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Supplementary Material

A. Linear Transformation Assumptions
This section analyzes the hidden assumptions behind adopt-
ing a linear transformation between two submaps: different
predictions differ only by a global scale in depth (Sim(3))
and/or by intrinsics that can be corrected through a projec-
tive warp (SL(4)). Specifically, consider two camera re-
constructions {ũ1,K1,D1,T1} and {ũ2,K2,D2,T2} ob-
serving the same scene, where ũ = (u, v, 1) denotes homo-
geneous pixel coordinates, K the intrinsics, D the predicted
depth, and T = [R | t] the extrinsics. The 3D point P can
be obtained by back-projection:

P = [R | t]−1
(
D(u, v)K−1ũ

)
. (1)

Now, if we wish to solve for the transformation H relating
T1 and T2 through P1 and P2, three typical cases arise:
• Case 1: Consistent intrinsics and scaled depths. If K1 =
K2 and D2(u, v) = sD1(u, v) for a global scalar s,
then the two reconstructions differ only by a uniform
scale. This simplifying assumption is implicitly adopted
by VGGT-Long [2]. There exists a similarity transforma-
tion T = [ sR | t ] ∈ Sim(3) such that P2 = sRP1+t,
which perfectly aligns the two reconstructions.

• Case 2: Inconsistent intrinsics and scaled depths. When
K1 ̸= K2 and D2(u, v) = sD1(u, v), the change in in-
trinsics induces a global projective distortion that a single
Sim(3) cannot capture. This assumption is adopted by
VGGT-SLAM [4]. Nevertheless, under the projective re-
construction theorem, there always exists a homogeneous
linear mapping H ∈ SL(4) that transforms one recon-
struction into the other such that P1 = HP2.

• Case 3: Nonlinear depth distortion. When the depth pre-
dictions deviate nonlinearly across spatial locations, i.e.,
D2(u, v) = f(D1(u, v)), where f(·) is non-linear and
spatially varying, no global linear transformation can ex-
actly align the two reconstructions, regardless of whether
the internal calibration is consistent. Any linear align-
ment forces the optimizer to overfit one region at the ex-
pense of another, and bend the trajectory to compensate
for local depth inconsistencies.
This analysis exposes the hidden assumptions underly-

ing the two point-based submap alignment methods and ex-
plains their fundamental limitations. The more severely the
corresponding assumption is violated, the poorer the align-
ment performance becomes. In scenarios with large submap
size and few inter-submap alignments, the violation is often
mild and aligns more closely with Case 1 and Case 2, al-
lowing VGGT-Long [2] and VGGT-SLAM [4] to perform

reasonably well. However, realistic outdoor multi-camera
settings generally correspond to Case 3, where the assump-
tions in Case 1 and Case 2 rarely hold. As a result, enforcing
a global rigid or projective transformation inevitably leaves
residual inconsistencies and distorts the trajectory.

B. Additional Implementation Details
For models such as VGGT [6] and π3 [7]which lack metric-
scale, we estimate a global scale factor before control-point
propagation to avoid using high-DOF TPS for global scale
correction. For models like MapAnything [3] which main-
tain metric scale prediction, this step is omitted, and we also
disable scale estimation in VGGT-Long’s [2] Sim(3) align-
ment for fairness, whereas in VGGT-SLAM [4] (SL(4) for-
mulation) the scale cannot be explicitly decoupled.

TALO makes no assumptions about the number of
cameras, and therefore naturally supports arbitrary setups
ranging from monocular and stereo to surround-view sys-
tems. To exploit the fixed inter-camera baselines in multi-
camera configurations, we introduce a simple rig averaging
strategy. Specifically, for each non-reference camera, we
collect its predicted relative poses to the reference camera
across time, and estimate a single time-invariant rig trans-
form by averaging rotation and translation separately: rota-
tions are averaged on SO(3) using a chordal ℓ2 mean, im-
plemented by summing rotation matrices and projecting the
result back to SO(3) via SVD, while translations are av-
eraged in Euclidean space. By aggregating these relative
poses over time, rig averaging (RA) suppresses frame-wise
prediction noise and enforces consistency with the underly-
ing rigid camera setup. This simple yet effective strategy is
applied fairly to both VGGT-SLAM and VGGT-Long.

C. Additional Qualitative Comparisons
We provide additional qualitative comparisons in Fig. 1, 2,
3, and 4. As shown, VGGT-Long [2] (Sim(3)) exhibits no-
ticeable trajectory drift in long-range sequences, together
with local misalignments that manifest as multi-layer ar-
tifacts in the reconstructed geometry. VGGT-SLAM [4]
(SL(4)) is often disrupted by noise in the predicted point
clouds, leading to severe geometric divergence or complete
reconstruction failure. In contrast, TALO produces trajec-
tories that closely match the ground truth and yields locally
well-aligned geometry with clean, artifact-free details.



Figure 1. Qualitative comparison with VGGT [6] on Waymo [5] scene 6104545334635651714.

Figure 2. Qualitative comparison with VGGT [6] on nuScenes [1] scene-0094.



Figure 3. Qualitative comparison with π3 [7] on Waymo [5] scene 3156155872654629090.

Figure 4. Qualitative comparison with π3 [7] on nuScenes [1] scene-0092.



References
[1] Holger Caesar, Varun Bankiti, Alex H. Lang, Sourabh Vora,

Venice Erin Liong, Qiang Xu, Anush Krishnan, Yu Pan, Gi-
ancarlo Baldan, and Oscar Beijbom. nuscenes: A multimodal
dataset for autonomous driving. In CVPR, pages 11618–
11628, 2020. 2, 3

[2] Kai Deng, Zexin Ti, Jiawei Xu, Jian Yang, and Jin Xie. Vggt-
long: Chunk it, loop it, align it – pushing vggt’s limits on
kilometer-scale long rgb sequences, 2025. 1

[3] Nikhil Keetha, Norman Müller, Johannes Schönberger,
Lorenzo Porzi, Yuchen Zhang, Tobias Fischer, Arno
Knapitsch, Duncan Zauss, Ethan Weber, Nelson Antunes,
Jonathon Luiten, Manuel Lopez-Antequera, Samuel Rota
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