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Fig.1: Comparison of visual localization pipelines. (a) Descriptor-based methods
achieve high accuracy but require large storage, raise privacy concerns, and incur costly
map maintenance. (b-i) Descriptor-free methods offer compact, privacy-preserving lo-
calization yet lag in accuracy. (b-ii) GeoMix bridges this gap with directional and
distance-aware geometric embeddings, global context nodes, and a Mix-Training strat-

egy. Dir.: direction; Dist.: distance; GC: global context.

Abstract. Descriptor-free visual localization eliminates high-dimensional
descriptor storage, preserves scene privacy, and simplifies map mainte-
nance, yet its accuracy still lags far behind descriptor-based pipelines. We
identify this gap to insufficient geometric discriminability in geometry-
only matching. Without visual appearance, current methods underutilize
local geometry cues, lack the global context among keypoints, and over-
fit to a single keypoint detector. We further observe that descriptor-
free matching naturally enables multi-detector training, as heteroge-
neous keypoints can be optimized in a shared geometry-only space with-
out aligning descriptor spaces. Building on these insights, we propose
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GeoMix, a descriptor-free 2D-3D matching framework that strength-
ens geometric discriminability at three levels. Locally, directional and
distance-aware embeddings enrich neighborhood aggregation with fine-
grained spatial structure. Globally, learnable context nodes aggregate
and redistribute scene-wide information via cross-attention to resolve
ambiguities beyond local receptive fields. At the training level, Mix-
Training exploits this detector-agnostic geometry space to learn rep-
resentations across multiple keypoint detectors. Extensive experiments
on MegaDepth, Cambridge Landmarks, 7Scenes, and Aachen Day-Night
show that GeoMix sets a new state of the art among descriptor-free
methods, reducing 75th-percentile rotation error by 89% and translation
error by up to 90% over the previous best, while generalizing zero-shot
to unseen detectors and narrowing the gap to descriptor-based pipelines.
Code is available at https://github.com/YejunZhang/Geomix.

Keywords: Visual Localization - Descriptor-Free Matching - Graph Neu-
ral Network

1 Introduction

Accurate camera localization underpins autonomous navigation, augmented re-
ality, and large-scale mapping [2,/5,22,/42]. The dominant paradigm achieves
high accuracy by matching local image features to a pre-built 3D map via visual
descriptors and recovering pose with a PnP-RANSAC solver [50}53}54,57}77].

Yet this success comes at a cost: storing high-dimensional descriptors for
millions of 3D points consumes substantial memory, descriptors can be inverted
to reveal sensitive scene content [9}43|, and map updates require recomputing
descriptors whenever new images are observed [17,/69.[76]. These constraints mo-
tivate descriptor-free localization [6}/69,/76|, which represents keypoints through
geometric cues such as keypoint positions and spatial relations, enabling compact
and privacy-preserving maps. Despite these practical advantages, descriptor-free
methods still lag significantly behind descriptor-based counterparts in accuracy,
preventing adoption in precision-critical systems.

The accuracy gap reflects a fundamental challenge. Without visual appear-
ance, the network must extract sufficient discriminative signal from geometry
alone, and current methods [69,75l/76] fall short at every stage of this process. At
the local level, neighborhood aggregation in graph neural networks (GNNs) re-
lies on basic spatial relations, overlooking directional and metric cues that could
sharpen per-point discriminability. At the global scale, local graph convolution
operators have limited receptive fields; repetitive structures such as corridors or
building facades are geometrically indistinguishable locally and therefore pro-
duce ambiguous correspondences. At the training level, existing methods train
with a single keypoint detector, causing the network to absorb detector-specific
patterns rather than learning geometry that transfers across conditions.

We observe, however, that the descriptor-free formulation itself conceals an
untapped advantage. In descriptor-based pipelines, each keypoint detector is
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tightly coupled with its own descriptor space, so switching detectors requires
reconciling incompatible representations [11,/17,27]. The descriptor-free setting
removes this coupling entirely: since matching relies purely on geometric rela-
tions, keypoints from any detector are interchangeable. This detector-agnostic
property has not been exploited by prior methods, yet it opens a natural path to
stronger generalization—training over diverse detectors simultaneously to force
the network to learn geometry that transcends any single detector’s character-
istics.

Building on this observation, we propose GeoMiX, a descriptor-free 2D-3D
matching framework that strengthens Geometric discriminability at all three
levels through enriched local-global representations and Mix-Training over mul-
tiple detectors. At the local level, directional and distance-aware embeddings en-
rich neighborhood aggregation with fine-grained spatial structure. At the global
level, learnable global context nodes aggregate and redistribute global informa-
tion via cross-attention, enabling each feature to resolve ambiguities beyond its
local receptive field. At the training level, our Mix-Training strategy jointly op-
timizes over multiple keypoint detectors, leveraging the detector-agnostic prop-
erty unique to the descriptor-free setting to learn robust geometric representa-
tions. Extensive experiments on MegaDepth, Cambridge Landmarks, 7Scenes,
and Aachen Day-Night show that GeoMix sets a new state of the art among
descriptor-free methods, reducing 75th-percentile rotation error by 89% and
translation error by up to 90% over the previous best, substantially narrowing
the gap to descriptor-based pipelines.

Our contributions are as follows:

— We introduce GeoMix, a descriptor-free 2D-3D matching framework that
strengthens geometric discriminability at both local and global levels: direc-
tional and distance-aware embeddings sharpen per-point discrimination in
neighborhood aggregation, while learnable global context nodes aggregate
and redistribute scene-wide information via cross-attention to disambiguate
repetitive structures.

— We propose Mix-Training, a multi-detector training strategy uniquely en-
abled by the descriptor-free setting: since keypoints from any detector are
interchangeable without descriptors, joint optimization forces the network
to learn geometry that generalizes to entirely unseen detectors at test time.

— Extensive experiments across four benchmarks show that GeoMix reduces
75th-percentile rotation error by 89% and translation error by up to 90%
over the best prior descriptor-free method, while generalizing zero-shot to
unseen detectors.

2 Related work

Structure-Based Localization. Structure-based visual localization achieves high
accuracy by establishing 2D—-3D correspondences against a pre-built 3D map.
Classical methods [53],/54] relied on Structure-from-Motion (SfM) models to
match features between query images and 3D points. Learning-based advances
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have signi cantly improved image retrieval [1}24/25,48], with recent works|[26,31]
leveraging powerful pretrained models to further boost retrieval accuracy. Fea-
ture extraction methods |13, 18,49, 66] extract robust visual representations
for reliable keypoint detection and description. For keypoint matching, Super-
Glue |51] employs graph neural networks to re ne correspondences, while recent
advances |[29, 38, 59, 74] continue to push the boundaries of matching accuracy
and e ciency. Detector-free methods [10, 65/ 72] further improve accuracy by
matching dense image pairs directly, though at higher computational cost. More
recently, end-to-end regression methods such as Reloc3r [16] directly predict
relative camera poses from image pairs, o ering fast inference but requiring
large-scale training data and substantial model capacity.

Scene Compression. Scene compression reduces storage via map pruning [7,
8,(19, 34| 36, 73], descriptor compression [15,128,30/34,52,68, 73], or hybrid ap-
proaches|[,34,73]. Scene coordinate regressior |3,4} 35,61, 70,71] learns compact
representations but struggles to generalize to new scenes. While these techniques
save storage, they do not fully address privacy concerns or descriptor mainte-
nance. Our descriptor-free method is complementary and can be combined with
scene compression to further reduce model size.

Privacy-Preserving Visual Localization. As demonstrated in [47], image details
can be recovered from descriptors, raising data privacy concerns. To address
this, privacy-preserving methods [40, 41,43, 60, 63, 64] obscure spatial details by
lifting 2D/3D points to geometric primitives such as lines, ray clouds |40], and
sphere clouds [41], but generally suer from accuracy degradation or require
additional sensor inputs. Other methods adopt alternative strategies, including
scene landmarks [14], semantic segmentation [46], Gaussian splatting feature
elds [44], and NeRF-based representations [45], yet they rely on extensive priors
or labels and limit generalizability.

Cross-Detector Matching. Standard localization pipelines assume the same fea-
ture extractor for mapping and querying. To enable cross-detector map reuse,
prior works learn pairwise descriptor translations [17], project features into
shared embedding spaces [27], or augment descriptors with geometric context [11],
all requiring descriptor storage or alignment. However, these methods must be
retrained or ne-tuned for every new detector pair, limiting scalability as the
number of detectors grows. In contrast, our descriptor-free formulation sidesteps
the cross-detector problem entirely: since matching relies solely on geometric
relations, keypoints from any detector are directly interchangeable without ad-
ditional training or adaptation.

3 Method

3.1 Problem Setting and Keypoint Representation

Problem Formulation. Given a query image |, we rst retrieve its top-k database
images and collect the 3D points observed in them to form a candidate point
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Fig. 2: Overview of GeoMix. A shared encoder lifts 2D keypoints and 3D points to bear-
ing vectors with RGB colors. The attention module alternates self-attention and cross-
attention over L layers: self-attention aggregates local geometry via annular convolu-
tion and max-pooling enriched by directional and distance embeddings, while learnable
global context (GC) nodes broadcast scene-wide information through cross-attention.
Optimal transport with outlier rejection produces 2D 3D correspondences for pose es-
timation. During training, Mix-Training varies the query-side keypoint detector while
keeping the 3D map xed, encouraging detector-agnostic geometric learning.

cloudQ=1qg j 2 R3gj“il . Because the retrieved database images are registered in
the scene, their known camera poses provide the extrinsic parameters used below.
We estimate the 6-DoF camera pose (R;t) of the query image by establishing
2D 3D correspondences between its M keypoints P = fp; 2 R2g¥, and Q.

Keypoint Representation. Since 2D keypoints are de ned in pixel space while 3D
scene points reside in world coordinates, directly comparing them is challenging
without a common representation. Following [69,75,76], we adopt bearing vectors
to bridge this modality gap: by back-projecting both onto the normalized image
plane, 2D and 3D keypoints become geometrically comparable. For a 2D keypoint
pi = (u;Vv), we back-project it through the camera intrinsics K to obtain the
bearing vector b, :

b> ;1] =K * [uv;1]:

For a 3D scene point g and the world-to-database-image transformation with
rotation R and translation t, we compute q { = Rq j +t, where g represents
g; in the camera's frame of reference. We then obtain the bearing vector b by
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projecting onto the normalized image plane:

ar.
4

o311 =
where ¢, denotes the z-coordinate of ¢j.

3.2 Network Architecture

Fig. 2 shows our architecture, which builds upon the descriptor-free A2-GNN
backbone [75]. The model consists of a bearing/RGB feature encoder, a geomet-
ric aggregation GNN with angle annular convolution and max-pooling for local
structure modeling, a global context mechanism, an optimal transport layer for
di erentiable correspondence estimation, and an outlier rejection module. While
inheriting the encoder, local aggregation, optimal transport, and rejection mod-
ules from A2-GNN, our GeoMix introduces three key components in Fig. 1(b-ii):
directional and distance edge embeddings, learnable global context nodes, and
a Mix-Training strategy. These components enhance local and global geometric
embedding and improve robustness.

Feature Encoder. We use ResNet-style encoders to project inputs into a high-
dimensional feature space. For each keypoint with bearing vector b2 fb , ;bq @
and RGB color ¢;, we process geometric and photometric cues through separate
branches and sum their embeddings to generate the initial feature vector, f2 R¢:

fi =Fb(bi)+Fc(Ci); (1)

where F, and F. denote the bearing vector and color encoders.

Geometric Graph Neural Network. We employ a GNN where each node repre-
sents a 2D keypoint or 3D point. The network alternates between self-attention

and cross-attention to progressively re ne features. Self-attention layers extract

local geometric context via dual-branch aggregation, while cross-attention layers
incorporate global scene context using global context nodes.

Local Geometry. We construct a local graph by connecting each point to its k
nearest neighbors. For central node i with neighbor set N, self-attention uses
dual-branch aggregation: geometry-guided max-pooling extracts salient metric
cues with permutation invariance, while annular convolution partitions neighbors
into distance-based groups to encode topological structure. For each neighbor
j 2 N i, we compute relative displacement pj =p; p ; and form a unied
geometric embedding shared by both branches by concatenating the relative
displacement with its unit direction:

geo _ . p ij 4.
ej p.,,ikpijkz 2R™ (2)
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This embedding is subsequently projected and aggregated via a max-pooling
operation:

himax = TBS-X feat ([fi ;fj fiD+ geo(eigjleo) ; €))
yielding a geometry-aware representation f{®*, where ¢eax and geo denote
MLPs with instance normalization and LeakyRelLU.

Simultaneously, the annular convolution branch partitions the k nearest neigh-
bors into g groups by ranking Euclidean distances to the central node, so that
each group contains k=g neighbors at a similar radius. Two successive 1D convo-
lutions with kernels of size 1 (k=g) and 1 g are applied: the rst aggregates
features within each group, and the second aggregates across groups. We apply
this operation to both the concatenated features and the geometric embedding
in parallel:

hem = (et f D+ 39 (e8%); @)

ann ann \%jj

where €& and 92° denote the annular convolutions applied to neighbor fea-
tures and geometric embeddings, respectively, each followed by batch normal-
ization and ReLU.

Finally, we aggregate local features from two complementary paths: rst, an
annular convolution path h&" with annular geometric embeddings, and sec-
ond, a maxpooling path h™* with geometric embeddings. These are fused via
element-wise summation: @ =h & +h M “which then feeds into the global
context module.

Global Context Nodes. To capture long-range dependencies beyond the local
KNN graph, we introduce Ny learnable global context nodes fg 2 Rdgl':';’1 ,

maintained independently for each 2D and 3D point set. These nodes aggregate
information from all local features, exchange context among themselves, and

broadcast back via cross-attention:

9P =gk + agg (O ; CA@K; F)); (5)
9= g + SAQ v &; (6)
fiself =f iIocal +  broad filocal : CA(f iIocaI 'Gog : (7)

where SA() and CA() denote Self-Attention and Cross-Attention mechanisms
respectively. @ and G°denote the sets of intermediate global context features,
[ ; ] denotes concatenation, and ag¢ and proad @re MLP blocks for aggregation
and broadcasting, respectively. The nal output fise” corresponds to the locally
updated feature for node i enriched with global context.

Optimal Transport and Outlier Rejection. To establish the initial set of cor-
respondences M , we employ a di erentiable Optimal Transport layer. By
applying the Sinkhorn algorithm [12, 62] to the score matrix derived from the
enhanced features, we compute an optimal assignment matrix that encapsulates
the soft matching probabilities between 2D query keypoints and 3D scene points.
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