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Figure 1: To understand current strategies and challenges for accessible robot oversight, we conducted 1) an observational study with 10 BLV
participants. We then conducted 2) a co-design workshop with 17 BLV participants and accessibility and multimodal-interaction experts to
explore how robot behavior and communication could better support oversight across everyday contexts. Across both studies, we derive design

considerations for accessible robot oversight.

Abstract

Robots are moving into homes with promise to reduce barriers to
housework for people with disabilities and decrease effort for every-
one. As robots perform tasks autonomously, people need to oversee
their progress and outcomes and know when to intervene. While
sighted users can visually notice mistakes, inefficient behavior, and
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changes in the environment, blind and low vision (BLV) users can-
not rely on visual cues to identify problems or verify outcomes.
To understand current strategies and challenges in non-visual ro-
bot monitoring, we conducted an observational study with 10 BLV
participants who monitored multi-step household tasks performed
by two robot platforms. Participants used sound, touch, and visual
interpretation tools to follow robot actions and assess outcomes,
but these approaches were often ambiguous and effortful, lead-
ing to missed errors and misinterpretations. We then conducted a
co-design workshop with 11 BLV participants and 6 experts in acces-
sibility and multimodal communication. Participants proposed pre-
dictable robot behavior and proactive pauses for user verification,
alongside multimodal communication with clear cue-to-meaning
mappings and context-adaptive delivery. Across both studies, we
characterize challenges in non-visual robot monitoring and derive
design guidelines for accessible robot oversight.
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1 Introduction

Robots are beginning to take on everyday physical tasks on people’s
behalf (e.g., tidying, washing dishes, cooking). Such robots can save
time and effort for everyone, including people with disabilities [47].
Yet, even when a robot performs a task autonomously, people still
need to oversee its work—to understand its progress, verify outcomes,
and intervene when necessary. Sighted users can often do this by
watching the robot or glancing at the workspace, while blind and
low-vision (BLV) people may not be able to use visual observation
to notice errors or identify what has changed.

To help people follow and interpret robot behavior, prior work
has developed mechanisms such as legible motion [17], gaze and
attention cues [7, 46], and on-robot or environmental displays [10,
66, 70]. These approaches assume a sighted observer who can al-
ready see the robot, its workspace, and the physical changes it
makes. Prior research with BLV people has largely focused on
assistive robots for navigation and object finding, where the ro-
bot guides the user and the user remains nearby and actively
engaged [12, 29, 35, 54]. General-purpose household automation
changes this relationship: the robot instead performs tasks on the
user’s behalf, allowing users to shift their attention elsewhere while
the robot continues acting. Accessible automation should there-
fore preserve the benefit of offloading work while still enabling
BLYV users to understand progress, verify outcomes, and intervene
when necessary. In this work, we investigate: How can BLV people
effectively oversee physical work delegated to autonomous robots?

To understand current nonvisual oversight strategies and chal-
lenges, we conducted an observational study with 10 BLV partici-
pants who interacted with two robots (a tabletop arm [58] and a
mobile manipulator [59]) as the robots performed household tasks.
Participants used naturally available sounds to follow robot activity
in real time, but these cues were often incomplete or ambiguous.
Tactile inspection provided more direct information about task out-
comes, but was typically only possible after the robot had stopped or
completed the task. Participants also used human- and Al-powered
visual interpretation tools (e.g., Meta glasses), but these tools could
provide inaccurate or overly generic descriptions and depended on
correctly framing the scene and asking the right questions. Across 4
tasks, participants’ reports contained an average of 7.5 inaccuracies
per participant (SD=1.27), including missed robot errors, missed
task steps, and reports of events that did not occur.

Building on these strategies and challenges, we conducted an
in-person co-design workshop (N=17) to explore how robot over-
sight can be redesigned. The workshop brought together 11 BLV
participants and 6 experts in accessibility and multimodal commu-
nication. Across 7 workshop groups, participants proposed changes
to robot behavior, task information, access modalities, adaptation
and user control, and integration with familiar technologies and
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practices. Together, the two studies reveal where nonvisual over-
sight breaks down and how accessible oversight might be supported
across different contexts. We synthesize these findings into 6 design
guidelines for accessible oversight of autonomous robot work.

We contribute:

e An observational study (N=10) characterizing how BLV peo-
ple oversee household robots and the challenges they face.

o A co-design study (N=17) identifying recurring design pat-
terns for accessible robot oversight.

e Design guidelines for accessible oversight of autonomous
robot work, synthesized across both studies.

2 Related Work

2.1 Robot Communication for Oversight

Prior HRI research has examined what information users seek
from robots during task execution [68], when explanations are
desired [69], and how robot behavior and internal state can be
made transparent to users [62]. Existing robots can visually con-
vey information through legible motion [17], eye gaze [7], visual
projection [13], and deictic gestures [21, 28]. Other work has made
otherwise hidden robot reasoning and decision processes more
transparent through policy explanations [23] and visualizations
of robot control architectures [24]. Robots have also been aug-
mented with sound cues [49] and rich language-based commu-
nication [48, 71] to explain robot failures [71], respond to user
questions [68], and adapt explanations when users appear con-
fused [48]. Notably, none of these studies report including blind
participants. These approaches largely study communication as a
supplement to visual observation rather than as the primary means
of accessing robot activity and task outcomes. Our work explores
how these oversight requirements change for BLV people when
visual observation is unavailable.

2.2 Accessible Robot Interaction for Blind and
Low-Vision People

Prior work has developed assistive robots for BLV people, par-
ticularly for navigation [9, 31, 32, 35, 42, 55] and object localiza-
tion [12, 29, 54]. These systems guide the user to a location or
object through explicit physical guidance (e.g., the robot moves to
a location as the person holds onto it) or verbal guidance (e.g., the
robot states the remaining distance to a location). Across these
settings, the robot assists the user in carrying out specific tasks,
with the user typically remaining nearby and actively engaged with
its guidance. General-purpose household automation changes this
relationship: rather than assisting the user in performing a task, the
robot performs the task on the user’s behalf [18, 61, 65]. As robots
increasingly take on such everyday work, accessibility must ex-
tend beyond disability-specific assistive systems to general-purpose
robots [53]. For BLV people, accessible automation should preserve
the benefit of offloading work, while letting them oversee robot
work safely and without much effort. As a step toward accessible
robots for daily living, we study how BLV people currently oversee
autonomous household robot work and derive design guidance for
supporting this oversight.
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2.3 Accessible Visual Assistance and Awareness

Existing accessibility tools have helped BLV people access visual
information in everyday activities. VizWiz allows users to photo-
graph objects or scenes and ask questions answered by remote
crowd workers [11]. BeMyEyes [1] and Aira [2] similarly connect
camera feeds to sighted agents, and newer Al tools such as Be-
MyAI [3] and Meta Glasses [4] generate scene descriptions and
support follow-up questions. Beyond accessing real-world scenes,
accessibility research further explored how BLV people can main-
tain awareness of other people’s ongoing activity. In shared digital
environments (e.g., document editors), accessibility extension sys-
tems communicate who is editing what through earcons, voice
fonts, and spatial audio [15, 39], and summarizes visual changes
made by collaborators so BLV users can review and respond to
them [51]. In physical environments, systems such as PeopleLens
provide continuous information about nearby people’s identity,
location, and attention [45]. These systems support awareness of
other people, but did not yet explore a setting in which a user
delegates physical work to another actor and may shift their atten-
tion elsewhere. In this work, we examine how BLV people oversee
autonomous robots acting on their behalf.

3 In-Person Observational Study

To understand how blind people make sense of robotic behaviors,
task progress, and outcomes, we conducted an in-person observa-
tional study with 10 BLV participants. Researchers teleoperated the
robot for safety and consistent demonstrations. We investigate the
following research questions:

RQ1. What strategies do BLV people use to oversee robot task execu-
tion and outcomes?

RQ2. What challenges do BLV people encounter when using these
strategies for oversight?

3.1 Method

Participants. We recruited 10 BLV participants (P1-P10, Table 3)
through a local chapter of the National Federation of the Blind
(NFB) and word of mouth. We asked participants to bring any visual
assistive technologies they use in daily life (e.g., smart glasses, visual
interpretation smartphone applications) for optional use during
the study. The study was approved by our institution’s IRB, and
participants received $70 for the 2-hour session.

Robots. We used two robot platforms with complementary form fac-
tors and capabilities: TIAGo, a mobile manipulator with a wheeled
base and dual arms [59], and the Franka Emika Panda, a table-top
robotic arm [58]. We selected these platforms to cover common
household task demands, and given that robot morphology and
noise can shape how people perceive robot behavior [34]. During
the study, a researcher teleoperated both robots using a 3Dconnex-
ion SpaceMouse. Participants were unaware of the teleoperation
during the task and were informed during the post-study debrief.

Tasks & Procedure. The study took place in a lab space staged
with household objects (e.g., a table setting, sink, trash items, pantry
items). We began with a brief description of the space and each
robot’s appearance, size, and capabilities. Following prior work [12],
we then allowed participants a brief tactile exploration of the robots

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY
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Figure 2: Average post-task survey ratings (1-7) for perceived success
of the robot, situational awareness, and reliance comfort (Left). Fre-
quency of three types of inaccuracies (missed errors, missed steps,
incorrect addition) in participants’ task reports (Right).

while they were stationary. Participants then supervised two robots
completing four household tasks (Table 4): (1) setting the table with
matching plates and cups, (2) cleaning up the table by sorting dishes
and trash, (3) searching for and bringing salt, and (4) bringing pasta
and pouring it into a pot. The tabletop Franka performed (1) and (2)
while the mobile Tiago performed (3) and (4). The robot provided
a brief verbal update at the start and end of each task to convey
minimal status updates. In each task, we introduced two scripted
failures spanning diverse error types following prior taxonomies of
failures in HRI [26] (Table 4), to examine how participants detect,
interpret, and respond to common breakdowns.

Participants could use any non-visual cues and any assistive
technologies they typically use to observe the robot and verify the
robots’ task completion. When they wanted to touch the robot or
workspace to verify task state, we paused the robot and allowed
touch only when it was idle to prevent unexpected collisions. Partic-
ipants were asked to think aloud while completing each task. After
each task, they briefly summarized what they believed had hap-
pened and completed a short survey assessing perceived task suc-
cess, awareness of the robot’s behavior and outcomes, and comfort
relying on the robot. After all tasks, we conducted a semi-structured
interview to understand participants’ strategies and challenges.

Analysis. We video-recorded all sessions. To characterize over-
sight outcomes, we analyzed participants’ post-task ratings and
compared their summaries of what happened against the recorded
robot execution, identifying missed errors, and omitted steps. We
then iteratively coded participants’ task interactions, think-aloud
comments, and interview responses to identify recurring oversight
strategies (§3.3) and challenges (§3.4).

3.2 Understanding of Robot Task Execution

Post-task survey ratings show that participants perceived the robots
as moderately successful, and rated their situational awareness as
relatively high across all tasks (Figure 2, left). Despite high self-
ratings of situational awareness, the robot’s execution did not pro-
vide enough accessible information for accurate understanding of
what had occurred. Figure 2 (Right) shows our categorization of
different types of inaccuracies in each participant’s task reports,
including missed robot errors, omitted task steps, and reports of
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events that did not occur. Participant reports of the robot’s ac-
tions contained an average of 7.5 inaccuracies (SD=1.27): 51% were
missed errors, 30% were incorrect additions, and 20% were missed
steps. Incorrect additions were often due to ambiguous robot or
environmental sounds that could plausibly be interpreted as actions
that had not occurred.

3.3 Non-Visual Oversight Strategies

Participants used 3 recurring strategies to monitor robot activity
and verify task outcomes (S1-S3): auditory cues, direct sensory
inspection, and Al or human visual assistance. Table 1 summarizes
the oversight strategies used across tasks.

Monitoring and verification approaches (# participants)

Task Auditory Tactile Smell/taste Hflman ’AI
cues cues cues assistance  assistance
Set table 10 5 0 2 4
Clear table 10 8 0 1 2
Fetch salt 10 2 4 3 3
Pour pasta 10 7 0 1 2

Table 1: Approaches blind participants used to monitor and verify
robot task execution.

Figure 3: Participants used sound to monitor robot actions, listening
for the gripper opening and closing and for objects being placed.

S$1. Auditory cues for monitoring robot activity. In all 4 tasks,
all 10 participants reported using sound cues to track when the
robot began moving and when made contact with objects (e.g.,
grasping and placing) (Table 1). For mobile robot, 4 participants
(P1, P4, P7, P10) mentioned using wheel sound to infer where it
was heading, although P1 and P4 still found its distance difficult
to judge and felt uncomfortable when it moved nearby. Grasping
sounds were more perceptible from the nearby tabletop robot than
from the mobile robot when it was farther away.

Participants also detected failures using sound. All 10 partici-
pants noticed the robot spilling the pasta because pasta sounded
different when falling into the pot versus onto the table. 8 partici-
pants noticed a cup knocked over by the robot arm. However, other
errors were difficult to infer from audio, and sound could also be
misleading. P9 misidentified the pepper bottle the robot brought,
explaining it “sounded like salt.” 3 participants also misinterpreted
environmental or robot sounds. For example, P9 heard a building
fan and assumed the robot was scanning objects, while P1 and P5
interpreted the robot’s arm-retraction sound as actions that had
not occurred (e.g., opening the pasta box, recovering spilled pasta).
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Participants varied in their ability to extract information from
audio cues. P2 (a musician) explained that cups and plates make
distinctive sounds and that he could tell which of the two the robot
was placing. In contrast, P10 said, ‘T have no clue what objects the
robot is placing each time. I have to wait until I can touch it after.” P8
added: “Cups going into the sink make a clear sound, but when some
small trash goes into the trash bin, it’s not really making a noise.”
§2. Touch, smell, and taste for verifying task outcomes. Partic-
ipants used touch to verify task outcomes after the robot finished.
Participants touched objects to inspect placements, retrieved items,
and spills. However, tactile verification was often incomplete: dur-
ing table clearing, 8 participants swept the table with their hands
to confirm nothing was missed, yet 5 still overlooked a napkin re-
maining at the edge. Similarly, 2 participants attempting to collect
spilled pasta still missed pieces left on the table. Tactile checking
could also displace objects. For example, P6 accidentally pushed
the pepper bottle to the floor while trying to locate it.

Figure 4: Participants used smell and taste to identify retrieved
objects. They also used touch to verify outcomes (e.g., detecting a
knocked-over cup). Yet, tactile checking could introduce additional
errors, such as spilling more pasta while searching for the spill.

Participants also described touch as undesirable in realistic house-
hold contexts. 8 participants checked the trash bin and sink after
table clearing, but noted that such verification would be impractical
in daily life. As P10 put it, “Who would want to put their hand into
the trash to check what the robot did? I expect the robot to work for
me, not me working for it.” P4 noted safety concerns: “If there was
actually a boiling pot of water here, trying to touch around it would
be really dangerous.” Beyond touch, participants used other senses
to verify outcomes. 4 participants smelled, and in some cases tasted,
the retrieved spice bottle to identify it. Yet, P9 explained, “Touching
or smelling is slower than hearing. I can only check when the task is
complete because I can’t interfere while the robot is still moving.”
$3. Al and human visual assistance for accessing visual in-
formation. 7 participants used Al-powered visual interpretation
tools such as BeMyAI [3] powered by ChatGPT [50], Seeing AI [5],
and Gemini Live [6] to capture photos or stream video and receive
descriptions (Figure 5). 4 also used Meta smart glasses [4], which
reduced the need to hold and aim a phone. Participants often com-
bined Al with other strategies, such as confirming again with touch
or cross-checking multiple Al tools to increase confidence.



Designing Accessible Oversight of Household Robots with Blind and Low-Vision People

Figure 5: Participants used Al visual interpretation tools (e.g., meta
glasses, mobile applications) and remote human assistance to under-
stand robot action and verify the object retrieved.

Framing the robot and target objects was difficult when using
phone-based Al tools. During the salt fetching task, P6 repeatedly
tried to capture the bottle label for BeMyAlI but it remained out of
frame and he eventually switched to a barcode reader. Participants
also noted that AI descriptions were often at the wrong level of
granularity or required careful prompting. For example, P4 and P7
asked Al to describe what it saw and received generic description (“
a robotic arm on the table with kitchen items) which required follow-
up questions (e.g., “What are those items? Any trash?”). P7 noted ‘T
should ask the right question, otherwise the descriptions are not useful.”
Participants further reported inaccuracies and hallucinations as
models often relied on a single snapshot or narrow view and thus
failed to capture motion or context. P1 noted, “My Meta Glasses said
the robot is stationary, when I could clearly hear it moving.” Al tools
were also harder to use when the robot was far away, occluded, or
turned away from the camera.

4 participants used human visual interpretation services includ-
ing Be My Eyes [1] and Aira [2] (Figure 5). These tools allowed
participants to share live video over a call and ask questions. Par-
ticipants provided task context and adjusted the camera to help
interpreters access relevant information, yet uncertainty remained.
P3 explained: “When she [the visual interpreter] said there’s nothing
on the table, I'm not sure if it’s true or whether my camera was not
showing it all.” Participants also highlighted that the services were
often expensive ($100 for 50 minutes of Aira), unreliable with poor
connectivity, and could reduce independence and privacy. P9 noted
‘T want the robot to describe things, not them [visual interpreters] so
that I can feel more independent.” In the interview, 9 participants
expressed a preference for Al over human assistance due to more
consistent response styles as well as independence and privacy.

3

3.4 Non-Visual Oversight Challenges

These strategies supported different aspects of non-visual oversight:
auditory cues enabled ongoing monitoring (S1), direct sensory in-
spection supported outcome verification (S2), and visual assistance
provided access to otherwise unavailable information (S3). Across
these strategies, we synthesized four recurring challenges (C1-C4)
that limited complete and reliable oversight.

C1 Naturally available sensory cues provide incomplete
access to robot activity and outcomes. Sound can reveal
movement, contact, and some failures, but may be absent,
ambiguous, or misleading. Touch can verify outcomes, but
is slower, effortful, and sometimes undesirable or unsafe.
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Figure 6: Co-design workshop materials and activities: (Left) 3D-
printed human and robot figures for demonstrating spatial arrange-
ments and interaction ideas. (Right) A participant sensing the sound
and vibration from the robot gripper during hands-on exploration.

C2 AI and remote visual assistance can provide inaccurate
or incomplete information. Descriptions can misrepre-
sent robot activity or miss events due to limited camera
framing, occlusion, missing context, or description quality.

C3 Discovering missing information requires knowing
when, where, and what to check. Participants must pose
questions, aim cameras, or search the workspace themselves,
making unexpected errors or changes difficult to discover.

C4 Access to information decreases with distance from
the robot and workspace. Sound is harder to interpret,
touch takes longer to initiate, and camera-based assistance
is less reliable when activity is distant or out of view.

4 Co-Design Workshop

Our observational study revealed strategies and challenges BLV
people encounter when overseeing robot task execution and veri-
fying their outcomes. To engage BLV participants and accessibility
experts in designing solutions to these challenges, we conducted a
co-design workshop with 17 participants.

4.1 Method

Participants. We recruited 17 participants (Table 5-6), including
11 BLV participants and 6 experts in accessibility and multimodal
communication (1 audio describer, 2 orientation and mobility spe-
cialists, 2 sound designers, and 1 haptics engineer). We recruited
BLV participants through a local NFB chapter and word of mouth,
and recruited experts through professional mailing lists. None of
the participants participated in our prior observational study.

Robots & Materials. Participants interacted with two robot plat-
forms: a Franka Emika Panda tabletop manipulator [58] and a Hello
Robot Stretch mobile manipulator [33]. To broaden the design space
beyond the two available robot platforms, we also provided a 3D-
printed humanoid robot figure representing an emerging form
factor for general-purpose household robots. During the design
session, we provided 3D-printed figures representing humans and
different robot embodiments that participants could arrange and
manipulate to demonstrate their ideas (Figure 6).

Procedure. In the 2-hour workshop, we first summarized findings
from the observational study, including the oversight strategies par-
ticipants used and the challenges encountered. We then introduced
the robots through a guided hands-on experience similar to our
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observational study. Participants tactually explored each robot and
its components, learned about its capabilities and movement, and
listened to the sounds it produced.

We formed 7 small groups of 2-3 participants, ensuring that BLV
participants were not outnumbered by sighted participants in any
group to center BLV perspectives during the design process. We
used small groups to support collaborative ideation while giving
each participant space to contribute, following prior accessibility
co-design studies [16, 67]. Each group worked for 30 minutes on a
different design scenario involving a particular robot embodiment,
household task, and oversight context (see Appendix B.2 for the
full scenario list). We derived the scenarios from our observational
study, where participants reflected how their oversight strategies
and challenges would change across different contexts. Each group
designed ideas on how BLV people can effectively oversee robots
in their assigned scenario. Participants could use the 3D-printed
figures or role-play interactions themselves to demonstrate spatial
relationships, robot behaviors, and proposed interactions. Finally,
groups reconvened for a 30-minute share-out in which each group
presented its design and discussed it with the broader workshop.

The study was approved by our institution’s IRB, and all partici-
pants provided informed consent. We video-recorded the workshop
and collected the groups’ design artifacts. We qualitatively coded
the recordings and artifacts and iteratively grouped related ideas
across groups into recurring design patterns.

e

Co-design

Demonstration

| o
Group

Figure 7: Co-design workshop materials and activities: (Left) Partici-
pants discussing in small groups. (Right) A participant demonstrat-
ing a scenario in which the robot picks up and hands over his mug,.

4.2 Patterns Across Group Designs

Table 2 summarizes the recurring design patterns across groups. Be-
cause groups worked on different scenarios, counts indicate recur-
rence across designs rather than participant prevalence. Complete
group designs are provided in § B.2.

Robot Execution: How robot actions could be easier to follow
and interrupt. Participants wanted the robot to perform the task in
a way that users could more easily predict and follow. For example,
G2 suggested robots to search a tabletop in a consistent grid pattern,
similar to systematic search strategies blind people are taught to use,
so users could infer which areas had already been checked by the
robot. G4 similarly wanted cleaning routines to begin from the same
location and proceed in a consistent order, making progress easier to
follow. For intervention checkpoints, 3 groups introduced different
moments for users to inspect or influence execution. G3 and G6
designed robots that proactively pause and seek confirmation before
consequential actions such as discarding an uncertain object.
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Robot Communication: What users wanted to know during
and after the task. Participants wanted information that clarified
what the robot was doing, and how its actions changed the environ-
ment. 6 groups wanted updates about the robot’s current activity,
progress, remaining work, or estimated completion. For example,
G4 proposed periodic progress updates, and G7 wanted the robot
to communicate how much longer its task would take. 5 groups
also wanted information about task outcomes or changes to the
environment. G4 proposed a concise summary of completed work,
and G7 wanted the robot to report additional changes it made to
the shared space during the task (e.g., moving furniture or objects).

Robot Communication: How robot updates could be conveyed.
Groups proposed multiple modalities for receiving robot updates. 6
groups used language-based communication, ranging from proac-
tive narration and task summaries to on-demand Q&A. Some also
had the robot initiate questions when user input was needed (e.g.,
confirming consequential action). The amount and timing of speech
varied: G7 proposed a full description when the robot first encoun-
tered the user, then changing to ambient updates and on-demand
questions as the user became familiar with its behavior.

All 7 groups also incorporated auditory or haptic cues, often for
information that could be conveyed without demanding sustained
attention. G3 proposed distinct sounds for movement along dif-
ferent axes (i.e, moving vertically versus forward and backward).
When users’ auditory attention was occupied, groups shifted to-
ward haptics: G5 proposed subtle vibrations while the user was in
conversation, with stronger vibration patterns signaling greater
urgency. Participants often paired these cues with language so that
sounds or vibrations provide timely awareness and narration clarify
the detailed outcome, or reason attention was needed.

Verification Support: How users could verify robot claims and
outcome. 2 groups wanted the robot to provide evidence that users
could use to assess the robots’ claims. In G1, where the robot was
refilling a guide dog’s water bowl, participants proposed reporting
sensed changes in water level or bowl weight instead of only stating
that the bowl had been filled. In G2, where a robot arm was loading
dishes, participants wanted it to report how many dishes it had
handled and its confidence that the task was complete, helping
users judge whether to further check. P12 in G2 explained “The
robot should tell me sometimes: I'm pretty certain, no need [for you]
to check, or I'm not sure so you should come and check.” 2 groups
also designed support to help users verify outcomes. G4 proposed
bringing questionable objects to the user for confirmation or placing
them in a consistent location for later tactile inspection, reducing
the user burden to search the workspace.

Adaptation & Control: How oversight changed across contexts
and preferences. 4 groups wanted oversight to adapt based on the
user’s situation, including their attention, activity, proximity, time
of day, and whether other people were present. Unlike sighted users
who can often maintain awareness through brief visual glances or
listen to robot communication while visually focusing on another
task, BLV users rely on speech and auditory cues that compete
with other auditory attention (e.g., screen reader, conversation).
Therefore, participants wanted oversight to adapt its modality and
intensity to their current context. For example, G5 proposed subtle
phone or wearable notifications while the user was in conversation,
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Design Dimension Recurring Pattern Description Groups
Robot Execution Predictable execution Designs used consistent movement, search, or action sequences that users could 2/7
anticipate and follow.
Intervention checkpoints  Designs paused at meaningful points so users could confirm, correct, or otherwise 3/7
intervene before execution continued.
Robot Communication  Action & progress Designs communicated what the robot was doing, task progress, remaining work, 6/7
(Information) or estimated completion.
Outcomes & changes Designs communicated completed work and changes the robot made to objects 5/7
or the surrounding environment.
Robot Communication Narration Designs used spoken or written descriptions, updates, summaries, or question 6/7
(Modality) answering to convey task information.
Auditory & haptic cues Designs used sounds, spatial audio, vibration, or other non-speech cues to com- 7/7
municate movement, location, state, or urgency.
Verification Support Verification evidence Designs exposed sensed state, counts, confidence, before—after comparisons, or 2/7
other evidence users could use to assess robot reports.
Physical verification Designs created opportunities for users to directly inspect objects or outcomes 2/7
through touch, such as bringing uncertain objects to the user or keeping them in
known locations.
Adaptation & Control Context adaptation Designs changed communication timing, detail, modality, or urgency based on 4/7
attention, proximity, activity, or social context.
User customization Designs let users configure modalities, verbosity, update frequency, or other over- 3/7
sight preferences.
Practical Integration Familiar devices Designs incorporated accessible devices users already used, such as phones, 4/7
watches, or speakers.
Low learning burden Designs reused familiar cues, devices, or conventions to reduce new interaction 3/7

mappings or setup.

Table 2: Recurring patterns across the 7 groups’ co-designed concepts. We organize patterns by robot execution, robot communication
(information and modality), verification support, adaptation and control, and practical integration. Individual designs often combined patterns
across multiple dimensions. Counts indicate the number of group designs that incorporated each pattern, rather than participant prevalence.

escalating to stronger cues for urgent events. G6 similarly proposed
shifting from spoken updates to private phone or watch notifica-
tions at night or around others. 3 groups also proposed user control
of how the robot communicated. G4 and G7 proposed controls over
modality, alert frequency, volume, and verbosity, and G6 suggested
remembering communication preferences across repeated tasks.
P21 in G7 highlighted “Not everyone wants conversational robots.”

Practical Integration: How oversight fit into familiar devices
and practices. 4 groups incorporated devices participants already
used, including phones, smart watches, speakers, and other accessi-
ble technologies. For example, G6 proposed routing robot updates
through Alexa [8] rather than requiring a separate robot-specific
sensor or speaker interface. P18 emphasized ‘Tt [monitoring the
robot] should work with existing techologies and not require “another
piece” of equipment.” 3 groups also tried to minimize the amount of
new interaction users would need to learn to interpret. G3 drew on
familiar auditory conventions such as pedestrian signals for robot
movement. G4 emphasized first explaining what different sounds
and cues meant and then limiting the number of distinct cues so
users could remember them.

5 Design Guidelines

Drawing across the oversight challenges observed in the first study
and the strategies participants used and proposed across both stud-
ies, we distill 6 design guidelines for accessible oversight of au-
tonomous household work. These guidelines aim to preserve the
benefits of participants’ existing non-visual oversight strategies
while addressing the challenges that limited their effectiveness.
They address how robot behavior itself can support oversight (DG1),
how task information is communicated (DG2), how users can assess
and verify robot work (DG3-DG4), and how oversight can adapt to
context and fit existing practices and technologies (DG5-DGS6).

DG1. Make robot execution easier to follow through pre-
dictable behavior and nonvisual cues. Study 1 showed that
participants relied heavily on naturally available sounds to follow
robot activity, but these cues could be incomplete or ambiguous
(C1). In Study 2, participants proposed robots that followed recog-
nizable execution patterns and mapped sounds to specific actions
such as movement direction or gripper state. Household robot plan-
ners often prioritize objectives such as coverage, efficiency, and
obstacle avoidance [30, 56], and often adapt execution to newly
sensed objects [19, 25], which consequently vary their paths across
executions. Beyond such optimization, prior HRI work has explored
legible motion, where visual trajectory differences help observers
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infer robot intent [17]. However for non-visual oversight, these
visual trajectory differences may provide little benefit. Participants
instead valued consistency, suggesting repeatable search, cleaning,
and placement orders that users can learn and anticipate. They also
wanted robot behavior to build on strategies already familiar to BLV
people, such as systematic spatial search [60]. This suggests design-
ing robot task strategies around BLV users’ established practices,
extending ability-based design’s emphasis on building on users’
existing abilities [73]. Beyond changing robot behavior, robots can
preserve and strengthen informative natural sounds. As motor and
contact sounds can be dampened by carpet or masked by environ-
mental noise, robots can amplify them or add sound effects for key
actions (e.g., movement start or gripper state), making execution
easier to track without continuous narration.

DG2. Proactively narrate task state and environmental changes
users may miss. Participants could miss task events that were not
conveyed through available nonvisual cues (C1), and user-initiated
questions depended on knowing that something had happened or
that information was missing (C3). Recent work demonstrates that
robots can transform robot task trajectories into natural-language
narration [43, 71], and research in explainable robots reveal what
sighted users want to know about execution details and environ-
mental state [41, 68, 69]. However, non-visual oversight may require
more task and environmental state to be communicated explicitly,
since users cannot rely on visual observation to fill in gaps. Rather
than narrating everything, robots can model what the user can
already perceive and proactively surface consequential information
that is otherwise difficult to infer or discover. In practice, designers
can prioritize events that are (1) hard to perceive nonvisually, (2)
consequential for task success and safety, and (3) unlikely to prompt
a question because the user may not know they occurred. Finer exe-
cution details can remain available through Q&A.

DG3. Ground robot communication in evidence and uncer-
tainty to indicate when verification is needed. Both robots’
own narrations and external Al descriptions can be incomplete,
inaccurate, or delayed (C2), creating another source of uncertainty
beyond the robot’s physical execution [22, 52]. For nonvisual over-
sight, such errors may be difficult to detect because users cannot
always visually cross-check the robot’s account against its behavior
or the resulting environment. Building on prior work on commu-
nicating robot uncertainty and anticipated failures [27, 41], robots
should ground important claims in evidence and expose relevant
uncertainty or sensing limits so users can determine what still
needs verification. For example, rather than simply reporting that
all dishes were loaded, a robot can report how many it handled and
which parts of the workspace remained uncertain, helping users
target further checks and recover otherwise unnoticed errors.
DG4. Guide users toward safe, targeted, and low-effort hands-
on verification. When Al descriptions remained uncertain (C2),
participants often turned to touch, but tactile checking could be
effortful or unsafe (C1). Prior work has shown how robots can guide
BLV users to objects through spatial language, haptic guidance,
and structured handovers [12, 29, 36, 37]. In delegated work, these
mechanisms can instead support verification of robot work. After
completing a task, a robot can guide the user to an outcome rather
than requiring them to search the workspace themselves. Robots
can make clear where and when touch is safe. While still working,
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they can indicate the area they are occupying and nearby regions
that are safe to inspect. When closer checking is needed, they could
pause or retract and guide the user directly to the relevant outcome.
Robots should also warn users when hands-on checking is unsafe
or likely to disturb the result (e.g., hot cookware, sharp knife, or
spillable containers). In such cases, robots could instead provide
sensor evidence or targeted visual descriptions, and low-vision
users could be supported through visual highlighting of relevant
or hazardous regions [14, 40].

DG5. Adapt oversight to users’ attention, sensory access, and
context. Study 1 showed that access to robot activity decreased
when users were farther from the robot or workspace (C4), and
co-design participants emphasized that the same communication
may not remain accessible across everyday situations. For BLV
users, audio often supports both computer access and environ-
mental awareness, so robot sounds or narration can compete with
screen readers, environmental sounds, or conversations rather than
simply adding another channel. Robots could therefore sense avail-
able perception channel of users at the moment and escalate across
modalities (e.g., haptics on mobile devices) when audio is occupied.
Similarly, when users are far away from the robot, it can bring
uncertain objects to users for verification. While most BLV partic-
ipants wanted rich narration from robots, they also wanted it to
adapt to shared household contexts. To avoid interrupting house-
hold members or revealing private task details aloud, users should
retain control over modality and verbosity.

DG6. Build on familiar devices and consistent conventions.
This guideline emerged primarily from co-design rather than a spe-
cific Study 1 challenge. While participants wanted rich narration,
sound cues, and information about the broader environment, they
did not want this support to require additional cameras, speak-
ers, or robot interfaces. Instead, they proposed integrating robot
updates into devices they already use. This reflects broader accessi-
bility work emphasizing access through mainstream technologies,
rather than requiring new devices that can introduce additional cost
and social stigma [63, 64]. Prior work has already explored extend-
ing robot monitoring and control beyond the robot itself through
phones, wearables, and multimodal alerts [38, 44, 72]. For BLV users,
robot oversight can build on an existing accessibility ecosystem
(e.g., smartphone visual-assistance apps, smart speakers, and smart
glasses). Participants wanted robot communication to reuse familiar
audio conventions and cue meanings (e.g., earcons [20]), reducing
the need to learn a new vocabulary. At the same time, robot nar-
ration could use a distinct voice or sound identity to distinguish it
from other audio delivered through the same devices.

6 Reflections and Future Work

Our studies surface methodological considerations for future acces-
sible HRI research. First, choices of physical props that may seem
inconsequential in visually oriented studies can substantially affect
nonvisual interaction. In our study, we used real household objects
but substituted plastic plates for glass for safety. Yet, participants
noted that glass plates would produce different sounds, suggesting
that visual similarity does not imply auditory similarity. Second,
while our guidelines are grounded in both observed oversight chal-
lenges and co-designed patterns, they have not yet been validated
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through implemented systems. We plan to build and evaluate these
designs with BLV users in their homes, where household layouts,
lighting, and robot sensing limitations may further shape oversight.
Also, most of our low-vision participants had limited usable vision,
so future work can examine how oversight strategies differ across
broader spectrum of low vision. Finally, we focused on oversight
rather than how BLV users command or intervene with robots.
They may rely less on visually grounded references (e.g., “the red
cup”) when clarifying objects or actions, and remains an important
direction for future work.

7 Conclusion

We explored how household robot oversight can support BLV peo-
ple when visual observation cannot be assumed. Our observational
study (N=10) demonstrated that people used sound, touch, and
visual interpretation tools to follow robot activity and verify out-
comes, but these strategies were often ambiguous, effortful, and
insufficient. Our co-design workshop (N=17) indicated that accessi-
ble oversight requires robots to make their behavior easier to follow,
their communication easier to verify, and both adaptable to users’
context. We synthesize these findings into design guidelines for
accessible oversight of autonomous household work. As household
robots promise to reduce effort and expand access to everyday tasks,
we hope this work helps ensure that these benefits do not depend
on vision, enabling BLV people to delegate work while retaining
awareness, safety, and agency.
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A In-Person Observational Study

We outline the stages of our observational studies in Figure 8 and share details about our participants and the household tasks completed by
the robots during the study.

Introduction Robot Tabletop Mobile Post-t_ask
Exploration Robot Tasks Robot Tasks Interview
— — s /e\ s is.( s
® N («c
)OI &d
10 min 10 min 40 min 40 min 20 min

Figure 8: Stages of our observational study. The Tabletop robot and mobile robot each contained 2 tasks, with a survey and debrief for each
task. The order of the robot types (i.e, which robot was presented first) was randomized per participant.

A.1 Participants

We recruited 10 blind participants (P1-P10 in Table 3) through a local chapter of the National Federation of the Blind (NFB) and word of
mouth. Eligibility included being able to travel to the study location in person. We ensured accessible commute support with local access
door-to-door services.

PID Gender Age Vision Onset

P1 Female 38 Totally Blind Congenital
P2 Male 53 Totally Blind Acquired
P3 Female 38 Totally Blind Congenital
P4 Female 40 Totally Blind Congenital
P5 Male 47 Totally Blind Congenital
P6 Male 46 Totally Blind Congenital
P7 Female 44 Totally Blind Congenital
P8 Female 37 Totally Blind Acquired
P9 Female 30 Totally Blind Congenital
P10 Male 41 Totally Blind Acquired

Table 3: Demographics of blind participants in the in-person observational study

A.2 4 Household Tasks

We designed 4 everyday household tasks: two with a tabletop manipulator and two with a mobile manipulator. Each was presented with a
short scenario to provide participants with a concrete goal and expectations for the outcome. During the study, a researcher teleoperated the
robot following an execution script for each task. We also introduced 2 planned errors at specific moments for each task, to explore how
blind participants identify and react to these errors.

Task 1: Set the Table

Scenario. Your friend is coming over, and you want to set the table with matching plates and cups. You ask the robot to help place the
items neatly on the table. As the task runs, pay attention to what the robot seems to be doing and whether the final setup matches your
expectations.

Steps.

(1) Two dishes (pink, teal) and two cups (pink, teal) are on the sink on the table; nothing else is on the table.
(2) The robot picks up a pink plate and places it on the table.

(3) The robot picks up a teal cup and places it next to the pink plate.

(4) The robot picks up a teal plate and places it on the table (it contacts the teal cup during placement).

(5) The robot picks up a pink cup and places it next to the teal plate.

Injected errors.
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Robot Task Task description Error type Error description
From a sink-side staging area, the robot places two  Misinterpretation Color mismatch + layout: The robot forms two place
Panda Set table plates and two cups onto the table, arranging one cup settings with mismatched colors (e.g., pink plate is
next to each plate. The intended outcome is two placed next to teal cup).
color-matched plate—cup settings.

Control error Cup collision + risky grasp: While placing the sec-
ond plate, the robot bumps a nearby cup; the grasp
appears marginal (held at the edge), raising safety
concerns.

Given mixed items on a cluttered table, the robot Planning error Mis-sorted reusable: The robot places a reusable cup
Panda Cleartable .. jtems by placing reusable dishware into a sink into the trash bin instead of in the sink.
and disposing of trash into a bin. One small item
remains on the table at the end. Sensing error Missed paper towel: The robot fails to notice a crum-
pled paper towel (outside its field of view) and leaves
it on the table.
) The robot navigates to a counter with seasonings, Sensing error Wrong item retrieved: The robot retrieves the wrong
Tlago Fetch salt selects an item, returns to the user at the kitchen seasoning (]emon pepper instead of salt)’ l|ke|y due to
table, and places the item near the user’s workspace. label orientation.

Control error Missed grasp + retries: The robot must try multiple
times to grasp the object since initial attempts fail,
delaying the task.

) The robot retrieves a pasta jar from a counter, returns  Control error Spillage during pour: Some pasta spills onto the
Tiago Pour pasta

to the user, tilts the jar to pour pasta into a pot, and
sets the jar down afterward.

table or floor during pouring.

Sensing error

Residual pasta left: The robot stops pouring before
the jar is empty, leaving pasta remaining inside.

Table 4: Summary of four teleoperated household-robot tasks and injected issues.

e Misinterpretation error: The robot places two place settings with mismatched colors (the teal cup is placed next to the pink plate).

o Control error: While placing the second plate, the robot knocks over the nearby teal cup and does not pick it up.

Task 2: Clear the Table
Scenario. After your friend leaves, the table is cluttered with cups, bowls, and snacks. You ask the robot to clear the table so you can use it for
work. There is a sink and a trash bin on the table. The robot should put reusable items into the sink and trash into the bin. Notice what the
robot moves, what it leaves behind, and how confident you feel about the outcome.

Steps.

(1) Two plastic cups (pink, teal), one purple bowl, one empty Oreo package, one crumpled paper towel, and one leftover bread are laid out
on the table.

2) The robot picks up the pink cup and places it into the trash bin.

3) The robot picks up the teal cup and places it into the sink.

5) The robot picks up the plastic bowl and places it into the trash bin.

6) The robot picks up the Oreo package and places it into the trash bin.

)

®3)

(4) The robot picks up the bread and places it into the trash bin.
(5)

(6)

(

7) The crumpled paper towel remains on the table (out of the robot’s field of view).

Injected errors.

o Planning error: The robot places the reusable pink cup into the trash bin (instead of the sink).

o Sensing error: The robot misses the crumpled paper towel and leaves it on the table.

Task 3: Fetch Salt
Scenario. You are sitting at the kitchen table while preparing pasta, and realize you need salt for boiling pasta. The robot will search for the
salt, navigate back to you, and put it on the table. Notice what the robot is doing and what object it brings to the table.

Steps.

(1) A pot is on the table in front of the participant, and the robot starts near the participant’s table.
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(2) The robot navigates to the other side of the kitchen toward a shelf containing cereal boxes, fruit, a pasta jar, and salt and pepper. The
labels on the salt and pepper are facing away from the robot.

(3) The robot attempts to grasp the pepper and makes multiple grasp attempts before succeeding.

(4) The robot grasps the pepper, navigates back to the participant’s table, and places it on the table next to the pot.
Injected errors.

e Control error: The robot tries multiple times to grasp the object due to the approach angle and distance.

e Sensing/Planning error: The robot brings the wrong object (lemon pepper instead of salt).

Task 4: Pour Pasta

Scenario. You are preparing other ingredients and ask the robot to help by preparing pasta. The robot will search for a pasta jar, bring it to the
table, and pour pasta into a pot. Pay attention to how the robot moves through space and how you understand what happens during pouring.
Steps.

(1) The robot navigates back to the kitchen shelf and picks up the pasta jar. The pasta jar has no lid.

(2) The robot grips the pasta jar upright and navigates back to the user.

(3) The robot adjusts its left arm joint to find a pouring angle.

(4) The robot pours pasta into the pot. Some of the pasta spills onto the table and onto the floor.

(5) The robot places the pasta jar on the table. There’s remaining pasta in the jar.

Injected errors.

o Control error: The robot spills some pasta onto the table and/or floor.

o Early termination / sensing error: Some pasta remains in the jar after pouring.

Safety Measures. To support participant safety and to reliably introduce planned robot errors, we ran the sessions using a Wizard-of-Oz
setup [57]. A researcher continuously supervised the robot and held the emergency stop button. We maintained a safe distance between
the robot and participants throughout the study, and whenever participants wanted to touch the robot or inspect the workspace during
execution, we paused the robot first to prevent collisions. We used a mix of real kitchenware (e.g., cups, plates, sink) and mock props (e.g., a
trash bin). Before starting, we described the objects and the surrounding workspace and invited blind participants to tactually explore them
(e.g., materials, object locations, table boundaries) to build familiarity with the study setup. To improve manipulation reliability, we made
minor task modifications (e.g., using a pasta jar without a lid). To reduce spill risk and simplify cleanup during the pasta-pouring task, we
used an empty pot with no boiling water.

B Co-Design Study

We outline the stages of our co-design workshop in Figure 9 and share details about our participants and each group’s scenarios and solutions.

Introduction Share Initial Share Group Robot GTOUP Group Final
Findings Scenarios Exploration Co-design Share-out Reflection
— Slg — O —>| — . — (@) —
Dl 090 0QLo
® 3 2 DY & 2R ®
10 min 5 min 15 min 25 min 30 min 20 min 5 min

Figure 9: Co-design workshop stages. We first introduced the study and shared findings from the observational study, then presented group
scenarios and facilitated hands-on robot exploration, followed by group co-design, a share-out, and final reflection.

B.1 Participants

We recruited 11 blind participants (P11-P21, Table 5) through a local chapter of the National Federation of the Blind (NFB) and word of
mouth, and 6 sighted participants (S1-S6, Table 6) through an institutional mailing list. To minimize potential bias from prior exposure to
the same task scenarios and planned errors, we did not recruit participants in our earlier in-person study.

Safety Measures. As with the observation study, a researcher continuously supervised the robot during the robot exploration portion of the
co-design study and had immediate access to the emergency stop button. We maintained a safe distance between the robot and participants
during this portion, and ensured that the robot was not running while participants touched or interacted with the robots physically.
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PID Gender Age Occupation Vision Onset Robot Exp. Types of Robots Used Group
P11 Male 74  Retired Totally blind  Acquired 2 years Robot vacuum 1
P12 Male 34  Project manager Totally blind Congenital 4 years Robot vacuum 2
P13 Male 50 Assistive technology specialist Low vision ~ Congenital ~ 12years  Robot vacuum 3
P14 Male 63  Customer Service Representative Totally blind Congenital 4 years Robot vacuum 3
P15 Female 52 Licensed Massage Therapist Low vision  Acquired 3 years Robot vacuum 4
P16 Female 38 Outdoor consultant Totally blind Congenital None N/A 4
P17 Female 40  Vocational Rehabilitation Counselor Low Vision  Congenital 5 years Robot vacuum, autonomous cars 5
P18 Female 34 Data Scientist Totally blind  Acquired 4 years Robot vacuum, autonomous cars 6
P19 Male 34  Product Manager Legally blind Congenital 2 years Robot vacuum, autonomous cars 6
P20 Female 59 Workforce Development Manager Totally blind Acquired 4 years Robot vacuum 7
P21 Female 47 Product Manager Totally blind Congenital None N/A 7

Table 5: BLV participants for the in-person co-design workshop.

PID Gender Age Occupation Vision Onset Robot Exp. Types of Robots Used Group
S1 Male 40  Musician Sighted N/A None N/A 1
S2  Female * OMS Sighted N/A None N/A 2
S3 Female 40 OMS Sighted N/A Limited ~ N/A 3
S4  Male 29  Haptic engineer Sighted N/A 10 years  Research robots, wearables 5
S5 Male 43 Musician Sighted N/A 8 years Robot vacuum 6
S6  Non-binary 50 Audio describer Sighted N/A None N/A 7

* Participant preferred not to disclose age.

Table 6: Sighted participants for the in-person co-design workshop.

B.2 Group Scenarios and Proposed Designs

We designed 7 scenarios, one for each design group. Two scenarios involved a mobile manipulator, two involved a tabletop robot arm, and
three involved a humanoid robot.

Deliverables for each group: Design the end-to-end communication experience for your scenario. Show when the robot communicates,
what it communicates, and how the user can respond or verify what happened. During the final share-out, demonstrate your design using
role-play, the robot/3D figures, props, sketches, or another simple prototype.

Group 1: You are away from home while the robot completes a task
Robot: Tabletop robot arm
Scenario: You are away from home and ask the robot to refill your guide dog’s water bowl. The robot reports that it has finished the task
successfully.

e How would you want to monitor the task remotely without watching it continuously?

e How should the robot help you verify that the bowl was actually filled?

e What evidence would be useful? For example, a verbal description, status updates, a photo/video that is described to you, sensor

information, or something else?

o Design the communication from request — task progress — verification of completion.
Co-designed solution: Group 1 proposed integrating the robot with a “smart” bowl equipped with sensors to detect the water level and
potentially using the robot’s camera to capture evidence of the bowl transitioning from empty to full. The system would communicate
task completion through notification sounds on the user’s phone or existing devices, providing sensor or visual evidence for the user to
independently verify the outcome.
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Please refill my
dog’s water bowl.

150g -> 620g
Water level: High ()

Figure 10: Group 1. Remote Monitoring Using smart objects with cameras and weight sensors to provide accessible evidence for remote task
verification.

Group 2: You need to take over an incomplete robot task
Robot: Tabletop robot arm
Scenario: You ask the robot to load dirty dishes into the dishwasher. It loads most of them, but its camera fails to detect two dishes on the
table. The robot stops, and you need to finish the task yourself.
e How should you know what the robot completed and what remains?
e How should the robot help you locate the two remaining dishes?
e What information would help you smoothly take over and finish the task?
e Design the handoff from robot — you.
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Figure 11: Group 2. Understanding Progress Using predictable search patterns and distinct movement sounds to make robot progress easier to
understand.

Co-designed solution: Group 2 proposed that the robot follow a predictable grid pattern when searching, mirroring existing strategies
used by BLV people to locate objects. The robot would also communicate its location through different audio cues (e.g., specific sounds for
when the robot is stuck, has retrieved an object, or is starting the task). The system would also report how many dishes it had loaded and
communicate its confidence in task completion, allowing the user to infer what remains and locate the missed objects.

Group 3: The robot is about to take an action you may not want
Robot: Mobile manipulator
Scenario: You ask the robot to organize the kitchen counter. It sees a plastic spoon, decides that it is trash, and throws it away—but you
wanted to keep it.

o At what point should the robot have communicated with you?

e Which actions can it take independently, and which should require confirmation first?

e How should the robot communicate uncertainty such as, “I think this is trash”?

e Design the interaction from planning — asking/confirming — acting — reporting what it did.
Co-designed solution: Group 3 proposed that the robot communicate object identities before acting. While simple movements could
proceed autonomously, consequential actions such as picking up or discarding an object would require confirmation. The robot would also
use different sounds to convey movement along different axes or planes.
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Throw away?
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Throw away?

Figure 13: Group 3-2. Object Confirmation Describing visual and physical object characteristics before consequential actions.

Group 4: You are doing another task while the robot works

Robot: Mobile manipulator

Scenario: You ask the robot to clean the living room while you study in another room. The task takes about 20 minutes and involves several
steps and small decisions.

e What information should interrupt you while you are studying? What information can wait until the task is complete?
e How should it communicate its progress?

e How should the robot distinguish between something that is urgent, needs a decision, or is simply a routine update?

e Design when and how the robot communicates while keeping interruptions minimal.

Figure 14: Group 4. Object Confirmation Bringing objects the robot is uncertain about, such as objects on the floor that may be trash, to the
user for confirmation.

Co-designed solution: Group 4 proposed a customizable system where users select their preferred modalities (auditory, haptic, or verbal),
alert frequency, and level of detail/verbosity. Routine progress could be conveyed through concise updates or phone notification haptics,
while urgent situations would trigger specific “unpleasant” sounds. Based on user preferences, the robot may bring items to the user for
confirmation, such as objects on the floor that may be trash, or keep such uncertain objects in a predetermined location for later inspection.
The robot would provide an end-of-task summary, where verbosity can also be customized.

Group 5: You are socializing while the robot needs your attention
Robot: Humanoid robot
Scenario: You ask the robot to clean or organize the living room while a friend is visiting and you are having a conversation. During the
task, the robot may need information from you or encounter something worth communicating.
e How should the robot get your attention without unnecessarily disrupting your conversation?
e Should its communication change because another person is present?
e How could you indicate “not now,” “tell me privately,” or “this is important—interrupt me”?



Designing Accessible Oversight of Household Robots with Blind and Low-Vision People Conference acronym °XX, June 03-05, 2018, Woodstock, NY

e Design how the robot enters, participates in, and exits the interaction.
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Figure 15: Group 5. Haptic Notifications Using minimally disruptive haptic notifications, where vibration frequency indicates task urgency.

Co-designed solution: Group 5 proposed a multi-level communication system that begins with minimally disruptive haptic notifications
through a phone or wearable. The vibration frequency can correspond with the urgency of the task (higher frequency = more urgent). If the
user does not respond to an urgent notification, the robot may escalate by approaching the user. Messages would be brief and convey the
relevant location and urgency.

Group 6: You and another household member are present while the robot works
Robot: Humanoid robot
Scenario: You ask the robot to perform a household task while you and another household member are sharing the same space. The robot
needs to give you progress updates, warnings, or ask you questions.
e How should the robot make it clear that a message is for you, rather than for everyone nearby?
e What information should be communicated aloud, privately, or only when necessary?
e How can the robot communicate enough for you to understand what is happening without becoming disruptive to the other person?
e Design how the robot communicates with you in this shared environment.

S Where should | pu
your socks?
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Figure 16: Group 6. Minimally Disruptive Notifications Using notifications sent to the user’s phone for minimal interruptions, based on people
present or time of day.

Co-designed solution: Group 6 created an example situation where one household member is sleeping while another asks the robot to
retrieve juice. They proposed integrating robot communication with devices users already have, such as smartphones, smart speakers, and
smartwatches, rather than introducing a new interface. The system would adapt its modality and timing based on context, such as the time
of day and number of people present, while allowing users to configure communication preferences and respond through their existing
devices. For example, if the robot is retrieving the user’s juice at night while a household member is asleep, the robot would send questions
to the user through phone notifications instead of asking them aloud.

Group 7: Someone else asks the robot to work in your shared space
Robot: Humanoid robot
Scenario: A sighted household member asks the robot to perform a task in a room that you are also using. You did not request the task, so
you may not need detailed progress updates—but the robot’s movements or actions could still affect you.
e What does the robot need to communicate to you even though you did not give the command?
e When should it tell you that it is approaching, moving objects, blocking a pathway, or changing the shared environment?
e What information would be unnecessary or annoying?
e Design how the robot maintains your awareness and safety without over-communicating.

Co-designed solution: Group 7 proposed that the robot announce its presence, current task, and expected completion time when it
encounters the BLV user. The robot would clearly communicate changes to the shared environment, such as moving furniture or approaching
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Figure 17: Group 7. Shared Space Awareness Announcing robot location, task duration, and environmental changes.

the user. The robot could also use ambient sounds and lights to indicate where it is, with more explicit warnings for urgent situations such
as potential collisions. Users could customize the verbosity and frequency of task updates.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Robot Communication for Oversight
	2.2 Accessible Robot Interaction for Blind and Low-Vision People
	2.3 Accessible Visual Assistance and Awareness

	3 In-Person Observational Study
	3.1 Method
	3.2 Understanding of Robot Task Execution
	3.3 Non-Visual Oversight Strategies
	3.4 Non-Visual Oversight Challenges

	4 Co-Design Workshop
	4.1 Method
	4.2 Patterns Across Group Designs

	5 Design Guidelines
	6 Reflections and Future Work
	7 Conclusion
	References
	A In-Person Observational Study
	A.1 Participants
	A.2 4 Household Tasks

	B Co-Design Study
	B.1 Participants
	B.2 Group Scenarios and Proposed Designs


