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Abstract

Camera localization aims to estimate the six-degree-of-freedom camera pose from a single
RGB image and is essential for robotics, autonomous navigation, and augmented reality.
Despite recent progress in learning-based localization, robust pose estimation remains chal-
lenging under large viewpoint changes, occlusions, repetitive textures, and complex scene
layouts. Existing methods mainly rely on local feature matching or independent feature
regression, while the structural dependencies among multi-scale visual representations
are not fully explored. To address this issue, we propose Uncertainty-aware Bidirectional
Graph Learning (UBGL) for RGB-based camera localization. UBGL extracts hierarchical
visual features and converts them into graph-structured representations, where nodes de-
scribe scene information at different semantic levels. A bidirectional graph learning module
is introduced to exchange information between low-level geometric cues and high-level
contextual features, enabling joint modeling of local correspondences and global scene
structure. In addition, an uncertainty-aware relation modeling strategy estimates the relia-
bility of graph connections and helps reduce the influence of unstable feature interactions
during graph reasoning. The refined graph representations are then projected into dense
scene-coordinate maps, and the final camera pose is recovered using a differentiable pose
solver. Experiments on the 7Scenes and Cambridge Landmarks datasets show that UBGL
achieves competitive localization accuracy, especially improving rotation estimation on the
7Scenes benchmark while maintaining comparable performance on Cambridge Landmarks.
Ablation studies further demonstrate the effectiveness of bidirectional graph interaction
and uncertainty-aware relation modeling.

Keywords: camera localization; Bayesian learning; bidirectional learning; graph convolutional
network; multi-scale feature extraction

1. Introduction
Camera localization refers to the estimation of the six-degree-of-freedom pose of

a camera from visual observations. In particular, single-image RGB-based localization
has attracted considerable attention because of its importance in many computer vision
applications [1–7], such as intelligent driving [8,9], mobile robotics [10,11] and AR/VR
systems [12–17]. By providing the geometric pose of the camera, localization enables mobile
platforms to understand their position in the scene and perform downstream tasks such as
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navigation, mapping, and path planning. However, robust localization remains challenging
in unconstrained environments, where dynamic obstacles, partial occlusions, appearance
variations, repeated structures, and viewpoint changes can significantly degrade pose
estimation accuracy.

With the rapid development of deep neural networks, learning-based camera localiza-
tion has been widely investigated in recent years. Beyond camera localization, deep learning
has also significantly advanced many low-level and high-level vision tasks. In particular,
transformer-based architectures have shown strong capability in modeling long-range
dependencies and adaptive contextual information. Recent transformer-based models have
also been applied to low-level vision tasks such as remote sensing image super-resolution.
For example, TTST [18] introduces a top-k token selective transformer to reduce redundant
token interactions and aggregate informative visual context. These advances motivate the
exploration of structured feature interaction mechanisms for robust visual localization.
Early studies formulated camera pose estimation as a direct regression problem, where
a neural network predicts the camera pose from an input image. PoseNet [19] is one of
the first end-to-end CNN-based frameworks for absolute camera pose regression, and a
series of follow-up methods [3,20–24] have further improved this paradigm by introducing
geometric constraints, temporal modeling, attention mechanisms, and prior knowledge.
Although these methods are simple and efficient, their localization accuracy is still lim-
ited because directly regressing the pose vector does not explicitly model the underlying
scene geometry. In particular, the translation and rotation components are highly coupled,
and the rotation parameters cannot be treated as fully independent variables due to the
influence of rotation order and geometric consistency.

To better exploit 3D scene structure, another line of work converts camera localization
into a scene coordinate regression problem, where the network predicts dense correspon-
dences between image pixels and 3D scene points. SANet [25] learns a scene-agnostic
representation by extracting scene information from reference images and associated 3D
point clouds. Zhou et al. [2] incorporated Kalman filtering into the localization frame-
work to exploit temporal priors and likelihood estimation. DSM [26] introduced dense
scene matching for scene-agnostic localization and showed its potential extension to se-
quential settings. Recent studies have further advanced scene coordinate regression from
different perspectives, including hierarchical coordinate classification and regression [27],
scene-agnostic coordinate regression [28], robust large-scale localization [29], and large-
scale SCR training strategies [30]. However, many structure-based approaches still rely
on non-differentiable post-processing steps, such as PnP, to obtain the final camera pose,
which prevents fully end-to-end optimization, as illustrated in Figure 1. DSAC [4] and its
extensions [1,31] addressed this issue by introducing differentiable pose solvers based on
RANSAC and PnP. Nevertheless, these methods mainly focus on coordinate prediction
and pose optimization, while the contextual dependencies among visual features are not
sufficiently explored for further improving localization robustness and accuracy. Existing
graph-based localization methods mainly exploit view-level or single-level feature relations,
while bidirectional interactions among multi-scale visual representations [32–36] remain
insufficiently modeled. In addition, most existing localization networks rely on determinis-
tic feature affinities, which can be unreliable under occlusions, repetitive textures, weakly
textured regions, or large viewpoint changes. Therefore, it remains important to develop
a localization framework that can jointly capture cross-scale structural dependencies and
model the reliability of graph relations.

To address these limitations, we further leverage semantic clustering techniques and
graph convolutional networks for structured feature reasoning. Based on this motivation,
we propose the Uncertainty-aware Bidirectional Graph Learning (dubbed UBGL) frame-
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work for camera localization by modeling affinities among multi-scale deep features. First,
we build multi-scale graphs to summarize and distill the semantic knowledge of CNN
features and further devise a novel bidirectional communication approach to interweave
graph convolution between graphs at different scale layers. Then, we adopt the Bayesian
probabilistic learning [37–39] to construct a more reliable graph structure after the com-
munication. Finally, we fuse the features re-projected from multiple layers to predict the
effective scene representation, i.e., scene coordinate map. The final camera pose is estimated
using a differentiable pose solver [31], which also allows gradients to be propagated back
to the predicted scene coordinate map.

Differentiable
Pose SolverEnd-to-end

Manual

(a) Different learning manners for camera localization.
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Figure 1. Learning manner and localization accuracy. (a) Prior scene coordinate regression methods
require a separate PnP step, while differentiable pose solvers allow end-to-end pose learning. (b) On
7Scenes [40], UBGL achieves competitive translation accuracy and reduces the average rotation error
by 36.8% compared with DSAC* [1].

Extensive experiments demonstrate that UBGL achieves competitive performance on
the indoor 7Scenes dataset [40] and the outdoor Cambridge Landmarks benchmark [19].
During inference, UBGL only takes a single RGB image as input and does not require depth
maps or explicit 3D scene models. During training, ground-truth camera poses and camera
intrinsics are used to supervise scene-coordinate learning through reprojection consistency
and subsequent differentiable pose optimization.

• We propose a novel graph-based technique to capture scene-structure knowledge in
a unified end-to-end framework. Different from existing localization methods, our
approach explores bidirectional communication among multi-scale graphs to model
structural relationships for camera localization.

• We introduce an uncertainty-aware strategy for modeling intra-graph affinities.
Instead of directly using self-correlation affinities in conventional graph convolution,
the proposed method incorporates a probabilistic learning scheme to evaluate the
reliability of graph relations and enhance the graph representations after bidirec-
tional communication.
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• Competitive performance on widely used benchmarks. Extensive experiments show
that UBGL achieves competitive results on representative indoor and outdoor camera
localization benchmarks, including 7Scenes [40] and Cambridge Landmarks [19].
In particular, UBGL obtains strong rotation accuracy on 7Scenes and comparable
outdoor localization performance on Cambridge Landmarks.

2. Related Work
This section reviews the research most relevant to our work. For a broader and more

systematic discussion of camera localization, visual SLAM, and related visual positioning
techniques, readers may refer to existing survey papers [41–45].

2.1. Learning-Based Camera Localization

Learning-based camera localization methods can be broadly divided into three cat-
egories: retrieval-based relative localization [3,46–48], regression-based absolute pose
localization [19,21], and structure-based absolute localization [1,2,25]. Retrieval-based
methods usually rely on image retrieval techniques [49–52] to search for reference images
that are visually close to the query image, and then estimate the relative pose through a
coarse-to-fine localization process. For example, CAMNet [3] combines image retrieval
and relative pose estimation in a cascaded framework to infer the final camera pose. These
methods are generally flexible and can be applied to unseen scenes. However, their perfor-
mance often depends on the quality and scale of the reference database, which may lead
to high computational and storage costs during retrieval. Another representative line of
work formulates camera localization as a direct pose regression problem. PoseNet [19] is
one of the earliest CNN-based frameworks that directly regresses the absolute camera pose
from a single image. Subsequent studies [20,48,53] followed this paradigm and improved
it by introducing uncertainty modeling, geometric constraints, or additional supervision.
AtLoc [21] further incorporated self-attention into the pose regression framework to capture
more informative visual representations. Although direct pose regression methods are sim-
ple and efficient, their accuracy is usually limited because they do not explicitly exploit 3D
scene structure or geometric correspondences. According to multi-view geometry [10,17],
camera poses are strongly constrained by scene geometry. Therefore, structure-based
methods aim to improve localization accuracy by recovering or exploiting scene structural
information. KFNet [2] introduces a Bayesian framework to integrate temporal informa-
tion from consecutive frames for scene structure learning. SANet [25] combines image
retrieval and 3D point clouds to learn a scene-agnostic localization model. Recent scene
coordinate regression methods have further advanced this direction. HSCNet++ [27] per-
forms hierarchical scene coordinate classification and regression with transformer-based
representations. SACReg [28] explores scene-agnostic coordinate regression to improve
generalization across scenes. R-SCoRe [29] revisits scene coordinate regression for robust
large-scale visual localization, while CoLoR [30] further investigates effective training
strategies for large-scale scene coordinate regression. In parallel, vision foundation models
have recently shown strong transferability for dense prediction, matching, and geometric
perception tasks. Models such as SAM [54] and DINOv2 [55] provide general-purpose
visual representations that can benefit downstream visual understanding. Although these
foundation models are not specifically designed for camera localization, they highlight the
importance of robust and transferable visual representations for localization-related tasks.

In general, structure-based methods can achieve strong localization performance by
introducing geometric constraints. However, many early approaches still require a separate
PnP step to recover the final camera pose, which limits end-to-end optimization. DSAC [4]
addressed this issue by introducing a differentiable RANSAC-based pose solver, making
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end-to-end camera pose learning feasible. DSAC* [1] further integrates differentiable
pose optimization with deep scene coordinate regression. Nevertheless, most existing
methods mainly focus on coordinate prediction and pose solving, while the contextual
relationships among multi-level visual features are still not sufficiently modeled. In contrast,
our UBGL explicitly explores graph-based structural reasoning and uncertainty-aware
relation modeling to enhance camera localization. To further clarify the novelty of UBGL,
Table 1 summarizes what UBGL adds compared with representative recent localization
methods. In brief, UBGL explicitly combines multi-scale graph projection, bidirectional
graph communication, uncertainty-aware relation modeling, and graph reprojection for
scene-coordinate-based camera localization.

Table 1. Summary of methodological novelty. UBGL complements recent localization methods by
explicitly modeling multi-scale graph communication and uncertainty-aware graph relations before
scene-coordinate prediction.

Method Main Focus What UBGL Adds

CNN+GNN [56] Graph reasoning for camera
relocalization.

Multi-scale single-image graph
construction and bidirectional
cross-scale communication.

NeuMap [57] Neural coordinate mapping.
Explicit graph-structured feature
interaction before coordinate pre-
diction.

HSCNet++ [27] Transformer-based hierarchi-
cal coordinate regression.

Uncertainty-aware graph rela-
tion modeling rather than deter-
ministic attention only.

CoLoR [30] Large-scale SCR training strat-
egy.

Feature-level graph reasoning
and probabilistic relation learn-
ing.

UBGL (ours) Uncertainty-aware bidirec-
tional graph learning.

Jointly combines multi-scale
graph projection, bidirectional
graph communication, UGC,
and graph reprojection.

2.2. Graph Convolutional Network

Recently, graph convolutional networks (GCNs) have shown strong capability in
modeling non-Euclidean data and have been successfully applied to many vision and
learning tasks, such as object detection and segmentation [58–62], crowd counting [61,63],
face recognition [64], knowledge graph reasoning [65–67], 3D model retrieval [68], optical
flow [69] and video/image-text retrieval [70–72]. By representing features as graph nodes
and propagating information through graph edges, GCNs provide an effective way to
capture long-range dependencies and structural relationships among visual representations.
For example, Luo et al. [60] designed a cascaded graph model to integrate multi-scale
and cross-modality cues for salient object detection. Zhang et al. [64] introduced an
adaptive graph convolutional model with attention-based graph clustering for co-saliency
detection. Zhai et al. [58] developed a graph learning framework to exploit the mutual
benefits between camouflaged object detection and edge extraction. Nie et al. [68] proposed
a multi-branch graph convolutional network for 2D-image-based 3D model retrieval,
while Wang et al. [70] employed a coarse-to-fine graph neural network for video-text
retrieval. More recently, graph learning has also been combined with state-space models
for efficient long-range dependency modeling. For example, GraphMamba [73] adopts a
graph-driven selective state space model for whole-slide image classification, showing that
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graph-structured reasoning can also benefit large-scale medical image understanding tasks.
These recent advances further demonstrate the flexibility of graph-based modeling beyond
conventional GCN architectures.

For camera localization, Xue et al. [56] constructed a view graph to model relationships
among multiple views. However, existing graph-based localization methods mainly focus
on single-level graph reasoning, and the interactions among graphs built from different
feature scales are still insufficiently explored. This limits their ability to jointly capture fine-
grained geometric cues and high-level contextual information. To address this issue, we
propose a pyramid bidirectional graph module that enables complementary information
exchange across multi-scale graphs. In this way, the proposed UBGL can learn more
discriminative visual representations and improve the accuracy and robustness of camera
pose estimation.

2.3. Bayesian Deep Learning

Bayesian neural networks (BNNs) [38,74–78] extend standard neural networks with
posterior inference and are effective for modeling predictive uncertainty. Such uncertainty-
aware techniques have been successfully applied to many computer vision tasks, such
as camouflaged object detection [59,79], person re-identification [80], semantic segmenta-
tion and scene parsing [37,81], and medical image analysis [82]. Yang et al. [59] further
demonstrated the effectiveness of uncertainty-guided transformer reasoning for camou-
flaged object detection. Motivated by these works, we introduce an uncertainty-aware
graph convolutional module to model intra-graph affinities from a probabilistic perspective.
This design allows UBGL to evaluate the reliability of graph relations and reduces the
influence of unstable feature interactions, thereby improving the stability and accuracy of
camera localization.

3. Our Approach
3.1. Camera Localization Formulation

We denote the proposed camera localization network as SΘ, where Θ represents the
learnable parameters. Given a single RGB image I ∈ RH×W×3, the network predicts its
six-degree-of-freedom (6DoF) camera pose P = [ω, x, y, z | t1, t2, t3], where [ω, x, y, z] and
[t1, t2, t3] indicate the camera orientation and translation with respect to the world coordi-
nate system, respectively. Given a calibrated training set {Ii, K, Pi}N

i=1, where Ii is the ith
training image, K denotes the camera intrinsic matrix, and Pi is the corresponding ground-
truth camera pose, our objective is to optimize Θ so that the model can learn discriminative
visual representations and structural scene cues for accurate camera localization.

3.2. Overview

This work introduces an Uncertainty-aware Bidirectional Graph Learning framework,
namely UBGL. As illustrated in Figure 2, the proposed framework is organized into
three main modules:

• Multi-scale Graph Projection (Section 3.3.1). Given an image I ∈ RH×W×3, our
multi-scale graph projection, denoted as fMGP, contains two parts: multi-scale feature
extractor (backbone) fMFE and graph projection module fGProj. fMFE takes the image I
as input, and produces feature embeddings F ∈ Rh×w×c. Then, F are encoded into a

hierarchical form {Fl}L
l=1 by pyramid pooling: I

fMFE→ {Fl}L
l=1. Following [58], fGProj

projects {Fl}L
l=1 to the graph domain to generate multi-scale graph representations:

G = {Gl = (Vl , El)}L
l=1: {Fl}L

l=1
fGProj→ {Gl}L

l=1.
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• Bidirectional Graph Communication (Section 3.3.2). The hierarchical graphs Gl are
further transferred by level-independent GCNs to generate the residual graphs G1

l and
G2

l . Then, the bidirectional interaction flows ffwc and fbwc are carefully designed for
information communication through Cross Attention Transform (CAT) fCAT, which
is used to transfer valuable knowledge between different levels. Formally, ffwc :

{G1
l }

fCAT→ {G f
l } and fbwc: {G2

l }
fCAT→ {Gb

l }. Last, {G f
l } and {Gb

l } are summed together
to yield the enhanced graphs {Ğl}.

• Uncertainty-aware Graph Convolution (Section 3.3.3). Finally, the Bayesian-learning-
based uncertainty-aware graph convolution fUGC takes {Ğl} as input and produces the

learnable graph adjacency matrix to refine the graph structure {G∗
l }: {Ğl}

fUGC→ {G∗
l }.

Next, the graph reprojection operation fReproj is used to transform the refined pyra-
mid graphs back into the image-coordinate space, yielding the concatenated feature
representation F∗ = cat({F∗l }

L
l=1) = cat( fReproj({G∗

l }
L
l=1)). The scene coordinate map

SC is then predicted from F∗ through fFC, i.e., F∗ fFC−→ SC. Finally, the estimated
scene coordinate map is passed to a differentiable pose solver [1] to recover the final
camera pose.

GT pose predicted pose
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Figure 2. Architecture of the proposed UBGL framework for camera localization. The model
constructs multi-scale graph representations from CNN features, performs bidirectional cross-graph
interaction through the cross-graph attention transform module, and predicts the scene coordinate
map for final pose estimation. More implementation details are provided in Section 3.3.

3.3. Uncertainty-Aware Bidirectional Graph Learning

Before introducing each module, we first define the dimensional convention used in the
following sections. For the lth feature level, the feature map is denoted as Fl ∈ RHl×Wl×C.
We flatten it into Xl ∈ RSl×C, where Sl = HlWl . The graph projection module maps Xl into
Kl graph nodes, represented by Vl ∈ RKl×C. The corresponding soft assignment matrix is
denoted as Ql ∈ RSl×Kl , where each row records the assignment weights from one spatial
position to all graph nodes. The intra-graph adjacency matrix is Al ∈ RKl×Kl . After graph
reasoning and uncertainty-aware graph convolution, the refined graph representation
remains V∗

l ∈ RKl×C. Finally, graph reprojection maps the refined graph nodes back to the
image domain by X∗

l = QlV∗
l ∈ RSl×C, which is then reshaped into F∗

l ∈ RHl×Wl×C.

3.3.1. Multi-Scale Graph Projection

The multi-scale graph projection module fMGP aims to transform dense image features
into hierarchical graph representations, thereby enabling structured reasoning at multiple
semantic scales. Given I ∈ RH×W×3, we first use a CNN-based feature encoder fFE, e.g., a
ResNet-FCN backbone, to extract a high-level visual embedding:

F = fFE(I), (1)
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where F ∈ Rh×w×c is the resulting feature tensor with spatial resolution h × w and c
channels. It encodes the global semantic response while retaining the original spatial
arrangement. We then perform multi-scale pooling over F to generate a pyramid of feature
maps {Fl}L

l=1:
{Fl}L

l=1 = fMFE(F). (2)

Finally, each feature level is mapped into a semantic graph representation Gl = (Vl ,Al)

by applying the graph projection function fGProj independently. Following [58,83,84], this
projection is achieved through learnable local residual aggregation. For the lth level, we
use learnable anchor centers Wl ∈ RKl×C and scale parameters σl ∈ RKl×C. Each vector
wl,j in Wl represents the anchor center of the jth graph node.

vl,j =
v′l,j

∥v′l,j∥2
, v′l,j =

1

∑Sl
i=1 ql,ij

Sl

∑
i=1

ql,ij

(
xl,i − wl,j

σl,j

)
, (3)

where xl,i is the ith row of Xl , σl,j is the jth scale vector in σl , and vl,j is the jth node
feature in Vl . The soft assignment weight ql,ij between spatial feature xl,i and anchor wl,j is
computed as

ql,ij =

exp
(
−
∥∥∥ xl,i−wl,j

σl,j

∥∥∥2

2
/2
)

∑Kl
k=1 exp

(
−
∥∥∥ xl,i−wl,k

σl,k

∥∥∥2

2
/2
) . (4)

Collecting all assignment weights gives Ql ∈ RSl×Kl . Given the node matrix Vl ∈ RKl×C,
the adjacency matrix is constructed by normalizing pairwise node correlations:

Al = fnorm
(
VlVT

l

)
∈ RKl×Kl . (5)

where Al denotes the normalized node-relation matrix at the lth feature level, and fnorm is
the normalization function.

3.3.2. Bidirectional Graph Communication

BGC aims at explicitly establishing communication between different scales and
contains three operations/functions: (1) Graph Reasoning fGR, (2) Bidirectional (for-
ward/backward) Communication ffwc, fbwc, and (3) Fusion ffuse.

(1) Graph Reasoning fGR. Given the multi-scale graphs produced by the graph projec-
tion module, we apply intra-graph reasoning to each graph G ∗ l through f ∗ GR to refine
its node representations. In our implementation, fGR is instantiated with graph convolu-
tion [85]. At each scale, two graph reasoning branches are introduced to support forward
and backward information propagation. These branches perform graph convolution in
parallel while allowing their reasoning processes to interact, thereby enabling bidirectional
communication within the graph representation:

V k
l = f k

GR(Vl ,Al) = g(AlVlWk
l ), k = 1, 2, (6)

where Wk
l ∈ RC×C is the learnable transformation matrix, and V k

l ∈ RKl×C keeps the same
node dimension as Vl .

(2) Bidirectional Communication. The knowledge transfer scheme is the key for
communication. Inspired by [86], we carefully design a knowledge transfer module to
effectively communicate valuable information between graphs at different scales. As shown
in Figure 3, the cross-attention transform module fCAT transfers information from a source
graph to a target graph. Given a source graph node matrix Vs ∈ RKs×C and a target graph
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node matrix Vt ∈ RKt×C, CAT first computes the cross-graph attention matrix from target
nodes to source nodes:

Ms→t = fnorm
(
VtVT

s

)
∈ RKt×Ks . (7)

The source information transferred to the target graph is then obtained by

V̂t = Ms→tVs ∈ RKt×C. (8)

Finally, the target graph is updated as

V ′
t = fGR

(
Vt + χV̂t

)
, (9)

where χ controls the contribution of the transferred source information. This formulation
keeps the output dimension identical to the target graph and therefore allows communica-
tion between graph levels with different node numbers Ks and Kt.

��
�

t

t

×

+
Multiply

Element-wise
sum

Transpose

GCN
Affinity

intra-norm

+ × t

softm
ax

softm
ax

Aggregation

��
� ��

�

��
� ��

’����

Figure 3. Illustration of the Cross-graph Attention Transform. CAT performs information ex-
change between two graph representations. Given two graphs G1 = (V1,E1) and G2 = (V2,E2),
the proposed transform uses the structural and semantic relations across graphs to update V2 into
the enhanced representation V′

2. More details are provided in Section 3.3.2.

Based on the above CAT operation, we implement bidirectional communication across
feature levels. The forward flow ffwc transfers information from high-level semantic graphs
to lower-level graphs:

V f
l−1 = fCAT(V1

l ,V1
l−1), l = 2, . . . , L, (10)

where V1
l is the source graph, and V1

l−1 is the target graph. The output V f
l−1 has the same

dimension as the target graph, i.e., V f
l−1 ∈ RKl−1×C. The top-level graph V f

L is directly
inherited from the graph reasoning branch.

In contrast, the backward flow fbwc transfers information from lower-level graphs to
higher-level graphs:

V b
l+1 = fCAT(V2

l ,V2
l+1), l = 1, . . . , L − 1, (11)

where V2
l is the source graph, and V2

l+1 is the target graph. The output V b
l+1 has the same

dimension as the target graph, i.e., V b
l+1 ∈ RKl+1×C. The bottom-level graph V b

1 is directly
inherited from the graph reasoning branch.

https://doi.org/10.3390/electronics15143109

https://doi.org/10.3390/electronics15143109


Electronics 2026, 15, 3109 10 of 25

(3) Fusion ffuse. After forward and backward communication, the enhanced graph
representations are fused at each level by element-wise summation:

V̆l = V f
l + V b

l ∈ RKl×C. (12)

Since both V f
l and V b

l are defined at the same feature level, they have identical dimensions
and can be directly fused.

3.3.3. Uncertainty-Aware Graph Convolution

We formulate the uncertainty-aware graph convolution module fUGC as a probabilistic
representation learning process to estimate the reliability of intra-graph affinities. Different
from conventional graph convolution that directly uses a deterministic affinity value,
such as a self-correlation matrix, fUGC predicts a probability distribution for each edge
relation between two graph nodes. In this work, the edge affinity is modeled with a
Gaussian distribution parameterized by the mean µe and the variance σe. Therefore,
the correlation score ce between two nodes is treated as a random variable sampled from
the learned distribution:

ce ∼ N (µe, σe), (13)

where µe and σe are generated by UGC, as illustrated in Figure 4.
For a graph at level l, each edge relation between node i and node j is represented

by a random affinity variable cl,ij. Instead of using a single deterministic correlation score,
UGC predicts the mean µl,ij and standard deviation σl,ij of this affinity distribution from
the node features. The mean represents the expected relation strength, while the standard
deviation reflects the uncertainty of the relation. This probabilistic formulation allows
graph convolution to aggregate information over sampled relation matrices rather than
relying on one fixed adjacency matrix.

Specifically, we employ the reparameterization strategy to sample edge affinities.
For the tth sampling step, a noise variable ϵ

(t)
l,ij is drawn from a standard Gaussian distribu-

tion, i.e., ϵ
(t)
l,ij ∼ N (0, 1). The sampled affinity is then obtained as

c(t)l,ij = µl,ij + σl,ijϵ
(t)
l,ij, t = 1, . . . , T. (14)

After drawing T samples, the sampled affinities are averaged and normalized to obtain the
uncertainty-aware affinity matrix Au

l . Finally, Au
l is used in graph convolution to further

refine the pyramid graph representations:

V∗
l = fUGC(V̆l) = g(Au

l V̆lWl) ∈ RKl×C. (15)

Here, Au
l ∈ RKl×Kl is the uncertainty-aware adjacency matrix for the lth graph level,

and Wl ∈ RC×C is a learnable graph-convolution weight matrix.
To recover dense image-level features from the refined graph representations, we reuse

the soft assignment weights obtained during graph projection. For the lth feature level,
the assignment matrix is denoted as Ql = [ql,ij] ∈ RSl×Kl , where ql,ij records the assignment
response from the ith spatial position to the jth graph node. The graph reprojection
operation fRproj is defined as

X∗
l = fRproj(V∗

l ) = QlV∗
l , Ql ∈ RSl×Kl , X∗

l ∈ RSl×C. (16)

The reprojected matrix X∗
l is then reshaped into F∗

l ∈ RHl×Wl×C, which denotes the repro-
jected feature map at the lth scale.
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The reprojected feature maps {F∗
l }

L
l=1 from different scales are first resized to a com-

mon spatial resolution and then concatenated to form the aggregated feature representation.
Based on this fused representation, the scene coordinate map SC is regressed. Finally, a dif-
ferentiable pose solver [1] is adopted to estimate the camera pose and propagate gradients
back to the scene coordinate prediction, enabling end-to-end optimization.

×t

random 
sampling

t

×

+

Multiply

Element-wise sum

��

�
��

∗

Conv Conv

�(0,�) + �(�,�)

� � Transpose

GCN

average
pooling

softmax

��
∗

�∗

��

Figure 4. Illustration of UGC. UGC predicts the mean and variance of graph relations, samples
probabilistic edge affinities through reparameterization, averages sampled affinities to obtain an
uncertainty-aware adjacency matrix, and performs graph convolution with the estimated relation
matrix. The module is used to reduce the sensitivity of graph reasoning to unstable feature relations.

3.4. Implementation Details
3.4.1. Multi-Scale Graph Projection Module

Following existing scene-coordinate regression methods [1], we employed ResNet-
18 [87] as the backbone. We constructed N = 3 feature levels by performing average
pooling on the backbone output feature map. Following [84], fGproj was designed based
on learnable residual aggregation, where feature residuals were computed with respect
to a set of learnable anchor centers. The resulting multi-scale feature maps {Fl}N

l=1 were
then projected into semantic graphs with Kl ∈ {8, 16, 32} nodes for the three feature
levels, respectively.

3.4.2. Bidirectional Graph Communication Module

For CAT, Equations (7)–(9) define the cross-graph information propagation process.
In our implementation, we set χ = 1.0. The function fGR was realized by learnable
GCNs [85] with a ReLU activation layer.
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3.4.3. Uncertainty-Aware Graph Learning

The mean and variance of intra-graph relations were implemented by MLPs (3× 1 con-
volution layers), respectively. No manually tuned uncertainty threshold was used in UGC.
Instead, the relation mean and variance were predicted by learnable layers and optimized
jointly with the localization objective. The reparameterized sampling followed a standard
Gaussian noise prior, i.e., ϵ ∼ N (0, I). The main hyperparameter related to uncertainty esti-
mation was the Monte Carlo sampling number T, whose sensitivity is analyzed in Section 4.

3.4.4. Prediction Head and Optimization Objective

Given the refined graph features, we employed a prediction head composed of three
fully connected layers to generate the scene coordinate map SC. The entire network was
optimized with a coarse-to-fine training schedule. During the first 50 epochs, the model
was trained with the reprojection loss to stabilize scene coordinate prediction:

Lreproj(y, h) = ||p − Kh−1y||. (17)

It should be noted that RGB images are the only network input at both training and
inference stages. During training, the ground-truth camera pose h and intrinsic matrix K
are used only to define geometric supervision for the predicted scene coordinates through
reprojection consistency. The method does not require depth maps or explicit 3D scene
models as network inputs, but it is not a purely self-supervised objective. Since reprojection
supervision alone can be ambiguous along camera rays, we used it only as a warm-up
objective to stabilize the initial scene-coordinate prediction.

In practice, directly optimizing the differentiable pose loss from random initialization
can be unstable because early scene-coordinate predictions are noisy. Therefore, we adopted
the above coarse-to-fine training schedule. The reprojection loss was first used for 50 epochs
to warm up the scene-coordinate prediction, and the differentiable pose loss was then
applied for another 50 epochs to optimize the final camera pose. We did not use additional
special training tricks beyond the reported data augmentation, Adam optimizer, and the
two-stage training schedule. This strategy led to stable convergence in our experiments.
Specifically, the gradient of the pose loss with respect to the predicted scene coordinates
was computed through differentiable sampling and pose estimation:

Lpose(y, h) = Ej∼p(j|y)[lpose(y, h)], (18)

∂

∂y
Lpose(y, h) = Ej

[
lpose(y, h)

∂

∂y
log p(j|y) + ∂

∂y
lpose(y, h)

]
. (19)

Here, lpose(y, h) denotes the pose loss of a hypothesis obtained by applying PnP to a
randomly sampled set of scene coordinates from y. The term Lpose(y, h) represents the
expected pose loss over all hypotheses sampled according to the probability distribu-
tion p(j|y). Unlike the single-point reprojection warm-up, this pose-level objective con-
strains the predicted scene coordinates through multi-point geometric consistency. In this
two-stage optimization, the warm-up stage encourages each predicted scene coordinate
to be geometrically compatible with its image location under the known training pose
and intrinsics, while the pose-level stage evaluates whether a sampled set of predicted
coordinates can jointly recover the correct camera pose. Degenerate or unreliable coor-
dinate predictions that may satisfy isolated reprojection constraints but cannot support
a consistent camera pose lead to large pose errors and are therefore discouraged during
optimization. In this way, the training process first stabilizes coordinate prediction with
reprojection consistency and then refines it using differentiable pose supervision.
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4. Experiments
4.1. Evaluation Protocol
4.1.1. Benchmark Datasets

Following prior camera localization studies [1,2,4], we evaluated the proposed method
on one indoor benchmark and one outdoor benchmark:

• The 7Scenes dataset [40] is an RGB-D camera localization benchmark composed
of seven small indoor scenes. The images and ground-truth camera poses were
collected using a handheld KinectFusion system [88]. Each scene contains thousands
of training and testing images, covering challenging factors such as motion blur,
reflective surfaces, repetitive structures, and textureless regions.

• The Cambridge Landmarks dataset [19] is a large-scale outdoor localization bench-
mark captured around the University of Cambridge, UK. Compared with indoor
benchmarks, this dataset contains fewer images per scene, typically on the order of
hundreds, but covers a much larger spatial area and more complex outdoor appear-
ance variations.

For both datasets, UBGL took a single RGB image as the network input during both
training and inference. During training, the corresponding ground-truth camera poses and
camera intrinsics were used only as geometric supervision for scene-coordinate learning
and differentiable pose optimization. During inference, no ground-truth camera pose,
camera intrinsics for supervision, depth map, or explicit 3D scene model was required as a
network input.

4.1.2. Evaluation Metric

Consistent with existing camera localization studies [1,2,4,26], we evaluated pose
estimation accuracy with the median rotation error (MRE, ◦) and median translation error
(MTE, m). The scene-level median errors were further averaged across all scenes to sum-
marize the final localization performance. For the Cambridge Landmarks benchmark, we
report two averaging protocols to avoid ambiguity. Avg-4 was computed over KingsCol-
lege, ShopFacade, StMarysChurch, and OldHospital, following the commonly reported
four-scene protocol in several prior works. Avg-5 additionally includes GreatCourt when
the corresponding result was available.

4.1.3. Representative Baselines

We compared UBGL with representative camera localization methods rather than
claiming to include all recently published methods. The compared methods covered several
major categories, including absolute pose regression, retrieval-based localization, relative
pose estimation, and scene coordinate regression. We also included transformer-related
localization methods when reported results were available, such as TransPoseNet [89],
and discussed HSCNet++ [27] in related work. Specifically, we compared our approach
against absolute pose regression networks such as PoseNet [19], PoseNet17 [20], Map-
Net [22], and AtLoc [21]. We also compared with retrieval or relative-pose-based methods,
including CAMNet [3], InLoc [90], and RelocNet [46]. In addition, we included structure-
based and scene-coordinate-regression methods such as KFNet [2], SANet [25], DSAC [4],
DSAC++ [31], DSAC* [1], DSM [26], and NeuMap [57].

The results of competing methods were collected from their original publications.
Since different methods may use different input modalities, reference images, temporal
information, 3D point clouds, depth maps, scene-specific training strategies, or different
training protocols, the comparison should be interpreted as a representative benchmark
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comparison rather than a strictly controlled comparison under identical settings. Therefore,
we avoid drawing overly broad conclusions from these results.

4.1.4. Training Configuration

UBGL was trained from scratch, and all learnable parameters were initialized ran-
domly, including those in the ResNet-18 backbone [87]. For image preprocessing, we
preserved the original aspect ratio and normalized the input resolution by resizing the
image height to 480 pixels. During training, several data augmentation strategies were
applied, including Gaussian blurring, color perturbation, and random rescaling with scale
factors sampled from [0.8, 1.2]. We optimized the network using Adam, with the initial
learning rate set to 1 × 10−4.

4.1.5. Implementation Environment

The proposed UBGL framework was developed with PyTorch 1.13.1. The training
stage was carried out on an NVIDIA Tesla V100 GPU to support a larger batch size.
During evaluation, all models were tested on an NVIDIA GTX Titan X GPU equipped with
12 GB of memory.

4.2. Comparison with Existing Methods
4.2.1. Indoor Localization on the 7Scenes Dataset [40]

As reported in Table 2, UBGL achieves the best average rotation error and a tied
best average translation error after rounding among the compared methods. Specifically,
UBGL obtains an average translation error of 0.027 m, which is comparable to DSAC* [1].
The main advantage of UBGL lies in the rotation estimation: compared with KFNet [2],
UBGL reduces the average MRE from 0.98◦to 0.89◦, and compared with DSAC* [1], it
reduces the average MRE from 1.411◦to 0.89◦. These results indicate that UBGL can better
handle visual ambiguity in indoor camera localization and produce more reliable pose
estimates. The trajectory visualization in Figure 5 further demonstrates that UBGL provides
more accurate localization results than the compared models.

Table 2. Evaluation on the 7Scenes indoor localization benchmark [40]. The numbers of competing
methods are collected from their original publications, and the top-performing entries are marked in
bold. Since different methods may use different input information, training protocols, or geometric
priors, the comparison should be interpreted as a representative benchmark comparison rather than
a strictly controlled comparison.

Scene Chess Fire Heads Office Pumpkin RedKitchen Stairs Avg.Scene Scale 3 × 2 m2 2.5 × 1 m2 2 × 0.5 m2 2.5 × 2 m2 2.5 × 2 m2 4 × 3 m2 2.5 × 2 m2

PoseNet15 [19] 0.32 m, 8.12◦ 0.47 m, 14.4◦ 0.29 m, 12.0◦ 0.48 m, 7.68◦ 0.47 m, 8.42◦ 0.59 m, 8.64◦ 0.47 m, 13.8◦ 0.44 m, 10.4◦
Active Search [91] 0.04 m, 1.96◦ 0.03 m, 1.53◦ 0.02 m, 1.45◦ 0.09 m, 3.61◦ 0.08 m, 3.10◦ 0.07 m, 3.37◦ 0.03 m, 2.22◦ 0.051 m, 2.46◦
LSTM+Pose [92] 0.24 m, 5.77◦ 0.34 m, 11.9◦ 0.21 m, 13.7◦ 0.30 m, 8.08◦ 0.33 m, 7.00◦ 0.37 m, 8.83◦ 0.40 m, 13.7◦ 0.31 m, 9.85◦
Hourglass [93] 0.15 m, 6.17◦ 0.27 m, 10.84◦ 0.19 m, 11.63◦ 0.21 m, 8.48◦ 0.25 m, 7.01◦ 0.27 m, 10.15◦ 0.29 m, 12.46◦ 0.23 m, 9.53◦
BranchNet [94] 0.18 m, 5.17◦ 0.34 m, 8.99◦ 0.20 m, 14.15◦ 0.30 m, 7.05◦ 0.27 m, 5.10◦ 0.33 m, 7.40◦ 0.38 m, 10.26◦ 0.29 m, 8.30◦

VidLoc [5] 0.18 m, - 0.26 m, - 0.14 m, - 0.26 m, - 0.36 m, - 0.31 m, - 0.26 m, - 0.25 m, -
DSAC [4] 0.02 m, 1.2◦ 0.04 m, 1.5◦ 0.03 m, 2.7◦ 0.04 m, 1.6◦ 0.05 m, 2.0◦ 0.05 m, 2.0◦ 1.17 m, 33.1◦ 0.20 m, 6.3◦

RelocNet [46] 0.12 m, 4.14◦ 0.26 m, 10.4◦ 0.14 m, 10.5◦ 0.18 m, 5.32◦ 0.26 m, 4.17◦ 0.23 m, 5.08◦ 0.28 m, 7.53◦ 0.21 m, 6.73◦
MapNet [22] 0.08 m, 3.25◦ 0.27 m, 11.69◦ 0.18 m, 13.25◦ 0.17 m, 5.15◦ 0.22 m, 4.02◦ 0.23 m, 4.93◦ 0.30 m, 12.08◦ 0.21 m, 7.77◦

MapNet+ [22] 0.10 m, 3.17◦ 0.20 m, 9.04◦ 0.13 m, 11.13◦ 0.18 m, 5.38◦ 0.19 m, 3.92◦ 0.20 m, 5.01◦ 0.30 m, 13.37◦ 0.19 m, 7.29◦
DSAC++ [31] 0.02 m, 0.7◦ 0.03 m, 1.1◦ 0.12 m, 6.7◦ 0.03 m, 0.8◦ 0.05 m, 1.1◦ 0.05 m, 1.3◦ 0.29 m, 5.1◦ 0.084 m, 2.40◦

LsG [95] 0.09 m, 3.28◦ 0.26 m, 10.92◦ 0.17 m, 12.70◦ 0.18 m, 5.45◦ 0.20 m, 3.69◦ 0.23 m, 4.92◦ 0.23 m, 11.3◦ 0.19 m, 7.47◦
CAMNet [3] 0.04 m, 1.73◦ 0.03 m, 1.74◦ 0.05 m, 1.98◦ 0.04 m, 1.62◦ 0.04 m, 1.64◦ 0.04 m, 1.63◦ 0.04 m, 1.51◦ 0.040 m, 1.69◦

CNN+GNN [56] 0.08 m, 2.82◦ 0.26 m, 8.94◦ 0.17 m, 11.41◦ 0.18 m, 5.08◦ 0.15 m, 2.77◦ 0.25 m, 4.48◦ 0.23 m, 8.78◦ 0.19 m, 6.33◦
AtLoc [21] 0.10 m, 4.07◦ 0.25 m, 11.4◦ 0.16 m, 11.8◦ 0.17 m, 5.34◦ 0.21 m, 4.37◦ 0.23 m, 5.42◦ 0.26 m, 10.5◦ 0.20 m, 7.56◦
KFNet [2] 0.019 m, 0.63◦ 0.023 m, 0.91◦ 0.018 m, 1.26◦ 0.026 m, 0.73◦ 0.039 m, 1.09◦ 0.039 m, 1.18◦ 0.037 m, 1.06◦ 0.029 m, 0.98◦
DSM [26] 0.02 m, 0.71◦ 0.02 m, 0.85◦ 0.010 m, 0.85◦ 0.03 m, 0.84◦ 0.04 m, 1.16◦ 0.040 m, 1.17◦ 0.05 m, 1.33◦ 0.030 m, 0.987◦
DSAC* [1] 0.019 m, 1.11◦ 0.019 m, 1.24◦ 0.011 m, 1.82◦ 0.026 m, 1.18◦ 0.042 m, 1.41◦ 0.03 m, 1.7◦ 0.041 m, 1.42◦ 0.027 m, 1.411◦

TransPoseNet [89] 0.08 m, 5.68◦ 0.24 m, 10.6◦ 0.13 m, 12.7◦ 0.17 m, 6.34◦ 0.17 m, 5.6◦ 0.19 m, 6.75◦ 0.30 m, 7.02◦ 0.18 m, 7.81◦
DFNet [96] 0.05 m, 1.88◦ 0.17 m, 6.45◦ 0.06 m, 3.63◦ 0.08 m, 2.48◦ 0.10 m, 2.78◦ 0.22 m, 5.45◦ 0.16 m, 3.29◦ 0.05 m, 1.64◦

NeRF-IBVS [97] 0.03 m, 1.18◦ 0.03 m, 1.17◦ 0.02 m, 1.12◦ 0.04 m, 1.39◦ 0.08 m, 2.36◦ 0.07 m, 2.21◦ 0.08 m, 2.07◦ 0.05 m, 1.64◦
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Table 2. Cont.

Scene Chess Fire Heads Office Pumpkin RedKitchen Stairs Avg.Scene Scale 3 × 2 m2 2.5 × 1 m2 2 × 0.5 m2 2.5 × 2 m2 2.5 × 2 m2 4 × 3 m2 2.5 × 2 m2

NeuMap [57] 0.02 m, 0.81◦ 0.03 m, 1.11◦ 0.02 m, 1.17◦ 0.03 m, 0.98◦ 0.04 m, 1.11◦ 0.04 m, 1.33◦ 0.04 m, 1.12◦ 0.031 m, 1.09◦

UBGL (ours) 0.018 m, 0.63◦ 0.019 m, 0.85◦ 0.011 m, 0.70◦ 0.025 m, 0.72◦ 0.039 m, 0.97◦ 0.041 m, 1.27◦ 0.037 m, 1.07◦ 0.027 m, 0.89◦

Figure 5. Visual comparison of camera trajectory estimation. We compared different models on the
heads-seq-01, chess-seq-05, and fire-seq-03 sequences from the 7Scenes dataset [40]. The ground-truth
trajectory is shown in green, while the predicted trajectory is shown in red.

4.2.2. Outdoor Localization Results on the Cambridge Benchmark Dataset [19]

Table 3 presents the comparison on the Cambridge Landmarks benchmark [19].
To avoid ambiguity caused by different averaging protocols in prior publications,
we report both Avg-4 and Avg-5. Avg-4 was computed over KingsCollege, ShopFa-
cade, StMarysChurch, and OldHospital, while Avg-5 additionally included GreatCourt
when available.

Table 3. Evaluation on the Cambridge Landmarks outdoor localization benchmark [19]. The
results of baseline methods are collected from their original publications. Avg-4 is computed over
KingsCollege, ShopFacade, StMarysChurch, and OldHospital. Avg-5 additionally includes Great-
Court when the corresponding result is available. The leading entries under each averaging protocol
are shown in bold. Because the compared methods may differ in input modalities, supervision,
reference images, temporal information, or use of 3D information, the results should be interpreted
as representative benchmark comparisons.

Scene KingsCollege ShopFacade StMarysChurch OldHospital GreatCourt Avg-4 Avg-5
Scene Scale 5.6 × 103 m2 8.8 × 103 m2 4.8 × 103 m2 2.0 × 103 m2 8.0 × 103 m2 - -

Active
Search [91] 0.42 m, 0.6◦ 0.12 m, 0.4◦ 0.19 m, 0.54◦ 0.44 m, 1.0◦ 1.2 m, 0.6◦ 0.293 m, 0.635◦ 0.474 m, 0.628◦

PoseNet17 [20] 0.99 m, 1.06◦ 1.05 m, 3.97◦ 1.49 m, 3.43◦ 2.17 m, 2.94◦ 7.00 m, 3.65◦ 1.425 m, 2.850◦ 2.540 m, 3.010◦
DSAC [4] 0.3 m, 0.5◦ 0.09 m, 0.4◦ 0.55 m, 1.6◦ 0.33 m, 0.6◦ 2.8 m, 1.5◦ 0.318 m, 0.775◦ 0.814 m, 0.920◦
InLoc [90] 0.46 m, 0.82◦ 0.11 m, 0.5◦ 0.18 m, 0.63◦ 0.48 m, 1.0◦ 1.2 m, 0.62◦ 0.308 m, 0.738◦ 0.486 m, 0.714◦

MapNet [22] 1.07 m, 1.89◦ 1.49 m, 4.22◦ 2.00 m, 4.53◦ 1.94 m, 3.91◦ 7.85 m, 3.76◦ 1.625 m, 3.638◦ 2.870 m, 3.662◦
DSAC++ [31] 0.23 m, 0.4◦ 0.09 m, 0.4◦ 0.29 m, 0.7◦ 0.24 m, 0.5◦ 0.66 m, 0.4◦ 0.213 m, 0.500◦ 0.302 m, 0.480◦

SANet [25] 0.32 m, 0.42◦ 0.1 m, 0.47◦ 0.16 m, 0.57◦ 0.32 m, 0.53◦ 3.28 m, 1.95◦ 0.225 m, 0.498◦ 0.836 m, 0.788◦
CNN+GNN [56] 0.59 m, 0.65◦ 0.50 m, 2.87◦ 1.90 m, 3.29◦ 1.88 m, 2.78◦ 6.67 m, 2.79◦ 1.218 m, 2.398◦ 2.308 m, 2.476◦

KFNet [2] 0.16 m, 0.29◦ 0.05 m, 0.34◦ 0.12 m, 0.36◦ 0.18 m, 0.29◦ 0.43m, 0.2◦ 0.128 m, 0.320◦ 0.188 m, 0.296◦
DSM [26] 0.19 m, 0.36◦ 0.07 m, 0.38◦ 0.12 m, 0.35◦ 0.24 m, 0.39◦ 0.44 m, 0.23◦ 0.155 m, 0.370◦ 0.212 m, 0.342◦
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Table 3. Cont.

Scene KingsCollege ShopFacade StMarysChurch OldHospital GreatCourt Avg-4 Avg-5
Scene Scale 5.6 × 103 m2 8.8 × 103 m2 4.8 × 103 m2 2.0 × 103 m2 8.0 × 103 m2 - -

DSAC* [1] 0.179 m, 0.310◦ 0.052 m, 0.25◦ 0.15 m, 0.5◦ 0.212 m, 0.38◦ 0.335 m, 0.21◦ 0.148 m, 0.360◦ 0.186 m, 0.330◦
TransPoseNet [89] 0.60 m, 2.43◦ 0.55 m, 3.49◦ 1.09 m, 4.94◦ 1.45 m, 3.08◦ -, - 0.923 m, 3.485◦ -, -

DFNet [96] 0.43 m, 0.87◦ 0.16 m, 0.59◦ 0.50 m, 1.49◦ 0.46 m, 0.87◦ -, - 0.388 m, 0.955◦ -, -
NeuMap [57] 0.14 m, 0.19◦ 0.06 m, 0.25◦ 0.17 m, 0.53◦ 0.19 m, 0.36◦ 0.06 m, 0.10◦ 0.140 m, 0.333◦ 0.124 m, 0.286◦

UBGL (ours) 0.156 m, 0.256◦ 0.045 m, 0.247◦ 0.117 m, 0.35◦ 0.22 m, 0.40◦ 0.33 m, 0.18◦ 0.135 m, 0.313◦ 0.174 m, 0.287◦

Under the Avg-4 protocol, UBGL obtains 0.135 m and 0.313◦, achieving the best average
rotation error and competitive average translation error among the compared methods.
Compared with NeuMap [57], UBGL achieves slightly lower Avg-4 translation and rotation
errors. Under the Avg-5 protocol, UBGL obtains 0.174 m and 0.287◦, while NeuMap obtains
0.124 m and 0.286◦. This shows that UBGL does not uniformly outperform NeuMap when
GreatCourt is included, especially in translation accuracy. Therefore, we interpret the
Cambridge results as demonstrating competitive outdoor localization performance rather
than consistent dominance over existing methods. These results suggest that the proposed
graph-based feature reasoning is beneficial for outdoor localization, but the improvement is
scene-dependent. UBGL performs well on scenes such as ShopFacade and StMarysChurch,
while NeuMap remains particularly strong on GreatCourt.

4.3. Ablation Study
4.3.1. Effectiveness of BGC and UGC

To evaluate the effectiveness of the proposed BGC, we conducted experiments by
incrementally adding components to the baseline model, i.e., ResNet18-FCN. As shown
in Table 4, the variant with MGP but without BGC can be regarded as the no cross-graph
communication baseline. Adding BGC improves localization accuracy on all selected
scenes, indicating that cross-scale graph communication contributes to the performance
gain. Further adding UGC provides additional improvements or maintains the best results,
showing the complementary role of uncertainty-aware relation modeling.

Table 4. Component analysis of the proposed method on the 7Scenes indoor benchmark [40]
and the Cambridge Landmarks outdoor benchmark [19]. The reported values are obtained under
different model variants, and the best-performing results are marked in bold. The arrows ↓ indicate
that lower values are better.

Candidate Complexity 7Scenes Cambridge
ResNet-18 MGP BGC UGC GFLOPs ↓ Param. ↓ Chess Fire Heads Office KingsCollege ShopFacade StMarysChurch

✔ 35.53 G 6.88 M 0.13 m, 4.16◦ 0.23 m, 8.12◦ 0.13 m, 7.57◦ 0.048 m, 1.6◦ 0.25 m, 0.43◦ 0.13 m, 0.49◦ 0.83 m, 2.27◦

✔ ✔ 39.31 G 7.67 M 0.025 m, 0.80◦ 0.024 m, 1.0◦ 0.014 m, 0.90◦ 0.034 m, 1.0◦ 0.19 m, 0.27◦ 0.066 m, 0.26◦ 0.16 m, 0.41◦

✔ ✔ ✔ 39.36 G 10.83 M 0.019 m, 0.64◦ 0.020 m, 0.89◦ 0.011 m, 0.70◦ 0.028 m, 0.75◦ 0.158 m, 0.257◦ 0.050 m, 0.251◦ 0.118 m, 0.35◦

✔ ✔ ✔ ✔ 39.37 G 13.06 M 0.018 m, 0.63◦ 0.019 m, 0.85◦ 0.011 m, 0.70◦ 0.025 m, 0.72◦ 0.156 m, 0.256◦ 0.045 m, 0.247◦ 0.117 m, 0.35◦

Moreover, Table 5 further isolates the effect of the cross-graph interaction design.
The baseline with ResNet-18 + MGP does not perform cross-graph communication, while
the “Naïve” interaction variant uses simple cross-scale aggregation. Compared with these
two settings, the proposed CAT-based interaction achieves better localization accuracy,
demonstrating that explicit cross-graph attention is more effective than no interaction or
simple aggregation.

4.3.2. Effectiveness of UBGL

We conducted additional comparisons to evaluate the effectiveness of the proposed
uncertainty-aware bidirectional graph learning (UBGL) approach. As shown in Table 6,
compared with the widely used non-local operation (denoted as Baseline + NL), the explicit
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modeling strategy (denoted as Baseline + MGP) yields more reliable results on the selected
scenes. These findings suggest that capturing high-order relationships among semantic graph
nodes is useful for improving localization robustness. Such modeling helps alleviate the ambi-
guity in challenging camera localization tasks, although the gains remain scene-dependent.

Table 5. Effect of inter-graph interaction on localization performance. We evaluated different
inter-graph interaction settings on the 7Scenes [40] and Cambridge Landmarks [19] datasets.

Scene Baseline
(ResNet-18 + MGP)

Baseline + Naïve
Interaction

Baseline + CAT
(Ours)

7Scenes
Chess 0.025 m, 0.80◦ 0.023 m, 0.74◦ 0.019 m, 0.64◦
Fire 0.024 m, 1.0◦ 0.021 m, 0.93◦ 0.020 m, 0.89◦

Heads 0.014 m, 0.9◦ 0.012 m, 0.81◦ 0.011 m, 0.70◦
Office 0.034 m, 1.0◦ 0.031 m, 0.83◦ 0.028 m, 0.72◦

Cambridge
KingsCollege 0.19 m, 0.27◦ 0.179 m, 0.263◦ 0.158 m, 0.257◦
ShopFacade 0.066 m, 0.26◦ 0.058 m, 0.255◦ 0.050 m, 0.251◦

StMarysChurch 0.16 m, 0.41◦ 0.135 m, 0.384◦ 0.118 m, 0.35◦

Table 6. Comparison of feature enhancement strategies. We evaluated different feature enhancement
modules on the 7Scenes [40] and Cambridge Landmarks [19] benchmarks.

Scene Baseline
(ResNet-18 + FCN) Baseline + NL Baseline + MGP (Ours)

7Scenes
Chess 0.13 m, 4.16◦ 0.092 m, 1.62◦ 0.025 m, 0.8◦
Fire 0.23 m, 8.12◦ 0.163 m, 3.15◦ 0.024 m, 1.0◦

Heads 0.13 m, 7.57◦ 0.061 m, 2.23◦ 0.014 m, 0.9◦
Office 0.048 m, 1.6◦ 0.042 m, 1.40◦ 0.034 m, 1.0◦

Cambridge
KingsCollege 0.25 m, 0.43◦ 0.23 m, 0.38◦ 0.19 m, 0.27◦
ShopFacade 0.13 m, 0.49◦ 0.11 m, 0.39◦ 0.066 m, 0.26◦

StMarysChurch 0.83 m, 2.27◦ 0.48 m, 1.63◦ 0.16 m, 0.41◦

4.3.3. Key Parameter Analysis

We further investigated the sensitivity of several key hyperparameters in UBGL,
including the number of graph nodes, the number of feature hierarchy levels, and the
number of Monte Carlo samples in UGC. Table 7 analyzes different graph node settings at
each scale level, which controls the capacity of graph representation. Table 8 studies the
number of feature hierarchy levels L, which affects the depth of multi-scale graph reasoning.
Table 9 evaluates the Monte Carlo sampling number T used in uncertainty-aware graph
learning. In addition, Table 5 compares different cross-graph communication designs,
including no interaction, naive interaction, and the proposed CAT-based interaction.

The results show that K3 = 32, K2 = 16, K1 = 8, L = 3, and T = 50 provide stable
performance in our experiments. Setting L = 1 leads to noticeable performance degradation,
while increasing the number of hierarchies to L = 4 does not bring consistent improvement
and may reduce accuracy in some cases. This suggests that excessive hierarchy depth
can introduce overly fine-grained or redundant graph relations. Similarly, increasing the
sampling number beyond T = 50 does not consistently improve performance, indicating
that a moderate number of Monte Carlo samples is sufficient for stable uncertainty-aware
graph learning.

4.3.4. Detailed Analysis of Computational Complexity

We analyzed the computational cost of the three main graph modules. For MGP,
the dominant cost comes from assigning Sl = HlWl spatial features to Kl graph nodes,
resulting in approximately O(SlKlC) complexity at the lth feature level. For BGC, given a
source graph Vs ∈ RKs×C and a target graph Vt ∈ RKt×C, CAT computes the cross-graph
attention matrix and transfers source information with complexity O(KsKtC). For UGC,
the graph convolution cost is O(K2

l C), while Monte Carlo sampling with T samples intro-
duces an additional sampling overhead proportional to O(TK2

l ). Since Kl ∈ {8, 16, 32} is
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small in our implementation, the graph reasoning and uncertainty sampling overheads are
moderate compared with the CNN backbone.

Table 7. Effect of graph node number on localization performance. We compared different node
settings in the graph representation, and the best-performing results are highlighted in bold.

Setting 7Scenes Cambridge
Chess Fire Heads Office KingsCollege ShopFacade StMarysChurch

K3 = 16, K2 = 16, K1 = 8 0.0184 m, 0.64◦ 0.0202 m, 0.89◦ 0.0131 m, 0.76◦ 0.0254 m, 0.75◦ 0.158 m, 0.257◦ 0.049 m, 0.251◦ 0.118 m, 0.35◦

K3 = 32, K2 = 16, K1 = 8 0.0183 m, 0.63◦ 0.0192 m, 0.85◦ 0.0109 m, 0.70◦ 0.0246 m, 0.72◦ 0.156 m, 0.256◦ 0.045 m, 0.247◦ 0.117 m, 0.35◦

K3 = 64, K2 = 16, K1 = 8 0.0185m, 0.63◦ 0.0188 m, 0.86◦ 0.0108 m, 0.71◦ 0.0255 m, 0.73◦ 0.158 m, 0.259◦ 0.045 m, 0.247◦ 0.117 m, 0.36◦

K3 = 32, K2 = 8, K1=8 0.0185 m, 0.67◦ 0.0195 m, 0.87◦ 0.0107 m, 0.72◦ 0.0252 m, 0.75◦ 0.158 m, 0.260◦ 0.046 m, 0.258◦ 0.120 m, 0.35◦

K3 = 32, K2 = 16, K1 = 8 0.0183 m, 0.63◦ 0.0192 m, 0.85◦ 0.0109 m, 0.70◦ 0.0246 m, 0.72◦ 0.156 m, 0.256◦ 0.045 m, 0.247◦ 0.117 m, 0.35◦

K3 = 32, K2 = 32, K1 = 8 0.0182 m, 0.64◦ 0.0192 m, 0.88◦ 0.0117 m, 0.70◦ 0.0251 m, 0.72◦ 0.156 m, 0.257◦ 0.045 m, 0.247◦ 0.119 m, 0.36◦

K3 = 32, K2 = 16, K1 = 4 0.0185 m, 0.64◦ 0.0195 m, 0.89◦ 0.0110 m, 0.71◦ 0.0267 m, 0.75◦ 0.157 m, 0.280◦ 0.050 m, 0.251◦ 0.118 m, 0.35◦

K3 = 32, K2 = 16, K1 = 8 0.0183 m, 0.63◦ 0.0192 m, 0.85◦ 0.0109 m, 0.70◦ 0.0246 m, 0.72◦ 0.156 m, 0.256◦ 0.045 m, 0.247◦ 0.117 m, 0.35◦

K3 = 32, K2 = 16, K1 = 16 0.0185 m, 0.62◦ 0.0192 m, 0.87◦ 0.0108 m, 0.71◦ 0.0251 m, 0.72◦ 0.156 m, 0.256◦ 0.046 m, 0.240◦ 0.118 m, 0.36◦

Table 8. Parameter analysis on the 7Scenes [40] and Cambridge Landmarks [19] datasets. Here, L
denotes the number of feature hierarchy levels used in the model.

Scene L = 1 L = 3 L = 4

7Scenes
Chess 0.020 m, 0.68◦ 0.0183 m, 0.63◦ 0.019 m, 0.63◦
Fire 0.0279 m, 1.16◦ 0.0192 m, 0.85◦ 0.0192 m, 0.87◦

Heads 0.0144 m, 0.98◦ 0.0109 m, 0.70◦ 0.0110 m, 0.70◦
Office 0.0373 m, 1.04◦ 0.0246 m, 0.72◦ 0.0254 m, 0.72◦

Cambridge
KingsCollege 0.179 m, 0.3◦ 0.156 m, 0.256◦ 0.161 m, 0.244◦
ShopFacade 0.065 m, 0.28◦ 0.045 m, 0.247◦ 0.049 m, 0.263◦

StMarysChurch 0.162 m, 0.52◦ 0.117 m, 0.35◦ 0.117 m, 0.36◦

Table 9. Sensitivity study of the sample number. We evaluated different values of T on the
7Scenes [40] and Cambridge Landmarks [19] benchmarks, where T represents the number of Monte
Carlo samples used in UGC.

Scene T = 10 T = 50 T = 100

7Scenes
Chess 0.0185 m, 0.67◦ 0.0183 m, 0.63◦ 0.0185 m, 0.63◦
Fire 0.0196 m, 0.89◦ 0.0192 m, 0.85◦ 0.0193 m, 0.85◦

Heads 0.0110 m, 0.71◦ 0.0109 m, 0.70◦ 0.0108 m, 0.70◦
Office 0.0252 m, 0.73◦ 0.0246 m, 0.72◦ 0.0246 m, 0.73◦

Cambridge
KingsCollege 0.158 m, 0.259◦ 0.156 m, 0.256◦ 0.156 m, 0.257◦
ShopFacade 0.049 m, 0.249◦ 0.045 m, 0.247◦ 0.046 m, 0.247◦

StMarysChurch 0.119 m, 0.36◦ 0.117 m, 0.35◦ 0.117 m, 0.35◦

To provide a comprehensive analysis of efficiency, we report GFLOPs, parameter size,
and accuracy for comparison. As shown in Table 4, compared with the backbone, our
MGP module achieves notable improvements in localization accuracy while introducing
only a modest increase in GFLOPs and parameters. This module effectively captures
multi-scale semantic information, which is essential for the subsequent uncertainty-aware
bidirectional graph reasoning with BGC and UGC. The fully equipped UBGL model
requires 39.37 GFLOPs and 13.06 M parameters, maintaining competitive performance
with moderate computational overhead.

During inference, the input image is passed through the backbone, graph modules,
scene-coordinate head, and differentiable pose solver once. The additional graph cost
is limited because graph reasoning operates on compact graph nodes rather than dense
image pixels. Higher-resolution inputs mainly increase the cost of the CNN backbone
and the graph projection/reprojection stages, while the graph reasoning cost remains
mainly controlled by the node numbers. Since wall-clock inference time can vary with
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GPU type and solver implementation, we report GFLOPs and parameter size as hardware-
independent efficiency indicators.

4.3.5. Scalability

UBGL performs graph reasoning on compact semantic graph nodes rather than
directly on all image pixels. For each feature level, the graph node number is small,
i.e., Kl ∈ {8, 16, 32}, so the cost of graph communication is mainly determined by the graph
node numbers instead of the original image resolution. Higher-resolution inputs mainly
increase the cost of the CNN backbone and the graph projection/reprojection stages, while
the graph reasoning cost remains limited. For larger and more complex scenes, UBGL
can be applied under the same scene-specific training setting as existing scene-coordinate
regression methods. However, memory usage and training cost may increase with scene
diversity, image resolution, and the number of training images.

4.3.6. Meaning of Uncertainty Estimation

Uncertainty estimation plays an important role in camera localization because graph
relations constructed from visual features can be unreliable in textureless regions, repetitive
structures, occlusions, and motion-blurred areas. In our framework, UGC is not designed to
simply emphasize uncertain intra-graph affinities. Instead, it models intra-graph relations
probabilistically and reduces the dependence on a single deterministic affinity matrix. This
allows the graph reasoning process to preserve stable relations while being less sensitive to
noisy feature interactions. The sensitivity study in Table 9 shows that using T = 50 Monte
Carlo samples provides stable localization performance in our setting.

To further validate the contribution of UGC, we summarize the corresponding
component-analysis results in Table 10. Compared with the variant using MGP and
BGC but without UGC, adding UGC improves or maintains localization accuracy across
the selected 7Scenes and Cambridge Landmarks scenes. This supports that uncertainty-
aware graph convolution contributes to the final performance gain. However, the current
validation mainly demonstrates the empirical contribution of UGC through ablation and
sensitivity analysis. It does not provide a full uncertainty-calibration evaluation or direct
visualization of suppressed graph relations. Therefore, we interpret UGC as a probabilis-
tic relation-modeling mechanism that improves robustness in our experiments, rather
than claiming that the learned uncertainty is fully calibrated. More detailed uncertainty
calibration and relation-level visualization will be investigated in future work.

Table 10. Contribution of uncertainty-aware graph convolution. The results are directly summa-
rized from the component analysis in Table 4. Compared with the variant without UGC, adding UGC
improves or maintains localization accuracy across the selected scenes.

Variant
7Scenes Cambridge Landmarks

Chess Fire Heads Office KingsCollege ShopFacade StMarysChurch

ResNet-18 + MGP + BGC, w/o UGC 0.019 m, 0.64◦ 0.020 m, 0.89◦ 0.011 m, 0.70◦ 0.028 m, 0.75◦ 0.158 m, 0.257◦ 0.050 m, 0.251◦ 0.118 m, 0.35◦
ResNet-18 + MGP + BGC + UGC 0.018 m, 0.63◦ 0.019 m, 0.85◦ 0.011 m, 0.70◦ 0.025 m, 0.72◦ 0.156 m, 0.256◦ 0.045 m, 0.247◦ 0.117 m, 0.35◦

4.3.7. Error Characterization and Failure Cases

Although median translation and rotation errors are the standard metrics for camera
localization benchmarks, they do not fully describe the distribution of localization failures.
Since the current benchmark tables mainly follow the commonly used median-error proto-
col, we further provide a qualitative error-characterization discussion. Larger localization
errors are typically associated with severe motion blur, weak or textureless regions, repeti-
tive structures, partial occlusions, and large viewpoint changes. These factors can make
local visual correspondences ambiguous and lead to unstable scene-coordinate predictions.
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For indoor scenes such as 7Scenes, failure cases are often related to motion blur, re-
flective surfaces, and repeated structures in small rooms. For outdoor scenes such as
Cambridge Landmarks, large viewpoint changes, illumination variations, and insufficient
coverage of certain scene regions can increase localization errors. The uncertainty-aware
graph module helps reduce the influence of unreliable feature interactions, but it cannot
completely eliminate failures caused by severe visual ambiguity or limited scene cover-
age. The trajectory visualization in Figure 5 also indicates that most predictions follow
the ground-truth trajectory, while larger deviations tend to appear in visually ambigu-
ous frames.

5. Conclusions
5.1. Main Findings

In this paper, we proposed an uncertainty-aware bidirectional graph learning frame-
work, termed UBGL, for end-to-end camera localization. Specifically, a multi-scale graph
projection (MGP) module was introduced to effectively capture rich semantic representa-
tions, followed by uncertainty-aware bidirectional graph communication (BGC and UGC)
to model contextual relationships and mitigate ambiguity. Our method provides a new
perspective on graph-based learning by incorporating Bayesian principles into graph rea-
soning. Extensive experiments demonstrated that UBGL achieved competitive performance
across indoor and outdoor benchmarks, with strong rotation accuracy on 7Scenes and com-
parable localization accuracy on Cambridge Landmarks, while maintaining a favorable
efficiency–accuracy trade-off.

5.2. Limitations

Although UBGL achieves competitive performance on standard indoor and outdoor
localization benchmarks, it may still face challenges in highly dynamic environments and
very large outdoor scenes. Moving objects, long-term appearance changes, illumination
variations, seasonal changes, and insufficient scene coverage can affect graph relation
estimation and scene-coordinate prediction. The uncertainty-aware graph module can
reduce the influence of unstable feature interactions to some extent, but it does not fully
solve the problem of dynamic scene changes or large-scale scene generalization. In addition,
this work evaluates UBGL on 7Scenes and Cambridge Landmarks, which are widely used in
scene-coordinate-based camera localization. Evaluation on larger-scale benchmarks such as
Aachen Day-Night or RobotCar would further demonstrate robustness and generalization
under more challenging long-term outdoor conditions. We leave this extension as an
important direction for future work.
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