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Abstract

Learned matchers such as SuperGlue use image evidence only, whereas visual—
inertial platforms carry a gyroscope that measures the inter-frame rotation
independently of image quality. Added to a pretrained SuperGlue as a log-prior
around the pure-rotation prediction, this rotation did not improve pose accuracy:
translation-induced parallax forces a loose tolerance, and because the dustbin
receives no prior, a penalty-only prior shifts mass towards “unmatched”. We
therefore propose a training-free epipolar-arc prior (EAP). With the gyroscope
rotation fixed, a robust two-point solver estimates the translation direction from
the same network pass, and candidates are rewarded by their angular distance
to the great-circle arc on which a correct match must lie. With hyperparameters
frozen on one TUM-VI sequence, the EAP raises the area under the pose-error
curve at 10° (AUC@10°) of a 5-point pose pipeline on 15 held-out TUM-VI and
EuRoC sequences (200-600 ms) by +1.9 and +2.2 points on unmodified images
and by up to +9.9 points under synthetic motion blur; the gain is positive on all
15 sequences and grows with rotation. Over all regimes it gains +4.4 and +2.7
points, versus +1.0 and +0.1 for a post-hoc arc filter and +1.5 and +0.5 for a
gyroscope-free arc. Transferred unchanged to LightGlue, it gains +2.3 and +0.8
points, significantly only under motion blur and, on TUM-VI, a low keypoint
budget. With a pose solver that uses the gyroscope rotation, it adds only +0.5
and +0.2 points, so the EAP mainly benefits pipelines whose pose solver ignores
inertial data.

Keywords: Feature matching, SuperGlue, Optimal transport, Gyroscope,
Visual-inertial odometry, Epipolar geometry, Training-free



1 Introduction

Feature matching between consecutive frames forms the front end of visual odometry
(VO), visual-inertial odometry (VIO) and simultaneous localization and mapping
(SLAM): the correspondences it produces feed relative-pose estimation, triangulation
and bundle adjustment. Learned matchers such as SuperGlue [1] and LightGlue [2],
built on learned keypoints and descriptors [3], are now widely used for this task, yet
they rely on image evidence alone. Fast camera motion causes large, spatially varying
displacements between frames and changes the keypoint positions that the matcher’s
positional encoding (PE) sees; it is also often accompanied by blur, which degrades
the descriptors. Knowing where a correct match can lie is therefore valuable, even
though our measurements show that, in the sequences we study, SuperGlue’s pose
accuracy does not decrease with the rotation angle as such.

Platforms that run VIO carry a gyroscope. Over the short interval between two
frames, the integrated angular rate predicts the camera rotation independently of
image quality, with an error below about one degree in our data (Section 5.1). Classical
trackers have long exploited this, warping or pre-positioning the search window with
the gyroscope rotation [4, 5], and known-rotation solvers reduce relative pose to a
two-point problem for the translation direction [6, 7]. Modern learned matchers, by
contrast, usually run as visual-only black boxes; inertial data enter the pipeline only
after matching. End-to-end inertial-visual networks do exist [8, 9], but they are trained
on paired gyroscope and image data and are not designed to be attached to an existing
pretrained matcher.

This paper asks how the gyroscope can be used inside a pretrained learned matcher
without retraining it. SuperGlue is suited to this question because its final stage solves
an explicit optimal transport (OT) problem on a score matrix, to which geometric
knowledge can be added as a log-potential. The most direct option—penalizing candi-
dates far from the pure-rotation (infinite-homography) prediction—was ineffective in
our experiments: the rotation-only priors we evaluated changed relative-pose accuracy
by at most a few tenths of a point, mostly downwards. Our analysis attributes this to
two causes. First, at the time baselines relevant for keyframe-based VO, translation-
induced parallax amounts to several degrees, so a rotation-only prior must be either
too loose to help or too tight to be correct. Second, SuperGlue’s dustbin does not
receive the prior, so a penalty-only prior shifts probability mass towards “unmatched”,
and the Sinkhorn normalization does not compensate for this shift.

We address both causes. Parallax is not isotropic: in a static scene, the correct
match must lie on a great-circle arc that runs from the rotated bearing (infinite depth)
towards the translation direction (zero depth). The gyroscope rotation fixes the start
of this arc, while the translation direction can be estimated from the same graph
neural network (GNN) pass with a known-rotation two-point solver. The resulting
epipolar-arc prior (EAP) is tight across the arc and free along it. We inject it with a
reward-only offset, which raises the scores of consistent candidates and leaves those
of inconsistent candidates unchanged. In addition, we evaluate rotation compensation
of the PE and image warping by the gyroscope rotation.

Our contributions are:



* A training-free epipolar-arc log-prior for the OT layer of a pretrained SuperGlue,
parameterized by the gyroscope rotation and by a translation direction estimated
from the same GNN pass. It requires no second GNN pass, but does require one addi-
tional Sinkhorn solve and a two-point random sample consensus (RANSAC) step,
which together take 23 ms per pair in our unoptimized implementation (Section 3.5).
Applied to LightGlue without re-tuning, it yields smaller gains, which are signifi-
cant only under synthetic motion blur and, on TUM-VI, with a low keypoint budget
(Section 5.6).

e An analysis of the role of the dustbin in prior injection, showing that the offset of the
prior is not a gauge and that penalty-only priors reduce matches; a development-set
study of the offset supports this analysis (Sections 3.3 and 5.2).

¢ A held-out evaluation protocol for this question. Hyperparameters are selected on
one development sequence and frozen, after which the methods are evaluated on 15
unseen sequences from two datasets and two camera models, covering four visual
regimes and four time baselines. RANSAC variability is controlled by point-order
permutations (in OpenCV 5.0, setting the random seed did not change the RANSAC
result in our test, whereas the point order did); pre-declared hypotheses are tested
with Holm-corrected paired permutation tests; and dependence-robust sequence-
level analyses are reported (Sections 4-5).

* A separation of where the gyroscope helps: inside the matcher (more epipolar-
consistent correspondences, better pose with a standard 5-point solver) versus inside
the pose solver (known-rotation 2-point solver), together with controls that apply
the same geometry post hoc, estimate it without the gyroscope, or change the
match/no-match balance without geometry (Section 5).

Section 2 reviews related work and Section 3 presents the method. Section 4
describes the evaluation protocol, Section 5 reports the results, Section 6 discusses
limitations, and Section 7 concludes.

2 Related Work

2.1 Learned Feature Matching and Optimal Transport

SuperGlue [1] matches SuperPoint [3] keypoints with an attention-based GNN fol-
lowed by an entropy-regularized OT layer solved with Sinkhorn iterations [10, 11];
unmatched points are absorbed by a dustbin. LightGlue [2] replaces the OT layer by
a lighter assignment head with adaptive depth, and detector-free matchers such as
LoFTR [12] operate on dense feature maps. Epipolar geometry has also been built
into trained matchers, for example through epipolar attention [13], as a training-time
loss [14], or by feeding noisy 3D cues to the GNN [15]. Each of these requires train-
ing. We build on SuperGlue because our intervention needs an explicit score matrix
that is subsequently normalized into a partial assignment, and SuperGlue exposes this
interface directly. Outside learned matching, geometry has also served as an OT cost
in classical, training-free settings: HOT-POT [16] formulates sparse stereo matching
as (partial) OT with an epipolar cost. In contrast, we keep the learned scores of a
pretrained matcher and add a gyroscope-derived epipolar term to them.



2.2 Rotation Robustness of Learned Matchers

SuperPoint descriptors and the PE of SuperGlue are not rotation invariant. One line
of work makes descriptors rotation equivariant by design or by learning; Steerers [17],
for example, learn a linear map in descriptor space that approximates image rotation.
Such approaches require (re)training, and they address in-plane rotation of the image
content. Our PE compensation complements them: it is training-free, uses a measured
3D rotation, and acts only on positions.

2.3 Inertial Aiding of Visual Correspondence

Using gyroscope measurements to predict feature motion is well established. Hwangbo
et al. [4, 5] used the integrated rotation to initialize the warp parameters of a
Kanade-Lucas—Tomasi (KLT) tracker [18, 19], and later work extended this idea
with target-free camera—gyroscope calibration [20] and robustness to large motion
[21]. Visual SLAM systems guide feature search with motion priors, for example the
constant-velocity model of ORB-SLAM [22]. In VIO, inertial measurement unit (IMU)
measurements are integrated between frames [23] and fused with visual constraints in
the estimator [24-26]; the predicted motion can likewise be used to restrict the search
for correspondences. End-to-end approaches such as GyroFlow [8, 9] fuse gyroscope
data into deep optical-flow networks and require training. Closest to our setting, Zhao
et al. [27] inject an IMU-derived spatial prior as a probabilistic attention term into
an attentional GNN keypoint matcher, and Lu et al. [28] feed epipolar lines from a
regressed coarse pose as additional features to a SuperGlue-style matcher; both retrain
the matcher, and the latter uses an image-derived rather than inertial pose. Learned
front ends have also been combined with VIO back ends without inertial guidance of
the matching itself [29]. Our method instead adds inertial geometry to the scores of
a pretrained matcher, without retraining or changing its weights.

2.4 Known-Rotation Relative Pose

When the relative rotation is known, the essential-matrix constraint becomes linear
in the translation direction and two correspondences suffice [6, 7]; partially known
orientation similarly reduces the minimal problem [30]. Such solvers are used for effi-
cient outlier rejection in camera—IMU systems. We use the 2-point solver in two roles:
inside the matcher, to estimate the translation direction that parameterizes the EAP,
and as a downstream pose solver in a separate analysis. This second role lets us sep-
arate the effect of the matcher’s correspondences from that of using the gyroscope
rotation in the solver.

2.5 Robust Estimation and Guided Matching

RANSAC [31] and its variants [32, 33] remove outliers after matching, and guided
matching restricts the search to a neighbourhood of an epipolar line once an initial
geometry is available (34, Ch. 11; 35). Our EAP borrows the guided-matching idea,
but it acts as a soft, truncated term inside the assignment problem rather than as



a hard search window or a post-hoc filter. We compare both placements directly
(Section 3.7).

3 Method

Our method keeps the SuperPoint detector, the SuperGlue GNN and their pretrained
weights fixed. Only two inputs of the pretrained matcher change: the score matrix
that enters the Sinkhorn assignment layer (Sections 3.3-3.5) and, optionally, the key-
point positions that enter the positional encoder (Section 3.6). As Figure 1 shows,
the pretrained GNN runs once, and the Sinkhorn layer assigns its score matrix S
twice. Stage 1 produces provisional matches; from these, the translation direction
t is estimated while the gyroscope rotation R is held fixed. Stage 2 then re-solves
the assignment after the epipolar-arc log-prior P(R,t) has been added to S. The
optional PE compensation instead feeds rotation-compensated keypoint positions to
the positional encoder, so its GNN pass cannot be shared with the uncompensated
matcher.

S (reused, no second GNN pass)

Sinkhorn tch
stage 2 on S+P matches

A

SuperPoint SuperGlue GNN | S
keypoints, descr. (one pass)
A

optional PE comp. 1 .
(changes GNN input) : matches
\

Sinkhorn
stage 1 on S

gyroscope
w() - R

Fig. 1 Overview of the gyroscope-guided matcher: one GNN pass, two Sinkhorn solves, and the
epipolar-arc prior P(R,t) added to the scores in stage 2; the dashed arrow marks the optional
positional-encoding (PE) compensation.

epipolar-arc
prior P(R, 1)

known-R 2-point
RANSAC — ¢

3.1 Notation and Camera Model

Let I, and I, be two frames of a calibrated camera taken at t, < t,. SuperPoint
[3] yields keypoints z¢ (i = 1,..., M) and a:? (j =1,...,N). For every keypoint we
use the unit bearing vector f = 7= 1(z)/||7~1(x)||, where 7! is the unprojection of
the respective camera model (Kannala-Brandt fisheye [36] for TUM-VI, pinhole with
radial-tangential distortion for EuRoC MAV and the Hwangbo sequences). All priors
below are defined on bearing vectors, i.e. in angular units on the unit sphere, and
are therefore independent of the lens model. Pixel-domain priors, by contrast, are
affected by the anisotropic stretching that pixel distances undergo at the periphery of
a fisheye image after undistortion; the angular formulation avoids it. For the fisheye
model we obtain the bearing by inverting the Kannala-Brandt polynomial directly,
so that rays beyond 90° from the optical axis (about 8% of the TUM-VI image area)
are represented correctly.



The relative motion is written as f? oc R X+ for a scene point X expressed in
the frame of camera a, with R € SO(3) and translation ¢ (known only up to scale).

3.2 Gyroscope Integration

The gyroscope measures wm(t) = w(t) + by + ny(t) in its own frame, and we map
this rate to the camera frame with the camera—IMU extrinsic rotation (or, for the
Hwangbo data, with the supplied calibration matrix Cy). When a standstill window
exists (a 1 s window with per-axis standard deviation below 0.02 rad/s), the bias by
is estimated as the mean angular rate over it. Otherwise the bias is not removed, and
its effect is contained in the measured integration error that we report. We obtain
the relative rotation by first-order quaternion integration with §t = 2 ms and linear
interpolation of the angular rate,

Qry1 = norm(qk + 3 Q(w(m)) e 5t), (1)

which yields the rotation R, of camera b relative to camera a. Points are transferred
with R = R],, and we verified the direction of this transfer empirically (Section 5.1).

3.3 Log-Prior Injection into the Assignment Layer

After its GNN, SuperGlue computes descriptor scores S;;, augments the M x N
matrix with a dustbin row and column that carry a single learned score, and solves
an entropy-regularized partial assignment with Sinkhorn iterations [1, 10]. We add a
geometric log-potential to the real entries only:

Si; = Sij + a(max( ~ 945 —R) + 8)’ ?

where ¢;; > 0 is a squared, normalized geometric discrepancy between keypoint ¢ and
candidate j (defined below), k truncates the penalty so that geometrically inconsistent
candidates are not excluded outright, « is a weight (we use o = 1) and s € [0, k] is an
offset. No prior is applied to keypoints whose gyroscope prediction is undefined, i.e.
whose predicted ray falls behind the camera.

The offset is not a gauge.

In a square transport problem, a constant added to all entries of a row is absorbed
by the Sinkhorn dual variables and leaves the assignment unchanged. That argument
does not carry over here, because the dustbin column does not receive the prior: adding
a constant ¢ to the real entries of row ¢ multiplies their transport kernel by e¢ rela-
tive to the dustbin, and therefore shifts mass between “matched” and “unmatched”. A
penalty-only prior (s = 0, g-dependent term in [—x, 0]) consequently pushes keypoints
towards the dustbin and reduces the number of matches. A reward-only prior (s = k),
in contrast, leaves the scores of geometrically inconsistent candidates unchanged and
raises those of consistent candidates relative to the dustbin. (The assignment of incon-
sistent candidates can still change, because Sinkhorn normalizes rows and columns



jointly.) Equivalently, a reward-only prior is a penalty-only prior combined with low-
ering the dustbin score by ; net of both, only candidates inside the arc band gain
relative to the dustbin. Since the reward-only prior also increases the number of
matches, Section 5.5 tests whether a geometry-free shift of the match/no-match bal-
ance explains the gain. By the same argument, a per-row normalizer such as —% log |%;]
in a Mahalanobis prior is not compensated by Sinkhorn. We therefore treat s as a
hyperparameter and select it on the development sequence (Section 4.6).

Equation (2) can be read, by analogy, as adding the log of a robust (truncated
Gaussian, i.e. Gaussian-plus-uniform) geometric likelihood to the matching score, in
the spirit of mixture models such as MLESAC [32]. The analogy is only heuristic.
The GNN scores are not calibrated log-likelihoods, and the geometric and visual
evidence are not conditionally independent; for this reason, the weight o and offset s
are determined empirically rather than derived.

3.4 Rotation-Only Prior

Under pure rotation (or for distant points) the bearing of ¢ in camera b is Rf?. The
rotation-only prior uses

b 2
AL )

v]

: (3)

with an angular tolerance o i that must absorb gyroscope error, time-synchronization
error and the translation-induced parallax. Parallax grows with the time baseline and
as the scene comes closer; in the hand-held indoor sequences considered here it is
not negligible and can reach several degrees at a 600 ms baseline. A rotation-only
prior must therefore trade tightness against tolerance to parallax. The pixel-domain
isotropic and Mahalanobis priors belong to this class and are kept as baselines (iso,
maha): the former is an isotropic truncated Gaussian around the infinite-homography
prediction KRT K1z, and the latter its anisotropic variant with propagated rotation,
synchronization and isotropic parallax covariance.

2
R

3.5 Epipolar-Arc Prior

Parallax is not isotropic: for a static scene, f;? o z Rf{+t with depth z > 0. Hence the
correct match lies in the epipolar plane spanned by Rf{* and ¢, and more specifically
on the great-circle arc that starts at Rf¢ (infinite depth) and ends at ¢ = t/||t|| (zero
depth). The arc thus encodes not only the epipolar line but also the direction in which
parallax displaces the point, leaving only the unknown depth free. We define

daxe (25 RfO, D)
Q?;C = ( J02 ) ) (4)
E

where d,,. is the angular distance of fjl? to the arc: with the plane normal n;, =
Rf& x t/|Rf x ]|, it equals arcsin|f? ;| if the projection of f? onto the plane falls
between the arc’s end points, and the angle to the nearer end point otherwise. Because
depth is left free, o only has to absorb rotation and translation-direction errors and



can be much tighter than op. Fig. 2 illustrates this on a pair of the development
sequence. We drew 14 keypoints at random among the 40 ground-truth-consistent
SuperGlue matches with the largest residual to the rotation-only prediction; their
matched points lie tens of pixels away from the rotation-only predictions but close to
the arcs, which were computed with a ¢ estimated from the stage-1 matches (angular
error 1.3°).

TUM-VI room1, pair 2076, gyro rotation 61.0°, 600 ms; t error vs. GT: 1.3°

image a (keypoints) image b: rotation-only prediction (o), epipolar arc, true match (*)

Fig. 2 Epipolar arcs on a development-sequence pair (TUM-VI roomi, 61° gyroscope rotation,
600 ms): keypoints in image a (left) and, in image b, their rotation-only predictions (white circles),
the arcs towards ¢ (yellow) and the matched points (green).

Estimating the translation direction.

The gyroscope does not measure £, so we recover it from the same GNN pass: the score
matrix S is first assigned without prior (stage 1, identical to the original matcher),
and £ is estimated from the stage-1 matches with R held fixed. Known rotation makes
the epipolar constraint linear in ¢, tT(R fi % f};) = 0, so two correspondences deter-
mine £ up to sign [6, 7]. We run a 2-point RANSAC [31] (256 hypotheses, Sampson
threshold of 2 px/f,), refine ¢ by singular value decomposition (SVD) on the inliers,
and resolve the sign by cheirality. When the pure-rotation model explains at least
90% as many stage-1 matches as the estimated epipolar geometry, we consider the
translation unobservable and use the rotation-only prior (Eq. 3) instead. Stage 2 then
solves the assignment on S 4+ P*°. Since the GNN is not re-run, the additional cost
amounts to one Sinkhorn solve and the 2-point RANSAC.

The final matches are an output of the matcher and can be consumed downstream
by any pose solver. To keep improvements of the matcher from being confounded
with the choice of solver, our pose evaluation deliberately uses the standard rotation-
agnostic 5-point solver [37] for all methods; the known-rotation 2-point solver is
reported separately (Section 5.8).



3.6 Rotation-Compensated Positional Encoding

SuperGlue adds an encoding of the keypoint position to each descriptor before the
GNN. Because large rotations can shift the image positions of corresponding points by
hundreds of pixels, the positional cues seen by the attention layers disagree between
the two images. As an optional component (PE compensation), we therefore feed
the positional encoder of image a with the rotation-compensated positions w(Rf?)
instead of ¢ and leave the descriptors unchanged. To keep the encoder input within
its training range, positions that would fall behind the camera or more than 25% of
the image size outside the image are left unchanged. For the radial-tangential model,
rays beyond the calibrated field of view are projected without distortion, because
the distortion polynomial folds over outside that region. PE compensation changes
the GNN input, so its GNN pass cannot be shared with the original matcher. It can
be combined with the EAP, in which case stage 1 uses the compensated GNN pass.
Unlike rotation-equivariant descriptors such as Steerers [17], this component acts only
on positions and requires no training.

3.7 Control: Post-Hoc Gyroscope Gate

To test whether injecting geometry inside the assignment matters, we also evaluate
a post-hoc gate that applies the same geometry after matching: original SuperGlue
matches with ¢ff¢ > 2k (i.e. outside the truncation radius of the prior) are discarded.

The gate shares ¢, o and x with the EAP.

3.8 Application to LightGlue

LightGlue [2] replaces the dustbin-augmented Sinkhorn layer by a double softmax
over a similarity matrix S, combined with per-point matchability scores z: log P;; =
log softmax; (S;;) + log softmax;(S;;) + log o(2{) + log O’(Z?). We add the same prior
P to S after the last transformer layer and before the double softmax; stage 1 is the
unmodified LightGlue assignment, and f is estimated as in Section 3.5. This struc-
ture leads to two differences from SuperGlue. First, the double softmax is invariant
to constants added to a row or a column, so the offset s has no effect and the prior
can only redistribute probability among the candidates of a keypoint. Second, because
the prior leaves the matchability scores untouched, it does not shift mass between
“matched” and “unmatched”. We disable LightGlue’s adaptive depth and point prun-
ing so that all layers are evaluated, and we reuse the hyperparameters selected for
SuperGlue without re-tuning.

4 Experimental Setup
4.1 Datasets and Development/Test Split

We use three public datasets that provide synchronized camera and gyroscope data
(Table 1). The EuRoC MHO3 sequence was excluded because most images of our
local copy are unreadable. All hyperparameters were selected on a single development
sequence, TUM-VI rooml, and frozen before any held-out sequence was processed.



Table 1 Development/test split: sequences, camera model and resolution, and ground-truth source
(GT: ground-truth relative pose).

Role Sequences Camera, resolution [px] GT

Development TUM-VI rooml [38] fisheye, 5122 motion capture

Held-out test TUM-VI room2-roomé fisheye, 5122 motion capture

Held-out test EuRoC MH01,02,04,05, V1_01--03, pinhole, 752 x 480 Leica / Vicon
V2_01--03 [39]

Consistency only Hwangbo desk, aerial [4, 5] pinhole, 640 x 480 / 320 x 240 none

The selection criterion, the held-out sequences and the list of hypotheses to be tested
were recorded beforehand in an internal (not externally registered) protocol file. This
file is part of the code release, together with a time-stamped log of all deviations;
entries added or corrected after our internal review are marked as such (Section 4.5).

TUM-VI room sequences are hand-held recordings with fast rotations in a motion-
capture room, whereas EuRoC contains micro aerial vehicle flights in an industrial
hall (MH) and in a motion-capture room (V). Both datasets capture frames at 20 Hz
and IMU measurements at 200 Hz. For EuRoC we rely on the provided ground-truth
state estimates. Because these estimates fuse motion capture or laser tracking with the
IMU, their orientation is itself an estimate and is not independent of the gyroscope;
the gyroscope errors we report for EuRoC (and the known-rotation solver results)
may therefore be optimistic.

4.2 Pairs and Visual Regimes

For every sequence we form 120 uniformly spaced pairs (Iy, I;4skip) for each skip €
{4,8,12}, i.e. time baselines of 200, 400 and 600 ms. Each pair is evaluated in four
visual regimes: full (up to 512 keypoints), low budget (up to 128 keypoints), Gaussian
blur (9 x 9 kernel, o & 1.7 px, the OpenCV default for this size) and synthetic motion
blur (a 15-pixel linear kernel with a random orientation drawn per frame from a fixed
seed). Both blur regimes are synthetic image degradations rather than physically
rendered motion blur. In total, the held-out set contains 15 x 3 x 4 x 120 = 21,600
pair evaluations per method.

4.3 Metrics

Relative pose.

Matches are first converted to normalized bearing coordinates. The essential matrix
is then estimated with OpenCV’s 5-point solver [37] inside RANSAC [31] (threshold
1 px/fz, confidence 0.9999) and decomposed with recoverPose. We define the pose
error as max(errpg,erry), where err; is the angle between translation directions, and
report the area under its cumulative curve (AUC) up to 5°/10°/20°, following Sarlin
et al. [1].

RANSAC variability.

In our tests with OpenCV 5.0, the output of findEssentialMat with RANSAC was
insensitive to cv2.setRNGSeed but sensitive to the order of the input points. On
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five pairs of the development sequence, 30 different seeds produced identical results,
whereas 30 random permutations of the same matches produced pose errors that
varied by up to 6.3° for a single pair. To account for this order dependence, we
repeat every pose estimate over random point-order permutations (P = 10 on the
development sequence, P = 5 on held-out data) and report the AUC averaged over
permutations together with its standard deviation across permutations.

Epipolar consistency of matches.

A match counts as epipolar-consistent if its Sampson distance [34, Ch. 11] to the
ground-truth epipolar geometry is below 3 px/f,. The measure is deterministic and
does not involve RANSAC. It cannot, however, detect wrong matches that lie on the
correct epipolar line, and it therefore favours methods that reward epipolar consis-
tency, such as the EAP and the gate. We report the number of epipolar-consistent
matches and their fraction (precision), but treat pose accuracy as the primary metric.

Statistical testing.

Up to a negligible interpolation difference, the AUC at threshold T' equals the mean
over pairs of max(0,1 —e/T), where e is the pose error. A difference in AUC between
two methods is therefore a mean of paired per-pair differences. We test it with a
two-sided sign-flip permutation test (20,000 flips) and summarize it with a percentile
bootstrap [40] 95% confidence interval (CI; 5,000 resamples). Per-pair scores are aver-
aged over the P RANSAC permutations. The pre-declared family consists of three
hypotheses—EAP > SuperGlue (H1), PE compensation + EAP > SuperGlue (H2),
and EAP > post-hoc gate (H3)—each tested on AUCQ@10° in two dataset groups
(TUM-VTI held-out, EuRoC) and four regimes, which gives 24 tests; the Holm proce-
dure [41] controls the family-wise error rate. These tests treat pair evaluations as the
unit of analysis, even though the same start frames recur across regimes and base-
lines and pairs within a sequence are correlated. To account for this dependence, we
additionally report sequence-level analyses (per-sequence mean differences, an exact
sign-flip test over sequences and a bootstrap over sequences). All other comparisons
are descriptive.

4.4 Compared Methods

All methods use the same SuperPoint [3] detections and the same pretrained
SuperGlue [1] (indoor weights, 20 Sinkhorn iterations, match threshold 0.2).

e SuperGlue: the unmodified matcher.

e iso, maha: pixel-domain rotation-only priors (Section 3.4; wide configuration,
penalty-only).

e PE comp. + maha: PE compensation combined with the maha prior.

e image warp: image a is warped by the gyroscope rotation into the view of image
b, SuperPoint and SuperGlue are run on the warped image, and the keypoints are
mapped back.

* post-hoc gate: Section 3.7.

e PE comp. only: Section 3.6, no score prior.
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* EAP (ours): Section 3.5.
* PE comp. + EAP (ours): both components.

In addition, we report the pose obtained from the gyroscope rotation and the known-
rotation 2-point solver (gRt) for SuperGlue and for our matchers (Section 5.8).
Finally, we evaluate LightGlue [2] (official implementation and SuperPoint weights,
adaptive depth and pruning disabled) with and without the EAP on the same
detections (Sections 3.8 and 5.6).

4.5 Deviations from the Protocol

The following deviations were recorded in the protocol log before the corresponding
analyses were run, except where stated. (i) The selection criterion was the mean of the
AUC@5°/10°/20° differences to SuperGlue over the development settings, under the
constraint that no setting lose more than 2 points of AUCQ@10°. It was applied to 9
of the 12 planned development settings (full, low-budget and Gaussian-blur regimes):
the motion-blur development runs did not finish in time, because OpenCV’s RANSAC
becomes slow at low inlier ratios. (ii) Having seen that the development gain grew
with the baseline, we added a 1 s baseline as a secondary analysis before the held-out
runs, with its own Holm family; the primary family was left unchanged. (iii) To limit
run time, held-out pose estimates use P = 5 instead of 10 permutations. (iv) After the
held-out runs, a code audit revealed that OpenCV’s fisheye undistortion had mapped
fisheye rays beyond 90° to their antipodes. This error affects the ray-space priors, PE
compensation and image warping on TUM-VI, but not projective computations or
pinhole cameras. We fixed it and re-ran all TUM-VTI held-out experiments with the
unchanged frozen configuration. The pooled TUM-VI gain of the EAP changed from
+4.3 to +4.4 points (PE comp. + EAP: +3.0 to +3.2); the development selection itself
had been made with the faulty mapping. (v) The control experiments of Section 5.5
were added after the held-out evaluation at the request of internal reviewers; they
are descriptive. (vi) The settings for the qualitative figures (first held-out sequence
of each dataset, motion blur, 600 ms) were fixed by rule after the summaries of two
other held-out runs had been inspected as a sanity check, but before the runs used
for the figures were available.

4.6 Implementation Details and Frozen Hyperparameters

The hyperparameters selected on rooml (Section 5.2) and used unchanged on all held-
out sequences are: EAP op = 0.5°, k = 8, offset s = 8, fallback rotation tolerance
or = 6°; PE comp.+EAP op = 1°, kK = 8, s = 8. The previous pixel-domain
priors use a wide configuration (op = 5°, kK = 2 for iso; oy = 0.6°, oy = 3 ms,
Opar = 6+150 At px, k = 2 for maha). The 2-point RANSAC uses 256 hypotheses and
a Sampson threshold of 2 px/f inside the matcher and 1 px/f when used as a pose
solver.

Run times are measured on an NVIDIA RTX 3090 with PyTorch 2.14 and
OpenCV 5.0 (synchronized CUDA timing). Every reported number is generated by
scripts from per-pair result files; each result file is accompanied by a metadata file
that records all arguments, library versions and a hash of the source code.
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5 Results

Tables numbered S1-S9 are provided in the Supplementary Material.

5.1 Calibration Chain and Gyroscope Accuracy

Before evaluating the priors, we checked the calibration chain. On the Hwangbo
sequences, which lack ground truth, we measured for all 620 pairs how well the
gyroscope transfers the RANSAC-consistent SuperGlue matches (Table S1 in the Sup-
plementary Material). The rotation used by the method yields a median residual of
6.9 px, against 54.7 px without prediction and 108.3 px with the inverted rotation,
and it gives the smallest residual in 99.5% of the pairs. On TUM-VI and EuRoC,
we instead compared the integrated rotation with the ground truth (Table S2). After
bias removal, the mean EuRoC gyroscope error per sequence and baseline stays at or
below 0.40° even at 1 s; this figure may be optimistic, because the EuRoC ground
truth is itself fused with the IMU. On TUM-VI, which offers no standstill window and
where the bias is not removed, the error is at most 1.00°. Averaged over the held-out
sequences, the error grows from 0.42° at 200 ms to 0.64° at 1 s on TUM-VI and from
0.05° to 0.18° on EuRoC; over the same baselines, the rotation between the frames
grows from 11.9° to 43.1° (TUM-VI) and from 4.1° to 14.1° (EuRoC).

5.2 Development Sequence and Hyperparameter Selection

Table 2 shows the EAP grid on roomi; like Table S3, it was computed before the
fisheye fix of Section 4.5. Apart from a single exception, three trends hold across the
grid. The gain increases as the angular tolerance o decreases; it does not decrease
with the truncation x (the exception being o = 2° with s = k/2); and in every cell it
is larger with the reward-only offset (s = k) than with the penalty-only offset (s = 0),
consistent with the dustbin analysis of Section 3.3. The selected values of o and & lie
at the boundary of the searched grid. Table S3 (Supplementary Material) compares the
method families. On the development sequence, the pixel-domain rotation-only priors
(iso, maha) reduce AUC, as do bearing-space rotation-only priors with a penalty-
only offset; with a reward-only offset, a rotation-only prior is close to neutral (slightly
negative). The post-hoc gate with the arc geometry is likewise neutral. By contrast,
every EAP configuration in the grid improves the mean AUC@10°, and its two-sided
(sign-agnostic) variant performs similarly to the one-sided arc. Applying the pre-
declared criterion, we selected the EAP with o = 0.5°, k = 8, s = k and, for the
combination with PE compensation, o = 1°, Kk = 8, s = k, and froze these values
for all held-out experiments.

13



Table 2 EAP hyperparameter grid on the development sequence (TUM-VI rooml, 9 settings):
mean AAUC@10° over SuperGlue in percentage points (pp) for angular tolerance o g, truncation x
and offset s. Blue bold/red italic: best/worst cell.

mean AAUCQ@10 [pp]

or [°] K s=0 s=K/2 s=kK
0.5 2 +0.89 +1.15 +1.57
4 +1.01 +1.69 +1.78

8 +1.10 +2.19 +2.53

1 2 +0.58 +0.83 +1.13

4 +0.60 +1.16 +1.48

8 +0.70 +1.50 +1.82

2 2 +0.15 +0.46 +0.57

4 +0.18 +0.42 +0.95

8 +0.18 +0.83 +1.44

Table 3 Held-out pose AUC@10° (%) per dataset and visual regime, pooled over the
200/400/600 ms baselines (mean over P=5 RANSAC point-order permutations). Best/worst per
column in blue bold/red italic (baseline row not marked).

AUC [%)] TUM-VI room2—roomé EuRoC (10 sequences)
Method full Gauss 128 kp motion full Gauss 128 kp motion
SuperGlue 66.3 62.3 55.8 19.7 43.8 43.8 36.8 16.0
iso (pixel) 65.4 61.4 54.9 19.7 48.6 43.6 36.4 15.7
maha (pixel) 65.9 61.8 54.9 19.8 43.9 48.4 36.6 15.6
PE comp. + maha 67.0 62.7 56.3 19.1 43.9 44.0 36.5 15.8
post-hoc gate 66.6 62.6 56.4 22.4 43.8 43.8 37.0 16.1
image warp 67.6 63.5 58.9 20.3 44.0 44.0 37.5 15.7
PE comp. only 67.5 63.5 56.8 20.9 44.3 44.3 36.5 15.8
EAP (ours) 68.2 64.8 58.9 29.6 46.0 45.8 38.6 20.8
PE comp. + EAP 68.0 64.5 58.8 25.6 45.1 44.8 37.5 17.3

5.3 Held-Out Evaluation

Table 3 reports the held-out AUC@10° obtained with the hyperparameters frozen on
rooml, pooled over the 200-600 ms baselines (n = 7,200 pair evaluations for TUM-VI
and n = 14,400 for EuRoC), and Table 4 gives the correspondence statistics; Tables S8
and S9 (Supplementary Material) list AUCQ@5° and AUC@20° with their permuta-
tion standard deviations for TUM-VI and EuRoC. Counting ties at one decimal, the
EAP attains the highest AUC@10° in 8 of the 8 dataset—regime combinations. Pooled
over all regimes, it improves AUCQ10° over SuperGlue by +4.4 points on TUM-
VI (95% CI [+4.0, +4.7]) and by +2.7 points on EuRoC ([+2.5, +2.9]); AUC@5°
and AUC@20° improve by +3.2/+4.9 (TUM-VI) and +1.6/+3.6 (EuRoC) points.
The number of epipolar-consistent matches rises by +6.8% (TUM-VI) and +4.9%
(EuRoC) and increases on 15 of the 15 sequences (Table S4). Their fraction, however,
behaves differently on the two datasets. It increases on TUM-VI (70.4% — 72.1%)
but decreases on EuRoC (79.5% — 78.0%; lower on 10 of the 10 EuRoC sequences),
because on EuRoC the EAP adds more matches than it adds epipolar-consistent ones.
The net effect on pose accuracy is nonetheless positive on both datasets. At the level
of individual pairs, the EAP is not uniformly better: pooled over regimes, it raises the
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Table 4 Correspondence statistics on held-out data (all regimes, 200-600 ms): mean number of
matches and of epipolar-consistent matches per pair, and their fraction (precision, %), by the
ground-truth epipolar test (Sampson distance < 3 px/fe, no RANSAC). Blue bold/red italic:
best/worst (SuperGlue and match counts not marked).

TUM-VI EuRoC
Method match consist. prec. [%] match consist. prec. [%]
SuperGlue 173 128 70.4 239 196 79.5
iso (pixel) 167 126 71.3 236 195 80.0
maha (pixel) 170 127 70.9 237 195 79.7
PE comp. + maha 172 129 71.5 238 196 79.9
post-hoc gate 167 127 72.5 238 196 79.9
image warp 168 126 72.0 239 196 79.7
PE comp. only 175 130 71.0 239 196 79.6
EAP (ours) 183 137 72.1 257 205 78.0
PE comp. + EAP 186 135 70.3 260 202 75.4

per-pair score in 53% and lowers it in 32% of the TUM-VTI pair evaluations (48% and
35% on EuRoC; the remainder are ties).

Table 5 summarizes the pre-declared hypothesis tests. After Holm correction at the
pair level, all 24 of the 24 tests remain significant (largest adjusted p = 0.008). For H1
(EAP vs. SuperGlue), the gain ranges from +1.8 (EuRoC, low budget) to +9.9 points
(TUM-VI, motion blur). For H3, the same arc geometry yields a larger improvement
inside the assignment than as a post-hoc gate, which reuses the EAP’s og and
and was not tuned separately. Pooled over regimes, the gate changes AUC@10° by
+1.0 (TUM-VI) and +0.1 (EuRoC) points, against +4.4 and +2.7 for the EAP. H2
is significant as well, yet combining PE compensation with the EAP is weaker than
the EAP alone in 8 of the 8 dataset—regime combinations (pooled: +3.2 vs. +4.4 on
TUM-VI, +1.1 vs. 4+2.7 on EuRoC).

Pair evaluations are not independent, so Table 6 repeats the comparisons at the
sequence level. The EAP improves AUCQ@Q10° on 15/15 sequences (exact sign-flip test
over sequences, p < 0.001); a t-interval over the per-sequence means gives [+2.6, +6.1]
(TUM-VI, 5 sequences) and [+1.9, +3.6] (EuRoC, 10 sequences). TUM-VI poses two
limitations here. With only five sequences, a sequence-level sign test cannot reach
p < 0.0625, and a bootstrap over five clusters is anti-conservative. The TUM-VT result
therefore rests on the consistency across sequences (5/5) rather than on a small p-
value. Per sequence, the gain ranges from +1.4 to +6.0 points, and its pair-level CI
excludes zero in 15 of 15 sequences (Table S4). For nearly stationary pairs (||¢|| < 1 cm;
1.9% of TUM-VI and 7.8% of EuRoC pairs), the translation direction is ill-defined;
excluding them changes the pooled gain to +4.5 and +2.9 points.
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Table 5 Pre-declared hypothesis tests on held-out data (AUC@10°, pooled over 200/400/600 ms;
H1: EAP vs. SuperGlue; H2: PE comp. + EAP vs. SuperGlue; H3: EAP vs. post-hoc gate). A:
mean paired difference in percentage points (pp); CIL: bootstrap 95% interval; W/L: pairs with
higher/lower score; p: two-sided sign-flip permutation test; paoim: Holm-adjusted over the 24 tests.

Hyp. Data Regime n A [pp] 95% CI [pp] W/L p PHolm
H1 TUM full 1800 +1.93 +1.45, +2.44 957/707 <0.001 0.001
H2 TUM full 1800 +1.74 +1.23, +2.27 955/718 <0.001 0.001
H3 TUM full 1800 +1.58 +1.10, +2.06 951/715 <0.001 0.001
H1 TUM Gauss 1800 +2.56 +2.01, +3.10 983/668 <0.001 0.001
H2 TUM Gauss 1800 +2.21 +1.63, +2.77 922/746 <0.001 0.001
H3 TUM Gauss 1800 +2.19 +1.68, +2.67 968/685 <0.001 0.001
H1 TUM 128 kp 1800 +3.13 +2.48, +3.79 827/615 <0.001 0.001
H2 TUM 128 kp 1800 +3.03 +2.34, +3.74 896/679 <0.001 0.001
H3 TUM 128 kp 1800 +2.57 +1.93, +3.19 864/675 <0.001 0.001
H1 TUM motion 1800 +9.88 [49.02, +10.74] 1028/336 <0.001 0.001
H2 TUM motion 1800 +5.90 +5.16, +6.68 856/450 <0.001 0.001
H3 TUM motion 1800 +7.16 +6.37, +7.97 931/447 <0.001 0.001
H1 EuRoC full 3600 +2.21 +1.75, +2.68 1838/1417 <0.001 0.001
H2 EuRoC full 3600 +1.23 +0.77, +1.70 1698/1545 <0.001 0.001
H3 EuRoC full 3600 +2.25 +1.79, +2.72 1851/1401 <0.001 0.001
H1 EuRoC Gauss 3600 +2.04 +1.58, +2.52 1826/1421 <0.001 0.001
H2 EuRoC Gauss 3600 +1.00 +0.54, +1.45 1702/1534 <0.001 0.001
H3 EuRoC Gauss 3600 +1.98 +1.53, +2.47 1798/1446 <0.001 0.001
H1 EuRoC 128 kp 3600 +1.83 +1.34, +2.32 1674/1417 <0.001 0.001
H2 EuRoC 128 kp 3600 +0.70 +0.18, +1.22 1616/1485 0.008 0.008
H3 EuRoC 128 kp 3600 +1.64 +1.13, +2.12 1664,/1438 <0.001 0.001
H1 EuRoC motion 3600 +4.77 +4.27, +5.28 1621/832 <0.001 0.001
H2 EuRoC motion 3600 +1.33 +0.91, +1.78 1231/1035 <0.001 0.001
H3 EuRoC motion 3600 +4.71 +4.22, +5.23 1593/863 <0.001 0.001

Table 6 Sequence-level analysis of H1-H3 (AUCQ10°, all regimes, 200-600 ms pooled). Pair CI:
bootstrap over pair evaluations; Cluster CI: bootstrap over sequences; ¢-CI: t-interval over
per-sequence means; Pos.: sequences with a positive mean difference; pseq: exact sign-flip test over
sequences.

Hyp. Data A Pair CI Cluster CI t-CI Pos. Dseq
[pp] [pp] [pp] [pp]

H1 TUM +4.38 [+4.04, +4.71] [+3.22, +5.33] [+2.62, +6.13] 5/5 0.062
H1 EuRoC +2.71 [4+2.47, +2.96] [+2.07, +3.45] [+1.87, +3.56] 10/10 0.002
H1 All +3.27 [4+3.07, +3.47] [4+2.57, +3.99] [4+2.46, +4.07] 15/15 <0.001
H2 TUM +3.22 [4+2.89, +3.55] [4+2.03, +4.48] [+1.23, +5.21] 5/5 0.062
H2 EuRoC +1.06 [4+0.83, +1.30] [40.66, +1.49] [40.56, +1.57] 10/10 0.002
H2 All +1.78 [+1.59, +1.97] [+1.12, +2.54] [40.97, +2.60] 15/15 <0.001
H3 TUM +3.37 [4+3.05, +3.69] [4+2.69, +4.05] [4+2.26, +4.49] 5/5 0.062
H3 EuRoC +2.65 [+2.41, +2.89] [4+2.02, +3.38] [+1.82, +3.47] 10/10 0.002
H3 All +2.89 [4+2.70, +3.08] [4+2.37, +3.45] [4+2.28, +3.50] 15/15 <0.001

5.4 Dependence on Rotation and Time Baseline

The benefit of the EAP grows with the inter-frame motion (Table 7, Fig. 3). On TUM-
VI, the AUC@10° gain rises from +2.1 points at 200 ms to +6.5 at 600 ms and +9.9
at 1 s; on EuRoC, where rotations are smaller, it rises from +1.6 to +3.9 and +5.8.
Binning all held-out pairs by the gyroscope rotation gives the same picture (Table S5),
although rotation and dataset are partly confounded because EuRoC rotations are
smaller: the gain is 41.8 points below 5°, +2.8 for 5°-15°, +4.9 for 15°-30° and
+7.5 above 30°. The 1 s baseline was added as a secondary analysis, declared before
the held-out runs. In this analysis (Table S6), all 16 of 16 tests are significant after
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Fig. 3 AUCQ10° gain over SuperGlue as a function of the time baseline (held-out, all four regimes
pooled; error bars: bootstrap 95% CI).

Table 7 Effect of the time baseline (held-out, all four regimes pooled). Base.: time baseline; Rot.:
mean gyroscope rotation; SG: SuperGlue AUC@10°; last two columns: AAUCQ@10° over SuperGlue
with bootstrap 95% CI (PE comp. + EAP: Fig. 3).

Data Base. [ms] Rot. [°] SG [%] EAP [pp] gate [pp]

TUM-VI 200 11.9 44.9 +2.1 [+1.6, +2.6] +0.6 [+0.2, +0.9]
TUM-VI 400 22.5 53.7 +4.6 [+4.0, +5.2] +1.0 [+0.7, +1.4]
TUM-VI 600 31.3 54.4 +6.5 [+5.8, +7.1] +1.4 [+1.0, +1.8]
TUM-VI 1000 43.1 52.3 +9.9 [+9.2, +10.7] +2.6 [+2.1, +3.1]
EuRoC 200 4.1 27.1 +1.6 [+1.2, +2.0] +0.0 [-0.1, +0.1]
EuRoC 400 7.3 37.2 2.7 [+2.3, +3.2] 40.0 [-0.2, 40.2]
EuRoC 600 9.9 41.0 +3.9 [+3.4, +4.3] +0.2 [+0.0, +0.4]
EuRoC 1000 14.1 42.7 +5.8 [+5.3, +6.3] +0.3 [+0.1, +0.5]

Holm correction, with the largest gains under synthetic motion blur (4+19.1 points on
TUM-VI, +10.1 on EuRoC).

5.5 Control Experiments

We added the following experiments after the held-out evaluation to test alternative
explanations of the gain (Section 4.5). They reuse the same held-out pairs and are
descriptive (Table 8).

Is the gyroscope needed?

The gain could stem from the two-stage structure of the EAP itself: any relative-
pose estimate obtained from the stage-1 matches already defines an epipolar arc. To
test this, we estimated R and ¢ from the stage-1 matches with the 5-point solver and
applied the same prior. The vision-only variant inherits the og and x selected for
the gyroscope-based EAP without re-tuning, so the comparison may overstate the
contribution of the gyroscope. It improves AUCQ@10° by +1.5 (TUM-VI) and +0.5
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Table 8 Post-hoc control experiments (held-out, all regimes, 200-600 ms): AAUC@10° over
SuperGlue, relative change in the number of epipolar-consistent matches (Acorr., %) and their
fraction (prec., %). Blue bold/red italic: best/worst per column; the oracle (ground-truth pose) is
not marked.

TUM-VI EuRoC

Variant AAUCQ10 Acorr. prec. AAUCQ10 Acorr. prec.

[pp] % [Pl %
SuperGlue — — 70.4 — — 79.5
EAP (gyroscope R) +4.4 +6.8 72.1 +2.7 +4.9 78.0
EAP without gyroscope +1.5 +5.5 70.6 +0.5 +3.9 77.2
EAP, oracle R, t +5.8 +9.7 74.0 +3.5 +6.2 79.3
rotation-only, o p=6° +0.2 +1.7 67.0 -0.2 +1.5 73.6
rotation-only, or=3° -0.5 —+0.7 67.5 -0.6 +1.2 74.1
constant offset +8 +0.8 +2.4 66.1 +0.1 +1.6 73.8
constant offset 42 +0.6 +1.3 69.2 +0.4 +0.9 77.8
match threshold 0.10 +0.3 +0.5 69.9 +0.2 +0.4 78.7
match threshold 0.05 +0.4 +0.7 69.5 +0.3 +0.6 78.3

points (EuRoC), against +4.4 and +2.7 for the EAP. Pooled over both datasets,
the gyroscope-based EAP exceeds the vision-only variant by +2.5 points (cluster
bootstrap CI [+1.9, +3.1]), on 15/15 sequences (sequence-level p < 0.001). Given the
ground-truth relative pose, the same prior would reach +5.8 and +3.5 points; a better
rotation or translation estimate would thus leave further room.

Is it only the match/no-match balance?

Because the reward-only offset raises candidates inside the arc band relative to the
dustbin, it also increases the number of matches. Two geometry-free controls do the
same: adding a constant to all scores, which is equivalent to lowering the dustbin
score, and lowering the match threshold. Both increase the number of matches and
decrease their epipolar consistency, yet change AUC@10° by at most +0.8 points on
TUM-VI and +0.4 on EuRoC. The larger number of matches alone therefore does not
explain the gain of the EAP.

Do rotation-only priors work with the EAP’s offset and truncation?

Rotation-only priors in bearing space, given the same reward-only offset and k = 8 as
the EAP, change AUC@10° by between -0.6 and +0.2 points. The gap between these
priors and the EAP is thus not explained by the offset or truncation, and is consistent
with the EAP modelling parallax along the epipolar arc.

5.6 Transfer to LightGlue

To test whether the EAP transfers to a more recent matcher, we applied it to Light-
Glue (Section 3.8) on the same held-out pairs and SuperPoint detections, keeping
the hyperparameters frozen at their SuperGlue values without re-tuning. We declared
the tests before the LightGlue runs (H1-LG: EAP vs. LightGlue; H3-LG: EAP vs.
post-hoc gate; 16 tests).

The effect is smaller than for SuperGlue (Table 9). Pooled over all regimes, the
EAP raises the AUCQI10° of LightGlue by +2.3 points on TUM-VI (CI [+2.0, +2.6])
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and by 40.8 on EuRoC (CI [+0.7, +1.0]); the corresponding gains for SuperGlue are
+4.4 and +2.7. After Holm correction, only 6 of the 16 pre-declared tests remain
significant (Table 10). These are the tests under synthetic motion blur (47.4 points
on TUM-VI, +2.7 on EuRoC) and in the low-budget regime on TUM-VI (+1.3). In
the remaining settings (unmodified images, Gaussian blur, and the low-budget regime
on EuRoC), the differences lie between 0.1 and +0.3 points and are not significant.
Per sequence, the EAP improves LightGlue on 14/15 sequences. As for SuperGlue,
the gain depends on the gyroscope: the vision-only arc yields 4+0.3 and +0.1 points,
and the gyroscope-based EAP outperforms it on 15/15 sequences.

Two properties of LightGlue are consistent with this smaller effect. First, its assign-
ment has no dustbin column for the prior to shift, so the EAP cannot raise the
number of matches in the same way; the number of epipolar-consistent matches grows
by only +1.8% and +0.8%. Second, LightGlue is a stronger baseline on these data
(AUCQ10° 52.7 and 35.6 vs. 51.0 and 35.1 for SuperGlue). In practice, SuperGlue
with the EAP (55.4 and 37.8) reaches a higher pooled AUC@10° than unmodified
LightGlue on both datasets, without any training. Because we did not tune the prior
for LightGlue, it remains open whether a different weighting of the prior relative to
LightGlue’s similarity scale would increase the effect.

Table 9 Transfer to LightGlue (held-out, 200/400/600 ms pooled, P=5): AUCQ@10° (%) per
dataset and regime, and the pooled AAUC@10° over LightGlue. Best/worst per column in blue
bold/red italic (baseline row not marked); “no gyro”: arc estimated without the gyroscope.

AUC [%] TUM-VI EuRoC pooled A [pp]
Method full Gauss 128 kp motion full Gauss 128 kp motion TUM EuRoC
LightGlue 67.9 64.1 57.1 21.6 45.1 44.4 37.0 16.0 — —
rotation-only 67.7 64.0 57.1 21.0 44.8 444 36.8 16.0 -0.2 -0.1
post-hoc gate  67.8 64.2 57.3 23.5 45.0 44.5 37.1 16.0 +0.5 +0.0
EAP, no gyro 68.1 64.3 57.3 22.1 45.0 444 36.9 16.4 +0.3 +0.1

EAP (ours) 68.1 64.4 58.4 29.1 45.3 44.7 37.1 18.7 +2.3 +0.8
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Table 10 Pre-declared hypothesis tests for LightGlue on held-out data (AUCQ@10°,
200/400/600 ms pooled; H1-LG: EAP vs. LightGlue; H3-LG: EAP vs. post-hoc gate). Columns as
in Table 5; Holm adjustment over these 16 tests.

Hyp. Data Regime n A [pp] 95% CI [pp] W/L D PHolm
H1 TUM full 1800 +0.21 [-0.12, 4-0.54] 637/599 0.214 0.856
H3 TUM full 1800 +0.31 [-0.04, 40.65] 651/619 0.076 0.605
H1 TUM Gauss 1800 +0.27 [-0.08, 4+0.62] 571/582 0.137 0.820
H3 TUM Gauss 1800 +0.20 [-0.15, 4+0.56] 590/604 0.296 0.888
H1 TUM 128 kp 1800 +1.26 [40.88, +1.66] 282/191 <0.001 <0.001
H3 TUM 128 kp 1800 +1.09 [+0.69, +1.50] 391/290 <0.001 <0.001
H1 TUM motion 1800 +7.44 [+6.67, +8.25] 893/378 <0.001 <0.001
H3 TUM motion 1800 +5.53 [+4.77, +6.33] 844/447 <0.001 <0.001
H1 EuRoC full 3600 +0.21 [-0.06, 40.49] 779/768 0.139 0.820
H3 EuRoC full 3600 +0.30 [+0.04, +0.58] 804/751 0.029 0.294
H1 EuRoC Gauss 3600 +0.30 [+0.02, +0.58] 840/744 0.041 0.367
H3 EuRoC Gauss 3600 +0.25 [-0.02, 4+0.52] 838/760 0.079 0.605
H1 EuRoC 128 kp 3600 +0.11 [-0.11, 40.33] 397/380 0.354 0.888
H3 EuRoC 128 kp 3600 -0.00 [-0.26, 40.25] 506/489 0.980 0.980
H1 EuRoC motion 3600 +2.70 [+2.31, +3.11] 1185/697 <0.001 <0.001
H3 EuRoC motion 3600 +2.64 [+2.24, +3.04] 1182/712 <0.001 <0.001

5.7 Other Ways of Using the Gyroscope in the Matcher

The alternatives are also listed in Table 3. On held-out data, the pixel-domain
rotation-only priors reduce AUCQ@10° slightly (iso: -0.7 on TUM-VI, -0.3 on EuRoC;
maha: -0.4 and -0.2), consistent with the development results. PE compensation alone
yields small gains on TUM-VI (+1.2) and almost none on EuRoC (40.1), and com-
bining it with the maha prior is close to neutral (+0.3 and -0.0). Image warping by
the gyroscope rotation improves AUCQ@10° by +1.6 points on TUM-VI and +0.2 on
EuRoC, at the cost of warping and re-detection. The post-hoc gate leaves the number
of epipolar-consistent matches essentially unchanged (-0.4% and -0.0%) while slightly
increasing their fraction. Of the interventions we evaluated, the EAP gives the largest
pooled gain on both datasets. PE compensation combined with the EAP also gives
significant, though smaller, gains, whereas the remaining interventions change pooled
AUCQ10° by at most +1.6 points.

5.8 Gyroscope in the Pose Solver

The gyroscope can also be exploited downstream: once the rotation is fixed to the
gyroscope estimate, the 2-point solver recovers the translation direction. As Table 11
shows, the choice of solver affects pose AUC more than any of the matcher modifi-
cations we evaluated. With SuperGlue matches, AUC@10° rises from 51.0 to 69.0 on
TUM-VI and from 35.1 to 60.3 on EuRoC (the EuRoC figures may be optimistic;
see Section 4.1). Under this solver, the EAP changes AUCQ@10° by +0.5 points on
TUM-VI (CI [+0.3, +0.7]) and +0.2 on EuRoC (CI [+0.0, 4+0.3]), and PE com-
pensation + EAP by +0.8 and -0.1 points. Two conclusions follow. First, when the
downstream module can use the gyroscope rotation directly, most of the pose benefit
comes from the solver; the matcher-level gains in Tables 3-5 should therefore not be
read as gains of a full VIO system. Second, the EAP helps most in pipelines whose
pose solver does not use inertial data, where it closes about 24% (TUM-VI) and 11%
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Table 11 Pose AUC@5°/10°/20° with the rotation-agnostic 5-point solver and with the
gyroscope rotation plus the known-rotation 2-point solver, for SuperGlue and our matchers
(held-out, 200-600 ms, all regimes). Blue bold/red italic: best/worst within each solver block
(SuperGlue not marked).

AUC [%) TUM-VI EuRoC

Solver Matcher @5 @10 @20 @5 @10 @20
5-point SuperGlue 34.4 51.0 64.9 18.2 35.1 52.2
5-point EAP 37.6 55.4 69.8 19.8 37.8 55.8
5-point PE comp. + EAP 87.0 54.2 68.2 18.9 36.1 53.7
gyro R + 2-point SuperGlue 56.5 69.0 79.3 42.5 60.3 73.3
gyro R + 2-point EAP 56.9 69.5 79.8 42.6 60.4 73.6
gyro R + 2-point PE comp. + EAP 57.2 69.8 80.0 42.5 60.2 73.4

(EuRoC) of the AUC@10° gap to the known-rotation solver. It also increases the num-
ber of epipolar-consistent matches; whether these additional matches help tracking or
mapping was not evaluated.

5.9 Run Time

Table 12 lists run times measured in a single process after five warm-up pairs. Because
the EAP does not run the GNN a second time, its GNN cost equals that of SuperGlue.
The overhead lies instead in the assignment stage—a second Sinkhorn solve and the
2-point RANSAC—and amounts to 23 ms per pair in our implementation. This is
comparable to the GNN pass itself (27 ms), because the RANSAC runs on the CPU
in NumPy. The post-hoc gate incurs a similar, slightly smaller overhead, since it needs
the same translation estimate. A GPU implementation of the 2-point RANSAC, which
evaluates only a few hundred hypotheses, is expected to reduce this overhead; we did
not optimize it. Image warping is the most expensive alternative, as it requires both
warping and a second SuperPoint pass.

Table 12 Mean run time per pair (ms; single process, NVIDIA RTX 3090; TUM-VI room2 and
EuRoC MHO04, 600 ms, 60 pairs each). GNN: GNN pass (for image warp including warping and
re-detection); Assignment: all Sinkhorn solves plus, for EAP and gate, the 2-point RANSAC; blue
bold/red italic: fastest/slowest (SuperGlue not marked).

Method GNN [ms] Assignment [ms]
SuperGlue 27.0 4.8
post-hoc gate 26.7 23.6
EAP (ours) 26.9 27.5
PE comp. only 24.0 4.2
PE comp. + EAP 22.8 28.8
image warp 167.3 4.3
iso (pixel) 27.3 5.7
maha (pixel) 27.6 5.6

5.10 Hwangbo Sequences (No Ground Truth)

Without ground truth, the Hwangbo sequences allow us to measure only consistency
(Table S7). The EAP increases the number of matches and, slightly, the absolute
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number of matches consistent with the RANSAC essential matrix, whereas both
the essential and the homography inlier ratios decrease. Both ratios are biased: the
homography ratio favours rotation-consistent matches, and the essential-matrix ratio
favours any epipolar-consistent set. With no ground truth available, these data there-
fore neither confirm nor refute the held-out findings. We report them for completeness,
since this dataset is an established benchmark for gyroscope-aided tracking. In par-
ticular, the homography inlier ratio used previously favours rotation-only priors by
construction and should not be used to compare such priors.

5.11 Qualitative Examples

Figures 4 and 5 show the SuperGlue and EAP matches for the pairs chosen by the
pre-declared rule: the pair with the largest rotation, a random pair, and the pair on
which the EAP shows the largest loss relative to SuperGlue. Matches are coloured by
the ground-truth epipolar test (green: epipolar-consistent, red: inconsistent), without
any RANSAC step.

On TUM-VI room2 (Fig. 4), SuperGlue and the EAP give (a) 12/30 vs. 21/43
epipolar-consistent matches and a mean pose error of 44.4° vs. 12.6°; (b) 70/83 vs.
74/88 epipolar-consistent matches and a mean pose error of 2.4° vs. 2.1°; (¢) 7/67
vs. 12/74 epipolar-consistent matches and a mean pose error of 7.5° vs. 11.8°. On
EuRoC MHO1 (Fig. 5), SuperGlue and the EAP give (a) 175/267 vs. 200/311 epipolar-
consistent matches and a mean pose error of 7.9° vs. 11.4°; (b) 115/296 vs. 136/347
epipolar-consistent matches and a mean pose error of 86.1° vs. 57.5%; (¢) 61/140 vs.
76/210 epipolar-consistent matches and a mean pose error of 3.2° vs. 10.5°. In both
pairs with the largest loss, the EAP adds matches, among them epipolar-consistent
ones, yet the pose estimate becomes worse; more epipolar-consistent matches therefore
do not guarantee a better pose for an individual pair.

SuperGlue: 70/83 consistent (84%), mean pose err 2.4 deg SuperGlue: 7/67 consistent (10%), mean pose err 7.5 deg

SuperGlue: 12/30 consistent (40%), mean pose err 44.4 deg

(a) largest rotation, 79.4° (b) random pair, 19.7° (c) largest EAP loss, 38.9°

Fig. 4 SuperGlue (top) and EAP (bottom) matches on TUM-VI room2 under synthetic motion blur
at 600 ms; green/red: consistent/inconsistent with the ground-truth epipolar geometry.
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SuperGlue: 175/267 consistent (66%), mean pose err 7.9 deg

SuperGlue: 115/296 consistent (39%), mean pose err 86.1deg  SuperGlue: 61/140 consistent (44%), mean pose err 3.2 deg

-

L 44 4
EAP: 76/210 consistent (36%). mean pose err 10.5 deg

EAP: 200/311 consistel

(a) largest rotation, 20.3° (b) random pair, 5.1° (c) largest EAP loss, 8.0°

Fig. 5 SuperGlue (top) and EAP (bottom) matches on EuRoC MHO1 under synthetic motion blur
at 600 ms; green/red: consistent/inconsistent with the ground-truth epipolar geometry.

6 Discussion and Limitations

Why rotation-only priors do not help.

For distant structure the pure-rotation prediction is a good approximation. In the
indoor and hall sequences used here, however, the parallax accumulated over 200—
1000 ms amounts to several degrees (Fig. 2). To absorb it, a rotation-only prior needs
a tolerance comparable to the typical distance between neighbouring keypoints, at
which point the prior adds little information; a penalty-only offset additionally pushes
matches into the dustbin. The epipolar arc, by contrast, removes the depth-dependent
component of the residual, so the remaining tolerance is set mainly by the gyroscope
and translation-direction errors. Our development grid (Table 2) is consistent with
this explanation: the gain of the EAP increases as o decreases, and the reward-only
offset outperforms the penalty-only offset in every cell.

What the EAP depends on.

The EAP requires a translation direction, which it estimates from stage-1 matches.
When the stage-1 matches are too few or the translation is unobservable (near-pure
rotation), the method falls back to a loose rotation-only prior; when the estimate is
wrong, the prior favours wrong correspondences. The arc construction further assumes
a static scene, since independently moving objects violate the epipolar geometry of
the camera motion. Such points are not removed, because the prior is truncated and
reward-only; they only lose the advantage given to consistent points. Finally, the EAP
was selected on a single development sequence, and both selected values (o = 0.5°
and k = 8) lie at the boundary of the searched grid. A tighter tolerance or a larger
truncation may thus be preferable for well-calibrated sensors. The post-hoc baselines
(gate, rotation-only priors), for their part, were tuned less extensively than the EAP.

Gyroscope quality.

The EuRoC gyroscope has a bias of about 0.08 rad/s around one axis. Without bias
removal, the integrated rotation is off by 2.7°-3.5° after 600 ms (versus 0.04°-0.24°
with it), several times larger than the selected . We removed the bias using a stand-
still window; such a window is available in all EuRoC sequences but not in TUM-VI.
On a real platform, the VIO back end typically estimates the bias continuously. Our
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results therefore assume a bias-compensated gyroscope, and a poorly compensated
one would require a larger og.

FEvaluation limitations.

Because the epipolar-consistency measure cannot detect wrong matches that lie on
the correct epipolar line, it favours epipolar priors; for this reason we use pose accu-
racy as the primary metric. The EuRoC ground truth is fused with the IMU, so
gyroscope errors and known-rotation results on EuRoC may be optimistic. Pair eval-
uations within a sequence are also correlated, which makes the sequence-level analysis
(Table 6) the more conservative summary.

Synthetic degradations.

The blur regimes apply synthetic kernels to all images. Real motion blur, in contrast,
is spatially varying and correlated with the rotation that the gyroscope measures, and
we did not evaluate on real blurred sequences.

Scope.

We evaluated SuperGlue (indoor weights) and, without re-tuning, LightGlue with
SuperPoint features. With LightGlue the effect was smaller and significant only under
synthetic motion blur and, on TUM-VI, with a low keypoint budget. Its double soft-
max is invariant to the offset and its matchability is unaffected by the prior, so a
matcher-specific weighting may be needed; we did not explore this option. In prin-
ciple, the prior can also be added to the dual-softmax or OT scores of detector-free
matchers such as LoF TR [12], which we did not test. Nor did we evaluate the matcher
inside a complete VIO system or on consecutive frames at the full frame rate (50 ms).
At that rate rotations are small and the expected gain is correspondingly smaller; the
benefit of the matcher in a full system would depend on how the back end uses the
correspondences.

7 Conclusions

We investigated how a gyroscope can be used inside a pretrained learned matcher
without retraining. The most direct transfer of classical gyroscope-aided tracking,
adding a prior around the pure-rotation prediction to SuperGlue’s score matrix, did
not improve relative-pose accuracy in our held-out evaluation. Our analysis attributes
this to two factors: translation-induced parallax is large at the relevant baselines, and
a penalty-only prior interacts with the dustbin. The EAP addresses both issues. It
combines the gyroscope rotation with a translation direction estimated from the same
GNN pass, constrains candidates across the epipolar arc while leaving them free along
it, and only rewards consistent candidates. With hyperparameters frozen on a single
development sequence, it improved pose AUC on all 15 held-out sequences of two
datasets and increased the number of epipolar-consistent correspondences, and these
gains grow with rotation. All pre-declared hypothesis tests remained significant after
multiplicity correction at the pair level, and the improvement was consistent at the
sequence level.
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The evaluation also delimits the result. Using the gyroscope rotation in the pose
solver yields a larger pose improvement than any of the evaluated matcher modifica-
tions, and once such a solver is in place, the EAP adds little to pose accuracy. Its
benefit therefore lies mainly in pipelines whose pose solver does not use inertial data;
whether its additional epipolar-consistent matches help tracking or mapping remains
to be evaluated. On EuRoC, these additional matches come with a slightly lower frac-
tion of epipolar-consistent matches. PE compensation and image warping gave smaller
and less consistent gains. When transferred to LightGlue without re-tuning, the EAP
gave smaller gains, significant only under synthetic motion blur and, on TUM-VI,
with a low keypoint budget; even so, SuperGlue with the EAP reached a higher pose
accuracy than unmodified LightGlue on both datasets. Several questions remain open:
integration into a complete VIO back end with online bias estimation, evaluation on
real (rather than synthetic) motion blur, the treatment of dynamic scenes, and the
transfer of the EAP to other matchers with an explicit unmatched state.
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