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Abstract

In the last decade, service robots have gained significant attention for their role in supporting humans
across various applications. To operate effectively and adaptively, service robots require environmen-
tal perception, natural-language understanding, and planning and navigation capabilities. However,
traditional planning frameworks struggle to provide the required flexibility. In contrast, end-to-end
multimodal systems based on vision-language models (VLMSs) require substantial computational
resources, making them unsuitable for deployment on embedded robotic platforms. This paper pro-
poses a hybrid framework that combines fast, deep-learning-based visual perception with the reasoning
capabilities of a large language model (LLM) to enhance task comprehension, planning, and navi-
gation for service robots. By decoupling vision from language reasoning, we avoid the complexity of
a unified vision-language model, allowing the proposed framework to be deployed on a lightweight
embedded platform with substantially lower latency than the VLM baseline. Experimental results
show a 96% task completion rate in structured mission tests and 84% overall success in hybrid per-
ception tasks. Moreover, the proposed approach achieves 3x to 20x faster inference than VLM-based
baselines under both API-based and local deployment settings. Real-robot deployment confirmed the
successful transfer of the full perception-to-action pipeline to the physical platform.

Keywords: service robots, large language models, visual perception, task planning, autonomous navigation,
embedded robotics

1 Introduction

Service robots have gained significant attention
in the last decade. Robots, initially designed
for static, well-defined factory-floor environments,
have now moved into unknown and dynamic

settings such as restaurants [1], hospitals [2],
and agriculture [3]. Consequently, robots are now
expected not only to perform tasks accurately, but
also to perceive their surroundings rapidly, adapt
reactively to dynamic situations, and interact



actively with humans. Although robot planning
and navigation approaches have been thoroughly
explored [4], challenges remain in integrating
human-instruction understanding, task planning,
environmental perception, and task execution into
a unified process.

Advances in artificial intelligence have sig-
nificantly improved robot performance over the
last five years. On the one hand, deep-learning
approaches have substantially enhanced robots’
visual perception capabilities [5]. These advances
are particularly useful for understanding dynamic
environments and improving robot decision-
making. On the other hand, the emergence of
large language models (LLMs) has revolution-
ized human-robot interaction. Inspired by LLM-
powered systems such as ChatGPT, roboticists
have rapidly adopted the natural-language capa-
bilities of LLMs to improve robots’ understanding
of human instructions and task planning [6]. With
the ability to perceive the environment and under-
stand human instructions, robots can potentially
perform more challenging service tasks. However,
challenges remain in balancing performance, com-
putational complexity, and execution time. This
requirement is particularly relevant for guide-
service robots in lobbies, hallways, and recep-
tion areas, where onboard computing and sensing
resources are often limited.

Several studies have used LLMs to improve
robot navigation. One study employed an LLM
in a mobile-robot navigation setting for scene
understanding [7]. Another study combined lan-
guage and sketching through an LLM to enhance
robot navigation [8]. LLM-based zero-shot object
navigation has also been proposed [9]. LLM-
based methods have additionally been proposed
for mobile-robot trajectory generation [10] and
manipulation [11]. However, these studies have
not integrated visual perception, a critical com-
ponent of service robots, into planning and task
execution.

Other approaches use LLMs not only for lan-
guage understanding but also for visual and sen-
sory interpretation. One proposed solution focuses
on landmark understanding by combining a Vision
Navigation Model (VNM), a VLM, and an LLM
to build a topological graph of the environment,
identify landmark nodes, and then run a navi-
gation policy that follows the selected path [12].
Similar work has used an LLM and a VLM for an

armed quadruped robot to ground spatiotemporal
navigation commands using landmarks. However,
these approaches rely on landmarks placed in the
environment, which can make them less practical
[13]. Another approach, Agri-VLN (Vision-and-
Language Navigation), develops an end-to-end
solution from navigation commands to actions
in agricultural settings. It can decompose tasks
into subtasks, but it allows only simple move-
ments without complete map-based navigation
[14]. A similar approach, Nav-GPT2, which serves
as a bridge between specialized VLN and LLM-
powered navigation, also suffers from the same
limitation [15]. Recent work has also employed
LLMs to transform visual and sensory data into
navigation commands [16]. Taken together, these
studies demonstrate strong semantic capabilities,
but they either depend on environmental land-
marks, do not support full map-based service
navigation, or incur substantial computational
costs.

A practically relevant direction is to combine
lightweight visual perception with language-based
reasoning for embedded robotic deployment. A
recent study targeting dense environments with
pedestrians employed YOLO for visual perception
and an LLM for task understanding and high-level
planning [17]. However, because it relies on numer-
ous sensors, it remains computationally demand-
ing. LLMs and YOLO have also been employed
for a robotic arm [18]. However, to the best of our
knowledge, existing studies do not clearly demon-
strate a lightweight, decoupled perception-LLM-
navigation pipeline for an embedded mobile ser-
vice robot, evaluated on hybrid perception tasks
in terms of success rate and inference latency.

Building on our prior work on VLM-assisted
spatial goal reasoning for guide-service robot
navigation [19], this paper develops a decou-
pled YOLO-LLM framework for task comprehen-
sion, planning, and navigation in service robots.
Whereas the prior study focused on using spatial
context to infer navigation goals, the present work
adds task-relevant visual perception, structured
M-, S-, and V-type task execution, and an end-
to-end evaluation of task success and inference
latency. By decoupling vision from language rea-
soning, we avoid the complexity of a unified vision-
language model, allowing the proposed framework
to be deployed on a lightweight embedded plat-
form with lower inference latency than unified



VLM-based alternatives. We demonstrate its per-
formance in real-world experiments, showing that
the robot can interpret natural-language instruc-
tions, integrate visual perception results into the
planning step, and execute the resulting tasks
successfully. To the best of our knowledge, this
is the first study to systematically demonstrate
a decoupled, lightweight perception-LLM frame-
work for mobile-robot navigation that achieves
both a high task-success rate and real-time feasi-
bility on embedded robotic platforms.

Experimental results show that the system
achieves a 96% success rate in structured mission
tests and an 84% success rate in hybrid percep-
tion tests. Compared with the VLM baseline, the
proposed system delivers approximately 3x to
20x faster inference, highlighting its suitability
for real-time robotic applications on resource-
constrained platforms.

2 Service Robot Platform

The guide-service robot used in this study is
built on a TurtleBot3 base, which provides a
modular, ROS-native foundation for system devel-
opment and integration. To improve ergonomic
accessibility and interaction range, a 1.2-m chassis
extension was installed, enabling more comfort-
able human-robot interaction in public-service
environments.

The Jetson Orin Nano serves as the primary
embedded computing unit and was selected to val-
idate deployment under the resource-constrained
conditions typical of lightweight robotic plat-
forms. To support natural human-robot inter-
action, additional capabilities were integrated,
including wake-word detection, automatic speech

Camera

Source

Display
—_— s sink

G

Jetson Orin NX Extension Turtlebot 3 Waffle Pi

Fig. 1: Components of the guide-service robot
used in the experiments.

recognition, speech-to-text, and text-to-speech
pipelines. These components collectively support
language-driven task execution and mission plan-
ning. A standard monocular camera is employed
as the sole visual-perception modality, reinforc-
ing the lightweight and computationally efficient
system design. Consequently, the robot supports
both touchscreen-based interaction and voice-
command execution, providing a multimodal
interaction interface suitable for service-oriented
robotic deployment.

Figure 1 shows the robot and its compo-
nents. Overall, the service robot was intentionally
designed to operate within the computing and
power constraints of embedded robotic hardware.
The framework is portable to other mobile robots,
provided that they offer monocular visual input,
localization on a 2D map, and a navigation stack
capable of receiving symbolic or waypoint-level
targets.

3 A Hybrid Visual Perception
and LLM Framework

This section describes the proposed hybrid frame-
work for service-robot task execution. To sup-
port flexible service-robot behavior under limited
onboard resources, the proposed system is orga-
nized as a modular hybrid framework rather than
a monolithic pipeline. This design separates com-
mand interpretation, perception, planning, and
execution, while allowing perceptual feedback to
refine or redirect ongoing actions.

The proposed framework accepts three types
of input: a natural-language command, a pre-
built map, and live visual data. It then outputs
structured tasks and executable robot actions. To
achieve this, the framework is organized into a
mission-planning module and an execution mod-
ule.

3.1 Mission Planning Module

The mission-planning module translates high-level
commands into structured executable plans, as
illustrated in Fig. 2. Each natural-language com-
mand is converted into a task sequence T =
{t1,t2,...,tn}, where each ¢; specifies one of the
following action types:



e Move (M): a robot-movement or destination-
selection task, such as ” (move, front office)”;

e Vision (V): an object-finding task, such as
”(vision, people, True)”; and

e Speak (5): a spoken-response-generation task,
such as 7 (speak, hello)”.

Among these components, the vision action
is treated as a special case. It may include an
additional Boolean value indicating whether the
visual process should be executed simultaneously
with other actions (?True”) or independently
("False”). For instance, the task ”(vision, peo-
ple, True)” indicates that the object-finding task
is executed simultaneously with other tasks, cor-
responding to the input instruction ”on your
way to the bathroom.” By contrast, the task
” (vision, people, False)” indicates that the object-
finding task is executed after the previous task
has been completed, corresponding to the input
instruction ”and find a person.” Furthermore,
the mission planner operates modularly, allowing
visual perception to be dynamically incorporated
or excluded based on task requirements.

Example Output:
(move, front office)
(vision, person, false)
(speak, hello)

Input Example:
Go to Front Office and find a

person and say hello

Example Output:
(vision, person, true)
(move, bathroom)

Input Example:
find a person on your way to
the bathroom.

Mission Planner
Assistant

Fig. 2: The mission-planning module translates a
natural-language command into a structured exe-
cutable plan.
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(move, front office)
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Fig. 3: The task-based selection module accom-
modates different command types, namely Move
M, Speak S, and Vision V', and produces the cor-
responding actions.

3.2 Execution Mechanisms

The mission plan 7 generated by the mission-
planning module is then executed through a cus-
tomized branching pipeline, as shown in Fig. 3.
During execution, the execution-mechanism mod-
ule runs all components of the mission plan T
sequentially in their assigned order. The pipeline
branches accommodate three task types: Move
(M), Vision (V), and Speech (S). We employ
semantic map—based context retrieval for the M-
type task, a semantic-filtering mechanism for the
V-type task, and audio augmentation for the
S-type task.

3.2.1 Semantic Map-Based Context
Retrieval

To interpret high-level and intuitive commands
(such as “Where is the nearest bathroom?”) cor-
rectly, the system must reason over location-aware
contextual information. Key elements required
for this process include the number of available
target locations, their respective spatial coordi-
nates, and the robot’s current position. To address
this requirement, we employ an agent capable of
performing document-based searches.

In our approach, the robot’s coordinates and
the target-location coordinates are provided in
a map document as part of the prompt when-
ever an M-type task is assigned within the mis-
sion pipeline. The OpenAl file-search capability
enables the model to reason over these coordi-
nate embeddings. The coordinates are obtained
from manually indexed map entries generated
after a mapping session, allowing the LLM to rea-
son semantically about the environment’s spatial

Fig. 4: Example of the environment map used as
contextual information during context retrieval.



structure. For instance, if a user asks the robot to
go to a specific location relative to its current posi-
tion (such as the "nearest bathroom”), the LLM
combines information about the room label, the
topological map context, and the current robot
pose to determine the correct destination.

An example of the map information provided
to the agent to determine the correct destination
is shown in Fig. 4. This process produces a pose
(z,y, z) that serves as the robot’s target position.
The resulting pose is then sent to the low-level
navigation module, which uses this information
together with the prerecorded map to generate
motor commands for the robot.

3.2.2 Semantic Filter

The semantic filter uses the target specified in
each V-type task to guide the visual-perception
stage through the YOLO detector. We define two
operating modes. The first is a neutral configura-
tion, denoted as YOLO-N, in which YOLO oper-
ates without semantic restriction. In this mode,
detection is performed over the predefined object
classes available to the system. The second is a
semantically conditioned configuration, denoted
as YOLO-SC, in which detection is restricted to
the task-relevant classes inferred from the current
command. This conditioning reduces unnecessary
detections and focuses perception on objects that
are relevant to the assigned task.

In addition, each V-type task includes a
Boolean attribute, pair_exist, that indicates
whether the visual subtask is coupled with an M-
type movement task. If pair_exist is true, visual
perception is executed in conjunction with the
associated movement task. If it is false, the percep-
tion task is treated as independent. In that case,
the robot performs an active exploratory rotation
to expand its field of view and improve detection
coverage. In this work, this mechanism is mainly
used for object-finding scenarios, which form the
primary vision task considered in the proposed
framework.

3.2.3 Audio Augmentation

Audio augmentation is implemented to generate
spoken responses from textual input using text-
to-speech models. For each S-type module, the
associated object is passed as an argument to the
speech-generation pipeline. The system invokes

the text-to-speech API to synthesize a waveform
audio file in WAV format based on the pro-
vided content, which is then played through the
robot’s onboard audio output. This mechanism
enables natural and context-aware verbal inter-
action between the robot and users. The audio
module is used solely for user interaction and does
not alter the mission-planning logic.

4 Experimental Setup

We evaluate the proposed framework through
four complementary scenarios: an M-type com-
mand test and a full command test in Gazebo
simulation, a single-inference latency comparison,
and a real-robot deployment test. Together, these
scenarios assess semantic-map reasoning, end-to-
end perception—action execution, computational
responsiveness, and physical deployment feasibil-
ity. Unless stated otherwise, a trial is counted
as successful only when the system identifies the
intended semantic target, generates the appropri-
ate executable action, and completes the assigned
task under the evaluation rule defined for that
test.

4.1 M-type command test

The first experiment, denoted as the M-type com-
mand test, assesses the accuracy of missions whose
instructions consist solely of motion-based actions.
This test isolates language-guided target selection
and semantic-map reasoning without visual per-
ception, thereby establishing whether failures in
later tests arise from perception coupling rather
than from the map-based planning stack itself.
Each experiment begins from one of several prede-
fined starting points. To test the robustness of the
system, we designed five natural-language com-
mand prompts and executed each prompt from
five distinct starting locations. The commands are
as follows:

“Go to the nearest room.”

“Go to the two nearest rooms.”

“Go to the two nearest laboratories.”

“Go to the Front Office, then navigate to the
nearest laboratory.”

5. “Go to the nearest bathroom, then proceed to
the next room.”

= 0 N



4.2 Full Command Test (Move M,
Speak S, and Vision V)

The second experiment is referred to as the full
command test. This task evaluates the perfor-
mance of missions that integrate motion, speech,
and visual perception, thereby highlighting the
system’s ability to operate with the vision mod-
ule enabled. This test uses the same experimental
configurations as the first test. In addition to
movement commands, we evaluated visual percep-
tion by placing multiple objects along the robot’s
trajectory for detection by the vision module.
The evaluation considers three object classes: x
denotes a fire hydrant, y denotes a chair, and
z denotes a person. These classes were selected
to represent scenarios applicable to both simu-
lation and real-world deployments. The natural-
language commands for this task are provided
below:

1. Go to front office and look for a fire hydrant.

2. Find a chair in the nearest lab.

3. Is there any person in the nearest room?

4. Please go to the front office and check if
someone is there.

5. Please look for anybody available to help while
you are on your way to the bathroom.

4.3 Single Inference Test

In the third experiment, we compare visual infer-
ence latency between a single-frame YOLO-SC
pipeline and a single-frame VLM setup using
single-hit APT calls. Response time is used as the
primary metric to demonstrate that the proposed
modular design achieves faster inference, indicat-
ing lower computational demand and improved
suitability for real-time robotic deployment.

In the VLM-based approach, the prompt and
image are provided directly to the model through
its standard inference pipeline. In contrast, the
proposed hybrid visual-LLM approach processes
the user command through an initial reasoning
step to generate an enumerated object class com-
patible with the YOLO detector. Importantly, this
reasoning step is executed only once per com-
mand. This setup captures the initial response
latency, including comparable preprocessing and
inference stages. By isolating the first inference

cycle, the test highlights the response-time charac-
teristics of each method while avoiding bias from
repeated or cached reasoning steps.

4.4 Real Robot Test

Finally, real-robot experiments validate the end-
to-end performance of the proposed system on
the fully assembled physical platform. The phys-
ical experiment evaluates the same command-
interpretation, semantic-filtering, navigation, and
action branches used in simulation. The frame-
work was deployed without structural modifi-
cation. A successful physical trial requires the
robot to interpret the command, navigate to the
intended semantic target, and execute the cor-
responding perception or interaction action. The
tests were performed in the first-floor lobby envi-
ronment depicted in Fig. 4.

5 Results and Analysis

This section presents and analyzes the experimen-
tal results from the four scenarios described in
the previous section. The results are reported in
four parts: mission-only reasoning, full command
execution, real-robot transfer, and inference-time
comparison. Together, these analyses evaluate
semantic-planning accuracy, end-to-end task com-
pletion, physical-deployment feasibility, and com-
putational efficiency. The results are reported
using both quantitative and qualitative measures.
Quantitatively, performance is summarized using
several metrics to facilitate direct comparisons
across test cases. Qualitatively, additional figures
illustrate execution details, such as the generated
navigation paths and task outcomes.

5.1 M-type command test

To evaluate the effectiveness of the M-type task
execution, we conducted experiments using five
predefined starting positions and five distinct mis-
sion commands, resulting in a total of 25 indi-
vidual test runs. Each test assesses the robot’s

Table 1: Performance summary

Metric  Mission planning  Task accuracy
Score 100% 96%




(e) Position 5
Fig. 5: Resulting paths for the M-type command test. The paths are manually reconstructed to illustrate
inferred destination selection and do not represent the exact executed trajectories.

ability to correctly interpret spatial commands
and generate an appropriate navigation target.
We use two metrics to assess performance
quantitatively. The first is mission-planning accu-
racy, which refers to the ability of the mission-
planning module to interpret and decompose
user instructions correctly. This metric evaluates
whether the system can transform a given natural-
language command into a properly structured and
ordered list of executable subtasks according to

the predefined pipeline design. The second metric
is task accuracy, which measures execution-level
performance. It evaluates whether the robot suc-
cessfully completes the planned commands from
five distinct starting positions. This metric reflects
the robustness of navigation and action execution



under varying spatial conditions. Thus, mission-
planning accuracy assesses the correctness of rea-
soning and task decomposition, whereas task accu-
racy measures the successful simulated execution
of the planned actions.

The results are summarized in Table 1. In our
evaluation, the mission-planning module achieved
100% accuracy, indicating that no logical or struc-
tural errors occurred during instruction decompo-
sition across all tested scenarios. Task accuracy
was 96%, indicating that the robot successfully
completed most of the planned commands from
five distinct starting positions. These results indi-
cate that the semantic-map retrieval and mission-
planning components are reliable when visual
grounding is not required.

The results are also visualized in Fig. 5, which
illustrates the destination points produced by
the semantic map—based context-retrieval mod-
ule. The navigation paths shown in the figure
were manually reconstructed for clarity because
of overlay limitations in the simulation interface.
Thus, the reconstructed lines do not represent the
exact trajectories executed by the robot; rather,
they indicate the inferred navigation directions for
evaluation purposes.

In the task-accuracy evaluation, the model
occasionally failed to select the correct destina-
tion. As illustrated in Fig. 5d, the fifth command
scenario repeatedly produced the same incorrect
destination for a multi-step command. The failure
occurred during semantic-map reasoning. Because
the same incorrect output was reproduced across
attempts, this result suggests a limitation in the
prompt or contextual map representation rather
than a navigation failure.

Another performance limitation is shown in
Fig. be, where a contextual conflict arises in the
spatial interpretation. Based solely on coordinate-
based Euclidean distance, the system calculates
the nearest bathroom using geometric proximity
as the primary metric. Under this formulation,
the bathroom at the top-right should be selected
as the closest destination. However, the model
selected the bottom-left bathroom, which corre-
sponds to a shorter navigation path in the actual
layout. Although this selection deviates from strict
coordinate-based proximity, the resulting path
remains operationally valid and acceptable in
practice.

This observation reveals that conflicting con-
textual interpretations may arise between geomet-
ric distance and navigational feasibility. In this
work, coordinate-based reasoning serves as the
formal decision basis; however, in cases where
the executed path remains logically consistent
and functionally correct, such as in Fig. 5e, the
outcome is considered a successful task under a
path-validity criterion. This dual interpretation
explains the acceptance of specific edge cases while
maintaining overall evaluation consistency.

5.2 Full Command Test (Move M,
Speak S, and Vision V)

The full command test was conducted using
the same experimental configuration as the M-
type evaluation, namely five distinct command
prompts executed from five predefined starting
positions, resulting in a total of 25 test cases.
In contrast to the M-type test, this evaluation
primarily emphasizes the system’s vision-driven
semantic filtering and action-triggering capability.

Under the defined test conditions, the pro-
posed framework achieved an overall success rate
of 84%. Although this success rate was lower than
that of the M-type test, no additional parame-
ter tuning or controller refinement was performed
for this experiment. The navigation strategy relies
exclusively on monocular object detection, using
two-dimensional bounding-box information with-
out depth estimation. As a result, precise final
alignment—such as an optimal frontal orienta-
tion toward the target—cannot be consistently
guaranteed. Minor deviations in pose or head-
ing were therefore classified as failures under the
strict evaluation metric. However, from a func-
tional standpoint, all trials successfully reached
their intended semantic targets, as illustrated in
Fig. 6.

These results highlight the inherent limitations
of monocular perception, particularly in scenar-
ios where objects dominate the field of view due
to close proximity or appear at smaller scales
with lower detection confidence. Nevertheless,
the perception-to-action pipeline remained opera-
tional across all cases, demonstrating the robust-
ness of the proposed semantic filtering framework
under constrained visual conditions.



5.3 Real Robot Test

To further validate practical applicability, a sim-
to-real transfer was conducted for one test (Test
4) in the full-command experiment. The complete
execution pipeline—from command interpretation
and semantic filtering to navigation and percep-
tion—was deployed on the physical robot plat-
form, as illustrated in Fig. 7. The system was
executed without structural modification, using
the same integrated framework implemented in
simulation. During real-world deployment, the
robot operated under actual environmental con-
ditions and in the presence of people, performing
the assigned task reliably and stably. Overall,

(a) Initial robot configuration

(b)  Map-based
toward the target

navigation

=

(c) Robot arrival at the target
location

(3 Image @]

(d) YOLO-SC person detection
during execution

Fig. 6: Representative full-command experiment:
the robot navigates toward the bathroom while
performing perception-based person detection.

M-type (c) V-type

(a) User com- (b)

mand interac- navigation exe- semantic-

tion cution filtered
perception
(YOLO-SC)

(d) Active
exploratory
rotation for
object search

Fig. 7: Real-world execution of the proposed
hybrid perception—-LLM framework on the guide-
service robot. The robot receives a user command,
navigates to the semantic target, and performs
task-relevant visual perception.

the results demonstrate that the proposed hybrid
pipeline transfers effectively from simulation to
physical implementation while maintaining consis-
tent operational performance. Despite the limited
number of physical trials, the real-robot tests
confirm that the proposed pipeline operates reli-
ably in a real-world environment. The observed
behavior is consistent with the simulation results,
demonstrating successful task execution and sup-
porting the feasibility of deployment on a physical
robotic platform.

5.4 Single Inference Test

We conducted a comparative inference evalua-
tion using the same detection configuration across
two architectural settings: a VLM-based pipeline
and the proposed hybrid framework (LLM +
YOLO). The experiments were performed under
two deployment modes: (1) fully local inference
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Fig. 8: Response-time comparison between the
VLM and hybrid frameworks.

and (2) API-based inference for both approaches.
Latency was recorded for each configuration to
ensure a fair comparison under equivalent condi-
tions.

The results consistently show that the hybrid
framework outperforms the VLM in all tested sce-
narios. In the API-based setting, as illustrated
in Fig. 8, the VLM exhibits approximately three
times the latency of the hybrid framework. The
performance gap becomes even more pronounced
under fully local deployment, where the measured
average inference time of the VLM is approxi-
mately 20 times that of the hybrid approach, as
summarized in Table 2.

These findings demonstrate that the pro-
posed LLM-YOLO architecture is better suited
to lightweight embedded deployment, offering sub-
stantially lower latency while maintaining func-
tional performance within the designed experi-
mental setup. The VLM offers broader, open-
ended semantic flexibility, whereas the hybrid
YOLO-LLM pipeline sacrifices some generality in
exchange for lower latency and lower deployment
costs on embedded hardware.

Table 2: Average response-time

comparison
Method VLM Hybrid
Local 9650 ms 439.466 ms
Cloud 1924.11 ms  677.74 ms

10

6 Conclusion

This paper presents a hybrid perception-reasoning
framework designed for lightweight configuration
and efficient embedded deployment. By decou-
pling semantic reasoning from visual inference
and structuring the system into a modular task
pipeline, the proposed approach enables robust
mission execution while maintaining low compu-
tational overhead. Experimental validation shows
that the proposed decoupled framework achieves
96% success in map-based mission tests, 84% suc-
cess in hybrid perception-driven tests (primarily
affected by pose-alignment constraints rather than
semantic failure), and 3x to 20x lower inference
latency than the VLM baseline. These findings
highlight the practical advantage of separating
language reasoning from object detection, thereby
avoiding the computational burden of end-to-end
multimodal inference.

Future work will evaluate open-vocabulary
object detectors, such as YOLO-World [20] and
OWL-ViT [21], to enable text-conditioned detec-
tion beyond the predefined object classes used
in YOLO-SC. In particular, TensorRT-optimized
OWL-ViT deployments such as NanoOWL [22]
may be investigated on Jetson platforms. This
extension should be evaluated by jointly measur-
ing open-vocabulary detection accuracy, end-to-
end latency, and resource usage on the target
embedded hardware.
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