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Abstract
In the realm of household robotics, the Zero-Shot
Object Navigation (ZSON) task empowers agents
to adeptly traverse unfamiliar environments and
locate objects from novel categories without prior
explicit training. This paper introduces VoroNav,
a novel semantic exploration framework that pro-
poses the Reduced Voronoi Graph to extract ex-
ploratory paths and planning nodes from a seman-
tic map constructed in real time. By harnessing
topological and semantic information, VoroNav
designs text-based descriptions of paths and im-
ages that are readily interpretable by a large lan-
guage model (LLM). In particular, our approach
presents a synergy of path and farsight descrip-
tions to represent the environmental context, en-
abling LLM to apply commonsense reasoning
to ascertain waypoints for navigation. Exten-
sive evaluation on HM3D and HSSD validates
VoroNav surpasses existing benchmarks in both
success rate and exploration efficiency (absolute
improvement: +2.8% Success and +3.7% SPL
on HM3D, +2.6% Success and +3.8% SPL on
HSSD). Additionally introduced metrics that eval-
uate obstacle avoidance proficiency and percep-
tual efficiency further corroborate the enhance-
ments achieved by our method in ZSON planning.
Project page: https://voro-nav.github.io

1. Introduction
Navigation capability holds great significance for household
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Figure 1. Voronoi-based Navigation with LLM. Our model fo-
cuses on optimizing the decision-making process in ZSON. It
enables the agent to pinpoint intersections rich in observation
on the map by Voronoi sparsification, which act as navigation
waypoints. The agent perceives the environment at intersections,
collects scene information from nearby waypoints, and performs
reasoning guided by LLM to ascertain the most plausible waypoint
leading to the desired target. The five images presented in (a) de-
pict the agent’s corresponding perspectives as it faces five adjacent
navigation waypoints at the intersection illustrated in (b), with the
indices showing the correspondence.

robots, empowering these autonomous machines to reach
designated areas effectively and complete various subse-
quent tasks. Within this context, Zero-Shot Object Navi-
gation (ZSON) demands that an agent have the ability to
move toward a target object of an unfamiliar category by
leveraging scene reasoning, a capability essential for the
performance of diverse complex tasks by household robots.
The core of ZSON centers on leveraging general common-
sense to steer agents for exploration with minimal movement
cost and accurate localization of a novel target object.
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Current ZSON methods can be categorized into two types:
end-to-end, network-based navigation (Majumdar et al.,
2022; Park et al., 2023; Zhao et al., 2023; Chen et al.,
2023a; Gadre et al., 2023); and modular, map-based navi-
gation (Zhou et al., 2023; Gadre et al., 2023; Chen et al.,
2023b). The end-to-end methods use reinforcement or imita-
tion learning for training policy networks, and are designed
for mapping directly from RGB-D images to actions. How-
ever, the end-to-end model’s output lacks interpretability
and necessitates a substantial amount of training data, and
exhibits serious inefficiency problems of back-and-forth
redundant movement regarding the actual performance.

Map-based methods leverage maps to store historical topol-
ogy information for planning purposes. Map-based naviga-
tion frameworks usually plan new waypoints either every
predetermined number of steps or when the increment in
map building reaches a specific threshold. However, the
selected waypoints usually come short of optimal positions
for decision-making. This occurs because the agent could
arrive at an intersection with massive information and poten-
tially uncover expansive unseen areas by just one more step
from here, which can bring huge benefits to scene reasoning
and task planning. Yet, such benefits may not be obtained
using the traditional strategy of choosing waypoints, for they
would not actively identify informative points as waypoints.
Just imagine that you are looking for an object, walking
down a long corridor, and encountering the scene shown
in Figure 1 (b). Would you be more inclined to halt at the
intersection, take a moment to observe your surroundings,
and then make a thoughtful decision after comparing the
adjacent areas? Therefore, this study puts insight into the
positive impact of making decisions at intersections in the
field of navigation, and develops a Reduced Voronoi Graph
(RVG) generation approach to distill intersection points and
viable pathways from the real-time built map. Utilizing
graph-structured RVG, we systematize the planning process
as navigation subtasks across graph nodes.

Another significant issue faced by existing navigation algo-
rithms is the integral representation of observed scenes for
subsequent planning. When presented with RGB images,
network-based approaches leverage semantic embeddings to
identify novel object categories and utilize recurrent policy
networks to directly predict optimal actions (Khandelwal
et al., 2022); Conversely, map-based methods mostly em-
ploy an open-set detector to segment RGB images, which,
in conjunction with depth data and pose information, are
utilized to construct a semantic map. By interpreting the
representation of the semantic map, the next subgoal point
is selected (Chaplot et al., 2020). Each method, however,
presents distinct limitations: network-based methods strug-
gle with low exploration efficiency and constrained planning
memory that is limited by implicit scene representation and
network size, whereas map-based methods only build maps

within the field of view of the depth camera, thus unable to
integrate information beyond the depth sensing range to plan
informed waypoints. To overcome these limitations, it is
essential for the agent to fuse the observations of both maps
and images, comprehensively understand both modalities,
and make appropriate decisions.

To provide a direct response, we adopt the large language
model (LLM) as a cognitive engine for spatial reasoning to
understand various scenes. The custom-designed prompts
are developed to effectively integrate observations of maps
and images, considering the preference of LLM. Previous
studies (Zhou et al., 2023; Yu et al., 2023b) have collected
objects around frontier points to depict the scenes of the ex-
ploration areas, and then employed LLMs to infer probable
locations of the target. While these foundational applica-
tions established a groundwork for guiding navigation with
LLM, we reimagine these principles by imitating human
exploratory behaviors. Specifically, human exploration typi-
cally involves scene description from two perspectives: the
egocentric view and the scenes along traversable paths. De-
scriptions that align analogously with human cognition en-
sure that the resulting prompts are closer to human corpora
(Beckner et al., 2009; Lai et al., 2018), and previous works
(Brown et al., 2020; Naveed et al., 2023) show that LLM
typically exhibits enhanced performance when dealing with
natural language problems similar to the corpora. Starting
from this standpoint, we formulate the prompt by generat-
ing descriptions of paths (scenes along traversable paths)
and farsight images (egocentric view), thereby promoting
LLM’s understanding of the observed scenes.

The ZSON task requires the agent to find the target at the
lowest path cost. The reasoning results of LLM can guide
the agent in predicting the probable locations of the target,
but struggle to handle the problem of exploration. So we
design a hierarchical reward mechanism that combines the
topological information of the map and the suggestions pro-
vided by LLM. This mechanism evaluates the exploration
significance, path efficiency, and commonsense tendencies
of each candidate waypoint on the RVG, thereby facilitating
more informed decision-making.

Our contributions can be summarized as follows:

• We introduce Voronoi-based scene graph generation for
ZSON, designed to select waypoints that provide a wealth
of observation data to facilitate subsequent planning pro-
cesses.

• We design an innovative prompting strategy of scene
representation that combines both path and farsight de-
scriptions to provide holistic scene descriptions for LLM
to analyze and evaluate.

• We propose a decision-making policy that necessitates
deliberation among exploration, path efficiency, and com-
monsense tendencies to yield rational actions.

2



VoroNav: Voronoi-based Zero-shot Object Navigation with Large Language Model

• We achieve state-of-the-art results on the ZSON task
and outperform benchmark methods on representative
datasets, i.e., HM3D (Ramakrishnan et al., 2021) and
HSSD (Khanna et al., 2023).

2. Related Work

2.1. Zero-shot Object Navigation

In contrast to conventional object navigation, ZSON aims
to locate objects of unfamiliar categories and attain high ex-
ploration ef�ciency. Image-based ZSON works (Majumdar
et al., 2022; Al-Halah et al., 2022; Gadre et al., 2023; Lian &
Zhang, 2024) directly map the egocentric images and target
object instructions to the embedding spaces and utilize a
trained policy network to predict subsequent actions in an
end-to-end manner. Such methods offer convenient porta-
bility and do not require explicitly designed frameworks
like hierarchical methods. However, their performance in
practice signi�cantly lags behind those of map-based naviga-
tion methods (Chaplot et al., 2020). In contrast, map-based
ZSON works typically adopt hierarchical structures that
explicitly maintain and link perception, planning, and con-
trol modules. These approaches are usually integrated with
zero-shot object detectors to identify target objects, making
informed decisions by leveraging prior knowledge of object
relationships (Chen et al., 2023b) or by employing large
language models (Zhou et al., 2023; Yu et al., 2023b; Shah
et al., 2023). However, these methods focus solely on the
environment around the frontier points, neglecting the in-
termediate process of robot navigation to the frontiers. Our
method records the scenes along the routes to unexplored ar-
eas, providing a more organized description of observations
for robot planning.

2.2. Scene Representation for Navigation

In the hierarchical framework of visual navigation, scene
representation is used to process the received observation
information into an explicit structure that can be directly uti-
lized by subsequent decision-making. Frontier-based works
(Ramakrishnan et al., 2022; Chen et al., 2023b; Gadre et al.,
2023; Gervet et al., 2023) embed semantic information of
the scene into frontier points to model the exploration bound-
ary's scene situation, achieving a trade-off between explo-
ration and semantic motivation. However, most of these
methods adopt a strategy of making decisions at �xed inter-
vals, resulting in mid-term decisions frequently occurring at
moments when the observation information gain is scarce.
Graph-based works predict waypoints directly from RGB-D
images (Krantz et al., 2020; 2021; An et al., 2023; Hong
et al., 2022; Chen et al., 2022) to represent the environment
as topological maps, integrating geographic and semantic
information into nodes for waypoint navigation. These way-
point prediction methods require collecting house structures

from similar scenarios as training sets, and the generated
waypoints often fall into obstacles (Yue et al., 2024), re-
sulting in navigation failure. In contrast, our method does
not require training and can explicitly predict waypoints,
thereby providing robust planning for navigation.

2.3. LLM Guided Navigation

LLMs have become a new way of prior-knowledge reason-
ing in navigation due to its powerful information processing
and generative capabilities. For example, Zhou et al. (2023)
use LLM to predict the degree of correlation with the target
object at the object level and the room level to infer the most
likely location of the target object. Yu et al. (2023b) gener-
ate clusters of unexplored areas by frontiers, and leverage
LLM to infer the correlation between the target object and
the objects within each cluster to navigate to the scene closer
to the target object. Gadre et al. (2023) adopt LLM to pro-
vide prior information at the object level to assist in target
object localization. Shah et al. (2023) feed chain-of-thought
(CoT) into LLM for navigation that encourages exploration
of areas with higher relevance while concurrently avoiding
moving to areas unrelated to the target object. Cai et al.
(2023) cluster panoramic images into scene nodes by LLM,
use CoT of LLM to determine exploration or exploitation,
select the image with the highest likelihood of �nding the
target object, and navigate accordingly based on the chosen
image. Yu et al. (2023a) apply the decision-making of LLM
for multi-robot collaborative navigation, and the LLM cen-
trally plans the mid-term goal for each robot by extracting
information such as obstacles, frontiers, object coordinates,
and robot states from online maps. In this paper, we present
a novel prompt generation technique by integrating path and
farsight descriptions to guide LLMs for zero-shot object
navigation, providing more holistic information for LLMs
to reason and make plans.

3. VoroNav Approach

This section �rst introduces the task de�nition of ZSON
(Section 3.1). Subsequently, the modules of the VoroNav
framework are introduced. As shown in Figure 2, VoroNav
constructs a semantic map in Semantic Mapping Module
(Section 3.2), then determines the mid-term goal in Global
Decision Module (Section 3.3), and �nally plans local mo-
tion and selects a discrete action in Local Policy Module
(Section 3.4).

3.1. Task De�nition of ZSON

Traditional supervised object navigation relies on the knowl-
edge or reward from the training data to predict the optimal
actionat and is limited to navigating to targets within a
closed set of known categoriesK. However, the ZSON
task requires neither purposeful training nor closely linked
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Figure 2.Components of VoroNav. VoroNav includes three modules. Perceptual inputs include RGB-D images and real-time pose,
while the output of the agent is “Action”. The RGB-D and pose observation are processed by the Semantic Mapping Module (light blue
module) to form a semantic map. The Global Decision Module (light yellow module) generates RVG, which is used to produce textual
descriptions of surrounding neighbor nodes and exploratory paths. This module then employs an LLM to assist in selecting the promising
neighbor node as a mid-term goal by inferring the fused prompt of scene descriptions. The Local Policy Module (light green module)
plans the low-level actions of the agent to reach the target point.

prior knowledge for navigation toward a novel set of object
typesN . Initially, the agent is placed at a designated start
point p0 and is given the categoryG 2 N of the target to
�nd. The agent's observation includes RGB-D imagesI t

and the real-time posept in the environmentE. An effec-
tive decision-making framework needs to be developed to
leverage these observed dataOt = f f p0 ; I 0g; : : : ; f pt ; I t gg
to understand and deduce the environment, aiming to predict
the likely position of the target object. The agent is required
to explore the environment according to its planning module
until it discovers the target, after which it should proceed to-
ward the target. Success is achieved when the agent reaches
a geodesic distance of less than0:1 meters from the tar-
get and executes a “Stop” command. Conversely, the task
is deemed failed if the agent either exceeds the maximum
step count without �nding the target or executes the “Stop”
action at a distance greater than0:1 meters from the target.

3.2. The Semantic Mapping Module

We maintain a 2D semantic mapM t by processing RGB-D
imagesf I 0; : : : ; I t g and posesf p0; : : : ; pt g. This seman-
tic map is structured as a(K + 2) � M � M grid, where
M denotes the dimensions of the map's width and height,
and(K + 2) indicates the total number of channels within
the map. These channels compriseK categorical maps, an
obstacle map, and an explored map, which correspond to de-
tected object regions, obstacle regions, and observed regions,
respectively. Given the depth image and the agent's pose,
3D point clouds are generated. All point clouds near the

�oor are assigned to the explored map representing the feasi-
ble area to travel through, whereas those at other heights are
mapped into the obstacle map. Meanwhile, we predict the
category masks of the RGB image by Grounded-SAM (Liu
et al., 2023; Kirillov et al., 2023) and map the masks into
3D semantic point clouds using the depth information and
the agent's pose. The 3D point clouds withK categorical
information are correspondingly mapped toK categorical
map channels.

3.3. The Global Decision Module

Graph Extraction. The Generalized Voronoi Diagram
(GVD) of a map depicts a set of points that are equidistant
from the two closest obstacle points, representing the medial-
axis pathway of unoccupied space outside the obstacles
of arbitrary shape (Choset & Burdick, 1995; Lau et al.,
2013). LetX 2 R2 be the map space and
 denote the area
occupied by obstacles on the map. The point setV of GVD
can be represented as follows:

V = f x 2 X n 
 j9! i 6= ! j 2 
 ; d(x; ! i ) = d(x; ! j ) = f (x)g
(1)

where! ( �) represents any point within the obstacles
 , the
functiond(�; �) denotes the Euclidean distance between two
points, whilef (�) signi�es the positiveEuclidean Signed
Distance Field(ESDF), which is de�ned as follows:

f (x) = inf
y2 @


d(x; y) (2)

where@
 indicates the boundary of the obstacles.

Given the obstacle and explored maps, we can obtain the
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