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Abstract: Large Language Models (LLMs) show potential for enhancing robotic path planning. This paper assesses
visual input’s utility for multimodal LLMs in such tasks via a comprehensive benchmark. We evaluated 15 multimodal
LLMs on generating valid and optimal paths in 2D grid environments, simulating simplified robotic planning, comparing
text-only versus text-plus-visual inputs across varying model sizes and grid complexities. Our results indicate moderate
success rates on simpler small grids, where visual input or few-shot text prompting offered some benefits. However,
performance significantly degraded on larger grids, highlighting a scalability challenge. While larger models generally
achieved higher average success, the visual modality was not universally dominant over well-structured text for these
multimodal systems, and successful paths on simpler grids were generally of high quality. These results indicate current
limitations in robust spatial reasoning, constraint adherence, and scalable multimodal integration, identifying areas for
future LLM development in robotic path planning.
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1. INTRODUCTION mance is evaluated when provided with only textual de-
scriptions of the environment and when they receive both
textual information and a corresponding visual represen-
tation of the grid. By systematically comparing success
rates, path optimality, and the impact of problem com-
plexity (grid size), this work aims to investigate the utility
and current limitations of leveraging visual input along-
side text for spatial planning tasks performed by contem-
porary multimodal LLMs. The findings are intended to
offer insights relevant to their potential deployment in
robotic systems.

Effective path planning is fundamental to autonomous
robotic systems, enabling navigation through complex
and dynamic environments. While traditional algorithms
provide established solutions, the integration of seman-
tic understanding and commonsense reasoning, as po-
tentially offered by Large Language Models (LLMs),
presents a developing area for enhancing the intuitiveness
and adaptability of robot planning. With the evolution of
these models, particularly multimodal LLMs capable of
processing both textual and visual information, their ap-

plication to robotics tasks involving spatial layout com- 2. RELATED WORKS

prehension and constraint adherence is of growing inter-

est. A systematic, comparative evaluation is necessary to The integration of Large Language Models (LLMs)
understand the performance characteristics of these mod- into robotic systems has enabled new approaches to in-
els, especially regarding the contribution of visual data terpret high-level human instructions and generate task
when used with well-structured textual descriptions for plans [1]. Early work focused on text-based LLMs [2],
planning. with notable approaches such as SayCan [3] that ground

language commands in robot capabilities. Other meth-
ods translated natural language goals into formal plan-
ning languages (e.g., PDDL) or code policies, sometimes
using structured prompts such as ProgPrompt [4] to im-
prove reliability. A key challenge in this domain is to
ensure that instructions are unambiguous and effectively
translated into actions, whether through voice interfaces
[5] or by using LLMs themselves to detect and resolve
ambiguity in commands [6]. These systems often sepa-
rate high-level planning from low-level execution [3,4],
a concept also explored in complex, non-LLM-based hy-
brid planning frameworks [7]. However, text-only mod-
els can lack physical grounding and face challenges with
spatial reasoning without perceptual input [3], which has
led to an increased focus on multimodal approaches.

To address the grounding challenge, Multimodal
Large Language Models (MLLMs), were developed, in-
t Jacinto Colan is the presenter of this paper. tegrating visual perception with linguistic reasoning [8].

This paper examines the role of visual input for mul-
timodal LLMs within the context of robotic path plan-
ning. Although real-world robotic navigation contends
with continuous state spaces and sensor uncertainties,
foundational spatial reasoning and constraint adherence
can be systematically benchmarked in structured settings.
We utilize 2D grid-based path generation scenarios as a
controlled testbed to simulate simplified robotic planning
tasks. This approach allows for a focused assessment of
an LLM’s ability to generate valid and optimal trajecto-
ries from a designated start to a goal position while avoid-
ing obstacles. Such scenarios, while abstract, encapsu-
late core elements of spatial understanding and sequential
decision-making relevant to robotic autonomy.

We present a comprehensive benchmark assessing a
diverse set of inherently multimodal LLMs. Their perfor-
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This has contributed to the development of more end-to-
end systems unifying perception, planning, and action.
Models like PaLM-E [9] demonstrated injecting sensor
data into the LLM embedding space for embodied tasks,
while VLAs like RT-2 [10] represented robot actions as
output tokens and were reported to show emergent rea-
soning capabilities. Concurrently, methods like VIMA
[11] used multimodal prompting for manipulation tasks.
These approaches generally operate on the assumption
that vision provides necessary grounding for embodied
tasks [8], an assumption examined in this paper.

LLMs and MLLMs have been specifically applied to
robotic path planning. Hybrid approaches combine func-
tionalities of LLMs with classical algorithms, such as
LLM-A* [12] using LLM heuristics to guide A* search,
or LLM-Adpvisor [13] suggesting modifications to paths
from other planners. Instruction-based navigation frame-
works like LLM-Planner/DCIP [14] integrate LLMs with
occupancy grids, while Guide-LLM [15] uses text-based
topological maps for indoor assistance. The environmen-
tal representation provided—textual descriptions, grid
coordinates [16], topological maps [15], or direct visual
input [9, 14]—can significantly influence spatial reason-
ing performance [16].

Despite the recognized potential of visual input,
MLLMs encounter challenges in spatial reasoning, in-
cluding relational and transformational understanding
[17]. In some instances, visual input can also impair
performance (“cross-modal distraction”) [18], and pro-
cessing visual data adds computational cost [10]. While
benchmarks exist for LLM planning (e.g., PPNL for text-
based grid navigation [19]) and general embodied Al
(e.g., EmbodiedBench [20]), a dedicated benchmark as-
sessing the specific value of visual input for MLLM-
based robotic path planning is less established. This pa-
per aims to address this gap by benchmarking the contri-
bution of visual input for MLLMs in robotic path plan-
ning.

3. METHODOLOGY

This research employs a quantitative benchmarking
approach to evaluate the spatial reasoning and planning
capabilities of various Large Language Models (LLMs)
on grid-based navigation tasks. The core task for the
LLMs is to generate a complete, valid trajectory from a
specified start to a goal position in a single request, given
the grid’s configuration including explicit rules and, for
multimodal models, a visual representation of the grid.

3.1. Grid Environment and Problem Generation

We define a 2D grid environment where each cell can
be empty, an obstacle (termed bomb’), a start position
(‘S’), or a goal position (‘G’). A suite of grid problems
was procedurally generated with varying sizes (e.g., 8 x 8,
20 x 20) and bomb densities, based on a defined proce-
dural generation algorithm. For each generated problem
instance:

o The start (e.g., top-left) and goal (e.g., bottom-right)
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Table 1 Details of LLMs Evaluated in the Benchmark.

Model Name Developer Size Category | Access
Llama 3.2 Meta Small Open
Gemma 3 Google DeepMind | Small Open
GPT-4.1 Nano OpenAl Small Proprietary
Mistral Small Mistral Al Medium Open
Gemma 3 Google DeepMind | Medium Open
Claude 3.5 Haiku | Anthropic Medium Proprietary
GPT-4.1 Mini OpenAl Medium Proprietary
GPT-4.1 OpenAl Large Proprietary
GPT-40 OpenAl Large Proprietary
Claude 3.7 Sonnet | Anthropic Large Proprietary
Llama 4 Maverick | Meta Large (MoE) Open
Llama 4 Scout Meta Large (MoE) Open
DeepSeek V3 DeepSeek Large Open
Mistral Large 2 Mistral Al Large Proprietary
Nova Pro Amazon Large Proprietary

positions are typically fixed for a given size, though the
generation logic can support randomized placements be-
fore obstacles are assigned.

o Obstacle locations are randomly assigned within the
grid, excluding the start and goal positions. The gener-
ation process ensures that a solvable path from ‘S’ to ‘G’
exists.

o The optimal path length (shortest number of steps from
‘S’ to ‘G’ avoiding obstacles) is pre-calculated using a
standard Breadth-First Search (BFS) algorithm.

« Each problem instance, detailing grid dimensions, the
coordinates of ‘S’, ‘G’, all obstacle locations, and the op-
timal path length, is stored as a structured JSON file.

o A corresponding 512 x 512 pixel PNG image repre-
sentation of the grid is also generated. For prompting
multimodal LLMs, this image displays the ‘S’ and ‘G’
locations. Traversable cells are depicted as white, while
other cells (implicitly obstacles) are non-white. Obstacle
locations are not explicitly marked with a distinct symbol
(e.g., ‘B’) in the image provided to the LLM, encouraging
reliance on visual interpretation of obstacles or correla-
tion with textual information. This visual representation
is generated such that obstacles appear as non-white cells.
The evaluation utilizes a fixed set of 20 pre-generated grid
problems per grid size, loaded from a designated direc-
tory of problem instances, to ensure consistency across
all model evaluations.

3.2. Models Evaluated

We selected a diverse set of multimodal state-of-the-
art LLMs, as detailed in Table 1. Model selection aimed
to cover a range of model families, sizes (Small, Medium,
Large, including Mixture of Experts (MoE) architec-
tures), and access methods (open-weights or proprietary
API). All models were accessed via a unified API end-
point, using a configured API key.

3.3. Experimental Procedures and Prompting Strate-
gies

All LLMs were tasked with generating a full tra-

jectory as a Python list of coordinate tuples (e.g.,



[(rowl, coll), (row2, col2),...)]) in a single API call.
The generated paths are constrained by the rule that cells
cannot be revisited, a constraint strictly enforced during
path validation. A low temperature parameter (0.1) was
used for LLM queries to promote deterministic and con-
sistent outputs. The LLM responses, expected to be a list
of coordinates, were parsed using a dedicated extraction
routine.

3.3.1. Experiment 1: Text-Only LLM Evaluation
Text-only LLMs received the grid problem informa-

tion through a structured textual description. This de-

scription, systematically generated for each problem in-

stance, included:

e Grid dimensions (e.g., “Grid Size: 5x5 (coordinates

from (0,0) to (4,4))™).

« Start position (e.g., “Start Position (S): (1,1)”).

« Goal position (e.g., “Goal Position (G): (3,3)”).

o A list of all obstacle coordinates (e.g., “Bomb Loca-

tions (#): [(0,2), (1,3)]”).

« Explicit task rules, including avoiding obstacles, stay-

ing within boundaries, making adjacent moves (North,

South, East, West), and not revisiting cells.

Two prompting strategies were employed for text-only

models, using predefined templates for system and user

messages:

1. Zero-shot (ZS): The LLM was provided with a sys-
tem prompt outlining its role as an expert spatial planner
and the required output format. This was followed by a
user prompt containing the specific textual grid descrip-
tion and the direct task to generate the path.

2. Few-shot (FS): The system prompt was identical to
the zero-shot condition. The user prompt, however, first
presented one complete example consisting of a grid de-
scription, the task query, and the corresponding correct
path solution, before presenting the actual problem in-
stance to be solved.

3.3.2. Experiment 2: Multimodal LLM Evaluation

Multimodal LLMs were evaluated using a specific
prompting strategy designed to leverage both visual and
textual input streams.

1. Multimodal Input and Prompting Strategy:

o Input: The LLM received the 512 x 512 PNG image
of the grid (showing ‘S’ and ‘G’ locations, with obstacles
as non-white cells) along with the complete textual de-
scription identical to that used for text-only models. This
textual input included grid size, ‘S’/°G’ coordinates, all
obstacle locations, the optimal path length, and explicit
task rules, consistent with the information provided in
text-only experiments.

o Prompting Strategy: The system prompt guided the
LLM to perform a two-step reasoning process before gen-
erating the path:

(a) Visual Confirmation of Obstacles: The LLM was
first instructed to explicitly compare the obstacle loca-
tions listed in the textual description against the visual
obstacles (non-white cells, excluding ‘S’ and ‘G’) in the
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provided image. It was asked to state whether these two
sources of obstacle information were consistent.

(b) Path Planning: Subsequently, the LLM was tasked

to generate the path trajectory based on integrating infor-
mation from both the textual description (with particular
emphasis on the confirmed list of obstacle locations) and
the visual context of the grid image.
This structured prompting approach is designed to en-
courage the LLM to actively correlate information from
both modalities and perform an explicit reasoning step
prior to path planning.

3.4. Trajectory Parsing and Evaluation Metrics

The textual response from the LLM, expected to con-
tain a Python list of coordinate tuples representing the
path, was parsed to extract the trajectory. The ex-
tracted trajectory was then rigorously validated against
the ground truth for the given grid problem through a
comprehensive validation process. The validation crite-
ria ensure the trajectory:

« Starts at the designated ‘S’ position and correctly ends
at the ‘G’ position.

o Consists exclusively of valid, adjacent moves (North,
South, East, or West between consecutive coordinates).

« Remains entirely within the defined grid boundaries.

« Does not pass through any cells designated as obstacle
locations.

« Does not revisit any cell along its length (a strictly en-
forced rule).

4. EXPERIMENTAL RESULTS

This section presents the quantitative results of our
comparative benchmark, evaluating the spatial reasoning
and path generation performance of selected Large Lan-
guage Models (LLMs). We focus on Success Rate, Op-
timality Rate, Average Path Length Ratio, and Average
Suboptimality Gap.

4.1. Performance Metrics

To evaluate model performance, we use the following
metrics. Let IV be the total number of trials for a given
condition. Let V be the set of valid trials, and |V their
count. Let O be the set of valid and optimal trials, with
|O| their count. For a trial 4, L.y, ; is the generated path
length, and L, ; is the optimal path length.

Success Rate: Percentage of trials with a valid path.

Vi

Success Rate = N x 100%

Optimality Rate: Percentage of valid trials with an
optimal path.

10| .
Optimality Rate — 4 171 * 100% itV >0
0% if [V|=0

Average Path Length Ratio: Ratio of generated to
optimal path length for valid paths where L, ; > 0.

1
7 2

eV’

L en,i
Avg. Path Length Ratio = =
Lopt,i



i. System prompt iv. Multimodal

"You are an expert spatial planning AT working with text-based grid descriptions. Your task is to generate a valid path from | | PROMPT_MULTIMODAL =
the Start 'S' to the Goal 'G' based on the provided coordinates and rules. Output ONLY the trajectory as a Python list of "% Grid Navigation Task (Text Bomb List + Visual Confirmation + CoT Plan)
coordinate tuples (row, col), starting at 'S' and ending at 'G'". E.g., [(0, 0), (0, 1), ..., (goal_row, goal_col)]. Environment Description:
The path must: {state_description}
1. Consist of adjacent steps (North='up', South="'down', East="right', West="left'). Grid Image (S=Start={start_pos}, G=Goal={goal_pos}):
2. Stay within the grid boundaries (0 to max_coord). {image_content}
3. Avoid landing on any specified Bomb locations. Task: First, confirm if the visual obstacles match the Bomb list in the text.
4. Not revisit the same cell. Do not include any other text, explanation, or formatting." Then, using BOTH text and image, generate the path list from S to G

" avoiding the specified Bombs and not revisiting cells.

ii. Text: Zero-shot Follow the required output format precisely. Confirmation:
PROMPT_ZERO_SHOT = path:™"

"# Grid Navigation Task (Text-Only - Single Shot Plan)\n\nEnvironment Description:\n{state_description}\n\n

Task: Generate the full sequence of coordinates for a valid path from Start 'S' ({start_pos}) to Goal 'G' ({goal_pos}).
Avoid Bomb locations and do not revisit cells. Stay within grid boundaries.

\nOutput *only* the Python list of coordinate tuples.\n\nPath:"""

Grid: 8x8, Start=(0, 0), Goal=(7, 7)

iii. Text: Few-shot

EXAMPLE_GRID_DESCRIPTION =

"Grid Size: 5x5 (coordinates from (0,0) to (4,4)).\nStart Position (S): (0, 0)\nGoal Position (G): (4, 4)\nBomb Locations (#):
[(0, 2), (0, 3), (1, 0), (2, 4), (3, 1)]\nOptimal Path Length: 8"

EXAMPLE_SOLUTION_PATH = ( "[(0, 0), (0, 1), (1, 1), (2, 1), (2, 2), (2, 3), (3, 3), (3, 4), (4, )]")

PROMPT_FEW_SHOT = f"""Here is an example of the task:\n\nExample Environment Description:
\n{EXAMPLE_GRID_DESCRIPTION}\n\n

Example Task: Generate the full sequence of coordinates for a valid path from Start 'S' ((0, 0)) to Goal 'G' ((4, 4)).

Avoid Bomb locations and do not revisit cells. Stay within grid boundaries. Output *only* the Python list of coordinate tuples.
\nExample Path: {EXAMPLE_SOLUTION_PATH}\n\n---\n

Now, solve the following problem:\n\nCurrent Environment Description:\n{{state_description}}\n\n

Task: Generate the full sequence of coordinates for a valid path from Start 'S' ({{start_pos}}) to Goal 'G' ({{goal_pos}}).
Avoid Bomb locations and do not revisit cells. Stay within grid boundaries.Output *only* the Python list of coordinate tuples.
\n\nPath:"""

Fig. 1 Example prompt structures for LLM evaluation: i. System prompt (common for text-only tasks) outlining the
AT’s role and output format. ii. User prompt for text-only zero-shot evaluation, providing the grid description and
task. iii. User prompt for text-only few-shot evaluation, including an example problem-solution pair before the target
problem. iv. User prompt for multimodal evaluation, providing textual grid description, requesting visual confirmation
of obstacles against the text, and then path generation using both text and image. Example of 8 x 8 grid visualization
provided to multimodal models, showing Start (‘S’) and Goal (‘G’) positions.

where V! = {i € V' | Loyt > 0}. If V'] = 0, reported 24% vs. ZS 23%) and Medium (FS 25% vs. ZS 20%)
as 0. models. For Large models, ZS (34%) averaged higher

Average Suboptimality Gap: Average extra steps for than FS (28%). This suggests that for larger models, a
valid, non-optimal paths. single few-shot example might not consistently general-

ize well or could offer less benefit if the model’s zero-shot

Avg. Suboptimality Gap = Z (Lgen,i—Lopt,i) capabilities are already relatively strong for the core task

|‘/;ubopt ‘

i€ Vaeubopt understanding. Individual model results (Figures 3, 4, 5)

confirm this variance; for example, DeepSeek V3 (Large)

where Viubopt = {i € V | Lgeni > Lopti}. 1If improved with FS (60% from 40% ZS), while Llama 4
|Vsubopt| = 0, the gap is 0. Maverick (Large) did not. Valid paths from text-only

strategies were generally of high quality on 8 x 8 grids,
with optimality rates often near 100% and path length ra-
tios close to 1.00 (Tables 2, 3).

Multimodal Models: This strategy yielded average
Success Rates of 18% (Small), 24% (Medium), and 33%
(Large) on 8 x 8 grids (Figure 2). Some Large models like

4.2. Overall Performance on Grid Path Generation

Success rates over all evaluated 15 LLMs were gener-
ally modest, underscoring the task’s difficulty, especially
on larger grids, which challenge scalable planning and
precise constraint adherence.

4.3. Impact of Prompting Strategies and Modality Claude 3.7 Sonnet (55%) performed well (Figure 5). Suc-
a0 | B Text Zero-shot cessful multimodal paths demonstrated excellent quality,
o I Text Few-shot often being perfectly optimal (Tables 2, 3). This indi-
© 60% | I Multimodal cates effective information integration when successful,
z but achieving that initial success remains a hurdle.
% 40% 1  w Comparative Analysis: No single strategy was uni-
@ versally superior in Success Rate on 8 x 8 grids (Figure
§ 20% 1 2). FS was competitive for Small/Medium models, while
a 7S and Multimodal led for Large models. The richer con-
0% -

text from multimodal input did not always translate to
higher success than focused text-only approaches, pos-
sibly due to the complexities of cross-modal grounding.
Path quality metrics (Tables 2-4) show that Small mod-
els were nearly perfect when valid. Medium models saw

Text-Only Models: Figure 2 shows FS prompting Text FS leading in optimality. For Large models, Multi-
slightly improved average Success Rates for Small (FS modal had slightly better average optimality rates, though

o et e
Model size category
Fig. 2 Average Success Rate by model size (8 x 8 grids),
comparing Text ZS, Text FS, and Multimodal prompt.
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overall path quality differences among strategies were
minor for successful paths.

Table 2 Average Path Length Ratio by model size and
strategy for 8 x 8 grids.

Text-Zero | Text-Few | Multimodal
Small 1.000 1.000 1.000
Medium 1.012 1.000 1.014
Large 1.045 1.030 1.051

Table 3 Average Optimality Rate (%) by model size and
strategy for 8 x 8 grids.

Text-Zero Text-Few Multimodal
Small 100% 100% 100%
Medium 96% 100% 95%
Large 81% 82% 80%

Table 4 Average Suboptimality Gap (extra steps) by
model size and strategy for 8 x 8 grids.

Text-Zero Text-Few Multimodal
Small 0.00 0.00 0.00
Medium 1.00 0.00 1.00
Large 242 1.88 2.21

4.4. Performance Variation Across Model Size

Individual model Success Rates on 8 x 8 grids are
shown in Figures 3 (Small), 4 (Medium), and 5 (Large).

80% [ Text Zero-shot
[0 Text Few-shot
60% 0 Multimodal

25% 25% 25%
20% 20%  20% 20%

Success rate
H
]
P

10%

Fig. 3 Success Rate for Small size models (8 x 8 grids).

[ Text Zero-shot
I Text Few-shot

80%

O 60% ™ Multimodal
=
e
B 40% A
(O]
O 5% 25% 25%
S 20% %
w0
0%
- Q> Q> N
ol & » 6’@"
o > o >
& & & &
,bob © & »
(o
Model

Fig. 4 Success Rate for Medium size models (8 x 8 grids).

80% A I Text Zero-shot
I Text Few-shot
0 Multimodal

60% -

40% -

20% 1

Success rate

Model
Fig. 5 Success Rate for Large size models (8 x 8 grids).

Larger models generally achieved higher peak Success
Rates (e.g., up to 55-60% for some Large models, Fig-
ure 5), while Medium models performed in the 20-35%
range (Figure 4), and Small models typically below 25%
(Figure 3). This trend, also seen in the aggregated Figure
2, suggests model scale aids in handling the task’s rule
complexity and multi-step reasoning. However, signifi-
cant variance within the Large category indicates scale is
not the sole factor; architecture and training likely play
crucial roles.

4.5. Influence of Grid Complexity:

Performance degraded sharply on 20 x 20 grids (exam-
ple in Figure 6) compared to 8 x 8 grids. Average Success
Rates (Figure 7) plummeted to nearly 0% for Small mod-
els, 0-4% for Medium, and only 4-5% for Large models.

Grid: 20x20, Start=(0, 0), Goal=(19, 19

i

i

Fig. 6 Example of a 20 x 20 grid environment.

I

I Text Zero-shot

B
2
k-3

[¥]
] I Text Few-shot
“
& 0 Multimodal
Y 20%
]
@
2% 2% 5% 8% 8% 5%
o o o mmeeeliy  EEESEEEN
oot wedo™® w9

Model size category
Fig. 7 Average Success Rate by model size (20 x 20
grids).

This highlights a critical scalability challenge. The
quadratically increased state space, longer paths, and



complex obstacle configurations in 20 x 20 grids likely
exceed current models’ capacity for sustained, precise
planning and constraint adherence.

S. CONCLUSION

This study systematically benchmarked the perfor-
mance of inherently multimodal Large Language Mod-
els on grid-based path planning tasks, simulating simpli-
fied robotic planning scenarios to assess the utility of vi-
sual input alongside textual descriptions. Our findings
indicate that while contemporary multimodal LLMs can
achieve moderate success rates in generating valid paths
on simpler grids, with some models benefiting from vi-
sual input or specific prompting strategies such as few-
shot learning, their performance significantly degrades on
more complex grids. This highlights a critical scalabil-
ity challenge. Although larger models tended to exhibit
higher average success rates, the benefit of visual modal-
ity was not universally dominant over well-structured tex-
tual input for these multimodal systems, and the path
quality for successful attempts was often high regardless
of the input modality on simpler grids. These results un-
derscore current limitations in robust spatial reasoning,
precise constraint adherence over extended planning hori-
zons, and effective, scalable integration of multimodal in-
formation for these models. Future research should there-
fore prioritize enhancing these aspects to improve the re-
liability and applicability of LLMs in complex robotic
path planning and autonomous navigation.
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