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Abstract

Navigating new indoor spaces and interacting with the envi-
ronment presents many challenges for people who are blind
or low-vision (BLV). To address these challenges, we proto-
typed a smartphone-based conversational assistant that helps
BLV people navigate and interact with their environment. The
prototype utilizes a cognitive architecture to integrate three
different technologies: (i) augmented-reality spatial anchors
for high-precision localization and access to static informa-
tion about the environment; (ii) real-time object/people de-
tection for information about the environment and obstacle
avoidance; and (iii) a conversational agent that uses large lan-
guage models (LLMs) for information extraction, conversa-
tional interaction, and turn-by-turn navigation. We assess the
impact of different technologies on human performance by
measuring user task time and errors. We found that conver-
sational interaction holistically integrates the different tech-
nologies to deliver a better user experience while significantly
reducing task completion time.

Dataset — https://github.com/CMU-TBD/ar-od-1lm-
indoor-navigation

Introduction

Navigating unfamiliar indoor spaces and interacting with
objects and situations in the environment present a sig-
nificant challenge for people who are blind or low-vision
(BLV). Attending a conference requires people to navigate
the venue, find the desired room, and discover and approach
a microphone to ask a question. A collection of emerg-
ing technologies provides new solutions to this problem:
augmented reality (AR), high-precision indoor localization,
large language models (LLMs) that support conversational
systems, and computer vision for scene understanding and
real-time object detection and identification. AR (Microsoft
2023a; Lan 2024; Guerreiro et al. 2019; Schieber et al. 2024)
provides a new channel of information by placing markers
in the environment (spatial anchors), allowing for navigation
and access to static information about the surroundings. This
functionality makes it possible to navigate and partially un-
derstand context. Finally, LLMs open the door for effective
conversational interaction, allowing people to engage with
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a navigation system, inquire about their environment, and
learn about things that they might want to interact with. The
ability to talk to an agent that understands navigation and
interaction (Aira 2023; Eyes 2023; Microsoft 2023a; Lan
2024; Sato et al. 2019b) affords a new type of user experi-
ence, opening up the world for more independence and qual-
ity of life for BLV people (OrCam 2023; Aira 2023; Eyes
2023; Microsoft 2023a; Sato et al. 2019b).

In this paper, we study the impact, individually and col-
lectively, of these new technologies on the design of naviga-
tion and interaction assistants for BLV people. We utilized
co-design to create a prototype that utilizes a novel combi-
nation of technologies to provide a better solution. Thus, our
research focuses on the following research questions.

1. What is an effective integration of object detection, AR
spatial anchors, and conversation in support of BLV peo-
ple’s navigation and interaction in the world?

What task performance improvement is provided by in-
tegrating conversational interaction, object detection, and

AR spatial anchors?

To evaluate technology impact, we created four tasks de-
rived from our co-design process, each comprising inter-
action subtasks and operations. Through a study, we mea-
sured the time for each operation, breaking down the total
task time. These results pinpoint specific areas for further
research. Thus, our contributions are:

1. A prototype that demonstrates the impact of integrating
traditionally separate accessibility research areas — in-
door navigation and object interaction,

An assessment of the improvement of human task per-
formance as a result of integrating three technologies:
conversational interaction, object detection, and spatial
anchors; and

. A description of a cognitive architecture that effectively
orchestrates the integration of object detection, spatial
anchors, and conversation to support both independent
navigation and interaction;

4. A discussion of applications and challenges.

Architecture

Our system uses a client/server architecture (Figure 1). The
system has a cognitive architecture capable of managing un-
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Figure 1: Modular client-server architecture. On the client side (smartphone), boxes represent modules running asynchronously
on separate threads. The working memory component integrates the information from other modules and produces a speech
output. A cognitive cycle initiates when the perception module processes internal and external information stored in the work-
ing memory. The procedural memory decides what to do next by retrieving the contents of the working memory, which in
turn retrieves knowledge about the user and the world. Finally, the cycle ends with a conversational action processed by the
motor module. Blue-colored modules can be turned on/off according to the assessment setting. Green-colored modules denote
cognitive modules proposed by the CMC. Arrows indicate the flow of information.

certainty under time constraints. A cognitive architecture is
a hypothesis about the fixed structures that provide a mind
and how they work together to yield intelligent behavior in
a diversity of complex environments (Laird, Lebiere, and
Rosenbloom 2017).

The rationale for choosing a cognitive architecture ap-
proach is two-fold. (i) It prioritizes bounded rationality over
optimality, enabling the system to compensate for limited
resources by selectively filtering and processing continuous
streams of data to make timely decisions. This feature is a
critical factor considering that the app operates on limited
phone resources. (ii) The interaction among the cognitive
components facilitates emergent control and orchestration of
object detection, spatial anchors, and conversation.

Overall, our system is inspired by the Common Model of
Cognition (CMC) (Laird, Lebiere, and Rosenbloom 2017).
CMC proposes a reference cognitive architecture that de-
fines five high-level modules, including perception, motor,
working memory, declarative long-term memory, and proce-
dural long-term memory. We integrate the modules proposed
by the CMC along with an LLM, following a modular ap-
proach where the cognitive architecture augments an LLM
by injecting reasoning traces and contents from memories
into the prompting process ((Romero et al. 2023)).

Perception Module

The Perception module yields symbol structures (per-
cepts) with associated metadata in specific working mem-
ory buffers. The system perceives the world through three
components: speech recognition, object detection, and spa-
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tial anchor detection. Speech recognition perceives spoken
words and emits a text transcription. Object detection per-
forms real-time multi-object detection and tracking by using
the live camera feed. It uses mobile app-optimized, off-the-
shelf APIs for computer vision and leverages a pre-trained
image classification model that recognizes object labels and
categories, such as food, furniture, home/office appliances,
building parts, and people.

For each detected object, object detection returns a set
of labels, a confidence score per label, and a bounding box
representing the location of the object on the screen. Spa-
tial anchor detection recognizes AR spatial anchors, that is,
3D models that represent points of interest that can have at-
tached virtual content. Spatial anchors rely on an AR frame-
work to perceive the environment and track the device’s
movement, position, and orientation. The AR framework
uses visual-inertial odometry, a technique that combines in-
formation from the device’s motion-sensing hardware (e.g.,
compass, accelerometer, LIDAR scanner) with computer vi-
sion analysis of the scene visible to the device’s camera (Ex-
ample 1).

Working Memory

The conversational navigational guidance and interaction
with objects emerge from the interplay of all the modules
through the working memory, which provides global com-
munication. The working memory locally stores the situ-
ational context of the interaction into specialized buffers,
for instance, the current navigational route and waypoint,
the conversational history, objects’ and anchors’ spatial in-



Example 1: Example of perception outputs.

(perceives, speech_recognition,

[Where is the fridge?])
(perceives, object_detection,

[ (microwave, posl)...])
(perceives, spatial_anchors,

[ (fridge, pos2), . 1)

Example 2: Example of 12 special tokens LLM input.

<bos><user>do you see a microwave?

<history>user: hi. sys: hi, how can I help
you?
<objects> (table, left), (microwave, in-front)

<distance>far-from-waypoint
<angle>30 degrees
<planner>turn-slightly-right

<intent>search-object

<entity>microwave
<call>is_perceived(microwave): bool
<output>Yes, I see a microwave in front
of you <eos>

formation, the user’s current position, already-visited way-
points, and past and current actions. The contents of the
working memory decay in proportion to their salience.

Conversational Proxy and Large Language Models

The conversational proxy, in combination with an LLM, in-
terprets the intentions that the user conveys and provides as-
sistance conversationally. The proxy structures the contents
of the working memory in a specific format and prompts the
LLM to generate an output that is then stored back in the
working memory. To this end, we fine-tuned an LLM and
encoded a set of 12 special tokens, which serve as delimiters
and segment indicators (Example 2).

Special tokens <bos> and <eos> indicate the begin-
ning and end of the sequence, respectively. <user> de-
notes the most recent user’s utterance, <history> con-
tains the most relevant conversational history stored in the
working memory, <objects> is a list of perceived objects
and anchors and their relative position in the real world, and
<distance> and <angle> correspond to the current ori-
entation of the user with respect to the next waypoint an-
chor in the path. <planner> is the next navigational step
generated by the path planner. <intent> and <entity>
are the dialogue intent and entities extracted from the user’s
utterance, respectively. <call> is an internal invocation
to retrieve content from a specific buffer in the working
memory. <output> is either a navigational instruction or
a system’s response to a user’s request. When prompting the
LLM, the subsequence <bos>...<intent> (above the
line) is used as an input, so the LLM generates the rest of
the sequence, providing an intent,a list of entities, a call (if
any), and a speech output (below the line).

We fine-tuned an LLM that generates the inputs/outputs
of three main components in a manner that resembles the
execution of a pipelined spoken dialog system (Chen et al.
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2017; Romero et al. 2021). The execution pipeline starts
with a Natural Language Understanding (NLU) component
that leverages the LLM model to process the prompt gener-
ated by the conversational proxy and classify a set of both
user intents and entities.

Then, the Dialogue Manager (DM) component controls
the conversation flow, tracks user information, and builds
conversational context via the working memory by perform-
ing a two-step process. First, the DM takes the outputs from
the NLU component along with the conversational history
and prompts the LLM model to generate both a dialogue
state (containing a goal constraint, a set of slots/values, and
the dialogue act) and a function call signature that maps the
slots/values in the dialogue state onto arguments of a func-
tion call that retrieves specific contents from the working
memory (e.g., the call get_detected_objects ()). As
a second step, the DM injects the results from the function
call into the pipeline, and the LLM model is prompted again
to generate a set of intents/actions that the system should
perform in the current conversational turn.

Finally, a Natural Language Generator (NLG) compo-
nent dynamically converts the system intents generated by
the DM into natural language text. To that end, the LLM
model maps the system intents onto natural language tem-
plates, and then it replaces text placeholders with informa-
tion stored in the working memory. The generated text is
then synthesized by the speech synthesis module.

As a backup feature, when the smartphone cannot com-
municate with the server due to internet connection issues
(e.g., inside an elevator), the conversational proxy uses on-
device NLP libraries for sentence embeddings and entity
recognition to locally recognize the user’s intents until the
connection with the LLM is reestablished.

Procedural Memory Module

The procedural long-term memory exerts global control by
modifying the contents of working memory through the ac-
tivation of rules. For instance, a set of rules is used to filter
the objects perceived by the system and assign the most rep-
resentative classification label. As mentioned before, each
object is classified into one or multiple labels, exhibiting a
wide range of detail levels, with higher confidence assigned
to the more general labels.

Additionally, a set of procedural rules prescribes the exe-
cution priority of the system’s audio and speech output and
decides whether a process must be interrupted to make way
for another one. For instance, the non-verbal audio feedback
that signals the user when they need to reorient their position
has the lowest priority. The next priority level corresponds to
the verbal turn-by-turn navigational instructions. Next, the
mechanism that verbally lists all the detected objects when
requested by the user has a higher priority level. Finally, an-
swers to the user’s questions have the highest priority. An-
other subset of rules is in charge of pausing speech synthe-
sis if speech recognition is running simultaneously. Speech
synthesis is resumed after speech recognition is done. As a
result, the motor module adds system actions to a queue so
they are executed in a particular order.



Declarative Memory Module

The declarative memory is separated into semantic and
episodic memories. The former maps to semantically
abstract facts, while the latter maps to contextualized expe-
riential knowledge. Semantic memory stores both the user’s
navigational preferences (e.g., speech rate and volume,
distance units, etc.) and each spatial anchor’s virtual content
as semantic chunks, for instance: (chunkl, door,
(material: glass, opens: push, handle:
panic exit bar)). The episodic memory stores past
user interactions with the system to enhance the person-
alization of navigation for previously visited places. This
aspect of the work is currently in progress.

Indoor Localization and Path Planner

Using the sensors’ inputs, the AR framework infers and gen-
erates a 3D sparse point-cloud representation of the world,
and, by matching the point-cloud map against the feature
points generated in real-time by the camera, it provides a
way for the device to recognize spaces and precisely localize
its position and orientation within that space, with accuracy
typically at the centimeter scale.

Once spatial anchors for waypoints are placed in the real
world and persisted in the server, we build a weighted graph
representing how waypoints are connected to each other,
where the cost of each edge corresponds to the distance be-
tween waypoints. Next, during execution, our path planner
uses the A* path search algorithm to determine the optimal
(least-cost) path for the user to follow.

The spatial anchor recognition system re-scans the sur-
rounding space every 10 seconds to ensure proper localiza-
tion of anchors. User safety is a top priority and an ongo-
ing research problem. For example, safety considerations
appear before and during route setup: high-quality spatial
anchors are attached to immovable objects (a door, as op-
posed to a chair) and are not attached to risky objects (such
as a crosswalk). Safety issues also occur during navigation:
cross-checking between multiple models (for example, the
spatial anchor is labeled as a curb, and the real-time object
detection confirms the curb). Safety design is part of the con-
versational system: when evidence is contradictory, the user
can be notified that the system is uncertain. Any inconsis-
tencies are marked for re-examination.

Motor Module

The Motor module converts symbolic relational structures in
the working memory into speech synthesis actions. Speech
synthesis sets two different speech rates: normal (1.0x) for
conversational interaction, such as answering user questions,
and fast (2.0x) for providing navigational instructions, like
“walk 5 steps forward”. This design aligns with the common
practice in speech synthesis for BLV people, who adapt to
accelerated speech in scenarios where the discourse involves
a familiar set of sentences with minor variations, facilitating
easy recognition (Branham and Mukkath Roy 2019). In the
case that the speech is novel, a lower speed is used to ensure
comprehension of the audio (Example 3).
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Example 3: Example of a motor action.
(action:
(text,

(type,
(speech_rate,

utter, (

"The microwave is in front of you")
question_answering)
1.0) ))

System Operation

The modules of the cognitive architecture work together to
make timely decisions based on perceived information, con-
text, and user requests. This interaction among modules al-
lows the system to operate in two modes: navigation and
interaction. In navigation mode, it handles route planning,
wayfinding, and context-aware notifications. For example,
the system can inform users about nearby restrooms, warn
them of obstructions, or notify them if someone is in front
of them. These notifications cover both static and dynamic
aspects of the environment. For static elements (e.g., a re-
stroom), the system retrieves virtual content stored in AR
spatial anchors, while for dynamic elements (e.g., an ap-
proaching person), it relies on real-time object detection.

In interaction mode, the system offers various capabili-
ties. It helps users locate objects through object detection
(e.g., finding keys), and users can ask questions about how
to interact with specific objects and their state (e.g., how to
open different types of doors, is the door open). The system
also supports multi-turn conversations about specific loca-
tions (e.g., What is inside the cabinets?) and allows users
to inquire about their surroundings, requiring scene under-
standing (e.g., how many people are in the room). To support
these capabilities reliably, particularly in real-world condi-
tions where network latency and model coordination can
pose challenges, the system uses several technical strategies.

The system mitigates latency and consistency issues in
multi-LLM integration through a combination of architec-
tural, procedural, and fallback strategies, inspired by the
Common Model of Cognition. Lightweight models like
GPT-2 handle fast-turnaround tasks such as intent recogni-
tion, while heavier models are reserved for deeper reason-
ing and multimodal understanding. Inconsistent outputs be-
tween models are resolved through a centralized working
memory and a set of procedural control rules that synchro-
nize updates and prioritize which information is acted upon.
When network delays or connectivity losses occur, the sys-
tem maintains functionality (as much as possible) using on-
device NLP fallbacks. To prevent prompt desynchronization,
the conversational proxy formats all inputs and outputs us-
ing a consistent schema that encodes a shared context across
models. A latency-aware dialogue scheduling ensures that
navigation instructions are delivered in sync with user move-
ment, preventing confusing overlaps or delays in speech.

Assessment

We designed our assessments to study the impact of each
functional subsystem. This design informs both usability re-
search and technical decisions. The assessment design in-
volves a realistic navigational and interaction environment
within a real-world building. The factors of the assessment
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Figure 2: Floor plan for the four assessment tasks. a) Task 1: Navigate from the corridor to the sofa and find a mineral water
bottle. b) Task 2: Navigate from the lab to the stairs and find the laptop on top of the closest desk. c) Task 3: Navigate from the
corridor to the study table and find an available seat. d) Task 4: Navigate from the corridor to the kitchen, find a cup inside the
cabinets, and find a water bottle. Pink circles represent spatial anchors. Red arrows represent navigation routes and blue arrows

designate a combination of navigation and object interaction.

include two technology choices: object detection and AR
spatial anchors. These factors were selected to analyze their
impact on task performance. Task completion time is mea-
sured to capture a central benefit of the system. We also an-
alyzed errors in the interactions to provide directions for fu-
ture work.

Technical Details

We ran the assessment scenarios on Apple iPhone 13 Pro de-
vices equipped with iOS 16, an A15 Bionic processor (16-
core neural engine, 6-core CPU, and 5-core GPU), 256GB of
memory, a TrueDepth camera, three rear cameras, and a Li-
DAR scanner. We chose this hardware configuration so that
on-device machine learning models for object/person detec-
tion performed with high accuracy, and the localization of
spatial anchors was accurately determined.

With respect to the software technologies we employed,
both speech recognition and speech synthesis use the core
framework delivered with iOS. The object/person detection
module harnesses the power of Google’s MLKit (Google
2025), an on-device framework for computer vision. We also
use an image classification model pre-trained on Tensor-
Flow (TensorFlow 2025) that can recognize up to 630 object
labels and 37 categories. As frameworks for augmented real-
ity and spatial anchors, we used Apple ARKit (ARKit 2025)
and Azure Spatial Anchors (SpatialAnchors 2024), respec-
tively.

For the conversational module, we used three different
LLMs: GPT-2 (GPT2 2024) for intent and entity recog-
nition, Mistral (Mistral 2024) for question answering, and
LlaVA (LIAVA 2024) for vision and scene understanding.
The use of three distinct LLMs is motivated by the special-
ization of each model for different tasks, leveraging their
strengths and compensating for their weaknesses. GPT-2,
as a smaller pre-trained model, processes prompts more
quickly than Mistral. In contrast, Mistral, a significantly
larger pre-trained model-approximately ten times larger
than GPT-2-demonstrated greater robustness in question-

answering tasks, albeit with longer response generation
times. Therefore, GPT-2 was a more suitable candidate than
Mistral for intent recognition and entity extraction tasks,
both of which require rapid processing. Meanwhile, Mistral
excelled at browsing and extracting information from spatial
anchors to effectively answer users’ questions. Finally, we
integrated LlaVA due to its support for multimodal process-
ing, which includes both language and vision. This capabil-
ity allows the system to interpret scenes and answer ques-
tions based on images taken from the user’s surroundings.

To mitigate the typical hallucination effects common in
LLMs (Yao et al. 2024), we fine-tuned GPT-2 specifically
for intent recognition and entity extraction. During fine-
tuning, we used a training dataset comprised of 1K ex-
amples extracted from dialogue logs collected from a co-
design study. To diversify the dataset, we employed data
augmentation techniques utilizing LLMs, generating a range
of variations based on the initial dataset. Our dataset is
structured similarly to the DSTC-8 schema-guided dialogue
dataset (DSTCS8 2021), emphasizing intent/entity recogni-
tion and dialogue state. We fine-tuned a GPT-2 small-size
model (355M) over 8 epochs using a gradient-based method,
with specific hyperparameters: Adam optimizer with a learn-
ing rate of 5.75e-5, epsilon value of 1e-8, temperature of 0.5,
and top-p nucleus sampling with a value of 0.95, alongside
top-k sampling set to 50.

We used the vanilla versions of LlaVA (7.2B parame-
ters) and Mistral (7B parameters), that is, no fine-tuning was
performed on these two models. Additionally, we used Ol-
lama (Ollama 2024), an open-source tool that allows run-
ning LLMs locally on a server or computer. Using Ollama
will facilitate porting the LLMs from the server to the mo-
bile device in the future.

Study and Data Collection

The study, approved by our Institutional Review Board, in-
volved eight participants: five women and three men. Of
these, six were blind, one had blindness in one eye, and one
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had low vision. The ages of the participants ranged from 35
to 78, with a mean age of 61.7 years (SD = 15.8).

Our study faced challenges due to the limited population
of visually impaired individuals in the city where it was con-
ducted. Recruitment relied on both the presence and will-
ingness of the local population to participate, which was a
significant obstacle. Despite the assistance of local disabil-
ity organizations and the offer of a relatively high participa-
tion incentive ($50 for a 40-minute study), the recruitment
of visually impaired participants proved challenging. How-
ever, the sample size of eight participants was sufficient to
(1) provide insights into the usability of such systems (ac-
cording to the literature (Nielsen and Landauer 1993; Foun-
tain 2020), only 5-10 participants are required for usability
assessment), and (2) inform future functionality and design
of similar systems.

Functionality Choices Our experimental design defines
three functional choices that enumerate the factors to be an-
alyzed:

* Functionality choice C1: Participants perform the task
using our technology with the object detection feature
enabled.

 Functionality choice C2: Participants use our technology
with the AR spatial anchors feature enabled.

* Functionality choice C3: Participants use our app with
both the object detection and the AR spatial anchors fea-
tures enabled.

Tasks We defined four tasks, ensuring that each partic-
ipant completed each one under a different functionality
choice (see Figure 2).

Task T1: The participant is tasked with navigating from
the corridor to the lab, locating the sofa, taking a seat,
finding a water bottle on the coffee table, and ensuring
they drink the mineral water, not the sparkling one.

Task T2: The participant is instructed to return a pen bor-
rowed from Alice. They must walk from the lab to the
stairs, find the closest desk to the stairs (Alice’s desk)
among the other desks, locate a laptop on the desk, and
leave the pen next to it.

Task T3: The participant has a lab meeting, requiring
them to travel from the corridor to the lab, find the study
table (there is also a kitchen table in the room that must
be not confused with the study table), and locate an avail-
able chair to sit on.

Task T4: The participant desires to drink water. Start-
ing from the corridor, they are to navigate to the kitchen,
search for the cabinets, find a cup, locate the microwave
(as water bottles are nearby), then find the water bottle
and pour its contents into the cup.

We use a balanced Latin square design to assign function-
ality choices per task to each user, preventing the carry-over
effect. With eight participants recruited, we assigned func-
tionality choices to tasks for the initial four participants and
then replicated the same arrangement for the remaining four
participants. The order of task execution was randomized to
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‘ Functionality choices

Task | CI [ Cc | C3

TI(R) | 240.0425.0 | 245.5499.5 | 149.04+40.0
T2(R) | 13154345 | 186.5484.5 | 105.5424.5
T3(R) | 135.0431.0 70.548.5 | 73.0+22.0
T4 (R) | 289.5+106.5 | 275.5+124.5 | 1655455

Table 1: Average total time (sec) and standard deviation for
completion times per functionality choice.

mitigate the impact of becoming familiar with the spatial
layout.

Apparatus During the study session, all participants were
given the option to either wear a mobile phone chest mount
for a hands-free experience or hold the phone in their hands.
However, some participants experienced discomfort with the
chest mount due to variations in their body types, and it re-
quired them to rotate their entire torso to orient the phone
properly to locate each anchor. Consequently, we opted to
have participants hold the phone in their hands to facilitate
its operation. Throughout the session, the app logged every
event in our database, and a researcher closely monitored
and videotaped all participants using an external camera.
Before performing the tasks, participants engaged in a
20-minute practice session to familiarize themselves with
the use of each operator in different situations. Participants
were given the same detailed instructions to perform the task
regardless of functionality choice. The performance time
metric begins at the moment the participant utters a com-
mand/request and continues until the operator completes the
task, including any errors requiring operator repetition.

Findings
The presented results allow us to identify some trends and

patterns in the use vs. non-use of our technology and the
impact of having certain features of the system disabled.

Task Completion Time

We averaged the total time taken by participants to com-
plete each task (Table 1). The fastest completion time was
observed in the functionality choice where both object de-
tection and spatial anchors were enabled (C3), except for
Task 3. In this case, participants benefited from prior knowl-
edge of the arrangement of the lab gained by completing
other tasks.

Error Analysis

We identified two macro error categories: repetitions and
redirections. Repetitions occur when a participant repeats a
request or command due to a system error. Redirections hap-
pen when the researcher redirects a participant because they
deviate from the task’s steps.

We further broke down each macro category into subcat-
egories. Repetitions mainly occurred due to mislabeling er-
rors in speech recognition or object detection and localiza-
tion errors caused by misplaced spatial anchors (i.e., accu-
mulated errors in pose estimation). In contrast, redirections



Category | Subcategory | Avg. | Perc.
Repetitions | Speech recognition errors 24 | 48.1%
Object detection errors 1.8 | 372%
Mislocated spatial anchors 0.7 | 147%
Redirections | Exploring commands 1.8 | 47.8%
Misinterpreting instructions 1.0 | 27.3%
Mixing up commands 0.9 | 24.9%

Table 2: Identified types of errors.

account for the instances when a participant wanted to ex-
plore different commands instead of sticking with the in-
structed one, misinterpreted instructions from the researcher,
or mixed up commands. For example, participant P4 con-
tinually confused the command “echolocate” with the wake
word for Amazon’s Echo device, which is “echo”. We tally
the total number of occurrences of these errors across tasks
and present the average number of errors per task and the
corresponding percentage for each error subcategory in Ta-
ble 2.

Speech recognition errors occurred almost one-third more
frequently than object detection errors and three times more
often than mislocated spatial anchors. Conversely, partici-
pants’ preferences for exploring system commands over us-
ing the instructed one nearly doubled the instances of misin-
terpreted instructions and mixing up commands.

QoE Metrics

Table 3 summarizes key aspects of the participant inter-
views. After conducting free-form interviews, we catego-
rized and analyzed the responses statistically. Participants
most appreciated the app’s features, with 62.5% favoring
echolocation and 50% expressing satisfaction with the abil-
ity to find an unoccupied seat. Additionally, 12.5% val-
ued the capability to locate objects remotely. Participant P6
specifically noted that, unlike SeeingAl, our app surpasses
the 6-foot range limitation, enabling users to find objects at
any distance using AR technology that tracks long-distance
spatial anchors.

Participants expressed dissatisfaction with the app’s oc-
casional inaccuracies in estimating distances (50%), which
was expected when the app relied solely on object detection
without spatial anchors. Additionally, navigating through
narrow spaces proved to be particularly overwhelming be-
cause instructions overlapped (37.5%). Three participants
reported that there was nothing in particular that they dis-
liked about the app (37.5%).

In general, participants indicated a reluctance to use the
app in familiar places like their homes (62.5%), mainly
because they already navigate these spaces independently.
However, three participants (37.5%) mentioned they would
consider using the app to find keys or an umbrella if lost
at home. In unfamiliar environments, participants expressed
their willingness to use the app for various purposes such
as exploring the surroundings of an airport gate during a
long layover (62.5%), navigating a hospital for a doctor’s
appointment (37.5%), or finding preferred stores in a mall
(12.5%). One participant suggested that the app could be
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Question | Answers | Perc.
What are the app’s Echolocation 62.5%
features that you liked Finding an available 50%
the most? chair
Finding objects 12.5%
remotely
What are the app’s Distances were not 50%
features that you liked accurate
the least? Navigation was 37.5%
overwhelming
Nothing 37.5%
How would you use this I wouldn’t use it at 62.5%
app at your house? home
Finding things like 37.5%
keys
. At airports 62.5%
i(;wllf;ﬂldng‘;l‘fz this | At hospitals 37.5%
place? At amall 12.5%
’ In outdoors 12.5%

Table 3: Relevant questions and answers from interviews to
participants.

useful in gaining spatial awareness when walking outdoors
(12.5%). In an anecdotal instance, a 12-year-old who tested
our app, though not part of the study, expressed a desire to
prompt the app “Tell me what’s across the street.”

Discussion

BLV people have developed sophisticated navigation and
interaction skills over the years. For example, participant
P4 used echolocation via tongue clicks for environmen-
tal awareness, while participants P2 and P6 navigated at a
slow pace without tools, demonstrating remarkable orienta-
tion and mobility abilities. Despite these skills, our system
proved particularly useful in challenging situations: when
objects were distant or located in unexpected places (e.g.,
the microwave was at waist height in the opposite corner
rather than at the expected head height), and when destina-
tions involved safety considerations (e.g., in task T2, partic-
ipants did not know whether stairs ascended or descended,
or whether a handrail was present). In such cases, our sys-
tem provided a new way to perceive and interact with the
environment.

Overall, the assessment tasks successfully balanced sim-
plicity and complexity: straightforward enough to be achiev-
able without technology, yet challenging enough to benefit
from assistance. While our prototype enables users to dis-
cover their environment in entirely new ways, this paper fo-
cuses specifically on task performance rather than environ-
mental discovery.

We did not include a baseline condition because it would
impose an unreasonable burden on participants. In a typical
experimental task, a participant begins in a building lobby
with instructions to “Go to the conference room and sit in a
chair” but the conference room’s location was intentionally
unknown to test various technological solutions. Without as-



sistive technology, a blind person would need to initiate a
time-intensive and frustrating discovery procedure: walking
besides walls, testing doors, with the hope of finding the cor-
rect room.

Conversational Processing The incorporation of dis-
parate technologies, such as AR spatial anchors and ob-
ject detection, undoubtedly contributes to an improvement
in task performance. However, beyond this, conversation
serves as the “connective tissue” of the user experience that,
in combination with a cognitive architecture approach, co-
hesively integrates the other modules into a more compre-
hensive assistive agent.

From a speech-processing perspective, nuances exist be-
tween conversational interaction and navigational guidance.
The timing of speech instruction generation before ap-
proaching a turning point depends on user speed, waypoint
proximity, and instruction duration. Neglecting these aspects
may lead to lagged or overlapped instructions, confusing the
user, as reported in the error analysis.

Object Interaction During the error analysis, we ob-
served that object interaction was affected by occlusion,
proximity, and angle with respect to the object, as well as
overfitting of the model, resulting in mislabeling errors. We
note that users easily adjusted to these errors. While many
of these issues can be addressed by training more powerful
computer vision models, the limited resources on the phone
introduce a trade-off between running slower but more ac-
curate models vs. faster but less accurate ones. Fortunately,
as phone hardware advances, this issue may diminish.

Object Detection vs. Spatial Anchors Object detection
and spatial anchors both contribute to user spatial aware-
ness, each with its advantages and drawbacks. Spatial an-
chors excel in modeling static elements like offices and fur-
niture, while object detection is more adept at capturing dy-
namic aspects like people and rearranged chairs. In terms
of metadata, spatial anchors may store hierarchically orga-
nized virtual content, pre-populated for navigation and in-
teraction, whereas object detection provides real-time labels
with a semi-structured data format.

User Experience Object detection errors can impact the
user experience and task performance, resulting in pro-
longed completion times and increased clarifying interac-
tions between the user and system. Recurring object detec-
tion errors may cause the user to adopt partial disbelief about
the system’s accuracy.

In a positive user experience, a proof of concept (not part
of the measurement scenarios) involved the system inject-
ing contextual information during interaction. For example,
while the user navigated to their destination, the system pro-
vided relevant surroundings descriptions and recommenda-
tions, such as “In case you re thirsty, there’s a drinking foun-
tain six steps away on your left”. This proactive approach
enhanced the user’s situational and spatial awareness, en-
abling them to make opportunistic decisions.
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Related Work

To our knowledge, no existing commercial product or scien-
tific work integrates and measures task performance for the
three technologies discussed in this paper (real-time object
detection, AR spatial anchors, and conversational interac-
tion). A recent work (Kuribayashi et al. 2025), based on a
suitcase device, reports on a user study of discovery (called
exploration in the work). The study confirms that this combi-
nation of produces a desirable experience for user. The study
also confirms the issue of machine learning errors. Our work
complicates this study by focusing on a cognitive architec-
ture and by reporting task interaction times.

Commercial Products

Commercial products like Orcam MyEye PRO 2.0 (OrCam
2023), Aira (Aira 2023), Be-My-Eyes (Eyes 2023), and See-
ing Al (Microsoft 2023a; Granquist et al. 2021) share sim-
ilarities with our approach in interacting with surrounding
objects via object detection. However, distinctions arise as
these products have a limited field of view, resulting in chal-
lenges in accurately determining the orientation and dis-
tances of objects that are not in front of the user. In con-
trast, our approach computes the spatial position and ori-
entation of anchors around the user, thereby enhancing their
awareness of surrounding objects. Unlike our approach, Aira
enables video calls for real-time descriptions (Lee et al.
2022). In terms of navigation, Microsoft’s Soundscape (Mi-
crosoft 2023b), Clew (Lan 2024), and Envision (Envision
2023) convert visual information to speech like our system,
but they lack support for back-and-forth, multi-turn con-
versations and object detection. Clew aligns with our work
through AR indoor navigation.

Conversational Processing

From a research perspective, our work draws inspiration
from (Vystrcil et al. 2014), which sheds light on the chal-
lenges faced by BLV people when a navigational sys-
tem provides incomplete or incorrect spatial information.
In (Chen and Shiu 2020), an assistive outdoor navigational
system is introduced, integrating image captioning for scene
description and basic conversational interaction, albeit lim-
ited to only determining the user’s destination. While influ-
enced by NavCog3’s interactive pseudo-dialogue experience
in indoor navigation (Sato et al. 2017, 2019a), our approach
extends further by incorporating interaction with objects and
regarding conversation as a fundamental and continuous as-
pect of the entire navigational experience. MagNav(Giudice
et al. 2019) suggests an assistive navigation interface that
uses a building’s magnetic signatures for user location and
guidance. Our system divides conversation into navigation
and navigation modes and may benefit from a more com-
plex blending of descriptions provided by recent works such
as WorldScribe (Chang, Liu, and Guo 2024) and ChitChat-
Guide (Kaniwa et al. 2024). These techniques are readily
integrated into our cognitive architecture, but our blend of
functionality is not easily integrated into the architectures
described.



Autonomous robots, such as NavCue (Chen et al. 2016)
and CaBot (Guerreiro et al. 2019), have been used for assis-
tive navigation, emphasizing multi-sensory information and
object recognition. NavCue utilizes speech guidance and
physical gestures for contextual information, while CaBot,
a suitcase-shaped robot, uses object recognition for obsta-
cle avoidance with a wider field of view (270°). Several
works (Kuribayashi et al. 2025, 2023, 2022; Kubota et al.
2024; Campos et al. 2021) use SLAM and related techniques
to build a map in real-time during navigation and provide
descriptions of the world for discovery. Mapping during dis-
covery significantly lowers the cost of deployment in a new
environment.

Object Interaction

While lacking a conversational aspect, various approaches
aid BLV people in object interaction during navigation.
Navig (Katz et al. 2012) employs geo-located object mod-
els detected by real-time embedded vision algorithms, and
Foresee (Zhao et al. 2019c) utilizes techniques like magni-
fication or edge enhancement through smartphones. Access
Lens (Kane, Frey, and Wobbrock 2013) can detect text in
an image and direct a blind person’s finger towards a text
target. Some methods utilize depth cameras to perceive the
environment, identify structures, and use sonification for ob-
stacle information (Brock and Kristensson 2013; Kanwal
et al. 2015; Shangguan et al. 2014). Other research focuses
on training deep learning models for improved signage and
door recognition during indoor navigation (Afif et al. 2020;
Bashiri et al. 2018).

During object interaction, the visual search problem is ad-
dressed by enhancing object detection models and involving
on-demand human workers to answer visual questions. Prior
work (Bigham et al. 2010; Brady et al. 2013; Guo, Chen, and
Bigham 2015; Guo et al. 2016) combines on-demand crowd-
sourcing for labeling pictures taken by BLV people, com-
puter vision techniques for tracking the user’s finger point-
ing at appliance controls, and speech synthesis for reading
out crowd-provided labels. Despite mitigating object detec-
tion mislabeling, this approach still grapples with challenges
tied to the quality of photos taken by users.

Augmented Reality

AR is widely employed in assistive indoor navigation and
interaction. CARA (Liu, Stiles, and Meister 2018) captures
video data, extracts essential scene knowledge, and con-
veys it to the user efficiently, recognizing spoken commands
and providing descriptions of virtual objects, similar to our
approach’s use of spatial anchors. Another platform using
Hololens Smartglass combines visual and audio wayfind-
ing, offering verbal navigation commands, environmental
feedback, visual navigation directions, and obstacle mark-
ers (Zhao et al. 2020). While prior work has used AR mark-
ers for obstacle localization and positioning, our approach
relies on spatial anchor technology with robust computer vi-
sion algorithms, eliminating the need for square-based fidu-
cials and ensuring accurate anchor position determination
even in full occlusion. Several works focus on visual, audio,
or haptic augmentations via AR (Zhao et al. 2019b,a; Guan,
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Xiong, and Fan 2024; Schieber et al. 2024). However, unlike
our approach, they solely use AR either to enhance interac-
tion with objects or to support navigation, not both.

High-precision Localization

Most navigation systems lack granular localization informa-
tion (Saha et al. 2019). Recent work (van der Bie et al. 2016;
Sato et al. 2017; Bai et al. 2014; Ganz et al. 2014; Pérez et al.
2017) focuses on providing information on semantic fea-
tures of the environment. Such systems demonstrate the use-
fulness of the landmark-based navigation approach. How-
ever, contrasting with the straightforward process of placing
and maintaining AR spatial anchors, these approaches re-
quire additional instrumentation and maintenance effort to
augment the physical environment (e.g., when using RFID
sensors (Ganz et al. 2011), NFC tags (Ganz et al. 2014), or
Bluetooth beacons (Sato et al. 2017)), and significant cost
for setting up databases of floor maps (Fallah et al. 2012;
Bai et al. 2014; Fallah et al. 2012; Ganz et al. 2014).

Conclusions

We present an architectural approach and functional proto-
type that brings together two areas of accessibility research:
independent indoor navigation and interaction with objects
for people who are blind and low-vision. Our approach com-
bines three technologies: AR spatial anchors, real-time ob-
ject detection, and LLM-based conversation. We ran an as-
sessment study to evaluate different settings where some
features of our system were enabled/disabled. We demon-
strate that, overall, the combination and orchestration of the
three technologies via a cognitive approach fosters effec-
tive navigation and interaction with surrounding objects, im-
proving spatial awareness and task completion times in blind
and low-vision users.

Ethics Statement

To address system reliability when cloud-based LLM ser-
vices become unavailable due to network disruptions or ser-
vice outages, our architecture incorporates on-device natural
language processing fallbacks for critical functions such as
intent recognition and entity extraction. A particularly crit-
ical safety scenario involves stair navigation during a cloud
outage: if the LLM becomes unavailable while a user is ap-
proaching stairs, the system pauses navigation instructions,
attempts to relocalize the user using available spatial anchors
and on-device object detection, and requires explicit confir-
mation from local perception modules before resuming any
directional guidance. This conservative fallback strategy at-
tempts to insure that users are not given potentially unsafe
instructions based on incomplete information.
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