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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-designworkshopwith 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 e�ort 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 �nding, 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 bene�t of o�oading work while still enabling
BLV users to understand progress, verify outcomes, and intervene
when necessary. In this work, we investigate: How can BLV people
e�ectively 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 AI-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

practices. Together, the two studies reveal where nonvisual over-
sight breaks down and how accessible oversight might be supported
across di�erent contexts. We synthesize these �ndings into 6 design
guidelines for accessible oversight of autonomous robot work.

We contribute:

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

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

� 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 speci�c 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-speci�c assistive systems to general-purpose
robots [53]. For BLV people, accessible automation should preserve
the bene�t of o�oading work, while letting them oversee robot
work safely and without much e�ort. 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 AI 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

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 brie�y 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 (Ÿ3.3) and challenges (Ÿ3.4).

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
di�erent 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 AI or human visual assistance. Table 1 summarizes
the oversight strategies used across tasks.

Monitoring and veri�cation approaches (# participants)

Task
Auditory

cues
Tactile
cues

Smell/taste
cues

Human
assistance

AI
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.

S1. 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 di�cult
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
di�erent 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 di�cult to infer from audio, and sound could also be
misleading. P9 misidenti�ed 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).

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, �I 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.�
S2. Touch, smell, and taste for verifying task outcomes. Partic-
ipants used touch to verify task outcomes after the robot �nished.
Participants touched objects to inspect placements, retrieved items,
and spills. However, tactile veri�cation was often incomplete: dur-
ing table clearing, 8 participants swept the table with their hands
to con�rm 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 �oor 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 veri�cation 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.�
S3. AI and human visual assistance for accessing visual in-
formation. 7 participants used AI-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 AI with other strategies, such as con�rming again with touch
or cross-checking multiple AI tools to increase con�dence.
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