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Abstract

Visual localization involves estimating the 6-degree-of-
freedom (6-DoF) camera pose within a known scene. A crit-
ical step in this process is identifying pixel-to-point corre-
spondences between 2D query images and 3D models. Most
advanced approaches currently rely on extensive visual de-
scriptors to establish these correspondences, facing chal-
lenges in storage, privacy issues and model maintenance.
Direct 2D-3D keypoint matching without visual descriptors
is becoming popular as it can overcome those challenges.
However, existing descriptor-free methods suffer from low
accuracy or heavy computation. Addressing this gap, this
paper introduces the Angle-Annular Graph Neural Network
(A2-GNN), a simple approach that efficiently learns robust
geometric structural representations with annular feature
extraction. Specifically, this approach clusters neighbors
and embeds each group’s distance information and angle
as supplementary information to capture local structures.
Evaluation on matching and visual localization datasets
demonstrates that our approach achieves state-of-the-art
accuracy with low computational overhead among visual
description-free methods.

1. Introduction

Visual localization aims to estimate the camera pose of a
query image within a pre-built 3D environment. It is es-
sential in computer vision applications such as Structure-
from-Motion (SfM) [55, 61, 72], Augmented Reality
(AR) [3, 10], and Simultaneous Localization and Map-
ping (SLAM) [6, 21, 40] . Classical visual localization
approaches [47, 49, 50, 53, 68, 70] use visual descriptors
to build the 2D-3D correspondences. Once the correspon-
dences are established, a PnP-RANSAC solver [78] is ap-
plied to estimate the 6-DoF camera pose.

Among all camera pose estimation approaches, visual
descriptor-based methods [47, 48] achieve state-of-the-art
(SOTA) performance. However, utilizing visual descrip-
tors presents several challenges, including substantial stor-
age requirements, privacy risks, and maintenance complex-
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Figure 1. Matching Accuracy and Efficiency Comparisons for
descriptor-free methods. Compared with GoMatch [77] and DGC-
GNN [69], our A2-GNN learns effective and accurate 2D-3D
matching.

ity [11, 41, 69, 77]. Storing high-dimensional descriptors
for each keypoint typically demands significant storage ca-
pacity. Additionally, studies [11, 41] have demonstrated
that visual descriptors can be exploited to recover images,
raising privacy concerns. Moreover, maintaining the 3D
model becomes complicated when integrating new descrip-
tors or points into existing point clouds [18].

To address the challenges associated with visual
descriptor-based methods, several researchers have devel-
oped visual descriptor-free approaches [7, 69, 77]. These
methods establish 2D-3D correspondences without relying
on visual descriptors, instead leveraging geometric informa-
tion from keypoints for matching. While these approaches
demonstrate reasonable performance, their primary limita-
tion lies in the inherently limited geometric information,
which lacks the richness and detail provided by visual de-
scriptors. GoMatch [77] attempts to learn the geometric-
only representation by utilizing graph neural networks and
incorporating outlier rejection, achieving reasonable perfor-
mance. However, there is still a noticeable performance gap
compared to descriptor-based methods. DGC-GNN [69]



narrows this gap by integrating color and more geometric
clues, along with global-to-local clustering. Despite these
improvements, DGC-GNN suffers from heavy computa-
tional demands, particularly due to the multiple clustering
operations required.

To achieve accurate camera pose estimation with light
computation, we reconsider the way of encoding geomet-
ric information. In previous descriptor-free approaches [69,
77], transformers [67] have been employed, utilizing self-
attention and cross-attention mechanisms to enhance fea-
ture representation. The self-attention mechanism captures
local geometric structures within neighborhoods, while
cross-attention facilitates the exchange of geometry infor-
mation between 2D keypoints and 3D point clouds. The
extraction of local geometry through self-attention is par-
ticularly crucial, as learning high-quality feature represen-
tations is essential for effective information exchange in
the cross-attention layer. Previous methods [69, 77] uti-
lize max-pooling to extract local geometry from neighbors.
However, this operation neglects neighbor structural infor-
mation as most of neighbor information are discarded. In-
spired by CLNet [76], we propose Angle-Annular Graph
Neural Network, or A2-GNN, which efficiently extracts lo-
cal structural geometric information for 2D-3D matching
without relying on visual descriptors. Our network pro-
cesses sparse points from query images and point clouds as
inputs, delivering accurate correspondences with minimal
computational overhead. We first construct a local graph for
each point by connecting it to its neighboring points based
on their distances. These neighboring points are then clus-
tered into close, middle, and remote groups. Local struc-
tural information is extracted by processing these grouped
neighbors separately. Besides, angular information between
the point and its neighbors is encoded similarly to further
enhance the local geometric representation. By encoding
these geometric cues, our method effectively distinguishes
between structurally similar yet distinct points in both 2D
and 3D spaces. In addition, we also adjust outlier rejection
input to position information rather than the feature repre-
sentation, as explicit position information can provide con-
sensus in epipolar geometry to remove outliers. In sum-
mary, our paper makes the following contributions:

* We introduce a novel local graph neighbor aggregation
method for direct 2D-3D matching without visual de-
scriptors. This method embeds geometric information in
a hybrid manner and improves the accuracy of spare 2D-
3D matching.

* We adjust outlier rejection input to position information,
as pure position information can provide robust geometry
constraint.

* Our method outperforms previous descriptor-free meth-
ods in matching and visual localization tasks with con-
siderable efficiency.

2. Related work

Structure-Based Localization. Structure-based visual lo-
calization has achieved high accuracy by leveraging a pre-
built 3D map of the environment, which is crucial for es-
tablishing correspondences between 2D image pixels and
3D point clouds. Classical methods [49, 50] relied on
Structure-from-Motion (SfM) models to match features be-
tween query images and 3D points. In contrast, recent
approaches have incorporated learning-based techniques,
significantly enhancing image retrieval [2, 23, 24, 45],
feature extraction [14, 17, 46, 65], and keypoint match-
ing [1, 38, 48] in the structure-based localization pipeline.
Image retrieval is a vital component of structure-based
localization, as it identifies similar or overlapping images
from a large database to narrow down the search space
of the 3D points. NetVLAD [2] integrates a VLAD-like
layer in CNNs and optimizes local descriptor extraction and
aggregation, enhancing image retrieval accuracy. Recent
works [27, 31] leverage powerful pretrained models to fur-
ther improve retrieval accuracy. Feature extraction meth-
ods [14, 17, 46] extract robust visual representations from
raw images, enabling more reliable keypoint detection and
description. The integration of neural networks has further
enhanced keypoint matching accuracy, particularly with ad-
vanced methods like SuperGlue [48], which employs graph
neural networks to refine the matching process. Recent ad-
vancements [29, 38, 57] continue to push the boundaries of
accuracy and efficiency in this domain, making structure-
based visual localization increasingly robust and scalable
for real-world applications. In addition, detector-free meth-
ods [12, 64, 71] input images directly for matching and
achieve significant improvements in accuracy but encounter
challenges in heavy computation.
Descriptor-free Visual Localization. BPnPNet [7] makes
significant progress in 2D pixel to 3D point cloud matching
without relying on visual descriptors, introducing an end-
to-end trainable matcher for cross-modal point matching. It
also introduces the use of bearing vectors as a 2D keypoint
representation, effectively bridging the 2D-3D gap and per-
forming well in outlier-free scenarios. GoMatch [77] devel-
ops this concept, utilizing bearing vectors to represent both
2D and 3D keypoints for geometric-only matching. It em-
ploys SuperGlue-style [48] self- and cross-attention mech-
anisms to establish initial correspondences and integrates
PointCN [74] to remove outliers from the initial matches.
DGC-GNN [69] further improves matching accuracy by
leveraging additional RGB information, multiple geometric
cues, and a global-to-local feature embedding strategy. It
clusters points to create a global geometric graph, enhanc-
ing feature matching across clusters by encoding Euclidean
and angular relations. However, this approach comes with
a trade-off: its inference time is three times longer than that
of GoMatch due to the iterative point clustering process.
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Figure 2. Architecture Overview. The bearing vector (BV) and RGB information from the query image and 3D point cloud are first
processed through an encoder to generate high-dimensional features. These features are then used to construct the graph nodes. In the
self-attention layer, the angle-annular convolution is employed to extract discriminative geometric information from the neighboring points.
After the GNNGs, these enhanced features are used to establish initial correspondences via optimal transport. Outlier rejection is then applied
to eliminate erroneous correspondences, resulting in a final set of accurate correspondences.

Scene Compression. Scene compression for visual local-
ization involves two primary approaches: map compression
and descriptor compression. Map compression [8, 9, 19,
34, 36, 73] reduces map size by pruning indistinguishable
points, while descriptor compression [16, 28, 30, 34, 51, 73]
minimizes descriptor size while maintaining their essen-
tial properties for accurate matching. Scene coordinate re-
gression [4, 5, 68, 70] uses neural networks to compress
scene models and learns a compact representation. It pre-
dicts scene coordinates directly from 2D images without vi-
sual descriptors, but faces challenges in generalizing to new
scenes. Hybrid methods [8, 34, 73] combine both map and
descriptor compression to achieve more compact represen-
tations. However, while scene compression techniques can
save storage space, they do not fully address privacy con-
cerns or the complexities associated with descriptor main-
tenance. Our method, which avoids the use of visual de-
scriptors altogether, can also be integrated with scene com-
pression techniques to further reduce the model size.

Privacy-preserving visual localization. As demonstrated
in [43], image details can be recovered from descriptors.
This raises significant data privacy concerns, as descrip-
tors can be leaked during transmission across devices. To

address this concern, privacy-preserving visual localization
methods [39, 41, 58, 62, 63] have been developed. These
methods represented 2D/3D points as lines or other geo-
metric representations to obscure spatial details. However,
they suffer from accuracy degradation, high storage require-
ments, and maintenance complexity.

Other privacy-preserving methods [15, 42] take alter-
native strategies. SLD [15] identifies distinctive points as
scene landmarks for camera localization. Segl.oc [42] uti-
lizes semantic segmentation to create feature representa-
tions optimized for privacy and localization performance.
Nevertheless, these methods rely on extensive priors or la-
bels and limit generalizability in other scenarios.

3. Method
3.1. Problem setting

Letp € R? denote a 2D point and ¢ € R? denote a 3D point.
Assume that a 2D image P contains M keypoints, and a 3D
point cloud @ contains N keypoints. We denote the sets of
keypoints in 2D and 3D casesas P = {p; | i = 1,..., M}
and @ = {g; | 7 = 1,..., N}, respectively. Our task
is to predict a set of correspondences M, , between 2D



keypoints and 3D point clouds.

Keypoint Representation. Following GoMatch [77], we
utilize bearing vectors as keypoint representation, as it can
bring 2D keypoints and 3D point clouds into the same
modality. For 2D keypoints, bearing vectors by, remove the
effect of camera intrinsic K by the following equation:

by, 1" =K '[u,0,1]", (1)

where (u, v) represents 2D keypoint pixel coordinates and
b, € R2. The bearing vector brings pixel coordinates
into the corresponding camera ray by connecting the cam-
era center and pixel coordinates. For 3D points, the bearing
vector bg transforms its world coordinates p* to the cam-
era ray by the following equation:

p°=Rp" +t 2
by, 1" =p°/p, 3)

where p® € R? is its the camera coordinate, p, is its z co-
ordinate and b2 € R2. The bearing vector first transforms
3D points from the world coordinates to the camera coordi-
nates. Similar to the image plane, we take plane z = 1 and
connect the camera center to its camera coordinates. The
camera ray is obtained by connecting the camera center and
the point where the line intersects the plane.

3.2. Network Architecture

We give an overview of the proposed Angle-Annular con-
volution Graph Neural Network, shortened as A2-GNN in
Fig. 2. The architecture includes the following modules:
feature encoder, angle-annular geometric feature extraction,
optimal transport, and outlier rejection. The encoder trans-
forms positional information and RGB color from low-
dimensional inputs into high-dimensional features. These
features are then processed by A2-GNN to extract local
geometric relations from neighboring points. Initial cor-
respondences are established using optimal transport, and
low-confidence matches are subsequently removed by the
outlier rejection module.

3.2.1 Feature Encoder

Feature Encoder. We use a ResNet-style encoder [7, 25,
77] to extract both position and color features directly from
2D kepoints or 3D point clouds, denoted as F;, and F.. The
feature encoder encodes the bearing vector and RGB color
separately, from low dimension vectors to high-dimensional
(e.g., d=128) vectors. The point features f, € RY*? from
query images and f, € R*? from point clouds can be
computed as:

fpo = Fu(bp) + Felcp) (4a)
fq = Fo(bq) + Felcq), (4b)

where ¢, € R3, ¢q € R? are RGB color of points from the
query images and point clouds, respectively.

3.2.2 A2-GNN

Graph Neural Networks enhance feature representation by
aggregating information from neighboring nodes, which
is utilized for both images and point clouds. This sec-
tion introduces the Angle-Annular Convolution Aggrega-
tion method, self-attention and cross-attention mechanisms.
Geometric Local Feature. After feature extraction, we
construct local graphs for each keypoint based on its neigh-
boring points. We consider the local graphs as a self-
attention mechanism to extract local geometric features,
thereby enhancing the representation and capturing the con-
textual relationships among the keypoints. Following pre-
vious works [69, 77], edges £ are constructed in Euclidean
space by connecting each node to its k£ nearest neighbors.
The edge feature e;; € R**24 petween a node f; and its
neighbors f;; is defined as:

€;; :cat[fi7fi —fiij = 172,...16, ®))

where cat|-, -] denotes concatenation. Then maxpooling op-
eration is used to extract local information from neighbour
nodes. The feature f,,,, € R'*¢ can be updated using fol-
lowing equation:

(t+1) - Be,
frazr = ({f;?gg ht‘)( 913)7 ©6)
where hg represents a linear layer followed by instance nor-
malization [66] and LeakyReLU, and max(-) is element-
/channel-wise maxpooling.

However, the maxpooling operation disregards the inher-
ent structural relationships between nodes in the graph, as
each graph node only retains the maximum value from its
neighbors. We observe that if a pair of points are correct
correspondences between the keypoints from the image and
the point cloud, they should exhibit similar structures or ge-
ometric patterns within their respective neighborhoods. In
order to dig more inherent structural geometry information
between the node and its neighbors, we introduce Angle-
Annular convolution. First, we use annular convolution in-
spired by CLNet [76] to capture the relationships of neigh-
bors in a grouped manner. As shown in Fig. 2 bottom, k
neighboring nodes are determined by ranking the Euclidean
distances. Those k nodes are then divided into g groups
where each group contains £ nodes. We use convolution
layers followed by one Batch Normalization layer [26] with
ReLU to process the grouped graphs. This convolution
utilizes distance information indirectly by dividing nodes
based on the distance between node and its neighbors. The
annular feature f,,,,, € R'*% can be formulated as:

(H_l)fann = 92(91((t)eij)>7 (7)



where g1(-) and go(-) denotes the convolution layers with
1 x g kernels and 1 x g kernels.
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Figure 3. Illustration of angle embedding. The angle embedding
between node and its neighbor is added to enhance feature repre-
sentation.

Annular convolution efficiently captures structural infor-
mation, but its effectiveness is limited by the variability in
spatial distances between nodes and their neighbors, with
some neighbors being adjacent and others more distant. In-
spired by [44, 69], we incorporate geometric encoding that
includes both distance and angle embeddings. The distance
embedding is implicitly applied in constructing node neigh-
borhoods. As illustrated in Fig 3, angle embedding between
a node and its neighbors can also be incorporated. The co-
sine of the angle 6, where 6 € (0, ), is used as the angle
embedding. The cosine value can be computed as:

-7

cos() = ———, 3)
[zl

where cos(-) is cosine function. After getting each angle
embedding within its neighbors, we get angle edge £,,,4 €
R*¥*1  Here, we use annular convolution again to get angle
teature f,,,, € R1xd.

(t+1)fang = 94(93(005((t)5ang)))7 (9)

where g3(-) and g4(-) are similar convolutions as g, () and
g2(+) but with independent parameters. After getting the
angle feature, the annular-angle features are computed by
merging the angle feature and angular feature as follows:
foa = fann + fang. The final feature f,.;¢ can be updated
twice and the final self-attention feature f;.;; are obtained
as:

fself = h@l(cat[(o)fa(l) fmawz(Q) fmam])
+ hga(cat(VF, M) £40,%) £, (10)

where hg; and hgo denote a linear layer followed by in-
stance normalization [66] and LeakyReLU.

Cross-attention layer. Following [77], we apply cross-
attention to enhance feature representation. Each graph
node from the 2D is connected with every node from the
point cloud. Specifically, given a node feature f; from one

modality and features g; from the other modality, we form
the query, keys and values according to q; = Wqf;, k; =
W;g; and v; = W,g;, where W,, W, W, ¢ Rdxd
are learned parameters. We update feature f; by following
formulation:

rni:Zaijvj (11)
J
g, =) £, + MLP(cat[q,, m]), (12)

where attention weights o = softmax(qjT k;/Vd).

3.2.3 Optimal Transport

After obtaining the 2D and 3D enhanced features pr and
qu from the geometric embedding, optimal transport is em-
ployed to assign initial correspondences, denoted as M ;,;¢.
We first compute the cost matrix M € RM*¥ using the
L2 distance between those two feature sets. To handle un-
matched points, we extend M to M’ € RIM+Dx(N+1) py
adding an additional row and column as dustbins. The dif-
ferentiable Sinkhorn algorithm [13, 60] is then applied to
solve the optimal transport problem. Finally, the initial cor-
respondences M ;,,;; are obtained by removing the dustbins
from M’ and performing a mutual nearest neighbor check.

3.2.4 Odutlier Rejection

After the optimal transport layer, the initial correspon-
dences M,;; still contain outliers. GoMatch [77] and
DGC-GNN [69] utilize an outlier classifier [74] to predict
scores indicating the probability of a correspondence be-
ing an inlier. The final correspondences M f;,q; are ob-
tained if the probability is over the threshold ¢ (0.5 in exper-
iments). The method directly inputs enhanced geometric
features into the classifier. However, it brings limitations as
the enhanced features are primarily designed for the optimal
transport layer and are mixed together with the RGB em-
bedding, making it difficult to extract the epipolar geometry
constraints necessary for accurate outlier rejection. Earlier
learning-based outlier rejection methods [74-76] leveraged
keypoint locations as input, which naturally encode epipo-
lar geometry constraints. To address this issue, we propose
using bearing vectors as input for the outlier rejection pro-
cess, allowing the model to utilize geometric information
better and improve the accuracy of inlier detection.

3.3. Training Loss

Following GoMatch [77] and DGC-GNN [69], the loss
function £ consists of a matching loss £,,, and an outlier re-
jection loss L,,.. The matching loss £, is designed to min-
imize the negative log-likelihood of the matching scores.



The matching loss is presented as:

1 ~ -
[«,m = —N7m( . Z 10gPij + Z logPi(N+1)
(Z,j)EMgt Zeuq

+ Z log P(ar+1)5), (13)
JEU

where P means matching score, M, denotes ground truth
matches, U, represents unmatched query keypoints and Uy
is unmatched database 3D points. NV, refers to the total
keypoints number of ground truth, unmatched query, and
unmatched database.

The outlier rejection loss L, serves to remove incorrect
matches. It enhances the model’s robustness against outliers
and is defined as:

N,
| N
Lor = =57 D_wi (yslogpi + (1 — i) log(1 — i),
¢ =1

(14
where N, means the total number of initial correspon-
dences. The classifier’s probability output for each corre-
spondence is indicated by p;. The target label for the corre-
spondence is represented by y;, and w; refers to the balance
weight for negative and positive samples.

4. Experiments
4.1. Implementation Details

Training. @ We train our model on the MegaDepth
dataset [37]. The number of nearest neighbors to build the
local graph is set to k = 9. For annular convolutions, we use
g = 3, meaning each group contains 3 nodes. The model is
trained using the ADAM optimizer [33] with a learning rate
Ir = 0.001. Training is conducted on a single 32GB Tesla
V100 GPU with a batch size b = 16. The entire training
process takes around 22 hours to complete 50 epochs.
Datasets. Following the setting in GoMatch [77] and
DGC-GNN [69], we train and evaluate our model on the
MegaDepth dataset and conduct visual localization eval-
uations on Cambridge Landmark [32] and 7Scenes [59]
datasets. MegaDepth is a large-scale outdoor dataset with
196 scenes captured around the world. We train our outdoor
model on 99 scenes, validate on 16 scenes and test on 53
scenes. The ground truth sparse 3D point clouds are recon-
structed by the COLMAP [54]. Cambridge Landmarks is a
middle-scale outdoor dataset and 7Scenes is a small indoor
dataset. The 3D reconstruction of Cambridge Landmarks is
obtained by SfM, we evaluate the localization accuracy on
four out of six scenes. The 7Scenes dataset, captured with
an RGB-D camera, provides sequences where the ground
truth camera poses are determined using a SLAM system,
we evaluate our model on all 7Scenes as in [69, 77].

Ground Truth Correspondences. During training, we ob-
tain the ground truth correspondences by reprojecting the
3D point clouds from the top-k retrieved images onto the
query image plane. A correspondence is considered ground
truth if the reprojection error is less than 0.001 in normal-
ized image coordinates.

Evaluation Metrics. Similar to [69, 77], we report the
AUC score for mean reprojection error at 1 /5/ 10 pixel and
translation and rotation errors quantiles at 25/ 50 / 75% as
evaluation metrics on MegaDepth dataset. For Cambridge
and 7Scenes, we report the commonly used median trans-
lation and rotation errors per scene. The camera pose esti-
mation is determined by using the PnP-RANSAC [20, 22]
for the final established correspondences. Oracle results are
obtained by utilizing ground truth matches as predictions.

4.2. Results

Matching Results. Table 1 illustrates the matching results
on MegaDepth dataset using top-1 and top-10 retrieved im-
ages. The proposed A2-GNN outperforms both GoMatch
and DGC-GNN. With k£ = 1 retrieved image, A2-GNN
shows significant improvements in reprojection AUC, out-
performing GoMatch by 7.05 / 19.41 / 20.01% and DGC-
GNN by 2.52 / 4.2 / 3.98%. In terms of running time,
A2-GNN is slightly slower than GoMatch due to the ad-
ditional encoding of RGB and geometric information, but
it is x2.2 times faster than DGC-GNN by avoiding multi-
ple times point clustering operations. When using £ = 10
retrieved images, the same conclusion holds: A2-GNN con-
sistently outperforms the other methods, demonstrating its
robust learning capabilities.

Visual Localization. As presented in Table 2, A2-GNN
outperforms GoMatch and DGC-GNN, achieving state-of-
the-art results in the visual descriptor-free group. Specifi-
cally, the average pose error for the Cambridge Landmarks
dataset is 40.5 cm / 1.48° for A2-GNN, compared to 54 cm
/ 2.23° for DGC-GNN and 173 cm / 5.87° for GoMatch.
For the 7Scenes dataset, the average pose error is 14 cm /
4.04° for A2-GNN, 16 cm / 4.81° for DGC-GNN, and 22
cm/5.77° for GoMatch. Additionally, A2-GNN retains the
advantages of DF methods, including low storage require-
ments, privacy preservation, and low maintenance costs.
Generalizability. Similar to previous work [69, 77], we
evaluate the generalizability of our model across different
datasets and keypoint detectors for visual localization tasks.
Our model is trained on the MegaDepth [37] using the SIFT
detector and evaluated on the indoor 7Scenes dataset [59]
with the SIFT keypoint detector and the outdoor Cambridge
dataset [32] using the SuperPoint [14] detector. These ex-
periments are summarized in Table 2, providing a com-
prehensive overview of our A2-GNN performance under
varying training and evaluation conditions. Remarkably,
even when using the SuperPoint detector on the Cambridge



Methiods Reproj. AUC (%) Rotation (©) Translation Time (ms) (1)
@1/5/10px (1) Quantile @25/50/75% ()

Oracle 34.59/85.02/92.02 0.04/ 0.06/ 0.12 0.00/0.0170.01 -

el GoMatch [77] 5.67/22.43/28.01 0.60/10.08 / 34.63 0.06/1.06/3.73 24.4
DGC-GNN [69] 10.20 / 37.64 / 44.04 0.15/ 1.53/27.93 0.01/0.15/3.00 77.8
A2-GNN 12.72/ 41.84 / 48.02 0.12/ 0.79/26.37 0.01/0.08 / 2.80 34.0
GoMatch [77] 8.90/35.67 / 44.99 0.18/ 1.29/16.65 0.02/0.12/1.92 263.1

k=10 DGC-GNN [69] 15.30/51.70 / 60.01 0.07/ 026/ 5.41 0.01/0.02/0.57 701.9
A2-GNN 17.29/54.41/ 62.24 0.06/ 0.19/ 4.6 0.01/0.02/0.48 372.0

Table 1. Matching results on MegaDepth [37]. The results include the reprojection AUC, rotation and translation errors, and inference
time. Parameter k is the number of retrieved images. The best results are bold.

Methods No Desc. Privacy Cambridge-Landmarks [32] (cm, ©) MB used 7Scenes [59] (cm, ©) MB used
Maint. King’s Hospital Shop St. Mary’s Chess Fire Heads  Office Pumpkin Kitchen  Stairs

MS-Trans. [56] v v/ 83/147181/23986/3.07 162/3.99 71 | 11/4.66 24/9.60 14/12.19 17/5.66 18/4.44 17/5.94 26/8.45 71

EDSAC* [4] v v 157030 21/0.40 5/0.30 13/0.40 112 2/1.10 2/124 1/182 3/1.15 4/134 4/1.68 3/1.16 196
HSCNet [35] v v/ 18/030 19/0.30 6/0.30 9/030 592 2/070 2/090 1/090 3/080 4/1.00 4/1.20 3/0.80 1036
HybridSC [8] X - 81/0.59 75/1.0119/0.54 50/0.49 3 -

EAS [52] X X 13/022 20/036 4/021 8/025 813 3/087 2/1.01 1/082 4/1.15 7/1.69 5/172 4/1.01
SP [14]+SG [48] X X 127020 15/030 4/020 7/021 3215 2/0.85 2/094 1/0.75 3/092 5/130 4/1.40 5/1.47 22977
GoMatch [77] v V' 25/0.64283/8.1448/4.77 335/9.94 48 4/1.65 13/3.86 9/5.17 11/2.48 16/3.32 13/2.84 89/21.12 302

EDGC—GNN [69] v v/ 187047 75/2.83 15/1.57 106/4.03 69 3/141 5/181 4/3.13 7/1.66 8/2.03 8/2.14 83/21.53 355
A2-GNN v v’ 15/0.39 59/1.74 12/1.16 76/2.65 69 3/1.37 5/178 4/270 6/156 7/1.86 7/2.00 72/17.05 355

Table 2. The comparison to existing localization baselines. E2E, DB and DF indicate end-to-end methods, descriptor-based and descriptor-
free methods, respectively. Median translation and rotation errors for each scene are reported, as well as storage demand. The best results
in each group are bold.

Methods OR Input Self-Attention Color Reproj. AUC (%) Rotation (°) Translation
Maxpooling Annular Angle @1/5/10px (1) Quantile@25/50/75% (]
GoMatch [77]  Feat. v 8.90/35.67/44.99 0.18/1.29/16.65 0.02/0.12/1.92
BV v 10.57/39.22/47.98 0.13/0.96/17.77 0.01/0.09/1.96
BV v 12.02/42.42/50.67 0.10/0.67/15.99 0.01/0.06/1.76
Variants BV v v 14.04/47.49/55.82 0.08/0.40/11.40 0.01/0.04/1.20
BV v v v 14.79/49.11/57.41 0.08/0.33/ 9.14 0.01/0.03/1.06
Feat. v v v V' 1597/52.01/59.88 0.06/0.23/ 7.34 0.01/0.02/0.79
A2-GNN BV v v vV oV 17.29/54.41/62.24 0.06/0.19/ 4.60 0.01/0.02/0.48

Table 3. Architecture Ablations. The reprojection AUC, rotation and translation errors are reported. OR Input indicates the input types of
outlier rejection. Feat. means enhanced feature from GNN as input, and BV refers to bearing vector. The best results are bold.



Oracle GoMatch === DGC-GNN === A2-GNN

36 a1l 00!
.32 724 <80
x28 o3 70
x 2 X 541 560
=20 55! S50/
©16 ®36. ®40+
y12 Y27 030
I 8 < 18- 3 201
4 9 10+

00.00 0.25 0.50 0.75 1.00
Max Outlier Rate

o0.00 0.25 0.50 0.75 1.00
Max Outlier Rate

00.00 0.25 0.50 0.75 1.00
Max Outlier Rate

Figure 4. Outlier Sensitivity. Comparison of the AUC for Go-
Match [77], DGC-GNN [69], and the proposed A2-GNN under
different outlier ratios at 1, 5, and 10 pixels thresholds. Oracle is
the upper bound by using ground truth matches.

Reproj. AUC (%)
@1/5/10px (1)

Rotation (°)

Quantile @25 /50/75% (})

Translation (m)
Method

GoMatch (no OR) 4.4771795/23.42 129/11.85/33.60 0.11/1.18/3.58
DGC-GNN (no OR)  8.56/30.79/37.02 0.22/ 4.85/30.07 0.02/0.47/3.10
A2-GNN (no OR)  11.37/37.04/43.15 0.13/ 2.32/27.00 0.01/0.22/2.87

Table 4. Ablation results without outlier rejection on MegaDepth
on top-1 image retrieval.

dataset, A2-GNN demonstrates strong performance, high-
lighting its robust generalizability.

Ablation Studies. We validate our A2-GNN module de-
sign by conducting ablation studies on the MegaDepth
dataset [37] with the top-10 retrieved images (k = 10). The
ablation results are presented in Table 3. First, we analyze
the impact of the outlier rejection inputs by changing the in-
put from enhanced features to bearing vectors. This change
improves the reprojection AUC by 1.67/3.55/2.99 %, con-
firming our assumption that explicit positional information
can enhance consensus in epipolar geometry, thereby im-
proving outlier rejection accuracy. Next, we perform ab-
lations on our geometric feature embedding. Incorporat-
ing both max-pooling and annular convolution significantly
boosts reprojection AUC by 3.47 / 8.27 / 7.84 %. We can
conclude that max-pooling operation holds the permutation
invariance, a property that is vital for robust feature learn-
ing. Additionally, angle embedding further enhances geo-
metric embedding and shows improvement by 0.75/1.62 /
1.59%. Similar to [69], we also observe notable gains when
color information is added to the point feature.

The evaluation results without outlier rejection are
shown in Table 4. We use image retrieval with £ = 1 and set
the outlier rejection threshold to 0. Our A2-GNN demon-
strates the ability to generate high-quality 2D-3D corre-
spondences without the need for outlier rejection, outper-
forming both GoMatch and DGC-GNN by large margins.
Sensitivity to Keypoint Outliers. To evaluate our method’s
performance in handling keypoint outliers, we follow the
procedure outlined in [69, 77] and vary the outlier ratios

from O to 1 during inference. We present the AUC across
various pixel thresholds and outlier ratios in Fig. 4. When
the outlier ratio is 0, all input keypoints are derived from the
ground truth, meaning no outliers are present. Conversely,
at a ratio of 1, all keypoints are directly taken from the 2D
query and the 3D points from the top-k retrieved images.

As shown in Fig. 4, our A2-GNN model consistently out-
performs GoMatch and DGC-GNN across all outlier rate
scenarios. When the outlier rate is below 50%, the AUC
of our method closely approaches the Oracle upper bound
However, when the outlier rate exceeds 50%, performance
declines rapidly. This is due to the increased difficulty in
identifying correct matches in high-outlier scenarios. Addi-
tionally, our model was trained under conditions with a 50%
outlier rate and thus does not perform as well when inputs
are chosen randomly.

5. Conclusion

This paper introduces A2-GNN, a novel local graph neigh-
bor aggregation method for direct 2D-3D matching without
relying on visual descriptors. Our angle-annular convolu-
tion method effectively captures more robust local geomet-
ric information. Compared to the state-of-the-art descriptor-
free matcher DGC-GNN [69], A2-GNN demonstrates su-
perior accuracy and efficiency, leading to significantly im-
proved localization performance. These advancements help
bridge the gap between descriptor-based and descriptor-
free methods while addressing the limitations of descriptor-
based approaches, such as high storage requirements, main-
tenance complexity, and privacy concerns. Overall, A2-
GNN represents a substantial advancement in the field of
direct 2D-3D matching.

Limitations. While the proposed A2-GNN method demon-
strates significant efficiency and accuracy improvements
over existing descriptor-free approaches, its performance
still lags behind that of traditional descriptor-based algo-
rithms. This shortfall is primarily due to noisy keypoint
inputs from query images and the limited information avail-
able. Specifically, when image keypoints contain more
than 50% outliers, the performance drops dramatically. Al-
though A2-GNN advances the state of descriptor-free meth-
ods, further research is needed to bridge this gap.
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