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Abstract This study introduces an innovative implementation of a Large Language
Model (LLM) that leverages both vision and natural language processing to enhance
navigation for individuals who are blind. Unlike traditional methods that rely on
pre-existing maps or environmental reconstruction using sensors like LiDAR, our
approach requires no prior environmental data and instead utilizes real-time visual
cues similar to human navigation strategies. This novel methodology allows the
model to dynamically interpret and verbalize complex indoor environments, pro-
viding blind users with descriptive audio cues that effectively convey the spatial
layout and pertinent features of their surroundings. Conducted in a hospital setting,
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our experiments demonstrated that this approach significantly improves GPT4-V’s
navigation capabilities and offers real-time, contextually relevant guidance, thereby
enhancing the independence and safety of blind individuals navigating complex
spaces. This research contributes to the understanding of AI’s capabilities in real-
world applications and opens new avenues for the deployment of language models
in complex, dynamic environments.

1 Introduction

Navigating complex indoor environments is a significant challenge for individu-
als who are blind, as traditional navigation aids often fail to adequately address
the dynamic and intricate layouts of places such as hospitals. Recognizing these
challenges, this research introduces a groundbreaking implementation of a LLM
that leverages its capabilities in both vision and natural language processing to en-
hance autonomy and accessibility. This novel approach aims to mimic human rea-
soning, providing real-time support and enabling blind individuals to navigate inde-
pendently and safely.

The core innovation of our approach lies in the LLM’s ability to process visual
information and translate it into descriptive navigational cues. The approach ex-
pands our existing Adaptive User Interface framework [7] and adds visual cues for
navigation. Traditional navigation aids often rely on pre-existing maps or require
the environment to be recreated using sensors such as LiDAR [17]. These meth-
ods depend heavily on preliminary knowledge of the environment and are primarily
limited by focusing solely on the 3D structure of the space. While LiDAR can accu-
rately map physical layouts and detect obstacles, it fails to interpret non-structural
elements crucial for contextual navigation, such as distinguishing between different
types of spaces or recognizing essential signs and symbols. This limitation becomes
particularly pronounced in dynamic settings like hospitals, where understanding the
function of a space or adapting to temporary changes in layout is necessary for effec-
tive navigation. In contrast, our proposed GPT4-V based method, Structured Data
Capture (SDC), does not require any prior mapping of the space and utilizes visual
cues, similar to those used by humans, to interpret and describe the surroundings
in real-time. This allows the model to dynamically adapt to environmental changes
and provide immediate, contextually relevant guidance to blind users, significantly
enhancing their ability to navigate complex indoor spaces independently.

The implications of this research enhance the navigation capabilities of individ-
uals who are blind, and significantly improves the autonomy of blind users. This
is crucial, as it allows individuals who are blind to engage with their environment
more effectively, reducing their dependence on traditional aids or human assistance.

In pursuing this research, we not only aim to enhance technological capabilities
but also to champion the integration of these technologies into society, paving the
way for more accessible and inclusive environments. This paper details the method-
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ology, experiments, and implications of our innovative approach, setting a precedent
for future studies in the field of AI-driven navigation aids.

2 Literature Review

Traditionally, 2D maps posted in common areas are used to help individuals navigate
complex environments. Signs, and colour coded departments are among the methods
used to help individuals distinguish areas within buildings. However, not all 2D
maps are standardized, and signs and colour schemes vary building to building.
Interactive maps have become more common, presenting individuals with pathways
to their desired destination. Interactive maps are growing in popularity but have yet
to receive widespread adoption. As well, effective use of the interactive map would
require the individual to memorize the map, along with maintaining their orientation
relative to the mapped directions. Maps aim to guide individuals to the proximity of
the desired location, where they can then rely on signing or assistance from staff. But
in order to reach the general vicinity of the desired location requires the ability to
understand and utilize the provided map. Unfortunately, not all members of society,
for a variety of reasons, are able to effectively use maps.

2.1 Assistive Technologies for People with Disabilities

Many groups of people within society have difficulty navigating both known and
new environments. The most common afflicted group being individuals with vi-
sual impairment, but they are not alone. It is well-documented that precision in
remembering spatial configurations and landmarks declines with age [8]. As well
it is believed that the decline in the hippocampus of older members of society may
increase their difficulty in navigating. This affects their ability to plan and impacts
their choice in navigation strategies chosen, [5]. Studies have also shown that indi-
viduals who have experienced brain-injuries may develop a disorder termed “topo-
graphical disorientation”, [1]. Resulting in the selective loss in the ability to orient
themselves or find their way within environments.

Technological advancements over recent years has further progressed technolo-
gies ability to empowering and assistance individuals in daily life task. Research
conducted within hospital settings has highlighted how AI can be used to improve
users experiences by making real-time adjustments to interactive platforms [6]. As
well, the use of LLM’s have shown promise for aiding in serving rural commu-
nities by acting as a booking system [16]. With respect to navigation, assistive
technologies have been developed over recent years to aid with navigating indoors
spaces. Companies such as Augmented Pixels [15] and Array.ai [2] implement aug-
mented reality for navigation. Maps can be loaded onto the platforms, while users
are tracked in real time through mobile app or web services. Thus, users can use the
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interface to select destinations and receive step-by-step guides. Depending on the
technology, corporations typically have the options to track users in house, or via
the platform. QR codes inside the building can be used to anchor users’ positions
with facilities. Though growing in popularity, the technology is still relatively new
and has yet to receive major implementation.

2.2 Role of Artificial Intelligence in Navigation

Advancements in AI technologies and LLM’s have resulted in the refinement of
Vision-Language Navigation. LLM’s have enabled the progression of models utiliz-
ing pre-trained vision-lanuguage methods to now being empowered by large scale
data sets [9]. GPT has been used to aid in navigation, as seen by the research team
behind NavGPT. NavGPT uses the BLIP-2 model [19] to translate images into text,
which they then pass to GPT in order to accomplish navigation tasks. The Discuss-
Nav team utilized MLM InstructBlip to act as the “scene observation expert” while
using GPT-4 to act as the “decision testing expert”, [11]. GPT-4 was also prompted
to complete tasks such as ”evaluate the feasibility of each movement prediction
based on thought process and current environment”.

Recently a research team launched a model called MapGPT, the model was pro-
vided with a top down map view consisting of nodes. The nodes were used to il-
lustrate the paths for navigating between areas to GPT-4. “Specifically, [they] build
an online map and incorporate it into the prompts that include node information
and topological relationships, to help GPT understand the spatial environment” [4].
The goal of their work was “a novel map-guided prompting method, which intro-
duces an online linguistic-formed map including node information and topological
relationships to encourage GPT’s global exploration”.

2.3 Gaps and Limitations in Current Research

Indoor navigation is a popular topic of discussion, with new research and technolo-
gies emerging to aid people in navigation. An example of such technology is Aug-
mented Pixels. The application takes advantage of the popularity of mobile devices
and emerging augmented reality technology to create 3D interactive maps. Research
is also being conducted to utilize the growth and development of AI technology.
These research experiments implement AI using trained models or topological maps
to enhance the ability of AI models to carry out navigational tasks. As previously
stated, MapGPT uses GTP-4 loaded with topological data to navigate paths. Most of
these systems focus on charting paths from the user to the desired locations. How-
ever, these methods do not address situations where prior knowledge is not avail-
able. Not all organizations wish to have internal networks for navigation, as internal
positioning systems can present security risks.
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Additionally, many organizations may prefer not to use third-party corporations
to host their navigational network. Addressing these concerns would require the
need for a stand-alone system, technology that requires no data from the buildings
that are to be navigated. The previous methods do not address the need for an un-
trained AI model, with no topological information. A system that does not require
data increases the possibilities in which AI becomes a viable solution for indoor
navigation. Thus, making it possible for individuals to use AI for any scenario they
need, as opposed to only buildings available within applications or websites.

3 Methodology

3.1 Overview of the LLM Technology

GPT4-V is an advanced iteration of OpenAI’s generative pre-trained transformer
models, specifically enhanced to include vision capabilities. Research using GPT4-
V for face detection in hospital settings have proven not only the effectiveness of the
model, but also illustrating the opportunities for AI in medical environments [13].
This hybrid model amalgamates the robust language understanding and generation
abilities of GPT-4 with a sophisticated visual processing component. The integration
allows GPT4-V to receive and analyze visual inputs alongside textual data, enabling
it to interpret complex scenes and provide contextually relevant responses in real-
time. The primary capability of GPT4-V that is central to this study is its ability to
process complex visual information and translate it into descriptive, actionable lan-
guage. This feature is particularly beneficial for navigation in intricate and dynamic
environments such as hospitals. By understanding both static images and dynamic
visual scenes, GPT4-V can describe physical layouts, identify objects and obsta-
cles, and provide updates about environmental changes. These abilities are crucial
for assisting individuals with disabilities in navigating indoor spaces safely and ef-
fectively. In the context of this research, GPT4-V’s dual processing of visual and
textual data presents a significant advantage. It allows the system to perform tasks
that require a detailed understanding of the environment, such as locating exits, iden-
tifying restrooms, and providing directions based on visual landmarks. These tasks
are accomplished through the model’s advanced algorithms, which integrate data
from multiple sources to generate accurate and useful navigational prompts. This
capability demonstrates a leap forward in making complex indoor environments
more accessible through technology.
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3.2 Prompting Strategy

The prompting strategy, “SDC”, developed for GPT4-V in the context of navigation
assistance is designed to ensure comprehensive and structured documentation of
navigation sessions. This strategic approach is crucial for creating an effective feed-
back loop and for refining the AI’s performance over time. Here’s how the strategy
is structured:

SDC: To facilitate thorough documentation and analysis of navigation decisions,
the system uses structured prompts to capture every key aspect of a navigation ses-
sion. These prompts guide the AI in systematically recording decision points, paths
taken, branches (both explored and not), and visual clues. This structured approach
ensures that all relevant data is captured in a way that is easy to analyze and refer-
ence, based on the features below.

• Decision Points: The AI is prompted to identify and record decision points
within the environment. Each decision point is given a unique identifier and is
described in detail. This helps in understanding the choices available at each
juncture of the navigation path.

• Paths Taken: For every path selected, the AI records detailed information in-
cluding identifiers for decision points and branches, reasons for path selection,
and precise timestamps. This data is crucial for tracking the sequence and tim-
ing of navigation decisions and for understanding the navigational logic of the
system.

• Branch Recording: The AI records all potential navigation branches at each
decision point, documenting whether each branch was selected for navigation.
This includes a description of each branch to provide context on the navigation
environment.

• Visual Clues Documentation: Corresponding to each branch, visual clues are
documented with detailed descriptions and their potential utility in navigation.
This helps in correlating visual elements with navigation decisions, enhancing
the AI’s ability to utilize visual information effectively.

The tables 1-4 represent the tables used for the SDC strategy. Sample data for
the tables will be based on the following scenario: You are tasked with navigating
through a hospital to reach the radiology department. You are starting at the entrance
of the main corridor.

In this scenario, as the user approaches each decision point, GPT4-V evaluates
the options based on current user location, visible signs, and foot traffic conditions.
The AI selects the most suitable paths and records each decision systematically
in the tables, providing clear and useful navigational prompts based on both pre-
defined criteria and real-time environmental analysis.
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Table 1: Decision Points Table

Decision Point ID Location Description

DP1 Entrance to the main corridor

DP2 Intersection near the cafeteria

Table 2: Paths Taken Table

Step ID
Linked
Decision
Point ID

Linked
Branch ID Reasoning Timestamp

S1 DP1 B1 Least crowded
route chosen

2023-10-01
10:00:00

S2 DP2 B2 Signage clearly
visible

2023-10-01
10:05:00

Table 3: Branches Table

Branch ID Linked Decision Point ID Branch Description Selected
(Y/N)

B1 DP1 Turn left to radiology Y

B2 DP2 Straight to cafeteria Y

Table 4: Visual Clues Table

Clue ID Linked Branch
ID Description Navigation Use

C1 B1 Sign pointing left Directs towards
radiology

C2 B2 Large cafeteria sign
visible

Helps identify
destination

3.3 Role of AI in Navigation Assistance

GPT4-V significantly enhances the ability of individuals with disabilities to navi-
gate complex indoor environments such as hospitals. The system leverages its ad-
vanced vision and language processing capabilities to provide detailed, contextual
navigation assistance tailored to the specific needs of users with visual and mobility
impairments.

Assistance for Individuals with Visual Impairments: For visually impaired
users, GPT4-V transforms visual information into detailed verbal instructions, en-
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hancing their perception of surroundings through audio descriptions. The system
can articulate the layout of spaces, pinpointing locations of doors, restrooms, and
other key landmarks. It also provides descriptions of obstacles and their exact loca-
tions, helping users avoid them. Moreover, in crowded settings, GPT4-V describes
the density and movement of foot traffic, guiding users through less congested paths
which improves their navigation experience and safety.

Support for Individuals with Mobility Disabilities: Users with mobility dis-
abilities benefit from GPT4-V’s ability to suggest accessible routes that accommo-
date their specific needs. The system actively identifies and recommends pathways
that avoid physical barriers such as stairs and narrow corridors. It incorporates real-
time updates about the operational status of essential facilities like elevators and
automated doors, directing users to available alternatives whenever necessary. Ad-
ditionally, GPT4-V adapts its guidance based on real-time environmental changes.
For example, if an accessible route is temporarily obstructed, the system promptly
recalculates and provides a new route, ensuring continuous accessibility. Through
these integrations, GPT4-V not only facilitates easier and safer navigation for indi-
viduals with disabilities but also fosters a sense of independence by enabling them
to move more freely within complex spaces. The role of AI in this context is not
merely functional but transformative, offering a bridge between technological inno-
vation and enhanced quality of life for users with diverse needs. This underscores
the critical importance of developing inclusive technologies that cater to a wide
range of abilities, ensuring that advancements in AI directly contribute to societal
benefits.

3.4 Privacy and Security Concerns

In developing a vision-based Large Language Model framework for navigation in
environments like hospitals, integrating privacy and security from the outset is crit-
ical. The system architecture handles this through the following aspects:

1. The framework leverages edge computing to process the bulk of visual data
directly on the devices used for navigation assistance. Tasks such as initial image
capture, primary object recognition, and the derivation of immediate navigational
commands are handled locally. This local processing not only minimizes latency,
enhancing user experience, but also strengthens data security by substantially re-
ducing the amount of sensitive data transmitted over external networks.

2. Any sensitive information extracted from images, particularly identifiers that
could be traced back to individuals, undergoes an anonymization process, like k-
anonymity or differential privacy [14], before it is stored locally or incorporated
into feedback data sent to servers.

3. User feedback is essential for the iterative improvement of the navigation sys-
tem. Feedback data sent to central servers is primarily focused on user experiences
and system performance metrics, rather than specific visual data.
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4. To ensure the security of data, both locally stored and transmitted data are
protected using Advanced Encryption Standard (AES) [12] with a 256-bit key. Ad-
ditionally, during transmission, the data is secured further using Transport Layer
Security (TLS) [12] protocols.

This integrated security framework ensures that our system adheres to the highest
standards of data security, crucial for its application in sensitive environments like
hospitals.

4 Experiment

The purpose of the experiments was to compare the effectiveness of three different
prompting strategies in a vision-based LLM navigation system within a hospital en-
vironment. These three strategies were tested against challenges of varying degrees
of difficulty. The first challenge was a simple instruction: turn right, travel to the
end of the hall, and enter the room on your right. The next challenge added diffi-
culty by instead of providing a direction, only providing a destination, but informing
GPT4-V that the destination was on the same floor. The remaining challenges did
not indicate which floor the destination was on, increasing the difficulty of the chal-
lenge. All of these tests were performed to test the effectiveness of the different
strategies for executing the desired outcome.

For each experiment, GPT4-V was instructed with its current location, the des-
tination, the chosen strategy, and a series of images from a first-person perspec-
tive inside the hospital. These strategies are meant to illustrate GPT4-V prowess
in analyzing images and applying reasoning in the decision-making process. While
demonstrating GPT4-V limitations in understanding and navigating new complex
3D environments. The three implemented strategies for navigating the hospital are
as follows:

Baseline: Provide GPT4-V with a set of images representing the user perspective
within the physical environment, (generally Front, Left, and Right where possible).
Then prompt GPT4-V for which direction to travel based upon reaching the in-
structed destination. Finally traverse the space until a new decision point is reached,
(decision point: an area with either multiple directions to travel such as an intersec-
tion, or a dead end such as a room at the end of the hall). For example, following
GPT4-V’s decision at a junction on the path to travel next, the experiment would
continue on the forward path until a new decision point is reached. This iterative
process of prompting GPT4-V at each decision point would be continued until ei-
ther the final destination is reached, or the user finds themselves stuck in a loop,
continuously traveling between previously visited decision points.

Image analysis: Similar to the Baseline strategy, the user would prompt GPT4-
V with a set of images based on the current perspective, querying for the direction
to travel next. The difference is that before making a decision as to which direction
to travel to next, a description of the analyzed image is provided by GPT4-V. This
description would include any landmarks, identifiable features, and other specifics



10 Adewale et al.

that would aid in navigation (landmarks, identifiable features, and specifics would
be decided by GPT4-V itself). The purpose of having GPT4-V provide breakdowns
of the images was to use them as references for future decisions. GPT4-V is state-
less, meaning that it does not retain information and reads the conversations from the
most recent prompt to the beginning or maximum token allotment [10]. This means
old images from previous decision points are not being re-analyzed, so crucial visual
cues from previous decision points were missed using the Baseline strategy. By cre-
ating text copies of visual cues inside the conversation, the Image Analysis strategy
attempts to maximize GPT4-V’s visual analysis ability by ensuring that potentially
vital information is carried forward for future decisions.

SDC: The final strategy placed a heavy emphasis on tracking the paths encoun-
tered by GPT4-V during the experiment. A set of 4 tables was used to track the path,
decisions, and observations of the experiment. Specifically, a decision points table is
needed to track all the encountered decision points. A branch table is used to track
all the possible directions based on the available paths leading out from decision
points. A path table is used to track the path followed during the course of the exper-
iment. Finally, a visual cue table: to make note of key features associated with each
branch. Upon reaching a decision point, a set of images would be uploaded. GPT4-
V analyzes the images, then makes a decision on the next course of action. Finally,
GPT4-V would update all 4 tables to reflect the latest decision in navigating the
environment. The Image Analysis strategy helped GPT4-V make better decisions
in comparison to the Baseline strategy. However, at dead ends, GPT4-V using the
Image Analysis strategy struggled to accurately return to previous decision points or
determine already explored paths. The tables in the SDC strategy provided a clearer
format for GPT4-V to analyze the current path when deciding which decision points
to recursively return to on the table.

4.1 Experimental Design

The Nile of Hope Hospital [3], a seven floor hospital in Alexandria, Egypt was the
experiment site. The Nile of Hope Hospital was selected due to its first person vir-
tual environment via Matterport 3D. The lack of commodities such as restaurants
or stores removed distractions and possible noise from the collected data. Finally,
the compact design of relatively small stacked floors, instead of long wings aided in
the rapid testing of the experiment protocols. The compact floors resulted in smaller
areas and therefore smaller gaps between decision points. The general layouts of
the floors were open concept, with colourful waiting areas, and rooms along the
perimeter. The colourful waiting areas were particularly important as they were a
distinctive landmark that helped to anchor the relative position of GPT4-V within
the hospital. An additional noteworthy feature was that the hospital did not have
lines along the floor or walls to indicate paths to specific departments. This ensured
that GPT4-V had to rely on visual cues and reasoning to determine the direction to
travel to reach the desired destination. The experiment consisted of four testing con-
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ditions for each strategy. Testing GPT4-V’s ability to understand and navigate the
environment, assess its reason and ability to reach the desired destination. Illustrat-
ing the abilities and limits of GPT4-V for navigation in new complex environments.
The test cases are as follows:

1. The experiment starts on the top of the staircase entering the 3rd floor. The goal
of the experiment was to navigate to turn right, travel to the end of the hall, and
enter the room directly to the right of the current perspective. The aim of the
prompt was to demonstrate GPT4-V’s ability to correctly analyze the images
and gauge GPT4-V’s ability to use judgement.

2. Instead of providing GPT4-V with directions, only a destination— radiology
department— was provided. GPT4-V was only tasked with locating the radi-
ology department, not a specified room or type of equipment. The task was
deemed as a success, if GPT4-V navigated to the radiology department and cor-
rectly identified that it had indeed located the desired destination. The starting
location is the same as task 1. The third floor is also the location where the
radiology department resides inside the hospital. GPT4-V was informed in the
initial instructions that the destination was located on the same floor.

3. Similar to test case number two, the desired destination was the radiology de-
partment on the third floor of the hospital. However, the starting location was the
staircase on the entrance to the second floor instead of the third floor. GPT4-V
was then apprised of its starting location, and informed that the radiology de-
partment was on either the second or third floor. The experiment was deemed
a success when GPT4-V had navigated to the desired destination and correctly
identified having reached the radiology department. Only staircases that had
been encountered on the current or previous decision points could be used for
traveling between floors. This was to reflect real-life navigation, as individuals
can only use staircases which they have direct access.

4. The test case was the same as task 3, the only difference being that the floor
level of the department resided was not provided. Instead, the initial instruc-
tions only provided the information that radiology was not on the first floor.
Successful completion of the experiment would include the navigation and cor-
rect identification of the radiology deferment once reached. As with test case
three, only encountered staircases could be used to travel between floors.

The setup of the experiment is an initial prompt to GPT4-V indicating the exper-
iment goals, strategy and the first set of images representing the starting location.
The specifics of the text prompt will vary depending on the experiment. The fol-
lowing is the text prompt for task number one implementing the Baseline strategy:
“You are tasked with navigating to the right, and traveling to the end of the hall.
Once you have reached the end of the hall, enter the room to the right. To assist you,
three images have been uploaded, representing views [Forward], [Left], and [Right]
from your current position. Based on these perspectives, decide which direction to
proceed”. The criteria used for measuring performance is the successful completion
of the specified task. The task will vary depending on the test, but each task includes
arriving, navigating to the desired destination, and the ability to correctly identify
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having arrived at the destination. Outside the main measurable, observations were
taken to compare:

• The decisions made and the reasoning behind decisions.
• The ability to back track between decision points.

The measured performance aims to demonstrate the effectiveness of the SDC strat-
egy in comparison to the Baseline and Image analysis Strategies. While the ob-
servations provide an in-depth look at the underlying decision-making process for
developments and future research.

4.2 Results

For the experiment, each task was 4 separate times for each strategy (Total 48 tests).
Table V illustrates the results of the test, for each strategy two data point were mea-
sured. The first is the number of the percentage of successful completions of each
task based on the previously defined criteria. The second value is the average num-
ber of prompts per test case. A prompt for the test was defined as each instance
information was sent to GPT4-V. Regardless of size, or whether the data contained
text, images or both. The significance of measuring the number of prompts is to il-
lustrate the increase of level of difficulties between task and compare each strategy’s
ability to maintain cohesion and awareness of the space as the complexity increased
between task. Higher prompts number meant a process was more complex, but also
that the strategy was capable of maintaining its awareness within the environment.

Table 5: Experiment Comparison

Task Baseline Image Analysis SDC

Task 1 75% 5 75% 5.25 75% 4.75
Task 2 0% 4.5 0% 5.25 100 9.75
Task 3 25% 7.5 0% 7.5 25% 8.25
Task 4 25% 4.5 25% 5.5 50% 7.67

GPT4-V image analysis ability proved to be relatively accurate regardless of the
selected strategy. This is illustrated by the first task of traveling to the end of the hall,
as each strategy was able to navigate the area and clearly state when the destination
was reached.

For the second test, GPT4-V started on the third floor, with the goal of arriv-
ing at the radiology department (the radiology department is also located on the
third floor). For task two the Baseline strategy proved ineffective, having a comple-
tion rate of zero. For each test conducted, GPT4-V would select a wrong path, and
without the ability to accurately back track each navigation was unsuccessful.The
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experiment would generally end either by GPT4-V suggesting to travel beyond dead
ends or not being able to identify previous decision points to back track.

The Image Analysis strategy improved upon the Baseline strategy in practice,
as noted by the increase in the average number of prompts. But the end result was
the same, resulting in a completion rate of 0%. The notable difference between the
two initial strategies were the ability of GPT4-V to accurately backtrack to previ-
ous decision points. The Image Analysis strategy showed promise as during one test
GPT4-V was able to complete the task after twice selecting the wrong path. After
following both paths to dead ends, the Image Analysis strategy returned to previ-
ous decision points. But the complexity of the environment required the ability to
backtrack numerous decision points. This proved to be too difficult, thus proving a
minor increase in effectiveness over the Baseline but an insufficient end result.

The SDC strategy proved to be a significant leap in efficiency. Having a 100%
completion rate in task 2. But the jump in success rate came at the cost of efficient,
an average number of 9.75. Double the amount of the Baseline Strategy and almost
double the Image Analysis strategy. It should also be noted that while the proposed
strategy has proven to be effective in backtracking task two, this effectiveness is
lost in more complex areas such as those in task three. While the third floor had an
average back track of 2 decision points between dead ends and starting points, task
three had upwards of 6 for certain paths. The increase in complexity can also be seen
in the increase in the average number of prompts carried out by each task. This is
the assumed reason why the SDC strategy rate reduction, as backtracking would in
task three eventually lead to GPT4-V becoming caught in loops of repeated travel-
ing between already discovered decision points. While the SDC strategy has shown
promise in creating a framework for future navigation in complex environments, its
performance in tasks 3 and 4 highlighted some challenges. The increased complex-
ity of these tasks led to significant reductions in the strategy’s effectiveness, with
success rates dropping to 50% and 25%, respectively. This was primarily due to the
tables growing in magnitude and complexity, which sometimes caused the system
to loop repeatedly between already discovered decision points.

4.3 Discussion

The Image Analysis and the SDC strategy were created to improve GPT4-V naviga-
tional abilities, but it could be argued that the Image Analysis and the SDC strategy
are essentially simulating memory. GPT4-V simulates memory within conversations
by reading the entirety of conversations before responding. As previously noted the
ability to review the conversation only applies to text. Images are analyzed in real-
time, meaning only uploaded images reflecting the current perspective are analyzed
with each prompt. The Image Analysis strategy takes a step toward human-like
memory by making note of distinct features within the environment. In the same
way an individual would take note of notable features within new environments,
GPT4-V captures these notes within the conversation.
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To the left, there’s a large purple and blue sign with Arabic writing, possibly providing
directions or department names. Straight ahead, there is a seating area with yellow and
green chairs, and a decorative wall with a mountain and balloon motif, likely designed to
create a comforting atmosphere for children. On the right, there is a series of doors with
windows, one marked with a warning for an electrical room (UPS). A red fire hose reel is
mounted on the wall next to the door. Overhead, there are green exit signs indicating the
way out.

This is an excerpt taken from a response of one of the experiments utilizing the
Image Analysis strategy. Throughout the response, colours and common objects
such as signs, windows and doors are noted. When combined, the summation of
the notable features allow for the creation of mental images to aid in guidance and
recognition of distinct areas. The inclusion of image descriptions dramatically in-
creased the navigation success rate, as seen in the improvements between the Base-
line and the Image Analysis strategy. In the same way, an individual might create
mental images, associating objects or colours with different areas. The Image Anal-
ysis strategy mimics the act of mental images by noting each pathway with a series
of notable features for future reference.

As noted in the results section, the Image Analysis strategy’s effectiveness de-
creased as the complexity of the navigating environment increased. This is, in part,
due to a distinctive difference between the Image Analysis strategy and how peo-
ple navigate environments. Visual cues, mental images and navigation’s algorithms
are capable of allowing individuals to navigate closed environments. However, in
order to effectively navigate new complex environments, individuals need to create
mental maps. Mental maps are an individuals unique perception and spacial un-
derstanding of their environment [18]. The SDC strategy combats this by creating
tables to track the path taken, noting district features and tracking all encountered
branches. By having the updated path tracking tables within the conversation, for
each prompt GPT4-V is provided with the information to create a map of the en-
vironment. Effectively giving GPT4-V a mental map to use for making decisions.
While at first seeming more mechanical, the ability to understand the path navigated,
how branches are connected, and associating areas with notable features provide
GPT4-V with a sense of visual memory and a mental map closer to humans.

An added benefit of the tables is the ability to dynamically update the tables
as needed to correct information. In the same fashion that individuals can correct
inaccuracies in their mental maps, GPT4-V dynamically updates its tables to address
any errors in the navigation data. For instance, if GPT4-V incorrectly identifies an
element in an image, it can update the tables to reflect the correct information in
future interactions. This capability is vital as it prevents navigation errors that could
arise from outdated or conflicting data, ensuring that the most current and accurate
information is always used for decision-making. This process closely mimics human
memory, where people continually update their understanding of their surroundings
based on new information.

As GPT continues to progress, the hope is by using a refined version of the SDC
strategy to aid individuals in navigating new environments in real time. Potentially
for individuals with visual impairments, by using the SDC strategy any individual
should be able to navigate hospitals, airports, and more all from their cellular device.
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Before practical applications, the problem of table maintenance would need to be
addressed. As the complexity of the navigation task increases, the complexity and
length of the table proportional increases. Rather than having to rebuild the table
following each decision, a solution would be to utilize a separate database where
data could be stored, retrieved and updated. With advancements in AI and further
refinement of the navigational process, this research displays the potential GPT has
in aiding individuals in navigating their everyday lives.

5 Conclusion

This study has systematically evaluated the efficacy of a novel prompting strategy,
SDC, in a vision-based LLM for indoor navigation, comparing it against two other
methods: one that simply provides pictures for navigation, and another that pro-
vides pictures along with environmental descriptions. The experiments conducted
in a hospital setting with tasks of increasing complexity have demonstrated that our
novel strategy not only consistently outperforms the other methods but also com-
pletes all designated tasks with notable efficiency and accuracy. The key findings
from our experiments highlight the superior capability of the novel prompting strat-
egy to utilize dynamic environmental information effectively, resembling human-
like navigation more closely than traditional tree-based search methods. This ap-
proach has shown a remarkable ability to adapt to changes and correct navigational
errors in real-time, leveraging visual and contextual cues to enhance the decision-
making process. The impact of this strategy on enhancing navigational aids is par-
ticularly significant for visually impaired individuals, as it offers a more intuitive
and accessible way to navigate complex environments like hospitals. The strategy’s
success in providing detailed, contextual, and adaptable navigational prompts could
greatly increase the autonomy and confidence of users with visual or mobility im-
pairments, potentially transforming their interaction with such environments.

Based on the experimental findings, there are several avenues for further enhanc-
ing the novel prompting strategy. For instance, incorporating more granular feed-
back mechanisms to fine-tune the AI’s decision-making process could further im-
prove its performance. Additionally, integrating multi-modal feedback from users,
such as voice commands or gesture recognition, might provide richer interaction
data for the AI to learn from. Future research could also explore the application
of this prompting strategy in other complex environments, such as airports, shop-
ping malls, or university campuses, where navigation can be equally challenging.
Examining the effectiveness of the strategy across different user demographics, in-
cluding varying levels of disability and technological proficiency, would provide
deeper insights into its adaptability and user-friendliness. Moreover, the scalability
of this novel strategy suggests its potential applicability to other types of AI-driven
assistance systems, such as autonomous vehicles or robotic aides, where dynamic
environment interaction is crucial. The principles established through this research
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could inform broader AI applications, making a significant impact on the develop-
ment of inclusive technology solutions.
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