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Abstract— Deploying autonomous agents in real-world
environments is challenging, particularly for navigation, where
systems must adapt to situations they haven’t encountered
before. Traditional learning approaches require substantial
amounts of data, constant tuning, and, sometimes, starting
over for each new task. That makes them hard to scale and not
very flexible. Recent breakthroughs in foundation models, such
as large language models and vision-language models, enable
systems to attempt new navigation tasks without requiring
additional training. However, many of these methods only work
with specific input types, employ relatively basic reasoning, and
fail to fully exploit the details they observe or the structure of the
spaces. Here, we introduce T2-Nav, a zero-shot navigation system
that integrates heterogeneous data and employs graph-based
reasoning. By directly incorporating visual information into
the graph and matching it to the environment, our approach
enables the system to strike a good balance between exploration
and goal attainment. This strategy allows robust obstacle
avoidance, reliable loop closure detection, and efficient path
planning while eliminating redundant exploration patterns.
The system demonstrates flexibility by handling goals specified
using reference images of target object instances, making it
particularly suitable for scenarios in which agents must navigate
to visually similar yet spatially distinct instances. Experiments
demonstrate that our approach is efficient and adapts well
to unknown environments, moving toward practical zero-shot
instance-image navigation capabilities. Our source code is
available at https://github.com/cogniboticslab/t2nav.

I. INTRODUCTION

Deploying autonomous agents in real-world environments
poses a significant challenge in robotics, with navigation
being a core requirement for applications such as service
robots and exploration systems [1]. While researchers have
made progress in lab settings [2], [3], [4], [5], [6], real-
world deployment remains limited by systems’ inability to
operate in unseen environments without massive, task-specific
training. This demands zero-shot navigation methods that
generalize instantly without extensive data or adaptations.
Instance-image navigation (IIN) is one of the most challenging
problems, in which systems must locate specific object
instances using only reference images as guidance. Unlike
traditional object-category navigation that relies on semantic
class labels, IIN demands fine-grained visual understanding
to distinguish between visually similar objects and identify
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Fig. 1: Conceptual overview of T2-Nav. The framework addresses
loop-closure problems in which the agent initially becomes trapped
in repetitive exploration patterns. To address this issue, we propose
two novel modules: (1) TeRM maintains cross-temporal object
relationships, and (2) scene dynamics are explored through graph-
based reasoning for TSLC to employ persistent homology, enabling
the detection and avoidance of navigation loops via topological
invariants of agent trajectories, thereby facilitating a robust zero-shot
visual navigation system.

the exact target instance [7]. In particular, real-world
environments exhibit substantial variability in lighting
conditions, object arrangements, architectural layouts, and
dynamic elements; the same object instance may appear
dramatically different from different viewpoints, under
varying lighting conditions, and with partial occlusions [8].

The IIN’s practical importance spans numerous
applications, from service robots tasked with retrieving
specific items in households to warehouse automation
systems that must locate particular instances of products
among thousands of similar items. These applications demand
navigation systems capable of understanding visual nuances
that distinguish one instance from another, even when they
belong to the same semantic category, while also navigating
to semantically meaningful locations (e.g., "kitchen table",
"office desk") rather than simple coordinate-based targets [9].
Current approaches to address these challenges fall into two
main categories: traditional supervised learning methods and
emerging foundation model-based approaches. While recent



advances in deep learning have shown promising results in
controlled scenarios, the gap between laboratory performance
and real-world deployment remains substantial.

Traditional navigation methods based on supervised
learning face several critical limitations in visual navigation
tasks. First, these methods require millions of training
samples, which in turn require substantial computational
resources [10]. Additionally, they perform poorly in
environments that differ from those for which they were
trained [11]. Furthermore, they cannot handle new objects or
goals that were not included in their training data [12]. Most
importantly, they must be retrained from scratch for each new
task. On the other hand, foundation models such as Large
Language Models (LLMs) and Vision-Language Models
(VLMs) exhibit zero-shot potential, with early successes in
navigation integration. Early research has shown promising
results for zero-shot in navigation tasks e.g. CLIP-Nav [13]
for vision-language tasks, and VLFM [14] has been tested on
real robots. However, methods such as ZSON [15] and SG-
Nav [16] are modality-specific, lack universality, and employ
simplistic reasoning, leading to inefficient exploration in
complex spaces.

The key gap is unified frameworks for diverse visual goals,
while also combining robust spatial and semantic information,
recent developments in scene representation and reasoning in
foundation models, including graph-based [17], and multi-
modal approaches [18] enable universal methods for zero-
shot navigation. However, existing methods have not fully
utilized the visual information in these representations or
graph-structured approaches for robust navigation planning.
Particularly, existing training-free approaches suffer from
two critical limitations: (1) inability to detect complex
loop patterns beyond simple geometric proximity, leading to
redundant exploration, and (2) lack of temporal coherence
in scene representation, causing inconsistent goal recognition
across viewpoints. We address these gaps using a combination
of temporal graph memory and topological loop detection,
both of which operate without any learned parameters. While
recent graph-based approaches, such as UniGoal [17], provide
universal goal handling through multi-stage matching, they
remain vulnerable to navigation loops and lack mechanisms
for temporal reasoning about scene evolution.

In this paper, we propose T2-Nav, a novel framework to
address the problems above, as described in Figure 1. Which
enhances graph representation and analysis by leveraging
visual properties and graph matching to balance exploration
and navigation, while mitigating issues such as obstacles,
loop closure, and redundant paths. In summary, we make the
following contributions:

• Temporal Graph Memory Networks (TeRM): We
introduce a novel temporal reasoning framework that
maintains cross-temporal edges between scene graphs,
capturing object permanence and dynamics to address
inconsistent goal recognition across viewpoints.

• Topological Signatures for Loop Closure (TSLC):
We propose an application of persistent homology to
training-free navigation, utilizing topological invariants

to detect complex loop patterns beyond simple geometric
proximity, significantly reducing redundant exploration.

II. RELATED WORK

A. Learning-Based Visual Navigation

Instance-image navigation (IIN) is a challenging task in
embodied AI, where agents locate specific object instances
in unseen environments using egocentric visual observations
and goal specifications as reference images [2]. Approaches
have evolved from geometry-based methods relying on
explicit maps or graphs for planning [3], [4] to learning-
based paradigms using Reinforcement Learning (RL) and
Imitation Learning (IL) [5], [6]. While geometry-based
techniques provide precision, they often lack semantic
priors for adaptability [2]. RL/IL methods learn flexible
policies from interactions, as in works on target-driven
navigation [19]. However, these require extensive interactions
and struggle with generalization to unseen environments. Our
framework leverages mathematical principles and foundation-
model representations to enable zero-shot navigation without
parameter learning or adaptation, yielding a training-free
approach.

B. Zero-shot Visual Navigation

Recent advancements in zero-shot visual navigation
leverage foundation models like Large Language Models
(LLMs) and Vision-Language Models (VLMs) for
generalization without environment-specific training [20],
with works like [17] demonstrating LLMs’ zero-shot
planning via actionable knowledge extraction for embodied
tasks, ZSON [15] using multimodal embeddings for
semantic-goal navigation, CLIP-Nav [13] integrating CLIP
for vision-language navigation, and VLFM [21] employing
vision-language frontier maps for real-robot deployment.
Recent methods incorporate advanced reasoning, such as
SG-Nav [16], which uses scene graph-based reasoning,
highlighting trends in generative planning and multi-modal
integration. Despite progress, these approaches suffer
from modality-specific constraints, simplistic reasoning
neglecting spatial-semantic complexities, and inefficient
exploration [22]. For instance, ZSON [15] and SG-Nav [16]
require separate architectures for different goal types, leading
to fragmented systems, while unified frameworks like
UniGoal [17] target universality but underexploit visual
properties for instance discrimination, often treating instance
images as simple specifications rather than leveraging
them for continuous verification and graph-based obstacle
avoidance/loop closure. Our framework addresses these gaps
by enhancing graph representations with rich visual features
and semantic matching, enabling balanced exploration and
navigation while reducing redundant paths and hallucinations
in a universal zero-shot manner.

III. SYSTEM OVERVIEW

We propose T2-Nav, a zero-shot visual navigation
framework that focuses on IIN, integrating two synergistic
components: Temporal Graph Memory Networks and



Fig. 2: Overview of T2-Nav system. (a) Multi-modal inputs with GPS, pose, and goal image specifying the target instance, and RGBD input
to construct a dynamic scene graph. (b) Graph Processing with RGBD images performs scene-goal matching to identify potential target
instances, with ✓/× indicating success/failure. (c) Loop closure detection maintains a blacklist of locations. (d) TeRM provides temporal
consistency for robust instance tracking. (d) The TeRM module maintains temporal consistency across consecutive scene graphs for robust
instance tracking across varying viewpoints and environmental conditions. (e) The navigation pipeline generates occupancy maps, applies a
deterministic local policy for obstacle avoidance, and outputs action decisions.

Topological Signatures for Loop Closure. Our proposed
framework is illustrated in Figure 2. The TeRM maintains
a temporal buffer of scene graphs with rich visual
feature embeddings. TeRM establishes cross-temporal
correspondences that capture instance permanence and
visual dynamics. This temporal reasoning capability is
particularly crucial for instance-image navigation, where
the same object instance may appear dramatically different
from various viewpoints. The TSLC computes persistent
homology features from trajectory embeddings and detects
complex navigation loops through topological signatures
that remain invariant to metric distortions and environmental
variations. This capability is essential, for instance, for image
navigation, where visual similarity between instances can
lead to confusion and inefficient exploration patterns.

IV. METHODOLOGY

A. Problem Formulation

Visual navigation in unknown environments requires agents
to maintain spatial understanding while exploring efficiently
toward goals. Given RGB-D observations Ot and a goal
specification Gg consisting of a reference image showing the
target instance, the agent must generate a sequence of actions
{at}Tt=1 to reach the target within T timesteps.

Let Gt = (Vt, Et) denote the scene graph at time t, where
Vt = {vti}

Nt
i=1 represents Nt detected objects and Et ⊆ Vt×Vt

encodes spatial relationships. Each node vti contains attributes
ati = [pt

i, f
t
i , l

t
i ] comprising position pt

i ∈ R3, visual features
f ti ∈ Rd, and lti is semantic label, which is class name of the

detected object at node i and time t. The goal graph Gg =
(Vg, Eg) similarly encodes the target configuration.

The agent trajectory up to time t is denoted as τ t =
{(xi,yi, θi)}ti=1, where (xi,yi) represents the 2D position
and θi the orientation. The exploration policy π : Gt × Gg ×
τ t → A maps the current scene understanding to actions
A = {forward, turn-left, turn-right, stop}.

B. Temporal Reasoning Memory Module

To address the challenge of modeling the temporal
dynamics in scene understanding while maintaining robust
spatial memory, we propose TeRM module, illustrated in
Figure 3. This module represent a paradigm shift from static
scene representation to a dynamic, temporally-aware graph
structures that capture the evolving nature of real-world
environments with a sliding window comprising the most
recent K graph snapshots, denoted as {Gt−k}Kk=0, where
each Gt−k represents the agent’s scene graph at timestep
t − k. To model the natural temporal decay of information
relevance over time, we incorporate a temporal discount
factor γ ∈ (0, 1) that progressively reduces the influence of
older snapshots while maintaining their contribution to overall
scene understanding.

1) Cross-Temporal Instance Linking: The TeRM module
link matching semantically and spatially corresponding
entities across consecutive temporal snapshots, for every
pair of consecutive graph snapshots (e.g., Gt−1 and Gt), we
establish temporal edges to link semantically and spatially
corresponding nodes across time. Specifically, for nodes vt−1

i

in Gt−1 and vtj in Gt, a temporal edge etemp
ij is added only



Fig. 3: TeRM Framework Overview. (a) Scene graphs track object
persistence and new entities across timesteps. (b) Temporal edge
construction for dependencies between nodes using exponentially
decayed edge weights across t. (c) Physics-inspired positions
prediction refines object trajectories based on motion dynamics.

if their similarity exceeds τ ∈ [0, 1] which is the minimum
similarity threshold for edge formation for ensuring only
reliable correspondences are retained:

etemp
ij =

{
(γe−λ∆ij ,∆t) if sim(vt−1

i , vtj) > τ

∅ otherwise,
(1)

where ∆ij = ∥f t−1
i − f tj∥2 quantifies the Euclidean distance

between the visual feature vectors f t−1
i and f tj of the

respective nodes, thereby capturing changes in appearance,
∆t denotes the discrete timestep difference between the
snapshots, and λ > 0 is a tunable hyperparameter governing
the exponential decay rate based on appearance variation,
ensuring that dramatically different appearances receive
appropriately reduced correspondence weights.

2) Instance Similarity Computation: To compute the
similarity between a pair of nodes vi and vj , we employ
the similarity metric sim(vi, vj), which fuses semantic label
agreement with spatial closeness in a weighted manner:

sim(vi, vj) = α ·1[li = lj ]+(1−α) ·exp
(
−∥pi − pj∥2

σp

)
, (2)

where 1[li = lj ] is an indicator function that equals 1
if the semantic labels li and lj of the nodes match (e.g.,
both represent the same object class) and 0 otherwise,
pi and pj denoted of 3D spatial positions of the nodes,
α is an empirically tuned weight that balances semantic
matching against spatial alignment, σp serves as the standard
deviation for the Gaussian spatial decay, controlling tolerance
to positional differences. This mechanism enables robust
tracking of evolving scene elements while mitigating noise
from transient observations.

3) Velocity Estimations: Given the temporal graph
structure, TeRM predicts future instance states using velocity
extracted from cross-temporal edges. For each tracked
instance, we computes velocity as the discrete temporal
derivative of position vli = pt

i − pt−1
i /∆t for velocity

estimates through discrete position extrapolation. For each

Fig. 4: TSLC illustration: Agent trajectories are processed through
Vietoris-Rips filtration to derive persistent homological features,
which are subsequently mapped to a persistence diagram in a birth-
death coordinate system. Loop closure is identified by assessing
whether the W2 distance between the persistence diagram of the
current trajectory segment and those of historical segments falls
below a predefined threshold.

node in the current scene graph, the system implements a
linear extrapolation scheme based on the established velocity
patterns, with a node with li and current position Pt

i the
predicted position after k discrete time steps is computed by
P̂t+k

i = Pt
i + k · vli . Nodes without recorded velocities

maintain their current positions, reflecting the assumption that
static objects remain stationary in the absence of observed
motion. This predictive capability enables counterfactual
reasoning about potential goal locations. Furthermore, the
TeRM module also provides temporal context retrieval,
allowing the agent to query the historical trajectory of specific
objects, for a given semantic label ℓ, the system can extract a
temporal sequence {(ti,pi)} of all position observations of
that object class within a specified time window, facilitating
spatial pattern recognition and behavioral prediction.

C. Topological Signatures for Loop Closure

This module aims to address fundamental limitations in
current training-free navigation systems by using persistent
homology to detect complex loop patterns that go beyond
simple geometric proximity. While baseline approaches [17]
rely on pairwise visual feature matching or basic geometric
constraints, our method captures intrinsic topological
invariants of robot trajectories that remain stable under metric
distortions, orientation changes, and environmental noise.
The core insight driving our design is that navigation loops
manifest as persistent homological features in the trajectory’s
underlying simplicial structure. For clarity, Figure 4 provides
an overview of the TSLC components.

1) Trajectory Embedding and Complex Construction:
Given an accumulated robot trajectory τ t comprising pose
sequences with positional coordinates (xi, yi) and orientation
θi, we project each waypoint into an augmented three-
dimensional feature space that explicitly integrates both
spatial and directional information. The embedding function
ϕ : R2 × S1 → R3 for the i-th trajectory point is defined as:



zi = ϕ((xi, yi, θi)) = [xi, yi, r sin(θi)] ∈ R3 (3)

where the scalar parameter r = 0.5 empirically modulates
the relative influence of the orientation component. The
sine projection sin(θi) encodes heading periodicity
while avoiding discontinuities inherent in direct angular
representation, ensuring balanced contribution of directional
information without overwhelming the spatial dimensions.
This embedding preserves the essential geometric structure of
the trajectory while enabling subsequent topological analysis
through simplicial complex construction. Subsequently, we
construct a Vietoris-Rips simplicial complex Kϵ(τ

t) over
the embedded point cloud {zi}ti=1, the complex at scale
parameter ϵ ≥ 0 is defined by:

Kϵ(τ
t) = {σ ⊆ {zi}ti=1 : diam(σ) ≤ ϵ} (4)

where σ denotes arbitrary simplices (subsets of points) and
diam(σ) = maxu,v∈σ∥u− v∥2 represents the diameter under
Euclidean distance. We set the maximum edge length ϵmax =
5.0 meters and construct the complex up to dimension 2. The
construction proceeds by first computing pairwise distances
dij = ∥zi−zj∥2 for all point pairs, then including edges (i, j)
where dij ≤ ϵ, and finally adding triangles (i, j, k) where all
three pairwise distances satisfy the constraint. By varying ϵ
across the range [0, ϵmax], we obtain a filtration {Kϵ}ϵ≥0 that
systematically reveals the evolving topological connectivity of
the trajectory at multiple scales.

2) Persistent Homology Computation: Building upon
the multi-scale filtration {Kϵ}ϵ≥0, we compute persistent
homology groups Hk(Kϵ) for each filtration level and
homological dimension k. The homology groups are defined
as the quotient of kernel and image spaces of boundary
operators as in follow:

Hk(Kϵ) =
ker(∂k : Ck(Kϵ) → Ck−1(Kϵ))

im(∂k+1 : Ck+1(Kϵ) → Ck(Kϵ))
(5)

where Ck(Kϵ) denotes the k-th chain group over the field F2,
and ∂k represents the k-th boundary operator. The boundary
operator for a k-simplex σ = [v0, v1, . . . , vk]:

∂k(σ) =

k∑
i=0

(−1)i[v0, . . . , v̂i, . . . , vk], (6)

where v̂i indicates the omission of vertex vi. The persistence
computation employs matrix reduction techniques on the
boundary matrix ∂ = [∂1|∂2|· · · |∂max], where each column
represents a simplex ordered by filtration value. The reduction
process applies elementary column operations to reach
reduced echelon form, in which each column contains at most
one pivot (the lowest non-zero entry).

For loop-closure detection, we emphasize 1-dimensional
homological features corresponding to cycles in the trajectory
topology. These are encapsulated in the persistence diagram
for dimension 1, denoted PD1(τ

t), comprising birth-death

pairs (bi, di) where a loop emerges at scale bi and disappears
at scale di:

PD1(τ
t) = {(bi, di) : H1(Kbi) ̸= H1(Kdi

)} (7)

To distinguish salient topological signals from ephemeral
artifacts arising from sampling irregularities, we apply a
persistence threshold τp > 0, retaining only features where
persistence pi = di − bi > τp. This filtering mechanism
ensures extracted loops reflect meaningful revisits or cyclic
patterns rather than noise-induced fluctuations.

3) Topological Signature Matching: Leveraging
persistence diagrams as compact topological descriptors,
we enable loop closure detection by quantifying similarity
between current trajectory segments τ t and historical
segments τs stored from previous exploration phases. We
employ the 2-Wasserstein distance to measure optimal
transport cost between Persistence Diagrams (PD) by
Wp(PD1(τ

t), PD1(τ
s)) =

(
infγ∈Γ

∫
∥x− y∥pp dγ(x, y)

) 1
p ,

then the 2-Wasserstein distance is then computed as:

W2(PD1(τ
t), PD1(τ

s)) =

 ∑
(i,j)∈Π∗

Cij

1/2

(8)

where Π∗ represents the optimal matching obtained via
the Hungarian algorithm and Cij denotes the cost matrix
entries. This metric is stable under small perturbations of the
underlying point cloud and accounts for both the positions and
multiplicities of persistent features.

A potential loop closure is flagged when the computed
distance falls below an empirically determined threshold θW ,
triggering geometric verification and integration into the
agent’s global map. The Wasserstein distance computation
utilizes the Hungarian algorithm for optimal matching,
ensuring both computational efficiency and theoretical
optimality guarantees.

4) Persistence Landscape Representation: While
persistence diagrams provide a robust topological summary,
their multiset nature lacks a direct vector-space structure,
which complicates their integration with statistical tools
or machine-learning pipelines for tasks such as averaging
multiple diagrams or kernel-based classification. To address
this, we transform the raw persistence diagrams into
persistence landscapes [23], a functional representation
that embeds topological information into a stable vector
space, enabling operations such as computing sample means,
distances via Lp norms, or classifications while maintaining
Lipschitz continuity for robustness against noise-properties
that also contribute to computational efficiency in large-
scale or real-time scenarios compared to direct Wasserstein
computations.

For the 1-dimensional persistence diagram PD1(τ
t), the

landscape function Λ : R → R is defined pointwise as:

Λ(t) = max
(bi,di)∈PD1(τ t)

min(t− bi, di − t)+ (9)



Algorithm 1 TSLC Pseudo-Algorithms

Require: τ t = {(xi, yi, θi)}ti=1, S = {(Tj ,pj)}
|S|
j=1, θW

Ensure: Loop Detected, Matched Index, Confidence
1: if |τ t|< 10 then return (0,∅, 0.0)
2: end if
3: Z ← {[xi, yi, r sin(θi)]}ti=1
4: Construct Vietoris-Rips complex with ϵmax = 5.0
5: Compute PD1 via Union-Find persistent homology
6: PDf

1 ← {(b, d) ∈ PD1 : d− b > 0.1}
7: Λ(t)← max

(b,d)∈PDf
1
min(t− b, d− t)+

8: T ← {PDf
1 ,Λ}

9: for j ∈ {1, . . . , |S|} do
10: if ∥pcurr − pj∥2> Rsearch then continue
11: end if
12: d← 0.7 ·W2(PDf

1 , PDf
1 (τ

j)) + 0.3 · ∥Λ− Λj∥2
13: Update best match if d < dmin

14: end for
15: detected← I[dmin < θW ]
16: S ← S ∪ {(T ,pcurr)}
17: return (detected, j∗, exp(−dmin/θW ))

Where (·)+ denotes the positive part (i.e., max(·, 0)),
effectively stacking “tent” functions centered at the midpoints
of each birth-death interval and scaled by their persistence.
This layered summary of prominent features (with higher
layers for longer-persisting loops) can be discretized over
a grid or converted into fixed-length vectors, augmenting
or replacing Wasserstein-based matching in resource-
constrained applications while preserving the topological
essence derived from the trajectory embedding, filtration, and
homology computation.

5) Multi-Modal Feature Integration: To enhance
topological discrimination, our method supports integration
of visual features extracted from RGB observations. Given
pre-trained visual encoders producing feature vectors fi ∈ Rd

at each trajectory point, we construct an enriched embedding:

zenhanced
i = [xi, yi, r sin(θi)]⊕ α · SVD3(fi) (10)

Where SVD3(·) denotes projection to the first three singular
vectors via SVD decomposition, ⊕ represents concatenation,
and α > 0 weights the visual contribution. This
multi-modal embedding preserves spatial-temporal structure
while incorporating visual distinctiveness, yielding more
discriminative topological signatures without compromising
the approach’s training-free nature. Algorithm 1 provides the
procedure for the TSLC module, incorporating these multi-
modalities features.

V. EVALUATIONS

A. Datasets and Experiments Setup

Datasets: We use the HM3D dataset [24] in the Habitat
2.0 simulator, which contains 1,000 high-resolution indoor
reconstructions with object-level annotations. For the IIN
task, the agent must reach a target object instance given a goal
image, requiring visual matching and efficient path planning,
following the setup of Krantz et al. [2].

Evaluation Metrics: We evaluate our method using two
standard metrics for embodied navigation tasks, as in UniGoal
[17], with Success Rate (SR) to measure the percentage

of episodes where the agent successfully reaches the target
within the distance threshold. An episode is successful if
the agent terminates within 1.0 meters of the target object
instance, and Success is weighted by Path Length (SPL) to
evaluate both task completion and navigation efficiency. This
metric can be expressed by Equation (11).

SPL =
1

N

N∑
i=1

Si ·
max(pi, li)

li
(11)

where N and Si represent the total number of episodes and
a binary success indicator for each episode, respectively. i,
li is the shortest path distance from the start to the goal
position, and pi is the path length traversed by the agent.
Higher SPL value indicates more efficient navigation, as it
penalizes agents that take unnecessarily long paths to reach
the target.

Environment: We use NetworkX for graph operations and
GUDHI for persistent homology computation. The temporal
memory maintains K = 100 snapshots with decay factor γ =
0.95. For TSLC, we use a maximum edge length ϵmax = 5.0
meters and compute persistence up to dimension 2, though
only 1-dimensional features are used for loop detection. The
persistence threshold τp = 0.1 filters noise-induced features,
while the Wasserstein threshold θW = 2.0 determines
loop closure sensitivity. Topological signatures are computed
every 10 time steps to balance computational efficiency
with detection sensitivity. The orientation weight parameter
r = 0.5 ensures balanced contribution of directional
information without overwhelming spatial coordinates. For
the object detection and scene graph construction pipeline, we
follow UniGoal [17], using GroundingDINO [25] for open-
vocabulary instance segmentation and LLaMA as the LLM,
LLaVA as the VLM, and CLIP text encoder for node and
edge embeddings within the graph matching module. Spatial
relationships between detected objects are proposed via an
LLM query. All experiments were conducted on a single
NVIDIA A6000 GPU.

B. Quantitative Results

Method Training-Free Input SR ↑ SPL ↑

Krantz et al. [2] × RGBD++ 8.3 3.5
ZSON [26] × RGB+ 14.6 7.3
OVRL-v2 [27] × RGB++ 24.8 11.8
IEVE [28] × RGBD++ 70.2 25.2
PSL [29] × RGB− 23.0 11.4
GOAT [30] × RGBD 37.4 16.1

Mod-IIN [31] ✓ RGBD++ 56.1 23.3
UniGoal [17] ✓ RGBD+ 60.2 23.7
T2-Nav ✓ RGBD++ 72.6 27.8

TABLE I: Instance-image-goal navigation results on HM3D,
methods with training-free capability are marked with ✓, where −,
+, and ++ denote only orientation input, only coordinate input, and
for both of them, respectively.

The performance of T2-Nav is outlined in Table I,
compared with recent methods on the HM3D IIN task. On this



Fig. 5: Qualitative comparison of frontier selection strategies
between UniGoal and the proposed method. Compared with the
baseline UniGoal, T2-Nav selects frontiers more strategically, for
more efficient exploration and reducing redundant path traversals.

benchmark, T2-Nav surpasses the baseline results of UniGoal
with a +12.4/4.1 lead on SR/SPL. It also outperforms the best
supervised method, IEVE, with a +2.4/2.6 lead on SR/SPL,
even without any task-specific training. These results show
that the combination of TeRM and TSLC brings clear gains,
the method performs well without learning parameters, and
still provides both higher success and more efficient paths
than supervised or training-free baselines.

C. Qualitative Results

Figure 5 presents representative navigation episodes
comparing T2-Nav with the UniGoal baseline; the proposed
T2-Nav consistently selects frontiers that guide exploration
toward unexplored regions likely to contain the goal, thereby
avoiding unnecessary detours. In contrast, UniGoal often
expands frontiers in a less structured manner, leading to
longer or redundant paths before reaching the target, and
sometimes even passing the target without recognizing it.
These observations showed that the temporal reasoning and
topological loop-detection components not only enhance the
quantitative metrics but also yield more reliable, goal-directed
behavior in complex and cluttered environments.

Similarly, Figure 6 showcases the navigation paths by
T2-Nav compared to UniGoal. The proposed approach
consistently produces more concise routes, leading the agent
through goal-relevant regions with minimal backtracking. By
incorporating temporal reasoning and early loop detection,
T2-Nav avoids unnecessary wandering and efficiently
converges on the goal. Meanwhile, UniGoal tends to
take longer, more circuitous routes, often circling through
large areas of the environment before reaching the
target. In several cases, it overshoots the goal or passes
near it without recognizing it, leading to redundant
exploration. These trajectory-level comparisons emphasize
that T2-Nav provides not only quantitative gains but also
qualitatively smoother and more goal-directed navigation
behavior. Additional experiments are available in the video
https://youtu.be/joRCrhP5KxA.

Fig. 6: Qualitative comparison of navigation trajectories between
UniGoal and the proposed method. Compared with the baseline
UniGoal, T2-Nav produces shorter, more efficient trajectories
with fewer detours, thereby demonstrating improved goal-directed
navigation.

D. Ablation Study

We present ablation studies of T2-Nav to validate the
robustness of each component on 200 episodes from the
HM3D dataset, as shown in Table II. Starting from the
UniGoal baseline with SR results of 66.16/24.83, adding
the TeRM module improves both metrics, yielding gains
of +8.8 in SR and +3.5 in SPL. This highlights the
importance of temporal consistency in maintaining scene
understanding. Similarly, incorporating the TSLC module
boosts performance over the baseline by +6.1 SR / +0.7
SPL, demonstrating its role in avoiding repeated exploration
of previously visited regions. When both components are
combined, T2-Nav achieves the best performance, with SR
and SPL of 75.62/28.38, confirming that TeRM and TSLC are
complementary. TeRM enhances goal-directed reasoning over
time, while TSLC ensures efficient path selection, together
producing the most reliable and efficient navigation.

Method SR ↑ SPL ↑

Baseline [17] 66.16 24.83
w/o Temporal Reasoning Memory Module 74.99 28.28
w/o Topological Signatures for Loop Closure 72.22 25.48

Proposed T2-Nav 75.62 28.38

TABLE II: Ablation results on IIN over 200 episodes on HM3D.

VI. CONCLUSIONS

In this research, we introduced T2-Nav, a training-free
visual navigation framework that utilized two proposed
modules, TeRM and TSLC, to achieve robust IIN.
Experiments on HM3D show that T2-Nav outperforms
both training-free and supervised baselines, highlighting
the effectiveness of combining temporal memory and
topological reasoning for scalable embodied navigation.
While our method excels in indoor environments, extending



it to outdoor terrains and multi-floor buildings presents
opportunities for using semantic hierarchies to enhance
goal understanding. A key limitation remains real-time
deployment: the computational overhead of VLM and
LLM inference, shared across all foundation-model-based
navigation approaches, including our baseline, renders the
full pipeline ill-suited for on-robot real-time operation.
Future work will explore advanced topological methods
beyond persistent homology, lightweight approximations to
reduce inference cost, and real-robot deployment to validate
generalizability.
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