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Abstract

Two quaternions with opposite signs encode the same rotation, yet their component average can behave
very differently. We examined 615,364 short-interval pose pairs in 52 TUM RGB-D files. Native endpoint
signs caused 778 naive normalized midpoints to be undefined or more than one degree from the
shortest-path midpoint. The equal-file failure fraction was 0.1732%. Aligning endpoint hemispheres
before averaging reduced the maximum observed midpoint discrepancy to numerical precision. This is a
representation-consistency result for two-pose midpoints, not a test of physical intermediate orientation
or a learned motion model.

Representation audit of native camera quaternions. The deliberately naive midpoint is our comparison rule; native sign
choices are valid rotation representations and are not labelled dataset errors.
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A Quaternion Sign Can Change a Naive Midpoint Without
Changing Either Endpoint Pose

> Representation audit of native camera quaternions. The deliberately naive midpoint is our comparison
rule; native sign choices are valid rotation representations and are not labelled dataset errors.

Abstract
Two quaternions with opposite signs encode the same rotation, yet their component average can behave
very differently. We examined 615,364 short-interval pose pairs in 52 TUM RGB-D files. Native
endpoint signs caused 778 naive normalized midpoints to be undefined or more than one degree from the
shortest-path midpoint. The equal-file failure fraction was 0.1732%. Aligning endpoint hemispheres
before averaging reduced the maximum observed midpoint discrepancy to numerical precision. This is a
representation-consistency result for two-pose midpoints, not a test of physical intermediate orientation or
a learned motion model.

Why a small representation choice reaches a motion calculation
A camera pose pipeline can read every quaternion field correctly and still combine two orientations
incorrectly. The difficulty is that a unit quaternion and its negative represent the same physical rotation.
Averaging four stored components therefore differs from averaging the rotations they represent.
Normalizing the resulting vector fixes its length but does not by itself remove dependence on the chosen
signs.

We ask how often a simple normalized component midpoint disagrees with a sign-consistent shortest-path
midpoint on native short-interval camera records. No artificial sign reversals are inserted into the source
sequence for the primary comparison. The experiment uses the representations already present in the
acquired files and evaluates two explicitly defined ways of combining them.

Meng, 2026 studies disentangling camera and subject motion with a geometry-semantics attention
mechanism. We do not reproduce that network or suggest that it uses the naive midpoint considered here.
The connection is a basic condition for interpreting camera motion: a numerical operation should respect
equivalence in its pose representation before its output is read as a physical change.

The comparison is an implementation audit, not a new rotation-averaging theory. Quaternion averaging
literature explains the sign-invariance problem directly (Markley et al., 2007), and broader
rotation-averaging work distinguishes different averaging objectives (Hartley et al., 2013). We use the
narrow two-pose, equal-weight midpoint case to measure how often an elementary failure can occur in a
concrete public reference inventory.

Native orientation records and the selected intervals
TUM RGB-D provides the recorded camera trajectories used in the audit (Sturm et al., 2012). The official
format specifies the color camera's optical-center orientation as a quaternion ordered by three vector
components followed by its scalar component (TUM Computer Vision Group, 2026). Position and
orientation share the motion-capture world convention. We do not substitute an Euler-angle interpretation
for those four values.

The acquired text subset contains 53 public files, including one comment-only source. After excluding all
rows at conflicting timestamps in a separate documented analysis copy, 52 files contain 615,775 ordered
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numerical poses. The raw files remain available. This study uses the same curated reference inventory as
other local trajectory audits and does not claim an independent acquisition replication.

We retain adjacent pose pairs whose timestamps differ by at most fifty milliseconds. This removes
intervals for which a short-gap midpoint would span a wider missing-reference period. The resulting set
has 615,364 pairs. The cutoff defines the inspected cohort; it is not an assertion that every physical camera
motion between those endpoints follows a constant angular rate.

Source quaternions are normalized before the comparison. That removes small text-rounding deviations
from unit length and makes the two formulas operate on the same unit sphere. It does not choose their
signs or modify the rotations. Matrix representations calculated from a normalized quaternion and its
negative agree exactly at the stored execution precision in our sign-reversal check.

The camera recordings include motion and calibration roles, with related devices and settings. Other
resources such as KITTI, EuRoC and TUM VI have different recording designs (Geiger et al., 2012; Burri
et al., 2016; Schubert et al., 2018). Their records do not increase our sample size. The 52-file summary
belongs to this acquired collection rather than to all possible camera-orientation streams.

Three midpoint calculations
The naive rule adds the two unit quaternion vectors and normalizes their sum. If its norm is at most 1e-12,
we record an undefined midpoint. Otherwise, we convert that normalized vector back to a rotation. The
rule is deliberately transparent, making its representation dependence testable without introducing another
estimator or tuning parameter.

The sign-aware rule first checks the endpoint dot product. If it is negative, the second quaternion is
negated before the vectors are added and normalized. This places the two endpoint representations in a
common hemisphere. Negation leaves the second endpoint's rotation unchanged while changing which arc
the component sum follows.

For the reference midpoint, we compute the relative rotation from the first endpoint to the second, take
half its shortest rotation vector and compose that half rotation with the first endpoint. The
exponential-map representation provides relevant geometric context (Grassia, 1998), while
rotation-metric analysis explains why the disagreement should be measured as a rotation rather than a raw
vector difference (Huynh, 2009).

At equal weight one half, the hemisphere-aligned normalized sum agrees with the shortest geodesic
midpoint under the stated convention. This identity should not be extended without qualification to
arbitrary interpolation fractions or weighted averages of many rotations. General quaternion interpolation
and averaging require their own definitions; the present calculation does not implement a general optimal
averaging procedure.

Shoemake's interpolation work and the versioned SciPy documentation supply the interpolation context
(Shoemake, 1985; SciPy developers, 2026). The executed implementation uses numerical rotation
composition in the local scientific environment (Virtanen et al., 2020). It does not evaluate a learned
orientation predictor, a smoothing spline or the hidden physical trajectory between the two measurements.
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Defining a visible disagreement
We measure the angular magnitude of the relative rotation between a computed midpoint and the geodesic
reference, converting that angle to degrees. A naive midpoint is classified as failed if it is undefined or its
angular discrepancy exceeds one degree. Undefined sums remain in the failure denominator instead of
disappearing through a numerical-value filter.

One degree is an operational reporting threshold, not a validated tolerance for a camera-transfer
application. The numerical discrepancy of the sign-aware rule is reported separately. This keeps a
finite-precision consistency check distinct from an application decision about how much orientation error
is acceptable.

Rigid transformation references clarify why rotation representation and physical orientation are different
levels of description (Barfoot, 2017; Blanco-Claraco, 2021). Multi-view geometry then uses those
rotations in projections and transformations (Hartley and Zisserman, 2004). A midpoint artifact can enter
such a calculation even though both endpoint matrices represent the intended poses correctly.

The native negative-dot pairs are not removed as bad observations. Either endpoint sign is valid. Dropping
one would discard a legitimate pose because a particular arithmetic formula mishandles its representation.
Robust location methods address a different concern about unusual observations (Huber, 1964); we do not
fit a robust estimator or treat valid quaternion signs as physical outliers.

A global sign convention is not the same as local sign alignment. For example, requiring every
quaternion's scalar component to be nonnegative selects one representative for most rotations. Near a
rotation whose scalar component crosses zero, that canonical choice can still produce a discontinuity in
the stored vector. The physical rotation need not jump at the same place. Local endpoint alignment
addresses the particular pair being combined rather than assuming that a global component convention
guarantees a continuous vector stream.

There is also a useful distinction in how an implementation is tested. Negating every quaternion in a
sequence simultaneously leaves each naive normalized sum globally negated, which encodes the same
midpoint rotation as before. A test using only that common sign reversal could pass while missing the
failure under an independent reversal of one endpoint. Equivalent representations must therefore be varied
at the level relevant to the operation. The native pairs here supply concrete instances of that issue without
altering their endpoint information.

A file-level failure estimate
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Figure 1. Native endpoint quaternions define unchanged rotations. Naive and hemisphere-aligned normalized sums
are compared with a geodesic midpoint; undefined results and angular failures are counted within file before
aggregation.

For each file, we divide its naive midpoint failures by its retained short-interval pair count. The regression
estimates the mean of these 52 fractions using an intercept, HC3 covariance and t51 intervals. No
covariates, file effects or pair-level independence assumption are used. The coefficient is equal-file
weighted, not weighted by how many intervals a file contains.

Heteroskedasticity-consistent variance is a working description of variation across those fractions (White,
1980). Shared acquisition conditions can create dependence not handled by that calculation. Clustered
inference would need an appropriate group structure and enough independent groups (Cameron and
Miller, 2015). We do not interpret the interval as a guarantee for another camera or pose-storage system.

Table 1. Equal-file naive midpoint failure fraction, N=52, intercept only, HC3 standard error and t51 confidence
interval. R-squared is numerically zero. The failure event includes undefined component sums as well as discrepancies
above the operational angular threshold.

Model Term Estimate (SE) 95% CI N

M1 Mean outcome/contrast 0.001732 (0.000344) [0.001042, 0.002421] 52

M1: fit R-squared = 0.0000 - - 52

Model labels: M1 = Equal-file naive midpoint failure fraction.

Forty files contain at least one negative-dot endpoint pair. There are 778 such pairs in total, and the naive
rule records 778 failures. One has an undefined raw midpoint under the norm threshold. The other failures
have defined quaternion vectors whose rotations disagree with the selected shortest-path midpoint. This
count does not mean that the source files contain 778 incorrect endpoint orientations.

The equal-file mean failure fraction is 0.00173163, standard error 0.00034360 and interval [0.00104182,
0.00242144]. In percentage terms, the point estimate is approximately 0.1732%. Pooling intervals instead
gives 0.00126429, about 0.1264%, because long files receive more weight. The denominators describe
different aggregate targets.
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The maximum sign-aware midpoint discrepancy is approximately 4.28e-14 degrees. Its numerical
agreement with the reference is expected from the midpoint identity and supports the implemented
convention. It is not a zero-error estimate of the true camera orientation, nor does the absence of an
observed numerical failure establish population coverage for future data.

The endpoint sign-reversal matrix check has maximum difference zero at the execution precision. That
verifies the premise that the input rotations are unchanged by sign reversal. Combined with the different
naive midpoints, it directly shows how a representation-dependent operation can create a disagreement
without changing the endpoint pose information.

Physical motion and numerical disagreement remain different targets
A pair can legitimately describe different physical orientations at its two endpoints while allowing either
quaternion sign for each. The sign-aware rule chooses the shortest rotational path for its midpoint.
Whether the actual camera followed that path between observations is a separate measurement question.
We do not observe intermediate physical orientation merely by calculating an interpolant.

Trajectory-evaluation work makes temporal and spatial correspondence part of a coherent comparison
(Zhang and Scaramuzza, 2018). Here the endpoint times are fixed and short-gap eligibility is common.
The remaining discrepancy is introduced by the combination rule. It should not be relabelled as a
recovered subject movement, a camera-tracking error or an identity-consistency failure in generated
video.

Measurement-error frameworks help separate such operational outputs from the physical constructs they
are intended to describe (Carroll et al., 2006). A scalar degree error is also different from a quaternion
Euclidean distance or a pixel reprojection error (Stevens, 1946). We retain the rotation metric and its unit
throughout, rather than compare these quantities as if they measured the same scale.

Numerical treatment near a small vector sum deserves attention (Higham, 2002; Goldberg, 1991). Our
norm threshold prevents an unstable normalization from producing an arbitrary apparently valid rotation.
It does not hide the case: undefined output is counted as a failure and its source location is retained. An
implementation that silently replaces it with an identity rotation would introduce another untested policy.

What follows for geometric pipelines
Simulation resources such as CARLA and Virtual KITTI 2 can offer controlled geometric annotations
(Dosovitskiy et al., 2017; Yohann et al., 2020), but those coordinates still require operations that respect
their representation. The sign issue is mathematical rather than a defect unique to a real recording. We do
not run simulations or infer that their software uses the naive formula from this reference-file audit.

A practical orientation pipeline should state quaternion ordering, normalization, interpolation convention
and the metric used to check results. The current two-pose calculation illustrates why a test should include
equivalent endpoint representations. It does not prescribe a complete filtering or estimation method for a
noisy sequence, where uncertainty, dynamics and many-pose averaging would require additional design
choices.

Raw component differences deserve similar interpretation. Two nearby physical orientations can have
quaternion representatives whose Euclidean difference is close to two when their signs oppose.
Thresholding that vector jump could flag a discontinuity in representation rather than a large camera
rotation. We do not compute a detector's false-alarm rate from this observation; it identifies another
operation whose invariance would need explicit testing.
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For a learned pipeline that consumes quaternion components directly, a corresponding follow-up could
feed equivalent endpoint signs and compare outputs under a fixed model. Such a test would need the
actual model and a declared output metric. Our arithmetic comparison cannot predict whether a network's
preprocessing already resolves the sign ambiguity, learns robustness to it or passes it into a downstream
prediction.

Influential files and their sign-switch patterns remain inspectable in the saved summaries (Cook, 1977).
Broader validation would need the intended source conventions and acquisition boundary (Roberts et al.,
2017). Repeating the same native file through another formula does not create another independent
camera experiment, even when the numerical comparison is fully deterministic.

The artifacts retain file identities, pair counts and example failure locations, with separate undefined and
angular-discrepancy information. Dataset documentation records those meanings (Gebru et al., 2021),
while provenance links the audit to the original and curated pose archives (Wilkinson et al., 2016). The
result isolates a small but concrete class of numerical midpoint failures that can be prevented by
respecting a rotation's sign equivalence before interpreting the output as motion.
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