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Abstract— Localization systems often rely heavily on visual
information, which can degrade under challenging conditions
such as variable lighting, dynamic objects, or repetitive textures.
To enhance robustness beyond single-image methods, we model
localization as a structural point cloud registration problem,
leveraging motion continuity and geometric consistency over
time. This formulation reduces sensitivity to transient occlusions
and appearance changes, enabling the system to resolve
ambiguities that single-image techniques often cannot.

In this work, we introduce Struct-Loc, a localization frame-
work that advances structural point cloud registration through
confidence-aware hierarchical localization. By estimating the
reliability of structural regions and incorporating it into the
matching process, Struct-Loc generates robust descriptors
tailored for pose estimation.

To achieve near real-time performance, Struct-Loc combines
efficient point convolutional encoders, a caching mechanism, and
a hierarchical coarse-to-fine matching strategy that progressively
narrows the search space. It consistently outperforms strong
baselines in both accuracy and runtime, while achieving a
100× compression of the global map compared to COLMAP,
significantly improving storage efficiency. We validate Struct-
Loc on the LaMAR benchmark, demonstrating its effectiveness
and robustness under real-world conditions.

I. INTRODUCTION

Localization entails estimating an agent’s precise 6 degree-
of-freedom (DoF) pose within an environment by determining
the transformation between its local coordinate frame and
a global map frame. Accurate localization is critical for
applications such as autonomous vehicles, robotics, and
augmented reality, where precise positioning supports ef-
fective navigation and task execution. Despite its importance,
localization remains challenging.

Variations in illumination cause inconsistent feature detec-
tion and matching due to shadows, reflections, and lighting
changes. Furthermore, camera heterogeneity—arising from
differences in sensors, lenses, and calibrations [1]—introduces
discrepancies in captured images, impacting feature extraction
and pose estimation accuracy. Thus, localization algorithms
must be robust to hardware variations. As environments grow
complex and dynamic, identifying repeatable and distinctive
features, alongside extracting global image descriptors for
retrieval, is essential. Many methods rely on single-image
techniques for simplicity but often lack sufficient context to
resolve ambiguities in repetitive or feature-sparse scenes.
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Robustness can be improved using probabilistic methods
like particle filtering [2], [3], which maintain multiple pose
hypotheses to handle ambiguity. However, this comes at high
computational cost, especially in large-scale environments
requiring numerous particles.

A more scalable direction, explored in several prior works,
is to formulate localization as a point cloud registration
problem [4], [5]. Instead of estimating poses from single
frames, structural point clouds are constructed from sequences
and then registered to a pre-built global map, leveraging
motion continuity and geometric consistency. This approach
improves robustness and reduces ambiguity, but existing
methods often treat all candidate correspondences uniformly,
regardless of their reliability for pose estimation.

We propose Struct-Loc, a localization framework that
advances this registration paradigm with confidence-aware
hierarchical localization. For each coarse superpoint, Struct-
Loc predicts both a feature descriptor and a confidence
score that reflects the reliability of that region. After coarse
correspondences are established, fine-level superpoints within
each patch are matched and assigned correspondence scores.
Each fine correspondence is then weighted by: the coarse
superpoint confidences, the similarity of coarse descriptors,
and the fine-level correspondence score. Pose estimation is
performed using a weighted least-squares solver, and the
confidences are trained end-to-end by directly supervising the
predicted pose against ground truth. This design adaptively
increases the influence of structurally distinctive regions while
downweighting ambiguous ones.

The primary target application of Struct-Loc is robust,
scene-specific localization in large indoor environments such
as warehouses, industrial halls, or office buildings. In these
scenarios, a global map is constructed once and the model
is trained specifically for that environment. This assumption
enables Struct-Loc to achieve both robustness and efficiency
in practical deployments, which are key requirements for
many commercial and industrial applications.

An important property of Struct-Loc is that its recall
improves as more information about the environment is
accumulated along a trajectory. Localization can therefore be
deferred until the uncertainty of dead-reckoning grows too
large, at which point Struct-Loc realigns the trajectory and
eliminates drift. This is especially critical in environments
with many simultaneous clients, such as fleets of robots or
smartphones, where high recall directly determines how many
users can be served reliably. In contrast, single-frame solutions
exhibit much lower recall, leading to wasted computation on
failed localization attempts.
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For real-time alignment in large-scale settings, Struct-
Loc pre-encodes and caches the global map after training,
removing the need to repeatedly process its features dur-
ing inference. By combining architectural efficiency with
confidence-aware hierarchical matching, Struct-Loc delivers
precise, high-recall localization at low runtime and achieves
substantial map compression, making it well-suited for real-
world deployment in dynamic, complex environments where
vision-only methods often fail.

II. RELATED WORK

Learning-Based Localization The three main components
of single image-based localization are global image descriptor
computation, feature point extraction and feature matching.
Global image retrieval [6], [7], [8], [9] is the key step
for localization. Deep learning models like [6] and [7] are
effectively aggregating local features into compact global
descriptors using contrastive learning [10], [11]. In [9] global
and local descriptors are integrated together, employing global
retrieval methods for coarse candidate selection and local
feature matching techniques for fine-grained pose estimation.
This multi-stage process balances computational efficiency
with the precision needed for large-scale environments.

While classical feature point extraction algorithms rely on
hand-crafted criteria and gradient-based statistics [12], [13],
[14], recent research has increasingly focused on applying
Convolutional Neural Networks (CNNs) for both feature detec-
tion [15], [16], [17], [18] and descriptor learning [9], [19]. At
the local level, methods such as SuperPoint and D2-Net [15],
[17] extract fine-grained features that are robust to variations
in scale, rotation, and viewpoint. Some approaches emphasize
precise localization [13], while others aim to optimize both
repeatability and distinctiveness to enhance performance in
correspondence-based tasks [15], [16]. Additional efforts
focus on invariance to specific transformations [20] or the
extraction of high-fidelity descriptors that remain reliable
under significant perspective changes and in scenes containing
ambiguous or unreliable regions [8], [18], [17].

A powerful local feature matching approach was proposed
in [21], [22], combining the expressive capabilities of Trans-
formers [23] with optimal transport theory [24] to solve
the partial assignment problem between two sets of interest
points in a data-driven manner. Building on similar principles,
methods such as LoFTR and MatchFormer [25], [26] bypass
traditional keypoint detection and descriptor computation by
directly establishing pixel-wise dense correspondences. While
this significantly enhances robustness, it comes at the cost of
increased computational runtime.

Sequence-Based Localization While single-image rep-
resentation has been extensively explored in the literature,
the use of temporal or sequential information for visual
positioning remains relatively underdeveloped. Single-image
localization techniques often struggle in visually ambiguous
or dynamic environments. Sequence-based methods address
this limitation by leveraging temporal continuity to enhance
robustness. SeqSLAM introduced a foundational approach
that matches sequences of images rather than individual

frames, enabling localization under significant appearance
changes due to lighting or weather conditions [27]. Its ability
to exploit sequential dependencies makes it effective in
environments with drastic visual variations.

Building on this idea, SeqNet [28] employs a hierarchical
sequence-matching architecture, learning robust descriptors
for sequence-based retrieval. By leveraging temporal struc-
ture, SeqNet outperforms traditional single-image methods,
especially in environments with repetitive patterns or sparse
features. These approaches underscore the importance of tem-
poral context for resolving visual ambiguities and improving
localization robustness. However, they do not incorporate
structural information.

Point Cloud Registration Recent advancements in deep
learning have significantly improved registration techniques
[29], [30], [31], [32], [33], [34]. GeoTransformer [35]
leverages a transformer-based architecture to model long-
range geometric dependencies. Its attention mechanisms
capture complex relationships between local and global
geometric features, enabling accurate alignment even in the
presence of partial occlusions or noise. However, the method’s
computational demands can be prohibitive for real-time appli-
cations. PREDATOR emphasizes robust local correspondence
estimation. By focusing on overlap regions and mitigating the
effects of noise and outliers, PREDATOR achieves reliable
results in sparse and challenging environments. Its lightweight
design also lends itself to integration with other registration
pipelines [36]. CoFiNet [34], HRegNet [37], Regformer [38],
and [39] adopts a coarse-to-fine strategy, initially aligning
global features before refining them at a local level. This
hierarchical approach ensures robustness to scale variations
and improves registration accuracy in dynamic and large-scale
scenes.

While prior work has also considered confidence measures,
for example through overlap or saliency prediction, these
are typically used to guide local correspondence filtering
rather than integrated directly into pose estimation. Struct-Loc
advances this direction with confidence-aware hierarchical
matching, where coarse-level confidences are regressed,
propagated through fine-level matching, and optimized end-to-
end with pose supervision. Beyond this architectural novelty,
our deployment setting enables strong caching mechanisms,
substantial global map compression, outperforming traditional
approaches such as COLMAP [40] in storage efficiency,
real-time inference, and robust accuracy in large-scale en-
vironments—making Struct-Loc both a methodological and
practical step forward for reliable localization.

III. METHOD

We formulate localization as a hierarchical point cloud
registration problem between a pre-built global structural map
PS = {pi}NS

i=1 and an online local query map QS = {qj}MS
j=1.

The global map is constructed offline using dense SLAM
from camera or LiDAR scans, while the local map is obtained
online from short sequences with lightweight visual or visual-
inertial SLAM.
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Fig. 1: Struct-Loc system architecture.

Both maps are processed by a KPConv-FPN backbone[41],
[42], producing coarse superpoints with descriptors and
regressed confidences, as well as fine-level superpoints linked
to their coarse parents. Localization proceeds in a coarse-to-
fine manner. Coarse correspondences are first established
between the global and local superpoints, and the top-k
matches are retained according to descriptor similarity and
confidence. For each coarse match, the associated fine-level
patches are extracted, and one-to-one correspondences are
computed using optimal transport.

The final rigid transformation T = {R, t} ∈ SE(3)
aligning QS to PS is estimated by solving a weighted least-
squares problem

min
R,t

∑
(pxi

,qyi )∈CS

wi ∥R · pxi + t− qyi∥22, (1)

where CS is the set of fine-level correspondences. Each
correspondence is assigned a hierarchical weight

wi = cu · cv · scoarse
uv · sfine

i , (2)

with cu and cv the confidences of the matched coarse
superpoints, scoarse

uv their descriptor similarity, and sfine
i the

fine-level correspondence score. This hierarchical formulation
ensures that reliable regions dominate the alignment, while
ambiguous areas are downweighted. The next subsections
describe the encoder/decoder, hierarchical matching, and
training objectives in detail.

A. Structural Feature Encoder/Decoder

To extract hierarchical features from unstructured 3D
point clouds, we adopt a KPConv-FPN backbone [41], [42]

that leverages kernel point convolutions KPConv across
multiple resolution levels. KPConv operates on point sets
by convolving over local neighborhoods defined around a set
of query points. In our setting, the query points—referred to
as superpoints—are obtained by voxel-based downsampling
of the point cloud at each encoder layer. The convolution
itself aggregates features from support points, which are the
input points at that layer. As the encoder deepens, voxel
sizes grow progressively, allowing superpoints to capture
increasingly coarse geometric structures. Let the original
point cloud be P(0) = {p(0)

i ∈ R3}Ni=1, where each point
p
(0)
i has an associated feature vector f (0)i . At encoder layer

l ∈ {1, . . . , L}, a voxel grid with voxel size v(l) = 2l−1v(1)

partitions the input point set P(l−1) into disjoint voxel cells
V

(l)
j , indexed by j. The superpoints S(l) = {s(l)j }N(l)

j=1 at layer
l are defined as the centroids of the points in each voxel:
s
(l)
j = 1

|V (l)
j |

∑
p

(l−1)
i ∈V

(l)
j

p
(l−1)
i .

To compute features on superpoints, KPConv is applied
using the input point set P(l−1) as support points and S(l)

as query points. Each query point s
(l)
j aggregates local

geometric and semantic context via a radius-based patch:
Patch(s(l)j ) =

{
p
(l−1)
i ∈ P(l−1)

∣∣∣ ∥p(l−1)
i − s

(l)
j ∥ ≤ r(l)

}
,

where r(l) is the convolution radius. The feature at s
(l)
j

is obtained by applying KPConv over its patch: f
(l)
j =

KPConv
(
s
(l)
j , {(p(l−1)

i , f
(l−1)
i ) ∈ Patch(s(l)j )}

)
. The set of

features at layer l is denoted by F (l) = {f (l)j }N(l)

j=1 . In
the decoder, we define L − 1 layers indexed by l′ =
L+1, . . . , 2L−1, each aimed at progressively reconstructing
finer superpoint features. The superpoint positions in decoder
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layer l′ = L+ i are inherited from encoder layer L− i, i.e.,
S(l′) = S(L−i), with the finest decoder layer at l′ = 2L− 1
using the original fine-level superpoints S(1). We denote the
coarse superpoints at the final encoder layer as P̂ = S(L),
with features F̂ = F (L), and the fine superpoints at the
final decoder layer as P̃ = S(2L−1) = S(1), with features
F̃ = F (2L−1). To link the hierarchical structure, we define
a mapping π(l) : S(l−1) → S(l) such that π(l)(s

(l−1)
i ) =

s
(l)
j if s

(l−1)
i ∈ V

(l)
j , i.e., each superpoint at layer l− 1 is

assigned to the voxel centroid s
(l)
j that contains it.

The overall hierarchical mapping from fine to coarse
superpoints is then given by the composition: Π = π(L) ◦
π(L−1) ◦ · · · ◦ π(2), which associates each fine superpoint in
P̃ = S(1) to a coarse superpoint in P̂ = S(L). Accordingly,
the fine patch corresponding to a coarse superpoint s(L)

j is
defined as

G(s
(L)
j ) =

{
s
(1)
i ∈ S(1)

∣∣∣ Π(s
(1)
i ) = s

(L)
j

}
. (3)

This construction enables each coarse superpoint in the
final encoder layer to be associated with a set of semantically
and spatially related fine superpoints in the final decoder
layer.

B. Superpoint Confidence Regression

Let P̂ = {p̂u} and F̂ = {f̂u} denote the coarse superpoint
positions and features (from the encoder). We regress a scalar
confidence cu ∈ [0, 1] per coarse superpoint via two KPConv
layers that aggregate from coarse neighbors.

Each coarse superpoint u indexes a fine patch G(u)
(Eq. 3), but only a subset of its fine points is informative
for localization. The confidences {cu} are trained end-to-
end via the differentiable weighted Procrustes solver and
an SE(3) pose loss, so superpoints whose patches contain
more geometrically distinctive (pose-supporting) fine points
naturally attain higher cu, while ambiguous regions are
downweighted in pose estimation.

C. Coarse Superpoint Matching

Superpoint matching is performed at a coarse level to
establish initial correspondences between regions of the point
clouds. Inspired by [35], [34], [21], [25], before computing
correlation scores between the coarse global superpoints P̂S

with their input features F̂ P̂ and coarse local superpoints Q̂S

with features F̂ Q̂, we apply the geometric transformer [35]
attention mechanism to the coarse feature vectors.

This attention updates the input feature matrices F̂ P̂ and
F̂ Q̂ into spatial matching descriptor matrices ĤP and ĤQ,
respectively. Each row vector ĥP

i of ĤP corresponds to
the descriptor for the i-th global superpoint p̂i, and each
row ĥQ

j of ĤQ corresponds to the j-th local superpoint
q̂j . The descriptors are then ℓ2-normalized row-wise: h̃P

i =
ĥP
i

∥ĥP
i ∥2

, h̃Q
j =

ĥQ
j

∥ĥQ
j ∥2

, where h̃P
i and h̃Q

j remain row vectors

representing normalized descriptors of superpoints p̂i and q̂j ,
respectively.

Next, the Gaussian correlation matrix C ∈ R|ẐP̂ |×|ẐQ̂|

is computed between the normalized descriptors: Ci,j =

exp

(
− 1

2σ2

∥∥∥h̃P
i − h̃Q

j

∥∥∥2
2

)
, where σ controls the bandwidth

of the Gaussian kernel, affecting sensitivity to feature dif-
ferences. To improve discriminative power and suppress
ambiguous matches, a dual-normalization [43], [25] is applied
to C, producing the normalized matrix C̃ that emphasizes
mutual correspondences. Finally, for each local superpoint,
the best corresponding global superpoint is selected, and only
the top-k matches are retained, resulting in a filtered set of
superpoint correspondences Ĉ. These correspondences serve
as input to the fine matching module.

D. Fine Point Matching

After establishing coarse correspondences between super-
points, we refine them by identifying dense point corre-
spondences within each matched superpoint pair. For each
coarse match Ĉi = (p̂xi

, q̂yi
), fine patches GP

xi
and GQ

yi
are

extracted as described in Eq.3. We compute a cost matrix
Ci ∈ R|GP

xi
|×|GQ

yi
|, which quantifies the similarity between

fine points. Let F̃P
xi

and F̃Q
yi

denote the global and local
feature matrices corresponding to the points in GP

xi
and GQ

yi
,

respectively. The cost matrix is computed as Ci =
F̃P

xi
(F̃Q

yi
)⊤√

d̃
,

where d̃ is the feature dimensionality used for normalization.
To handle unmatched points and outliers, we augment

Ci by adding a dustbin row and column filled with a
learnable parameter α, resulting in the extended matrix C̄i.
The Sinkhorn algorithm [44] is then applied to C̄i to compute
a soft assignment matrix, which approximates the optimal
transport plan and provides confidence scores for potential
correspondences, while accounting for unmatched points
via the dustbin entries. After removing the dustbin entries,
we retain only reliable correspondences using mutual top-k
selection, ensuring consistency and robustness in the final
matches. Based on the retained fine point matches, a weighted
Procrustes solver [45] is applied to estimate a pose matrix
for each coarse superpoint pair. The final pose is selected
using the pose selection strategy from [35].

E. Loss Functions

Struct-Loc is trained with three objectives: a weighted
circle loss for coarse descriptors, a negative log-likelihood
loss for fine correspondences, and an SE(3) geodesic loss
for the estimated pose. The total loss is

Ltotal = λwc Lwc + λfine Lfine + λpose Lpose, (4)

where λwc, λfine, and λpose control the relative contributions
of each term.

Coarse Level — Weighted Circle Loss: At the coarse level
a weighted variant of circle loss is adopted [35], [46] to learn
discriminative superpoint descriptors. Rather than treating
all pairs equally, the contribution of each pair is modulated
by its geometric overlap, so that informative positives and
challenging negatives have a stronger impact during training.

The anchor set A is defined as the patches in P that have at
least one positive patch in Q. A pair (GP

i ,GQ
j ) is considered

positive if their overlap ratio is at least 10%, and negative
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otherwise. For each anchor i ∈ A, let εip and εin denote its
positive and negative sets.

The weighted circle loss is given by

Lwc =
1

|A|
∑
i∈A

log

[
1+

( ∑
j∈εip

eλ
j
i γ(sij−δp)

)( ∑
k∈εin

e γ(δn−sik)
)]

,

(5)
where sij is the similarity between descriptors, δp and δn

are positive/negative margins, and λj
i = (oji )

α is an overlap-
based weight with overlap ratio oji ∈ [0, 1] and modulation
strength α ≥ 0. The final loss is obtained by averaging the
symmetric terms from both global to local and local to global
directions.

Fine Level - Optimal Transport: For finer levels, a
negative log-likelihood loss is applied to improve precision in
the established correspondences. During training, the ground-
truth superpoint correspondences are used instead of the
predicted ones. For each ground-truth superpoint point pair, a
set of ground-truth fine point correspondences Ci is extracted.
The sets of unmatched points in the two patches are denoted
as Ii and Ji. The fine-level loss function is defined as:

Lfine = −
∑

(pi,qj)∈Ci

log c̄i,j −
∑

pi∈Ii

log c̄i,mi+1 −
∑

qj∈Ji

log c̄ni+1,j

(6)
where c̄ij is the similarity score from the score matrix C̄i be-

tween points pi and qj . This loss function encourages highly
accurate matches by penalizing misaligned correspondences,
leading to robust alignment across varying conditions and
levels of detail.

Pose Loss: The predicted supervise rigid transformation
is supervised using a pose loss defined on the Lie group
SE(3). Let Tpred = (Rpred, tpred) ∈ SE(3) be the pose
estimated from weighted Procrustes alignment. The regressed
confidence scores cu, cv of the coarse superpoints directly
influence the resulting transformation by modulating the
relative importance of their associated fine correspondences.

Given the ground-truth pose Tgt = (Rgt, tgt), we compute
the relative transformation ∆T = T−1

predTgt ∈ SE(3). The
pose loss is defined as the squared geodesic distance on
SE(3):

Lpose = ∥ log(∆T)∥22, (7)

where log : SE(3) → se(3) maps the transformation to the
Lie algebra, producing a 6D residual vector of rotational
and translational errors. This geodesic formulation provides
a smooth, rotation-aware metric that balances translation and
rotation errors. Superpoints whose patches consistently yield
reliable fine correspondences are assigned higher confidence,
while those in ambiguous regions are naturally downweighted.

IV. RESULTS

For training and evaluating Struct-Loc, we used the CAB
scene from the LaMAR dataset [47], which spans 12,000
m² and consists of a multi-floor office building containing
small and large offices, a kitchen, storage rooms, and two
courtyards. The structural global map was constructed using
7728 NavVis image keyframes. Local maps were created
using the HoloLens (HL) sessions. To generate these maps,
we rendered depth images from the NavVis mesh using the

front-left camera views from the HL recordings. To simulate
realistic sensor conditions, a stereo noise model [48] is applied
to the rendered ground-truth depth images.

Accuracy performance To evaluate the performance of
our model, we compared it against the best-performing single-
image and sequential localization baselines presented in
[47]. The single-image model, referred to as HLoc, uses
SuperPoint [15] for keypoint detection and description. Global
image descriptors are computed by fusing NetVLAD [6] and
APGeM [7], following the robust fusion approach proposed
in [49], which has been shown to be representative of state-of-
the-art performance [50]. Based on the global descriptors, the
top 5, 10, or 20 most relevant reference images are retrieved.
Local features are then matched using SuperGlue [21]. The
matched keypoints in the reference images are lifted to 3D
using the reference mesh, and the camera pose is estimated
using PnP with RANSAC. The Sequential HLoc (Seq HLoc)
baseline extends this approach to sequences of images. The
single-image localization steps are applied independently to
each image, followed by a rigid alignment and pose graph
optimization (PGO) step [51] to refine the poses collectively.
The Extended Sequential HLoc (Seq HLoc+) further builds
on Seq HLoc by performing a second round of retrieval and
localization. This second retrieval is guided by the poses
estimated in the first PGO step, and is followed by a second
pose graph optimization. The full details are provided in [47].

We evaluate the accuracy of the methods with the im-
age/trajectory recall at a threshold of (5°, 1 m) and (3°, 0.5
m). To compute trajectory recall, we sample trajectory chunks
of lengths 5, 10, 15, and 20 meters. Each chunk undergoes
a keyframe selection process, and localization is performed
on the selected keyframes. A trajectory chunk is considered
successfully recalled if the query keyframe within the chunk
meets the recall threshold.

Figures 2, 3 compare Struct-Loc to HLoc, Seq HLoc and
Seq HLoc+. Struct-Loc and all the sequential models signifi-
cantly outperform the single image baseline HLoc. Struct-Loc
outperforms Seq HLoc and Seq HLoc+ in trajectory recall for
both recall thresholds, especially for the longer trajectories.
For the (5◦, 1,m) recall threshold, Struct-Loc achieves an
improvement of 4–5% for trajectory lengths between 10 and
20 meters, while under the stricter (3◦, 0.5,m) threshold
the improvement ranges from 2–9% in the same trajectory
interval.

Runtime performance To enable near real-time inference,
we cache the pre-computed coarse fine and coarse superpoints
of the global map. Since the global map remains static, it
can be treated as a constant and preprocessed offline. During
inference, only the local maps are passed through the encoder,
decoder layers. Correspondence matching is then performed
using the cached global features and the locally extracted
fine points and superpoints. Localization begins by matching
the query device’s local descriptors to the cached coarse
features of the global map. Once coarse correspondences are
established, only the fine-level representations corresponding
to those matched regions are loaded, enabling detailed
matching at progressively finer scales, restricted to the
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TABLE I: Runtime breakdown (in seconds) for sequential baselines using retrieval with 10 images.

Trajectory Feature
Extraction

Image
Retrieval

Feature
Matching

Pose
Estimation

Pose Graph
Optimization Total

Model Traj.
(m)

Avg.
#Img

Avg.
Chunk (s)

GPU
1/img

GPU
1/chunk

GPU
1/10img

GPU
1/chunk

GPU
1/10img

GPU
1/chunk

CPU
1/img

CPU
1/chunk

CPU
1/chunk

GPU
only

GPU+
CPU

Seq.
HLoc

5 8.6 ± 2.6 7.6 ± 2.8 0.008 0.067 0.066 0.564 0.352 3.024 0.506 4.350 0.072 0.425 1.002
10 16.1 ± 3.8 15.3 ± 4.2 0.008 0.125 0.066 1.055 0.352 5.662 0.506 8.144 0.127 0.425 1.058
15 23.4 ± 4.4 22.5 ± 5.0 0.008 0.182 0.066 1.533 0.352 8.229 0.506 11.837 0.197 0.425 1.128
20 31.1 ± 4.8 30.2 ± 5.4 0.008 0.241 0.066 2.037 0.352 10.929 0.506 15.722 0.277 0.425 1.208

Seq.
HLoc+

5 8.6 ± 2.6 7.6 ± 2.8 0.008 0.067 0.089 0.761 0.550 4.726 0.506 4.350 0.128 1.152 1.280
10 16.1 ± 3.8 15.3 ± 4.2 0.008 0.125 0.089 1.425 0.550 8.847 0.506 8.144 0.220 1.152 1.372
15 23.4 ± 4.4 22.5 ± 5.0 0.008 0.182 0.089 2.072 0.550 12.859 0.506 11.837 0.327 1.152 1.478
20 31.1 ± 4.8 30.2 ± 5.4 0.008 0.241 0.089 2.752 0.550 17.079 0.506 15.722 0.434 1.152 1.585

TABLE II: Runtime breakdown (in seconds) of Struct-Loc with and without fusion. All times are measured on GPU.

Model Trajectory (m) Avg. #Img Avg. Chunk (s) Feature Extraction
+ Fusion

Fine + Coarse
Matching

Pose
Estimation Total

Struct-Loc

5 8.6 ± 2.6 7.6 ± 2.8 0.0274 0.0625 0.0075 0.0974
10 16.1 ± 3.8 15.3 ± 4.2 0.0261 0.0659 0.0077 0.0996
15 23.4 ± 4.4 22.5 ± 5.0 0.0263 0.0697 0.0082 0.1042
20 31.1 ± 4.8 30.2 ± 5.4 0.0256 0.0732 0.0082 0.1070

Fig. 2: Trajectory recall comparison (5° / 1 m acceptance
threshold)

Fig. 3: Trajectory recall comparison (3° / 0.5 m acceptance
threshold)

identified local patches. This hierarchical strategy significantly
reduces memory usage, as only the relevant portions of the
global map are accessed during alignment. It also avoids the
need to load or process the entire global point cloud.

In order to measure the runtime performance we used a
RTX 3090 NVidia GPU and a AMD EPYC 7413 24-Core
CPU. In Tab. 1 the runtime breakdown of the sequential
baseline models is given. We report two different total times.
We report the GPU only time, that measures the runtime of
the deep learning models used for feature extraction, image
retrieval and feature matching. The total time is measured
when the batch of images encountered in the image processing
step fit in the GPU memory and can be processed concurrently,
and there are enough CPU resources to process concurrently
the pose estimation and pose graph optimization steps. We

used the [47] codebase to perform these measurements. The
Struct-Loc runtime performance is shown in Tab. 2. When
comparing Struct-Loc to the total GPU runtime of Seq
HLoc, we observe approximately a 4× reduction in runtime.
Compared to total runtime, Struct-Loc achieves a 10×
speedup. When compared to the more accurate Seq HLoc+
model, Struct-Loc achieves an approximately 10× reduction
in runtime. Relative to the total runtime, the improvement
ranges between 11 − 13×, highlighting the efficiency of
Struct-Loc.

Map compression Figure 4 shows the point cloud of
the CAB scene from the LaMAR dataset, along with its
corresponding fine and coarse feature representations. High-
dimensional feature vectors are projected into a lower-
dimensional space using t-SNE [52] to visualize the fused
coarse and decoded fine features. The original global map
contains approximately 8 million points, which is reduced to
86,662 fine points (each with a 256-dimensional descriptor)
and 828 coarse superpoints (each with a 2048-dimensional
descriptor). Including the 3D positions of these points, the
total storage required for the compressed map in half precision
is: (828 × (2048 + 3) + 86, 662 × (256 + 3)) × 2 bytes ≈
46 MB. In comparison, the COLMAP [40] map consists of
7,728 keyframes, each with an average of 1,299 keypoints
and a descriptor length of 256. Using half-precision, the total
storage is approximately: 7, 728× 1, 299× (256 + 3)× 2 ≈
4.85 GB. This results in a 100× reduction in storage for
the global map compared to the COLMAP representation,
while still preserving the necessary structure for accurate
localization.

V. CONCLUSION

In this work, we introduced Struct-Loc, a structural
localization framework that formulates pose estimation as a
hierarchical point cloud registration problem. By leveraging
motion continuity and geometric consistency over time, Struct-
Loc is robust to transient occlusions and appearance changes,
enabling it to resolve ambiguities that single-image methods
often cannot. Our main contribution is confidence-aware
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Fig. 4: Visualization of a the CAB scene, together with the computed coarse confidence scores, fine and coarse extracted feature representation visualized in
a lower-dimensional space using t-SNE.

hierarchical matching: each coarse superpoint is assigned
a regressed confidence that propagates into fine-level corre-
spondences and weighted pose estimation, optimized end-to-
end with an SE(3) geodesic loss. Struct-Loc achieves robust,
accurate, and efficient localization in large-scale environments,
outperforming strong baselines in both accuracy and runtime.
Furthermore, it enables a 100× compression of the global
map compared to COLMAP, making the approach highly
scalable for deployment in industrial and commercial indoor
environments.

APPENDIX

Training details. Struct-Loc is implemented and evaluated
using PyTorch. Training is conducted on a compute cluster
equipped with 8 × NVIDIA L40S and 4 × NVIDIA H100
GPUs; inference and performance evaluation are performed
on a single NVIDIA RTX 3090 GPU.

The model is trained in three stages with progressively
increasing global map context. In the first stage, a 60×60 m
crop of the global map is extracted for each local map. This
crop is defined by computing the bounding box of the local
structural points, taking its center, transforming it into the
global frame using the ground-truth pose, and then extracting
the corresponding region from the global map. The crop is
then extracted from the global map accordingly. In the second
stage, the spatial context is expanded by cropping a 100×100
m region centered at the local bounding box center. In the
third stage, the full global map is used, allowing the model
to leverage complete environmental context. The first and
second stage is trained on the L40S GPUs, however, in order
to train on the full map the H100 GPUs are required, because
of the increased memory requirements.

Local structural maps are precomputed offline from each
training session and segmented into overlapping trajectory
chunks of lengths 5, 10, 15, and 20 meters; each chunk
overlaps with its neighbor by one-third of the trajectory length.

A diverse set of data augmentations is applied during
training to both input local an global maps to improve
generalization and robustness. Gaussian noise N (0, 0.05) m
is independently added to the coordinates of each structural
point; point clouds are randomly scaled using a factor sampled
uniformly from the range [0.8, 1.2]; and the cropping center
point is randomly shifted by a vector drawn from N (0, 5)
meters. Each structural point is independently dropped with a
probability of 0.2. To improve invariance to orientation, a ran-
dom 3D rotation is applied consistently to the local maps and
the corresponding ground-truth transformation. The rotation

angles are sampled independently from uniform distributions:
yaw θz ∼ U(−180◦, 180◦); pitch θy ∼ U(−30◦, 30◦); and
roll θx ∼ U(−10◦, 10◦).

The network is trained in the three stages for 100, 100,
and 150 epochs, respectively. A batch size of 1 is used per
GPU throughout all stages. Each stage employs the same
optimizer configuration. The model is optimized using the
Adam optimizer [53], with an initial learning rate of 1 ×
10−4. A learning rate decay factor of 0.95 is applied every
4 epochs to progressively reduce the learning rate during
training. Additionally, a weight decay of 1× 10−6 is applied
to regularize the model and mitigate overfitting.
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