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Room 3 has a refrigerator, suggesting it is probably a 
kitchen or break area where bins are commonly found. 
Thus, exploring Room 3 is the most logical next step.

I will assess objects in unexplored rooms to 
estimate the likelihood of a garbage bin. ... The agent is in Room 0 now, which is almost fully explored 

with no refrigerator found. To continue search, next room 
must be selected from the unexplored rooms. Room 1 contains a 
viewpoint with frontiers, indicating unexplored areas remain.

Fig. 1: STRIVE can conduct zero-shot object navigation in diverse and complex real-world environments by leveraging our
novel multi-layer representation and efficient two-stage navigation policy.

Abstract— Vision-Language Models (VLMs) have been in-
creasingly integrated into object navigation tasks for their rich
prior knowledge and strong reasoning abilities. However, apply-
ing VLMs to navigation presents two key challenges: effectively
parsing and structuring complex environment information and
determining when and how to query VLMs. Insufficient environ-
ment understanding and over-reliance on VLMs (e.g. querying
at every step) can easily lead to unnecessary backtracking
and reduced navigation efficiency, especially in large contin-
uous environments. To address these challenges, we propose a
novel framework that incrementally constructs a multi-layer
environment representation consisting of viewpoints, object
nodes, and room nodes during navigation. Viewpoints and
object nodes facilitate intra-room exploration and accurate
target localization, while room nodes support efficient inter-
room planning. Building on this structured representation,
we propose a novel two-stage navigation policy, integrating
high-level planning guided by VLM reasoning with low-level
VLM-assisted exploration to efficiently and reliably locate a
goal object. We evaluated our approach on three simulated
benchmarks (HM3D v1&v2, RoboTHOR, and MP3D), and
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achieved state-of-the-art performance on both the success rate
(SR% ↑ 13.1% ) and navigation efficiency (SPL% ↑ 6.2% ).
We further validate our method on a real robot platform,
demonstrating strong robustness across 120 episodes in 10
different indoor environments. Project page is available at
https://zwandering.github.io/STRIVE.github.io/.

I. INTRODUCTION

Object navigation is a fundamental task in robotics, where
an agent must locate an instance of a given object category in
unknown environments. This task is particularly challenging,
as it requires the agent to understand complex visual informa-
tion, reason about spatial relationships, and make decisions
based on both current and past observations.

Advances in Vision-Language Models (VLMs) [1], [2], [3]
have demonstrated strong capabilities in contextual visual un-
derstanding and common-sense reasoning. Building on this,
recent works [4], [5], [6], [7], [8] have integrated VLMs into
object navigation tasks, utilizing their rich prior knowledge,
visual understanding, and commonsense reasoning abilities
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to guide navigation. However, existing approaches often
face two significant challenges: First, the input to VLMs
typically lacks a structured representation of the environ-
ment and is often restricted to local observations. Without
a coherent global view that integrates both current and
previous observations, VLMs struggle to reason effectively
about the environment and fail to make reasonable navigation
decisions. Second, existing methods [6], [8] typically rely
on VLMs to select among all frontier viewpoints at each
step, without utilizing navigation progress or environment
layouts to effectively guide VLMs’ reasoning process. Be-
sides, due to VLMs’ limited understanding of 3D spatial
information [9], [10], [11], they cannot jointly reason about
the spatial relationships and the navigation history when
evaluating each viewpoint. As a result, their evaluation of
viewpoints is largely based on viewpoints’ local semantic
information, which often leads to redundant navigation be-
haviors such as backtracking or repeated exploration.

To address these challenges, we propose STRIVE
(STructured Representation Integrating VLM Reasoning for
Efficient Object Navigation), a novel framework that incre-
mentally learns a structured representation of the environ-
ment and utilizes VLMs’ reasoning abilities to guide the nav-
igation. This representation consists of 3 layers: object nodes,
viewpoint nodes, and room nodes. Object nodes represent all
observed objects, provide rich semantic information about
the environment and assist in target localization; Viewpoint
nodes discretize the environment into a set of key locations,
facilitating structured and efficient intra-room exploration;
Room nodes further segment the environment into distinct
rooms and facilitate room-level reasoning by the VLM. This
multi-layer representation enables a more comprehensive
understanding of the environment, allowing VLM to better
utilize their reasoning abilities for more effective decision-
making. Furthermore, we design an efficient two-stage nav-
igation policy based on this representation, combining high-
level planning guided by the VLM’s reasoning and VLM-
assisted low-level exploration. Specifically, for the high-level
planning, instead of making step-by-step decisions among all
viewpoint nodes, the VLM selects the next room to explore
based on the spatial layout and semantic information of each
room. For low-level exploration within rooms, we employ a
traditional frontier-based algorithm for efficient exploration,
while leveraging the VLM to decide whether continued
exploration of the current room is necessary . Making high-
level planning on rooms effectively mitigates the issue of
VLMs’ insufficient 3D spatial understanding and prevents
redundant actions, thereby enhancing navigation efficiency.

We evaluate our method on four widely-used sim-
ulated benchmarks: HM3D-v1 [12], HM3D-v2 [13],
RoboTHOR [14], and MP3D [15]. STRIVE achieves state-
of-the-art (SOTA) results, significantly outperforming 12
existing methods in both Success Rate (SR) and navigation
efficiency, measured by Success weighted by Path Length
(SPL). This highlights the effectiveness of our proposed
multi-layer representation and the VLM-guided reasoning
policy in improving object navigation. Specifically, STRIVE

achieves 62.9% SR and 34.2% SPL on HM3D-v1, 79.6%
SR and 38.7% SPL on HM3d-v2, 68.1% SR and 36.3%
SPL on RoboTHOR, and 52.3% SR and 23.1% SPL on
MP3D. Besides, we also conduct 15 real-world experiments
across 10 different indoor environments on a Mecanum
wheel platform [16], demonstrating the effectiveness and
robustness of our method in real-world scenarios.

II. RELATED WORKS

Object Navigation. Existing object navigation methods are
typically categorized into end-to-end learning approaches
and modular approaches. End-to-end methods [17], [18],
[19], [20], [21], [22], [23] use reinforcement learning to
directly map observations to actions, but often suffer from
low sample efficiency and poor generalization. In contrast,
modular methods [24], [25], [26], [27], [28], [24], [4], [29]
decompose navigation into steps such as mapping, planning,
and action execution, and often build semantic maps in
bird’s-eye view or 3D space to facilitate more interpretable
and scalable navigation behavior. With the emergence of
foundation models [1], object navigation has advanced to-
wards zero-shot, open-vocabulary setting [27], [28], [30],
[4], [29]. We also leverage VLM’s reasoning abilities to
improve zero-shot object navigation. but we employ a novel
representation and a two-stage policy, enabling more efficient
and effective VLM guidance.
VLM-guided Navigation. With internet-scale training data,
Vision-Language Models (VLMs) [31], [1], [2], [3] have
shown strong commen-sense reasoning abilities and have
been widely applied in Object Navigation tasks to guide
the decision-making process. For example, InstructNav [5]
leverages multi-sourced value maps to model key naviga-
tion elements. SG-Nav [4] constructs 3D scene graphs and
prompts LLMs with structural relationships, while DORAE-
MON [29] combines RAG-VLM for understanding ontolog-
ical tasks and Policy-VLM for enhanced policy planning
However, due to VLMs’ limited 3D spatial understanding
ability [9], [10], [11], over-reliance on VLMs for navigation
can lead to inefficient behavior, such as frequent backtrack-
ing. To address this, we propose a two-stage navigation
policy that combines VLM-guided high-level planning with
VLM-assisted frontier-based low-level exploration strategies,
leveraging the reasoning strength of VLMs while ensuring
efficient and robust navigation behavior.
Scene Representation for Indoor Navigation. Scene rep-
resentation is crucial for transforming raw observations into
structured information for decision-making in navigation
tasks. Frontier-based methods [25], [32], [33], [34] record
frontiers on a grid map and integrate semantic informa-
tion to guide exploration. In contrast, graph-based methods
represent the environment as structured scene graphs to
support navigation. Prior works [4], [8] use scene graphs
to summarize semantic information and let VLMs to select
among frontier locations. Others [35], [6] explicitly construct
viewpoints in the scene graph, enabling VLMs to reason
over the graph and choose among viewpoints to guide
navigation. Unlike traditional scene graphs [36], [6], where



Fig. 2: Overview of STRIVE. We construct a multi-layer representationR (Sec. III-A) on-the-�y, consisting of object,
viewpoint, and room nodes, which serves as a structured input for VLM. Based onR, we introduce a two-stage navigation
policy, where the VLM reasons and plans at room-level (Sec. III-B.2), while the agent explores in room at the viewpoint-level
using a VLM-assisted frontier-based navigation strategy (Sec. III-B.1) and VLM-based target veri�cation (Sec. III-B.3).

viewpoints are typically derived from Voronoi partitions,
we discretize the environment into semantically meaningful
regions to select viewpoint nodes. As the middle layer,
these viewpoints bridge the spatial structure (room nodes)
and semantic content (object nodes), forming a structured
representation facilitating VLM reasoning.

III. M ETHOD

Task De�nition: In Object Navigation, the agent is
required to �nd an instance of a given object category
(e.g. Find the bed.) in an unknown environment. At
each time stept, the agent receives a posed RGB-D
observationO t = f I t ; D t ; Pt = hp t ; R t ig , whereI t is the
RGB image,D t is the depth map, andPt is the camera
pose. The navigation policy then predicts an actionat 2
f move forward, turn left, turn right, stop g.
The task is considered successful if the agent stops within
ds meters of the target object in less thanT steps.

Overview: Fig. 2 provides an overview ofSTRIVE.
STRIVE enables the VLM to reason at the room level while
guiding the agent's in-room exploration at the viewpoint
level. We describe the representation construction in Sec. III-
A and the two-stage navigation policy in Sec. III-B.

A. Multi-layer Environment Representation

We propose a framework that models the environment
using a three-layer graph representationR, where each
layer corresponds to a speci�c type of node: object nodes
V obj = f vobj

i g, viewpoint nodesV vp = f vvp
i g, and room

nodesV room = f vroom
i g. Edges encode spatial and seman-

tic relationships across nodes. We elaborate on the graph
construction process in following sections.

1) Viewpoint Nodes
Inspired by [37], we construct a skeleton graph to dis-

cretize the environment. The graph is incrementally built

Fig. 3: Visualization of the viewpoint selection algorithm.
Greenandyellow nodes are the selected viewpoints.

as the agent navigates—each time the agent reaches a new
viewpoint, it updates the graph. We de�ne a coverage range
� cover as the maximum distance within which objects are
assumed to be reliably detected. Each viewpoint node thus
controls a circular region of radius� cover . Edges between
viewpoint nodes indicate direct traversability. The maximum
sensor range� max denotes the effective measurable distance
of the depth camera.

Node: For ef�cient exploration, the goal is to control the
entire area exhaustively with the minimal number of view-
point nodes. New viewpoint nodes are preferably selected at
locations that maximize the visibility of frontiers. To select
the future viewpoint nodes, we begin by taking the input of
agent's positionp, coverage range� cover , and observed point
cloud. First, we exclude the region controlled by the current
viewpoint node, thereby dividing the remaining point cloud
into separate regions, which fall into two categories: regions
with or without frontiers.



Fig. 4: Visualization of the structured prompt and the VLM's reasoning process of selecting the next best room.

Regions with frontiers:Inspired by [38], we use frontiers
to guide viewpoint selection. The detected frontiers are clus-
tered into frontier edge segments, each representing a candi-
date boundary for exploration. The segments are organized
into a graphGf rontier (green dashed lines), where nodes
denote segments and edges denote mutual visibility. Then the
Maximum Cliqueis iteratively removed fromGf rontier . For
each removed clique, its center is added as a new viewpoint
nodevvp

i (green nodein Fig. 3) to our representationR. This
new node serves as the exploration anchor for all frontier
segments within the clique.

Regions without frontiers:For these regions, the center of
the region is directly added as a new viewpoint nodevvp

i
(yellow nodesin Fig. 3) to our representationR.

Edges betweenV vp : We evaluate straight-line traversabil-
ity between each pair of viewpoint nodes. An edge is added
if the direct line between two nodes is free of obstacles.

2) Object Nodes
We leverage open-vocabulary detection and segmentation

methods [39], [40] to obtain segmented 3D object instances.
Speci�cally, given the observations at time stept, we recon-
struct the 3D point cloud of each detected object using the
predicted masks, depth mapD t and camera posePt . For each
object, we instantiate an object node at its center, recording
attributes such as 3D position, point cloud, predicted label,
con�dence score and 3D bounding box. Newly instantiated
nodes are merged with previously observed nodes if they
correspond to the same physical object.

Edges betweenV vp and V obj : An edge is added between
vvp

i and vobj
j if vobj

j is within the cover range� cover of
vvp

i and is visible fromvvp
i . An object can be associated

with multiple viewpoints. If an object isn't connected to any
viewpoint, we connect it to the closest visible viewpoint.

3) Room Nodes
Following [41], [36], we identify all walls in the environ-

ment and iteratively dilate them to segment the environment
into connected components. Then each connected component

is added as a room nodevroom
i to our representationR.

Finally, edges are added between each room node and the
viewpoint nodes located within the corresponding room.

Alg 1: Viewpoint Construction Process

Require: Positionp, Point CloudP
Output: Updated Viewpoint NodesVvp

1: Calculate controlled regionPc

2: P̂  P � Pc

3: RegionsR  Cluster (P̂ )
4: for regionr i in R do
5: if r i has no frontiersthen
6: vvp  Center (r i ), Add newvvp to Vvp

7: else
8: CF

i  FindFrontierCliques (r i )
9: for cF

i;j in CF
i do

10: vvp  Center (cF
i;j ), Add newvvp to Vvp

11: end for
12: end if
13: end for

B. Object Navigation Policy

In this section, we present our ef�cient two-stage naviga-
tion policy, where the VLM performs high-level reasoning
and planning at the room level, while the agent conducts
�ne-grained exploration within each room at the viewpoint
level, guided by a VLM-assisted frontier-based strategy and
VLM-based target veri�cation.

1) Explore in Room with Early Stop
For ef�cient low-level exploration within rooms, we in-

troduce VLM-assisted early stop, combining VLM with
traditional frontier-based algorithm. We �rst classify frontiers
into two types:True Frontiers, which lie along room bound-
aries indicating incomplete exploration, andInner Frontiers,
resulting from objects' occlusions. The agent iteratively
navigates to the nearest viewpoint withTrue Frontiersand
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