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Abstract

This paper presents a visual SLAM system that augments the ORB-SLAM?2 frontend with
learned detection and matching while preserving the standard backend. A fully convolutional
feature extractor with a position—prior head predicts one keypoint per grid cell with sub-
cell refinement, producing uniformly distributed and repeatable features under illumina-
tion changes and low texture. A graph-attention matcher jointly reasons over intra-image
neighborhoods and cross-image relations; a Sinkhorn-based assignment with a dustbin yields
calibrated, approximately one-to-one correspondences. A lightweight optimization layer
prunes and reweights candidates before geometric verification, and a dynamic frontend pol-
icy activates the learned components only when viewpoint change or inlier support indicate
difficult frames, otherwise falling back to fast ORB tracking. The backend, i.e. local map-
ping, loop closing (DBoW?2), and bundle/pose-graph optimization, remains unchanged, with
learned descriptors used for 3D-2D association. Experiments on HPatches, TUM RGB-
D, KITTI odometry, and real-world robot runs show improved detector repeatability and
matching mAP, as well as reduced trajectory error compared to ORB-SLAM?2, DX-SLAM,
and GCNv2-SLAM, while maintaining real-time throughput on modest hardware. These
results indicate that attention-based matching and position-aware detection provide a practi-
cal path to robust SLAM under large viewpoint and appearance changes without sacrificing
efficiency.

Keywords: Simultaneous Localization and Mapping (SLAM), Visual SLAM, Feature ex-
traction, Keypoint detection, Feature matching, Graph neural networks, Attention mecha-
nisms, Optimal transport, Pose estimation, Real-time systems.

1. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) is the process by which a robot moving in an
unknown environment estimates its own motion while incrementally building a map of the scene

1, 2].
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Classical visual SLAM systems rely on handcrafted local features. Keypoints are detected and de-
scribed in each frame, matched across views, and used to recover camera motion through geometric
estimation; loop-closure detection provides global drift correction. Bundle adjustment and pose-
graph optimization then refine structure and trajectory [3].

Among these systems, ORB-SLAM?2 (Oriented FAST and Rotated BRIEF) [4], is a widely adopted
baseline. It uses ORB keypoints and binary descriptors [5], for fast, rotation- and scale-robust
matching (Hamming-distance NN, typically accelerated and guided via DBoW2-inverted file lists
and epipolar/geometric constraints), organizes the pipeline into three parallel threads (tracking, local
mapping, and loop closing) and performs geometric estimation with RANSAC (essential/fundamental
matrix or PnP when 3D points are available), followed by local and global optimization. Place
recognition for loop closure is handled by a bag-of-words engine (DBoW2) [6].

Despite their efficiency, handcrafted features degrade under severe illumination change, motion
blur, repetitive patterns, and large viewpoint changes, which reduce match consistency and can
trigger tracking loss.

Deep learning has improved the robustness of visual features. Convolutional neural networks (CNNs)
have been used to produce local detectors and descriptors (for example, SuperPoint-like approaches,
R2D2, DISK, LF-Net, Key.Net, ALIKE) [7-12], and global image descriptors for place recognition
(for example, DenseVLAD, NetVLAD, or AP-GeM-style embeddings) [13].

Recent SLAM variants integrate learned features into the ORB-SLAM?2 framework. DX-SLAM
employs CNN-based local features together with global descriptors for loop closure [14]. GCNv2
provides a learned binary local descriptor and detector implemented with CNNs (despite the name,
it is not a graph-convolutional network), improving efficiency but still struggling in texture-poor or
highly oblique views [15].

Graph neural networks (GNNs) have emerged as an effective tool for feature matching: instead of
processing descriptors independently, they reason over keypoint neighborhoods and cross-image re-
lations. SuperGlue, [16—19], for example, performs attention-based message passing over keypoint
graphs and formulates assignment with a learnable dustbin for unmatched points, yielding strong
2D-2D correspondences under viewpoint and illumination changes. Nevertheless, performance
still depends on the quality and spatial coverage of detected keypoints, which can be a bottleneck
in low-texture or low-light scenes.

To address these limitations, this work proposes a visual SLAM system that augments the frontend
of ORB-SLAM?2 with two learned components: a keypoint detector and descriptor with a position-
prior head to encourage uniform, repeatable coverage, and a graph-attention matcher that aggregates
intra- and inter-frame context to produce reliable correspondences. The standard ORB-SLAM?2
backend (local mapping, loop closing, and optimization) is retained. This integration aims to deliver
accurate localization and mapping under large viewpoint changes and challenging illumination
while preserving real-time performance.
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2. RELATED WORK

Research on visual SLAM spans classical pipelines built on handcrafted local features and recent
approaches that replace or augment the frontend with learned components while preserving mature
geometry and optimization backends. ORB-SLAM?2 popularized a modular architecture based on
ORB keypoints and descriptors [5], Hamming-distance matching, RANSAC for essential or PnP
estimation, loop detection with DBoW2 [6], and graph-based optimization with g2o0 [3], and it
remains a widely used baseline [4]. ORB-SLAM3 extended the family to visual-inertial and multi-
map settings without altering these core principles [20]. Robust minimal solvers such as the five-
point algorithm for relative pose [21], and EPrP for absolute pose [22], together with RANSAC
variants like PROSAC [23], and learned guidance [24], underpin geometric verification in these
systems.

Learned local features have improved detection repeatability and descriptor distinctiveness under
appearance changes. Self-supervised and weakly supervised detectors and descriptors include Su-
perPoint [7], R2D2 [8], DISK [9], LF-Net [10], Key.Net[11], and ALIKE [12]. These methods typi-
cally predict interest points and descriptors with convolutional encoders and train with homography-
based or multi-view consistency. Despite strong results, performance can degrade in texture-poor
regions or under extreme viewpoint changes when spatial coverage or descriptor context is limited.

Matching with joint context reasoning has been advanced by graph and transformer models. Super-
Glue performs message passing with attention over keypoint graphs and computes correspondences
with a Sinkhorn-normalized assignment that includes a dustbin for unmatched points [16, 25]. Light-
Glue improves efficiency with dynamic early exiting while retaining attention-based reasoning [17].
Detector-free or dense alternatives such as LoFTR [18], and MatchFormer [19], aggregate context
across scales to increase recall under strong viewpoint and illumination changes. Practical systems
often couple attention layers with approximate nearest-neighbor retrieval to constrain candidate
pairs, for example using FAISS [26].

Several SLAM variants integrate learned features into ORB-SLAM-style frameworks. DX-SLAM
replaces ORB with CNN-based local features inside a standard tracking, mapping, and loop-closure
pipeline [14]. GCNv2-SLAM deploys a compact CNN detector and binary descriptor to retain speed
with improved robustness relative to handcrafted features [15]. CNN-SLAM combines monoc-
ular SLAM with learned dense depth to enable real-time dense mapping [13]. These systems
demonstrate that learned frontends can be inserted into classical backends with gains in challenging
scenarios. However, when matching relies on independent nearest-neighbor decisions, ambiguities
from repetitive patterns or large baselines can still reduce inlier support and trigger track loss.

The present study relates to these lines of work by coupling a position-aware, fully convolutional
detector—descriptor with a graph-attention matcher that uses Sinkhorn-based assignment and an
explicit dustbin. The design follows the trend of retaining a standard ORB-SLAM?2 backend [3, 4, 6],
while improving the frontend with learned components [7-12, 16—19]. In contrast to pipelines that
depend solely on descriptor similarity, attention-based message passing and optimal-transport nor-
malization provide calibrated, approximately one-to-one correspondences that increase robustness
under large viewpoint and appearance changes, and that integrate naturally with robust geometric
verification [21-24].
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3. METHOD

The system comprises three main components: a learned feature extraction module (detector and de-
scriptor) with a position—prior head that encourages uniform, repeatable keypoint coverage, a graph-
attention matcher that reasons jointly over intra-image neighborhoods and cross-image relations,
and the standard ORB-SLAM2 backend (tracking, local mapping, loop closing and optimization)
for map maintenance and trajectory refinement.

In the feature extraction module, a lightweight position-prior head is added on top of a fully con-
volutional encoder. The network is trained in a self-supervised manner using multi-homography
augmentation over large-scale image datasets, so that detection and description remain stable across
viewpoint and illumination changes. The head predicts sub-cell offsets and confidences, which are
used to select the top-v keypoints while promoting spatial coverage.

During operation, many frame pairs exhibit small inter-frame baselines where classical ORB fea-
tures already track reliably and at low cost. To preserve real-time performance, a dynamic frontend
policy is used: a fast ORB track is attempted first (Hamming-distance nearest-neighbor matching
followed by RANSAC on the essential matrix or PnP when 3D points exist). If the inlier ratio or
count drops below a threshold, the estimated median parallax or rotation indicates a large viewpoint
change (for example, parallax > py; or rotation > 6y;), or the reprojection error spikes, the system
switches to the learned detector and descriptor and invokes the graph-attention matcher. Conversely,
when the median parallax is small and inlier support is stable, the fast ORB track is maintained. This
gating ties the use of the learned components to genuinely hard viewpoints rather than to raw match
counts alone.

For matching, a bipartite keypoint graph is constructed with self-attention edges within each image
to aggregate local context and suppress ambiguous points, and cross-attention edges between images
to exchange information across tentative correspondences. A multi-layer message-passing GNN
produces match scores that are converted into a doubly stochastic assignment with an additional
dustbin (unmatched) class via Sinkhorn normalization. The output is a set of geometrically consis-
tent correspondences with calibrated confidences.

Global trajectory and mapping follow the ORB-SLAM?2 backend: new keyframes are inserted,
redundant ones are culled, and local bundle adjustment minimizes reprojection error. Loop closure
is detected via place recognition. We retain DBoW?2 for loop closure and still extract ORB on
keyframes (only on keyframes, not every frame) to index them in the vocabulary. Each keyframe
and map point also stores a learned descriptor; map points keep a learned descriptor (e.g., the
median over observations) used for 3D < 2D association and for PnP/BA during tracking and local
mapping, while ORB descriptors are used solely for DBoW2 indexing and as a fallback. This keeps
BoW costs bounded while making 3D < 2D matching consistent with the learned frontend. Pose-
graph optimization and a final BA pass yield the global trajectory and map. The overall framework
is illustrated in FIGURE 1.
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Figure 1: Framework of the proposed algorithm.
4. POSITION-PRIOR FEATURE EXTRACTOR

Classical feature extractors rely on handcrafted detectors and binary or floating-point descriptors;
keypoints are then paired with descriptors to form local features. While efficient, the number and
spatial coverage of such keypoints can vary strongly with illumination, blur, and viewpoint, which
degrades match consistency and downstream geometry.

This work addresses the problem with a fully convolutional, self-supervised feature extractor equipped
with a position—prior head. The module comprises a shared encoder and three lightweight prediction
heads. The first head is a position module (two 1x1 convolutions, 256—2) that outputs raw offsets
Suv € R2: these offsets are mapped inside the cell with a sigmoid §,, = o (6uy) € (0,1)% and
clamped to [&, 1 —&] with & ~ 1073. The corresponding image coordinates are €, = s(u + %, v +
7). The second head is a confidence module that scores candidate locations. The third head
is a descriptor module that produces £»-normalized descriptors. The overall structure is shown in

FIGURE 2.

The backbone processes an input image of size H X W with a compact encoder (VGG/ResNet-
lite blocks with stride) to produce a feature map F € RS X5 XC gt output stride s = 8. Strided
convolutions are used instead of repeated max pooling to retain localization fidelity and reduce
aliasing, and ReLU activations follow all intermediate convolutions.

For each spatial cell (u, v) on F, the position head outputs raw offsets 5, that are squashed with a
sigmoid into §,, = 0 (d,,) € (0, 1)? (optionally clamped), and the confidence head outputs a scalar
score ¢, € [0, 1]. The corresponding image coordinates are

Cuy = (xuv, yuv) =S (u + 6;\;»" + 65\/) s

which map each cell to a precise pixel location without resorting to an argmax over heatmaps.
This formulation encourages uniform coverage (one candidate per cell) while allowing subpixel
refinement.
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Figure 2: Structure of the Prior Position Estimation Feature Extraction Network.

The descriptor head produces an embedding e,, € R? at each cell, optionally refined via bilin-
ear sampling at £,,, on an intermediate feature tensor to reduce quantization. Descriptors are £»-
normalized, enabling cosine (dot product) similarity and stable gradient flow.

The three heads operate on the same backbone features and share early layers to avoid redundant
computation. Denote the collections

Lmap = {guv}v Cmap = {cuv}, Dmap = {euv},

each defined over the ¢ = % X % grid cells. Candidates are ranked by c,,,, and a lightweight non-
maximum suppression in image coordinates is applied to avoid local clustering; the top-v survivors
yield the position matrix L € R"*2, confidence vector C € R”, and descriptor matrix D € R¥*¢
used by the matcher.

Predicting one candidate per cell with subcell refinement replaces expensive dense keypoint search
with a constant-cost pass over the feature grid. The position—prior head stabilizes the number
and spatial distribution of keypoints across frames, mitigating the effect of illumination and tex-
ture sparsity on downstream matching. During inference, this also enables restricting candidate
gathering and descriptor sampling to local neighborhoods, lowering memory traffic and improving
throughput.

The extractor is trained in a self-supervised manner with multi-homography augmentation: pairs
of views are synthesized by random planar transforms, and consistency between (L, D, C) across
the two views provides supervisory signals for detection (repeatability and coverage via confidence
ranking) and description (contrastive objectives over correspondences). Detailed losses are intro-
duced in the following section. All components are differentiable end to end through the offset-based
coordinate mapping. During training, detection losses are applied densely on per-cell outputs; for
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descriptor contrastive terms we sample top-v candidates with a stop-gradient (non-differentiable)
selection. At inference, we perform top-v selection followed by NMS.

4.1 Model

The encoder consists of six 3x3 convolutions with channel configuration [32, 32, 64, 64, 128, 128].
Downsampling to an output stride s = 8 is achieved with three stride-2 operations implemented as
strided convolutions placed after layers 2, 4, and 6. Each convolution is followed by ReLLU; no max
pooling is used to preserve localization fidelity. Given an input of size H X W, the encoder outputs
a feature tensor F € R& X ¥ X128,

On top of F the three lightweight heads share an initial 1x1 expansion layer that maps 128 — 256
with ReLU. The position head then applies a 1x1 convolution 256 — 2 and outputs raw offsets
6.y € R? that are squashed to 6, = 0 (,,) € (0,1)? and optionally clamped to [&,1 — £]. The
confidence head applies a 1x1 convolution 256 — 1 with a sigmoid and outputs ¢,,, € [0, 1].
The descriptor head applies a 1x1 convolution 256 — d and produces an embedding e,, € RY,
later £5-normalized. Here (u, v) indexes a spatial cell on the %x% grid. The corresponding image
coordinates are computed as

by = (xuv’ yuv) =S (u + 6i§v,v + (55v) s

which map each cell to a precise pixel location in a differentiable manner. When finer localization
is required, descriptors are bilinearly sampled at £,,, from an intermediate descriptor map before
normalization.

The following sets are defined:

Lmap = {guv}’ Cmap = {Cuv}, Dmap = {euv},

each with y = % X % elements, one per cell. At inference time candidates are ranked by c,,,

and a non-maximum suppression in image space with radius r avoids local clustering. The top-v
survivors form the position matrix L € R"*2, the confidence vector C € R”, and the descriptor
matrix D € R"*“ that are passed to the matcher.

For subsequent graph-based matching the visual descriptors are enriched with geometric context.
Let £; = (x;/W, y;/H) be normalized coordinates and let ¢(;, ;) be a small multilayer perceptron
embedding of (£;, ¢;). The initial node feature used by the GNN is

hl(o) = WP [ei || ¢({7iaci)] + bp’

where [-||-] denotes concatenation and W),, b, are learnable parameters. This preserves the discrim-
inative power of e¢; while injecting spatial priors and confidence into the representation.

Predicting one candidate per grid cell with subcell refinement yields approximately uniform spatial
coverage and a stable candidate count across frames, properties that benefit repeatability under
illumination change and texture sparsity. The fully convolutional design shares computation among
the three heads and avoids costly dense keypoint searches. Inference reduces to a single forward pass
over F, followed by ranking and non-maximum suppression. During training, losses are applied on
dense per-cell outputs before top-v selection or non-maximum suppression, since the selection itself
is non-differentiable.
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Figure 3: Module for estimating sub-cell keypoint positions and confidences. The position
head predicts offsets within each sxs cell; coordinates are then mapped to pixels as
s(u+6*, v+6Y).

4.2 Matcher Loss

M B —
i=1°
confidences C4, C®, and descriptors D4 = {e'}, DB = {e?}. After K message-passing

Given two images G4 and G p, the extractor provides keypoint coordinates L4 = {t’lf‘}

B\N
{5y,
layers, the matcher outputs pairwise logits Z € RM*N | This matrix is augmented with a dustbin
row and column to model unmatched keypoints. Per-keypoint logits z; ¢ and zg,; yield the extended
matrix Z € RM+DX(N+1) with indices i € {1,...,M}U {0} and j € {1,...,N} U {0}, and with
ZQ’Q = 0.

An optimal-transport normalization with explicit marginals and a dustbin is then applied. Let a €
RM*+L witha; = & fori < M and ap = 1, and let b € RN*! with b; = & for j < Nand by = 1. A
log-domain Sinkhorn algorithm is run on Z/7 (with Zy ¢ = 0) to obtain

_ Z _ _
P = Sinkhorn (;;a,b) s.t. ZP,-J- = ai,ZP,-j =bj.
J i

The real block for i < M and j < N yields match probabilities, while P; g and Py ; are the

unmatched probabilities. The (0, @) entry is ignored in the loss; an optional learnable dustbin bias
can be applied before Sinkhorn.

During training a pair (G4, Gp) is synthesized by warping G4 with a random homography 7.
A keypoint flf“ is labeled as matched to j* if ||x(T ff‘) - ff*”g < &corr With nearest-neighbor

choice; otherwise it is labeled unmatched. Here ¢ denotes homogeneous coordinates and 7 the
dehomogenization. This procedure yields a sparse one-hot target matrix Y over the augmented
domain.

The matching loss is defined as the negative log-likelihood of the assignment:

Lateh = — Z log 151-]- - Z log f’i,@ - Z log IS(M.

i<M, j<N isM J<N
Yijzl Yf,m=1 Y@,jZI

This loss is fully differentiable through attention layers and Sinkhorn and it naturally handles oc-
clusions or missing detections through the dustbin terms.
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To bias scores toward geometrically plausible pairs, a robust reprojection error under the training
homography is minimized, weighted by the soft assignment:

- 1 _
rij = Im(TEY = Flla,  Lyeo=——=— > > Pijp(rij),
2 Pij i =

where p(+) is the Huber loss and H (-) denotes Shannon entropy. This encourages high probability
on pairs that agree with the known planar mapping while remaining tolerant to localization noise.

Although the matcher can learn from Lyaech + Lgeo, an additional symmetric contrastive term stabi-
lizes early training:

exp({ef, ) /1) exp({ef, ) /1a)

og - og )
(i,j)eP Z]’ eXp(<€?,€?>/Td) (i,j)eP Zi' eXp((@iA,, e?)/Td)

Lesc = —

where $ are homography-consistent positives and 7 is a temperature.

Regularization is introduced by defining P; . = P;./a; and P. ; = P. ;/b; and applying an entropy
penalty on the normalized distributions:

1 _ 1 -
Lent = _M Z 7‘[(Pi,:) - N Z 7’[(P:,j)-
i<M J<N
This keeps the meaning of entropy invariant under the non-unit marginals a and b. Since Lyt
includes the term AentLent With eyt > 0, minimizing Ly, maximizes the entropy of P and prevents
premature overconfidence. An annealing schedule gradually reduces Aen to zero, for example
/lent(t) =4
toward sharper assignments.

égg max(0, 1- ﬁop) with Tyop = 50k steps, so that in later stages the model can converge

The full objective for the matcher is
Liotal = Amatch Lmatch + /lgeoLgeo + Adesc Ldesc + AentLent-

In contrast to LP-based assignment, the Sinkhorn-based formulation is computationally efficient,
fully differentiable end-to-end, and well suited to real-time operation within the present SLAM
framework.

5. GRAPH-ATTENTION MATCHER

Conventional nearest-neighbor matching of local descriptors is brittle under large viewpoint, illu-
mination, or texture changes: the overlap between views shrinks, descriptors become ambiguous,
and simple ratio or RANSAC filtering may fail, causing track loss. To increase robustness, a graph-
attention matcher is used that reasons jointly over keypoints within each image and across the image
pair.

Instead of scoring matches independently (as in independent NN pipelines, for example brute-
force Hamming or ¢ k-NN with a ratio test), an explicit keypoint graph is built. Nodes encode
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visual descriptors together with normalized image coordinates and confidences; edges capture self-
attention relations within each image (local neighborhoods) and cross-attention relations between
images (candidate correspondences). A stack of attention-based message-passing layers aggregates
context, suppresses ambiguous or repetitive structures, and outputs match logits that reflect both
appearance and spatial consistency.

From these logits, a soft, approximately one-to-one assignment is obtained by applying Sinkhorn
normalization with an additional “dustbin” row and column for unmatched keypoints, yielding
a differentiable optimal-transport layer. High-confidence pairs are then validated geometrically
with a minimal solver inside RANSAC (essential matrix for 2D-2D; PnP only with monocularly
triangulated map points; no depth is used in the RGB-only experiments), and the inlier mask serves
as supervision for the attention layers during training.

To maintain real-time performance, cross-attention is restricted to a top-k candidate set per keypoint
obtained via approximate nearest-neighbor (ANN) search over descriptors (rather than exhaustive
similarity), while self-attention operates within a fixed-radius neighborhood. This reduces quadratic
costs while preserving the benefits of global context aggregation. The resulting correspondences
improve pose estimation and tracking stability in the presence of large viewpoint changes. The
overall architecture is depicted in FIGURE 4.

Feature point information

Module A //' latching degree of feature points
s - &= E
& 5 LP Solver
v A E L = Y.
-~ e =~ — =5 g 3

Figure 4: Structure of the graph-attention matcher. Self-attention aggregates intra-image context;
cross-attention exchanges information across images; a Sinkhorn layer with a dustbin
converts logits to assignments; geometric verification returns the final matches.

AND

Well
1

Jake| Buipoa juiod ainjesy
Xujeuw 1y jo sssupoob

Compared to dense, set-wise matching, this approach integrates aggregation, updating, and selection
of node information within a single message-passing framework, capturing richer global cues and
improving the accuracy and resilience of camera tracking in challenging, large-viewpoint scenarios.

5.1 Model

Let 01 = {(¢}, ef,c))}/L; and Q2 = {(£3, €7, c?)};il denote the keypoints from the two images,
with pixel coordinates £ € R2, £o-normalized descriptors e € R, and confidences ¢ € [0, 1]. Each
node is initialized as

B =Wy [elllo@ . ch] +bp. 1 =W, [210(E. D] + by,
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where ¢ embeds normalized coordinates and confidence through a small multilayer perceptron and
[-]|-] denotes concatenation.

We construct two directed neighborhoods (attention is directional). Self-attention neighborhoods
within each image connect every node to its k; nearest neighbors in image space (fixed & or radius);
cross-attention candidate neighborhoods link each node to its top-k. descriptors in the other image
via an approximate nearest-neighbor (ANN) index over the dot-product e "¢’ (ties broken by image-
space distance). Optionally, cross links can be symmetrized by keeping only mutual top-k. pairs,
but message passing remains directed.

Attention-based message passing is applied for [ = 0,..., L — 1. With d, the attention width and
temperature 7, define the query, key, and value projections as Q = W h, K = Wih,and V = W, h
with layer-dependent weights. For node i in image 1, the self-attention message is

1 11
0l TKI

_ 1 _ Dy,
= softmaxjeN;elf = , m; e = Z @ VJ. .
NaaTa jENgelt‘

)

ozij

The cross-attention message from image 2 is

Ql(l)T[gM)
) i J 1) (Hyr2(D)
B;; = softmax je peross | ————1, m. = E B VI,
ij i ,_daTa 1,Cross jeNl?ross ij J

with independent projections Wq, Wy, and W,, for cross-attention. The update rule is

1+1) _ ,1() 1)y, 1) .. 1(D)
hi - hi + MLP ([hi ”mi,selfllmi,cross]) ’

and an analogous formulation is applied to nodes in the second image. Residual connections and
layer normalization stabilize training, and multi-head attention can be used when required.

After L layers the pairwise logits are

Zij = (Wh; E)T (W12 0) + (el ) + ou (L), 62),

where i encodes weak geometric priors such as epipolar bearings or relative scale, and y and 6 are
learnable scalars. Logits are computed only for candidate pairs (7, j) € N (we do not instantiate
a dense v Xvo matrix); we augment this sparse support with a dustbin row and column and apply
masked sparse Sinkhorn to obtain a doubly-stochastic assignment with unmatched probabilities.

Atinference time, mutual high-confidence pairs are extracted from the soft assignment and validated
using a minimal solver inside RANSAC. The essential matrix is used for 2D-2D matching, and PnP
is applied when 3D points exist. The resulting inlier set is passed to the SLAM backend, and during
training its mask can serve as an auxiliary supervision signal for the attention layers.
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Algorithm 1: Graph-Attention Matcher
Input: Keypoints Q1, Qo with (¢, e, ¢); hyperparameters kg, k., L
Output: Verified matches M
Build self-neighborhoods A*°If in each image using a radius or k4 nearest neighbors;
For each node, build cross-candidate sets N "% by top-k. descriptor similarity;
Initialize #*(?) and h2(®) with descriptor and position embeddings;
for/ —0toL—-1do
Compute self-attention messages within each image;
Compute cross-attention messages across images;
Update A1+ and h2(*+1) with residual MLPs;

Compute logits Z and apply Sinkhorn with a dustbin to obtain the soft assignment P;

Extract mutual matches Mg = {(i, j) : P; j > 7 and mutual};
Verify Mg with RANSAC to obtain the inlier set M;
return M;

This model assigns each feature a unique identity through its node embedding and refines it with
layered self and cross context. Using top-k descriptor candidates and kg image-space neighbors
keeps the encoder near-linear in the number of keypoints, and the masked Sinkhorn on the candidate
support preserves this scaling (a dense v{Xxvo assignment would reintroduce O (v1vs) costs). This
joint reasoning mitigates ambiguities from repetitive textures and maintains reliable matching under
large viewpoint changes, providing robust inputs to downstream geometric estimation.

Computational complexity. Let v{,vo be the numbers of keypoints and V = vy + vo, with
descriptor dim. d, hidden/attention widths dj,, d,, and L layers. We build Esr = viks + voky
and Ecoss ~ V1ke + vok, directed edges. Self neighborhoods via a KD-tree cost O(VlogV + Vky)
time and O (V) memory (worst case O (V?) for a large radius), while the ANN over descriptors costs
O(Vd) to build and O (V ann_cost(k.)) to query. Each layer computes projections in O (Vdyd,),
attention over edges in O ((Eseif + Ecross)da), and the update MLP in O (de); the encoder therefore
costs O (L ((Eseit + Ecross)da + Vd3)) time and O(Vdj + Egeif+ Ecross) memory. Pairwise logits are
evaluated only on candidate pairs, for O (E ossdy) time, and the masked sparse Sinkhorn on the same
support costs O (T Eyoss) time and O (Eross) memory for T iterations (a dense v1Xve normalization
would cost O(Tv1v2)). RANSAC for the essential matrix or PnP requires N = % iterations
in expectation (s=5 for the essential matrix; s=3/4 for PnP), with O (| Mpy]) inlier checks per iter.
With fixed kg, k. and d,~d},, the end-to-end pipeline scales near-linearly in V.

5.2 Optimization Layer

The optimization layer converts the matcher’s soft assignments into a compact and geometrically
consistent set of correspondences suitable for pose estimation. Computing and verifying all mxn
pairs is unnecessary, so the pipeline sparsifies the candidates, reweights them using local consis-
tency, and verifies them geometrically.

Let P denote the Sinkhorn-normalized assignment that includes a dustbin. Unmatched mass is
discarded and only the real block P € R¥1*"2 is kept. A mutual pruning together with a confidence
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threshold yields the candidate set

Mo ={(,)): Pij > 1p, j =argmax Py, i = argmax Py ;}.
]/ l'/

Optionally, a per-row/column top-# pruning can be applied before the mutual check in settings where
mutuality is not enforced.

Some pairs in My may remain ambiguous, so each pair (7, j) is scored by comparing the relative
geometry of their local neighborhoods. Let Ni1 be the k, nearest neighbors of i in image 1 for which
a candidate (i’, j') € My exists, and define N] 2 analogously around j. Define unit direction vectors

oL -l -0
oo T = i
Uiy = T andv;; = Rz The agreement score is
1
T . Y3 Y 1 ./ 2
yvE max (0, ugvjy), Mi={0".j)eMo:i" €Ny, j € N;}.
L

(@,j" ) eM;
This favors pairs whose local neighborhoods undergo a similar transform that is approximately rigid

or a similarity.

Sampling weights are then formed as
3 (Pij)® (kij + €)P
Zip.aremo(Ppg)*(kpg + €)F’

and a PROSAC or NG-RANSAC estimator is run for the essential matrix in the 2D-2D case or
for PnP in the 3D-2D case when map points exist, drawing minimal samples with probability w;;.
After estimating the model E or the pose parameters §, Sampson or reprojection residuals r;; are
computed and inliers are accepted as

M={@,j) e My: rij < Tgeo}-

W,'j

A final confidence for downstream weighting is

Wwij = sigmoid(nPi;) exp(—p(rij) /o) (kij + €),

where p is a robust kernel such as Huber and 7, o~ are tunable parameters.

Because cross-attention is restricted to top-k. candidates per keypoint (retrieved via ANN) and
self-attention to kg neighbors, the number of pairs considered scales as O(v(k. + ky)) after the
ANN retrieval step (near O(vlogv) in practice), instead of O(MN). The dustbin in P naturally
handles occlusions and missing detections and avoids ad-hoc correction rows or columns and linear-
programming solvers. The combination of mutual pruning, neighborhood agreement, and guided
RANSAC yields a compact, high-quality match set that reduces pose-estimation errors and increases
robustness under large viewpoint changes.

5.3 Training Objective

This section summarizes how the Sinkhorn-based matching objective combines with the non-differentiable
geometric verification used as supervision.
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The graph-attention matcher, including the Sinkhorn assignment, is differentiable. The optimiza-
tion layer, which performs mutual pruning, neighborhood-consistency scoring, and RANSAC or
PROSAC geometric verification, is non-differentiable and is used only to produce supervision
signals such as inlier masks. Gradients are stopped at the soft assignment P. Let M and N be
the numbers of keypoints in G; and Gg, respectively. The matcher produces augmented logits
Z € RIM+DX(N+1) with a dustbin row and column for unmatched points and a doubly-stochastic
soft assignment B
P= Sinkhorn(%) .

From homography-based supervision, or from geometry-verified inliers, a sparse target matrix Y is
built with three disjoint index sets:

P ={(i,j) : matched}, U; = {i : unmatched in G1}, Us = {j : unmatched in Go}.
The negative log-likelihood over the augmented domain is optimized:
Linatch = — Z log P;j ~ Z log P;p — Z log Py ;.
(i,j)eP el jeUs
Optionally, positives are weighted by a geometric consistency factor

p(rij)
(,()l'j = exXpl— o 5

derived from the Sampson or reprojection residual r;; and a robust kernel p, yielding

Cun=— D, @ijlogPi+--- .
(i) eP

An entropy bonus on the rows and columns of P can be included early in training to avoid overcon-
fident spurious assignments.

This objective penalizes low-probability mass on true correspondences and encourages correct rout-
ing to the dustbin for occluded or missing keypoints. Because gradients flow through Sinkhorn and
the attention projections, the network learns to raise match confidence for geometrically consistent
pairs while suppressing ambiguous matches under large viewpoint changes.

5.4 Model Pretraining

The extractor and the matcher are implemented in PyTorch and are pretrained in a self-supervised
fashion on MS-COCO [27]. No manual keypoint labels are used; supervision arises from homography-
induced correspondences between synthetically warped image pairs. Images are converted to grayscale
and resized to 240x320. Standard photometric augmentations (brightness and contrast jitter, gamma,
Gaussian noise and blur) and random erasing simulate illumination change and occlusions.

For homography synthesis, four source points are sampled within the central region of each image,
perturbed, and used to compute a full projective transform 7' that composes perspective, rotation, and
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scale. The pair (1, T(I)) provides dense 2D-2D correspondences under a local planar assumption.
To reduce bias, multi-homography sampling over disjoint tiles and random scaling is applied.

Pretraining proceeds in two stages. Stage 1 trains the extractor alone with
Lext = /lreerep + AunitLunif + Adesc Ldesc

where Ly, enforces cross-view detection repeatability under synthetic homographies, Lyyir dis-
courages spatial clustering of detections, and Lges is a contrastive descriptor loss. For descriptor
contrastive terms we sample top-v candidates per image with stop-gradient selection, while detection
losses remain dense. We use output stride s=8 and descriptor dimension d=256. Stage 2 attaches
the graph-attention matcher and optimizes the Sinkhorn-based assignment with a dustbin using

Lmateh + /lgeoLgeo + Adesc Ldesc + AentLents

while keeping the extractor unfrozen. A short joint fine-tuning can be applied to stabilize end-to-end
performance.

Optimization uses Adam with (81 = 0.9, 82 = 0.999), weight decay 1074, an initial learning rate
of 2 x 10~* with a 10k-step warmup and cosine decay, batch size 16, and 300k training iterations.
Unless stated otherwise, the coefficients are Aep=1.5, Aunir=1.0, and Agesc=1.2 for the extractor,
and Amaich=1.0, Ageo=0.5, Agesc=0.5, and A¢n=0.01 for the matcher, with temperatures 7,=0.2 for
attention and 74=0.07 for descriptors. Top-k neighborhoods use k=8 for self-attention and k=64
for cross-attention. This setup yields repeatable and well-distributed detections and robust corre-
spondences under strong viewpoint and illumination changes while remaining efficient at inference
time.

6. EXPERIMENTS
The evaluation comprises four parts:

1. detector quality (prior position—estimation feature extraction),
matcher quality (graph-attention matching),

SLAM trajectory accuracy on public datasets,

Eal

real-world robot experiments.

Unless stated otherwise, experiments run on an AMD Ryzen 5 3500X (3.6 GHz), an NVIDIA RTX
3070 (8 GB), 16 GB RAM, Ubuntu 24.04.

For real-world tests, a TurtleBot3 with an Intel RealSense D435i is used. Public datasets include
TUM RGB-D (indoor) [28], and KITTI odometry (outdoor) [29]. In SLAM experiments, the
specific sensing modality (monocular/RGB-D) used by each method is reported to ensure fair com-
parisons.
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6.1 Detector Repeatability on HPatches

Detector repeatability is assessed on HPatches [30], focusing on illumination changes and low-
texture scenes. The comparison includes ORB, SuperPoint [7], and GCNv2 (a learned CNN detector
with a binary descriptor). All methods output at most v keypoints per image with the same v and
NMS radius; evaluation uses the official image pairs with provided homographies.

Repeatability follows the HPatches protocol and is defined as the fraction of detections that find a
correspondence under the ground-truth homography. A detection € in image 1 is deemed repeatable
if its warped location T¢ lies within & pixels of any detection in image 2; the mean over both
directions and all pairs in a sequence is reported. Unless noted, € = 3px and v = 1000. This
metric isolates the detector and is independent of descriptor quality.

Two representative illumination sequences are reported explicitly: i_castle (strong illumination gra-
dients) and i_whitebuilding (texture sparsity), with a summary across five illumination sequences.
All methods operate on grayscale 240x320 images with identical preprocessing and NMS.

Ini_castle (FIGURE 5), ORB detections tend to cluster on high-contrast regions, leading to uneven
spatial coverage that can hurt downstream geometry. SuperPoint and GCNv2 maintain more uni-
form coverage in bright frames but exhibit a reduced number of stable detections as contrast drops.
The position—prior head keeps a near-constant count and spread by proposing one candidate per grid
cell with sub-cell refinement.

In the texture-sparse i_whitebuilding (FIGURE 6), gradient-based saliency is weak, causing ORB
and learned baselines to drop detections or concentrate them around a few structures. The grid-based
position prior encourages distributed proposals, improving the chance of overlap across views.

TABLE 1, reports repeatability (higher is better). The proposed method attains the best mean
in four of five sequences and remains competitive on i_fruits. Gains are most pronounced on
i_whitebuilding, consistent with the qualitative behavior above.

Table 1: Detector repeatability on HPatches [30], illumination sequences (mean over pairs)

Dataset ORB SuperPoint GCNv2 Proposed
i_books 0.57 0.59 0.63 0.69
i_castle 0.58 0.61 0.64 0.72
i_fruits 0.54 0.57 0.60 0.59
i _ski 0.56 0.58 0.60 0.65
i_whitebuilding  0.52 0.51 0.55 0.62

Because repeatability relies on homographies, it primarily probes planar or near-planar content; nev-
ertheless, the improvements carry over to general scenes by stabilizing counts and coverage across
frames. Later sections verify that these detector properties translate into stronger correspondence
sets and better pose tracking within the SLAM pipeline.
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Figure 5: Detector responses on HPatches i_castle under illumination change. Top: input images;
bottom: top-v detections (color encodes confidence). The position—prior detector
preserves coverage and repeatability as brightness decreases.
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Figure 6: Detector responses on HPatches i_whitebuilding (illumination variation, texture-sparse).
The detector maintains distributed keypoints despite weak gradients.
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6.2 Matching MaP on TUM and HPatches

Multi-view matching is evaluated on TUM RGB-D (indoor) and HPatches (outdoor/illumination)
under viewpoint and appearance changes, including texture-sparse scenes. Four pipelines are com-
pared: ORB+NN (Hamming nearest neighbors with ratio test, mutual check, RANSAC), SuperPoint+
NN (€5 KNN + ratio + mutual + RANSAC), GCNv2+NN (binary NN + ratio + mutual + RANSAC),
and the proposed method (graph-attention matcher with Sinkhorn assignment and dustbin, followed
by geometric verification). All methods use the same number of detections (v = 1000) and identical
NMS radii. For fairness, only RGB is used at matching time; depth or poses are used only to define
ground truth for evaluation on TUM.

The metric is mean Average Precision (mAP) computed from precision—recall curves obtained by
sweeping a confidence threshold. For the baselines the score is the normalized descriptor similarity
after the ratio test; for the proposed matcher the score is the Sinkhorn assignment probability P;;.
A match is considered correct if its reprojection error under ground truth is within & = 3 px:

» HPatches: correctness is checked with the provided homography.

* TUM: ground-truth camera poses (and, when available, depth to back-project) are used to
compute reprojection error; otherwise evaluation is performed against the ground-truth essen-
tial matrix via Sampson distance.

Viewpoint analysis uses 30°/60° /90° bins. For HPatches, we approximate viewpoint change using a
local in-plane rotation proxy derived from the ground-truth homography: we sample a grid, compute
the local 2x2 Jacobian A (x), take its polar decomposition A = RS, and use the median |Z (R)|; pairs
are then assigned to the nearest of {30°, 60°, 90°} (thresholds <45°, 45°-75°, >75°). This is a proxy
for viewpoint change and may differ from the true 3D rotation on non-planar scenes. For TUM, the
true relative rotation 6 = arccos((tr(R) — 1)/2) is used.

Figure 7, visualizes matches (red: high confidence, purple: low). In indoor scenes with repetitive
structure (TUM) and outdoor illumination changes (HPatches), nearest-neighbor pipelines retain
many ambiguous pairs that are later rejected by RANSAC, reducing recall. The graph-attention
matcher suppresses ambiguous regions through self-attention and concentrates probability mass on
geometrically consistent candidates via cross-attention and Sinkhorn, improving both precision and
recall.

Figure 8, summarizes mAP under illumination changes; the proposed approach improves descriptor-
level matching by +9.27% over GCNv2+NN and +12.93% over SuperPoint+NN on the evaluated
sequences.

TABLE 2, reports mAP versus viewpoint bins for representative sequences (“v_*”). Across meth-
ods, accuracy decreases with larger rotations, but the matcher degrades more gracefully. Averaged
over the five sequences shown, improvements over GCNv2+NN are +22.4% at 30°, +55.1% at 60°,
and +84.9% at 90°; over SuperPoint+NN the gains are +28.5%, +58.9%, and +92.4%, respectively.

Graph-attention with Sinkhorn-based assignment leverages both appearance and spatial context to
produce cleaner and denser correspondences. The gains are most pronounced at extreme viewpoints

4663



https://www.oajaiml.com/ | December 2025 Giuseppe Macario.

TUM indoor Texture sparse feature matching HPatches outdoor view gradient feature matching TUM indoor view gradient feature matching

ORB+FLANN Superpoint+FLANN GCNv2+FLANN Proposed

Figure 7: Matching under viewpoint variation on TUM (indoor) and HPatches (outdoor). Colors
encode match confidence. The method yields denser, cleaner correspondences in
challenging views.

Table 2: mAP under viewpoint variation (representative sequences). Higher is better.

Dataset ORB+NN SuperPoint+NN GCNvV2+NN Proposed
30°  60° 90° 30° 60° 90° 30° 60° 90° 30° 60° 90°
v_abstract 0.64 046 030 0.62 047 024 0.73 0.53 029 0.80 0.74 0.51
v_bees 0.65 048 026 070 0.54 039 0.65 0.50 0.37 0.86 0.69 0.57
v_beyus 0.68 050 031 0.61 045 027 0.61 043 032 0.83 0.74 0.57
v_home 0.61 040 027 0.63 041 029 0.73 047 025 0.80 0.71 0.54
v_woman 0.58 039 024 065 043 026 0.67 042 024 084 0.74 0.52
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Figure 8: HPatches (illumination): mAP of descriptor matching.

and under illumination change, which are regimes where nearest-neighbor pipelines struggle the
most.

6.3 Trajectory Accuracy
6.3.1 TUM RGB-D

Performance under large-viewpoint motion is assessed on seven indoor sequences from the TUM
RGB-D dataset, comparing against three representative SLAM systems: ORB-SLAM2, DX-SLAM,
and GCNv2-SLAM. For all methods, RGB-only tracking and mapping is used: depth frames are
never used to create or track map points (PnP relies only on monocularly triangulated 3D points).
Depth is used strictly for evaluation. To account for unknown monocular scale, ATE is computed af-
ter 7-DoF Sim(3) alignment with evaluate_ate.py, and RPE is reported with evaluate_rpe.py
[31].

* ORB-SLAM?2 uses ORB keypoints with Hamming NN matching; camera motion is estimated
by RANSAC (essential/fundamental matrix for 2D-2D or PnP when 3D map points exist),
followed by local/global optimization.

* DX-SLAM integrates learned (CNN-based) local features and global descriptors within the
ORB-SLAM2 framework to improve robustness to appearance change.

* GCNV2-SLAM adopts a learned detector and binary descriptor (implemented with CNNs
despite the name) to increase efficiency relative to handcrafted ORB features.

FIGURE 9 shows qualitative trajectory overlays. The proposed method achieves the lowest er-
rors on six of the seven sequences, with stable tracking in texture-sparse or highly oblique views.
ORB-SLAM2 exhibits larger drift when viewpoint or appearance changes reduce match support.
DX-SLAM experiences occasional tracking loss on more challenging sequences (e.g., fr2/room,
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fr2/desk), while GCNv2-SLAM is generally robust but can fail under extreme viewpoint or low-

texture conditions, increasing ATE.
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Figure 9: Trajectory comparison on TUM RGB-D (RGB-only tracking; depth used for evaluation).

The quantitative comparison is summarized in Table 3. The proposed approach attains the best ATE
and RPE in six sequences; GCNv2-SLAM leads on fr1/360. Averaged over all sequences, ATE and
RPE are reduced substantially relative to the learned and handcrafted baselines (see table footnote
for aggregate percentages). These results indicate that augmenting the frontend with the position—
prior detector and graph-attention matcher benefits pose estimation under large viewpoint changes

while preserving robustness indoors.

6.3.2 KITTI Odometry

Outdoor performance is evaluated on KITTI odometry sequences 00—10, which contain urban,
suburban, and highway scenes with sharp turns and long, large-curvature trajectories. Because
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Table 3: TUM dataset: average trajectory errors (ATE/RPE). Best per row in bold.

Dataset ORB-SLAM2 DX-SLAM GCNv2-SLAM  Proposed

ATE RPE ATE RPE ATE RPE ATE RPE
fr1/360 — — — — 0.06 0.08 0.15 0.19
frl/floor 039  0.47 — — 0.14 0.17 0.02 0.04
frl/desk  0.08 0.10 030 036 0.19 0.23 0.04 0.05
frl/desk2 0.57 099 034 042 0.16 0.19 0.05 0.07
frl/room 029 035 0.18 021 0.25 0.31 0.07 0.11
fr2/desk 093 1.15 058 0.71 0.16 0.20 0.11 0.13
fr3/office 122 1.55 0.79 1.01 0.36 0.45 0.17 0.17

per-pixel RGB-D depth is not provided (KITTI offers stereo image pairs, from which depth can be
estimated but we deliberately do not use stereo), we run all methods on the left camera only (pure
monocular tracking) for fairness.

Trajectories are evaluated with evo using standard KITTI tools: ATE (RMSE) via evo_ape kitti
and RPE via evo_rpe. For monocular pipelines a global Sim(3) alignment (Umeyama) is per-
formed before ATE to account for unknown scale; RPE is computed on translational drift over fixed
distance segments. All methods use identical image resolution and camera intrinsics.

The comparison includes ORB-SLAM2 (monocular) and DX-SLAM (monocular learned features
within the ORB-SLAM2 framework). The proposed system replaces the frontend (detector+descriptor+
matcher) while retaining an ORB-SLAM2-compatible backend (local BA, loop closing, pose-graph
optimization).

FIGURE 10, shows trajectory overlays. On sequences with large curvature (e.g., 00, 05, 09) ORB-
SLAM2 exhibits larger deviations when viewpoint changes and appearance transitions reduce match
support; on 09, sharp turns and repetitive facades occasionally prevent loop closure. DX-SLAM
improves stability but may still suffer tracking loss in extreme viewpoint segments. The proposed
method maintains denser, cleaner correspondences, reducing drift and aiding loop closures.

Across sequences 00—10, Figure 11, reports ATE (RMSE) and RPE. For illustration, the ATE (RMSE,
meters) on {00, 05, 09} is {63.17, 12.21, 111.68} for ORB-SLAM?2 and {21.55, 15.20, 139.52}
for DX-SLAM, while the proposed method achieves {11.83, 11.64, 14.07}. Overall, the proposed
approach attains the best ATE in all 11 sequences and the best RPE in 8/11. On average, ATE is
reduced by 38.5% and RPE by 11.24% relative to DX-SLAM; versus ORB-SLAM2 the reductions
are 37.59% (ATE) and 19.67% (RPE).

The graph-attention matcher, combined with the position-prior detector, yields more reliable cor-
respondences under large viewpoint change and appearance transitions. This translates into lower
drift and stronger loop-closure corrections in outdoor driving, improving both ATE and RPE over
handcrafted and CNN-only baselines.

4667



https://www.oajaiml.com/ | December 2025 Giuseppe Macario.

~== real track === max absolute trajectory error =-- min absolute trajectory error
500 63.168 500 - 21552 500 11.828
400 I 400-*4(‘:?_”;_‘ ! 400 ; — : BN
00 £ 300 £ 300f | E 300
' 200 32364 ' pp0b % 11294 " 590 1 6.186
100 100 L ; 100
0 1T 11 O .k . [ 1 ) S . O )
~300-200-100 0 100 200 300 M 1559 -300-200-100 0 100 200 300® 1.035 -300-200-100 0 100 200 300 M 0545
x/m x/m x/m
" 12212 15.200 : 11.639
300t ' 300 l 300 I
200} g 200} __§ = 200 e .
05 & i 6218 & —T— |79 § | P | 59
100} | 100f ... 100+ Tt~
i | i |
o} \ — of - 0" O
200 -100 0 100 200 0-345 200 -100 0 100 200 0718 200 <100 0 100 200 021
x/m x/m x/m

111.679 139.522 14.073
500 T I 5001 7 I
400 \ 5 4001 ; ;

300+ 300+

200 L 57293 £ -71.104 £ -7.845
200}/ 200+ /
100 { L /
\ 100F / 1001

300

=
o
/m

o / o

2.687

-100 [ ,
-100 0 100 200 300 -100 0 100 200 300 -100 0 100 200 300
x/m x/m x/m

ORB-SLAM2 DX-SLAM Proposed

2.906 1.618

Figure 10: Trajectory comparison on KITTI (sequences 00, 05, 09 shown). All methods are
monocular; Sim(3) alignment is applied for ATE.
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Figure 11: KITTI 00-10: ATE (RMSE, Sim(3)-aligned) and RPE. The learned frontend reduces
drift and improves consistency, especially on high-curvature trajectories.
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6.4 Real-World Mobile Robot Experiments

The approach was further validated in a real indoor environment exhibiting strong illumination
changes and low-texture areas, conditions that induce large apparent viewpoint shifts during mo-
tion. An Intel RealSense D4351 was mounted on a TurtleBot3 at ~ 0.3 m height. The robot was
teleoperated along a figure-eight path around two obstacles (a, b), forming aloop ina 5.95 mx4.8m
area. The layout and qualitative trajectory overlays are shown in FIGURE 12. All methods used
RGB-only tracking for fairness (depth was not used for pose estimation).
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Figure 12: Real-world layout and trajectory overlays. The figure-eight induces viewpoint and
appearance changes; the learned frontend maintains stable correspondences and closes
the loop cleanly.

Qualitatively, ORB-SLAM?2 produced a spurious loop closure near point ¢, which led to an incorrect
global correction and map misalignment when the appearance changed sharply. DX-SLAM showed
reduced match support during the tight turns, and its loop closure occasionally pulled the map toward
a smaller scale. In contrast, the position—prior detector and graph-attention matcher preserved
sufficient inliers through the challenging segments, enabling accurate loop closure and a well-
aligned map.

The sequence comprised 714 frames with a target of 200 keypoints per frame. Per-frame times
for feature extraction and matching are reported together with the measured end-to-end through-
put. ORB-SLAM2 ran on CPU; learned methods (DX-SLAM, GCNv2-SLAM, Proposed) used the
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GPU for their feature modules. Because of this device difference, absolute FPS are not strictly
comparable; still, per-stage timings are informative.

Table 4: Average runtime on the figure-eight sequence. FPS is computed as 1000/(total ms) and

rounded.
Algorithm extraction matching total time throughput
(ms) (ms) (ms) (frames/s)
ORB-SLAM?2 12.9 15.1 28.0 36
DX-SLAM 324 39.2 71.6 14
GCNv2-SLAM 19.5 31.6 51.1 20
Proposed 16.3 30.8 47.1 21

Overall, the learned frontend sustained real-time operation and delivered cleaner loop closures and
lower drift under strong appearance and viewpoint changes, supporting accurate mapping on a
modest mobile platform.

7. LIMITATIONS AND FUTURE WORK

7.1 Limitations

Although the proposed frontend increases robustness to large viewpoint and illumination changes,
several constraints remain. The self-supervised pretraining based on synthetic homographies intro-
duces a bias toward locally planar warps and grayscale 240x320 imagery; strong non-planar paral-
lax, rolling-shutter distortions, severe motion blur, or extreme low-light can still reduce calibration
of the Sinkhorn probabilities and hurt recall under distribution shift. The system is designed and
evaluated in a monocular setting, so absolute scale is unobservable and long, low-parallax segments
may remain challenging despite improved matching. Loop detection relies on DBoW2 with ORB
descriptors while tracking uses learned local features, creating a descriptor mismatch that may
hinder place recognition under drastic appearance changes or repetitive patterns and requires storing
heterogeneous descriptors per keyframe. Cross-attention is restricted to ANN-retrieved top-k.
candidates; in extreme viewpoints with very small overlap or heavy aliasing, true correspondences
may be pruned before attention can recover them. Compute and memory budgets are also relevant:
the learned extractor and matcher benefit from GPU acceleration and, even with dynamic gating,
may introduce latency or throughput limitations on resource-constrained platforms; memory usage
grows with per-point learned descriptors. The pipeline further assumes a largely static scene and
relies on RANSAC to reject outliers; in highly dynamic environments the inlier set can shrink
substantially without explicit motion handling. Finally, performance depends on thresholds for
gating, non-maximum suppression, and assignment; suboptimal settings can delay or over-trigger
switches between ORB and the learned frontend. With an output stride of s=8, very small structures
may also be under-resolved, and gridwise one-candidate-per-cell can miss fine details near cell
boundaries.
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7.2 Future Work

There are several promising directions to address these limitations and broaden applicability. Incor-
porating additional sensing, such as stereo or RGB-D for overlap and scale, inertial data for short-
term stabilization, and event cameras for high-speed or low-light motion, could improve tracking
in challenging conditions, together with geometry that accounts for rolling shutter effects. Inte-
grating place recognition with the learned local pipeline through global descriptors or vocabularies
derived from the same features would remove the ORB/DBoW2 mismatch and reduce perceptual
aliasing. A hierarchical, geometry-aware matching strategy that combines coarse-to-fine pyramids
with epipolar or pose-conditioned attention could narrow candidate sets without sacrificing recall,
while calibrated sparse optimal transport could maintain assignment quality at low computational
cost. Explicit treatment of dynamic elements, through motion segmentation, semantic priors, or
multi-model fitting, would help preserve inliers around moving objects. Online adaptation based
on self-supervised updates that use photometric and geometric consistency, along with verification
signals, could refine detector density, descriptor statistics, and gating thresholds when encountering
new environments. To improve practical deployment, further efficiency work on quantization,
distillation, fused kernels, and a strong CPU fallback is needed, along with compact storage of
per-keyframe descriptors. Finally, calibrating assignment probabilities and propagating uncertainty
into PnP and bundle adjustment, as well as examining descriptor aging and appearance-based map
maintenance for long-term, large-scale scenarios, remain promising directions.

8. CONCLUSION

This work addresses the challenge of robust visual SLAM under large viewpoint changes and severe
appearance variations (illumination, low texture), conditions that degrade handcrafted features and
conventional nearest-neighbor matching. A graph neural network-based frontend for ORB-SLAM?2
is proposed that improves both detection and matching while preserving real-time performance.

Main contributions are:

* A monocular framework that augments the frontend of ORB-SLAM?2 with learned compo-
nents while retaining its standard backend (local mapping, loop closing, and optimization),
maintaining compatibility and scalability.

* A position—prior detector/descriptor that predicts one candidate per grid cell with sub-cell re-
finement and confidence, yielding repeatable and uniformly distributed keypoints that remain
stable under illumination and texture scarcity.

* A graph-attention matcher with self-/cross-attention, Sinkhorn assignment, and a dustbin for
unmatched points, providing reliable correspondences under large inter-frame viewpoint changes.

* A dynamic frontend policy that falls back to fast ORB tracking when conditions are favorable,
activating the learned components only when match support degrades, thus preserving real-
time throughput.
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The approach was validated on TUM RGB-D, KITTI odometry, and real-world mobile robot exper-
iments. Using RGB-only tracking for fair comparisons, the system consistently reduced trajectory
error and improved loop-closure robustness versus ORB-SLAM?2, DX-SLLAM, and GCNv2-SLAM,
particularly in high-curvature motion and strong appearance change. These results indicate that
incorporating attention-based matching and position-aware detection into classical SLAM frontends
offers a practical and effective path toward greater robustness in challenging real-world environ-
ments.
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