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Abstract— Object Navigation (ObjectNav) has made great
progress with large language models (LLMs), but still faces
challenges in memory management, especially in long-horizon
tasks and dynamic scenes. To address this, we propose TopoNav,
a new framework that leverages topological structures as spatial
memory. By building and updating a topological graph that
captures scene connections, adjacency, and semantic meaning,
TopoNav helps agents accumulate spatial knowledge over time,
retrieve key information, and reason effectively toward distant
goals. Our experiments show that TopoNav achieves state-of-
the-art performance on benchmark ObjectNav datasets, with
higher success rates and more efficient paths. It particularly
excels in diverse and complex environments, as it connects
temporary visual inputs with lasting spatial understanding.

Index Terms— object navigation, vision language model,
topological memory graph, spatial reasoning, point cloud

I. INTRODUCTION

ObjectNav is a pivotal task in embodied AI and robotic
interaction, requiring seamless integration of visual percep-
tion, natural language understanding, and spatial reasoning
to enable agents to navigate in unknown environment to find
specifed target object. In recent years, we have witnessed
remarkable advancements in ObjectNav, largely driven by the
rapid evolution of LLMs, which have significantly enhanced
capabilities in instruction parsing, cross-modal alignment,
and context-aware reasoning. State-of-the-art frameworks
leveraging pre-trained LLMs and vision-language encoders
have achieved impressive results in simple or constrained
scenarios, underscoring ObjectNav’s potential as a corner-
stone for intelligent agent-environment interaction.

Despite these progresses, we observe that current Ob-
jectNav methods still face critical bottlenecks, particularly
in complex, dynamic, or large-scale environments. A key
limitation lies in the lack of robust spatial memory mech-
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Fig. 1: Our memorization technique allows backtracking to
key nodes when exploration directions are suboptimal, en-
hancing navigation efficiency via historical trajectory recall.

anisms: most approaches rely heavily on ephemeral visual
observations, struggling to accumulate and retain long-term
structural knowledge of environments. This deficiency leads
to fragmented memory of environmental structures, often re-
sulting in goal confusion, redundant paths, or even complete
navigation failure during long-horizon tasks—hindering the
generalization of navigation systems to real-world, uncon-
strained scenarios.

Our key insight is that topological structures inherently op-
erate as a form of compact and durable spatial memory. Un-
like pixel-level visual details being transient and data-heavy,
topological information captures the essence of environmen-
tal structure in a stable, decision-supporting format. Such
properties make topology uniquely suited to address naviga-
tion’s memory deficits. Although topological maps have long
been used in traditional robotic navigation, their potential
as dynamic memory carriers in ObjectNav—especially in
conjunction with language-driven spatial reasoning—remains
largely untapped, creating a critical research gap.

To address this gap, we introduce TopoNav, a novel frame-
work that constructs and maintains a dynamic topological
memory graph as the core of its navigation system. To-

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 16560



1
1

3

4

5
found chair !

Se
m

an
tic

 F
irs

t 
Vi

ew
Th

ird
 P

er
so

n 
Vi

ew
Po

in
t C

lo
ul

d 
M

ap
 &

 
To

po
lo

ci
al

 M
ap

node explore trajectory backtrack trajectory goal reaching trajectory

2

1

3

2

4

1

3

2

chair

Fig. 2: Real Robot Experiment Demonstration: When prolonged hallway exploration is detected, the robot backtracks to
a node associated with a room and then starts a procedure inside the room to search for chairs.

poNav’s key innovation is modeling environmental topology
as actionable spatial memory: critical regions (nodes) and
their connectivity (edges) are encoded in a graph structure
that evolves in real time as the agent navigates. We design
this topological memory graph to be tightly integrated with
LLM-based instruction parsing and visual perception mod-
ules, enabling the agent to accumulate, update, and retrieve
spatial knowledge dynamically—thus supporting coherent
reasoning about long-range navigation goals and correcting
deviations from optimal paths. Our main contributions are
threefold and summarized below:
1) We establish the theoretical connection between topolog-

ical structures and spatial memory in ObjectNav, propos-
ing a novel paradigm for enhancing navigation robustness.

2) We introduce TopoNav, a novel framework that imple-
ments dynamic topological memory graphs to bridge tran-
sient visual inputs and persistent spatial understanding.

3) We demonstrate that TopoNav achieves state-of-the-art
performance on benchmark ObjectNav datasets, outper-
forming existing methods in success rate and path ef-
ficiency, with its performance further validated through
extensive real-world experiments.

II. RELATED WORK

A. Object Navigation

Existing approaches to object navigation can be broadly
categorized into two paradigms: the first relies on learning-
based methods, including reinforcement learning [1], [2],
imitation learning [3], [4], and predictive models generating
bird’s-eye view maps [5], [6], [7], [8]. Although the second
employs zero-shot methods that leverage open-vocabulary

scene understanding, eliminating the need for task-specific
training—these zero-shot approaches are further divided into
image-based methods projecting target objects into visual
embedding spaces for matching [9], [10], and map-based
methods utilizing frontier-based exploration combined with
LLMs for semantic reasoning and decision-making [11],
[12], [13], [14], [15], [16]. However, current approaches lack
explicit spatial memory mechanisms, leading to fragmented
reasoning in complex scenarios. These limitations highlight
the need for architectures that integrate LLMs with enduring
spatial representations, such as topological memory graphs,
to support coherent long-term planning.

B. Memory Mechanisms in Navigation
To address the memory limitations of LLM-based Vi-
sion Language Navigation (VLN), recent research has ex-
plored hierarchical memory systems and continual learning
paradigms. The Dual Memory Networks propose a hybrid
architecture combining static memory and dynamic memory
[17]. This approach mitigates catastrophic forgetting but
remains constrained by predefined memory structures, failing
to encode dynamic spatial relationships.

In the realm of continual learning, the CVLN paradigm
introduces a sequential training framework for VLN agents,
enabling them to adapt to new environments while retain-
ing knowledge of previously learned scenes [18]. However,
CVLN focuses on incremental task adaptation rather than
structural memory consolidation, making it ill-suited for
environments requiring persistent topological understand-
ing. Meanwhile, Mem4Nav presents a hierarchical spatial-
cognition system that fuses sparse octrees with semantic
topology graphs, achieving gains in task completion rates
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on large-scale urban datasets [19]. This work underscores
the importance of multiscale memory encoding but relies
on predefined topological priors, limiting its applicability to
unseen environments. A critical gap persists in current mem-
ory mechanisms: most methods store data-level observations
rather than structure-level relationships. TopoNav addresses
this by modeling topology as actionable spatial memory,
dynamically updating graph nodes and edges to reflect real-
time environmental changes [20].

C. Topological Structures for Spatial Navigation

Topological maps have gained renewed attention in VLN,
particularly for encoding environmental connectivity and
long-term spatial relationships. The ETPNav framework in-
troduces an online topological planning system that self-
organizes waypoints into dynamic graphs [21]. However,
ETPNav’s topological maps are constructed based on pre-
computed waypoint graphs, lacking real-time adaptability to
unseen environmental changes [21]. Similarly, Revind com-
bines offline reinforcement learning with topological graphs
to enable long-horizon navigation in real-world scenarios
[22], but its reliance on predefined graph structures limits
generalization to novel environments.

Recent studies have also explored GNN-based topological
reasoning to enhance spatial understanding. For example,
Su et al. analyze the topology awareness of GNNs and
demonstrate their ability to preserve structural information
in graph representations [23]. However, these methods pri-
marily focus on node classification tasks and have not been
adapted for VLN’s multimodal reasoning requirements. In
contrast, TopoNav integrates topological graphs with LLM-
driven instruction parsing, enabling semantic-aware topolog-
ical updates that dynamically align with linguistic cues [20].

Crucially, TopoNav distinguishes itself from other frame-
works by treating topological structures as evolving memory
carriers rather than static maps. Unlike prior work that uses
topology for coarse path planning [21], [22], TopoNav’s dy-
namic topological memory graph continuously refines spatial
knowledge through visual-linguistic interactions, supporting
adaptive deviation correction and long-range goal reasoning
in real time [20].

III. METHODOLOGY

A. Problem Formulation

The ObjectNav task [24] requires autonomous agents to
locate and approach predefined target object categories in
previously unexplored environments. Formally, given a set of
target object categories T = {T1, T2, . . . , TN} (e.g., “chair”,
“bed”, etc,.), an episode initiates by instantiating an agent
at a randomized starting pose within an unseen scene S.
The agent is assigned a specific target category Ti ∈ T
as its navigation objective. At each discrete timestep t, the
agent perceives an observation tuple Ot = (Vt, Pt), where
Vt represents egocentric visual inputs comprising RGB and
depth images, while Pt denotes the agent’s proprioceptive
pose information (position and orientation). Based on the

sensory inputs, the agent must navigate to a specified object
Ti in the unknown environment S.

B. Overview

Figure 3 shows our framework. At each timestep, the system
receives an RGB-D image Vt and agent pose Pt. We build a
semantic point cloud map as in Section III-C and maintain
a text-based topological memory map as in Section III-D.
A fused policy then combines both maps with Vision Lan-
guage Model (VLM) guidance to select waypoint candidates,
following the strategy in Section III-E.

C. Semantic Point Cloud Map Construction

The mapping module constructs a point-cloud representation
using visual observations Vt and pose information Pt from
Section III-A. It contains five components: a scene point
cloudMscene, a semantically segregated object point clouds
Mobj , a filtered navigable point cloud Mnav , an obstacle
point cloudMobs, and a frontier point cloudMfro. The map
is updated incrementally to preserve geometric and semantic
consistency across observations.

At each timestep t, the system processes RGB images It ∈
RH×W×3 and depth maps Dt ∈ RH×W from the observation
Vt. The agent’s pose Pt = (pt,qt) provides position pt ∈
R3 and orientation qt (represented as quaternion). Using the
known camera intrinsics matrix K ∈ R3×3, each valid depth
pixel (u, v) with depth value d = Dt(u, v) is transformed to
camera coordinates:

xc =

xc

yc
zc

 = d ·K−1

uv
1

 . (1)

The corresponding RGB value c = It(u, v) is associated
with each generated 3D point. These camera-space points xc

are then transformed to the global coordinate frame via rigid
body transformation:

xw = R(qt)xc + pt, (2)

where R(qt) ∈ R3×3 is the rotation matrix derived from
the orientation quaternion qt.

The scene point cloud Mscene aggregates all observed
points xw with their associated color attributes c. To reduce
measurement noise, a voxel downsampling operation is ap-
plied after incorporating new points:

Mscene ← VoxelDownsample
(
Mscene ∪ {x(i)

w }, rpcd
)
,

where rpcd specifies the voxel grid resolution. This operation
replaces points within each cubic voxel of size rpcd with their
centroid, ensuring uniform point density while preserving
geometric features.

Semantic segmentation is applied to the RGB image
It to identify regions corresponding to interesting object
categories in T . The resulting object masks Mobj select
depth pixels belonging to recognized objects. For each object
class c ∈ T , the corresponding points in the depth map
Dt are projected and transformed using the same process
outlined in Equations 1 and 2. These class-specific points
are accumulated in separate object point clouds:
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Fig. 3: Framework Overview. Our approach builds a semantic point cloud map alongside a topological memory map
during navigation. A prompt manager integrates current observations with these representations, while an affordance-driven
waypoint selection strategy dynamically balances exploration and target acquisition

M(c)
obj ← VoxelDownsample

(
M(c)

obj ∪ {x
(c,j)
w }, rpcd

)
,

where x
(c,j)
w denotes the j-th point belonging to object class

c. These class-specific representations enable efficient spatial
querying of potential target objects Ti during navigation.

The navigable point cloud Mnav is constructed through
a sequential geometric and semantic refinement process
to identify traversable regions. Initial candidate points are
extracted based on height constraints relative to the estimated
floor level, formalized as:
Mnav = {xw ∈Mscene : zfloor − δ ≤ zw ≤ zfloor + δ},

where zfloor represents the ground plane elevation, and δ
accommodates floor irregularities. This geometrically filtered
set is then augmented with semantically navigable structures:
Points belonging to object classes in Cnav ⊂ T (such as
stairs) are incorporated regardless of height, yielding:

Mnav ←Mnav ∪

( ⋃
c∈Cnav

M(c)
obj

)
.

To ensure spatial connectivity in sparse observation con-
ditions, linear interpolation bridges gaps between the agent’s
standing position pstand = [xt, yt, zfloor] and observed nav-
igable points. For each xi ∈ Mnav with ∥xi − pstand∥2 >
∆step, intermediate points are generated:

pk = pstand +
k ·∆step

∥xi − pstand∥2
(xi − pstand)

for k = 1, 2, . . . , ⌊∥xi − pstand∥2/∆step⌋,

retaining only those within the navigable height band
|zk − zfloor| < δ. This interpolation establishes continuous
traversable surfaces even with partial observations. We then
downsample to uniform resolution:

Mnav ← VoxelDownSample(Mnav, rpcd).

The obstacle point cloudMobs is constructed by selecting
all points located above the floor elevation. Formally:

Mobs = {xw ∈Mscene : zw > zfloor + δ} .
The frontier point cloudMfro identifies boundary regions

between explored navigable areas and unknown space. This
representation is constructed through geometric analysis of
the navigable and obstacle point clouds within a discretized
2D grid with width Nx and height Ny , where

Nx =

⌈
xmax − xmin

rg

⌉
, Ny =

⌈
ymax − ymin

rg

⌉
.

Each grid cell G(i, j) is populated by projecting points from
Mnav and Mobs:

G(i, j) =


1 if ∃p ∈Mnav : ϕ(p) = (i, j)

−1 if ∃p ∈Mobs : ϕ(p) = (i, j)

0 otherwise,

where ϕ(p) =
(⌊

px−xmin

rg

⌋
,
⌊
py−ymin

rg

⌋)
with rg represents

the grid resolution.
Then we select frontier candidates points Fcandidate using

[25]. Finally, we project 2D grid to 3D at floor height with
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xfro =

ik · rg + xmin

jk · rg + ymin

zfloor

 ∀(ik, jk) ∈ Fcandidate.

The resulting point cloudMfro provides target locations for
exploration while maintaining safe clearance from obstacles.

D. Topological Memory Map Construction

Complementing the geometric representation defined in Sec-
tion III-C, we maintain a hierarchical topological map
Mtopo = {Nk}Kk=1 as shown in Fig. 4. This abstraction
transforms continuous environmental geometry into seman-
tically meaningful nodes, enabling high-level reasoning es-
sential for long-horizon navigation tasks. Each topological
node Nk = ⟨idk,nk,Ok, Rk, fk⟩ contains five navigation-
critical attributes:

1

2

5

4 3
Merge

<Node2>
RoomType: 
Kitchen
Objects: door
Frontiers: 4

<Node1>
RoomType: 
Kitchen
Objects: stove, 
table, drawer
Frontiers: 14

<Node4>
RoomType: 
Bedroom
Objects: bed, 
chair, lamp, 
photo_frame.
Frontiers: 0 <Node3>

RoomType: 
Living Room
Objects: table...
Frontiers: 27

Fig. 4: The text-based topological map enables VLMs to
perform high-level reasoning and memory-based decisions.

1. Node ID: a unique ID idk to distinguish nodes.
2. Position: nk = (xk, yk) in world coordinates (z-

coordinate omitted as topological reasoning operates pri-
marily in 2D space).

3. Surrounding object classes: Ok ⊂ T identified within a
rtopo radius of nk. This semantic context informs object
search strategies during target-driven navigation.

4. Room type: Rk derived from VLM analysis of panoramic
RGB observations V panorama

t . This high-level semantic
classification enables room-aware navigation policies.

5. Frontier count: fk = |Fnk
| where Fnk

= {xw ∈Mfro :
∥xw − nk∥2 < rtopo}.

The topological map initializes at episode start with N1 at
the agent’s starting position p0. New nodes are incrementally
created when the agent arrive a new waypoint (determined
by the strategy in Section III-E).

Node creation involves:

Nnew = ⟨idk,pk,Ok, Rk, fk⟩
where:

Ok =
{
c ∈ T : ∃xw ∈M(c)

obj s.t. ∥xw − nk∥2 < rtopo

}
Rk = ΨVLM(V panorama

t )

fk = |{xw ∈Mfro : ∥xw − nk∥2 < rtopo}|

with ΨVLM classifying room types (e.g., ”kitchen”, ”bed-
room”) from panoramic imagery.

Node merging occurs when spatial proximity and
traversability conditions are satisfied, preventing redundant
representation of connected spaces:

∥ni − nj∥2 < dmerge∧
∄xw ∈Mobs ∩ (xw ∈ L(ni,nj)) ,

where L(ni,nj) denotes the straight-line path between
nodes, and dmerge represent merge distance. Merged nodes
retain the earliest node ID and room type R for temporal
consistency, with updated attributes:

n′ =
ni + nj

2

O′
t =

{
c ∈ T : ∃xw ∈M(c)

obj s.t. ∥xw − n′∥2 < rtopo

}
f ′
k = |{xw ∈Mfro : ∥xw − n∥2 < rtopo}|.

The merged node position is the centroid of the two merging
nodes, with surrounding objects O′ and frontier count f ′

recomputed from Mobj and Mfro respectively.
The topological map critically enhances navigation

through three integrated capabilities: Semantic Goal Prior-
itization leverages room-object correlations to guide target
search (e.g., locating beds in bedrooms by aligning Ti with
Rk); Exploration Optimization directs agents toward frontier-
rich nodes to minimize redundant coverage; and History-
Aware Planning utilizes the navigation history sequence
H = (N1 → N2 → · · · ) to avoid recent revisits while
permitting strategic returns to key nodes like hallways.

This hierarchical representation serves as a cognitive map
bridging perception and action, enabling: efficient long-
horizon planning, context-aware navigation through room-
object associations, adaptive exploration based on frontier
distributions, and memory-efficient environment modeling.

E. Waypoint Selection Strategy

The waypoint selection strategy integrates VLM guidance
to determine optimal navigation targets. The VLM pro-
cesses multimodal inputs including: 1) Target object category
Ttarget, 2) Textual topological memory map representation
Mtopo, 3) Navigation history H, and 4) Current panoramic
observation V panorama

t . Based on these inputs, the VLM
outputs three critical navigation parameters: 1) Next topo-
logical node ID k′, 2) Preferred direction dvlm within the
panoramic view V panorama

t , and 3) Binary target object
detection indicator gfound ∈ {0, 1}.

The VLM helps waypoint selection through an affordance-
based framework operating over the navigable point cloud
Mnav . For each candidate point pi

nav ∈ Mnav , we com-
pute a composite affordance value A(pi

nav) that integrates
multiple navigation objectives. The strategy operates in two
distinct phases based on target detection status.

The navigation affordances are computed using a unified
framework. For any point pi ∈Mnav and target point cloud
S, we define:
dSi = min

q∈S
∥pi − q∥2, dSmin = min

i
dSi , dSmax = max

i
dSi .

The normalized affordance is:

N(dSi ) = 1− dSi − dSmin

dSmax − dSmin + ϵ
.
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This normalization ensures that the affordance values range
from 0 and 1, where higher values indicate more favorable
positions.

1) Exploration Phase
When gfound = 0 (target not visually confirmed by VLM)
and Ttarget /∈ O (target object not in detected object list),
the agent enters exploration mode. This phase employs four
complementary affordance components to guide efficient
exploration:

VLM Direction Affordance (Adir): Incorporates the VLM’s
directional guidance by attracting the agent toward points
aligned with the preferred direction:

Adir(p
i
nav) = N

(
dSdir
i

)
,

where Sdir is the point set along the VLM-selected direction
dvlm in the panoramic view. This component leverages the
VLM’s visual reasoning capability to identify promising
directions that potentially lead to the target object.

Node Affordance (Anode): Focuses exploration around
frontiers near the VLM-selected topological node:

Anode(p
i
nav) = N

(
dSnode
i

)
,

with Snode representing frontier points associated with the
VLM-selected node Nk′ . This affordance utilizes the VLM’s
topological reasoning ability to prioritize high-potential areas
while avoiding repeated visits to the same regions.

Frontier Affordance (Afront): Encourages comprehensive
exploration of unmapped regions:

Afront(p
i
nav) = N

(
d
Mfro

i

)
.

This component provides broad exploration pressure com-
plementary to the more targeted VLM guidance.

History Avoidance Affordance (Ahist): Prevents redundant
revisits to recently explored areas:

Ahist(p
i
nav) = 1−N

(
dShist
i

)
,

where Shist contains trajectory history points. This mecha-
nism promotes efficient exploration by encouraging novelty-
seeking behavior.

2) Target Acquisition Phase
When gfound = 1 and target objects are confirmed by the de-
tection model (Ttarget ∈ O), the strategy transitions to target
approach mode. This phase employs two key affordances:

VLM Direction Affordance (Adir): Maintains continuity
with exploration by retaining the VLM’s directional guid-
ance, ensuring consistent navigation toward the target area.

Semantic Proximity Affordance (Asem): Directs the agent
toward visually confirmed target instances:

Asem(pi
nav) = N

(
dSsem
i

)
,

where Ssem is the set of points classified as the target object
Ttarget in Mobj . This affordance enables precise approach
to identified targets.

3) Safety Integration and Waypoint Selection
The composite affordance combines phase-specific compo-
nents through summation:

A(pi
nav) =

{∑
A{dir,node,front,hist} exploration

Adir +Asem target acquisition,

Obstacle avoidance is implemented by zeroing out affor-
dances near obstacles:

Aobs(p
i
nav) = N

(
dMobs
i

)
A(pi

nav) = A(pi
nav) · I(Aobs(p

i
nav) > σ),

where σ is a safety threshold parameter determining the min-
imum safe distance from obstacles. This operation eliminates
navigation options that are too close to potential hazards.

The target waypoint is selected through global maximiza-
tion over the navigable space:

ptarget = argmax
pi∈Mnav

A(pi
nav).

This optimization ensures the agent moves toward positions
that best balance exploration efficiency, target approach, and
safety considerations.

Method Training Free HM3D MP3D

SR↑ SPL↑ DTG↓ SR↑ SPL↑ DTG↓

SemExp[6] % - - - 0.144 0.360 6.73
ZSON[9] % 0.255 0.126 - 0.153 0.048 -
PONI[7] % - - - 0.318 0.121 5.1

PixNav[3] % 0.379 0.205 - - - -
SPNet[26] % 0.312 0.101 - 0.163 0.048 -
SGM[27] % 0.602 0.308 - 0.377 0.147 4.93

CoW[10] ! - - - 0.074 0.037 -
ESC[28] ! 0.392 0.223 - 0.287 0.142 -

VLFM[12] ! 0.525 0.304 - 0.364 0.175 -
VoroNav[29] ! 0.420 0.260 - - - -
L3MVN[11] ! 0.504 0.231 4.43 - - -
TriHelper[13] ! 0.565 0.253 3.87 - - -

InstructNav[15] ! 0.510 0.187 2.89 0.420 0.161 4.26
GAMap[30] ! 0.531 0.260 - - - -
UniGoal[31] ! 0.545 0.251 - 0.410 0.164 -
WMNav[32] ! 0.581 0.312 - 0.454 0.172 -

Ours ! 0.601 0.346 2.49 0.455 0.168 4.21

TABLE I: Comparison with methods on HM3D and MP3D
object goal navigation. We use bold and underline to denote
the first and second best performance respectively.

IV. EXPERIMENTS

A. Experiment Setup

We evaluate our method in the Habitat Simulator [33] using
HM3D and MP3D datasets. HM3D [34] comprises 2000
episodes across 20 scenes with 6 target objects. MP3D [35]
contains 2195 episodes spanning 11 scenes and 21 target
objects. Our point cloud map construction builds upon the
codebase of InstructNav [15]. We employ GPT-4o [36] as
the VLM and GLEE [37] as the vision foundation model
for semantic segmentation. Although the simulation envi-
ronment has limited target objects, GLEE’s open-vocabulary
capability enables generalization to open-vocabulary object
navigation tasks. Experiments were conducted on a server
with an RTX3090 GPU to support efficient detection model
inference and parallel point cloud processing.
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B. Metrics

We adopt three established metrics [38]: Success Rate (SR),
Success weighted by Path Length (SPL), and Distance to
Goal (DTG). Higher SR and SPL values indicate better per-
formance. SPL combines task completion and path efficiency.
DTG measures the final distance between agent and target
at episode termination, where lower values are desirable.

C. Evaluation

Table I reports comparative results in Habitat. Our method
achieves state-of-the-art (SOTA) performance for training-
free ObjectNav on both datasets. On HM3D, our 0.601 SR
exceeds the best training-free baseline WMNav by +2.0%,
while SPL improves by +10.9% over VLFM. On MP3D, our
SR surpasses WMNav by +0.2%, and our 4.21 DTG sets a
new benchmark. This training-free approach also matches or
exceeds leading training-based methods: our HM3D 0.601
SR is close to SGM’s training-based SOTA (0.602), while
on MP3D we outperform SGM’s 0.377 SR by +20.7%.
These results show that our method narrows the gap between
training-free and training-based paradigms. As shown in Fig.
5, TopoNav consistently outperforms InstructNav across all
navigation targets, including bed, chair, and potted plant.

Fig. 5: Comparison with baseline (InstructNav[15]) on vari-
ous objects.

D. Ablation Study

VLM and GLEE. Both VLM and GLEE are quite important
for better performance. The combination of VLM + GLEE
demonstrates a higher SR and SPL compared to the individ-
ual methods only with VLM and only with GLEE (Table. II).
This suggests that the integration of these two components
improves the overall success and efficiency of goal detection
in terms of these metrics. Moreover, a smaller DTG of the
VLM + GLEE method indicates that the combination also
improves the spatial performance, enabling the robot to stop
closer to the goal.

Overall, the results consistently validate that the integra-
tion of VLM and GLEE yields a more robust and effi-
cient goal detection framework for object navigation tasks,
outperforming the use of either component in isolation in

Method
Object Nav. on HM3D

SR↑ SPL↑ DTG↓

VLM + GLEE 0.601 0.346 2.49
VLM only 0.472 0.233 3.58
GLEE only 0.445 0.223 3.39

TABLE II: Goal detection ablation.

all evaluated metrics. These results highlight the complex
interactions between different components in detection of
targests for object navigation.

Node Information. We also highlight the importance
of topological node information. As shown in Table III,
comparing with the topological node with all information,
omitting any of these topological map node information
types (Frontiers, Room Type, Object Type) causes a decline
in SR and SPL, and an increase in DTG. This ablation
study underscores the importance of topological map node
information for robust object navigation.

Method
Object Nav. on HM3D

SR↑ SPL↑ DTG↓

Current Memory 0.601 0.346 2.49
w/o Frontiers 0.544 0.267 2.70
w/o Room Type 0.510 0.236 3.12
w/o Objects Type 0.503 0.243 2.94

TABLE III: Topological map node information ablation.

E. Real Robot Implementation

We conduct real-robot experiments on a Unitree Go2
quadruped, with the full TopoNav system running on a
Jetson Orin. We use an Intel Realsense D435i for point-
cloud construction and a HESAI XT-6 lidar for SLAM.
For semantic segmentation, we use GLEE [37], a SOTA
detection and segmentation model, and employ GPT-4o [36]
to maintain topological nodes and determine navigation
directions. To build the semantic point cloud, we capture
9 RGBD panorama observations in real-world experiments
(12 in simulation). As shown in Fig. 2, Go2 explores a
hallway, backtracks to the correct node, and enters a room to
find the target object. These experiments show that TopoNav
supports adaptive exploration by adjusting paths in real
time while building topological nodes as memory anchors.
Balancing revisits to known regions with exploration of new
areas reduces redundancy, improves coverage, and enhances
navigation efficiency.

V. CONCLUSION

In this work, we present TopoNav, a zero-shot ObjectNav
framework powered by topological mapping. By integrating
a semantic point cloud with a graph-structured memory map,
the system dynamically builds and updates spatial represen-
tations in real time, without prior training or scene-specific
tuning. Nodes represent semantic regions and edges encode
navigational connectivity, enabling efficient knowledge ac-
cumulation, path correction, and robust decision-making in
novel environments. TopoNav achieves convincing naviga-
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tion performance on benchmark datasets and demonstrates
strong practicality in real-world experiments. For future
work, we plan to incorporate memory mechanisms into end-
to-end methods, which have shown superior performance to
zero-shot approaches on the VLN task.
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