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Memory-Maze: Scenario Driven Visual Language Navigation

Benchmark for Guiding Blind People

Masaki Kuribayashi*m, Kohei Uehara*2, Allan Wang2’3, Daisuke Sato?,
Renato Alexandre Ribeiro?, Simon Chu?, and Shigeo Morishima'

Abstract—Visual Language Navigation (VLN) powered robots
have the potential to guide blind people by understanding
route instructions provided by sighted passersby. This capability
allows robots to operate in environments often unknown a
prior. Existing VLN models are insufficient for the scenario of
navigation guidance for blind people, as they need to understand
routes described from human memory, which frequently contains
stutters, errors, and omissions of details, as opposed to those
obtained by thinking out loud, such as in the R2R dataset.
However, existing benchmarks do not contain instructions ob-
tained from human memory in natural environments. To this end,
we present our benchmark, Memory-Maze, which simulates the
scenario of seeking route instructions for guiding blind people.
Our benchmark contains a maze-like structured virtual envi-
ronment and novel route instruction data from human memory.
Our analysis demonstrates that instruction data collected from
memory was longer and contained more varied wording. We
further demonstrate that addressing errors and ambiguities from
memory-based instructions is challenging, by evaluating state-of-
the-art models alongside our baseline model with modularized
perception and controls.

Index Terms—Vision-Based Navigation, Performance Evalua-
tion and Benchmarking, Human-Centered Automation

I. INTRODUCTION

ISUAL language navigation (VLN) is a task where an
Vagent with visual access to the surroundings navigates
under a human’s instructions [1]. Recently, navigation robots
for blind people have been developed to help them gain
independence [2], [3], [4], such as robots that allow users
to choose destinations within prebuilt maps [2], [3]. One
scenario in which such robots would benefit from the VLN
technology is where blind people request instructions to their
destinations from sighted passersby in unfamiliar buildings [5].
In this scenario, the VLN technology deployed on navigation
robots may assist their blind users by understanding ver-
bal instructions from the passersby and then autonomously
guiding them to their destinations. VLN technology could
also allow robots to operate autonomously without relying on
building infrastructure or prebuilt maps, which is crucial for
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Fig. 1: Memory-Maze Benchmark. Top: the instructions ob-
tained in the memory-based scenario contain unique phrases,
highlighted in green, in contrast to those collected in tradi-
tional think-out-loud settings. Middle: Our benchmark envi-
ronment based on the CARLA simulator [7]. Bottom: the VLN
agent that navigates within the environment.

allowing robots to assist blind people in navigating various
new environments [4], [6].

However, direct application of existing VLN models to
the blind people navigation scenario is currently limited, as
there is a need for a benchmark that reflects the blind users’
demands realistically. Many VLN tasks have been addressed
in environments such as static houses [1] or roadways [8].
Nonetheless, it is also most important for blind individuals
to navigate large public spaces such as shopping malls or
university hallways. Compared to existing environments, these
environments are characterized by physical turning points and
intersections, resembling a maze. Besides the environmental
difference, in existing VLN literature, natural language in-
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structions are provided by thinking out loud. In other words,
annotators visually navigate a virtual environment and type
out instructions for constructing routes concurrently. In our
scenario, sighted passersby must describe the route from
their memory, which often contains errors such as inaccurate
estimates of distances, hallucinations of landmark objects, and
omissions of key turning points. To the best of our knowledge,
our benchmark is the first to address the scenario of a
blind user seeking memory-based instructions from sighted
passersby in maze-like public spaces.

We present Memory-Maze (Fig. 1), a benchmark that reflects
the blind user navigation scenario. Memory-Maze contains
virtual environments of real-world public spaces. It is based
on CARLA [7], which enables us to simulate various sensor
data (e.g., LiDAR) from robots. It also contains instructions
data gathered from two studies from sighted individuals. In the
first study, instructions were gathered through online question-
naires by observing walk-through videos from a first-person
perspective. This is similar to the annotation method used
in existing research. In the second study, instructions were
collected in-person by asking sighted passersby to describe
the same routes from their memories. This reflects the novel
scenarios envisioned in our benchmark. We observed different
characteristics among the two studies in terms of length,
number of errors, variety, among others.

To analyze the difficulty of our benchmark, we developed a
VLN baseline model better designed to navigate in large public
spaces, by leveraging modular APIs to handle navigation con-
trol and perceptions. Our model also fulfills two requirements
for the practical deployment of VLN models for blind people:
zero-shot transfer to unseen environments without navigation
graphs and single inference. Navigation robots need to
be used in unseen environments for blind people, directly
applying existing supervised models poses a challenge due to
their limited performance in unseen settings [9]. Additionally,
existing models perform repeated iterative inferences during
navigation, resulting in frequent stops and prolonged
navigation time. Leveraging large language models’ (LLM)
potential for zero-shot generalization in unseen environments,
our single-inference LLM-powered model converts the
instruction into Python code based on the defined robot
control API (Sec. III-B) for route navigation. This code
generation approach modularizes low-level commands such
as path-planning for collision avoidance and intersection
detection, and serves as a baseline that focuses more on the
language interpretation and reasoning capabilities of VLN.
Through the study with our model and the current state-of-
the-art methods [10], [11], we demonstrated the difficulty of
our benchmark and a tendency that real-world memory-based
instructions are more difficult for VLN models to handle.

We summarize our contributions below.

1) We constructed Memory-Maze, a benchmark containing
virtual environments of a large public spaces, and gath-
ered two sets of instructions, one collected by thinking
out loud and one obtained from human memory.

2) Through an experiment with current state-of-the-art
models and our baseline VLN model, we revealed the

gap between the instructions collected based on memory
and those collected by thinking out loud.
Our benchmark and codes are available at
https://github.com/chestnutforestlabo/MemoryMaze

II. RELATED WORK
A. Assistive Navigation Systems for Blind People

Recently, navigation robots have been explored to aid blind
people in avoiding obstacles while navigating. A common
practice is to prepare prebuilt maps and infrastructure for
localization and manual destination selection [2], [3]. This
practice poses a limitation for these systems, as prebuilt maps
and infrastructure are costly to obtain and maintain. Conse-
quently, a map-less approach was also proposed [4], [12].
For example, the PathFinder [4] system allows users to input
navigation directions through the buttons on the robot’s handle
based on instructions from sighted passersby [5]. However,
because the system needs users to understand and memorize
the instructions, high cognitive loads are placed on the users.
To address this, we present a novel, practical benchmark for
VLN models that aims to interpret memory-based instructions
from sighted passersby and navigate users autonomously to
their destinations.

B. Benchmarks in VLN tasks

The VLN task has been conducted in various benchmarks,
ranging from indoor [1], [13] to outdoor [8] settings. Most
of the instruction annotations of these benchmarks were cre-
ated by annotators who typed while concurrently observing
a virtual environment or by researchers who constructed
them manually. This way of obtaining instructions is not
suitable for our purpose, as it does not reflect the scenario
of people describing routes from their memories. Researchers
have also explored benchmarks with longer routes for long-
horizon navigation tasks [14]. Still, existing benchmarks do not
feature large public areas where blind people navigate, such
as shopping malls or university hallways. These areas contain
both static and dynamic obstacles and are characterized by
the existence of turning points and intersections (Fig. 2). A
related benchmark is Touchdown [8], which also emphasizes
navigation through intersections and dynamic environments.
However, its map structure is represented by a navigation
graph (i.e., an undirected graph that represents navigable
points with nodes), whereas the Memory-Maze assumes no
prior knowledge such as navigation graphs.

C. VLN Models

Researchers have explored solutions for VLN tasks us-
ing supervised models [1], which learn from a sequence of
observations and actions to take. These supervised models
often do not transfer well in unseen environments [9]. With
the recent advancements in LLM, researchers have also ex-
plored methods that do not require retraining [10], [15], [16].
One such approach was to use LLMs to extract landmarks
from instructions and follow chronologically [15]. Another
approach was to utilize LLM to flexibly determine actions at
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(a) University (b) Museum 5F (c) Museum 7F

Fig. 2: Bird's-Eye Views of Memory-Maze. The benchmark contains three environments. The university includes features
such as classrooms, of ces, hallways, a kitchen, and a library. The 5th oor of the museum mainly contains exhibits. The 7th
oor contains conference rooms, hallways, and a terrace area. Each environment includes two routes, totaling six routes. In
the on-site study, participants were asked to describe the route from the starting point to the end point, thus, their descriptions
may vary from the visualized route.

each step. NavGPT [10] is a model that uses LLM iterativefpr autonomous driving simulations, CARLAs exibility and
to select the node to navigate to within a navigation grapbompatibility with the Unreal Engine allowed us to create
Additionally, researchers have explored approaches that utilzeletailed 3D model of the experimental site. CARLA also
the code generation capability of LLM [17], [18]. In theoffers the ability to con gure the existence of static and
method proposed by Biggiet al. [18], given a prebuilt 3D dynamic obstacles and to simulate various sensors like RGB
map, images from their robot, and a Python API, the modehmeras, depth sensors, and LiDAR sensors. We created a 3D
generates codes that locate a target object [19], maps thedel of the experimental site using Fusion 360 and imported
object's location on the 3D map, and navigates to the mappidnto CARLA. This 3D model accurately reproduces the
location. While these methods are effective when the giveperimental site, both visually and in terms of oor layout.
instructions include suf cient landmarks, instructions recallett also includes major objects along the route (doors, chairs,
from memory often contain insuf cient landmarks, potentialla statuegetc).
leading to failure. Furthermore, these methods are limited by
the need for a navigation graph or 3D map, which is dif cult )
to construct for every unseen environment. To eliminate ths Mplementation of the Control Program
requirement, models have been proposed to predict navigatiomur next step was to develop a control program for the
graphs [20] or low-level actions [11] iteratively. However, theobot in the simulator to be used by our baseline VLN model.
need for iterative inference prolongs inference time, whiabtilizing CARLAs Python API to control the navigation robot,
may affect navigation by not reacting to dynamic obstaclgge implemented various control functions. We describe four
responsively. Moreover, iterative inference may be impracticadajor functions implemented.
in large public spaces, where the model could be required towe implemented functions for the agent to move
perform over many inference steps, due to the need to procgssvard (move_forward(distance) ), nd a
long time-horizon data. Our model utilizes LLM to producgurning point etect_turning_point() ),
navigation codes that follow a specied path in a singlend turn  turn(direction) ) using CARLAS
iteration, and allows exible integration of low-level planningyehicle.apply_control APl. When using the
algorithms for obstacle avoidance. This direct generation gfove forward(distance) function, to ensure the
navigation codes, coupled with existing low-level planningobot moves along the path without colliding with walls, we
algorithms, allows operation without navigation graphs.  implemented a feature that makes the robot navigate as closely
to the center of the corridor as possible. We calculate the
I1l. M EMORY-MAZE central path based on the coordinates of the four corners of the

Here, we describe our benchmark's virtual environment aisgrridor in the 3D mode_l. The_central path tracking _is realized
the robot simulation program. To simulate our scenario, Warough PID control, which adjusts the robot's steering angles.
selected a oor of a university building and two oors in When thedetect_turning_point() function is used,

a museum building (Fig. 2), which is characterized by thit determines if the robot is in the pre-annotated areas of
existence of multiple turning points.

turning points and returns navigable directions if the robot is

in one of them. Once the robot is at the turning point, it could

) . i change its direction using tharn(direction) function.

A. Selecting and Building the Simulator Because component algorithm development of the control
To simulate a scenario where a robot guides a blind persgmpgram was beyond the scope of this study, coordinates of

it is necessary to simulate high- delity egocentric visuals thahe corridor's corners and the turning point areas are acquired

are realistic enough to run an image recognition algorithrfrom the virtual environment, reducing errors from noise in

Thus, we built a novel virtual environment from scratch operception or control, and focusing on executing instructions.

top of the CARLA [7] simulator. While primarily developedHowever, these can be obtained using prior methods [4].
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TABLE I: Data Analysis. The table presents the route lengttyjing person with a navigation robot naturally ( st iteration)
(RL), mean, median, and standard deviation (SD) of wotghy another asking participants to describe the route after
counts in the_: cqllected_instructions, and their failure rates (F@roviding them with a brief description of the capability of the
For the onsite instructions, we also report the alternative ra{gyigation robot (second iteration). The second instruction was
(AR), the rate of describing alternative routes. collected to obtain more accurate memory-based instructions

Route RL remion Mean Medan sp FR AR given by passersby. This was achieved by explaining the
University R1  40.27m sLg 470 178 0% - robot's capability é.g, being able to detect objects) to the
Unversty K2 156.66m B3 e0 m9 S0 - participants. It simulates a scenario Where a b_Ilnd user may
Online ~——  provide sighted passersby with robot information to obtain
Minsition o Museum SFR1  7L18m 9 %o s waw - rened instructions. We expect that telling them about robots'
Museum 5F R2  44.05m %o o s i%w . capabilities would enable VLN models to achieve better per-
waseum 7 R 85.10m w295 &g pee o formance. N | _
713 80 8 435% - In the rst study, participants completed an online question-

Museum 7F R2  79.40m 950 850 474  0.00%

i B oo on naire designed to gather instructions that were similar to those
1020 945 511 250%  100% N prior works. They were rst presented with a scenario in
eS Tmo eeb sy 2o which they communicated with a blind person accompanied
G2 540 214 7ol 00% by a navigation robot capable of following natural language
s oi0 427 wame w1 INStructions and 360video walkthroughs of two routes. They
34 685 397 45w 636% ywere then asked to type instructions to the destination. They
68.7 69.5 275 54.54% 4.5% .
890 840 240 13e4% o90% Were allowed to re-watch the walkthrough videos at any
oy S0 300 Saamw T time. We collected four instructions per participant. In total,
78 participants participated in the study, resulting in 312
Additionally, we implemented an image recognition modi_nstru_ctions. The participants were gathered through university
ule detect_from_RGB_image(object) , which outputs recrmtn_’nent or through an online survey platform, and all were
bounding boxes of all detected objects, to manage Iandmabi?—fam'“ar with the ShOV.V” routes. The study was cond.ucted n
related instructions such aum after nding a chair” apan, and the instructions were translated into English using
While most existing object detection models are designed ? T4 L
identify objects from prede ned classes, they are not capah| In th.e seconq study, we conducted an onsite in-person study.
of detecting arbitrary objects. Therefore, we used Groundirl € am of th'fs study was to gather d"’}t"’,‘ that re ects the
DINO [21], an open-vocabulary object detection model. Ope _a_Ilstlc scenario of 5|ghte_d people describing the route _from
vocabulary object detection models output bounding boxes Ir memory. Thus, they did _not waitch the walkthrough video
any object by using the object's name as a query. With t Experence the rgutgldurmg the study. The experimenter
object detection model selected, we then used CARLAS rob leplayed as bl'r.]d |nd|V|dgaIs, asked them for d|rect|ons to
ego-centric RGB sensors to capture images. To address td E%route_ destinations, and mstructgd them to describe the route
requiring the robot to identify an object multiple times.d, verbally in two rounds. For the rst iteration, we asked partic-

“turn after passing four doors}, we added tracking algorithmsipants to describe the routes as naturally as possible. For the
to avoid counting the same object in different frames cond iteration, to obtain more accurate instructions for the

distinct entities. We further assume that in instructions th Fnchmar.k, n add|t|.on to explamlng_ the robot‘; -capab'|l|t!es,
require nding landmark objects, the objects are located e experimenter pointed out errors in the participants' given
close vicinity. For example, in the instructictiurn after instructions, such as a missing turn, and asked them to explain

nding [object]” the camera may capture the object at the route again. For the university routes, we recruited sighted
considerable distance, but such instructions typically mean fgssersby and ensured that all participants were familiar with

object is close to the robot. To achieve this, we used CARLALE route by using a pre-study check survey. In this study, each

depth sensors to measure the distance to each detected ol?glgrcpcc'pam described a single route, resulting in two instruc-

and ltered out those beyond four meters, ensuring that onliPns per participant. In total, 40 participants participated in
nearby objects were considered the study at the university, contributing 80 instructions. For

the museum routes, we recruited staff or recent visitors who
IV. INSTRUCTIONDATA COLLECTION were familiar with the museum layouts. In this study, each
participant described two routes, resulting in four instructions
per participant. In total, 43 participants participated in the

We conducted two studies, one online and one onsite, dtudy at the museum, contributing 172 instructions.

collect natural language instruction data for routes at three
locations: a oor across three buildings in a university and . .
two oors in a museum. We designed the route as showf Benchmark Analysis and Statistics
in Fig. 2. The studies were approved by our institutional The mean, median, and standard deviation (SD) for the
review board (IRB), and informed consent was obtained frolength of collected instructions are reported in Table I. First,
all participants. For each route, we obtained two rounds a observed that the mean length and SD are longer for the
instructions: one asking participants to describe the route tes@cond iteration in most cases, as participants tended to add

University R1 40.27m

University R2 156.68m

Onsite

Memory-Based ~ Museum 5F R1 ~ 71.18m
Instructions

Museum 5F R2  44.05m

Museum 7F R1 ~ 86.10m

NR[(NR[([NR[(NR(NR(NR (NP NP [(NR (NP NP N

Museum 7F R2  79.40m

A. Procedure
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