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Abstract— Traditional control interfaces for powered assistive
devices are often inaccessible to individuals with severe mobility
impairments. Embodied AI, which integrates perception, rea-
soning, and action within robotic systems, offers a promising
approach to improve accessibility and autonomy. This work
presents Speak2Move, an embodied AI framework that enables
intuitive voice-based control of assistive mobility devices. By in-
tegrating a large language model with object detection, semantic
segmentation, SLAM, and autonomous navigation, Speak2Move
creates a closed-loop pipeline connecting perception, reasoning,
and action. The system incorporates a novel semantic map-
ping method and is deployed on a physical robot equipped
with an RGB-D camera. Performance is evaluated through
nine real-world navigation trials assessing spatial reasoning,
obstacle avoidance, semantic understanding, and high-level task
planning. A user study with five participants showed that
Speak2Move consistently reduced cognitive workload during
navigation, highlighting the potential of embodied Al to enhance
accessibility, independence, and user experience in assistive
mobility.

I. INTRODUCTION

Mobility impairments caused by conditions such as stroke,
spinal cord injuries, multiple sclerosis, amyotrophic lateral
sclerosis, and cerebral palsy affect millions worldwide and
significantly limit daily activities and independence. To mit-
igate these challenges, powered mobility devices includ-
ing powered wheelchairs, walkers, scooters, and rollators
have become essential for personal mobility and community
participation [1]. Demand for these devices has increased
in recent years due to population aging, rising disability
prevalence, and advances in assistive technology [2].

Despite the wide range of control interfaces, from joysticks
and switches [3] to tongue- and headrest-based systems [4]
and brain-computer interfaces [5], many users continue to
face difficulties operating these devices. Calibration com-
plexity, fine motor requirements, and high cognitive effort
render many interfaces inaccessible for individuals with
severe impairments. Autonomous systems can reduce manual
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Fig. 1: Exemplary navigation from a natural speech prompt.
Speak2Move uses the stored semantic and spatial maps,
along with the user’s spoken prompt, to identify a suitable
goal pose. The system then autonomously navigates to that
pose.

input but often struggle to interpret user intent flexibly
or operate reliably in unstructured home and community
settings.

Each interface is generally designed for a specific residual-
ability profile. Joysticks require fine upper-limb dexterity,
switch scanning relies on a single consistent gross movement,
tongue-based systems exploit preserved oral motion, and
BClIs support users with near-total motor paralysis and intact
cognition. The proposed speech-guided interface addresses a
different subgroup: individuals with functional speech but
insufficient manual or cranial motor control for existing
methods.

Recent advances in embodied Al, which integrates mul-
timodal perception, high-level reasoning, and physical ac-
tion within robotic systems, provide a promising avenue to
overcome these limitations. Incorporating foundation models,
particularly large language models, enables more natural
and adaptive human-robot interaction by allowing systems
to interpret ambiguous commands, infer intent, and plan
context-aware actions across diverse environments. These
capabilities are especially relevant for assistive mobility,
where rigid interfaces and precise input requirements often
pose significant barriers.
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Fig. 2: Speak2Move system architecture. The integrated RGB-D camera streams an RGB image and a depth point-cloud.
Perception modules (object detection and SLAM) produce a semantic-polar map and a metric map, respectively. These are
passed to the high-level task planner, which outputs a symbolic action list. The task execution module parses that plan and
invokes navigation (Nav2) and direct control modules for fine, continuous manoeuvres.

In this context, LLMs serve not just as language engines,
but as bridges between human intent and robot control. For
instance, the ability of an LLM to interpret “take me to the
kitchen” without requiring joystick input allows users with
limited motor abilities to issue intuitive, natural commands.
When combined with robot perception and control systems,
LLMs create an opportunity to reimagine how users interact
with powered mobility devices, shifting from rigid low-level
control to flexible, goal-directed autonomy.

We introduce Speak?Move, a modular embodied Al
framework designed to address these needs. Speak2Move
links user speech to autonomous navigation using a pipeline
that combines YOLO-based visual perception, semantic-
polar mapping, GPT-40-based high-level planning, and Nav2
for low-level control. The system enables users to move
through their environments by speaking simple commands,
which are grounded in the robot’s visual world and executed
without requiring physical manipulation of a control inter-
face.

The present approach presupposes that users possess ade-
quate expressive speech and basic language comprehension.
Individuals with profound aphasia, anarthria, or comparable
speech-production deficits would require alternative input
channels (e.g., eye-gaze, switch scanning, or AAC devices).
Consequently, the prototype targets users whose mobility is
severely limited while their spoken communication remains
functional.

This work contributes to three intersecting research do-
mains: foundation-model-based planning in robotics, system-
level coordination of vision, language, and action, and assis-
tive human-robot interaction. Through nine autonomous tri-
als and a NASA-TLX user study, we show that Speak2Move
reduces user cognitive load and improves navigation per-
formance over traditional control methods. Unlike prior
navigation pipelines, our novelty lies in adapting and inte-
grating proven modules into a safety-conscious, semantically
aware, and user-centered framework explicitly designed for
assistive robotics. The framework also provides a blueprint
for applying embodied Al to healthcare, extending beyond

mobility aids to service, rehabilitation, and home assistance.

The remainder of the paper is organized as follows:
Section II reviews related work in assistive robotics, em-
bodied AIl, and LLM-driven planning. Section III details
the Speak2Move framework architecture, including semantic
mapping, polar representation, LLM planning, and system
integration. Section IV presents experimental results. Section
V discusses limitations, and Section VI concludes the paper.

II. RELATED WORK

Recent advances in large language models (LLMs) have
motivated their integration into robotic systems, leveraging
their reasoning and planning capabilities across multiple
control levels, from high-level task planning to low-level
control [6]-[8]. Parallel efforts have explored LLMs in
assistive robotics to enhance human-robot interaction, user
feedback, and system adaptability.

LLMs have been widely investigated for autonomous
navigation [9]. Zhong et al. [10] employ an LLM as a low-
level controller by encoding semantic and spatial information
as text and directly generating velocity commands. Other
approaches integrate multiple foundation models, combin-
ing LLMs with Vision Language Models (VLMs), Vision
Navigation Models (VNMs), and perception networks. For
example, Shah et al. [11] integrate an LLM, VLM, and
VNM for outdoor navigation, while Qiao et al. [12] propose
an open-source navigation system using chain-of-thought
reasoning with spatial understanding and object recognition.
Zhou et al. [13] combine a Vision-Language-Action model
and a navigation policy network with an LLM to achieve
state-of-the-art performance. In contrast to approaches that
tightly couple LLMs with low-level control, our work adopts
a modular design in which the LLM serves as a high-
level task planner, interfacing with established perception and
navigation modules.

LLMs have also been applied in assistive robotics to
enable more flexible and intuitive interaction. Hu et al.
[14] use LLMs to generate executable robot code from
natural language instructions, simplifying the programming



of assistive mobile robots. Other studies emphasize safety
and usability [15], such as the design guidelines proposed
by Padmanabha et al. [16] for integrating LLMs into phys-
ically assistive systems. Wang et al. [17] combine object
detection models with LLMs to provide navigation assis-
tance for visually impaired users. Building on these efforts,
Speak2Move integrates language, vision, and navigation in
a safety-conscious, modular framework tailored specifically
to assistive mobility.

III. SYSTEM ARCHITECTURE

The Speak2Move framework enables assistive robots to
respond to natural language commands by autonomously
guiding users based on spoken input. After receiving a com-
mand, the system evaluates the environment and selects an
appropriate action sequence, including navigating to known
objects, performing simple movements, scanning for unseen
objects, or waiting. Actions are executed in a seamless,
context-aware manner.

The framework comprises seven modules organized into
three groups, as shown in Figure 2. Environment modeling
includes a SLAM module for spatial mapping and an object
detection module that supplies semantic object locations
to a semantic mapping module. Task planning is handled
by an LLM module that generates function calls executed
sequentially by a task execution module. Control is provided
through a navigation module for autonomous movement
and a direct control module for low-level commands. Inter-
module communication is managed via ROS2, with coordi-
nate transformations handled by tf2.

For evaluation, the system was deployed on an AgileX
Ranger Mini 3 robot equipped with a ZED 2i RGB-D
camera and an NVIDIA Jetson Orin AGX. The platform sup-
ports double Ackermann and holonomic drive modes, with
autonomous navigation using double Ackermann to avoid
disorienting lateral motion. Full mobility remains available
through direct control commands. The robot supports both
manual and autonomous operation, and rear-mounted handles
provide physical support and assist user guidance.

A. SLAM Module

Simultaneous Localization and Mapping (SLAM) enables
autonomous robots to build maps of unknown environments
while localizing within them. We integrate RTAB-Map, a
widely used SLAM framework compatible with both RGB-
D cameras and LiDAR sensors. Although LiDAR offers ac-
curate 360° sensing, its cost can be prohibitive for individual
users or affordable assistive devices. We therefore adopt an
RGB-D camera-only solution to improve accessibility and
reduce cost. The modular design of Speak2Move nonetheless
allows LiDAR to be integrated when available.

Using the onboard RGB-D camera, the SLAM module
generates a 2D occupancy map that identifies obstacles and
free space while simultaneously localizing the robot within
the environment. RTAB-Map ensures consistent transforma-
tion of sensor data into a global frame, and the resulting

occupancy grid supports motion planning and execution by
the task execution and navigation modules.

B. Object Detection Module

Object detection provides critical semantic awareness,
enabling the framework to act as an intelligent navigational
assistant. A You Only Look Once (YOLO) model is used to
detect and segment objects in rectified RGB images captured
by the RGB-D camera. For each detected object, the model
outputs a segmentation mask, confidence score, and class
label, which are processed to estimate the object’s position
in the global reference frame.

The segmentation mask is first morphologically eroded
using OpenCV to mitigate over-segmentation by slightly
reducing mask boundaries while preserving overall shape.
The refined mask is then applied to the corresponding point
cloud to extract 3D points on the object’s surface in the
camera coordinate frame. A Density-Based Spatial Cluster-
ing of Applications with Noise (DBSCAN) algorithm [18],
implemented via scikit-learn, filters spatial outliers caused by
segmentation errors or sensor noise. From the resulting point
cloud, a 3D bounding box is computed using the extrema
along the Cartesian axes and transformed from the camera
frame to the global frame. Finally, the bounding box is
projected onto the 2D XY-plane and passed to the semantic
mapping module together with the object’s class label and
confidence score.

C. Semantic Mapping Module

The semantic mapping module manages semanto-spatial
information by integrating semantic and spatial outputs from
the object detection module and transforming them into the
robot’s local coordinate frame for LLM interpretation.

For each new detection, the centroid and area of the 2D
bounding box are computed. Objects with an area below
0.01m? or a confidence score below 0.7 are discarded. Re-
maining detections are compared with existing semantic map
entries to determine whether they correspond to previously
detected objects or represent new ones.

A match is declared if three conditions are met: (1) class
labels are identical, (2) centroid distance is below 0.2m,
and (3) the Intersection over Minimum (IoM) [19] between
bounding boxes exceeds 0.2. IoM is defined as

IoM = M (1
min{| P, |Q[}
where | P| and |Q| denote the areas of the new and existing
bounding boxes, and |P N Q)] is their intersection. Matched
objects are updated, while unmatched detections are added
as new semantic entries.

To maintain accuracy in dynamic environments, semantic
objects within 0.1-3m of the robot and inside the RGB-
D camera field of view are removed before adding new
detections, preventing the accumulation of stale or transient
objects. Finally, object centroids are transformed from the
global frame to the robot’s local frame and converted to
polar coordinates. This compact, robot-centric representation
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Fig. 4: Diagrams illustrating the nine trials carried out (see

Table I for experime

ntal results).

is provided to the LLM, enabling direct interpretation of
navigation commands without additional spatial reasoning.

D. LLM Module

Recent studies show that LLMs are highly effective at
generating complex plans from natural language input, mo-
tivating their use as high-level task planners. GPT-40 was
selected due to its strong performance in task planning tasks
[20].

The LLM module converts user speech into text using
the SpeechRecognition Python library with the OpenAl
Whisper API [21]. The resulting prompt is sent to GPT-
40 via the OpenAl Python API, along with background
context and a semantic environment description from the
semantic mapping module. For reproducibility, the full set
of supported functions is defined in a JSON schema in
the Appendix, ensuring constrained and transparent LLM
outputs. The OpenAl function calling mechanism enforces
adherence to predefined function definitions (see appendix').
After a function sequence is produced, users may optionally
review and confirm it before execution. This configurable
“Safety Check” allows intervention if the output is unde-
sirable. The planner also recognizes high-priority override
commands such as “stop” and “cancel,” immediately aborting
any active motion or navigation task.

The LLM is intentionally limited to high-level task inter-
pretation and semantic reasoning, while low-level execution
is handled by safety-proven modules such as Nav2 and direct
control. Obstacle avoidance, dynamic replanning, and path
feasibility are managed by Nav2’s Hybrid A* and MPPI
planners rather than the LLM. Although prior work has
explored richer LLM-driven planning or direct control, such
approaches remain prone to hallucinations and unpredictable
behaviour. In assistive robotics, even a single erroneous
command can pose safety risks to users, bystanders, or the
device. Constraining the LLM, therefore, improves reliability
and trust while preserving natural language autonomy. This

ILink to Appendix and Video: https://drive.google.com/
drive/folders/1viCDhoseLOYyulI651vBz jDWImBWYxqJ?
usp=sharing.



-1

-2
4 3 2 -1 0 1 2 3 4 3 2

-2

Fig. 5: User trial paths. Paths shown in blue correspond to manual control mode, while paths in red indicate autonomous
operation using the Speak2Move system. All units are in meters. Left: Trial 1. Center: Trial 3. Right: Trial 5.

Algorithm 1 Find Goal Pose

Input:
e C, = (Com,Coy): coordinates of the target object’s
centroid in the global frame.
e M: occupancy grid produced by the SLAM module.
o P,: set of navigable grid cells (reachable points) in M.
e xp: pose of the robot in the global frame.
Parameters:
e 0. side length of one grid cell in M (e.g., 0.05 m).
o Tsare: Minimum distance goal pose distance from object.
e Tmax: Maximum allowable distance for a valid goal pose.

Qutput:

e GoalPose or None if not found.

—
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R A A R o

-

C + @ {Candidate point list}
Teand <— 00 {Closest candidate distance}
© « [0, 66, 266, ..., 2] {Where 60 = 2=}
for each 6 € © do
T < Tstart
while » < 7. do
P < (Cox +1c08(0), coy + rsin(6))
pg < transform p to grid cell coordinates
if pg € P, then
if r = reang then
Append p to C
else if r < r¢ynq then
C < [p]
Tcand <= T
end if
break
end if
T 471+ 0
end while
end for
. if C = @ then
return None
: end if
Compute distances d(p,xpr) for each p € C
. p* < argmingec d(p, XR)
Y < arctan 2(coy — Py, Cox — Py)
: return GoalPose(p*,v)

design choice serves as a safeguard rather than a limitation,
as the modular architecture can expand LLM authority as
verification and safety mechanisms mature.

E. Task Execution Module

The task execution module sequentially executes the func-
tion list output by the LLM module. There are four task cate-
gories that this module handles: 1) navigation tasks, 2) direct
control tasks, 3) wait tasks, and 4) velocity adjustments.

1) Navigation Tasks: Before navigating to an object, a
valid goal pose must be identified. All navigable points in
the occupancy grid generated by the SLAM module are first
extracted using a Breadth-First Search (BFS). Algorithm 1
then selects a feasible goal pose, which is passed to the
navigation module if found.

2) Direct Control Tasks: For direct control tasks, the
task execution module forwards the selected function and
parameters, such as linear or angular distance and velocity,
to the direct control module. Supported commands include
move_forward, move_backward, strafe_right,
strafe_left, turn_right, and turn_left. The
scan_environment command is also available, enabling
the robot to rotate in place to capture a panoramic view
with the RGB-D camera and detect semantic objects in
previously unmapped areas.

3) Wait Tasks: Wait tasks instruct the system to pause
for a specified duration before proceeding. During this wait
period, all subsequent commands are blocked, ensuring se-
quential execution of the task plan.

4) Velocity Adjusments: Navigation and movement com-
mands use dynamically adjustable maximum velocities (de-
faults: 0.5m/s forward, 0.3m/s backward, and 7/2rad/s an-
gular). Users can modify these at runtime via internal task
execution and navigation parameters. Requested velocities
are validated against safety ranges ([0.1,1.0] m/s forward,
[0.1,0.7] m/s backward, [0.5,2.4] rad/s angular); values
outside these bounds are clamped to the nearest limit.

F. Navigation Module

Autonomous navigation is essential for guiding users to
detected objects. The framework employs the Navigation 2
(Nav2) [22] stack to provide reliable autonomous navigation.
Nav2 was selected for its proven safety, robustness across
diverse platforms, and seamless integration with ROS2 and



RTAB-Map, reducing the risks associated with LLM-based
control.

Navigation parameters were tuned to match the specific
robot and application. The Hybrid A* global planner and
Model Predictive Path Integral local planner [23] were used,
as they support the robot’s Ackermann motion model and
provide dynamic obstacle avoidance required for operation
in changing environments.

G. Direct Control Module

After autonomous navigation, the robot may not be op-
timally positioned. For example, when approaching a chair,
it may stop directly in front of it and obstruct seating, mo-
tivating the need for user-directed repositioning. The direct
control module enables forward and backward translation,
lateral motion, and in-place rotation, giving users full access
to the robot’s mobility.

To ensure smooth and accurate execution of movement
commands, motion profiling is applied to generate stable
trajectories. Two intermediary functions, u(¢) and A(t), are
used to represent the proportion of the total linear or angular
displacement completed at time ¢, measured from the start
of the motion command ¢ = 0. These functions are defined
as follows for linear and angular motion, respectively:

V(@(t) — 2(0))% + (y(t) — y(0))?

u(t) = i @)
arge
0(t) — 6(0
At) = w 3)
arge

where (z(t),y(t)) represents the robot’s position in the
global reference frame at time ¢, 6(¢) is the yaw orientation
of the robot in the global reference frame at time ¢, diqrget
is the user-specified target distance and 0yqrge¢ is the user-
specified target angle.

A trapezoidal deceleration ramp is used to reduce over-
shoot from abrupt velocity changes by gradually slowing the
robot as it approaches its goal. Without this profile, deceler-
ation would begin only at the target, allowing momentum to
carry the robot past the intended stop. The motion profile is
defined for linear and angular velocities as follows:

max f t S 1 N R
vena(t) = 4 1"ty i v
T*Umax 1f1—R<U(t)
Wmax if A(t) < 1-R
t) = :
Wemad (t) {%ﬁ(ﬂ*wmm if 1 -R<A(t) (&)

where vemq(t) and wep,q are the respective linear and angular
command velocities at time ¢, V,,q, and wy,q, are the user-
defined maximum linear and angular velocities, and R is
the proportion of the motion during which deceleration is
undergone (e.g., when R = 0.3 deceleration only occurs in
the final 30% of the movement). R can be adjusted depending
on the desired motion and max speed. The “backwards
translation” section of Figure 3 illustrates an exemplary
linear movement.

TABLE I: Autonomous Navigation Trial Results

Distance Angle . .
Trial #  Travelled Travelled TiDrrZ;V‘(es) Ti?rf;ais) gf:(;{
(m) (rad)
1 2.80 13.6 19.47 42.29 Enabled
2 1.79 0.52 5.01 12.64 Enabled
3 2.89 8.99 16.32 29.4 Enabled
4 2.46 11.2 15.95 38.9 Enabled
5 6.07 6.72 29.46 52.74 Disabled
6 4.93 24.9 37.51 59.74 Disabled
7 0.59 14.5 24.61 33.03 Disabled
8 3.27 4.01 17.64 38.55 Disabled
9 5.10 3.66 16.61 24.05 Disabled

IV. EXPERIMENTS AND RESULTS

To assess the capabilities of the Speak2Move system,
two real-world experiments were conducted: autonomous
navigation trials, which assessed the system’s detection and
navigational performance, and a human-robot comparative
usability study, which examined the system’s impact on
users’ perceived task load during interaction.

A. Autonomous Navigation Trials

To assess detection, mapping, and navigation performance,
structured trials were conducted in a controlled lab environ-
ment with predefined object arrangements forming distinct
semantic scenes, as shown in Figure 4. The scenarios were
intentionally kept simple, as the goal was not to maxi-
mize environmental complexity but to evaluate whether an
LLM-driven navigation system is suitable for assistive use
and whether it can improve user experience. This design
prioritized feasibility and usability over stress-testing the
navigation pipeline.

In Trials 1, 2, 3, 4, 5, 8, and 9, semantic and spatial
mapping were enabled, and the robot was manually driven
beforehand to build a comprehensive semantic map. Trials
6 and 7 omitted this preliminary mapping phase. Each
trial began with a natural language prompt provided by the
experimenter, with all prompts shown in Figure 4. When the
optional Safety Check was enabled in Trials 1 through 4, the
proposed execution plan was reviewed and approved before
execution. Prompts were issued sequentially until all actions
were completed.

The results demonstrate that Speak2Move supports spatial
reasoning in Trials 1, 2, and 9, obstacle avoidance in Trials
3, 8, and 9, and task planning across all trials. The system
also adapts dynamically in Trials 4 and 8 and successfully
grounds natural language commands in semantic understand-
ing to perform object-based navigation in Trials 5, 6, and 8.

B. Human-Robot Comparative Perceived Workload Study

To evaluate the effect of Speak2Move on cognitive load
and navigation performance, a comparative usability study
was conducted with five able-bodied male participants (age =
26+4.6 years, height = 177.64£6.2 cm, weight = 76.8+8.8).
All participants had intact spoken English and normal or
corrected-to-normal vision and hearing. The study was ap-
proved by the University of Alberta Research Ethics Board



TABLE II: Results of User Trials. The manual control mode refers to trials in which participants operated the robot using
a remote controller, while Speak2Move control mode refers to trials conducted with our Speak2Move system enabled. The
Raw Task Load Index (RTLX) measures subjective workload across six categories: Mental Demand (MD), Physical Demand
(PD), Temporal Demand (TD), Performance (Pe), Effort (Ef), and Frustration (Fr), each rated on a 20-point scale. TLX
Total denotes the aggregated and normalized task load score for each trial.

Trial  Participant Control Distance Angle Raw TLX Task Load
P Mode Travelled (m)  Travelled (rad) ™MD PD TD Pe Ef Fr TLX Total Reduction
1 Manual 3.95 13.49 17 11 11 16 18 16 0.742
Speak2Move 3.47 13.82 8 5 11 1 7 5 0.308
> Manual 4.04 13.44 13 15 15 4 5 19 0.592
Speak2Move 3.48 13.64 1 2 1 1 1 2 0.067
1 3 Manual 5.30 14.42 9 6 9 8 9 13 0.450 70.4£14.3%
N Speak2Move 4.16 5.06 4 4 4 3 3 7 0.208
4 Manual 4.74 14.66 7 1 1 1 13 4 0.225
Speak2Move 3.96 14.43 1 1 1 1 1 1 0.050
5 Manual 4.93 13.73 5 3 6 1 7 8 0.250
Speak2Move 3.51 13.64 1 2 2 1 1 1 0.067
1 Manual 4.09 347 17 15 11 3 16 17 0.658
Speak2Move 4.71 17.78 14 14 9 3 12 14 0.550
5 Manual 7.40 4.65 20 19 16 15 19 19 0.900
Speak2Move 5.77 13.82 3 2 5 2 4 3 0.158
3 3 Manual 8.43 4.47 1m 10 7 7 10 13 0.483 53.3£24.6%
- Speak2Move 4.25 5.21 3 3 4 16 3 3 0.267
4 Manual 7.00 17.98 5 5 1 1 5 2 0.158
Speak2Move 6.55 20.11 1 2 1 1 1 1 0.058
5 Manual 6.21 4.51 8 8 6 3 9 8 0.350
- Speak2Move 5.05 5.14 3 2 2 6 2 2 0.142
) Manual 8.39 13.43 20 20 12 16 18 20  0.883
Speak2Move 6.96 4.77 3 1 10 1 5 7 0.225
5 Manual 8.98 19.80 17 19 13 8 17 14 0.733
Speak2Move 6.28 4.15 3 4 3 3 3 4 0.167
5 3 Manual 7.81 13.00 8 9 10 9 9 10 0.458 64.4£14.0%
- Speak2Move 6.47 16.94 5 3 3 14 4 3 0.267
4 Manual 8.26 15.62 7 3 1 1 3 2 0.142
Speak2Move 6.07 4.29 1 1 1 1 1 1 0.050
5 Manual 7.61 4.34 4 4 4 2 6 2 0.183
Speak2Move 6.78 5.19 1 1 1 3 1 1 0.067
.. . —* _* Control Mode
(Pro00139670). Each participant completed Trials 1, 3, and 08 |__» == el
. . . . . : — @ Speak2Move
5, as described in Section IV-A, both with and without N
g
Speak2Move. $os -
©
Participants were given three minutes to practice manual £ 04
. -
robot control at the start of the first trial. For each task, o2
they were provided with the full prompt and instructed to
complete it using manual control while standing behind 1 3 5
Trial Number

the robot, leaning on it for support to simulate a smart
walker. After completing each task, the Raw Task Load Index
(RTLX) was administered to measure perceived workload
across six dimensions: Mental Demand, Physical Demand,
Temporal Demand, Performance, Effort, and Frustration.
Ratings on a 20-point scale were aggregated and normalized
to produce a composite workload score between 0 and 1.

The environment was then reset, Speak2Move was ac-
tivated, and a semantic map was generated through pre-
scanning. After a brief overview of voice interaction, partic-
ipants repeated the same tasks using Speak2Move, followed
by a second RTLX assessment. This procedure was repeated
for all participants and trials. Results are summarized in
Table II, with corresponding robot trajectories shown in
Figure 5.

Statistical analysis using the Wilcoxon signed-rank test
showed that all participants reported lower NASA-TLX
scores when using Speak2Move, yielding a highly significant
one-tailed result (W = 0, p < 0.001). A repeated-measures
ANOVA on TLX difference scores found no significant effect
of task scenario, F(1.01, 4.05) = 2.13, p > 0.05, with mean
TLX reductions of 0.70, 0.53, and 0.64 for Trials 1 through 3.
These results indicate that Speak2Move consistently reduces

Fig. 6: Comparison of TLX Total values of manual control
vs Speak2Move in the three trials.

cognitive workload across different navigation tasks.

V. DISCUSSION AND LIMITATIONS

A natural language-driven navigation system integrated
into assistive devices, such as Speak2Move, can reduce
cognitive load, improve navigation efficiency, and lessen
reliance on caregivers. This capability may substantially
benefit individuals with severe mobility or cognitive impair-
ments by increasing independence and supporting broader
social participation. The Speak2Move framework is adapt-
able to assistive platforms including smart walkers, powered
wheelchairs, and lower-limb exoskeletons, as its LLM-based
planning module is hardware-agnostic. Provided that a device
exposes basic locomotion APIs, the system can generalize
without retraining or reconfiguration.

The framework also offers potential for transparent
decision-making. Although not fully explored in this study,
the LLM planner can be prompted to verbally explain its
reasoning, for example “I am navigating to the kitchen by



moving toward the detected refrigerator,” which may improve
user trust and interpretability.

Despite promising results, several limitations remain. The
current system focuses on object-based navigation, limiting
long-horizon autonomy in complex environments such as
outdoor urban settings. However, exposing additional robot
APIs (e.g., manipulation, elevator use, and door operation)
could enable execution of multi-step tasks such as “pick up
my medication, then escort me to the reception desk” with-
out retraining. Manual joystick control remains the clinical
standard for assistive mobility and was therefore used as
the baseline. Few assistive systems jointly integrate vision
and language as in Speak2Move, making direct comparisons
difficult while highlighting the novelty of the approach. The
closed-set object detector restricts recognition to predefined
classes; open-set detection could support a broader range of
real-world objects. Finally, reliance on spoken commands
limits accessibility for users with significant speech or lan-
guage impairments.

VI. CONCLUSIONS AND FUTURE WORK

This paper introduced Speak2Move, a modular frame-
work that enables assistive robots to execute natural speech
commands through integrated vision, language, and action.
By combining semantic mapping, object detection, SLAM,
navigation, and LLM-based planning, the system supports
intuitive mobility-device control. A polar representation of
object locations improves spatial reasoning, and the frame-
work was validated through robot experiments and a user
study.

Results showed reduced NASA-TLX workload and im-
proved navigation efficiency, demonstrating the potential of
Speak2Move to support independent mobility for individuals
with physical or cognitive impairments. Future work will
quantify caregiver burden reduction and mobility outcomes,
compare LLM-generated plans against user- and expert-
defined baselines, and extend autonomy through outdoor
navigation, improved indoor localization, open-set object
detection, and multi-camera perception. These advances will
move Speak2Move toward a general-purpose embodied Al
platform for assistive autonomy across diverse environments.
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