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Abstract— This work presents a novel approach to zero-
shot visual object goal navigation that leverages the ability
of visual Large Language Model (vLLM) for finding target in
unknown environment. Our system combines semantic mapping
with vLLM-driven decision-making to direct robots towards
target objects. The core of our approach lies in using vLLM
to generate a value map between explored areas and the target
object using cosine similarity based on prompt identically,
incorporating both visual and semantic information from RGB-
D image observations. This value map, along with a constructed
semantic map and extracted movable frontier points, serves as a
historic information for the vLLM to select one of the frontiers
to explore next. We evaluate our method on two single-floor
scenes from the Habitat-Matterport 3D dataset and Habitat
Synthetic Scenes Dataset using the Habitat simulator separately.
Our experiments demonstrate that the proposed approach has
the potential to explore efficiently, particularly excelling when
utilizing semantic information from simulator. The results show
promise of our method in zero-shot navigation scenarios if
overcome the common semantic extraction challenge. This work
contributes to the growing field of language-driven exploration
and exhibits how advanced large language model can effectively
tackle complex navigation tasks.

I. INTRODUCTION

The capacity for a robot navigating to objects in unknown
environments represents a cornerstone challenge in embodied
Al research, holding significant implications for a range of
applications such as finding, catching or tracking objects,
post-disaster rescue, even the interaction with human [1],
[2]. Object Goal Navigation (ObjectNav) [3] represents a
critical task in this domain, as shown in Fig. 1, where a
robot situated in a random location in an unseen environ-
ment must navigate towards a target object by leveraging
sensory inputs RGB-D images and pose information. Unlike
straightforward PointGoal navigation, where the goal is a
predefined coordinate, ObjectNav necessitates a deeper level
of semantic comprehension from the environment as the ob-
ject location information is missing. The robot must identify
and maneuver towards the desired object based on object
category label with inherent sensory information in previ-
ously unencountered environments. This intricate capability
holds significant promise for practical applications, such
as instructing domestic robots to retrieve specific items or
guiding autonomous systems operating within unstructured
settings.
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Fig. 1: In a realistic environment within the Habitat simulator
[11], the robot is placed in an arbitrary position, indicated
as the start, and needs to navigate to an unseen room to find
a specified target like bed, indicated as the goal.

To the best of our knowledge, prevalent ObjectNav tech-
niques relied heavily on training deep neural networks with
vast, meticulously labeled datasets by using reinforcement
learning [4], [5], [6], [7]. This heavy data paradigm, while
effective, often necessitates substantial computational re-
sources and often encounters difficulties when generalizing
to novel objects or environments not present in the training
data. The arise of Large Language Model (LLM) presents
a compelling possibility for overcoming these problems by
harnessing the power of zero-shot learning. This innovative
approach empowers robot to navigate to object without prior
exposure to any training data specific to those particular
objects and the environment [8], [9], [10].

This paper centers around the application of zero-shot
method, grounded in the capabilities of visual LLM, to tackle
the challenges of ObjectNav within the Habitat Simulator
[11]. Our primary objective is to combine the semantic
knowledge encoded within vLLM to construct strategies for
navigating complex three dimensional environments to find
target object.

II. RELATED WORKS
A. Object Goal Navigation

Recent years have witnessed substantial advancements in
ObjectNav research [3], [6], [12], [13], largely fueled by
breakthroughs in reinforcement learning and the prolifera-
tion of large-scale datasets like Matterport3D [14], Gibson
[15], Habitat-Matterport3D (HM3D) [16] and Habitat Syn-
thetic Scenes Dataset(HSSD) [17]. Early research primarily
concentrated on training deep reinforcement learning (RL)
agents through an end-to-end approach. A notable instance
is DD-PPO [18], an algorithm that exhibited remarkable
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results in simpler PointGoal navigation tasks. However, these
monolithic RL agents often falter when confronted with the
inherent semantic complexity of ObjectNav tasks.

B. Modular and Map-Based Methods

While end-to-end reinforcement learning approaches can
achieve remarkable performance within their training do-
mains, they demand millions of training episodes and sub-
stantial computational resources, yet fail to generalize effec-
tively to different environments [4], [6], [7]. In an attempt to
alleviate the limitations of end-to-end reinforcement learning
approaches, researchers have explored modular methodolo-
gies, which deconstruct the ObjectNav task into distinct sub-
tasks, such as object detection, mapping, exploration, and
navigation [5], [13]. These methodologies often incorporate
semantic mapping, enabling the agent to construct an envi-
ronmental representation enriched with object labels, thereby
facilitating more targeted exploration and streamlined goal
localization.

A number of studies have demonstrated the efficacy of
fusing classical navigation paradigms, such as Frontier-based
Exploration (FBE) and path planning, with learned compo-
nents [13], [19]. FBE promotes exploration by prompting the
agent to venture into uncharted territory, effectively pinpoint-
ing the boundaries between explored and unexplored regions.
Path planning algorithms then come into play, computing
optimal trajectories to efficiently guide the agent towards
the designated target locations. These hybrid methodologies
strive to capitalize on the respective strengths of classical
and learning-based approaches, aiming to deliver navigation
solutions in high performance.

C. Zero-Shot Object Navigation

Zero-shot object navigation pushes the boundaries of
ObjectNav, challenging agents to skillfully navigate to pre-
viously unencountered object categories without requiring
any prior training data tailored to specific categories [8],

[9], [20]. A prominent strategy for realizing this ambition
involves harnessing the capabilities of pre-trained Vision-
Language Models (VLMs), such as CLIP [21], BLIP-2 [22],
which excel at mapping images to text description based
on predefined prompt, so that the description of object and
sensory image can be put into a shared embedding space.
This shared representation empowers agents to decipher
the intricate semantic connections between visual input and
language-based goals, allowing them to successfully navigate
towards unfamiliar objects solely based on their language
descriptions [23].

D. LLMs for Object Navigation

LLMs have emerged as a transformative force in the
realm of grounding language instructions to concrete actions,
rendering them exceptionally well-suited for intricate tasks
like ObjectNav [10], [24], [25]. The integration of LLMs
into navigation pipelines allows agents to tap into a wealth
of commonsense knowledge and make full use of advanced
reasoning capabilities, ultimately culminating in significant
improvements in exploration strategies and navigation perfor-
mance [10], [26], [27]. For instance, LLMs can be strategi-
cally deployed to deduce the likely locations of objects based
on their semantic associations with other objects or rooms
detected within the environment. Additionally, incorporating
LLMs into FBE methods empowers agents to prioritize
frontiers that exhibit a higher probability of harboring the
target object, relying on invaluable semantic cues [23].

This paper explored the application of vLLM to directly
generate frontier points based on the constructed map image
for robot navigation, focusing on evaluating vLLM’s com-
prehension capabilities of constructed maps which containing
historical trajectories and spatial information. By leveraging
vLLM to understand and reason about the spatial context
embedded in these maps, we investigate its potential to guide
efficient robot naviagtion in unseen environments within the
Habitat Simulator.
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III. APPROACH

Fig. 2 presents an overview of our method. RGB and depth
images captured by the robot are processed into a grid map,
which is converted into semantic map of size N x M in C
channels with information provided from object detection.
From this, a frontier map with K detected exploration
frontiers is generated. The LLM then selects a frontier point,
which is passed to the way-point navigation system to output
a path and action command for the movement of robot.
Below, we explain the details of each process.

A. Grid Map with Semantic Information

Our approach begins with the creation of a semantic
grid map. This map is constructed by combining RGB-D
observations and agent pose data over time. We process depth
information to generate point clouds, which are then aligned
in a global coordinate system using the agent’s recorded
poses as it contain position and orientation. The visual data is
processed using segmentation and detection model Detic [28]
to classify each point into one of several object categories
which locate in the COCO classes [29]. The semantically
enriched point cloud is projected onto a top-down view (Fig.
3), generating a multi-channel map that captures different
aspects of the environment. This map consists of separate
layers representing obstacles (Fig. 3a), explored areas (Fig.
3b), and distinct object categories. Together, these layers
provide a comprehensive spatial and semantic representation
of the environment that supports various sub-tasks, including
vLLM-based reasoning and path planning.

B. Cost Value Map

Following [23], we implement a value mapping system for
additional frontier point information. This system uses a 2D
grid to quantify how relevant each explored area is to the
target object. To extract semantic information from visual
input, we employ the multimodal language model LLaVa
[30]. Unlike [23], our approach processes a sequence of five
images simultaneously through LLaVa, as it has a slower
response time compared to BLIP-2. Using carefully crafted
prompts, LLaVa generates a textual description Tjage, for
these images. We then compute the cosine similarity between
this generated text and a predefined target object description
Tiarget - a LLaVa-generated sentence describing the expected
environment of the target object. This similarity score is
used to update the value map V;(z,y), with new exploration
values overwriting previous ones in overlapping areas.

To ensure smooth robot movement, prevent cyclic behavior
and explore the new area, we introduce a degenerative
factor d to the similarity values when updating the value
map each time, this mechanism mitigates the influence of
older values, encouraging the robot to explore new areas
rather than revisiting previously examined locations. This
approach balances the need for thorough exploration with
the efficiency of directed search, optimizing the robot’s path
towards the target object.

‘/t+1(x7 y) = COS*Sim(Timage”Ttarget) + (]- - d)V}(m, y)

() (b) (©)

Fig. 3: Top-down view grid maps with semantic information.
(a) represents the obstacle map generated from the grid map
module, (b) shows the explored area which is a combination
of movable area, obstacle area and the boundary is the
frontier line, (c) shows the cross area of frontier line and
movable area show as the green lines and then compute the
center of the line as the frontier point show as red dot points.

C. Frontier Point Selection with LLM

In our implementation, we develop a sophisticated method
for frontier point selection that integrates semantic infor-
mation with traditional mapping techniques. We begin by
generating a binary representation of the semantic map,
distinguishing between traversable areas and obstacles within
the explored region. This binary map serves as the foundation
for identifying potential exploration targets.

To identify the boundary between explored and unexplored
territories, we employ edge detection algorithm on the binary
map by using erosion and corrosion. This process yields a
set of frontier lines, as shown in Fig. 3c, each representing
a potential avenue for further exploration. We then apply the
moments method, a technique commonly used in computer
vision, to determine the centroid of each frontier line. These
centroids serve as candidate frontier points for the robot’s
next exploration goal.

The crux of our approach lies in the selection of the opti-
mal frontier point from this set of candidates. Unlike previous
methods that rely solely on geometric considerations or sim-
plistic heuristics or reinforcement training [13], [19], [31],
we leverage the power of vLLM to make this critical deci-
sion. Our system provides the vVLLM with two key inputs: the
value map, which encodes the semantic relevance of explored
areas, and the constructed semantic grid map, which provides
a high-level understanding of the environment’s layout and
content with historic and spatial information. By presenting
this rich, multi-modal information to the vLLM, we enable
it to reason about the exploration task in a manner that more
closely mimics human decision-making. The vLLM analyzes
the spatial distribution of semantic values, the configuration
of obstacles and open spaces, and the potential information
gain associated with each frontier point. This analysis allows
the vLLM to identify the frontier point that offers the highest
probability of leading the robot towards the target object.

This approach represents a significant departure from the
other frontier-based exploration strategies. By integrating
semantic understanding, spatial reasoning, and vLLM-based
decision making, we create a more adaptive and context-
aware exploration system. The ability of VLLM to process
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and synthesize complex, multi-dimensional information al-
lows our robot to make more informed choices about its
exploration trajectory to locate target objects in unknown
environments.

Moreover, this method’s flexibility allows it to adapt to a
wide range of environments and search objectives. As the
semantic map and value map evolve during exploration, the
vLLM can dynamically adjust its decision-making criteria,
ensuring that the robot’s exploration strategy remains optimal
throughout the mission.

D. Point Goal Navigation

In the point goal navigation, we use the Fast Marching
Method (FMM) [32] to compute optimal paths between
the agent’s current position and the target point chosen by
LLaVa, taking into account obstacle information from the
semantic map. This approach leverages existing path finding
algorithms, reducing the need for learning basic navigation
from scratch such as [33]. We then select the point adjacent
to the robot’s current position on this path and calculate
the angle between it and the current position. Based on this
angle, we determine the robot’s next action: move forward,
turn left, or turn right.

Compared to methods trained using deep reinforcement
learning, this approach is compatible with any dataset and
does not require retraining. However, its performance on the
same dataset is not as perfect as [33] for sometimes this
method may result in collisions with objects in the simulator
preventing robot movement to cause the failure or simply
can not calculate a reasonable path.

IV. EXPERIMENTAL SETUPS

Our investigation into object navigation employs the Habi-
tat platform [11], using one of the expansive HM3D dataset
[16] and one from the HSSD dataset [17]. Our experi-
ment lies the Object Navigation (ObjectNav) challenge, a
standardized task within the AI Habitat ecosystem. This
task evaluates an agent’s ability to locate a specified object
category within an unfamiliar environment and the random
location. For environmental perception, the simulator sup-
plies an RGB-D camera, which captures both visual and
depth data. The robot’s movement capabilities are defined
by a set of discrete actions: forward motion, turn left and
turn right, and the option to terminate the episode when the
robot arrives near in the range of object within 1 meter or
the robot moves more than 500 steps.

For LLM setup, we use the library proposed by [34] with
the model [30], for the calculation of the value map, the
prompt for the sequence images is “Considering you are a
robot with RGB-D sensor observing the home environment,
describe the sequences of images”, there is also a predefined
prompt for the description of target object, “describe the
possible environment around the target”, when drive the
LLM finish the core decision making component that “where
to go”, we then use the colored semantic map, calculated
value map, generated frontier points as input with the prompt
format “image: [images], points: [points], semantic info: [the

Approach HM3D HSSD
SR(%) SPL(%) SR(%) SPL(%)

Random Walking 0.0 0.0 - -
Frontier Based Method [35] 23.7 12.3 - -
XGX [7] 100 54.0 333 -
VLEM [23] 75.0 41.5 70.0 229
Ours using object detection 60.7 253 53.3 22.1
Ours with ground truth semantic 89.3 429 - -

TABLE I: Habitat Results: Observe the improvement in
Success Rate (SR) and SPL on both our approaches over
the current zero-shot SOTA method [23] and learning based
SOTA method [7], frontier based method and random walk-

ing.

info based on the color], Task: [Based on the provided
colored image, value map, pixel coordinates, and semantic
map information, please output a single point from the given
coordinates. The selected point should be the one that best
matches have big value and more potential near the target.],
output format: Selected Point: (x, y) Reason: [response]”
output the desired information.

As the current one dimensional map construction method
can not recognize stairs and can not handle the go up
and down scenario for stairs, we choose one of the typical
environments from the HM3D dataset, which only has one
floor and contains 28 episodes, and one from the HSSD
dataset, which also has one floor with 30 episodes, with each
of them having a different initial location and target object.

To assess performance, we focus on two key metrics,
success rate (SR) and success weighted by path length (SPL)
proposed by [11]. SR measures the proportion of successful
object localization across all episodes, and SPL combines
success with efficiency, comparing the agent’s trajectory to
the optimal route as:

N

1 l;
SPL N ; Si max(p;,1;)’

where N is the overall numbers of episode, I; is the length of
shortest path between goal and target in one episode that can
calculated by the simulator, p; is the overall length moved
by the robot in one episode, s; is the binary indicator of
success in episode.

These evaluation criteria provide a comprehensive view
of the agent’s navigational proficiency and operational effi-
ciency.

V. RESULT

Our experimental results on the Habitat simulator demon-
strate the possibilities of our proposed method for zero-
shot object goal navigation. As shown in Table I, our
approach achieves competitive performance compared to
existing methods.

The baseline Random Walking method, as expected, fails
to complete any navigation tasks successfully, resulting in
0% for both Success Rate (SR) and Success weighted by
Path Length (SPL). The Frontier Based Method [3] shows

1277



some improvement, with an SR of 23.7% and SPL of 12.3%.
Our proposed method without object detection achieves a
success rate of 60.7% and an SPL of 25.3%, which is a
significant improvement over the Frontier Based Method.
This demonstrates the effectiveness of integrating vLLM
for exploration guidance compared to pure random fron-
tier selection. Notably, when augmented with ground truth
semantic information, our method’s performance increases
substantially, reaching an SR of 89.3% and an SPL of 42.9%.
This result outperforms the state-of-the-art VLFM method,
which achieves an SR of 75.0% and an SPL of 41.5% in the
same situation.

We also evaluated XGX [7], a state-of-the-art model with
the combination of reinforcement learning and imitation
learning. While XGX exhibited exceptional perfect perfor-
mance on its training dataset, HM3D, certain limitations
hindered its transferability to the HSSD dataset so that shows
a relative lower success rate. Due to discrepancies in metric
output, we were unable to compute the SPL for XGX on the
HSSD dataset.

On the HSSD dataset, our approach achieved comparable
SPL to VLFM, albeit with a lower success rate. This suggests
that in successful episodes, our method can locate target
objects with fewer actions, indicating improved efficiency
in navigation when the task is completed successfully.

Overall, our method shows the potential direction in the
challenging task of zero-shot object goal navigation, partic-
ularly when leveraging accurate semantic information.

VI. DISCUSSION

Our main contributions include:

o A novel integration of vLLM for value mapping and
frontier selection in object goal navigation.

« A semantic map-based exploration strategy that effec-
tively guides the robot in unknown environments.

While our results are promising, there are several limita-
tions and areas for future work:

o Single-floor limitation: Currently, our way point navi-
gation module is restricted to single-floor environments
and cannot handle multi-story scenarios with stairs.

o Computational overhead: The reliance on LLMs intro-
duces longer communication times compared to end-to-
end methods, which may impact real-time performance.

« Dependency on object detection: The current structure
heavily relies on the accuracy of object detection for
generating the semantic map, which can be a potential
point of failure in complex or ambiguous environments.

o Simulation-based validation: Our method has been
tested extensively in simulation but has not yet been
implemented on real robotic platforms.

The current approach relies heavily on object detection
performance, which leads to several failure modes: agents
stopping at incorrectly detected locations, exceeding maxi-
mum step limits when failing to detect objects, and failing to
reach targets due to detection position offsets. To establish
an upper bound for the method’s performance, we conducted

experiments using ground truth object information, the ex-
perimental results demonstrate the viability and potential of
our proposed approach.

Our experimental results demonstrate the feasibility of
using VLLM to directly interpret spatial information from
constructed maps. While recent work has explored LLM
applications in navigation, such as [26], [36] using LLMs for
instruction following, our approach reveals new capabilities
in spatial reasoning abilities of vLLM based on images.

Future work will address these limitations by extending
the navigation capabilities to multi-floor environments, opti-
mizing LLM integration for faster processing, implementing
and testing the system on real robots, and improving the
robustness of semantic mapping to handle imperfect object
detection. Despite these challenges, our work represents
a significant step towards more adaptable and intelligent
robotic navigation systems. By using the multi-modal LLMs,
our approach opens new avenues for developing versatile and
capable robots that can efficiently navigate and interact in
diverse, unknown environments.

VII. CONCLUSION

In this work, we introduced a novel approach that uses
Large Language Models for zero-shot object goal naviga-
tion in unseen environment with the constructed semantic
map as history information. Our method combines semantic
mapping with LLM-driven decision-making to guide robots
towards target objects efficiently. The experimental results
demonstrate the potential of our approach, particularly when
augmented with accurate semantic information, outperform-
ing existing methods in terms of success rate and efficiency.
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