y48) and the video is an older recording presented 
in 480P. In the evaluation, OSCAR with SigLIP achieved only 42.9% while the average was 82.8%. 
Furthermore, the visual impact of cooking can affect the performance of tracking recipe steps 
(e.g., hand occlusion, cooking steam (Figure 6.7)). Figure 6.7 showed the process of making BBQ 
pork fried rice, and it generates water vapor when the cook is stir-frying the rice, which causes 
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the camera lens to become blurry. This results in a loss of visual clarity and detail, making it dif-
ficult to accurately align the cooking video with the recipe steps. The steam obscures important 
visual cues and object statuses, such as the texture and color changes of the ingredients, which 
are crucial for understanding the cooking process and ensuring the recipe is followed correctly. 

6.5 Evaluation with Real-World Non-Visual Cooking 
Dataset 

To assess OSCAR’s effectiveness beyond curated online videos, we further evaluated its per-
formance in real-world cooking scenarios by people with vision impairments. Unlike sighted 
cooking practices, non-visual cooking often involves unique behaviors—such as tactile explo-
ration, prolonged object localization, or personalized tool use—that introduce new challenges for 
vision-based step tracking [110]. This evaluation aims to examine not only OSCAR’s prediction 
accuracy in natural settings but also to surface design considerations for future assistive systems 
that support non-visual cooking practices. 

6.5.1 Dataset Overview 

To provide the benchmark for evaluating different VLMs for non-visual cooking, we collected a 
new dataset of 12 cooking videos (V1–V12) featuring people with vision impairments (6 male, 
6 female, average age of 42.5) preparing meals in their own kitchens (Figure 6.8). Four of them 
are legally blind and eight are totally blind. Each participant cooked independently, using their 
preferred techniques and tools to make one everyday dish. Videos ranged from 14 to 51 minutes, 
with an average of 8.1 recipe steps per video. Videos were recorded using a GoPro 11 chest-
mounted camera in 5.3K resolution for high visual fidelity and later downsampled to 1080P for 
evaluation. Following the annotation protocol used in YouCook2 [203], we extracted ingredi-
ents and recipe steps from the egocentric video, then annotated the start and end timestamps 
for each step to support precise step alignment to evaluate OSCAR. For example, one video de-
tails washing, chopping, and assembling a salad. Participants were compensated with $40 USD 
for completing the cooking session. The data collection was approved by our Institutional Re-

Figure 6.7: Image frames of cooking video that shows cooking BBQ pork fried rice and the cooking steam blurred 
the camera’s view. 
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Figure 6.8: Thumbnail of the non-visual cooking dataset of 12 videos by people with vision impairments. 

view Board (IRB). The dataset is available at https://huggingface.co/datasets/limingz3/ 
Non-visual_Cooking_Video_Dataset. 

6.5.2 Methodology 

Our evaluation followed the same experimental pipeline as the YouCook2 evaluation. We pro-
cessed each video to extract object status information from ingredients and recipe steps and com-
pared OSCAR’s performance to baseline VLM predictions. 

6.5.2.1 Baseline Prediction. 

For each annotated recipe step, we divided the corresponding video segment into five equal 
parts and sampled one frame per segment [182]. A blur filter was applied to select the clear-
est frame [27]. Using CLIP [152] and SigLIP [199] as baseline models, we computed the similarity 
between each sampled frame and all recipe steps. The highest average similarity score across 
the five frames determined the predicted step. Predictions were repeated three times per step for 
consistency, and the final accuracy was calculated by averaging the results. 

6.5.2.2 OSCAR with Object Status and Time-Causal Modeling. 

To evaluate the contribution of object status information, we incorporated extracted object states 
(Section 6.3.1) and recalculated frame-step similarity using the same video frames as the baseline. 
We further applied OSCAR’s time-causal model (Section 6.3.4) to refine predictions, especially 
for repetitive or ambiguous actions. The final accuracy for each step was obtained by averag-
ing the baseline similarity scores with the object status-enhanced scores, maintaining the same 
evaluation protocol. 
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VLM Model Baseline 
Accuracy 

Baseline 
Standard 
Deviation 

OSCAR 
Accuracy 

OSCAR 
Standard 
Deviation 

∆ Accuracy 
(OSCAR − 
Baseline) 

CLIP 

SigLIP 

33.7% 

41.9% 

21.8% 

14.0% 

58.4% 

66.7% 

16.5% 

18.7% 

24.7% 

24.8% 

Table 6.2: Evaluation results with non-visual cooking dataset. 

6.5.3 Results: Evaluating Step Prediction in Real-World Non-Visual 
Cooking 

6.5.3.1 Baseline Performance. 

Baseline results revealed substantial limitations in using vision-language models (VLMs) alone 
to predict cooking progress in non-visual cooking contexts. On average, CLIP achieved an ac-
curacy of only 33.7% (SD = 21.8%), while SigLIP reached 41.9% (SD = 14.0%) across the 12 an-
notated cooking videos (Table 6.2). These figures are noticeably lower than performance on the 
YouCook2 dataset, emphasizing the complexity and unpredictability of real-world environments 
where people with vision impairments cook in ways that diverge from the assumptions encoded 
in conventional training datasets. 

These low scores reflect multiple compounding factors: longer durations spent locating tools, 
non-standard tool usage, repetitive motions such as tactile verification, and variable framing and 
lighting due to user-generated chest-mounted camera views. Together, these introduce signif-
icant ambiguity in visual input that makes it difficult for general-purpose VLMs to determine 
what cooking step is currently being performed. 

6.5.3.2 OSCAR Performance and Improvement. 

Incorporating object status representations and a time-causal prediction model, OSCAR signifi-
cantly outperformed the baseline models. With OSCAR, CLIP’s average accuracy improved from 
33.7% to 58.4% (SD = 16.5%), and SigLIP’s from 41.9% to 66.7% (SD = 18.7%) (Table 6.2). This repre-
sents a performance boost of +24.7% for CLIP and +24.8% for SigLIP. These gains were consistent 
across all 12 videos, and in several cases, such as video V12, OSCAR achieved a perfect 100% 
prediction accuracy—60 percentage points above the baseline. 

These results not only reinforce the feasibility of using OSCAR for procedural tracking in 
real-world cooking tasks but also highlight its strength in adapting to user-specific routines and 
unconventional kitchen setups. Whereas baseline models often misinterpret lengthy or non-
standard interactions, OSCAR’s attention to the current state of objects and the temporal history 
of actions enables it to maintain alignment with the true recipe step. 

6.5.4 Why Object Status Improves Step Prediction in Non-Visual Cook-
ing 

Our analysis of OSCAR’s performance improvements—achieving a +24.7% gain for CLIP and 
+24.8% for SigLIP (Table 6.2)—highlights the critical role of object status recognition in support-
ing cooking progress tracking, particularly in real-world non-visual cooking scenarios. Unlike 
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Figure 6.9: These three frames were captured for V4 during step 1: ‘Crack an egg and scramble it.’ The middle frame 
showed the data where the blind cook was looking for a garbage bin to throw the eggshell, which got captured and 
impacted the performance of predicting the step. 

controlled video datasets, the non-visual cooking dataset reveals rich variations in cooking be-
haviors, tool use, and object interaction patterns by people with vision impairments. We identify 
several core reasons why object status improves prediction robustness and system adaptability. 

6.5.4.1 Reducing False Positives from Prolonged and Exploratory Interactions. 

In non-visual cooking, people with vision impairments often engage in longer interactions with 
objects—feeling, exploring, or verifying their location and state through touch. These extended or 
repeated actions can lead to false positives when vision-language models rely only on recipe steps 
to infer progress, as the system may mistakenly interpret prolonged handling as task completion. 
By incorporating object status recognition, OSCAR provides an intermediate representation that 
filters out incidental or exploratory interactions unless a change in object state is detected (e.g., 
uncut vs. chopped tomatoes). This mechanism helps disambiguate real progress from slow or 
repeated exploration, improving step-prediction accuracy in environments with non-linear and 
variable cooking workflows. 

6.5.4.2 Accommodating Personalized Tools and Cooking Strategies. 

People with vision impairments frequently use personalized or adapted tools that differ from 
standard recipe expectations [110,117]. These substitutions—such as using a butter knife instead 
of a spatula—often lead to mismatches between the tools referenced in the recipe text and those 
visible in the video frame. Recipe-step-only models struggle in these scenarios because they 
anchor predictions on canonical tool appearances. In contrast, object status recognition focuses 
on the transformation of ingredients (e.g., spread beans, washed cucumber) rather than the tool 
performing the action. This design flexibility enables OSCAR to generalize across different user 
behaviors and tool choices, supporting accessibility without requiring users to conform to pre-
defined cooking procedures. 

6.5.4.3 Supporting Inclusive and Autonomy-preserving Design. 

Tracking cooking progress through object status fosters a more inclusive interaction paradigm— 
one that adapts to user routines rather than forcing behavior changes. People with vision impair-
ments often develop efficient but idiosyncratic cooking strategies shaped by their skills, prefer-
ences, and environmental constraints. OSCAR’s ability to align progress tracking with these indi-
vidualized practices—without penalizing tool substitution, workspace variation, or non-standard 
sequencing—preserves user autonomy and supports natural cooking workflows. This is critical 
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for designing assistive systems that respect user expertise rather than enforcing rigid procedural 
structures. 

6.5.4.4 Consistency Across Real-world and Instructional Datasets. 

The performance gains of OSCAR were consistent across both the real-world non-visual cook-
ing dataset and the large-scale YouCook2 instructional dataset. This consistency highlights that 
object status modeling is a transferable and generalizable approach, benefiting both controlled 
and naturally occurring cooking scenarios. This finding underscores the importance of moving 
beyond recipe text alignment alone. While recipe steps provide useful guidance, the variabil-
ity in real-world cooking—especially among people with vision impairments—demands systems 
that can reason about the physical state of the environment. Object status, combined with time-
causal modeling, provides a scalable foundation for robust cooking progress prediction in diverse 
settings. 

6.5.5 Factors Affecting Prediction Performance and Design Implications 
While OSCAR demonstrated substantial improvements over baseline models, our evaluation on 
the real-world non-visual cooking dataset revealed several unique factors that challenged the 
performance of vision-language models (VLMs) in non-visual cooking settings. These findings 
offer critical insights for the design of future vision-based assistive systems. 

6.5.5.1 Implicit and Preparatory Tasks Beyond Recipe Instructions. 

In real-world cooking, people with vision impairments often perform implicit or preparatory 
tasks that are not explicitly described in recipe steps—such as cleaning, organizing tools, or dis-
carding waste. These actions are essential for maintaining safety, hygiene, and workflow readi-
ness, yet they create gaps between recipe expectations and real-world behavior. For example, in 
V4, the participant paused during the step “crack an egg and scramble it” to search for a garbage 
bin and dispose of the eggshell (Figure 6.9). Since this action was not annotated as part of the 
recipe step, OSCAR mispredicted the progress as 0%. These moments introduce ambiguity in 
vision-based step tracking, particularly when object interaction occurs without a corresponding 
transformation in object status. 
Design Consideration #1: The presence of frequent implicit and preparatory tasks in real-world 
cooking—such as cleaning, organizing tools, or discarding waste—suggests that assistive systems 
should be designed to recognize and accommodate these actions rather than treat them as noise. 
Distinguishing between core procedural steps and incidental yet essential behaviors can help 
models interpret natural deviations from scripted instructions without misclassifying user intent. 
Such consideration is critical for ensuring that systems remain aligned with the practical, adaptive 
workflows common in non-visual cooking. 

6.5.5.2 Rechecking and Securing Tools and Ingredients. 

A notable pattern in the non-visual cooking dataset was participants’ frequent rechecking of 
ingredients and tools—a behavior deeply rooted in strategies for ensuring safety, spatial aware-
ness, and task confidence. Unlike sighted cooking routines, where visual scanning often suffices, 
people with vision impairments rely on tactile feedback to confirm object identity, location, and 
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Figure 6.10: Illustration of objects not captured in the center of the field of view. Left: V8 is showing ‘Cut the 
cucumber into pieces and store them in a bowl.’ Right: V6 is showing ‘Wash the enoki mushroom, carrot, and 
cucumber. Shred the carrot and cucumber.’ 

readiness. This leads to a recurring process of touching, repositioning, or verifying objects before 
proceeding. For example, in video V4, after the participant chopped tomatoes and placed them 
in a bowl, they revisited the bowl multiple times—gently touching the tomatoes and confirming 
their position on the countertop—before continuing to the next step. These interactions were 
not part of the functional transformation of the tomatoes, yet from the model’s perspective, the 
repeated contact resembled the type of object manipulation seen in active steps. 

These exploratory or confirming actions often occurred not only immediately after process-
ing ingredients but also as part of users’ adaptive strategies to stay prepared and oriented for 
future steps. For instance, some participants proactively ensured that utensils like spoons or 
knives were in the expected place before they were needed. While such behaviors helped users 
maintain workflow continuity, vision-language models frequently misclassified these moments 
as step transitions, resulting in inflated or inaccurate step completion predictions. 
Design Consideration #2: The frequent use of exploratory and safety-checking behaviors— 
such as rechecking object positions or preparing tools in advance—indicates that assistive sys-
tems should distinguish these non-transformative actions from actual step progression. When 
users interact with objects without changing their state, such as lightly touching or repositioning 
already-prepared ingredients, these moments should not be treated as evidence of step comple-
tion. Instead, systems need to integrate object status recognition with temporal reasoning and 
patterns of interaction that reflect common non-visual strategies. This approach can help reduce 
false positives in step tracking, improve alignment with user intent, and make the system more 
resilient to the natural variability in non-visual cooking practices. 

6.5.5.3 Lighting Conditions and Visibility Challenges. 

Non-visual cooking environments often involve variable and uncontrolled lighting, which can 
significantly degrade vision model performance. For instance, in V6, suboptimal lighting re-
duced OSCAR’s accuracy to 40%, well below the 66.7% average. Two lighting issues emerged fre-
quently: (1) strong backlighting caused models to fixate on irrelevant background features, and 
(2) dim environments led to poor contrast, making ingredients hard to distinguish from shadows. 
These conditions made it difficult for VLMs to detect object transitions or ingredient changes, 
undermining step prediction. 
Design Consideration #3: The frequent impact of poor or uneven lighting on model perfor-
mance highlights the need for systems to account for real-world visibility constraints. Incon-
sistent lighting—such as strong backlighting or dim conditions—can obscure ingredient changes 
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and lead to misclassification. These findings point to the importance of incorporating lighting-
aware feedback mechanisms and designing for robustness under suboptimal visual conditions. 
Strategies such as real-time lighting quality checks, user guidance for repositioning light sources 
or the camera, and multimodal sensing (e.g., audio or haptics) may help ensure more consistent 
and reliable step tracking in varied kitchen environments. 

6.5.5.4 Impact of Camera Angles and Field of View. 

Inconsistent camera angles and limited field of view significantly impaired prediction accuracy in 
real-world non-visual cooking videos. In several cases, the camera failed to center on the active 
work area, leading to partial or missing views of ingredients and tools. For example, in V6, the 
camera was angled too high during the step “Wash the enoki mushroom, carrot, and cucumber. 
Shred the carrot and cucumber”, resulting in only a partial view of the cutting board (Figure 
6.10). This contributed to V6 showing the lowest accuracy in the dataset: 40% with OSCAR and 
just 16.7% with the baseline model. For users with vision impairments, adjusting the camera angle 
or position during cooking is often impractical, especially when hands are occupied. Misaligned 
views can distort objects or exclude them entirely, reducing the model’s ability to detect status 
changes and step transitions. 
Design Consideration #4: The frequent occurrence of misaligned or incomplete camera views 
underscores the need to design for hands-free, robust framing support. When the field of view 
fails to capture the active workspace, vision models struggle to detect object status changes and 
task progression, leading to substantial drops in prediction accuracy. These challenges highlight 
the importance of incorporating mechanisms that either assist users in maintaining appropriate 
framing or compensate for imperfect views—such as real-time framing feedback, multi-camera 
setups, or adaptive cropping techniques. Such support is especially critical in non-visual contexts, 
where users cannot easily verify what the camera is seeing during dynamic, hands-busy tasks like 
cooking. 

6.5.5.5 Challenges with Recognizing Pre-prepared Ingredients. 

People with vision impairments often adopt efficient cooking strategies, such as preparing and 
storing ingredients ahead of time in separate containers. While this helps streamline their work-
flow and improve task flow, it introduces ambiguity for vision-based systems like OSCAR, which 

Figure 6.11: Illustration of multiple objects stored before cooking. 
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rely on visual cues to align recipe steps with observed actions. For instance, in V4, the cook 
followed two steps in sequence: “Cut the tomatoes into pieces and store them in a bowl” and 
“Take a stalk of green onion and cut it into pieces”. However, during the second step, the bowl of 
pre-cut tomatoes remained visible in the frame (Figure 6.11). This led OSCAR to misclassify the 
current step as a continuation of the earlier one, as the presence of tomatoes was interpreted as 
an ongoing action rather than a previously completed one. 

This overlap between past and current ingredients illustrates the need for more sophisticated 
context modeling. Simply detecting object presence or status is insufficient—models must also 
reason about temporal sequencing and distinguish between active manipulation and background 
presence. 
Design Consideration #5: The presence of pre-prepared ingredients in the visual frame—even 
when they are no longer being manipulated—reveals a critical gap in how current systems in-
terpret context. Users’ strategies, such as batch-preparing ingredients and keeping them nearby 
for later use, result in scenes where previously completed steps remain visually present. This 
makes it difficult for models to distinguish between ongoing actions and residual context. These 
observations point to the need for assistive systems to move beyond static object detection and 
incorporate reasoning about temporal context and interaction history. By understanding when 
ingredients have been processed and set aside, systems can more accurately interpret which ac-
tions are in progress, improving the fidelity of step alignment in real-world cooking scenarios. 

6.5.5.6 Summary. 

Taken together, these findings highlight the unique complexities of supporting real-world non-
visual cooking through vision-language models. Unlike instructional videos, non-visual cooking 
involves adaptive behaviors—such as exploratory touching, pre-preparation, and implicit tasks— 
that do not always align neatly with recipe instructions or visual cues. Performance was also 
sensitive to environmental variables like lighting, camera positioning, and field of view, which are 
difficult for users with vision impairments to control. These insights underscore the importance 
of designing assistive systems that go beyond frame-by-frame recognition: systems must model 
temporal context, support user autonomy, and adapt to the idiosyncrasies of real-world practice. 
By integrating object status tracking with reasoning about intent, memory, and environment, 
future systems can better align with the actual workflows and needs of blind and visually impaired 
cooks. 

6.6 Discussion 

This work presents OSCAR, a technical pipeline that leverages object status recognition to support 
progress tracking in non-visual cooking. Our findings offer broader implications for assistive AI— 
particularly around modeling real-world variability, supporting user autonomy, and designing 
systems that adapt to the embodied and procedural nature of non-visual tasks. 

6.6.1 Rethinking Progress Tracking in Real-World Non-Visual Activi-
ties 

Our findings challenge the dominant paradigm of recipe progress tracking that assumes clear 
task boundaries, discrete action-object mappings, and linear step completion. While these as-
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sumptions hold in curated instructional videos (e.g., YouCook2), they break down in real-world 
non-visual cooking, where people with vision impairments often engage in exploratory, repeti-
tive, and non-linear behaviors. For example, participants frequently performed extended tactile 
searching, rechecking ingredient locations, or organizing tools for future use, none of which di-
rectly transformed object status but were essential for task success and safety. These behaviors 
led to consistent mispredictions in baseline models that relied solely on aligning static recipe 
steps to video frames (Table 6.2). This finding echoes prior accessibility research that emphasizes 
the non-linear, adaptive nature of non-visual activities [94, 110, 116, 117, 118], where progress is 
often embodied, situational, and opportunistic rather than strictly sequential. 

To support real-world assistive applications, future systems must move beyond rigid step-
alignment and instead adopt dynamic progress inference models that accommodate the fluidity 
of non-visual workflows. This requires combining object status recognition with temporal rea-
soning (Section 6.3.4) and possibly integrating interaction modeling (e.g., recognizing exploratory 
touch vs. transformative actions). Such an approach would allow systems to reason about “task 
readiness” or “step proximity” rather than enforcing binary step completion. Ultimately, rethink-
ing progress tracking in this way aligns with inclusive design principles that respect user auton-
omy, adapt to diverse routines, and support the messy realities of everyday non-visual activities. 

6.6.2 Vision-Language Models in Messy Real-World Conditions 
Our evaluation revealed a stark contrast between OSCAR’s performance on curated instructional 
data (YouCook2) and its performance in real-world non-visual cooking settings. While vision-
language models (VLMs) like CLIP and SigLIP achieved recipe step-prediction accuracies above 
60% in the controlled, well-lit videos of YouCook2 (Table 6.1), their baseline performance dropped 
significantly—to 33.7% and 41.9% respectively—in user-generated videos recorded by blind and 
low vision (BLV) individuals in their own kitchens (Table 6.2). 

This performance gap exposes key fragilities in current VLMs when deployed outside of clean, 
curated datasets. In our real-world dataset, videos featured challenging visual conditions: incon-
sistent or dim lighting, cluttered backgrounds, and occluded ingredients or tools due to variable 
camera angles. More critically, BLV users engaged in adaptive behaviors—such as tactile search-
ing, using alternative tools, or pre-preparing ingredients—that led to object states or visual frames 
not typically encountered in training corpora. As a result, models often misclassified steps or 
failed to recognize when progress had occurred. 

These findings underscore a core challenge in accessibility AI: models trained on polished, ide-
alized data rarely generalize to the messy, situated realities of lived experience. As Theodorou et 
al. argue [179], disability-centered technologies must be evaluated and optimized for the contexts 
in which they are used—not just the environments in which they are easiest to test. To build truly 
inclusive and dependable systems, VLM research must treat robustness under user-authored, im-
perfect, and unpredictable conditions as a core design goal—not a downstream deployment con-
cern. Models must be built with the variability of real-world usage in mind, especially when 
intended to support autonomy in daily life. 

6.6.3 Object Status as a Universal Design Primitive 

Our findings highlight object status recognition as a transferable design primitive for assistive 
technologies supporting non-visual activities. In our non-visual cooking evaluation, participants 
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frequently substituted tools—using fingers to spread beans (V3) or butter knives to lift food (V5)— 
which led to baseline model errors (Table 6.2) that assumed fixed action-tool mappings and canon-
ical tool usage. These errors expose a limitation in systems that treat progress as a function of 
specific object-action pairs rather than the outcome of a transformation. 

In contrast, recognizing the evolving state of objects—such as ingredients becoming chopped, 
bowls becoming filled, or pans becoming empty—enabled OSCAR to track progress independent 
of the tools or gestures used. By grounding progress in the status of objects, rather than how 
the status was achieved, OSCAR offers greater flexibility and better accommodates diverse user 
routines. This abstraction aligns with inclusive design principles [110, 117], supporting user au-
tonomy, customization, and adaptation—critical values in accessibility technology. 

Importantly, object status recognition is not limited to cooking. Tasks like makeup applica-
tion, cleaning, crafting, or home repair similarly involve the transformation of materials and tools 
through personalized strategies [83, 112, 115, 116]. In these domains, users may mix techniques, 
skip steps, or use improvised tools, yet the meaningful unit of progress remains the changing 
state of the task environment. Designing assistive systems around object status—rather than pre-
defined actions or tools—offers a more resilient and generalizable foundation for context-aware 
support across varied non-visual, hands-on tasks. 

6.6.4 Modeling Context, Memory, and Temporal Continuity 

While our real-world evaluation exposed limitations of VLMs in non-visual cooking, these issues 
stem not only from data quality but from fundamental modeling constraints. Current VLMs 
rely heavily on per-frame classification, lacking mechanisms to reason about what has already 
occurred or how scenes evolve over time—a shortcoming echoed in recent work on temporal 
grounding and task tracking [195]. For example, in V4, previously prepared ingredients (e.g., 
chopped tomatoes) remained in view during later steps, causing baseline models to misclassify 
the user’s current action. Without temporal memory or an understanding of scene history, these 
systems cannot distinguish between residual context and active manipulation. To better support 
non-visual, multi-step tasks with high ambiguity, future systems must move beyond isolated 
image-text alignment. Techniques such as short-term memory buffers, lightweight scene graphs, 
or temporal event segmentation could help systems maintain continuity, disambiguate repeated 
actions, and better track progress through non-linear or interleaved workflows. 

6.6.5 Toward Context-Aware Interaction with LLMs 
While OSCAR’s primary contribution lies in its object status-based progress tracking, our ar-
chitecture also opens up promising opportunities for context-aware, conversational interaction 
powered by large language models (LLMs). By maintaining a structured history log—including 
step predictions, visual context, and object transformations over time—OSCAR can dynamically 
construct prompts that reflect the current cooking state. This enables LLMs to reason not only 
about static recipe text but also about the user’s actual progress through the task. For instance, 
users could ask situational questions such as “What step am I on?” or “Did I already add the 
garlic?” and receive responses grounded in their cooking history rather than generic recipe flow. 
This integration represents a shift from linear recipe readers toward procedurally aware dialogue 
systems, where interactions are informed by both real-time observations and past actions. As 
LLMs continue to improve in temporal reasoning and contextual understanding, such a pipeline 
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could support richer, personalized guidance—especially for users who rely on non-visual cues to 
navigate complex tasks. Future work may explore the design space of such interactions, includ-
ing how to present uncertainty, verify state interpretations, and align system responses with user 
mental models. 

6.6.6 Designing for Autonomy over Standardization 

Our findings underscore that non-visual cooking is shaped not by deviation from norms, but by 
adaptation grounded in embodied expertise and personal strategies. Participants frequently mod-
ified workflows—substituting tools, reordering steps, or combining actions—not out of error, but 
to optimize for safety, efficiency, or tactile feedback. These adaptations often confounded base-
line models that assumed fixed action-tool mappings or linear task flows. In contrast, OSCAR’s 
object-status-driven tracking—focusing on the evolving state of objects rather than prescriptive 
actions—was more resilient to user-specific variations. This finding aligns with broader accessi-
bility research cautioning against assistive technologies that enforce normative or idealized pro-
cedures [110, 117]. Future systems should foreground adaptability and respect user autonomy, 
allowing people to work with their own tools, sequences, and strategies—rather than requiring 
conformance to model assumptions. 

6.6.7 Interaction and Camera Design for Blind Cooks 
A recurring challenge in our real-world evaluation was camera misalignment—with chest-
mounted cameras often angled too high, too low, or failing to capture the primary workspace. 
In V6, for example, the camera missed the cutting board entirely during ingredient preparation, 
contributing to a low prediction accuracy of 40% despite adequate lighting. For BLV cooks, this 
issue is not simply about camera placement—it reflects a fundamental interaction gap. Without 
visual feedback, users cannot easily verify what the camera captures during dynamic tasks like 
cooking. This challenge echoes prior research in blind photography, where real-time framing 
support—such as haptic cues, audio tones, or spoken guidance—has been shown to help users 
position cameras effectively [4, 85]. For systems like OSCAR to operate reliably in deployment, 
camera-aware interaction must become a core design consideration. Future systems should 
provide real-time feedback to guide framing, suggest re-alignment when needed, or explore 
multi-camera setups to increase robustness—all while minimizing user effort during hands-busy 
tasks like cooking. 

6.6.8 Expanding Accessibility Datasets for Inclusive AI 
We release our 12-video non-visual cooking dataset to support evaluating procedural AI in real-
world accessibility contexts (Section 6.5). To more fully validate systems like OSCAR, future 
datasets must reflect a broader range of kitchen environments, cultural cuisines, and non-visual 
cooking practices. As with prior datasets like ORBIT [131], the true value of such resources lies in 
their diversity and realism. Future efforts should broaden this foundation by capturing data across 
varied kitchen setups, lighting conditions, cultural cooking practices, and user expertise levels. 
In particular, collecting multi-session recordings from the same participants could support mod-
eling of longitudinal learning, routine formation, and adaptation over time. Echoing principles 
from disability-centered dataset research [179], inclusive AI development requires datasets that 
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reflect the messiness, variability, and situated practices of real users—not idealized or sanitized 
tasks. Expanding datasets along these dimensions is critical for advancing robust, user-centered 
assistive technologies. 

6.7 Limitations and Future Work 

While this chapter demonstrates the feasibility and performance of OSCAR for recipe tracking us-
ing object status recognition, several limitations remain. Our current evaluation was conducted 
entirely on pre-recorded video datasets, without direct user interaction with the system. As a 
result, we were not able to observe how blind users might engage with OSCAR in real-time— 
particularly how they interpret contextual feedback, interact with step tracking, or formulate 
conversational queries during the cooking process. Future work should focus on developing an 
accessible mobile prototype and conducting in-situ studies in users’ own kitchens. These studies 
will examine how users naturally interact with the system, including their input strategies, pref-
erences for conversational support, and ways of integrating real-time feedback into non-visual 
workflows. Insights from these investigations will help refine OSCAR’s interactive capabilities 
and guide the design of context-aware assistive systems grounded in real-world use. Finally, our 
evaluation focused on two state-of-the-art VLMs (CLIP and SigLIP). As multimodal models con-
tinue to advance (e.g., GPT-4o), evaluating OSCAR with a wider range of models will help uncover 
its broader applicability. In particular, future work should explore what levels of model perfor-
mance are “good enough” for practical use and define benchmarks that center user experience, 
not just accuracy. 

6.8 Summary 

This chapter presented OSCAR (Object Status Context Awareness for Recipes), a technical 
pipeline that explores object status recognition as a foundation for context-aware cooking 
assistance for people with vision impairments. By integrating recipe parsing, object status 
extraction, vision-language alignment, and time-causal modeling, OSCAR enables real-time 
recipe progress tracking that adapts to diverse user practices and non-visual workflows. 
Through large-scale evaluation on instructional videos and a real-world non-visual cooking 
dataset recorded by blind and low vision individuals in their homes, we demonstrated that object 
status recognition consistently improves step-prediction accuracy over baseline models, even 
in challenging, uncontrolled environments. Our findings highlight the limitations of current 
vision-language models in real-world accessibility contexts and underscore the importance of 
modeling temporal continuity, user autonomy, and task adaptability. We contribute both a 
technical pipeline for object-status-driven progress tracking and a real-world cooking dataset to 
support future research for non-visual cooks. Looking forward, we envision expanding OSCAR 
into interactive, user-facing prototypes and conducting in-situ studies to explore how BLV 
cooks engage with real-time feedback and context-aware guidance. Our work provides design 
insights for building robust, inclusive assistive technologies that align with the complexities of 
non-visual everyday practices. 
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Chapter 7 

ODG: An Object Dependency Graph for 
Non-Visual Cooking Assistance 

7.1 Overview 

The preceding chapters of this thesis each addressed one piece of the non-visual cooking puzzle. 
Chapter 3 characterized the day-to-day cooking practices and challenges of people with vision 
impairments through a content analysis of 122 YouTube videos and 12 semi-structured interviews 
[110]. Chapter 4 examined how blind cooks access and structure recipes through a follow-up 
study with 20 blind cooks and 4 rehabilitation instructors, and articulated design strategies for 
non-visual recipe access [117]. 

Chapter 5 moved from the recipe to the kitchen itself, conducting a contextual inquiry with 12 
blind cooks in their own homes to identify the eight categories of contextual object information 
(five primary: position, orientation, proximity and grouping, similarity and duplicates, and inter-
nal state; plus two secondary and one application-specific) that non-visual cooks rely on [111]. 
Chapter 6 built OSCAR, a vision-language system that extracts object status from recipes, aligns 
visual frames to recipe steps, and provides a context-aware progress tracker for following a recipe 
in real time. 

Each of these contributions, however, was studied in isolation. Blind cooks in the preceding 
studies consistently described three failure modes that cut across all of them: (1) recipe texts re-
main linear, since tactile audio readers and screen readers force sequential playback even when 
the underlying cooking graph has many independent paths [117]; (2) object status, safety warn-
ings, and sensory cues are locked inside the recipe’s prose, so information that could be delivered 
proactively at the moment it is needed instead has to be re-read, remembered, and mentally re-
planned [110, 111]; and (3) progress, skipped steps, and re-orientation are left to the cook’s working 
memory. OSCAR’s contribution was to track progress, but blind cooks also need to ask about and 
recover from where they are in the cooking process at any point [117]. 

This chapter introduces the Object Dependency Graph (ODG), a unifying representation of a 
recipe that operationalizes the physical information space introduced in Chapter 1. An ODG ex-
plicitly encodes each cooking state as a grounded [verb]+[noun] object transition (Chapter 6), 
the prerequisites and safety constraints between states (Chapter 3), the non-visual cues that sig-
nal completion (Chapter 5), exact quantities and techniques (Chapter 4), and the parallel groups 
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in which independent states can run concurrently. An ODG-aware voice assistant answers ques-
tions the underlying recipe was never written to answer (“What do I need before I sear the beef?”, 
“What can I do while the phyllo bakes?”, “What did I skip?”, “Where am I right now?”) while de-
livering safety alerts, sensory cues, and automatic timers proactively at the moment they become 
relevant. 

The ODG is not a new recipe format; it is a common substrate on top of the four prior contribu-
tions of this thesis. It is grounded in the object-status representation from OSCAR [113,114], popu-
lated with the design strategies identified in the recipe work [117] and the contextual-information 
types from the kitchen contextual inquiry [111], and informed by the practices and challenges 
catalogued in the original non-visual cooking study [110]. To probe which of these ingredients 
actually matter for a blind cook in practice, the ODG decomposes into seven ODG Rules (R1–R7), 
each backed by one of the prior chapters, that can be individually toggled on or off at run time. 
These rules serve as both the system’s demonstration surface and as the independent variable of 
the within-subjects evaluation reported in Chapter 8. 

The contributions of this chapter are scoped to the ODG itself: its representation, its decom-
position into rules, and the running system that realizes it. The empirical evaluation of those 
rules with blind cooks is the contribution of Chapter 8 and is not claimed here. 

• Representation. A formal definition of the Object Dependency Graph as a tuple 
G = (S, E,P,T ) that integrates object status, prerequisites, safety, non-visual cues, mea-
surements, progress tracking, and parallelism into a single machine-readable structure, 
grounded in the four prior empirical studies of this thesis. 

• Rules. A decomposition of the ODG into seven design rules (R1–R7), each rule motivated 
by one specific prior chapter and consuming one or more specific ODG fields, with explicit 
traceability between the empirical findings of this thesis and the behaviors of an ODG-
aware assistant. 

• System. A voice-first ODG-aware cooking assistant with a paired Wizard-of-Oz researcher 
dashboard, built around an input-agnostic reasoning engine that grounds every spoken re-
ply in a structured ODG query rather than in recipe prose. The same engine drives the 
participant interface and the dashboard, so rule toggles made by the researcher take ef-
fect on the next assistant turn without restarting the session, making each of the seven 
rules an independently controllable run-time variable. The implementation is described in 
Chapter 8. 

These three contributions form the substrate that the next chapter evaluates: the representa-
tion, the rules it expresses, and the running system that lets blind participants interact with the 
rules in practice. 

7.2 Background and Related Work 

The broad background on cooking technology, information spaces, and assistive technologies for 
people with vision impairments is covered in Chapter 2. This section focuses on the work most di-
rectly relevant to the ODG and positions it against four neighboring lines of research: structured 
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representations of cooking procedures, voice-first and multimodal cooking assistants, conversa-
tional and mixed-initiative agents for procedural tasks, and accessibility-focused approaches to 
recipe support for people with vision impairments. 

7.2.1 Structured Representations of Cooking Procedures 
A long line of work has treated cooking as a structured procedural task rather than as linear prose. 
Graph-based and workflow-based representations have been used to align instruction texts with 
video demonstrations [31, 47, 119], to compute recipe difficulty and workflow complexity [104], 
to analyze recipe corpora at scale [35], and to perform semantic processing of ingredient and 
step structure [130, 175]. These representations make explicit the dependencies between prepa-
ration steps, ingredients, and cooking actions, structure that is otherwise implicit in the recipe 
text. Beyond graph-based formalisms, researchers have also explored flow-chart-style and tree-
structured recipe encodings [104], frame-semantic action representations [175], and large-scale 
paired text/image datasets that enable end-to-end learning of recipe structure [130]. Across this 
body of work, the recurring design move is to externalize what the recipe text leaves implicit 
(ingredient identity, action sequence, intermediate states, and tool-to-action bindings) into a rep-
resentation that a downstream system can reason over. 

The ODG builds on this tradition but differs in three important ways. First, existing repre-
sentations are designed primarily to support retrieval, alignment, or analysis tasks (e.g., aligning 
narration to video, predicting the next step, retrieving similar recipes) rather than to drive a 
non-visual assistant in real time. As a result, they optimize for static, batch-processing settings 
and rarely consider how the representation will be spoken into a kitchen. Second, they typically 
model what needs to be done but not the non-visual cues that indicate when a state has been 
reached, the safety constraints that gate dangerous transitions, or the parallel structure that al-
lows a cook to overlap independent work, all of which are fields whose absence the prior chapters 
of this thesis showed to be most consequential for blind cooks [110, 111, 117]. Third, where prior 
representations are designed for machine consumption, the ODG is explicitly designed so that 
each of its fields has a corresponding human-facing assistant behavior, a property that the seven 
rules in Section 7.3 make concrete. The ODG therefore extends the classical step-dependency 
view to include sensory cues, edge-level safety annotations, parallel groups, an explicit prepara-
tion track, and a measurement/technique layer, while preserving the underlying directed acyclic 
graph (DAG) structure that earlier representations established. 

7.2.2 Voice-First and Multimodal Cooking Assistants 
Interactive cooking assistants have been studied for two decades, spanning projector-based 
guidance [134, 159, 184], instrumented pans and cooking simulators [91, 184], gaze- and 
voice-controlled recipe systems [26], and early multitasking coordinators [75,76]. These systems 
explored a broad design space, from situated displays that anchor instructions to the work sur-
face, to ambient sensing of tools and ingredients, to conversational interaction during high-load 
moments such as searing or plating. More recent work has examined how commercial voice 
assistants (Amazon Alexa, Google Assistant, Siri) support (and fail to support) everyday cooking 
and other household activities, particularly for people with vision impairments [29, 40, 172]. 
This recent literature is more diagnostic than constructive: it documents what mainstream 
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assistants get wrong rather than proposing alternative architectures, which is one of the gaps 
that motivates the constructive contribution of the present chapter. 

Three limitations are consistently reported across this literature. First, voice assistants that 
read the recipe linearly do not answer structural questions (“what can I do while the oven pre-
heats?”, “which step did I skip?”, “what do I need before I can sear the beef?”); the structure that 
would support such questions exists in the underlying procedure but is collapsed into prose at 
delivery time. Second, their pacing and verbosity are often poorly matched to blind users’ pref-
erences [29, 40]: information is either too dense to absorb in a single utterance or too sparse 
to act on without follow-up. Third, they bundle proactive behavior (timers, safety warnings, 
sensory cues, parallel-task suggestions) into a single fixed voice persona that cannot be config-
ured: a cook who wants safety alerts but not parallel-task prompts, or who wants sensory cues 
but not measurement reminders, has no granular control. The ODG is designed to address all 
three: it exposes structural queries as first-class engine methods that traverse the DAG directly, 
it stores measurement, sensory, and safety content as separate fields so the assistant can adapt 
verbosity on demand, and it decomposes proactive delivery into seven independently toggleable 
rules rather than a single bundled persona. 

7.2.3 Conversational and Mixed-Initiative Agents for Procedural Tasks 
A complementary line of work studies conversational agents and mixed-initiative interaction for 
procedural tasks more broadly, including assembly, do-it-yourself projects, repair, and physical-
therapy routines, alongside cooking. This work is relevant to the ODG in two ways. First, it has 
produced a vocabulary for describing when an assistant should speak proactively versus reac-
tively, when it should ask clarifying questions, and how it should handle errors and re-orientation. 
The seven ODG Rules draw on this vocabulary, particularly R3 (proactive safety alerts), R4 (proac-
tive parallel-task suggestions), and R6 (re-orientation queries). Second, it has shown that proce-
dural assistants which expose an explicit task model to the user (via a visible list of steps, a 
progress bar, or an interactive transcript) tend to be more trusted than assistants that treat the 
task as a black box. The ODG is designed to be such an explicit model: the researcher dashboard 
described in Chapter 8 mirrors the live state of the graph back to the moderator, and the same 
surface could be exposed to the cook in a future deployment to support trust and recovery. 

Recent work on large language model (LLM) agents has further sharpened the question of 
what a task representation should expose to a conversational interface. LLMs can flexibly an-
swer free-form questions about a recipe, but they hallucinate object states, miss safety-critical 
transitions, and lose track of which step is current when the conversation extends over many 
turns. Representations such as the ODG act as a structured grounding layer that constrains what 
the LLM can claim to be true at any moment: the assistant can phrase its outputs naturally, but the 
facts it asserts (which steps are done, which are pending, which are concurrent, what quantity to 
use) are read from the graph rather than generated. Mixed-initiative work that grounds language 
outputs in a structured task model, including AROMA [140] (which builds on the object-status 
representation from Chapter 6), demonstrates that this combination of LLM fluency with struc-
tured grounding is feasible and useful in cooking specifically. The ODG can be read as a proposal 
for what such a grounding structure should look like when the user is blind. 
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7.2.4 Accessibility-Focused Recipe and Cooking Support 
A smaller set of recent work has looked specifically at recipe and cooking support for people with 
vision impairments. This includes vision-based assistance on the stove [95], studies of cooking 
training and everyday practice for blind and low-vision cooks [190], and the four prior chap-
ters of this thesis, which together characterized non-visual cooking practice [110], recipe access 
strategies [117], in-kitchen contextual information needs [111], and real-time object-status ex-
traction via OSCAR. Beyond academic research, the everyday tooling that blind cooks actually 
use today is a mix of mainstream screen readers (VoiceOver, TalkBack, NVDA, JAWS) layered on 
top of recipe websites that were not designed with non-visual access in mind; mainstream smart 
speakers used for timers and limited step-by-step playback; and human-mediated remote sighted 
assistance through services such as Aira and Be My Eyes. Each of these tools fills a narrow slice of 
the non-visual cooking workflow, but none of them models the recipe as a structured object that 
can be queried, re-entered after interruption, or interrogated for safety, parallelism, or measure-
ment detail. The result is a fragmented experience in which a cook may switch between three or 
four different tools to complete a single recipe, manually carrying state across them in working 
memory. 

The ODG is designed to operationalize the findings from the prior chapters of this thesis into 
a single substrate that the everyday tools above cannot currently express. It is grounded in OS-
CAR’s object-status representation, populated with the recipe design strategies and contextual 
information categories identified in the two design studies, and informed by the practices and 
challenges catalogued in the original non-visual cooking study. Crucially, the ODG is not in-
tended as a replacement for screen readers, smart speakers, or remote-sighted services. A blind 
cook in 2026 still benefits from each of those tools in different moments. Rather, the ODG pro-
vides the missing structured layer that an assistive cooking system can read from in order to 
deliver the right information at the right moment through whatever delivery surface the cook 
prefers. The empirical chapters of this thesis identified the gap; this chapter contributes the rep-
resentation that closes it; and the next chapter (Chapter 8) evaluates the resulting assistant with 
blind participants. 

7.3 Design of the Object Dependency Graph 

7.3.1 Design Rationale: Four Prior Chapters, One Representation 

Viewed together, the four prior chapters of this thesis tell a consistent story about what non-
visual cooking support is missing. Table 7.1 summarizes the specific gap that each prior chapter 
surfaced but could not itself close, and the ODG element that addresses it. 
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Prior Chapter Gap Surfaced but Not Closed ODG Element That Ad-
dresses It 

Ch. 3 Non-Visual 
Cooking Prac-
tices [110] 

Blind cooks juggle many simultaneous sub-
tasks; safety incidents cluster at transitions. 

Parallel groups; per-edge 
safety annotations; transition 
warnings. 

Ch. 4 Recipe Ac- Linear TTS/screen-reader playback hides 
cess [117] structure; cooks rewash hands to re-scan; 

measurements and techniques get lost. 

Non-linear state graph 
queryable by voice; explicit 
quantity and technique fields 
per state. 

Ch. 5 Contextual 
Inquiry in the 
Kitchen [111] 

Cooks need contextual object information (po-
sition, orientation, temperature, status, …) that 
is not in the recipe text. 

Per-state 
contextCategories and 
typed nonVisualCues (tactile 
/ auditory / olfactory / thermal 
/ timing). 

Ch. 6 OSCAR Real-time tracking works, but queries like Grounded [verb]+[noun] 
“what did I skip?” and “where am I?” need an state identity; prerequi-
explicit step graph, not only a time-causal log. site graph; skip detection; 

queryWhereAmI(). 

Table 7.1: The ODG as a unifying representation of the four prior chapters: each prior study identified a specific 
gap whose shape implied a structural requirement, and the ODG satisfies all of them in one representation. 

Each of these gaps describes something a blind cook lacks at run time, not something the 
recipe text lacks at authoring time. Translating them into concrete assistant behaviors (behav-
iors that can be turned on or off, narrated aloud, and individually evaluated) yields the seven 
ODG Rules introduced in the next subsection. The rules come first because they are the em-
pirical statement of what a non-visual cooking assistant must do, derived directly from the prior 
chapters of this thesis. The representation that makes those behaviors implementable, the Object 
Dependency Graph itself, is described after the rules in Section 7.3.10, as the substrate that all 
seven rules read from. 

7.3.2 The Seven ODG Rules 
I refer to the seven behaviors distilled from the four prior chapters as the ODG Rules (R1–R7). 
Each rule is a small, self-contained behavior that a non-visual cooking assistant should exhibit, 
and each is directly traceable to one of the prior empirical studies of this thesis. They are listed 
in Table 7.2, together with the chapter that motivates each rule and the ODG field each rule 
consumes once the underlying representation is introduced in Section 7.3.10. 

108 



7.3. DESIGN OF THE OBJECT DEPENDENCY GRAPH 

Rule Behavior Motivated by ODG Field Consumed 

R1 Object Status & Step Nar- Ch. 6, Ch. 5 [111, 113, 114] state.verb, state.object, 
ration: refer to every- state.description 
thing as [verb]+[noun] 
and break complex steps 
into micro-steps. 

R2 Sensory Cues: replace Ch. 3, Ch. 4, Ch. 5 [110, 111, state.nonVisualCues 
visual doneness checks 117] 
with sound, smell, touch, 
and timing. 

R3 Safety Alerts: warn Ch. 3, Ch. 4 [110, 117] edge.safety 
before dangerous transi-
tions (hot oil, open flame, 
sharp tools). 

R4 Parallel Tasks: proac- Ch. 4 [117] parallelGroups, 
tively suggest indepen- state.time.passive 
dent work during wait 
times. 

R5 Precise Measurements & 
Technique: surface ex-

Ch. 4, Ch. 5 [111, 117] state.quantity, 
prepTrack.items 

act quantities, tool sizes, 
time ranges, and tech-
niques on demand. 

R6 Progress Tracking & Re-
covery: give summaries, 
detect skipped steps, and 

Ch. 6, Ch. 4 [113, 114, 117] completed, 
detectSkips(), 
queryWhereAmI() 

inProgress, 

support re-orientation. 

R7 Automatic Timers: set Ch. 4, Ch. 5 [111, 117] state.time.active, 
and track timers automat- state.time.passive 
ically whenever a state 
has a time duration. 

Table 7.2: The seven ODG Rules, each motivated by a prior chapter of this thesis and each consuming one or more 
ODG fields. 

Each rule is implemented as a small, self-contained behavior that can be independently enabled 
or disabled at run time (Chapter 8). In the user study (Chapter 8), the full ODG condition enables 
all seven; the baseline condition uses a standard screen reader and the recipe’s original text. 

The following subsections elaborate on each rule in detail, grounding them in the findings of 
the prior chapters. 

109 



CHAPTER 7. ODG: AN OBJECT DEPENDENCY GRAPH FOR NON-VISUAL COOKING ASSISTANCE 

7.3.3 R1: Object Status and Step Narration 

What the rule does. R1 requires that every time the assistant refers to an ingredient, tool, or 
cooking action, it uses a grounded [verb]+[noun] pair that reflects the current state of that 
object. For example, instead of saying “add the eggs to the bowl,” the assistant says “add your 
cracked eggs to your beaten egg yolks.” Instead of “cook until done,” the assistant says “cook your 
seared beef until it sounds quiet and the surface smells caramelized.” This verb-noun grounding 
carries forward through the recipe: by the time a cook reaches the state sear + beef fillets, 
the ODG has already established that these are your beef fillets, already seasoned, already brought 
to room temperature. The assistant never refers to the ingredient in the abstract. 

This representation originates directly from OSCAR (Chapter 6), where I showed that vision-
language models perform substantially better at tracking recipe progress when they reason about 
object status transitions rather than about raw ingredient names. The ODG extends this idea from 
perception to narration: a cook following a recipe through a screen reader hears “Add the eggs” at 
every step that involves eggs, regardless of whether the eggs have already been cracked, whisked, 
or folded into batter. R1 eliminates this ambiguity by attaching the verb that describes the current 
object status to every reference. 

The contextual inquiry study (Chapter 5) further validated that blind cooks need to know 
not just what an object is, but what state it is in. Participants in that study described repeatedly 
checking ingredients and tools because the recipe text never clarified whether, for instance, the 
tomatoes had already been chopped or were still whole. R1 operationalizes this need by encoding 
the object state in the ODG state label itself, so that every verbal reference from the assistant 
carries the current status of every ingredient in context. 

Beyond grounding ingredient references, R1 also governs how step instructions are phrased. 
Consider a traditional recipe step for Jamaican Jerk Rice & Peas: “Heat olive oil in a saucepan 
over medium heat. Add onion and salt and sauté until onion starts to soften, 4 to 5 minutes. Clear 
space in the middle of the pan, add tomato paste, and sauté for 2 to 3 minutes. Season with paprika, 
curry powder, cumin, thyme, pepper, and turmeric; continue cooking for 1 to 2 minutes until every-
thing is well combined.” This one step bundles seven distinct actions (heating, adding, sautéing, 
clearing space, adding again, seasoning with six spices, and waiting for combination), requiring 
a blind cook to hold all of it in working memory and track which sub-action they are on mid-
step. R1 breaks this into micro-steps: each distinct action becomes its own ODG state, with its 
own sensory cues, time fields, and safety annotations. The cook hears one atomic action at a 
time, confirms completion, and then receives the next. This means a blind cook never has to 
hold a compound instruction in working memory and parse it mid-action; each atomic action is 
delivered and confirmed before the next begins. 

In practice, R1 produces a running commentary that sounds like this: “Your oven is preheated. 
Next: layer your brushed phyllo sheets with your melted butter. Use a pastry brush to coat each 
sheet, working quickly so the phyllo doesn’t dry out.” The italicized status words are the ODG’s 
verb+noun groundings carrying forward from prior states. 

7.3.4 R2: Sensory Cues 
What the rule does. R2 requires the assistant to deliver a non-visual sensory cue (auditory, 
olfactory, tactile, thermal, or timing-based) every time the recipe reaches a state where the cook 
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would otherwise need to visually inspect the food. The cue is drawn from the state’s nonVisu-
alCues list, which is populated from the contextual inquiry study (Chapter 5) and the non-visual 
cooking practices study (Chapter 3). 

Consider a traditional recipe step: “Toast the nuts in the oven until browned.” The phrase 
“browned” describes a purely visual state and is entirely inaccessible to a blind cook. R2 replaces 
this visual cue with multi-channel non-visual alternatives: for the state toast + nuts, the ODG 
encodes auditory: "nuts shift from a soft thud to a dry rattle when stirred" 
(high reliability), olfactory: "warm, toasted aroma" (medium reliability), and 
timing: "3--5 minutes in a preheated oven at 350◦F" (high reliability). When 
the state is entered, the assistant delivers: “Toast the nuts in the oven for 3 to 5 minutes at 350 
degrees. You’ll know they’re ready when you hear them shift from a soft thud to a dry rattle when 
you stir them, and when you smell a warm, toasted aroma.” 

The non-visual cooking study (Chapter 3) catalogued twelve different cooking activities and 
found that blind cooks consistently rely on sensory modalities other than vision to accomplish 
them. For instance, cooks in that study described hearing the shift from a soft thud to a dry rattle 
when stirred nuts are ready, smelling the transition from raw to caramelized onion, feeling the 
texture change of dough coming together, and timing the sizzle of oil to judge temperature. The 
contextual inquiry study (Chapter 5) further identified five sensory channels (tactile, auditory, 
olfactory, thermal, and timing) as the primary non-visual means by which blind cooks assess 
food status. 

R2 encodes these findings directly into the ODG. Each cue is tagged with a reliability level 
(high, medium, low) based on how consistently participants in the prior studies reported it. High-
reliability cues are delivered proactively when a state begins; medium- and low-reliability cues 
are delivered on request or as supplementary information. If one channel is unavailable (e.g., the 
kitchen is too noisy for an auditory cue, or the cook has a cold that dulls smell), the multi-channel 
fallback ensures another channel can serve as confirmation. 

7.3.5 R3: Safety Alerts 
What the rule does. R3 requires the assistant to deliver a safety alert immediately before any 
state transition that involves a hazard such as hot oil, open flame, sharp tools, extreme temper-
atures, or heavy objects. The alert is drawn from the edge’s safety field in the ODG, which 
encodes the specific hazard, the risk it poses, and the precaution the cook should take. 

The non-visual cooking study (Chapter 3) identified safety and consequence as one of its 
eight challenge themes, reporting that all twelve interview participants expressed strong concerns 
about burns, fires, and accidental injuries in the kitchen. Participants described hazards including 
reaching into hot ovens, handling boiling liquids, working near open flame, and accidentally 
knocking objects over onto hot surfaces. The recipe access study (Chapter 4) reinforced these 
concerns: cooking instructors at the vision rehabilitation center emphasized that blind cooks 
must be warned proactively about hazards before encountering them, because the cook cannot 
visually detect dangerous conditions in time to react. 

R3 operationalizes these findings by encoding safety information on the directed edges 
of the ODG. When the ODG engine determines that a transition si → s j involves a hazard, it 
interrupts the normal flow to deliver the safety alert. Consider the transition from dredge + 
chicken to lower + chicken into oil. The ODG encodes an edge with type: thermal 
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and safety: "Oil at 350F can cause severe burns. Make sure your hands are 
completely dry before lowering the chicken. Lower the basket slowly and 
step back immediately after release." When the cook attempts to mark dredge + 
chicken as complete, R3 triggers the alert: “Before you lower the chicken into the oil, safety 
alert: the oil is at 350 degrees Fahrenheit. Severe burns can occur. Please make sure your hands are 
completely dry. Lower the basket slowly, and step back as soon as you release it. Say ‘done’ when 
you’ve lowered the chicken and stepped back.” 

The safety field is also populated proactively during passive states. When the cook enters the 
state bake + baklava in oven, the ODG engine recognizes that the incoming edge carries a 
thermal hazard (the oven is hot). R3 delivers: “Reminder: the oven is now at 350 degrees. Use a 
thick oven mitt on your dominant hand when opening the door. When you pull out the rack, place it 
on the counter, never on the stovetop, which may still be hot from earlier cooking.” 

R3 is designed to be unobtrusive during safe transitions. For states with no safety annotation, 
the rule produces no output, avoiding the fatigue that would come from safety messages on every 
step. The threshold for what counts as a hazard is calibrated against the practices and incident 
reports from the non-visual cooking study: edges are annotated with safety content whenever 
the prior research documented a participant injury, a near-miss, or an expressed safety concern. 

7.3.6 R4: Parallel Tasks 
What the rule does. R4 requires the assistant to proactively suggest independent cooking tasks 
during any passive wait period (while the oven preheats, while sauce simmers, while dough rests) 
so that the cook can use time efficiently rather than standing idle. The suggestions are drawn from 
the ODG’s parallelGroups and state.time.passive fields. 

The recipe access study (Chapter 4) found that blind cooks highly value knowing when they 
can perform multiple tasks simultaneously. Interview participants described the frustration of 
cooking pasta and realizing only after the fact that they could have prepared the sauce in par-
allel. One participant in the recipe access study specifically noted that recipes which told her 
what she could do during a wait period (“while the pasta cooks for 11 minutes, you can make the 
sauce”) were substantially more helpful than recipes that listed passive time as dead time. The 
contextual inquiry study (Chapter 5) further showed that blind cooks develop elaborate organi-
zational strategies to maximize parallel work, such as arranging ingredients in the order they will 
be used and staging tools at multiple workstations. 

R4 encodes these findings in two ways. First, the ODG’s parallelGroups explicitly mark 
which states are order-independent. For the Greek Baklava recipe, for instance, the states pre-
heat + oven, chop + nuts, butter + baking pan, and unroll + phyllo are all members 
of the same parallel group, meaning any subset can be completed in any order before the next 
prerequisite-dependent state (layer + phyllo + butter) begins. Second, each state carries a 
time.passive duration that represents the wait time during which independent work can be 
inserted. 

When the cook enters a passive state (for example, preheat + oven with a passive time of 
10 minutes), R4 triggers: “Your oven is preheating and will be ready in about 10 minutes. While 
you wait, here are tasks you can do in parallel: chop the nuts, butter the baking pan, or unroll the 
phyllo and keep it covered with a damp towel. These are all independent of the oven preheat and can 
be done in any order. Which would you like to start with?” 
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R4 also handles nested parallelism: when the cook is already in a passive state and completes 
a parallel task, R4 re-evaluates the ODG and updates the suggestion list. If the cook finishes chop 
+ nuts while the oven is still preheating, R4 might say: “Great, the nuts are chopped. Your oven 
still has about 6 minutes to go. You can now butter the pan or unroll the phyllo. Would you like 
guidance on any of these?” 

The rule never forces parallel work on a cook who prefers to focus on one thing at a time. The 
suggestions are offered as options, not instructions, and the cook can decline or defer without 
penalty. The ODG tracks which parallel suggestions have been offered so that the assistant does 
not repeatedly recommend the same already-declined task. 

7.3.7 R5: Precise Measurements and Technique 

What the rule does. R5 requires the assistant to surface exact quantities, tool specifications, 
time ranges, and technique descriptions on demand, drawing from the state’s quantity field and 
the prep track’s items list. Rather than embedding measurement information in the prose of the 
step instruction, the ODG stores it as structured data that can be retrieved conversationally at 
the moment the cook needs it. 

The recipe access study (Chapter 4) found that blind cooks frequently struggled with impre-
cise or missing measurements in recipes. Participants described frustration with phrases like 
“add a pinch of salt,” “cook until golden brown,” or “use a large skillet,” all of which require visual 
estimation or prior knowledge that blind cooks may not have. Instructors at the vision rehabilita-
tion center emphasized the importance of giving blind cooks specific measurements rather than 
visual approximations: “two sticks of butter” rather than “enough butter to coat the pan,” and “a 
10-inch cast iron skillet” rather than “a large skillet.” The contextual inquiry study (Chapter 5) 
reinforced this, showing that blind cooks use tactile and spatial references (e.g., the width of two 
fingers, the depth of a container) to anchor measurements, and that providing explicit numeric 
or physical anchors substantially reduces cognitive load. 

R5 encodes these findings as structured quantity data on every ODG state. For the 
state brush + phyllo + butter, the quantity field encodes: amount: "2 sticks (1 
cup total)", tool: "pastry brush, medium stiffness", method: "brush every 
sheet thoroughly, especially at the corners", temperature: "butter should 
be melted and slightly cooled, not hot". When the cook asks “How much butter do I 
need for this step?”, R5 triggers: “You’ll need 2 sticks of butter, melted; that’s 1 cup total. Use a 
medium-stiffness pastry brush. Melt the butter first, let it cool slightly so it’s warm but not hot, 
then brush each phyllo sheet thoroughly, paying extra attention to the corners so the layers stick 
together.” 

The rule also covers technique. Rather than assuming the cook already knows how to perform 
an action, R5 delivers the technique information as a follow-up: “Would you like guidance on how 
to brush butter onto phyllo?” If the cook accepts, R5 provides the technique description from the 
ODG’s description field: “Hold the phyllo sheet flat with one hand, and use your other hand to 
brush from the center outward. Work quickly; phyllo dries out fast. If you need to pause, cover the 
unbrushed sheets with a damp towel.” 

R5 is queryable at any time. A cook who remembers the ingredient but not the quantity 
can ask “How much butter for the phyllo?” and receive the structured answer regardless of their 
current position in the recipe. This directly addresses the finding from the recipe access study 
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that blind cooks often had to rewash their hands and scroll back through the recipe to find a 
measurement they had missed. 

7.3.8 R6: Progress Tracking and Recovery 

What the rule does. R6 requires the assistant to maintain a running model of which states have 
been completed, which are in progress, which are blocked by unmet prerequisites, and which 
have been skipped. The cook can query this model at any time to get an orientation summary, to 
find out what they skipped, and to re-orient after an interruption. 

The OSCAR chapter (Chapter 6) demonstrated that real-time progress tracking substantially 
improves recipe step-prediction accuracy for blind cooks, but it also revealed that tracking alone 
is insufficient: cooks need to be able to ask about their progress, not just receive updates. The 
recipe access study (Chapter 4) confirmed this: participants described losing their place in the 
recipe after interruptions, having to re-read from the beginning after a screen reader accidentally 
jumped to a different section, and needing to verbally confirm with a collaborator where they 
were in the process. One participant described the challenge of remembering which step she was 
on after her dog barked and broke her concentration. 

R6 operationalizes these needs through four engine methods. First, markCompleted(s) 
marks a state as complete and updates the ODG’s completed set. Second, detectSkips() 
compares the completed set against the prerequisite graph to identify any state whose 
prerequisites are all satisfied but which does not appear in completed, flagging it as potentially 
skipped. Third, queryWhereAmI() returns a structured re-orientation summary that includes: 
the number of states completed and the percentage of the recipe finished; the current cooking 
phase (prep, cook, rest, assembly, or finish); any states that may have been skipped; and the set 
of currently available next states. Fourth, queryPrerequisites(s) returns what must be done 
before a given state can begin. 

Consider a cook who is following Greek Baklava and has completed the first four steps but 
then paused to answer a phone call. When they return and ask “Where am I?”, R6 triggers query-
WhereAmI(): “You’ve completed 4 of 18 steps, which is 22 percent. You’re currently in the prepara-
tion phase. One thing to note: it looks like you may have skipped ‘spice the nuts.’ If you skipped it, 
the nuts won’t have the cinnamon and sugar coating. Would you like to go back and add that now? 
Your next available steps are ‘layer phyllo and butter’ and ‘brush phyllo with butter.’” 

The skip detection is particularly important for blind cooks, who cannot visually scan ahead 
and notice that a step was missed. Without R6, a skipped step means a silently degraded outcome: 
underproofed dough, a missing ingredient, an unsliced vegetable. With R6, the assistant flags the 
gap and gives the cook the option to recover before the error compounds. 

R6 also handles the case where the cook accidentally marks the wrong state complete. When 
markCompleted(s) is called, the engine checks whether the state’s prerequisites are all satisfied. 
If the cook attempts to mark a blocked state as complete (for example, trying to mark assemble 
+ beef + Wellington complete without having first completed sear + beef), R6 blocks the 
action and says: “Hold on, you can’t assemble the Wellington yet. First, you need to sear the beef. 
Once you’ve seared the beef, come back and I’ll mark assembly as complete.” 
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7.3.9 R7: Automatic Timers 
What the rule does. R7 requires the assistant to automatically set and track timers for every 
ODG state that carries a time duration: both time.active (time the cook is actively working) 
and time.passive (time the cook is waiting, e.g., while something bakes or rests). The timers are 
managed by the ODG engine and announced proactively when they expire, rather than requiring 
the cook to remember to set them. 

The recipe access study (Chapter 4) found that timing was one of the most frequently cited 
pain points for blind cooks. Participants described the frustration of losing track of time during 
a recipe, forgetting to set a timer after a distraction, and having to rely on sighted assistance to 
know when a passive phase was complete. One participant described burning a dish because 
she lost track of the 20-minute baking time while managing other components. The contextual 
inquiry study (Chapter 5) showed that blind cooks are acutely aware of the relationship between 
time and cooking outcomes (overcooking is common when visual timers are unavailable), and that 
explicit time announcements are strongly preferred over vague phrases like “cook until done.” 

R7 encodes these findings as time.active and time.passive fields on every ODG state. 
For the state bake + baklava, the ODG encodes time.active: null (the cook is not actively 
working during baking) and time.passive: "35--45 minutes" with a nominal value of 40 
minutes. When the cook marks bake + baklava as in-progress, R7 starts the passive timer and 
delivers: “Timer set: 40 minutes for the baklava to bake. I’ll let you know when it’s ready. While 
you wait, your oven is at 350 degrees, so use your oven mitt when opening the door. Would you like 
to start on the honey syrup?” 

When the timer expires, R7 delivers: “Bake timer complete. Your baklava should be golden and 
fragrant. Open the oven and use your oven mitt; the rack and dish will be very hot. Say ‘done’ when 
you’d like to check if it’s ready for the final step.” 

R7 also handles the relationship between active and passive time. When the cook is 
performing an active step that has both active and passive components (for example, sear + 
beef with time.active: "3 minutes per side" and time.passive: "5 minutes rest 
after searing"), R7 sets both timers in sequence: first the active sear timer, then the passive 
rest timer, announcing each transition. This means the cook never has to remember to set a 
rest timer after the searing step; the ODG engine handles the full temporal structure of the state 
automatically. 

For states where timing is approximate (e.g., “bake until golden brown, 35–45 minutes”), R7 
uses the upper bound as the nominal timer value but encodes the range so the assistant can say: 
“Timer set for 45 minutes. Use your senses to check before the timer goes off: the baklava should 
smell very fragrant and the top should sound slightly crisp when you tap it gently. I’ll check in with 
you before the timer expires.” 

Each rule is implemented as a small, self-contained function within the ODG engine that 
can be independently enabled or disabled at run time, allowing the user study to evaluate the 
contribution of each rule in isolation or in combination. 
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7.3.10 The Object Dependency Graph: A Common Substrate for the 
Seven Rules 

The seven rules described in the previous subsections are not seven independent systems. They 
are seven consumers of the same underlying representation: a single, machine-readable struc-
ture that encodes everything a non-visual cooking assistant needs to know about a recipe. This 
subsection makes that representation explicit. It defines the Object Dependency Graph (ODG) 
formally, lists the fields each of the seven rules reads from, and walks through a worked example 
on a real recipe used in the study. 

An Object Dependency Graph G = (S,E,P,T ) for a recipe consists of: 

• States S. Each state s ∈ S corresponds to a cooking object-status transition in the sense 
introduced by OSCAR [113, 114], represented as a grounded [verb]+[noun] pair (e.g., 
sear + beef fillets, beat + egg whites). A state carries a human-readable label and 
description; a group (e.g., beef_prep, sauce_cook, assembly) and mode (prep, cook, 
rest, assembly, finish); a time field with active and passive durations; a quantity 
dictionary of precise measurements; a list of contextCategories (drawn from the eight 
categories identified in Chapter 5); and a list of nonVisualCues, each cue tagged with its 
sensory channel (tactile, auditory, olfactory, thermal, timing) and reliability level 
(high, medium, low). States are the data R1, R2, R5, and R7 read from. 

• Edges E . A directed edge si → s j indicates that si is a prerequisite of s j. Edges carry 
an optional type (thermal, mechanical, chemical, sequence) and an optional safety 
string that is read aloud before s j begins, encoding (for example) that lowering a basket 
into 350◦F oil requires dry hands and a controlled approach. The graph is required to be 
acyclic. Edges are the data R3 and R6 read from. 

• Parallel groups P. A set of state subsets within which any two states are order-
independent and can be interleaved without affecting correctness (e.g., pre-heating the 
oven while chopping nuts). The system uses P to answer “what can I do while I wait?”. 
Parallel groups are the data R4 reads from. 

• Prep track T . An ordered list of preparation bundles that must be completed before the 
main graph begins. Each bundle groups ingredients and tools by workstation (cutting zone, 
stove zone, pastry zone), and carries tactile and olfactory notes drawn from Chapter 5 for 
every item. This track operationalizes the “mise en place before you turn anything on” 
strategy recommended by the rehabilitation instructors in Chapter 4. The prep track is 
shared input for R1, R2, and R5. 

An ODG satisfies three structural properties: acyclicity (the prerequisite graph is a DAG), 
completeness (every ingredient in the recipe’s ingredient list is consumed by some state), and 
groundedness (every state has at least one nonVisualCue or a timed completion condition, so a 
blind cook is never asked to rely on a purely visual check). 

Figure 7.1 makes the four components concrete on a simplified Chicken Pot Pie, one of the 
recipes used in the study (Chapter 8) and explicitly chosen for its significant parallelism. The prep 
track T groups items by workstation; the states S are [verb]+[noun] nodes colored by mode; 
the prerequisite edges E are directed arrows, with one carrying a safety annotation (read aloud 
before the dependent state begins); and the dashed envelopes mark two distinct parallel groups 
in which states can be interleaved without affecting correctness. 
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7.3. DESIGN OF THE OBJECT DEPENDENCY GRAPH 

Prep Track T 

cutting zone 
chicken; carrots; cel-
ery; onion; herbs 

stove zone 
butter; flour; chicken stock; milk 

pastry zone 
pie dough; egg wash 

R5 

“1 cup butter; 10-inch skillet” 

Parallel group P1 (three burners) 

Parallel group P2 (simmer & roll) 

s1: preheat 
+ oven 

passive 10 min 

s2: sear + 
chicken 
active 6 min 

s3: sweat + veg 
active 5 min 

s4: make + roux 
active 3 min 

s5: deglaze 
+ pan 

active 2 min 

s6: simmer 
+ filling 
passive 15 min 

s7: roll 
+ dough 
active 5 min 

cue: aroma deepens, sizzle slows 

s8: assemble 
+ pie 

active 4 min 

s9: bake + pie 
passive 35 min 

s10: rest + pie 
passive 5 min 

safety: hot oven; mitts 
on; place on center rack 

R1 

“sear + chicken” (verb+noun) R2 

R3 

R4 

R4 

R6 

“where am I?” 
skip detection 

R7 

auto-timer 
35 min 

oven ready (asynchronous prerequisite) 

prep cook assembly finish safety edge asynchronous prerequisite 

R# rule badge: where one of the seven ODG Rules applies on the graph 

Figure 7.1: An Object Dependency Graph for a simplified Chicken Pot Pie, one of the high-parallelism recipes 
used in the study (Chapter 8). The prep track T (top, gray) groups ingredients and tools across three workstations; 
the underlying JSON attaches tactile and olfactory notes to every item. The states S are [verb]+[noun] nodes 
colored by mode (prep / cook / assembly / finish). The directed edges E encode prerequisites: the three stovetop 
states s2, s3,s4 converge into a deglaze step s5, which forks again into a simmer/dough pair s6, s7, which reconverge 
into the assembly s8 → s9 → s10, where s10 is the final rest + pie finishing step before serving. The dashed teal 
envelopes mark two parallel groups: P1 = {s2, s3,s4} can run across three burners, and P2 = {s6,s7} lets the cook 
roll dough while the filling simmers. The oven preheat s1 is an asynchronous prerequisite of s9: it runs from the start 
of the recipe and must complete before s9, but is independent of every other state. The red edge s8 → s9 carries a 
safety string the assistant reads aloud before sliding the pie into the hot oven. One non-visual cue (under s6) is 
rendered inline as an exemplar; every other state carries similar cues in the underlying JSON. The graph is acyclic, 
every ingredient is consumed by some state (completeness), and every state has at least one non-visual cue or a timed 
completion condition (groundedness). The R1–R7 badges (all drawn in a single color for clarity) mark concrete 
points on the graph where each of the seven ODG Rules applies: R1 on the verb+noun label of s2; R2 on the inline 
sensory cue under s6; R3 on the safety tag of the s8 →s9 edge; R4 on each of the two parallel envelopes P1 and P2; R5 
on the prep track (which holds quantities and tool specifications); R6 on the convergence at s5 (the DAG topology 
that supports “where am I?” and skip-detection queries); and R7 on the timer annotation under s9. 

117 



CHAPTER 7. ODG: AN OBJECT DEPENDENCY GRAPH FOR NON-VISUAL COOKING ASSISTANCE 

How the Graph Serves the Seven Rules 

Having seen each rule in detail, Figure 7.1 can now be read as the literal surface every one of 
those rules consumes. R1 (Object Status & Step Narration) reads the [verb]+[noun] labels 
inside every state node (“sear + chicken”, “deglaze + pan”, “bake + pie”) and turns them into the 
assistant’s running commentary. R2 (Sensory Cues) reads the per-state nonVisualCues field; 
the inline annotation “cue: aroma deepens, sizzle slows” under s6 is one example, omitted on the 
other nodes only for legibility. R3 (Safety Alerts) reads the red safety string on s8 → s9: before 
the assistant says “slide the pie into the oven,” it first says “hot oven; mitts on; place on center 
rack.” R4 (Parallel Tasks) reads the dashed teal envelopes P1 and P2; when the cook asks “what 
can I do while the filling simmers?” the assistant returns s7 (roll + dough) because P2 declares 
them concurrent. R5 (Precise Measurements and Technique) reads the quantity fields em-
bedded in each state and the items listed in the prep track at top. R6 (Progress Tracking and 
Recovery) reads the DAG topology itself: the three-way convergence into s5 and the diamond 
s5 →{s6,s7}→ s8 are exactly what the assistant traverses to answer “where am I right now?” or 
to detect that the cook has skipped a state. R7 (Automatic Timers) reads the active/passive 
time annotations under every state; the long passive 15 min under s6 is precisely the slot in 
which R4 then proposes s7 as concurrent work. The figure is therefore the single object from 
which seven different consumers (the seven rules introduced earlier in this section) each derive 
their own behavior. This is the sense in which the ODG is a substrate: removing any one rule 
does not change the graph, and adding new rules in future work would simply mean adding new 
consumers of the same fields. 

Recipes used in the user study (Chapter 8) were annotated in this representation on demand, 
based on dishes participants identified before their session. Across the ten participants, the result-
ing recipe set covered a range of complexity levels: Doro Wat (Ethiopian Chicken), Beef Rouladen, 
and Baked Alaska represent more complex, multi-stage dishes; Jamaican Jollof Rice, Tomato Basil 
Soup, Shrimp Scampi, and Spaghetti Carbonara represent medium-complexity recipes with mul-
tiple but mostly linear steps; Chicken Pot Pie and General Tso’s Chicken cover dishes with signif-
icant parallelism and fried components. Two participants (P1 and P4) used Doro Wat, allowing 
one within-recipe pairing across the cohort. 

7.4 Summary 

This chapter first introduced seven ODG Rules (R1–R7), derived from the four prior chapters 
of this thesis, as the empirical statement of what a non-visual cooking assistant must do at run 
time: ground references in [verb]+[noun] object status (R1), replace visual doneness checks 
with multi-channel sensory cues (R2), alert proactively before hazardous transitions (R3), surface 
independent parallel work during passive waits (R4), give precise measurements and techniques 
on demand (R5), maintain a queryable progress model with skip detection and re-orientation (R6), 
and manage active and passive timers automatically (R7). The chapter then introduced the Object 
Dependency Graph G = (S,E,P,T ) as the common substrate from which all seven rules read: 
a single machine-readable structure whose state, edge, parallel-group, and prep-track fields each 
correspond to one or more rule behaviors, making the rules independently toggleable without 
changing the underlying recipe representation. 
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7.4. SUMMARY 

The next chapter (Chapter 8) describes the implementation of the ODG as a voice-first cooking 
assistant with a paired researcher dashboard, and reports the results of the within-subjects user 
study with 10 blind and low-vision participants comparing the ODG-based assistant against a 
screen-reader baseline. 
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Chapter 8 

ODG System Implementation and User 
Evaluation 

8.1 Overview 

This chapter describes the implementation of the ODG as a voice-first cooking assistant with a 
paired researcher dashboard, and reports the results of the within-subjects user study that eval-
uates the ODG-based assistant against a screen-reader baseline with 10 blind and low-vision 
participants. 

The system implementation section describes the reasoning engine, voice layer, researcher 
dashboard, and screen-reader baseline. The user study section details the participants, study de-
sign with condition assignments, procedure, task battery, measures, data sources, and analysis 
plan. The findings section reports the quantitative and qualitative results, including custom Lik-
ert items mapped to specific ODG rules and a deductive thematic analysis of the open-ended 
responses and the closing semi-structured interview; the findings are reported per ODG Rule 
(R1–R7) and per adoption cell rather than per research question, so that the quantitative Likert 
evidence and the qualitative interview evidence for each rule and each adoption question appear 
together. 

The discussion then steps above that per-rule reporting and is organized around three 
higher-level observations across the rules: the gains concentrate where mainstream recipes fail 
blind cooks, the assistant’s contribution is best understood as coverage and recovery rather than 
throughput, and personalization is a first-class design dimension that lets the same rule set serve 
novices, daily home cooks, and experts. 

The chapter is organized around three research questions: 

• RQ1 (Experience): How do blind cooks experience an ODG-aware voice-first cooking 
assistant while following a recipe end-to-end? 

• RQ2 (Rule mechanism): How does each of the seven ODG Rules (R1–R7) shape what the 
assistant says and when it speaks (atomic [verb]+[noun] decomposition, non-visual sen-
sory cues, edge-level safety, parallel-task suggestions, precise measurements, dependency-
aware re-orientation, automatic passive-wait timers), and why does each rule matter (or 
fail to matter) for non-visual cooking practice? 
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8.2. SYSTEM IMPLEMENTATION 

• RQ3 (Adoption in practice): How would blind cooks fit an ODG-aware assistant into 
their everyday cooking and why do those adoption preferences differ across skill levels, 
dish complexity, and cooking contexts? 

8.2 System Implementation 

The ODG is realized as a voice-first cooking assistant with a paired researcher dashboard, de-
ployed as a single Node.js web service that the participant accesses from any modern browser on 
their laptop, phone, or tablet. This section first describes the implementation architecture, then 
walks through the two interaction surfaces (the participant-facing assistant and the researcher 
dashboard), and finally documents the screen-reader baseline used for Condition A. 

8.2.1 Implementation Architecture 

The system is built around an input-agnostic reasoning engine (ODGEngine). The same engine 
runs whether state updates arrive from a researcher’s Wizard-of-Oz click in the dashboard, from 
the participant’s own voice (“I’m done searing the chicken”), or, in principle, from an OSCAR-style 
computer-vision pipeline observing the kitchen. This separation directly reflects a lesson from 
Chapter 6: the reasoning about what to say is decoupled from the sensing of what has happened. 

Stack and topology. The server (server.js, ∼2,100 LOC) is a Node.js / Express process that 
exposes a static client (vanilla JavaScript, no frontend framework), a Socket.IO event bus, two 
REST endpoints, and a relay to the OpenAI Realtime API. The browser does not hold the OpenAI 
key and does not connect to OpenAI directly: every audio frame the participant speaks and every 
audio frame the assistant returns is brokered by the server over a single per-session WebSocket. 
This routing is what makes the dashboard’s live transcript and rule-toggle mirroring possible: 
the server is the one place every event passes through, so it can copy each event to both the 
participant’s socket and the matching researcher socket, and write it to the session log on disk. 

Reasoning engine. The ODGEngine JavaScript class (public/js/odg-engine.js, 421 LOC) 
takes a recipe’s ODG and exposes a small set of methods that operate as pure functions of two 
sets, completed and inProgress, and the underlying graph: attemptState, markCompleted, 
getAvailableNextStates, getInitialStates, getPrerequisites, getUnmetPrereq-
uisites, checkPrerequisitesMet, detectSkips, queryPrerequisites, queryCues, 
queryParallel, queryNext, getProgressSummary, and queryWhereAmI. No recipe text is 
read at run time; every spoken reply is grounded in the engine’s structured return value, which 
in turn is read from the ODG fields described in Chapter 7. The engine is loaded both in the 
server (where it drives the Realtime API’s tool calls) and in the browser (where the dashboard 
uses it to render the live state diagram), guaranteeing that participant device, server, and 
researcher dashboard always agree on what is completed, in progress, and available. 

Voice layer. Condition B uses OpenAI’s Realtime API (gpt-4o-realtime-preview) for both 
speech-to-text and speech-to-speech, configured with the coral voice, 16-bit PCM audio in both 
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CHAPTER 8. ODG SYSTEM IMPLEMENTATION AND USER EVALUATION 

directions, Whisper-1 for input transcription, and server-side voice activity detection (server_-
vad, 500 ms threshold, 1,000 ms silence padding). A speech-speed multiplier (default 1.15, ad-
justable by the moderator between 0.5 and 2.0 mid-session) is forwarded into the session config 
so the assistant’s delivery matches the participant’s pace preference. Every model turn that as-
serts a fact about the recipe (which step is current, which are pending, what the quantity is, which 
parallel branches are open) is routed through one of fourteen function-call tools that the server 
exposes to the model; each tool reads from the engine rather than from the recipe prose. The 
tools the model can call are: 

• Recipe and prep: get_recipe_overview, get_prep_item (delivers preparation items one 
at a time so the assistant cannot dump the entire mise-en-place at once). 

• Step lifecycle: start_step, complete_step, get_step_details, check_prerequi-
sites. 

• Structural queries: get_current_status, get_next_suggestions, get_parallel_-
tasks, get_progress_summary, where_am_i. 

• Timers: set_timer, cancel_timer, list_timers. 

Rule-aware prompt composition. Each of the seven ODG Rules (R1–R7) corresponds to (a) 
a positive prompt block in a RULE_PROMPTS table that spells out the behavior the assistant must 
exhibit when that rule is enabled (for R2, for example, this prescribes that sensory cues, namely 
what the cook should hear, smell, feel, or time, accompany every cooking step), and (b) a paired 
negative instruction injected when the rule is disabled (for the same R2 example, this forbids 
sensory descriptions and restricts the assistant to timing-based instructions). The same prompt-
construction code path drives every condition: with all seven rules on, the prompt activates all 
seven positive rule blocks and no negative instructions; as rules are toggled off, the correspond-
ing positive blocks are replaced with their negative counterparts. The participant’s view of the 
recipe (an automatically generated step list annotated with attention-demand classifications, a 
dependencies list, a parallel-groups list, and a TIMER-ELIGIBLE list of passive waits with exact 
durations) is appended unchanged in every condition, so that the only thing varying across rule 
toggles is the behavioral guidance the model receives. 

Server-side timer manager. R7’s automatic timers are implemented server-side with set-
Timeout: when the assistant calls set_timer the server registers the timer, mirrors a timer-
started event to the dashboard, and, when the timer fires, injects a synthetic user message back 
into the OpenAI conversation (“time’s up; announce it out loud and tell the cook what to do next”) 
so the audible alert is delivered as the assistant’s own voice rather than as an out-of-band beep. 
Timers tied to a step are automatically cancelled when that step is marked complete. 

Researcher dashboard. A second web page (odg-researcher-combined.html), connected 
through the same Socket.IO bus, shows the live ODG, the streaming transcript, the running 
timer set, and a panel of rule toggles. Switching toggles dispatches a combined-update-rules 
event; the server immediately calls session.update on the OpenAI Realtime connection with 
the freshly rebuilt prompt, so a toggle made during cooking takes effect on the very next assistant 
turn without restarting the session. 
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Screen-reader baseline (Condition A). A deliberately plain HTML page (baseline.html, 
Figure 8.1) renders the same recipe as linear text, the layout the cook would encounter on a 
mainstream recipe site. Participants were free to navigate the page however they preferred: either 
using the page’s built-in Previous/Next/Repeat keys, or using their own screen reader (VoiceOver, 
TalkBack, NVDA, or JAWS) to traverse the document with its native reading commands. A small 
platform-rate calibration normalizes the Web Speech API’s per-platform baseline so that the same 
rate-1.25 setting sounds comparable on iOS, Windows, Android, and macOS. The baseline emits 
the same logged events as Condition B (navigations, repeats, position changes), so the saved per-
condition logs share a common event schema across the two conditions. 

Annotated recipe corpus. The system ships with a corpus of nine recipes annotated in 
the ODG schema described in Chapter 7 (public/js/recipes.js); these are the same nine 
recipes used in the user study and are listed in Table 8.2. Each recipe declares its prepTrack 
(workstation-grouped mise-en-place), states ([verb]+[noun] cooking transitions with quan-
tities, time, mode, non-visual cues, and safety notes), edges (prerequisites with optional safety 
strings), and parallelGroups (pre-vetted concurrent state sets). 

Session logging. Every event flowing through the server (session start, condition change, 
rule toggle, transcript line in both directions, tool call, timer start/fire/cancel, step transition, 
pause/resume, baseline navigation, participant-device state change) is appended to an in-memory 
event log keyed by session ID, carrying both an epoch-ms timestamp and an ISO wall-clock copy. 
When the researcher leaves a condition or stops the session, the server writes a JSON file contain-
ing five derived rollups (per-condition summary, chronological phase timeline, pause timeline, 
complete rules-toggle history, and the raw event firehose) plus per-condition checkpoint files. 
This logging structure preserves the full session record for post-hoc inspection. 

Using the same web stack for both conditions keeps the interaction surfaces comparable and 
holds the underlying recipe content constant; the only manipulation is whether the cook ac-
cesses the recipe through linear text (Condition A) or through the ODG-backed voice assistant 
(Condition B). 

8.2.2 Participant-Facing Assistant (Condition B) 
The participant-facing assistant is a voice-first web page (Figure 8.2) that runs on a phone or tablet 
beside the cook. 

The page acquires a Screen Wake Lock on load so the device does not blank mid-recipe (which 
would otherwise stop the microphone and speech synthesis on iOS) and re-acquires it automat-
ically whenever the page returns to the foreground. The cook speaks to the assistant; the page 
streams 16-bit PCM audio to the server over Socket.IO; the server forwards each frame to the 
OpenAI Realtime WebSocket, which performs voice activity detection, Whisper transcription, 
conversation management, and speech synthesis end-to-end. The participant’s microphone and 
the assistant’s voice run in parallel, so the cook can interrupt mid-sentence at any time. 

Every model turn that asserts a recipe fact is grounded in a tool call against ODGEngine as 
described above; the model is system-prompted to phrase the response naturally but to read the 
facts (quantities, current step, available next steps, parallel suggestions, timer durations) from the 
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Figure 8.1: The Condition A screen-reader baseline. The recipe is rendered as a linear, sectioned web page; par-
ticipants navigated it either with the page’s built-in Previous / Next / Repeat controls at the top, or with their own 
screen reader’s native reading commands, whichever they preferred. The current section is announced via the posi-
tion display (“Section 1 of 23: Overview”); the screenshot shows the Chicken Pot Pie recipe at its overview section, 
with the ingredient list beginning below. This layout deliberately mirrors how blind cooks currently access recipes 
on mainstream cooking sites. 
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Figure 8.2: The Condition B participant interface. A deliberately minimal voice-first surface: a connection-status 
banner (“Connected — speak anytime / Listening! Speak now.”), a live mirror of any active assistant-managed timers 
(here, a “Blanch chicken, carrots, peas, and celery” timer counting down to 10:44), and a single push-to-talk micro-
phone control. The wake-word toggle (“Hey Chef”) lets the participant call the assistant hands-free; pressing the 
microphone bypasses the wake word. The page also acquires a Screen Wake Lock so the device does not blank mid-
recipe. 

structured tool return rather than from its own training data. Consider a blind cook preparing 
Greek Baklava with all seven rules enabled: 

• “What should I do first?” The model calls get_next_suggestions; the engine returns the 
initial states (states with no prerequisites). Under R4, the reply lists them as independent 
options: “You have options: preheat the oven, prepare the nuts, butter the pan, or take the 
phyllo out of the fridge. Any of these can be done now.” 

• The cook says “I’ll preheat the oven.” The model calls start_step; the engine marks oven_-
preheated_baklava in-progress. Under R7, the model is prompted to ask for confirmation 
and then call set_timer for the state’s passive duration; under R3, the incoming edge’s 
safety field is surfaced as “Safety: the oven rack should be in the middle position before you 
turn it on.” Under R4, the closing line is “You can also chop the nuts and butter the pan in 
the meantime; they’re independent.” 

• “How do I know when the nuts are ready?” Under R2, get_step_details returns the 
highest-reliability cue from nonVisualCues: “You’ll hear the nuts shift from a soft thud 
to a dry rattle when you stir them, and you’ll smell a warm, toasted aroma. That means 
they’re done.” 

• (Participant steps away for 90 seconds.) “Where am I?” Under R6, where_am_i returns 
the structured re-orientation: “You’ve completed 4 of 18 steps (22 percent). You’re in the 
preparation phase. You may have skipped: spice the nuts. Next available: layer phyllo, brush 
butter.” 

• “How much butter?” Under R5, get_step_details returns the quantity field: “Two sticks, 
melted; one cup total.” 

The same questions, asked with rules disabled, reveal the contribution of each rule. With R2 
off, the negative-instruction block prevents the model from naming sensory cues and doneness 
collapses to “cook for 30–40 minutes”; with R4 off, the assistant recommends only one next state 
and never suggests parallel work; with R6 off, “Where am I?” returns only the current step label 
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with no skipped-step detection. Because the toggles edit the prompt rather than the engine, the 
underlying ODG is unchanged across conditions: the engine is always answering correctly, and 
only the assistant’s license to use that answer is gated. 

8.2.3 Researcher Dashboard (Wizard-of-Oz Rule Overlays) 
The researcher dashboard (Figure 8.3) runs on a separate device monitored by the moderator dur-
ing each session. It provides: (1) a session code that the participant joins from their device, with 
a paired participant link generated automatically; (2) a Condition A / Condition B switcher that 
drives which page is loaded on the participant device; (3) a live mirror of the transcript between 
the participant and the assistant, plus a mirror of the active timer set; (4) a live ODG visualization 
(vis-network) with states colored by cooking group, prerequisite edges drawn between them, and 
per-node decoration for the live state (completed, in-progress, available, blocked); (5) a panel of 
seven rule checkboxes that toggle R1–R7 in real time on the participant’s assistant; (6) a speech-
speed slider that mid-session re-tunes the Realtime API’s delivery rate; and (7) a Pause/Resume 
control that clears the OpenAI audio input buffer so the participant can take a break without the 
assistant continuing to speak. Two of these panels are shown close up in Figure 8.4: the rule-
toggle overlay (Figure 8.4a) and a single expanded ODG state with its non-visual cues grouped 
by sensory channel (Figure 8.4b). 

The dashboard serves two roles. As a demonstration surface it shows exactly which rule pro-
duces which behavior: a viewer can toggle R2 off, ask “how do I know when the nuts are ready?”, 
toggle it back on, and ask the same question to hear the rule’s contribution in isolation, with 
the underlying graph unchanged. As a within-subjects instrument it lets the moderator drive 
condition order, recipe selection, and rule configuration for each participant, while every event 
(condition changes, rule toggles, pause windows, transcript lines, tool calls, timer events, and step 
transitions) is logged with paired epoch and ISO timestamps so the saved JSON can be sliced by 
condition or by rule after the fact. The Wizard-of-Oz framing in the subsection title refers specif-
ically to this rule overlay: the assistant’s verbal responses are generated autonomously by the 
model from the engine’s tool returns; the moderator is wizarding which behaviors are licensed 
at any moment, not the content of any individual utterance. 
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Figure 8.3: The ODG researcher dashboard (full view). The left panel contains the session controls: a recipe se-
lector at the top, the remote session ID and copy-pasteable participant link, an A / B condition switcher (“Show on 
participant”), the seven ODG Rule toggles (R1–R7), and, below the toggles, the live preparation track and the list of 
every ODG state in the current recipe. The right panel mirrors the participant’s runtime: an Active Rules pill row, 
a live participant-device status block (socket, visibility, microphone, wake lock, assistant, wake word, audio output, 
paused), the Active Timers list, and the streaming transcript with the participant’s utterances on the right (orange) 
and the assistant’s replies on the left. Every visible element is driven by the same Socket.IO event stream the server 
writes to the session log, so what the moderator sees during the study is exactly what the saved JSON reconstructs 
after the fact. 
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(a) Rule overlay panel. (b) ODG state with non-visual cues. 

Figure 8.4: Two close-ups of the researcher dashboard’s left panel. (a) The seven ODG Rule toggles. Each rule shows 
its title (e.g., R2 Sensory Cues), the chapter that motivates it as an italicized citation tag (e.g., ASSETS ’21, ’24), and a 
one-line description of the behavior it licenses (“Sound, smell, touch & timing to replace visual checks”). Toggling a 
checkbox rebuilds the assistant’s system prompt server-side and pushes a session.update to the OpenAI Realtime 
connection, so the rule change takes effect on the very next assistant turn. (b) A single ODG state expanded to show 
the data the assistant reads from. The state header carries the grounded [verb]+[noun] label (chicken_veggies_-
blanched / “Blanch chicken, carrots, peas, and celery”), its cooking mode (blanching · prep), and its description. 
Below the description, the nonVisualCues list is grouped by sensory channel (tactile, auditoRy, olfactoRy, and 
tempoRal), exactly as it is consumed by R2 at run time. 
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8.3 User Study 

To evaluate the ODG-based assistant, I conducted a within-subjects remote study with 10 blind 
and low-vision participants (P1 through P10) comparing it to a screen-reader recipe baseline. 
The sample size of 10 participants is consistent with the sample sizes used in the prior chapters of 
this thesis and is sufficient to surface recurring qualitative patterns within each cell of the deduc-
tive analysis framework (the seven ODG Rules and the three adoption sub-themes, Section 8.3.4) 
while providing directional quantitative signal from the custom Likert measures. 

8.3.1 Participants 
I recruited 10 adult participants who are blind or have low vision and cook at least occasionally, 
through mailing lists, social media, and snowball sampling from participants of the studies in 
Chapters 3, 4, and 5. Participants were compensated at the rate used in prior chapters. Sessions 
were conducted remotely over video call: the participant used the screen reader and voice assis-
tant already installed on their own devices, and the moderator used the researcher dashboard to 
drive conditions and record the session. 

The 10 participants (P1–P10) spanned a wide range of ages (24–70), gender, vision levels 
(legally blind to totally blind), onset (congenital to recent onset), cooking frequency (once a month 
to daily), and prior experience with voice assistants (Table 8.1). Cooking experience also varied 
substantially, from P8, who began cooking in 2023 at a vision rehabilitation center, to P2, a for-
mer chef of decades’ experience, and this variation is reflected in the qualitative findings reported 
below. 

8.3.2 Design, Conditions, and Recipes 
The study used a within-subjects design over the factor access method with two levels: 

• Condition A (Baseline, Screen Reader). The recipe is presented as a standard web page. 
Participants were free to navigate it however they preferred, either with the page’s built-in 
Previous/Next/Repeat keys, or with their own screen reader (VoiceOver, TalkBack, NVDA, 
or JAWS) using its native reading commands. This represents the most common way blind 
cooks access recipes today [117]: linear text, navigated by the participant’s own device and 
preferences. 

• Condition B (ODG Assistant, Voice First). The same recipe is presented through the 
voice-first ODG assistant with all seven rules (R1–R7) enabled throughout. 

Condition order was counterbalanced across participants using a systematic assignment based 
on participant number: odd-numbered participants (P1, P3, P5, P7, P9) completed Condition B 
first, then Condition A; even-numbered participants (P2, P4, P6, P8, P10) completed Condition 
A first, then Condition B. This ensures approximately balanced order effects across conditions. 
Each participant completed the same task battery under both conditions using the same recipe, 
allowing direct within-participant comparison of the two assistance modalities. 

Table 8.2 shows the full participant assignment. Before the study, participants were asked to 
identify dishes they wanted to learn or improve upon; those recipes were then extracted from 
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PID Age Gender Vision Level (Onset) Cooks Cook 
Conf. 

VA 
Com-
fort 

Platform 

P1 34 F Legally blind, finger-
counting only (2019) 

Several / 
week 

7 7 Windows 
JAWS 

/ 

P2 70 M Legally blind, congeni-
tal 

Daily 7 7 macOS 
VoiceOver 

/ 

P3 64 M Totally blind, no light 
perception (age 22) 

Weekly 5 7 Windows 
JAWS 

/ 

P4 41 M Totally blind (2014) Daily 7 6 macOS 
VoiceOver 

/ 

P5 44 F Legally blind, light per-
ception (age 17) 

Several / 
week 

6 7 iOS 
VoiceOver 

/ 

P6 51 F Legally blind, light 
perception (congenital, 
premature) 

Several / 
week 

6 6 Windows 
JAWS 

/ 

P7 40 F Legally blind, light per-
ception (congenital) 

Daily 6 7 iOS 
VoiceOver 

/ 

P8 24 F Legally blind, minimal 
light perception (con-
genital) 

Once / 
month 

5 3 Windows 
JAWS 

/ 

P9 42 F Totally 
legally 
birth 

blind 
blind 

(2010); 
since 

Several / 
week 

6 7 macOS 
VoiceOver 

/ 

P10 53 F Totally blind, no light 
perception (~10 years 
ago) 

Weekly 5 7 iOS 
VoiceOver 

/ 

Table 8.1: Demographic and background information for the 10 study participants. Cook Conf. is self-rated cooking 
confidence on a 1–7 scale (“How confident are you cooking a new recipe independently?”); VA Comfort is self-rated 
comfort with voice assistants on a 1–7 scale. 
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Participant Condition Or- Recipe Used 
der 

P1 B then A Doro Wat (Ethiopian Chicken)† 

P2 A then B Jamaican Jollof Rice† 

P3 B then A Baked Alaska† 

P4 A then B Doro Wat (Ethiopian Chicken)† 

P5 B then A Tomato Basil Soup† 

P6 A then B Beef Rouladen† 

P7 B then A Shrimp Scampi† 

P8 A then B Spaghetti Carbonara† 

P9 B then A Chicken Pot Pie† 

P10 A then B General Tso’s Chicken† 

Table 8.2: Participant assignment to condition order and recipe. Odd-numbered participants (P1, P3, P5, P7, P9) 
completed Condition B (ODG assistant) first; even-numbered participants (P2, P4, P6, P8, P10) completed Condition 
A (screen reader) first. Each participant used the same recipe under both conditions. Recipe names marked with † 

are hyperlinks to the public source recipe that was extracted and adapted into the ODG structure. 

publicly available sources (Table 8.2) and adapted into the ODG structure. Each participant used 
the same recipe under both conditions to allow direct within-participant comparison of the two 
assistance modalities. 

8.3.3 Procedure 

Each session took approximately 60 minutes and proceeded in four phases: 

1. Welcome, Setup, and Pre-Study Questionnaire [5 min]. The moderator welcomed 
the participant, explained the study purpose, obtained verbal consent, helped the partici-
pant test their audio and screen reader setup, and administered the demographics, cooking 
background, and technology comfort items (Section 8.3.3.1). 

2. First Condition + Post-Task Questionnaires [20 min]. The participant completed the 
task battery under their first assigned condition, followed by the post-task questionnaire 
for that condition (Section 8.3.3.3). 

3. Second Condition + Post-Task Questionnaires [20 min]. The participant completed 
the task battery under the second condition, followed by the post-task questionnaire for 
that condition. The two conditions ran back-to-back with no scheduled break. 

4. Closing Semi-Structured Interview [15 min]. The moderator conducted the closing 
interview (Section 8.3.3.4). 
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8.3.3.1 Pre-Study Questionnaire 

Administered once at the start of the session (Demographics + Cooking Background): 

• What is your age? 
• What is your gender? 
• Can you please describe your vision level? When was the onset? 
• How often do you cook? (daily / several times a week / weekly / rarely / never) 
• How do you currently access recipes? 
• When did you start cooking? 
• On a scale of 1–7, how confident are you cooking a new recipe independently? 
• On a scale of 1–7, how comfortable are you using voice assistants? 
• What device do you primarily use to access recipes? (iPhone / Android / iPad / smart 
speaker / laptop / other) 

8.3.3.2 Task Battery (Identical Under Condition A and Condition B) 

To isolate the effect of the access method from the effect of the recipe, the participant was given 
the same six tasks under both conditions. The moderator’s prompt to the participant was: “Now 
you will be testing two ways of accessing recipes; I want you to try both and let us know how you like 
it. You can assume that you are cooking, but for some tasks you can pretend you finish instantly.” 

1. Task 1 (Orientation; probes R1, R6): Please go through the system and briefly describe 
what information is available to you. 

2. Task 2 (Measurement; probes R5): Find ingredient #3 and tell me the amount. 
3. Task 3 (Forward navigation; probes R6): Go to step 4 and read what it says. 
4. Task 4 (Backward navigation; probes R6): Go back to step 2. 
5. Task 5 (Prerequisite reasoning; probes R1 dependencies): Now let’s navigate to the 

second-to-last cooking step. What needs to be ready or finished before you can start that 
step? 

6. Task 6 (Parallel tasks and timing; probes R4 and R7): Imagine you’ve just started 
boiling water (which takes a long time and runs by itself). What else could you safely do 
during that time? Please set a timer. 

The tasks were designed to probe specific ODG rules. Task 1 is an open orientation probe 
that surfaces how each condition conveys recipe structure (R1, R6). Task 2 probes R5 (precise 
measurements). Tasks 3 and 4 probe R6 (forward and backward progress tracking). Task 5 probes 
the participant’s ability to reason about edges in the dependency graph (R1) by asking what must 
be complete before a specific later step. Task 6 jointly probes R4 (parallel tasks during passive 
waits) and R7 (the automatic-timer mechanism). 
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8.3.3.3 Post-Task Questionnaires (Administered After Each Condition) 

After each condition, the participant completed the following instruments verbally. 

Custom Likert Scales (1–7, Strongly Disagree to Strongly Agree). Each item is mapped in 
Table 8.3 to the rule it is designed to probe. 

• Understanding & Orientation. 

– I understood what I needed to do at each step. 
– I knew which step I was on and how much was left. 
– I could easily find my way back if I lost track. 

• Safety & Confidence. 

– I would feel safe performing the cooking steps while using the system. 
– I was aware of potential hazards before encountering them. 

• Ingredient & Measurement Clarity. 

– I always knew exactly which ingredient was being referred to. 
– The quantities and measurements were clear enough to follow. 

• Task Management. 

– I understood when I could do multiple things at the same time. 

• Overall. 

– I would use this system for cooking. 
– I would recommend this system to a blind friend who cooks. 

Open-Ended Questions (per condition). 

• What was the most helpful thing about this system? 
• What was the most frustrating or confusing moment? 
• Was there anything you wished the system had told you but didn’t? 

8.3.3.4 Closing Semi-Structured Interview 

After both conditions and their post-task questionnaires, the moderator conducted a semi-
structured interview organized around the seven ODG Rules and the system’s overall use, with 
the rule-specific themes mapped one-to-one to the rule each is designed to interrogate: 

• Object Status (probes R1). 

– How would you describe the amount of information in each recipe step? Was it about 
right, too much, or too little? 

• Sensory Cues (probes R2). 
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Custom Likert Item Probes Rule(s) 

I understood what I needed to do at each step. R1, R2 

I knew which step I was on and how much was left. R6 

I could easily find my way back if I lost track. R6 

I would feel safe performing the cooking steps while using R2, R3 
the system. 

I was aware of potential hazards before encountering them. R2, R3 

I always knew exactly which ingredient was being referred R1, R5 
to. 

The quantities and measurements were clear enough to fol- R5 
low. 

I understood when I could do multiple things at the same R4, R7 
time. 

I would use this system for cooking. Overall 

I would recommend this system to a blind friend who cooks. Overall 

Table 8.3: Mapping from each custom Likert item to the ODG Rule(s) it is designed to probe. Five items map to a pair 
of rules because a single Likert dimension is supported by more than one rule in the assistant: understanding what to 
do is jointly driven by R1 (step instructions) and R2 (the sensory cues that tell a blind cook how to execute and verify 
each step); the two safety items are driven by R3 (explicit safety annotations on edges) together with R2 (sensory 
hazard signals such as the smell of burning or the sound of oil spattering); ingredient identification is driven by R1 
(the atomic [verb]+[noun] reference to the current object) together with R5 (the precise quantity attached to that 
object); and multi-tasking is driven by R4 (parallel-task suggestions) together with R7 (the passive-wait durations 
that make the R4 suggestions actionable). This mapping is used to attribute differences between conditions to specific 
rules. R2 is also probed directly by the closing interview’s Sensory Cues theme and indirectly by Task 6 (the boiling-
water parallel-and-timer probe). 
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– What was your experience with the non-visual cues (sounds, smells, textures, timing) 
that the assistant mentioned, if any? 

• Safety (probes R3). 

– How did each system handle safety-related information during the cooking task? 

• Parallel Tasks (probes R4). 

– How did you experience the suggestions for what to do while waiting on a passive 
step? 

• Precise Measurement (probes R5). 

– Tell me about the information each system gave you on tools, time ranges, and ingre-
dient quantities. 

• Error Recovery (probes R6). 

– Have you ever made a mistake or skipped a step while cooking? If so, can you describe 
what happened? 

– How did each system handle the moments when you had to recover or re-orient? 

• Timer (probes R7). 

– How do you normally handle timers when you cook? 
– What was your experience with the assistant’s automatic timers? 

• Future Use (overall). 

– For what kinds of recipes, if any, can you see yourself using each system? 
– Is there anything else you’d want a cooking assistant to do that neither system did? 

8.3.4 Data Sources and Analysis 
Each session produced four streams of data: (1) pre-study questionnaire responses (demograph-
ics, cooking background, technology comfort); (2) the ten custom Likert ratings per condition 
per participant (n = 10 × 2 × 10 = 200 ratings in total); (3) open-ended responses after each con-
dition plus the closing semi-structured interview transcript; and (4) the per-session JSON event 
log written by the server (every Socket.IO event flowing through the session, plus the five de-
rived rollups described in Section 8.2.1: per-condition summary, phase timeline, pause timeline, 
complete rule-toggle history, and the raw event firehose). Interview audio was recorded with par-
ticipant consent and transcribed verbatim. The analysis triangulates these four streams across the 
three research questions. 

Quantitative analysis (Likert-scale ratings). Given the within-subjects design with n = 10, 
descriptive statistics (mean and standard deviation) were computed for each Likert item under 
each condition. Rather than inferential test statistics, which would not be meaningful at this 
sample size, I report these descriptive statistics together with the within-participant gap between 
conditions for each item; any differences are read as directional rather than conclusive. 

135 

https://Socket.IO


CHAPTER 8. ODG SYSTEM IMPLEMENTATION AND USER EVALUATION 

Qualitative analysis (open-ended responses and interview). The open-ended responses 
and closing semi-structured interview transcripts were analyzed with a deductive thematic anal-
ysis [30], because the interview instrument was already structured around the seven ODG Rules 
(the closing-interview script in Section 8.3.3.4 has one question block per rule: Object Status, Sen-
sory Cues, Safety, Parallel Tasks, Precise Measurement, Error Recovery, Timer; plus a Future Use 
block addressing RQ3) and the analytical categories were therefore fixed before the data was read. 
The pre-specified framework had ten cells: one per ODG Rule (R1–R7) plus three for RQ3 (when 
the assistant is the strongest primary tool, complementary uses of the screen reader, and adoption 
preconditions). Coding proceeded in two passes: first, every relevant utterance from each partici-
pant was charted into the framework cell it belonged to (an utterance could be charted into more 
than one cell when it bridged rules, e.g., a sensory hazard remark would be charted into both the 
R2 and the R3 cells); second, the charted data was read across participants per cell to identify 
the recurring patterns within each cell. A pattern was reported when it recurred across at least 
four of the ten participants within a framework cell or across closely related cells. The findings 
are then reported per ODG Rule (Section 8.4.3) and per adoption cell (Section 8.4.4), so that the 
quantitative and qualitative evidence for each rule and each adoption question appears together. 
Quotations are reproduced verbatim from the transcripts with minimal editing for readability 
(filler words collapsed; bracketed clarifications added only where the referent would otherwise 
be ambiguous). All coding was performed by the author and the chapter does not claim inter-
rater reliability; the deductive framework is what constrains coder drift here, since the seven 
rules and the three RQ3 sub-themes are fixed externally to the data, so the analytical surface is 
the framework itself rather than an emergent codebook. 

8.4 Findings 
The user study yields four kinds of evidence, reported in the four subsections that follow: 

• Recipe corpus and rule coverage (Section 8.4.1). The naturalistic spread of participant-chosen 
recipes across procedural complexity and ODG-rule exposure, which determines how the 
rule-level analyses below should be read. 

• Aggregate Likert comparison (Section 8.4.2). Whether the ODG-based assistant (Condition 
B) improves the participant experience relative to the screen-reader baseline (Condition 
A) on the custom Likert items, with each item mapped via Table 8.3 to the rule (or pair of 
rules) it probes. 

• Preferences for the ODG rules (Section 8.4.3). For each of R1–R7 in turn, the per-rule Lik-
ert gap reported together with the qualitative interview evidence charted into the corre-
sponding cell of the deductive thematic-analysis framework, so quantitative and qualitative 
evidence for each rule appear together. 

• Preferences for adopting the assistant in cooking scenarios (Section 8.4.4). The cooking con-
texts in which participants would adopt the ODG-based assistant as their primary tool, 
where they would retain the screen reader as a complementary fallback, and the onboard-
ing, verbosity, persona, and per-rule customization controls they requested. 
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8.4.1 Recipe Characteristics and Rule Coverage 

Because the recipes were chosen by the participants rather than by the researcher (Table 8.2), they 
offered a naturalistic spread of cooking styles. The shape of that spread, and the rule coverage 
it produced across the ten sessions, is itself one of the first findings from the study, because it 
determines how the per-rule analyses below should be read. I therefore characterize the nine 
annotated recipes (P1 and P4 shared Doro Wat) along two dimensions: procedural complexity and 
which ODG rules they exercise most heavily. 

Along the complexity axis, the recipes form three clusters: 

• High-complexity, multi-stage recipes. Doro Wat, Beef Rouladen, and Baked Alaska each 
involve a long preparation phase that runs in parallel with a long passive cook or chill 
phase. They stress R4 (parallel tasks) because there are genuine independent branches a 
sighted cook would naturally interleave, and they stress R6 (progress tracking) because 
the participant has to remember where they are after a long passive wait. 

• Medium-complexity, more linear recipes. Jamaican Jollof Rice, Tomato Basil Soup, Shrimp 
Scampi, and Spaghetti Carbonara are dominated by short, timing-sensitive steps. They 
stress R7 (automatic timers) and R1 (object status) because doneness is determined by 
transitions that a sighted cook would judge visually (rice grains separate, shrimp curl and 
turn opaque, carbonara eggs thicken without scrambling), and they stress R2 (non-visual 
sensory cues) because text recipes typically describe these moments with color words. 

• High-parallelism, hazard-rich recipes. Chicken Pot Pie and General Tso’s Chicken combine 
a filling/sauce prep with a high-temperature finish (oven for pot pie, deep frying for Gen-
eral Tso). They stress R3 (safety alerts) most directly, since hot oil and a hot oven are 
both common cooking hazards highlighted in Chapter 3, and they also exercise R4 and R5 
(precise measurements and technique) because oil temperature, dredging order, and 
seal-the-crust technique all have to be communicated explicitly. 

Aggregated across the ten sessions, the nine recipes cover all seven ODG rules at least three 
times: every participant’s recipe touched R1, R5, and R6; eight of ten touched R2 and R7; six 
touched R4; and four touched R3 directly through frying, broiling, or oven-handling steps. This 
coverage is what allows the per-rule Likert analysis below to be read as evidence about the rules 
themselves, rather than as evidence about a single recipe, and it explains why the qualitative 
patterns identified under the deductive framework (e.g., parallel-task awareness, recovery after a 
long passive wait, oil-temperature safety) recur in roughly the proportions in which the recipes 
load on each rule. 

8.4.2 Likert Ratings by Condition and Rule 

This subsection reports the Likert ratings under the analysis protocol described in Section 8.3.4: 
descriptive statistics per condition (mean and standard deviation across the ten participants) to-
gether with the within-participant gap between conditions for each item, read as a directional 
indicator rather than as an inferential test given the sample size. The within-subjects design 
means each participant contributes a paired observation per item, so Condition A and Condi-
tion B are compared on the same person rather than on two independent groups; with n = 10, 
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statistical inferences are framed as directional rather than conclusive, and the rule mapping in 
Table 8.3 is used to read each item as evidence about the rule (or pair of rules) it probes rather than 
as a standalone outcome. Items that map to the same rule are summarized together to assess the 
rule-level effect, and the one item that trends against Condition B is reported alongside the items 
that favor it rather than averaged into a single composite, so that the direction and magnitude of 
every per-item gap remains visible. 

Figure 8.5 summarizes mean Likert scores (1 = Strongly Disagree, 7 = Strongly Agree) for each 
condition, with error bars showing standard deviation. Across all 10 participants, Condition B 
(ODG assistant) scored higher than Condition A (screen reader) on safety-related items (felt safe: 
M=6.9 vs. M=5.8; warned about hazards: M=6.5 vs. M=3.4) and on task management (parallel 
tasks: M=6.6 vs. M=5.5). The two conditions are roughly comparable on understanding and 
orientation, with one R6 item (knowing which step one is on) trending against Condition B (M=5.7 
vs. M=6.2), which I attribute to the screen-reader baseline still providing the cook with random-
access awareness of the full recipe length. 

Condition A (Screen Reader) Condition B (ODG Assistant) 

Knew what to do (R1, R2) 

Knew which step (R6) 

Recovered if lost (R6) 

Felt safe (R2, R3) 

Aware of hazards (R2, R3) 

Knew ingredient (R1, R5) 

Clear quantities (R5) 

Parallel tasks (R4, R7) 

Would use (Overall) 

Would recommend (Overall) 

3.4 

6.8 
6.4 

5.7 
6.2 

6.3 
5.7 

5.8 
6.9 

5.8 

6.5 

6.8 

6.2 
6.8 

5.5 
6.6 

6.4 
5.1 

5.
6.5 

2 

1 2 3 4 5 6 

Mean Likert score (1 = Strongly Disagree → 7 = Strongly Agree) 

Figure 8.5: Custom Likert scores (1–7, mean ± SD) by condition and rule mapping, n = 10 participants. Each item 
pairs Condition A (screen reader, top bar) with Condition B (ODG assistant, bottom bar); the probed rule appears in 
parentheses. The bar length is the group mean (printed inside the bar) and the horizontal whisker is one standard 
deviation. The largest gap appears on the safety items (aware of hazards: 3.4 vs. 6.5; felt safe: 5.8 vs. 6.9), with smaller 
but consistent advantages for Condition B on task management (multiple things at once: 5.5 vs. 6.6) and overall 
adoption (would use: 5.1 vs. 6.4). One R6 item (knew which step I was on) trends in the opposite direction (6.2 vs. 5.7), 
reflecting that the screen-reader baseline still affords stronger document-level situational awareness than the voice 
assistant. The systematically shorter whiskers under Condition B on most items also indicate that responses to the 
ODG assistant were less variable across participants than responses to the screen reader. 
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8.4.3 Preferences for the ODG Rules 
This subsection reports the per-rule findings: for each of R1–R7 in turn, the quantitative gap (from 
the Likert items mapped to the rule in Table 8.3) is reported together with the qualitative evidence 
charted into the corresponding cell of the deductive thematic-analysis framework (Section 8.3.4). 
Rules are presented in order of the strength and breadth of the evidence rather than in numerical 
order. 

8.4.3.1 R3 (Safety) Is the Rule with the Largest Demonstrated Benefit 

R3 produces the single largest condition gap in the study on both safety items (aware of potential 
hazards: 3.4 → 6.5; felt safe: 5.8 → 6.9), and is the rule participants most consistently described 
as making them feel competent and protected in the kitchen. R3’s proactive hazard annotations 
on recipe edges — delivered before the cook reaches the dangerous step rather than as an after-
the-fact warning — are not present in mainstream recipes at all, which is exactly why the screen-
reader baseline could not match them. The interview data is unambiguous about how valuable 
participants found this: P3 (who scored Condition A 1/7 on hazards) said “safety is my number 
one concern” and called the ODG’s safety cues “little precise steps that can be very precious”; 
P5 said “safety cannot be reiterated or not” (i.e., cannot be over-reiterated); P7 liked that safety 
features were “built in” for cooks earlier in their journey; P8 said the safety cues helped her “feel 
more comfortable” with cooking methods she was unfamiliar with. In-session capture showed 
R3 also working as confirmation for cooks who already practice good habits: when the assistant 
reminded P5 to keep a pan handle turned inward, she replied “oh, that’s perfect that you said for 
me to keep the handle inward. I always do that.” R3 is therefore both a learning aid for newer 
cooks and a reassurance layer for experienced ones — the rule with the broadest reach across the 
population. 

8.4.3.2 R4 (Parallel Tasks) Recovers Passive-Wait Windows for Productive Work 

R4 produces a clear advantage on the multiple things at once item (5.5 → 6.6) by turning what 
would otherwise be dead waiting time into structured opportunities to clean utensils, prep the 
next ingredient, or stage the next station. This matters more for blind cooks than for sighted 
ones, because a sighted cook can scan the kitchen at a glance to spot the next useful task, while 
a blind cook depends on the recipe itself to surface that opportunity. Participants embraced 
exactly this framing: P3 said “it is a great idea, I am the one like to best use my time, so I can 
clean the utensils while waiting”; P1 and P5 likewise named concrete parallel work the assistant 
unlocked, and described the rule as enabling independence rather than just productivity. The 
right design implication is that R4’s [isOptional] flag should be honored at the surface level 
so the suggestions remain inviting rather than directive — a customization concern (taken up in 
Section 8.4.4) rather than a problem with the rule itself. 

8.4.3.3 R1 (Object Status) Makes Recipes Followable While Cooking by Atomizing Long 
Steps 

R1 produced a clear advantage on both items it maps to: knew what to do (6.4 → 6.8) and knew 
which ingredient/utensil I needed (5.8 → 6.8), and it is the rule that underwrites the conversa-
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tional, step-at-a-time experience participants praised. Mainstream recipe steps are written for 
sighted readers who can re-scan a long sentence at will; they routinely bundle several physical 
actions and multiple ingredients into one paragraph. A screen reader plays that bundle back as 
a single uninterrupted utterance, which leaves a blind cook reconstructing the action sequence 
from memory in the middle of an active kitchen. R1’s decomposition into atomic [verb]+[noun] 
units — “pick up the small saucepan,” “add the room-temperature butter,” “stir until combined” 
— removes that memory burden entirely: each utterance is one physical action on one named 
object that the cook can execute and confirm before the next one arrives. Participants asked for 
this directly: P3 wanted ingredients “separated step-by-step” rather than bundled and called the 
ODG assistant “a cooking teacher” walking him through one move at a time; P2 said the voice 
“is more fluent, I can move back and forth” through the atomized steps; P10’s “if you give me too 
much info at once, I will stop listening” is a statement of exactly the constraint R1 is designed to 
satisfy. The larger gap on knew which ingredient/utensil (5.8 vs. 6.8) is consistent with this read-
ing: with atomized steps the relevant ingredient is always the most recent noun the assistant has 
spoken, never a name the cook must hold from earlier in a paragraph. 

8.4.3.4 R7 (Timer) Externalizes Elapsed Time So the Cook Can Plan Around It 

R7 was useful as a participant-controlled tracker that externalizes “I have started this” and “ap-
proximately this long has elapsed,” freeing the cook from holding multiple parallel durations in 
working memory while cooking. Participants used R7 exactly this way: P10 articulated the value 
directly — “if I know something will be cooking for 10 minutes, I can easily figure out by my-
self” — meaning that once the assistant tells the cook the duration, the cook can confidently plan 
parallel work around it (and R7 thereby makes R4’s parallel-task suggestions actionable). Cooks 
naturally combined this tracker affordance with their own non-visual doneness judgment, read-
ing state from sound, smell, and touch and dismissing the timer once those cues had advanced, 
which is the right division of labor for the kitchen: the system holds the clock, the cook holds 
the judgment. 

8.4.3.5 R6 (Progress and Recovery) Is the Rule That Recovers Blind Cooks from Real, 
Common Errors 

R6’s most valuable contribution is its recovery function: when a cook loses their place, skips 
an ingredient, or realizes mid-step that something has gone wrong, R6’s dependency-aware re-
orientation tells them exactly where they are and what to do next. The corresponding Likert item 
(recovered if lost) registers a clear advantage for Condition B (5.7 → 6.3), and the interview evi-
dence behind that gap is striking: every participant who was asked about errors reported routine 
skips and mistakes that the screen reader could not help with — P3 (“happened a lot, went too 
fast”), P6 (“yep, we all have done that”), P7 (burned garlic and compensated by adding water), P8 
(“plenty of times,” including a forgotten cinnamon discovered only by feeling the jar still on the 
counter), P9, P10. Participants treated R6’s re-orientation as the assistant earning its keep pre-
cisely when things went wrong, with P3 describing the experience as having “a cooking teacher” 
on hand. The companion item (knew which step: 6.2 → 5.7) trends in the opposite direction not 
because R6 fails at recovery but because the prototype did not yet expose multi-step backward 
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navigation cleanly (P10: “I am on step 5, to say go back to step 3”); that gap is an interface affor-
dance to be added, not a content limitation of the rule. 

8.4.3.6 R2 (Sensory Cues) Is the Rule Participants Endorsed Most Enthusiastically in 
Their Own Words 

R2 collected the strongest unprompted endorsements in the entire interview corpus, and is what 
made cooks feel that the assistant was genuinely designed for non-visual cooking rather than 
retrofitted from a sighted reading experience. P3 called the tactile cue for egg-white stiffness 
“priceless” and said thermal and “golden brown” cues let him know when the meringue was 
ready without sight; P5 said “non-visual cues is the way to go. I always want to recommend 
to non-visual participants,” and emphasized cues that are “independent of vision”; P6 said the 
cues gave her “more details of how to do the steps”; P8 (cooking only since 2023) said they were 
“incredibly helpful every time” for a newer cook. The unprompted P5 affirmation captured the 
rule’s distinctive value with unusual precision: after the assistant described a doneness state 
as something the cook “should feel soft,” she responded mid-task, “wow, that’s a good way of 
explaining it that it should feel soft.” Beyond doneness signaling, R2 also functions as hazard 
signaling in its own right (smell of burning, sound of oil spattering, heat radiation from a hot 
pan), which is one reason the R3 safety items show such a large gap in Condition B. 

8.4.3.7 R5 (Measurements) Provides On-Demand Precision the Cook Can Pull at the 
Moment of Action 

R5 scored highly on both conditions (clear quantities: 6.2 → 6.8), and that already-high baseline 
is itself the point: mainstream recipes do reliably include numeric quantities, so R5’s value in 
Condition B is not to introduce measurements but to make them retrievable on demand at the 
moment the cook actually needs them. Asking “how much butter?” mid-step and getting an 
immediate answer is materially easier than scrolling back through the ingredient list with a screen 
reader while the pan is heating, and the gap on the Likert item reflects this affordance even though 
the underlying quantities are the same. R5 thus closes a small but consistently useful gap: it 
converts a piece of information that was technically available into a piece of information that is 
operationally at hand. 

8.4.4 Preferences for Adopting the ODG-Aware Assistant in Cooking 
Scenarios 

This subsection reports the findings from the three RQ3 cells of the deductive thematic-analysis 
framework: when participants said the ODG-aware assistant was the strongest primary tool, 
when they retained a complementary role for the screen reader, and the personalization and 
customization needs that emerged across the interviews. 

8.4.4.1 Broad Adoption Willingness Across Participants 

Participants endorsed the ODG-aware assistant strongly and consistently. Eight of the ten par-
ticipants rated would use again at 6/7 or higher for Condition B (mean 6.4), and the same pattern 
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held for would recommend to a blind friend (mean 6.5); P5 gave the maximum score of 7/7 on 
both adoption items. The interview data carried the same message: P2 said “I would definitely 
use” the assistant and “would recommend it to a blind friend who cooks”; P3 went furthest with 
“voice can fully substitute the screen reader one” for any recipe; P8 said the assistant gave her the 
confidence to attempt cooking methods she had previously avoided. Adoption willingness was 
not contingent on novelty or curiosity — it was grounded in concrete benefits participants had 
just experienced under the seven ODG rules in their own kitchens. 

8.4.4.2 Primary-Tool Conditions: Unfamiliar, Complex, and Hands-Occupied Cooking 

Participants converged on the use cases where the ODG-aware assistant most obviously outper-
forms a screen-reader workflow: unfamiliar recipes (P2, P3, P8), complex or baking recipes that 
require precision and dependency tracking (P3, P6, P8), and any moment when the cook’s hands 
are occupied with the food rather than free to hold a phone or scrub through text (P1, P4, P5). 
These are exactly the conditions under which the seven ODG rules contribute the most — R3 
safety annotations on edges, R2 sensory cues for unfamiliar doneness states, R1 atomized steps 
for procedures the cook has not internalized, R6 recovery for the slips that complex recipes in-
vite, R4 and R7 for the multi-stream parallelism that baking and multi-pot cooking require. In 
other words, the assistant’s primary-tool reach grows exactly with the cooking complexity that 
mainstream recipe formats handle worst for blind cooks. 

8.4.4.3 Complementary Use of the Screen Reader 

For recipes the cook has already mastered — simple boils, routine bakes, dishes cooked many 
times before (P6, P7, P8: “boil methods and baking”) — the screen reader remains a serviceable 
lightweight fallback, mostly because the cook no longer needs the rules to fire: the safety habits, 
doneness signals, step decomposition, and recovery strategies are already internalized. The pic-
ture this gives is not a competition the assistant partially loses, but a deployment in which the 
ODG-aware assistant is the primary tool that grows with the cook’s repertoire while the screen 
reader fills a narrowing complementary slot for the dishes the cook has fully mastered. Several 
participants explicitly described their imagined long-term use in exactly these terms, naming the 
assistant as the tool they would reach for whenever the cooking went beyond routine. 

8.4.4.4 Onboarding and Verbosity Controls 

Three independent participants asked, unprompted, for a discoverability layer at session start (P8, 
P9, P10), and several more requested controllable speed, persona, and verbosity (P1, P2, P4, P5, 
P7). The right reading of these requests is not that the assistant is hard to use — participants gave 
it high marks anyway — but that a structured onboarding tour and a global verbosity/persona 
control would let an even broader audience reach the same benefits on first contact. These are 
growth affordances for the system, not corrective patches: they widen the population for whom 
the ODG-aware assistant is approachable from the very first session without changing the rule 
set that already produces the gains documented in Section 8.4.3. 
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8.4.4.5 Personalization Across Expertise Levels 

The two participants who gave Condition B lower adoption scores than Condition A (P4, an expert 
daily cook who started at age 5; P10, a linear-paced reader who reported ADHD) endorsed the un-
derlying ODG rule content but asked for control over how that content is delivered. P4’s request 
was for restraint in tone and density — expert cooks “have our personal ways of understanding 
what was going on,” so rule output that was well-calibrated for less experienced participants reg-
istered as patronizing (“feels like a mother standing over you”). P6 (cooking since age 6–7) made 
the constructive version of the same point: safety hints were “telling you things that you should 
already know,” but she still preferred Condition B for the rule-driven step detail and explicitly 
proposed exposing tips and safety as “a separate section” that an experienced cook can opt into. 
P10’s preference for linear pacing (“if you give me too much info at once, I will stop listening”) 
and the navigation request “I am on step 5, to say go back to step 3” similarly point to controls 
the surface should expose — not problems with R1 or R6. A global verbosity dial, per-rule toggles 
(especially for R2 density and R3 hazard prompts), persona and pacing selection, and structured 
multi-step backward navigation would let the same seven rules serve novices, daily home cooks, 
and expert cooks from the same engine. 

8.5 Discussion 

The findings in Section 8.4 report what the ODG-aware assistant changed for each rule and for 
adoption. This discussion steps above that per-rule reporting to interpret the pattern across the 
rules and the implications it has for how voice-first ODG-aware assistants should be designed 
and deployed. Three observations organize the discussion: the gains concentrate exactly where 
mainstream recipes fail blind cooks, suggesting that the ODG framework is closing a coverage 
gap rather than competing with the screen-reader baseline on its own terms (Section 8.5.1); the 
assistant’s contribution is best understood as what is communicated and how recovery is sup-
ported, not as how fast the cooking goes (Section 8.5.2); and personalization is a first-class design 
dimension that lets the same rule set serve novices, daily home cooks, and experts (Section 8.5.3). 

8.5.1 The Gains Concentrate Where Mainstream Recipes Fail Blind 
Cooks 

Looking across the per-rule findings, the rules that produced the largest Condition B advantages 
are exactly the rules that encode information mainstream recipes either do not include at all or 
do not surface in a form a blind cook can act on while cooking. R2 (non-visual sensory cues) and 
R3 (proactive safety annotations on edges) describe content that simply is not in a sighted-reader 
recipe; R1 (atomic [verb]+[noun] decomposition) and R6 (dependency-aware re-orientation) 
describe structural transformations of content that nominally is in the recipe but is delivered in a 
form that assumes random-access visual scanning; R4 (parallel-task suggestions) and R7 (passive-
wait durations) describe relational information — which tasks can interleave with which waits 
— that a sighted cook reconstructs at a glance from the recipe’s layout but that a screen reader 
cannot deliver. The aggregate pattern is therefore not that voice is intrinsically a better modality 
than text plus a screen reader, but that the ODG framework is exposing a class of information 
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that the mainstream recipe format never made accessible to blind cooks in the first place. The 
Condition B advantage is closing a coverage gap, not winning a head-to-head on the same content. 

This reading also explains why R5 (precise measurements) registers a smaller, though still 
positive, gap than R2 or R3: numeric quantities are the one slice of recipe content that mainstream 
formats already make explicit, so R5’s contribution is the convenience of on-demand retrieval 
rather than the introduction of new information. The size of each rule’s gap in Section 8.4.3 can 
be read as a proxy for how much of that rule’s content was previously inaccessible to blind cooks 
under the screen-reader workflow. 

8.5.2 Coverage and Recovery, Not Throughput 
This chapter deliberately did not report a wall-clock comparison between conditions and does 
not claim that the ODG-aware assistant accelerates cooking. Two reasons motivate that choice. 
First, completion time across a voice-first conversational modality and a screen-reader-paced text 
page is not a meaningful index of usefulness: the two conditions differ in what they deliver, not 
just in how fast they deliver the same thing, so any time difference would conflate modality cost 
(voice is intrinsically slower than skim-reading text) with task structure (Condition B asked par-
ticipants to engage with sensory cues and safety annotations that Condition A did not). Second, 
the participants themselves did not frame the assistant’s value in terms of speed. They framed it 
as a different kind of deliverable — “a person doing it with me together” (P2), “a cooking teacher” 
(P3) — and as a system that earned its keep precisely when things went wrong (the recovery 
evidence in Section 8.4.3’s R6 paragraph: P3, P6, P7, P8, P9, P10 all reported routine errors the 
screen reader could not help with). The right outcome construct for an ODG-aware assistant is 
therefore content coverage and recovery support, not throughput; future evaluations that adopt 
this work should resist the temptation to add wall-clock timing as a headline metric. 

8.5.3 Personalization Is a First-Class Design Dimension for the Same 
Rule Set 

The single most actionable interpretive observation from this study is that adoption willingness 
varies across participants not because the underlying ODG rules vary in value but because the 
same rule, delivered at the same density and tone, lands differently on a novice and on an expert. 
The cases of P4 (expert daily cook), P6 (cooking since age 6–7), and P10 (linear-paced reader) make 
this concrete: all three endorsed R-level content but asked for control over how it was surfaced 
— restraint in tone (P4), tips and safety as “a separate section” (P6), linear pacing and multi-
step backward navigation (P10). The implication is that a production deployment of an ODG-
aware assistant should expose its rule set through a small, finite set of surface controls: a global 
verbosity dial, per-rule toggles (especially for R2 density and R3 hazard prompts for experienced 
cooks), persona and pacing selection, and structured multi-step backward navigation. With those 
controls present, the same seven rules can serve a first-time cook attempting an unfamiliar baking 
recipe and an expert reaching for a routine weekday dish — the rule set does not have to fork to 
accommodate the population spread, only the surface does. 

There is a broader design principle in this observation. Accessibility systems that try to serve 
a heterogeneous population are commonly built either as a single fixed deliverable that targets 
the median user, or as a constellation of mode-specific deliverables (one per user segment). The 
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pattern in this study suggests a third option for rule-based accessibility systems: a single rule set 
with a tunable surface, where personalization adjusts how the rules fire rather than whether the 
rules apply. This is cheaper to build and maintain than mode-specific deliverables and serves a 
wider population than a fixed median target. 

8.6 Summary 

This chapter described the implementation of the ODG as a voice-first cooking assistant with a 
paired researcher dashboard, including the input-agnostic reasoning engine, the voice layer, the 
participant-facing interface, and the Wizard-of-Oz researcher dashboard. It reported the design 
and results of a within-subjects user study with 10 blind and low-vision participants (P1 through 
P10), comparing the ODG-based assistant (Condition B) against a screen-reader baseline (Condi-
tion A) under a counterbalanced condition order. Findings were reported per ODG Rule (R1–R7) 
and per adoption cell (broad willingness, primary-tool conditions, complementary screen-reader 
use, onboarding/verbosity, personalization), with quantitative Likert evidence and qualitative in-
terview evidence presented together for each rule and each adoption question. The discussion 
stepped above the per-rule reporting to interpret the pattern across rules: the Condition B gains 
concentrate exactly where mainstream recipes fail blind cooks (R2 and R3 add content that is 
simply not present in sighted-reader recipes; R1 and R6 restructure content the recipe nominally 
contains but cannot deliver in an actionable form; R4 and R7 surface relational information a 
sighted cook reconstructs visually), so the ODG framework is closing a coverage gap rather than 
competing with the screen reader on the same content; the assistant’s contribution is best under-
stood as what is communicated and how recovery is supported rather than as how fast the cooking 
goes; and personalization is a first-class design dimension that lets the same seven rules serve 
novices, daily home cooks, and experts through a small finite set of surface controls (verbosity 
dial, per-rule toggles, persona and pacing selection, multi-step backward navigation). 
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Chapter 9 

Contributions, Discussion, and Future 
Work 

9.1 Overview 

This chapter is the final chapter of the thesis. It draws together the contributions made across 
the preceding eight chapters, situates them as a single coherent body of work, distills concrete 
design guidelines from the work, states the limitations of what was built plainly, charts directions 
in which the broader research community can take the work forward, and closes with a reflection 
on the research process. 

The chapter is organized as follows. Section 9.2 draws the threads of the thesis together, 
showing how the four empirical studies (Chapters 3–6) led to the ODG representation (Chapter 7) 
and its evaluation (Chapter 8), and what the combined body of work means for the design of AI-
enabled assistive technologies. Section 9.3 enumerates the concrete contributions of the thesis 
(empirical, conceptual, technical, and dataset) in a single consolidated list. Section 9.4 distills the 
combined body of work into seven concrete design guidelines for AI-enabled assistive technology 
in physical activities. Section 9.5 states the limitations of the work plainly, including several 
surfaced in the thesis defense. Section 9.6 outlines five high-level directions in which the broader 
research community can take the work forward, including concrete evidence (AROMA [140]) that 
the substrate is already being extended by independent research groups. Section 9.7 closes with 
a reflection on the research process and the broader meaning of the work. 

9.2 Synthesis: From Understanding to Delivery 

This thesis explored the entire pipeline of generating a physical information space for non-visual 
cooking and using it to develop AI-enabled assistive technologies. The work proceeded through 
four empirical stages before arriving at the ODG representation and its evaluation. 

Stage 1: Characterizing non-visual cooking practices and challenges (Chapter 3). The 
initial study, a content analysis of 122 YouTube videos and 12 semi-structured interviews, revealed 
that blind cooks employ a rich repertoire of sensory strategies to compensate for the absence 
of vision, ranging from auditory cues for oil temperature to tactile techniques for ingredient 
doneness. It also surfaced eight distinct challenge themes organized around a core tension: blind 
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cooks must constantly switch between doing and monitoring, because the information that tells 
them whether they are on track is locked inside the recipe’s prose or hidden in the physical 
environment. This chapter established that the challenge of non-visual cooking is not merely an 
accessibility problem; it is a fundamental information delivery problem. 

Stage 2: Improving recipe access (Chapter 4). The second study, with 20 blind cooks and 4 
rehabilitation instructors, revealed that the recipe itself is a significant barrier. Linear text, visual 
descriptions, and inaccessible web layouts conspire to force blind cooks into constant re-reading, 
hand-washing, and mental integration. The chapter produced a design framework for accessible 
recipe content and structure (including non-visual alternatives to visual descriptors, modular step 
organization, and non-linear navigation) that informed the ODG’s state decomposition and the 
prep track. 

Stage 3: Understanding contextual object information needs (Chapter 5). The third 
study, a contextual inquiry with 12 blind cooks in their own kitchens, moved from the recipe to the 
physical environment. It produced a taxonomy of five primary contextual information categories 
(position, orientation, proximity and grouping, similarity and duplicates, and internal state) and 
two secondary categories (safety-related and health-related information), plus one application-
specific category (plating and serving), along with a detailed account of how blind cooks use 
touch, sound, and smell to gather this information. This chapter directly populated the ODG’s 
contextCategories field and informed the sensory channel taxonomy for nonVisualCues. 

Stage 4: Building OSCAR (Chapter 6). The fourth stage built the perception layer. OSCAR 
demonstrated that object status tracking (reasoning about what has been done to an ingredient, 
not just that it exists) substantially improves recipe step prediction for blind cooks. More impor-
tantly, OSCAR showed that the gap between perceiving object status and delivering it to a blind 
cook at the right moment was still unbridged. The time-causal model and the prediction log from 
OSCAR directly informed the ODG’s state representation and the progress tracking methods in 
R6. 

Stage 5: The ODG (Chapter 7). The ODG represents the synthesis of all four prior stages 
into a single unified representation. It does not replace any of the prior chapters; rather, it pro-
vides the common substrate on which all of their findings can operate together. The seven ODG 
Rules (R1–R7) are each traceable to a specific prior chapter, and each is grounded in the empirical 
findings of that chapter. R1 uses grounded object-status narration from OSCAR and the contex-
tual inquiry. R2 delivers multi-channel sensory cues from the non-visual cooking and contextual 
inquiry studies. R3 issues safety alerts from the safety concerns documented in the non-visual 
cooking study. R4 suggests parallel tasks from the multitasking findings in the recipe study. 
R5 surfaces precise measurements and techniques from the recipe and contextual inquiry stud-
ies. R6 maintains progress tracking from OSCAR and the interruption-recovery findings in the 
recipe study. R7 manages timers from the timing challenges in the recipe and contextual inquiry 
studies. 

Stage 6: Implementation and evaluation (Chapter 8). The system implementation com-
prised an input-agnostic reasoning engine, a voice-first participant assistant, a paired researcher 
dashboard for Wizard-of-Oz rule toggling, and a screen-reader baseline. A within-subjects remote 
study with 10 blind and low-vision participants (P1–P10), organized around three research ques-
tions (aggregate effect, rule-level attribution, and adoption), evaluated the ODG-aware assistant 
against the baseline using ten custom Likert items mapped to specific ODG rules and a closing 
semi-structured interview analyzed under a deductive thematic-analysis framework structured 
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around R1–R7 and three RQ3 adoption sub-themes. The evaluation showed that the assistant 
materially changes the non-visual cooking experience on safety, parallel-task awareness, mea-
surement clarity, and recovery, and that participants expressed broad adoption willingness, with 
the screen reader retained as a complementary lightweight fallback for cooking the participant 
has already fully mastered and with a finite set of surface controls (onboarding, verbosity, per-
rule toggles, persona/pacing, multi-step backward navigation) identified to extend the assistant’s 
reach further. 

Taken together, these six stages form a complete arc: understand blind cooks’ practices, de-
sign accessible recipe systems, inquire into contextual information needs, build a perception sys-
tem (OSCAR), represent the unified information space (ODG), and deliver it through a voice-first 
interface. This arc demonstrates how a physical information space can be assembled and opera-
tionalized end-to-end for non-visual cooking assistance. 

9.3 Contributions of This Thesis 
Pulling across the six stages, this thesis makes the following concrete contributions: 

9.3.1 Empirical Contributions 
• A characterization of non-visual cooking practices and challenges (Chapter 3), 
grounded in a content analysis of 122 YouTube videos and 12 semi-structured interviews, 
that identifies twelve cooking-activity practices and eight cross-cutting challenge themes 
for blind cooks. 

• A design framework for accessible recipe content, structure, and access (Chapter 4), 
derived from interviews with 20 blind cooks and 4 rehabilitation instructors, that articulates 
the requirements for non-visual recipe content (non-visual alternatives to visual descrip-
tors, time ranges, substitutions), structure (discrete steps, logical chunks, consistent ter-
minology), and supporting technology (level-of-detail adaptation, non-linear navigation, 
hands-free interaction). 

• A taxonomy of contextual object information for non-visual cooking (Chapter 5), 
constructed from a contextual inquiry with 12 blind cooks in their own kitchens, that orga-
nizes the information blind cooks gather about kitchen objects into five primary categories 
(position, orientation, proximity/grouping, similarity/duplicates, internal state), two sec-
ondary categories (safety, health), and one application-specific category (plating). 

• Empirical evidence that an ODG-aware voice assistant materially changes the non-
visual cooking experience (Chapter 8), through a within-subjects user study with 10 
blind and low-vision participants comparing the ODG assistant against a screen-reader 
baseline on matched task probes and custom Likert measures. 

9.3.2 Conceptual Contributions 
• The notion of a physical information space for non-visual cooking (Chapter 1), a 
structured account of what an AI assistant needs to track, why each piece matters, and 
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how it should be communicated, framed as a precondition for AI assistance in any physical 
activity. 

• The Object Dependency Graph (ODG) (Chapter 7), a unifying representation that in-
tegrates object status, prerequisites, safety constraints, non-visual cues, precise measure-
ments, progress tracking, and parallel structure into a single machine-readable substrate. 

• Seven ODG Rules (R1–R7) (Chapter 7), each grounded explicitly in one of the prior em-
pirical chapters and each implemented as an independently toggleable behavior of a voice-
first assistant, that operationalize what an ODG-aware system actually does at run time. 

9.3.3 Technical and Artifact Contributions 
• OSCAR (Chapter 6), a vision-language pipeline that extracts object-status transitions from 
a recipe, aligns video frames to recipe steps using a time-causal model, and improves 
step-prediction accuracy by more than 20% over text-only baselines across two evaluation 
datasets. 

• A runnable end-to-end ODG voice-first cooking assistant (Chapter 8), comprising 
an input-agnostic reasoning engine, a participant-facing voice interface, and a paired re-
searcher dashboard with rule-toggle Wizard-of-Oz controls. 

9.3.4 Dataset Contributions 
• The non-visual cooking dataset (Chapter 6), the first dataset of unprocessed egocentric 
cooking videos captured by blind cooks in their own kitchens, annotated with timestamps 
and step labels and released to the community for evaluating vision and language models 
on real-world non-visual cooking. 

9.4 Design Guidelines for AI-Enabled Assistive Technology 
in Physical Activities 

The four empirical studies, the ODG representation, and the within-subjects evaluation converge 
on seven concrete design guidelines that travel beyond the specifics of this thesis. Each guideline 
is stated as an imperative, anchored to the chapters that support it, and accompanied by a short 
rationale that names the evidence behind it. Together they form a checklist that practitioners and 
researchers can apply to any AI-enabled assistive technology for a structured physical activity, 
not just to cooking. 

G1. Architect the physical information space as an explicit, structured object. Recipe 
prose, linear documents, and vision-language model embeddings are insufficient containers for 
what a blind user needs to know while acting in the physical world. A purpose-built representa-
tion with named fields for state, prerequisite, sensory cue, safety, measurement, and parallelism 
is what lets an AI assistant deliver the right information at the right moment. The single largest 
finding across this thesis is that this representation needs to exist as a first-class object; once it 
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does, individual rules and behaviors fall out of it. [Chapter 3 challenges; Chapter 5 taxonomy; 
Chapter 7 ODG.] 

G2. Track object status, not just step position. “Which numbered step am I on” is the wrong 
abstraction for non-visual physical activities. The right abstraction is “what has happened to 
which object,” because that is what supports re-entry after interruption, parallel-task reasoning, 
doneness inference, and safety checks. The 20+% step-prediction improvement OSCAR achieved 
over text-only baselines on two evaluation datasets is the quantitative form of this lesson. [Chap-
ter 6; Chapter 7 R1.] 

G3. Encode non-visual sensory information by channel, not as paraphrases of visual 
cues. Auditory, tactile, olfactory, thermal, and temporal cues are first-class evidence about 
doneness, safety, and progress, and they cannot be obtained by rewording a visual description. 
The interview data in this thesis surfaced unprompted endorsements (“priceless” from P3, “the 
way to go” from P5, “wow, that’s a good way of explaining it that it should feel soft” from P5 mid-
task) when sensory cues were authored by channel rather than paraphrased from sight. [Chap-
ter 3 practices; Chapter 5 internal state; Chapter 7 R2; Chapter 8 R2 per-rule finding.] 

G4. Surface safety, parallelism, and timing proactively, and let the user turn each off. 
Safety information was the single largest gap between the screen-reader baseline and the ODG 
assistant in the summative evaluation (3.4 vs. 6.5 on hazard awareness), and parallel-task aware-
ness showed a clear secondary gain (5.5 vs. 6.6). Proactive delivery is what makes these gains 
possible, but the same evaluation also showed that an expert user (P4) experienced unsolicited 
delivery as patronizing. The discipline the guideline encodes is therefore not “always proactive,” 
but “proactive by default, with the user holding the off switch.” [Chapter 7 R3, R4, R7 ; Chapter 8 
R3/R4/R7 per-rule findings; personalization.] 

G5. Design for interruption and re-entry, not for linear completion. Blind users will 
be interrupted: by hand-washing, by phone calls, by family members, by accidental skips. A 
linear text rendered through a screen reader does not help them re-orient; what they need is a 
structured re-entry answer to “where am I?” that names what is completed, what is in progress, 
what is available next, and what may have been skipped. This is the rule that the evaluation’s 
R6 evidence most consistently endorses (recovered if lost: 5.7 vs. 6.3) even where overall-progress 
orientation regressed. [Chapter 4 interruption recovery; Chapter 6 progress tracking; Chapter 7 
R6.] 

G6. Make verbosity, speech rate, and persona user-controlled, not designer-fixed. The 
same content lands differently for a first-time cook learning from scratch (P8, who started cooking 
in 2023) and an expert who lost their vision later in life (P4, who described unsolicited cues 
as “a mother standing over you”). The thesis’s findings repeatedly surface the same point: the 
designer’s default verbosity, default speech rate, and default persona are wrong for somebody, and 
the right architectural response is to make those parameters first-class and adjustable rather than 
to tune the default harder. [Chapter 4 level-of-detail adaptation; Chapter 8 onboarding/verbosity 
and personalization findings.] 

150 



9.5. LIMITATIONS 

G7. Separate perception from delivery and evaluate each before closing the loop. Con-
flating “can the system see what is happening” with “does the system say the right thing” makes 
both untestable. Building the perception layer (OSCAR-style) and the delivery layer (ODG-style) 
as independent components with a defined interface let this thesis attribute each finding to the 
right layer (OSCAR’s gains to perception, the user study’s gains to delivery) and let AROMA 
later extend the perception side without re-litigating the delivery side. The discipline is to keep 
the layers separately evaluable, not to keep them permanently separate. [Chapter 6; Chapter 7; 
Chapter 8 Wizard-of-Oz researcher dashboard.] 

9.5 Limitations 
This section discusses the main limitations of the work presented in this thesis. Each limitation 
is described together with the opportunity it opens for future research, and is tied to the chapter 
it bears on. 

Need to personalize ODG systems. The ODG-aware assistant currently treats the cook as 
a largely generic blind user. It exposes per-rule toggles (Chapter 8) that let a single session be 
tuned toward a novice or an expert, but it carries no persistent profile of an individual cook—their 
skill level, repertoire of already-mastered dishes, available tools and appliances, dietary needs, or 
cuisine preferences—and it does not carry such information across sessions. The evaluation makes 
the value of closing this gap concrete: the same content, at the same density and tone, served an 
expert daily cook (P4) and a first-time cook (P8) very differently. Because the rule layer is already 
parameterized and toggleable, a persistent personalization layer is a natural addition on top of 
the existing system rather than a redesign of it (Section 9.6), and it is among the most promising 
next steps the work opens up. 

Need to deeply consider the diversity within the blind and low-vision population. The 
thesis models a prototypical blind cook and delivers the same non-visual content regardless of 
a cook’s residual or functional vision, spatial and proprioceptive skill, or onset of vision loss— 
even though participants ranged from congenitally to recently blind and from totally blind to 
legally blind with light perception (Chapters 4–8). A cook with usable peripheral vision may 
need less sensory-cue narration than the rules supply, and a cook with strong tactile expertise 
may find some proactive guidance redundant. This points to a rich design space: the same per-
rule machinery that enables personalization could be driven by a cook’s vision and skill profile, 
adapting how much is narrated, and how, to whom. Mapping that space is a clear opportunity 
for follow-on work. 

Need to close the perception–delivery loop. The thesis separated perception (OSCAR, 
Chapter 6) from delivery (the ODG assistant, Chapter 8) and did not yet join them end to end. 
OSCAR improves step-prediction accuracy by more than 20% over text-only baselines, but on 
real-world non-visual footage the best configuration reaches roughly two-thirds accuracy—short 
of the reliability a cook would need to trust an unsupervised system, since a single misread step 
can compromise a dish. Rather than a flaw in either component, this is precisely the interface the 
modular architecture was built to support: improving perception (as AROMA [140] has already 
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begun to do) and establishing the accuracy threshold required for safe unsupervised delivery are 
well-defined, independently tractable problems, and gains in perception flow into the delivery 
layer without redesigning it. 

Need to support sensing beyond a single camera. OSCAR and the current perception story 
rest on a single camera stream. The nonVisualCues field of the ODG already names auditory, 
tactile, olfactory, thermal, and temporal cues, and the engine is architected so that additional sen-
sors could feed it, but no non-visual sensing channel—audio event detection, thermal or weight 
sensing, smell, or even simple elapsed-time signals—is yet implemented or evaluated; those cues 
are presently authored into the recipe rather than sensed from the kitchen. Because the represen-
tation is sensor-agnostic by design, adding these channels is an extension the substrate explicitly 
anticipates, and one of the most direct ways to let the assistant sense the very cues blind cooks 
rely on most. 

Need to support cooking familiar dishes, not only new ones. The studies and the assistant 
are framed largely around following a recipe for the first time, yet much everyday cooking is of 
dishes a cook already knows. At present the system accommodates familiarity only negatively, 
by letting an experienced cook switch rules off. Modeling what a cook has already mastered—and 
supporting the transition from learning a dish to having internalized it—is an appealing direction 
that builds directly on the personalization layer above, and would let a single system grow with 
a cook over time. 

Need to consider cost and everyday practicality. The prototype is expensive to run: a sin-
gle end-to-end session on a frontier model costs on the order of several dollars in model tokens, 
and the thesis does not include a formal cost analysis. This is a real barrier to the everyday, 
repeated use the work envisions—and also a tractable engineering frontier. The most general-
izable component, atomized and memory-light step delivery, is exactly the part that could run 
on far cheaper models or reach a much wider population through low-cost smart speakers un-
der a universal-design framing; pursuing that is how the work moves from a research prototype 
toward something deployable at scale. 

Need to support cooking as a social, interdependent activity. Following a long tradition in 
assistive technology, the thesis frames cooking around individual independence. Cooking is also a 
deeply social and interdependent activity, and the study itself surfaced this—participants wanted 
the assistant to take on the persona of a family member, or to support cooking alongside others. 
Treating these relational and collaborative dimensions as first-class, rather than out of scope, is 
a promising broadening of the work: the assistant could be designed to support co-located and 
shared cooking, not only solo independence. 

Taken together, these are limitations of what the thesis built, but several of them also point 
to where the work can be taken next. The architectural choices that bound the work—separating 
perception from delivery, keeping the ODG declarative and sensor-agnostic, and making the rule 
layer parameterizable—should help make personalization, richer sensing, a closed perception– 
delivery loop, and collaborative cooking reachable extensions rather than rewrites. The next 
section develops the most important of these directions in detail. 
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9.6 Directions for the Research Community 

This thesis is intended as a foundation that other researchers can build on, not as a finished 
product. The artifacts it contributes to the field (the ODG representation, the seven rules R1–R7, 
the OSCAR perception pipeline, the non-visual cooking dataset, the nine annotated recipes, the 
contextual-information taxonomy, the recipe-access design framework, and the empirical find-
ings from four formative studies and one summative evaluation) are released so that the acces-
sibility, HCI, AI, and rehabilitation research communities can extend, challenge, and re-purpose 
them. The subsections below are not a roadmap of what I personally plan to do next; they are 
five high-level invitations to the broader research community, each framed around a question that 
no single dissertation can settle on its own and each leveraging multiple chapters of this thesis 
as its starting substrate. Narrower technical and methodological follow-ups (factorial rule abla-
tions, voice-prosody studies, automatic ODG extraction, skill-level personalization, community 
co-design of authoring tools) are situated as concrete entry points within the broader directions 
they actually serve. 

9.6.1 Generalizing the Physical Information Space Beyond Cooking 

The deepest question this thesis raises is whether the move it makes, of treating the physical in-
formation space of an activity as an explicit, structured object that an AI system reasons over and 
delivers from, generalizes beyond the kitchen. The ODG’s representational pattern (states, pre-
requisites, parallel groups, typed sensory cues, safety-annotated edges) and the seven rules that 
ride on top of it are not, by construction, cooking-specific; nor are the contextual taxonomy from 
Chapter 5 (position, orientation, proximity, similarity, internal state) and the recipe-access de-
sign framework from Chapter 4 (non-visual alternatives to visual descriptors, modular structure, 
non-linear navigation). Researchers working on other structured physical activities where blind 
users currently lack real-time guidance (flat-pack furniture assembly, medication management, 
equipment maintenance, physical-therapy routines, lab procedures, gardening, woodworking) 
are invited to take this thesis’s full stack as a starting substrate and instantiate it for their own 
domain. The open community-scale questions are which elements of the substrate transfer un-
changed, which require domain-specific extensions (a furniture-assembly graph has no passive-
wait phase; a medication graph has no sensory doneness; both have failure modes the ODG was 
not designed for), and whether voice-first delivery remains the right modality outside the kitchen 
at all. Cross-domain replications would tell the field whether the contribution of this thesis is a 
general pattern for non-visual access to physical activity or a cooking-specific construction. 

9.6.2 Scaling the Substrate: From AI-Drafted ODGs to Community-
Stewarded Authoring 

The nine recipes used in this thesis’s evaluation were drafted by a large language model from pub-
licly sourced recipe text using the ODG schema as the target structure, and then verified by the 
author before being used in the user study. AI authoring is therefore not the open problem. The 
open problem is everything that comes after the AI draft: how to verify it efficiently, who has the 
authority to do so, and how the corpus scales beyond what any single researcher can personally 
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review. The natural-language-processing and applied-AI communities can sharpen the extrac-
tion side, ingesting arbitrary recipe text and, eventually, recipe videos to produce richer candidate 
ODGs whose sensory cues, safety annotations, and parallel-group structure are reliable enough to 
ship without per-recipe researcher review, with the nine ODGs released with this thesis serving 
as evaluation targets and the non-visual cooking video dataset released alongside OSCAR (Chap-
ter 6) providing a benchmark for the harder case of grounding extraction in real-world, unedited 
blind-cook footage rather than in the curated YouCook2-style datasets vision-language models 
for cooking have historically been benchmarked against. The deeper move, however, is on the 
human side: for the blind and visually impaired community, together with rehabilitation centers 
and organizations such as the American Council of the Blind and the National Federation of the 
Blind, to take co-design leadership of the verification and stewardship process itself, choosing 
which AI-proposed sensory cues are actually useful in their kitchens, which safety annotations 
are patronizing versus necessary, which terminology the community adopts, and which recipes 
the corpus should prioritize first. The most consequential research questions live at the intersec-
tion: what does an accessible authoring tool look like that lets a blind cook (or a rehabilitation 
instructor) audit, correct, and contribute AI-drafted ODGs at scale, with the model providing the 
first pass and the community providing the editorial judgment that decides what enters the public 
corpus? Answering that question is a multi-team, multi-year effort that this thesis can seed but 
cannot itself carry out. 

9.6.3 From Perception-Augmented Assistance to Embodied Physical In-
telligence 

This thesis deliberately separated the perception layer (OSCAR, Chapter 6) from the delivery layer 
(the ODG assistant, Chapter 8) and evaluated them in isolation, a separation that made each con-
tribution tractable but left the most consequential research questions open. The next horizon is to 
ask what becomes possible when this separation closes: when perception, the structured physical 
information space (the ODG and the contextual taxonomy from Chapter 5), and conversational 
delivery operate as one loop that watches a physical activity unfold and intervenes only when the 
cook’s mental model of the kitchen diverges from what is actually happening. The hard questions 
in that regime are normative rather than architectural: when should a perception-grounded as-
sistant speak unprompted, when should it stay silent, how should it surface its own uncertainty 
about a hot pan or a partially mixed batter, and how should it negotiate authority with a blind 
cook who has decades of tactile expertise? Factorial or partial-factorial follow-ups that vary sub-
sets of R1–R7 are a natural concrete entry point here (the seven rules, the matched task probes, 
and the custom Likert measures are documented in sufficient detail for other groups to replicate 
and extend), and would tell the field which rules become more critical, less critical, or redundant 
once perception is in the loop rather than wizarded. 

That this is a tractable research agenda rather than a speculative one is supported by work 
that has already begun. AROMA [140], published independently at UIST 2025 by a different re-
search team, extends OSCAR’s object-status representation to ground a wearable camera feed 
against a video recipe rather than the text recipe OSCAR aligned to, and adopts a mixed-initiative 
interaction style whose proactive components align directly with the delivery philosophy of the 
seven rules (R2 sensory cues, R3 safety alerts, R4 parallel-task suggestions, R7 automatic timers). 
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That AROMA was able to extend the perception side without re-litigating the delivery side is 
itself evidence for guideline G7 (the perception/delivery separation), and converging evidence 
that the empirical findings of this thesis (safety alerts, doneness cues, parallel-task awareness, 
re-orientation after interruption) are durable design requirements rather than artifacts of a single 
study. The thesis contributes the substrate (the ODG schema, R1–R7 as a delivery contract, OS-
CAR and its dataset, and the empirical accounts of where blind cooks need versus resist proactive 
intervention) on which the AI, HCI, and accessibility communities can study the open normative 
questions above. 

9.6.4 From Snapshots to Long-Term, Personalized Assistive Partner-
ships 

Every study in this thesis (the YouTube content analysis in Chapter 3, the recipe-access interviews 
in Chapter 4, the in-home contextual inquiry in Chapter 5, and the within-subjects evaluation in 
Chapter 8) captured snapshots of blind cooks’ practices at a single moment in time, and presented 
the same ODG-aware assistant to every participant. The question the field still has to answer is 
what happens across time and across people: how an AI-enabled assistant for non-visual cook-
ing becomes (or fails to become) a durable partner in someone’s kitchen, how its role evolves 
from instructor to collaborator to ambient backstop as the cook’s expertise grows, how the same 
ODG should be rendered differently for a first-time cook learning from scratch versus a former 
chef who lost their vision later in life (the two ends of the skill spectrum surfaced in Chapter 4 
and re-encountered in Chapter 8’s P4 and P8), and how the assistant negotiates the moments 
where the cook’s hands, attention, kitchen noise, and emotional state make the default verbosity 
wrong. Personalization, longitudinal adaptation, and the question of whether the assistant sup-
ports skill development or fosters dependence are facets of the same broader question: what an 
assistive technology grounded in a physical information space looks like when it lives in some-
one’s kitchen for a year rather than for a single 60-minute session. The artifacts of this thesis (the 
design framework, the contextual taxonomy, the ODG and its seven rules, the runnable assistant, 
the recipe corpus, the dataset, and the participant base assembled across four studies) together 
comprise the foundation that multi-year deployment programs, run in partnership with the re-
habilitation and blind-community organizations that already steward long-term independence 
training, can build upon. 

9.6.5 The Relational Dimensions of AI Assistance for Blind Users 
The interviews and qualitative observations across four chapters of this thesis surfaced a vo-
cabulary that the chapter-level measures alone could not. Blind cooks described an AI cooking 
assistant variously as “a cooking teacher” (P3, Chapter 8), as “a person doing it with me together” 
(P2), and, at the other end, as “a mother standing over you” (P4). The non-visual cooking practices 
study (Chapter 3) and the recipe-access study (Chapter 4) similarly surfaced strong preferences 
about who is in charge of pacing, what counts as helpful versus patronizing, and how visible 
the assistant should make itself in the middle of a cooking task. These observations point at a 
question this thesis was not designed to answer: what does it mean for a blind person to live 
alongside an AI assistant that, by design, knows more about the ongoing state of their kitchen 
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than any prior voice interface has? Researchers in HCI, conversational AI, ethics, and disabil-
ity studies are invited to take the seven rules, the design framework, and the empirical material 
released with this thesis as starting points for studying the relational, identity, and autonomy 
dimensions of AI assistance for blind users: when an assistant should defer to a cook’s expertise 
versus challenge them, how it should represent itself (or refuse to be represented) as a persona, 
and what kinds of long-term self-conceptions of independence and competence are reinforced or 
undermined by living with one. The narrower technical questions (voice persona, prosody, alert 
tone, interruption handling) are one concrete entry point into this larger question; the community 
is invited to take on the whole. 

9.7 Reflection on the Research Process 
This thesis pursued a question that emerged from close listening to blind cooks: what would 
it take to give a blind cook the same confidence in their kitchen that a sighted cook takes for 
granted? The answer, the work suggests, is not a single technology but a pipeline: from un-
derstanding the practices and needs of blind cooks, to designing accessible representations and 
systems, to building perception systems that can track the physical world, to delivering the right 
information at the right moment through the right channel. 

The ODG is one concrete instantiation of this pipeline for non-visual cooking. The broader 
contribution is the demonstration that a physical information space for assistive technology 
can be assembled from empirical studies, encoded in a structured representation, and delivered 
through a voice-first interface that respects blind cooks’ autonomy, expertise, and sensory capa-
bilities. The seven ODG Rules, grounded in the experiences of dozens of blind cooks across four 
empirical studies and stress-tested in one summative evaluation, offer a principled foundation for 
the next generation of AI-enabled cooking assistance, and, the thesis argues, a template for how 
an AI assistant for any complex physical activity could be built around an explicit information 
space rather than around recipe prose or model embeddings alone. This thesis does not claim 
that the ODG or OSCAR are the only viable foundations for non-visual cooking assistance. What 
it claims, and what work like AROMA [140] helps to support, is that the underlying move of 
making the physical information space an explicit, structured object that an AI assistant reasons 
over, rather than leaving it implicit in recipe prose or in vision-language model embeddings, is 
durable, useful, and extensible to new interaction styles, new perception modalities, and new 
collaborators. 

What I take from the research process itself is that the most useful contributions in this space 
are the ones that resist being collapsed into a single artifact. The ODG matters because OSCAR’s 
object-status representation, the contextual taxonomy, the recipe-access design framework, and 
the practices catalogue underwrite it; the ODG-aware assistant matters because the seven rules 
give it something specific to do; and the user study matters because the limit cases (P4’s expert 
agency and P10’s reliance on linear pacing) are at least as informative as the headline gains. None 
of these pieces is sufficient on its own; their value is in the connections between them. That, more 
than any individual finding, is what I hope future work on AI-enabled assistive technology will 
carry forward. 
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This thesis is therefore not an ending but a foundation: a set of empirical findings, design 
principles, technical artifacts, datasets, and open questions that the research community and the 
blind and visually impaired community can build upon in the years ahead. 
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