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Abstract. Image-goal navigation is a fundamental capability for em-
bodied AI, yet its practical deployment is strained by strong prior as-
sumptions. Existing methods predominantly rely on temporally ordered
video streams or auxiliary sensors (e.g., depth, LiDAR) to maintain spa-
tial consistency. These sequential and multimodal dependencies severely
restrict scalability, especially when deploying robots using crowd-sourced
or pre-recorded unordered image collections. When temporal priors are
removed, current methods struggle with severe perceptual aliasing, noisy
associations, and catastrophic mapping failures. To address this under-
explored challenge, we propose Unordered Landmark Visual Navigation
(ULVN), a unified RGB-only framework free from temporal and odo-
metric priors. ULVN systematically mitigates error accumulation by in-
tegrating mapping, localization, and planning. Specifically, it constructs
a robust 2D topological map directly from unstructured images via cali-
brated geometric verification and maximum spanning forest refinement.
For closed-loop execution, ULVN abandons sequential heuristics, utiliz-
ing a graph-based belief propagation filter with entropy-adaptive fusion
for global localization and dynamic subgoal planning. Extensive experi-
ments in simulation and real-world deployments demonstrate that ULVN
significantly outperforms state-of-the-art methods.

Keywords: Visual Navigation · Topological Mapping · Visual Localiza-
tion

1 Introduction

Visual navigation [6,16,21,77] is a fundamental capability for autonomous agents,
supporting applications from motion planning [17] to domestic robotics [34].
From the perspective of cognitive science, human navigation relies primarily
on visual observations to form a topological understanding of the environment,
enabling route finding without requiring precise metric coordinates or expensive
active sensors such as LiDAR [51,56]. Emulating this capability in embodied AI
has therefore become a highly desirable objective [1,56,81]. Ideally, an embodied
⋆ Corresponding author: Hui Cheng (chengh9@mail.sysu.edu.cn).
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Fig. 1: From unordered images to navigation. Our system, ULVN, automatically con-
structs a topological representation purely from an unstructured set of RGB images.
This enables closed-loop planning, execution, and replanning. In contrast, foundation
models such as VGGT struggle to handle unordered images.

agent should operate predominantly on RGB observations within a pre-built
topological map [7,10,11,51,58,64,66], developing holistic spatial awareness and
reliable goal-directed behavior.

In contrast to this ideal, many existing visual navigation systems implic-
itly rely on simplifying conditions that rarely hold in the wild. They often re-
quire temporally ordered video streams, which provide strong sequential priors
for graph construction and policy learning [64, 78]. Absent this temporal struc-
ture, such as when using an unordered photo collection from real estate listings,
learned transitions often fail. Without sequential priors, disambiguating similar
places is challenging, making topological connections noisy and action selec-
tion unstable, which frequently causes oscillatory behavior. Furthermore, many
systems depend on auxiliary sensors like depth or LiDAR to stabilize localiza-
tion [19,25]. Relying solely on appearance complicates geometric verification, and
even advanced reconstruction models struggle with pose estimation from sparse,
disconnected observations [60, 65, 70]. Consequently, current success heavily de-
pends on temporal continuity, auxiliary sensing, or both.

Eliminating these assumptions presents two progressive challenges. First, re-
moving temporal priors forces topological mapping to infer connectivity from
appearance alone. This vulnerability to perceptual aliasing and spurious edges
makes planning and localization fragile, as errors accumulate without sequen-
tial updates to suppress ambiguity [7, 11, 38, 72]. Second, removing multimodal
sensors alongside temporal priors compounds the difficulty. Without depth, Li-
DAR, or odometry, resolving scale and viewpoint ambiguities becomes signifi-
cantly harder, increasing cumulative drift and complicating closed-loop correc-
tion using only RGB evidence [6,8,73,77] . These challenges motivate our central
question: Can we build an RGB-only navigation framework that achieves reliable
closed-loop navigation using only unordered images, without relying on odometry,
depth, or temporal priors?

To address this question, we introduce ULVN, an unordered landmark navi-
gation framework designed from a unified system optimization perspective. This
framework ensures that mapping, localization, and planning are co-designed
for consistency and reliability. For topological mapping, ULVN employs a vi-
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sual place recognition and geometric verification scheme equipped with a one-
shot, data-driven threshold calibration to enhance edge verification robustness.
We further refine the graph by extracting a maximum spanning forest skele-
ton and reinserting strong loop closures to yield a reliable topological structure
from unordered images. For localization, we propose a global belief propaga-
tion scheme that updates spatial probabilities through Bayesian estimation and
entropy-based adaptive fusion, effectively mitigating localization drift under vi-
sual ambiguity. Finally, ULVN utilizes this global belief state to plan paths across
the graph and dynamically replans when deviations occur. We comprehensively
validate ULVN in both simulated and real-world environments. The main con-
tributions of this work are as follows:

– A unified framework for unordered landmark visual navigation.
We consider RGB-only navigation without temporal or multimodal priors,
an important yet still underexplored setting, and provide a unified framework
that integrates mapping, localization, and navigation to help control error
accumulation.

– A more reliable topological mapping from unordered RGB images.
To obtain a high-quality topological map, ULVN adopts a two-stage scheme
that calibrates VPR-based candidates retrieval and geometric verification
using a one-shot threshold estimation and then refines the graph through an
MSF skeleton with loop reinsertion.

– Odometry-free global localization and navigation on 2D graphs.
ULVN updates a global belief state through Bayesian estimation with entropy-
based adaptive fusion to limit drift under visual ambiguity, and uses this
belief to plan and re-plan paths on the topological graph.

– Benchmark and comprehensive experimental validation. We publicly
release the unordered landmark visual navigation dataset in simulation and
real-world environments, together with data-collection pipelines, and evalua-
tion metrics to support reproducible research. We provide ablation studies on
error accumulation across these components and show that ULVN achieves
stronger performance than existing methods.

2 Related Work

Topological Map Construction. Early appearance-based visual navigation
and SLAM used topological maps for efficiency and robustness, coupling visual
place recognition (VPR) with probabilistic inference to mitigate perceptual alias-
ing [11, 38, 79]. This line of work also indicated that image-only representations
can serve as a scalable alternative to dense metric reconstructions [15, 26, 50]
in many settings. A large fraction of recent RGB-only systems assumes tempo-
rally ordered capture [46,57,62,63], effectively yielding a one-dimensional chain
of landmarks [20, 48, 61, 64] and focusing on local planners [36, 47, 49, 68, 77].
While practical, these designs rely on sequential structure and are incompati-
ble with the bag-of-images setting where no temporal signal is available. When
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sequences are absent, a 2D topological graph is typically built via VPR-based
candidate retrieval followed by geometric verification [18,37]. Classical pipelines
retrieve neighbors with local features and verify edges via epipolar or homog-
raphy tests [53, 54], but are sensitive to hyperparameters, such as RANSAC
inlier thresholds, which trade off edge precision and recall, ultimately affecting
connectivity. Learned global descriptors improve retrieval invariance (viewpoint,
illumination, season), yet descriptor similarity does not imply traversability; ver-
ification remains essential. Recent robust estimators [2, 45, 59, 71] mitigate, but
do not remove, the reliance on thresholds and upper bounds across environ-
ments [14].
Localization and Planning on Topological Maps. Given a map, the agent
must localize and plan a path. Many planners assume precise global informa-
tion (e.g., depth or metric maps) [5,40], which is often unavailable in RGB-only
scenarios. A popular alternative is to estimate a “temporal distance” between
the current and goal views [27, 35, 41, 51, 56, 58]. However, this proxy may cor-
relate poorly with geodesic distance [4, 31, 42], often presumes near-constant
velocity [29, 39, 80], and is expensive to evaluate over many candidates [64],
while requiring robot-specific trajectory data for training [56, 64, 75]. Recent
work reframes subgoal selection as VPR-based localization [9, 64], improving
efficiency and robustness, yet many models implicitly retain 1D-topology as-
sumptions [25,64], which fail on general 2D graphs with intersections, branches,
and loops. In contrast to such sequential assumptions, our approach localizes on
2D graphs without odometry by using a topological transition model defined by
graph adjacency.

3 Methodology

To achieve image-goal navigation strictly from unordered RGB images, our
framework, ULVN, adopts a purely topological approach, abandoning error-
prone metric reconstruction and temporal heuristics. Assuming the provided
image library contains sufficient visual overlap, ULVN systematically mitigates
error accumulation through three tightly integrated modules: robust topological
graph construction (RAVEL, Sec. 3.1), global state estimation (BPL, Sec. 3.2),
and closed-loop visual planning (BASS, Sec. 3.3).
Problem Definition and Notation. Let L = {Ii}Ni=1 be an unordered set of
collected images, Ig be the goal image, and It be the live observation at time
t, with no odometry or temporal priors available. A global image encoder f(·)
produces L2-normalized embeddings zri = f(Ii), zg = f(Ig), and zt = f(It).
ULVN constructs a directed, weighted graph:

G = (V, E ,W), V ⊆ {1, . . . , N}, W = {Wij}(i,j)∈E (1)

Because metric distance is unavailable, we use visual overlap as a proxy for spa-
tial proximity. Each edge (i, j) ∈ E has an integer weight Wij ∈ Z>0 representing
the number of verified local feature inliers.
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Fig. 2: Overview of Unordered Landmark Visual Navigation. (left) build a cal-
ibrated, pruned topology from feature retrieval over unordered images. (middle) embed
the observation and update node belief with observation likelihoods and transition T
via adaptive fusion. (right) pick the next landmark from the belief and plan in closed
loop; belief shifts trigger automatic replanning to the goal.

3.1 Visual Landmark Graph Construction

We introduce RAVEL (Robust Augmentation and VErification of Landmarks),
a pipeline that transforms L into a weighted, directed visual graph. Unordered
collections naturally produce dense, redundant candidate pairs that can cause
memory bloat and degrade downstream planning. RAVEL mitigates this by ap-
plying global retrieval for fast recall, followed by geometric verification as a
high-precision bottleneck, and ultimately pruning the graph into a compact,
structurally meaningful skeleton.

Global Retrieval and Indexing. To avoid exhaustive pairwise matching,
we first extract an L2-normalized global descriptor zri = f(Ii) for each image
using an image encoder f(·). While f(·) can be a general-purpose backbone (e.g.,
ResNet, DINOv2), our experiments show that representations trained explicitly
for Visual Place Recognition (VPR) yield the most robust retrieval candidates.
All global descriptors are indexed using FAISS [13,28].

To automatically calibrate verification thresholds, we select the first image
q0 and retrieve its farthest valid neighbor qf = argmaxj∈NFAISS(q0) ∥zq0 − zj∥22,
explicitly excluding invalid index outputs. For each anchor q ∈ {q0, qf}, we
perform full feature matching against all retrieved images, yielding an inlier
count cqj and anchor descriptor distance dqj for each pair. Applying k mean
clustering to pooled inlier counts yields a cluster of highest-confidence Sh and a
cluster of second-highest-confidence Sl. The inlier threshold τ is defined as:

τ =
1

2

(
min(Sh) + max(Sl)

)
. (2)

The global distance threshold is derived from Sh: dVPR = max(q,j)∈Sh
∥zq−zj∥2.
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Local Geometric Verification and Graph Pruning. For every candidate
pair where the global descriptor distance sij ≤ dVPR, we perform local geometric
verification using a deep matcher (e.g., LightGlue [33]) to obtain the precise inlier
match count cij . The weighted adjacency matrix is updated as:

Wij = Wji =

{
cij , cij > τ

0, otherwise.
(3)

Raw graphs built from unordered collections are inherently dense and contain
weak, redundant edges that not only cause memory bloat but also degrade the
subsequent belief propagation by diffusing probability mass into noisy pathways.
To extract a compact, reliable skeleton, we compute the Maximum Spanning For-
est (MSF) F = (V, EMSF). By maximizing the total edge weight

∑
(i,j)∈EMSF

Wij ,
the MSF ensures the navigational backbone consists strictly of the strongest ge-
ometric transitions, minimizing local execution failures.

While the MSF effectively eliminates visual aliases, it destroys cyclic struc-
tures essential for alternate routing and topological error correction. To re-
cover these, we introduce data-driven Strong-Loop Reinsertion. Instead of brittle
heuristics, we cluster all edge weights in G into k = 10 clusters via k-means. We
define a dynamic threshold τadd as the minimum weight within the two highest-
centroid clusters to ensure adaptability to different scenes. Reinserting excluded
edges where Wij > τadd yields the final robust graph Gpruned, seamlessly balanc-
ing structural reliability with critical topological redundancy.

3.2 Belief Propagation Localization

Building upon the foundations of classical Bayesian filtering [67], we extend the
1D sequential localization filters utilized in prior works [64, 72] to operate on
arbitrary 2D spatial graphs with complex branching and loops. We introduce a
Belief Propagation Localization (BPL) filter that maintains a belief distribution
bt over all nodes vi ∈ V via a recursive prediction-correction cycle.

Topological Prediction Step. Let A be the binary adjacency matrix de-
rived from Gpruned. To model the robot’s possible motion over multiple steps
without odometry, we define a cumulative reachability matrix aggregating paths
up to length K = 3:

C =

K∑
m=0

Am, (4)

where A0 = I. Row-normalizing C yields a stochastic transition matrix Tij =
Cij/

∑
j′ Cij′ . The predicted belief is b̄t = bt−1 ·T.

Adaptive Observation Fusion. The observation likelihood is defined as
L(vi|It) = exp(−λ · ∥zt − zri ∥22) with λ = 5. We introduce an entropy-adaptive
fusion mechanism. We quantify uncertainty using the normalized Shannon en-
tropy of the prior belief:

Hn(bt−1) = − 1

log |V|
∑
vi∈V

bt−1(vi) log bt−1(vi). (5)
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To dynamically balance prediction and observation, we set the fusion weights
directly from the entropy such that wp = 1 − Hn(bt−1) and wo = Hn(bt−1),
ensuring they strictly sum to 1. The posterior belief is computed via a normalized
weighted geometric mean:

bt(vi) ∝ b̄t(vi)
wp · L(vi|It)wo . (6)

The estimated location is the Maximum A Posteriori (MAP) node:
v̂t = argmaxvi bt(vi).

3.3 Belief-Aware Subgoal Search for Navigation

With the graph constructed and the localization filter initialized, Belief-Aware
Subgoal Search (BASS) plans and executes paths entirely from images.

Task Initialization. A navigation task begins with a goal image Ig. Before
planning, we must anchor the start and goal states on the graph G. We estab-
lish the start node vs using the maximum-a-posteriori estimate of the initial
global belief b0: vs = argmaxvi∈V b0(vi). The goal node vg maximizes descriptor
similarity: vg = argmaxvi∈V(z

⊤
g z

r
i ).

Topological Planning. We treat G as a weighted graph where edge weights
Wij reflect visual overlap. Because a visual navigation path is only as robust as
its weakest visual link, we define the confidence of a candidate path P on the
graph G from vs to vg as its minimum edge weight:

conf(P) = min
(vi,vj)∈P

Wij . (7)

BASS extracts the widest path P∗ = argmaxP conf(P) with the Dijkstra’s al-
gorithm . This max-min objective guarantees that the chosen sequence of visual
subgoals (vs, v1, . . . , vg) has the highest probability of successful image-to-image
local control.

Closed-Loop Vision-Only Execution. Our framework operates strictly
without odometry. The robot follows P∗ by sequentially passing the planned
subgoals to an image-based local planner (e.g., a visual foundation model like
ViNT [58] or a generic visual servoing policy). At each step, the local planner
takes the observation It and the current topological subgoal image Isn and di-
rectly outputs low-level velocity commands to drive the robot toward the target.

During execution, BPL continuously updates the belief bt. A deviation is de-
tected if the MAP node vt falls off the planned path P∗ or if the graph distance
from vt to the current subgoal exceeds Dthres = 3. Upon deviation, BASS dy-
namically replans a new widest path from vt to vg. Navigation succeeds when
the belief converges on the goal node with a probability exceeding 0.5.

4 Experiments

4.1 Experimental Settings

Evaluation Scenes. We evaluate our method, ULVN, within the NVIDIA Isaac
Sim simulator using the GRScenes dataset [69], a high-fidelity benchmark for
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Fig. 3: The topological skeleton extraction in data collection pipeline. It starts with
(a) a 3D occupancy map, which is projected into (b) a 2D binary obstacle grid. (c)
A Euclidean Signed Distance Function (ESDF) and (d) its gradient. (e) The ESDF
gradient flux is then calculated, (f) thresholded to isolate the medial axis, (g) thinned,
(h) pruned to produce the clean topological skeleton, and finally (i) indicates the node
of acquired images.

general-purpose robotics. We utilize 10 distinct scenes, equally split between
home and commercial environments. All scenes feature realistic physics and
materials. We also employ the CARLA [12] simulator to specifically isolate and
validate the RAVEL and BPL modules under varying perceptual conditions.

Tasks and Metrics. We evaluate ULVN across three core capabilities: 1)
Topomap Construction: We report Precision (P ), Recall (R), F1-score (F1),
and Accuracy (Acc.) of the generated graph edges evaluated against the ground-
truth spatial connectivity (derived via Sec. 4.2). We also analyze the Pearson
correlation (r) between global descriptor similarity and true geometric inliers
to justify our retrieval design. 2) Localization: We report the localization Accu-
racy (success rate of the MAP estimate correctly identifying the nearest topo-
logical node) when localizing a continuous stream of noisy images against the
pre-built, non-sequential graph. 3) Navigation: We adopt standard Habitat Ima-
geNav metrics [52]: Success Rate (SR), Success weighted by Path Length (SPL),
and average number of collisions.

Baselines. We compare against strong state-of-the-art representations and sys-
tems. For Topomap Construction, we evaluate ResNet-50 [22], DINOv2 [44],
MegaLoc [3], ViNT [58], and PlaceNav [64]. Because ViNT and PlaceNav tradi-
tionally rely on temporally ordered videos, we adapt them for unordered map-
ping by using their temporal distance predictions or VPR retrieval scores as
direct edge-weight proxies. For Localization, we compare against single-frame
VPR (MegaLoc, PlaceNav), temporal distance (ViNT), and sequence smooth-
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(a) ResNet (b) DINOv2 (c) ViNT (d) MegaLoc (e) LightGlue (f) LightGlue+RANSAC

Fig. 4: Global Descriptors as Efficient Proxies for Geometric Verification.
We compare pairwise similarity scores from various global descriptors: (a) ResNet,
(b) DINOv2, (c) ViNT (temporal distance), and (d) MegaLoc (VPR-trained), against
a ground-truth geometric consistency score from (f) LightGlue+RANSAC. Top row:
Pairwise affinity matrices for an unordered image set. Bottom row: Correlation plots
(with Pearson’s r) for each descriptor’s score (Y-axis) versus the ground truth (X-axis).
The VPR-trained MegaLoc (d) demonstrates a strong linear correlation, validating it
as an effective and efficient proxy for geometric verification.
Table 1: Comparison of different retrieval baselines and our method on GRScenes.

Method P R F1 Acc.

VGGT [70] 0.1599 0.1659 0.1629 0.9931
PlaceNav top 2 [64] 0.5262 0.7113 0.6043 0.9948
PlaceNav top 5 [64] 0.2699 0.7655 0.3731 0.9853
ViNT top 2 [58] 0.5201 0.6775 0.5815 0.9946
ViNT top 5 [58] 0.2660 0.8246 0.3806 0.9816
RAVEL (Ours) 0.7104 0.7656 0.7365 0.9970

ing (JIST [4]). For Navigation, we evaluate the integration of our framework with
visual local planners (ViNT, NoMaD) and compare with other SOTA methods.
Implementation Details. Global descriptors are extracted using MegaLoc [3]
with L2-normalization, and geometric verification is performed via LightGlue [33].
During RAVEL calibration, if the high-confidence cluster Sh is valid (k = 2),
τ and dVPR are dynamically set from its statistics; otherwise, we default to
τdefault = 15 and dVPR,default = 1.7. The MSF is computed using Kruskal’s al-
gorithm, with strong-loop reinsertion bounded by τadd = 1.5τ . For BPL, the
observation likelihood scaling factor is λ = 10.

4.2 Data Collection and Ground Truth Pipeline

To rigorously evaluate Topomap metrics, ground-truth spatial connectivity is
required. As shown in Fig. 3, we developed an automated in-simulation pipeline
that exports 3D scene occupancy and converts it into a 2D traversability grid
based on the robot’s dimensions. Following [32], we use the Euclidean Signed
Distance Field (ESDF) [43] to extract the topological skeleton of the traversable
area. By applying non-maximum suppression along this skeleton, we sample
sparse and spatially uniform nodes. The underlying skeletal structure provides
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Table 2: Quantitative evaluation of topological graph construction on GRScenes. Ab-
lations compare our RAVEL with a Top-k ANN retrieval baseline and the variant
ablation of our method.

Method P R F1 Acc.

Top-k ANN 0.1245 0.9121 0.2156 0.9584
RAVEL w/o (MSF, AVP τ) 0.3676 0.7177 0.4496 0.9898
RAVEL w/o MSF 0.6910 0.4220 0.5157 0.9956
RAVEL (Ours) 0.7104 0.7656 0.7365 0.9970

Table 3: Robustness of RAVEL
Method Precision Recall F1-Score Accuracy
RAVEL+noise 0.6703 (-5.64%) 0.7072 (-7.63%) 0.6882 (-6.56%) 0.9963 (-0.07%)
CosPlace top 2+noise 0.4592 (-12.73%) 0.6615 (-7.00%) 0.5420 (-10.29%) 0.9936 (-0.12%)
CosPlace top 5+noise 0.2192 (-18.78%) 0.7739 (+1.10%) 0.3416 (-8.44%) 0.9826 (-0.27%)
ViNT top 2+noise 0.4197 (-19.30%) 0.6064 (-10.49%) 0.4961 (-15.70%) 0.9913 (-0.33%)
ViNT top 5+noise 0.2065 (-22.36%) 0.7976 (-3.27%) 0.3281 (-18.43%) 0.9769 (-0.48%)

the absolute ground-truth connectivity matrix used to evaluate the precision
and recall of RAVEL’s generated graphs. Further details are provided in the
Appendix.

4.3 Evaluation of RAVEL

Global Descriptors as Proxies for Geometric Verification. We first as-
sess the viability of using global descriptors as a fast-recall proxy for costly geo-
metric verification. Using CARLA data, we analyze the Pearson correlation (r)
between descriptor similarity and the ground-truth geometric score (LightGlue
+ RANSAC inliers). As shown in Figure 4, general-purpose features like ResNet
(a) and DINOv2 (b) exhibit weak, non-linear correlations, leading to severe per-
ceptual aliasing and false-positive retrievals. Similarly, ViNT’s temporal distance
(c) fails to reliably map to geometric overlap in unordered settings. Conversely,
the VPR-trained MegaLoc (d) demonstrates a strong, tightly-clustered linear
correlation with geometric reality. This confirms that VPR is strictly necessary
for the initial retrieval stage to filter candidates effectively without discarding
valid topological neighbors.
Mapping Performance Evaluation. Table 1 and Table 2 detail the graph con-
struction performance across 10 GRScenes. Retrieval-only baselines (CosPlace,
ViNT) highlight a fundamental tension: increasing the Top-k threshold boosts
recall but decimates precision, yielding poor F1 scores. This indicates that raw
appearance similarity cannot substitute for structural verification.

Our ablation (Table 2) reveals the mechanics of our solution. The adaptive-
threshold variant (Ours w/o MSF ) achieves high precision by pruning weak
visual matches, but suffers from low recall because purely local edge rejection
fragments the graph. Applying the MSF resolves this. By shifting the objective
from isolated edge evaluation to global structural coherence, the MSF recon-
structs a unified skeleton. This allows RAVEL to aggressively filter false pos-
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Table 4: Quantitative comparison of global localization under Global and Difficult
Path scenarios.

Scenario Metric Ours MegaLoc [3] ViNT [58] JIST [4]

All

Nodes 976 976 976 976
Success 932 889 845 829
Fail 44 87 131 147
Acc.(%) 95.49 91.09 86.58 84.94

Difficult
Path

Nodes 383 383 383 383
Success 360 341 270 315
Fail 23 42 113 68
Acc.(%) 93.99 89.03 70.50 82.25

Table 5: Comparison of localization accuracy of different methods under different
conditions. Results are reported as mean ± standard deviation across four datasets.

Condition Localization Accuracy

MegaLoc [3] JIST [4] ViNT [58] BPL (Ours)

Rotation 0.913 ± 0.104 0.722 ± 0.066 0.895 ± 0.044 0.966 ± 0.020
Rot + Gauss 0.743 ± 0.088 0.452 ± 0.177 0.885 ± 0.045 0.914 ± 0.038
Rot + Poisson 0.717 ± 0.114 0.445 ± 0.176 0.888 ± 0.037 0.896 ± 0.036
Rot + Crop 0.855 ± 0.151 0.525 ± 0.076 0.640 ± 0.096 0.945 ± 0.027

Average 0.807 ± 0.133 0.536 ± 0.167 0.827 ± 0.124 0.930 ± 0.040

itives while maintaining high recall, ultimately achieving the highest F1-score
and demonstrating robust generalization across diverse scenes.
Robustness to Visual Perturbations. To evaluate the robustness of our
graph construction against real-world sensor imperfections, we introduce a +noise
setting (Table 3). We apply a suite of random visual perturbations to the images
prior to mapping. This includes lighting variations (random brightness scaling
∈ [0.75, 1.25], RGB color shifting ±5%, contrast adjustments ∈ [0.85, 1.15], and
low-light Gaussian noise with σ ∈ [3, 10] triggered when brightness drops be-
low 0.9) and directional motion blur (random kernel lengths ∈ {3, 5, 7, 9, 11} at
angles ∈ {0◦, 45◦, 90◦, 135◦}).

As shown in Table 3, purely retrieval-based methods with VPR (CosPlace)
and temporal distance (ViNT) are highly sensitive to these pixel-level pertur-
bations, suffering massive drops in precision and F1-score. This confirms that
appearance-based distances alone degrade rapidly under environmental noise.
In contrast, RAVEL demonstrates remarkable resilience, experiencing only a
6.56% drop in F1-score. While the noise inevitably reduces the raw number
of local feature inliers, RAVEL’s geometric verification and the MSF’s global
structural constraints successfully prevent the corrupted images from forming
spurious edges, thereby preserving a high accuracy and structural integrity.

4.4 Evaluation of BPL

To evaluate localization, we simulate robot motion by collecting continuous im-
age streams along random trajectories in GRScenes. Crucially, these test images
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Table 6: Ablation Study for Belief Propagation Localization

k 1 2 3 4 5 1

Adaptive Fusion ✓ ✓ ✓ ✓ ✓ ✗

Acc. (%) 95.49 94.47 93.65 92.42 92.73 90.57

are captured at novel poses distinct from the reference nodes in the topologi-
cal graph. We introduce a Difficult Path subset, characterized by long routes,
large-angle turns, and low start-to-goal visual overlap.
Comparison with Other Paradigms. As shown in Table 4, BPL delivers
the highest accuracy. While baselines degrade noticeably on complex routes,
BPL’s performance remains stable. 1D temporal-distance methods like ViNT fail
significantly on challenging paths with intersections or loops. BPL’s robustness
stems from its graph-derived transition matrix, which seamlessly diffuses belief
over multi-hop neighborhoods, allowing probability mass to branch at junctions
and reconverge during loop closures.
Ablation for BPL. Table 6 analyzes BPL’s internal mechanisms. Modifying
the propagation depth (k) shows that performance is relatively stable, peak-
ing around 2–3 hops; excessive diffusion over-smooths the belief and slightly
increases errors. More importantly, disabling the entropy-adaptive fusion causes
a severe accuracy drop from 0.9549 to 0.9057. This proves that while structural
diffusion is helpful, dynamically weighting the prediction and observation based
on current uncertainty is the critical factor for resolving visual ambiguity.
Robustness to Perceptual Degradation. To evaluate the resilience of BPL
against real-world sensor noise and viewpoint shifts during live execution, we test
localization accuracy under severe image perturbations (Table 5). We use contin-
uous trajectories from each of four diverse datasets: RECON [55], SCAND [30],
GoStanford [24], and SACSoN [23]. The live query images are subjected to four
degradation conditions: pure angular viewpoint shift (Rotation), and rotation
compounded with Gaussian noise, Poisson noise, or random structural cropping.

As shown in Table 5, BPL achieves the highest and most stable localiza-
tion accuracy (averaging 0.930± 0.040) across all degradation conditions. While
pure VPR (MegaLoc), sequence smoothing (JIST), and temporal models (ViNT)
exhibit severe vulnerability to compounded pixel noise or structural occlusions,
BPL consistently maintains an accuracy above 0.89. This resilience validates our
entropy-adaptive fusion design: when severe perceptual degradation flattens the
observation likelihood, the filter dynamically shifts its reliance to the topologi-
cal prediction, leveraging the multi-hop spatial prior to coast through temporary
visual disruptions without losing track.

4.5 Evaluation of BASS

We evaluate BASS on random trajectories across GRScenes. Figures 5 and 7(a-
d) demonstrate our closed-loop execution: the robot smoothly tracks subgoals in
simple layouts, and dynamically replans recovery routes when BPL detects phys-
ical deviations exceeding Dthres in complex topologies. Furthermore, we compare
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(a)

(d)(c)

(b)

Fig. 5: BASS navigation in easy (a,c) and
hard (b,d) tasks. Green: start; red: goal;
blue: executed trajectory.

(a) Overview (b) Initial Planning

(c) Replanning (d) Kidnappd issue resolved  

Fig. 6: Real-world case. (a) Overview. (b)
Initial plan. (c) Replanning after devia-
tion. (d) Kidnapped-robot case resolved
via relocalization and replanning. Green:
planned path; red: observed deviation; or-
ange: replanned path.

Table 7: Comparison of Different Algorithms on GRScenes. "-A" means retraining
with only the action head loss function. "w. dtemp" denotes that localization with
temporal distance instead of BPL.

Method SR (%) Avg. Colli. Avg. SPL

Uni-Navid [76] 32.0 1.96 0.2391
UniGoal [74] 61.6 0.88 0.3176
ULVN+VINT-A [58] 31.0 1.13 0.812
ULVN+NoMaD-A [61] 54.3 0.94 0.7458
ULVN+ViNT w. dtemp [58] 59.6 0.88 0.7752
ULVN+ViNT [58] 68.1 0.76 0.8398
ULVN+NoMaD [61] 71.9 0.42 0.7978

ULVN against Uni-Navid, a state-of-the-art end-to-end model (Fig. 7e). While
Uni-Navid’s purely reactive, egocentric navigation suffers severe trajectory oscil-
lations, ULVN executes a smooth, efficient trajectory guided by its topological
graph. This confirms that lightweight structural memory is crucial for mitigating
the myopic planning inherent in purely reactive methods.

Table 7 quantitatively compares our framework against end-to-end baselines
and ablates local planner integrations. ULVN significantly outpaces purely re-
active models like Uni-Navid and UniGoal, achieving a peak Success Rate (SR)
of 71.9% with NoMaD and maintaining a substantially higher SPL. We also
ablate the temporal distance loss during the local planner’s training (denoted
as -A). Removing this loss severely degrades performance, particularly for the
regression-based ViNT, whereas the generative NoMaD is comparatively more
robust. This reveals that temporal distance acts as a crucial auxiliary training
signal. However, replacing our BPL filter with temporal-distance-based local-
ization during execution (ULVN+ViNT w. dtemp) reduces SR to 59.6%, proving
that while temporal distance benefits local control training, our VPR-based BPL
is strictly necessary for reliable global localization.

We observe a clear performance gap between localization accuracy (∼95%)
and navigation Success Rate (∼71%). This gap is primarily due to the physical
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(a) Initial Belief (b) Execution as Planning (d) Deviation and Replanning(c) Complex Intersection (e) Comparing with Uni-Navid

Fig. 7: Visualization of replanning and comparison with Uni-Navid.

limitations of the local planners. Specifically, limited obstacle perception and
oscillatory trajectory generation, which can occasionally cause the robot to fail
despite possessing the correct topological subgoal.

4.6 Real-world Evaluation

To validate sim-to-real transfer, we deployed ULVN on a Diablo wheeled robot
equipped with an Azure Kinect camera and NVIDIA Jetson Orin. Figure 6 il-
lustrates a representative trial. The initial planned route required a right turn,
but physical disturbances caused the robot to drift off-path. Because BPL con-
tinuously tracks the observation against the graph, the entropy-adaptive filter
concentrates belief on an off-route node. Once the topological distance between
the MAP node and the target subgoal exceeded our deviation threshold, BASS
successfully triggered a real-time replanning event, issuing new subgoals that
safely guided the robot to the destination. This confirms the framework’s prac-
tical viability for robust, odometry-free physical deployment.

5 Conclusion

We present ULVN, an image-goal navigation framework operating entirely from
unordered RGB image collections, eliminating the need for odometry or tempo-
ral priors. To resolve severe perceptual aliasing, our RAVEL pipeline constructs
a robust topological skeleton by reconciling local geometric verification with
global structural coherence. On this graph, our Belief Propagation Localization
(BPL) filter employs entropy-adaptive fusion to maintain reliable tracking de-
spite severe visual noise, structural occlusions, and complex loops. Supported
by this state estimation, our Belief-Aware Subgoal Search (BASS) enables con-
sistent closed-loop execution with dynamic drift recovery. Extensive sim-to-real
evaluations demonstrate that our mapping-then-navigating paradigm is highly
resilient to perceptual degradation and overcomes the myopic trajectory oscilla-
tions inherent in purely reactive end-to-end models. Ultimately, ULVN validates
lightweight topological memory as a highly scalable, robust solution for general-
izable navigation in unstructured environments.
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