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Abstract

This paper explores the capability of Large Language Models (LLMs) to perform zero-shot planning
through multimodal reasoning, with a particular emphasis on applications to Autonomous Mobile
Robots (AMR) and unmanned systems. We present a modular system architecture that integrates a
general-purpose LLM with visual and spatial inputs for adaptive planning to iteratively guide robot
behavior. To assess performance, we employ a continuous evaluation metric that jointly considers
distance and orientation, offering a more informative and fine-grained alternative to binary success
measures. We evaluate three foundational LLMs (i.e., GPT-4.1-nano, GPT-4o-mini, and Gemini 2.0
Flash) on a suite of zero-shot navigation and exploration tasks in simulated environments. Our
findings show that LLMs exhibit encouraging signs of goal-directed spatial planning and partial
task completion, even in a zero-shot setting. However, inconsistencies in plan generation across
models highlight the need for task-specific adaptation or fine-tuning. The findings support the use
of multimodal inputs as key enablers for advancing LLM-based autonomy in AMR and unmanned
systems.

Keywords: autonomous mobile robots; path planning; large language models

1. Introduction
Large Language Models (LLMs) are increasingly transforming the landscape of robotics by en-

abling natural, language-driven interfaces for control, perception, and decision-making [1]. Initially
developed for text-based applications, LLMs have shown promising capabilities in generating struc-
tured plans, interpreting visual contexts, and performing high-level reasoning [2,3]. In [4], the authors
proposed RobotGPT, which can generate robotic manipulation plans by using ChatGPT as a knowledge
source and training a robust agent through imitation. In the domain of autonomous driving, Xu et
al. [5] investigate the fusion of visual and language-based inputs to provide interpretable, end-to-end
vehicle control while simultaneously generating human-readable rationales.

The inherent capability of LLMs to interpret natural language present unique opportunities for
intuitive Human-Robot Interaction (HRI) and autonomous mission planning. LLMs can potentially
extract intent from commands expressed in natural language, and translate them into a series of
executable robotic actions, reducing the need for manual coding and predefined task-specific pro-
gramming [6]. This shift toward language-based control allows drones and Autonomous Mobile
Robots (AMRs) to be directed through task descriptions and goals in natural language, instead of
intricate control instructions [7]. Nevertheless, challenges persist in guaranteeing the reliability, inter-
pretability, and efficacy of these Artificial Intelligence (AI)-powered systems in real-world scenarios,
across robotic and autonomous applications [8].

Recent research has pushed towards leveraging LLMs to enhance HRI by making robotic systems
more adaptive, expressive, and intuitive. One area of exploration involves employing LLMs for
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emotion-aware interactions, where models can interpret user affect and modulate robot responses
accordingly. For instance, Mishra et al. [9] demonstrated that LLM-based emotion prediction can
improve perceived emotional alignment, social presence, and task performance in social robots.
Another fascinating direction is the use of LLMs for interaction regulation through language-based
behavioral control. Rather than relying on fixed, state-machine logic, these systems use example-
driven, natural language prompts to guide robot behavior, improving transparency and flexibility [10].
In addition, LLMs have been applied as zero-shot models for human behavior prediction, offering
the ability to adapt to novel user behaviors without the need for extensive pretraining or datasets [6].
Such capabilities are particularly valuable in dynamic and personalized interaction scenarios, where
traditional scripted approaches fall short.

The integration of LLMs for navigation and planning has gained significant momentum. In [11],
the authors employed LLMs to drive exploration behavior and reasoning in robots, highlighting the
models’ capacity to handle ambiguity and incomplete visual cues. While in [12], they studied how
linguistic phrasing influences task success and revealing typical limitations such as hallucinations
and spatial reasoning failures. Collectively, these efforts underscore the promise of LLMs in enabling
flexible and generalizable robotic autonomy, while also exposing significant challenges in sensory
grounding, planning reliability, and evaluation robustness.

In parallel, the robotics community continues to advance traditional path-planning and obstacle-
avoidance methods for AMRs and unmanned systems. Comprehensive surveys have categorized
existing algorithms, ranging from graph search and sampling-based planners to AI and optimization-
based methods, highlighting their progress and future challenges in ensuring safe, efficient navigation
for ground, aerial, and underwater robots [13]. Recent advances in model predictive control and
potential field fusion have also demonstrated strong results in coordinating multiple wheeled mobile
robots under uncertain environments [14], reinforcing the importance of integrating robust perception
and planning frameworks. These developments complement the emerging trend of using LLMs as
high-level cognitive planners that can interpret multimodal information and reason about navigation
goals in dynamic environments.

In this paper, we introduce two major contributions to the field. First, we enrich the multimodal
context available to the LLM by incorporating LiDAR data alongside visual information, allowing the
model to reason with explicit object distances, improving spatial grounding. Second, we evaluate our
approach across multiple LLMs, including two OpenAI models and Gemini, providing a comparative
analysis that highlights performance variations under identical conditions. To address the limitations
of existing success metrics, we employed an objective evaluation criterion that combines both the
robot’s final distance and orientation relative to the target, offering a more precise measure of task
completion.

The remainder of the paper is structured as follows. Section 2 illustrates some related works.
Section 3 details our approach while Section 4 describes the results of our experiments. Section 5
discusses the results, highlighting the limitations. Finally, Section 6 concludes the paper, paving the
way for future works.

2. Related Work
The integration of LLMs in zero-shot planning for navigation and exploration has garnered

significant attention in the robotics community, with recent works proposing various strategies for
leveraging the commonsense reasoning and semantic capabilities of these models. Recent studies
have underscored that integrating LiDAR and vision sensors significantly enhances environmental
perception and localization accuracy, as multi-sensor SLAM approaches consistently outperform single-
modality systems in complex indoor and outdoor environments [15]. Dorbala et al. [16] introduced
LGX, which combines LLM-driven reasoning with visual grounding via a pre-trained vision-language
model to navigate toward semantically described objects. Their system executes high-level plans in a
zero-shot manner and showcases strong performance in simulated and real-world settings, though it
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relies solely on visual information and generates complete navigation plans at each step. Similarly, Yu
et al. [17] designed a dual-paradigm LLM-based framework for navigation in unknown environments,
demonstrating that the incorporation of semantic frontiers informed by language enhances exploratory
efficiency. However, like LGX, their system does not incorporate other perceptual modalities such as
depth or LiDAR to refine spatial reasoning and lacks dynamic planning capabilities during execution.
In contrast, our approach integrates LiDAR data with visual inputs, enabling the LLM to reason over
object distances, and adopts a step-wise planning paradigm to improve adaptivity and reduce error
propagation.

Other approaches also explore the fusion of language understanding with visual reasoning for
robotic control. Nasiriany et al. [18] proposed PIVOT, a prompting strategy that iteratively refines
robot actions through visual question answering with Vision-Language Models (VLMs), offering a
novel interaction paradigm without requiring fine-tuning. Though effective, PIVOT still depends on
candidate visual proposals and lacks explicit metric information (e.g., distances or angles), which
our LiDAR-based setup directly provides. Shah et al. [19] and Tan et al. [20] demonstrated LLM-
based navigation and manipulation by chaining pre-trained modules, such as CLIP and GPT, into
systems like LM-Nav and RT-2. These models showcase emergent capabilities such as landmark-based
reasoning and multi-step instruction following. However, they require significant offline processing or
co-fine-tuning and primarily use static success measures for evaluation. In contrast, we introduce a
more objective and continuous metric that combines the robot’s final distance and orientation relative
to the goal, addressing ambiguities in traditional success rate definitions.

Moreover, Yokoyama et al. [21] and Huang et al. [22] advanced semantic navigation and manipu-
lation through structured map representations and affordance reasoning. Vision-Language Frontier
Maps (VLFM) [21] constructs semantic frontier maps to guide navigation toward unseen objects,
emphasizing spatial reasoning derived from depth maps and vision-language grounding. Although
VLFM achieves strong real-world performance, its frontier selection mechanism is largely map-centric
and lacks interaction with real-time language feedback. Huang et al. [22] focused on manipulation
via LLM-driven value map synthesis and trajectory generation, with strong affordance generalization
but constrained to contact-rich manipulation tasks. Our work complements these efforts by targeting
mobile robot navigation in complex environments with an emphasis on incremental decision-making,
multimodal sensing, and a more granular evaluation framework for zero-shot performance.

3. Methodology
This Section details the Research Questions that guided this work, the proposed system architec-

ture, how LiDAR data are processed, the LLMs and prompting strategies used, the experimental setup,
and the evaluation metric used to assess autonomous navigation performance.

3.1. Research Questions

This paper investigates how LLMs can support zero-shot planning for AMRs operating in sim-
ulated environments. Specifically, we aim to understand how multimodal reasoning, combining
both visual and spatial perception, can enhance autonomous navigation and exploration without
task-specific training.

Accordingly, we address the following Research Questions:

• RQ1: Can multimodal inputs (vision and LiDAR) improve the zero-shot reasoning capabilities of LLMs
for navigation and exploration tasks in simulated AMR environments?

• RQ2: How do different foundational LLMs vary in their capacity to generalize planning behaviors for
autonomous navigation under identical simulation conditions?

3.2. System Architecture

As illustrated in Figure 1, the proposed architecture is composed of three main modules: the
Adapter, the Controller, and the LLM. The system functions as an intermediary reasoning and control
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layer, enabling AMRs to interpret natural language commands and autonomously perform planning
for navigation and exploration tasks without prior task-specific training.

Figure 1. System Overview of the LLM-guided AMR architecture.

The Adapter module interfaces between the user, the environment, and the robot platform. It
receives a natural-language prompt describing the desired goal. Contextually, it initiates perception by
capturing a snapshot of the robot’s current viewpoint and a LiDAR scan of the robot’s surroundings.
The initial prompt, along with the perceived multimodal data, is forwarded to the LLM. In response,
the LLM provides three elements: i) a textual description of the perceived scene, ii) a high-level action
command for AMR, and iii) a rationale explaining the chosen action. The Adapter parses this response
and extracts the action directive, which is passed to the Controller for execution.

After each executed action, the Adapter assesses task completion by acquiring updated observa-
tions. It captures a new scene snapshot and retrieves a summary of range data from the onboard 2D
LiDAR sensor. This refreshed multimodal context is provided back to the LLM for the next reasoning
step. This closed-loop continues until the LLM determines that the specified goal has been achieved.
At that point, the system resets and awaits the next user instruction.

The Controller module abstracts the robot’s motion capabilities into a set of high-level, discrete
actions, such as moving forward, moving backward, and rotating in place. It provides a hardware-
agnostic API to execute these commands. This ensures the framework is portable across different AMR
platforms. Each specific implementation of the Controller is responsible for translating these actions
into low-level control signals appropriate for the target robot platform.

Figure 2 presents the sequence of interactions between system components, highlighting the
iterative reasoning and execution loop that enables goal-directed navigation in unknown environments.
In addition to it, we also reported the corresponding pseudo-code in Appendix A.
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Figure 2. Sequence Diagram of the Proposed AMR System.

3.3. LiDAR Data Processing and Representation

The robot controller processes raw LiDAR data, arrays of distance measurements mapped to
angular positions across the sensor’s field of view, to generate a structured and interpretable spatial
representation suitable for interaction with LLMs.

With regard to the spatial segmentation, the LiDAR’s field of view is partitioned into three equal
angular sectors, each encapsulated by a LidarSection object. This segmentation strategy serves both
computational and cognitive functions:

• Spatial locality: Groups measurements from contiguous angular directions.
• Dimensionality reduction: Compresses raw sensor data into compact descriptors.
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• Semantic alignment: Maps sensor readings to spatial concepts recognizable by humans and LLMs.

For each sector, the system computes the minimum distance (the nearest obstacle) and the corre-
sponding angular position within the sector.

Then, the processed LiDAR information is abstracted into a hierarchical data structure, reported
in Listing 1, designed to facilitate downstream interpretation by LLMs.

Listing 1. Structured LiDAR data representation for LLM processing.

{
"front_distance ": float , # Average of center readings
"left": {

"min_distance ": float ,
"min_distance_angle ": float ,
"minAngle ": float ,
"maxAngle ": float

},
# Similar structure for center and right sections

}

Finally, the structured spatial data is converted into natural language through a template-based
generation process, reported in Listing 2. Each description integrates angular context, emphasizes
the most critical spatial features (e.g., minimum distances and obstacle locations), and preserves
quantitative accuracy.

Listing 2. Template-based natural language generation of LiDAR descriptions.

Lidar distances:
"""

- Front: {front}
- Left ([{ left_range }] degrees): {left_dist} at angle {left_angle}

degrees
- Middle ([{ mid_range }] degrees): {mid_dist} at angle {mid_angle}

degrees
- Right ([{ right_range }] degrees): {right_dist} at angle {right_angle}

degrees
"""

3.4. LLMs and Prompt

In this work, we primarily took advantage of Google’s Gemini 2.0 Flash model, a native multi-
modal LLM capable of processing text, images, video, and audio [23]. Thus, its performance were
compared with Open AI GPT-4.1-nano and GPT-4o-mini [24].

The system prompt is reported in Listing 3. To align LLM behavior with autonomous control
objectives, we employed structured prompting strategies including role prompting [25], reasoning and
acting [26], and contextual prompting [27]. The prompt explicitly specifies the robot model, its high-
level capabilities, and the expected output. Consequently, it necessitates grounding the user’s goal
(i.e., disambiguating the intended task) while also describing relevant scene snapshots and articulating
the underlying reasoning. Finally, it incorporates technical specifications and instructs the LLM to
avoid hasty conclusions, take time for reasoning, and, for target-oriented tasks, center the target in the
robot’s visual field upon completion.
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Listing 3. System Prompt.

#### ** Purpose **
You are the autonomous controller of a Clearpath PR2 robot operating in a

simulated factory environment. Your mission is to accomplish navigation
tasks based on user -defined goals -such as locating objects -by interpreting
visual and sensor input and choosing appropriate movement actions.

---
### ** Available Commands **
Use the following commands for movement:
* ‘"FRONT"‘: Move forward (parameter in meters)
* ‘"BACK"‘: Move backward (parameter in meters)
* ‘"ROTATE_LEFT "‘: Rotate counterclockwise (parameter in degrees)
* ‘"ROTATE_RIGHT "‘: Rotate clockwise (parameter in degrees)
* ‘"COMPLETE"‘: End the task (parameter = 0)
** Constraints :**
* Movement distance (FRONT/BACK): Prefer ≥ **1.0 meter**, unless precision

requires less.
* Rotation (ROTATE\_\*): Prefer ≥ **15 degrees**, unless finer rotation is

needed.
* Target distance: Stop at **1.5 -2.5 meters ** away from the object , and **

ensure it’s centered ** in the image.
---
### ** Workflow **
1. ** Receive Input **: The user defines a goal and provides a camera image.
2. ** Analyze Scene **: Use the image (and later , lidar data) to interpret the

surroundings.
3. ** Select Action **: Decide the best next movement command.
4. ** Output Decision **: Return your decision using the structured JSON format.
5. ** Continue **: If the goal is not complete , the user sends another image and

updated lidar distances. Return to Step 2.
6. ** Complete **: When the goal is achieved (e.g., object found and centered),

issue a ‘"COMPLETE"‘ command.
---
### ** Sensor Interpretation Guidelines **
**Image -Based Reasoning **
* Use image features to detect possible targets or navigate toward areas of

interest.
* Avoid obstacles and walls visible in the image.
**Lidar Distance Usage **
Lidar assists in evaluating space around the robot:
* ** Front distance **: Directly ahead.
* ** Right \[a, b]**, ** Middle \[a, b]**, **Left \[a, b]**: Closest lidar

distances within these sections of the image.
Use these to:
* Detect obstacles (small distances)
* Identify open paths (‘inf ‘ or large distances)
* Estimate proximity to target
---
### ** Output Format **
For every decision , return a structured JSON block like below:
‘‘‘json
{

"goal": "Find the red toolbox",
"reasoning ": "The red toolbox appears in the left portion of the image. I

will rotate left to center it before approaching .",
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"scene_description ": "A red toolbox is partially visible on the left; the
path ahead is partially blocked.",

"action ": {
"command ": "ROTATE_LEFT",
"parameters ": 30

}
}
‘‘‘
> ** Always wrap your output in a JSON code block using triple backticks .**
---
### **Key Priorities **
* Make decisions based on **what you see** and ** lidar data **.
* Avoid collisions while navigating efficiently.
* Prioritize **goal accuracy ** (target centered , correct distance) over speed ,

but minimize steps where safe.
* Use previous reasoning to remain consistent and purposeful.
* You may need to explore the environment to find the target

3.5. Experimental Settings

All experiments were carried out within the Webots [28], that is a professional mobile robot
simulation software that provides a rapid prototyping environment. In particular, we used the factory
world file available in Webots [29], depicted in Figure 3, where we added a fire extinguisher, and a red
plastic basket. Within this environment, a Clearpath PR2 robot [30] was used as a representative AMR
platform. While PR2 is primarily a research-oriented mobile manipulator, its wheeled base, vision
sensors, and onboard LiDAR make it an effective proxy for ground-based AMRs in simulation-based
evaluations of autonomous navigation and perception.

Figure 3. Simulation Environment - Webots Factory World.
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We designed ten task-oriented prompts representing diverse navigation goals and exploration
queries, ranging from object search to spatial reasoning:

• T1: Go to the pile of pellet
• T2: Find an object i can use to carry some beers
• T3: Look if something is inside the red box
• T4: Go between the stairs and the oil barrels
• T5: Look for some stairs
• T6: Make a 360-degree turn
• T7: Look around
• T8: Go to the pile of dark brown boxes
• T9: Look for a red cylindrical fire extinguisher
• T10: There’s a fire!

Regarding the robot’s initial pose, it always started from the same position where no targets were
completely in the field of view of the robot.

Each trial began from a fixed initial pose where none of the targets were directly visible, ensuring
that successful completion required active exploration and spatial reasoning. The same initial position
allows for comparing different LLMs in the same tasks.

3.6. Evaluation Metric for Spatial and Orientation Accuracy

To quantitatively evaluate the effectiveness of zero-shot navigation, we introduce a complemen-
tary composite metric that jointly considers the robot’s proximity to the goal and its heading relative
to the target. This metric, referred to as the success score S ∈ [0, 1] is computed as the product of
two components: a distance score and a heading score. The formulation promotes both accurate
localization and appropriate orientation, penalizing imbalances between the two.

With regard to the distance score, let d represent the Euclidean distance (in meters) between the
robot’s current position and the target location. The distance score, denoted as distance_score(d), is
defined as:

distance_score(d) =

1 if d ≤ 2.5( 3
2
)−(d−2.5)

otherwise

This function assigns a full score to positions within a 2.5-meter radius of the target, with
exponentially decaying values beyond that threshold. The exponential penalty accentuates precision
by discouraging large positional errors.
Considering the heading score, let α denote the absolute angular deviation (in radians) between the
robot’s current heading and the direction vector pointing to the target. The heading score, denoted as
heading_score(α), is given by:

heading_score(α) =
π − α

π
, with α ∈ [0, π]

This term decreases linearly from 1 (perfectly facing the target, α = 0), to 0 (facing directly away,
α = π)) capturing how well-aligned the robot is relative to the target.
The final evaluation metric, namely the success score, is the product of the two individual components:

S = distance_score(d) ∗ heading_score(α)

This multiplicative design ensures that the overall score is significantly affected by deficiencies in
either spatial positioning or heading alignment. Consequently, high scores are only achieved by
behaviors that simultaneously reach the goal vicinity and exhibit appropriate orientation, reflecting
the practical demands of embodied navigation tasks.
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Although binary success metrics remain standard due to their simplicity, they often impose
rigid thresholds that overlook partial progress and intermediate competence. More importantly,
success criteria are frequently underspecified or inconsistently applied, hindering reproducibility
and comparability across studies. For example, a robot stopping 3 meters from the goal with ideal
orientation might be labeled a failure under a binary scheme, even though such performance may
be functionally sufficient in many real-world contexts. In contrast, our proposed metric imposes a
gradual penalty based on both spatial and angular deviation, resulting in a continuous score that better
reflects the quality of the behavior.

A further strength of this metric lies in its adaptability. The distance threshold for full credit
(e.g., 2.5 meters in our experiments) can be tuned according to task granularity. Coarse-grained tasks
such as room-level navigation may tolerate larger deviations, while fine-grained ones like object
retrieval or docking may require tighter constraints. Similarly, heading sensitivity can be adjusted
based on whether orientation is essential to task success. This parametrizability enhances the metric’s
applicability across a wide range of embodied tasks and environments.

4. Results
The following Subsections present the experimental results organized around the two primary

research questions, focusing on the multimodal reasoning capabilities of LLMs and their generalization
across different architectures.

4.1. Multimodal Reasoning Capabilities of LLMs for AMR Planning

To assess the impact of multimodal inputs on the reasoning and planning abilities of LLMs in
AMR contexts, we benchmarked Gemini 2.0 Flash on ten semantically and spatially diverse navigation
tasks within the simulated factory environment. Each task was executed five times in a closed-loop
control framework, where the LLM received visual and LiDAR context at each step to iteratively refine
its plan.

Performance was quantified using both the success rate and the continuous evaluation score
described in Section 3.6. Table 1 summarizes the success rates and average performance scores.

Table 1. Gemini 2.0 Flash Zero-Shot Performance on Navigation Tasks.

Task Success Rate Score
1 4/5 0.49 ± 0.30
2 0/5 0.01 ± 0.01
3 1/5 0.02 ± 0.03
4 0/5 0.01 ± 0.02
5 2/5 0.16 ± 0.22
6 5/5 1,00 ± 0
7 1/5 N/A
8 1/5 0.23 ± 0.42
9 2/5 0.16 ± 0.18

10 1/5 0.004 ± 0.004

Gemini’s performance on Tasks 1 and 6, characterized by straightforward spatial layouts and
minimal ambiguity, indicates that the model can reason effectively when language and visual input
align with minimal inference or exploration demands. For instance, in Task 6, where the robot was
instructed to move toward a visible object in a clutter-free environment, Gemini consistently planned
and executed a successful trajectory without external correction.

Tasks 5 and 9, while more complex, still yielded partial success. These involved visual disam-
biguation and goal inference across structured but non-trivial layouts. In these cases, the model
demonstrated a rudimentary understanding of spatial alignment and object localization but exhibited
variability in planning robustness across trials.
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Conversely, Tasks 2, 3, 4, 7, 8, and 10 exposed critical limitations. These tasks required either
multi-step spatial planning (e.g., navigating around occlusions), implicit goal inference (e.g., “find the
table in the adjacent room”), or dynamic environmental awareness. Performance degradation in these
tasks suggests that Gemini’s reasoning is constrained by its limited capacity for persistent memory,
recursive spatial logic, and proactive exploration.

These results indicate that multimodal inputs do improve LLM performance in zero-shot planning
for navigation tasks, but only under conditions where the task complexity, environmental ambiguity,
and perception-planning alignment are manageable. For tasks requiring deliberate spatial exploration,
such as searching across the room or handling occluded targets, the LLM’s default reasoning process
falls short. This highlights a critical limitation: while LLMs excel at commonsense reasoning and
single-step decision-making, they lack built-in mechanisms for consistent spatial coverage or active
exploration. LLMs should be equipped with standard exploration strategies, such as frontier-based or
coverage-driven exploration algorithms, to better handle tasks that demand consistent and systematic
environment traversal. Integrating these strategies would augment the LLM’s high-level decision-
making with robust low-level exploration behaviors.

4.2. Generalization Across LLMs

To investigate how various LLMs generalize zero-shot planning, we also evaluated GPT-4.1-nano
and GPT-4o-mini using the same AMR navigation setup. Both models were integrated into the same
closed-loop control framework. The outcome was notably limited: each model achieved a success
rate of 0/5 across all tasks, with the sole exception of Task 9, where each completed 1 out of 5 trials
successfully.

This outcome emphasizes a key limitation in model design. Unlike Gemini, which is natively
trained on multimodal data with tight integration between vision and language streams, the GPT-
4.1-nano and 4o-mini variants are primarily optimized for compactness and speed. As a result, their
capacity for interpreting complex visual cues, reasoning spatially, and maintaining continuity over
sequential planning steps is severely reduced.

The inability to generalize is not due to a fundamental flaw in transformer architectures but
reflects the absence of inductive biases or domain-specific training for embodied AMR tasks. These
models were never explicitly exposed to spatially grounded data or trained to perform planning in
real-world 3D environments.

However, it is important to underscore that all the models examined are foundational models, not
tailored for robotics or spatial tasks. As such, these findings do not imply fundamental limitations
of LLMs per se, but rather point to the need for specialized models or hybrid systems as Gemini
Robotics [31]. Performance could likely be improved through fine-tuning on embodied navigation
data, architectural augmentations, or the integration of traditional robotics algorithms such as frontier-
based exploration.

In summary, while Gemini shows relatively better zero-shot capabilities than its OpenAI coun-
terparts in this setting, none of the foundational models exhibit reliable generalization across diverse
planning challenges. These results motivate future work toward combining the semantic reasoning
power of LLMs with the robustness and structure of classical robotic systems or domain-adapted
learning components.

5. Discussion and Limitations
The experimental findings indicate that while LLM equipped with multimodal inputs can reason

about spatial goals and produce contextually grounded navigation decisions, their current performance
in AMR settings remains limited. The models demonstrated intermittent success in structured and
visually salient tasks but failed to exhibit consistent reliability or robustness across diverse navigation
scenarios. This inconsistency highlights that LLMs, in their current form, are far from achieving the
level of dependable autonomy required for real-world AMR deployment.
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Although Gemini 2.0 Flash outperformed the other models in zero-shot planning, its overall
success rate and average spatial accuracy were modest. The model was able to interpret straightforward
goals and plan short, obstacle-free trajectories but often failed when the environment required long-
term reasoning, multi-step pathfinding, or re-evaluation of earlier choices. These weaknesses point to
the absence of persistent world models, spatial memory, and internal representations of uncertainty,
fundamental capabilities for reliable autonomous navigation.

The continuous evaluation metric employed in this study provides additional perspective on
these shortcomings. While it reveals nuanced improvements in partial goal attainment, the relatively
low average scores across tasks suggest that even when the LLM-driven AMR approached the correct
region, it frequently failed to achieve precise alignment or complete the intended maneuver. This
confirms that current LLMs can simulate goal-directed behavior but lack the fine-grained spatial
control and consistency required for fully autonomous operation.

From a systems perspective, these results underscore that LLMs should presently be regarded as
high-level reasoning components rather than self-sufficient controllers. Their value lies in semantic
understanding and task generalization, abilities that complement but do not replace the robustness
of traditional control and planning methods. The integration with model predictive control-based
planners or established heuristic and AI-driven path planning algorithms could provide the necessary
stability and safety guarantees for practical AMR deployment.

Ultimately, this work exposes both the promise and the fragility of language-driven autonomy.
The findings highlight that while multimodal LLMs can interpret goals, generate coherent high-level
plans, and demonstrate emergent spatial reasoning, these capabilities are embryonic and heavily
constrained by the absence of structured perception–action coupling. Future efforts must therefore
move toward hybrid architectures that combine symbolic reasoning, probabilistic mapping, and
physically grounded control to bridge the gap between linguistic intelligence and embodied autonomy.

5.1. Limitations

While the proposed framework demonstrates the feasibility of using LLMs for zero-shot planning
in autonomous mobile robots AMRs, several limitations remain that constrain its generalization and
real-world applicability.

First, the generalizability of these results remains constrained by several factors. All experiments
were conducted within a simulated environment using Webots. Although simulation provides a
controlled and repeatable testbed for benchmarking, it cannot fully capture the complexity, noise, and
uncertainty of real-world AMR deployments. Factors such as imperfect sensor calibration, dynamic
obstacles, uneven lighting, and latency in control loops could significantly affect the performance of an
LLM-driven navigation pipeline. Moreover, the tasks were limited to a single robot platform and a
relatively small set of navigation goals, restricting the diversity of contexts from which to infer general
principles. Finally, all models were evaluated in a purely zero-shot configuration—an approach that
highlights emergent reasoning capabilities but underrepresents performance that might be achievable
through fine-tuning or task-specific adaptation. Consequently, while the observed behaviors provide
valuable insight into the potential of multimodal LLMs for embodied reasoning, their generalizability
to other platforms, domains, and sensory configurations should be regarded as preliminary.

Second, the current system architecture relies on a sequential perception–reasoning–action loop
that introduces latency due to repeated LLM inference. This design, while interpretable and modular,
limits real-time responsiveness, especially when reasoning over high-dimensional multimodal inputs
such as visual frames and LiDAR scans. Future implementations could benefit from lightweight on-
board inference or hybrid schemes combining fast local control policies with cloud-based reasoning.

Third, the LLMs employed in this study—Gemini 2.0 Flash, GPT-4.1-nano, and GPT-4o-
mini—were evaluated in a purely zero-shot setting. Although this choice highlights the models’
inherent reasoning abilities, it also exposes their instability in maintaining spatial consistency across
steps. The lack of explicit memory or spatial grounding can lead to incoherent or repetitive actions over
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longer trajectories. Fine-tuning, reinforcement learning with feedback, or the integration of structured
world models could mitigate these limitations.

Fourth, the study considered only vision and LiDAR as sensing modalities. While these are
sufficient for planar navigation tasks, more complex outdoor AMR scenarios would require richer
perceptual inputs such as stereo or depth cameras, inertial sensors, or GPS. Integrating these additional
modalities could improve robustness and allow for deployment in less structured environments.

Finally, the current evaluation metric, while capturing distance and orientation accuracy, does not
fully account for qualitative aspects of behavior such as smoothness, efficiency, or task completion
time. Future evaluations could incorporate additional metrics that reflect the overall autonomy and
operational safety of the AMR in real-world missions.

Despite these limitations, this work establishes a foundation for integrating LLM-based reasoning
into multimodal robotic control architectures, highlighting both the promise and the challenges of
achieving general-purpose autonomy through language-driven planning.

6. Conclusion and Future Works
This paper explored the use of LLMs for zero-shot planning for navigation and exploration in a

simulated environments through multimodal reasoning. We proposed a modular architecture that
combines LLMs with visual and spatial feedback, and introduced a novel metric that jointly considers
distance and orientation, enabling finer-grained performance evaluation than binary success rates.

Our findings show that Gemini 2.0 Flash, with access to multimodal input, demonstrated promis-
ing spatial-semantic reasoning. These results highlight the potential of recent multimodal LLMs to
bridge high-level instruction following and embodied execution. In contrast, foundational models
like OpenAI 4.1-nano and 4o-mini showed limited generalization without task-specific adaptation,
underscoring the need for fine-tuning or specialized models in robotics contexts.

The proposed metric proved especially useful for capturing partial progress in tasks with ambigu-
ous or hard-to-define success conditions, offering a more robust and interpretable measure of behavior
in zero-shot scenarios.

Building on these encouraging results, several directions merit further investigation. First, fine-
tuning LLMs with robot-centric data, such as embodied trajectories, simulated rollouts, or multimodal
instructional datasets, may significantly boost their spatial reasoning and goal-directed behavior.
Similarly, hybrid systems that combine LLM reasoning with classical exploration strategies (e.g.,
frontier-based or SLAM-driven navigation) may provide the robustness and structure required for
more complex tasks. Second, improving the richness and format of perceptual inputs—through
structured scene representations, learned affordances, or persistent memory—could better support
long-horizon reasoning and improve generalization across environments. Finally, an essential step
forward is the deployment and validation of these systems in real-world scenarios.
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Appendix A

Listing A1. Pseudocode of LLM-Based Robot Control System.

// INITIALIZATION

PROCEDURE InitializeSystem ():
supervisor ← InitializeWebotsSimulator ()
eventManager ← CreateEventManager ()

// Robot Hardware Setup
robotDevices ← InitializeRobotDevices(supervisor , eventManager)
robot ← SetupRobotController(robotDevices)

// Sensor Systems
camera ← robot.getCamera ()
lidar ← robot.getLidar ()

// LLM Components
llmChat ← InitializeLLMChat(model="<llm -model >")
llmChat.setSystemInstruction(readSystemInstruction ())
llmAdapter ← CreateLLMAdapter(llmChat)

// Control Systems
actionAdapter ← InitializeActionAdapter(robot)
llmController ← InitializeLLMRobotController(robot , llmChat , eventManager)
movementManager ← InitializeMovementManager(robot)

// Monitoring
llmObserver ← InitializeLLMObserver(supervisor , eventManager)

RETURN systemComponents

// MAIN CONTROL LOOP

PROCEDURE MainSimulationLoop ():
stepCounter ← 0

WHILE simulator.isRunning ():
eventManager.notify(SIMULATION_STEP , stepCounter)
UpdateSensorReadings ()
movementManager.processQueue ()
stepCounter ← stepCounter + 1
simulator.step(TIME_STEP)

// LLM CONTROL SYSTEM

PROCEDURE LLMController.ask(prompt , maxIterations):
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eventManager.notify(LLM_START , {prompt , model , sessionId })
llmAdapter.clear()
iterationCount ← 0

FUNCTION iterateWithLLM(currentPrompt , previousAction=null):
IF previousAction != null:

eventManager.notify(LLM_ACTION_COMPLETED , previousAction)

IF iterationCount ≥ maxIterations:
eventManager.notify(LLM_MAX_ITERATIONS_REACHED , iterationCount)
RETURN

IF shouldAbort:
eventManager.notify(ABORT , "User requested abort")
RETURN

iterationCount ← iterationCount + 1

cameraImage ← robot.getCameraImage ()
lidarData ← robot.getFrontLidarImage ()
sceneDescription ← buildSceneDescription(lidarData)

fullPrompt ← currentPrompt + "\n" + sceneDescription
encodedImage ← encodeImageToBase64(cameraImage)

action ← llmAdapter.iterate(fullPrompt , encodedImage)

IF action.command = "COMPLETE ":
eventManager.notify(LLM_FINISH , "Goal achieved ")
RETURN

ELSE:
success ← actionAdapter.execute(action ,

onComplete=λ: iterateWithLLM(sceneDescription , action))

IF NOT success:
eventManager.notify(LLM_ACTION_FAILED , action)
RETURN

initialScene ← buildSceneDescription(robot.getFrontLidarImage ())
iterateWithLLM(prompt)

// LLM PROCESSING

PROCEDURE LLMAdapter.iterate(prompt , image):
message ← createMultimodalMessage(prompt , image)
response ← llmChat.sendMessage(message)
actionData ← parseJSONFromResponse(response)
validateResponseSchema(actionData)

action ← RobotAction(
command=actionData.action.command ,
parameter=actionData.action.parameters

)

RETURN action

// ROBOT ACTION EXECUTION

PROCEDURE ActionAdapter.execute(action , completionHandler):
TRY:

SWITCH action.command:
CASE "FRONT ":
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success ← executeForwardMovement(action.parameter , completionHandler)
CASE "BACK":

success ← executeBackwardMovement(action.parameter , completionHandler)
CASE "ROTATE_LEFT ":

success ← executeLeftRotation(action.parameter , completionHandler)
CASE "ROTATE_RIGHT ":

success ← executeRightRotation(action.parameter , completionHandler)
CASE "STOP":

success ← executeStop(completionHandler)
DEFAULT:

LOG_ERROR (" Unknown command: " + action.command)
success ← false

RETURN success
CATCH exception:

LOG_ERROR (" Action execution failed: " + exception)
RETURN false

// SENSOR DATA PROCESSING

PROCEDURE buildSceneDescription(lidarReadings):
distances ← processLidarData(lidarReadings , fieldOfView =90)

description ← FORMAT_STRING:
"""
Lidar distances:
- Front: {distances.front}
- Left: {distances.left.minDistance} at {distances.left.angle}◦

- Middle: {distances.middle.minDistance} at {distances.middle.angle}◦

- Right: {distances.right.minDistance} at {distances.right.angle}◦

"""

RETURN description

PROCEDURE processLidarData(readings , fieldOfView):
sectionsData ← divideLidarIntoSections(readings , fieldOfView)

RETURN {
front: calculateFrontDistance(readings),
left: analyzeSectionDistances(sectionsData.left),
middle: analyzeSectionDistances(sectionsData.middle),
right: analyzeSectionDistances(sectionsData.right)

}
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