Introduction

» Task: to improve the accuracy of deep rotation regression
r D
\- ~/  3DoF rotation

> Motivation: SO(3) is a non-Euclidean manifold while network
outputs are in a Euclidean ambient space.

e The forward pass thus always involves projection onto manifold.

e However, naive backward pass simply backprop. based on the chain
rule without considering the many-to-one nature of the projection.

» Our work:

e proposes a manifold-aware gradient layer to replace naive
backward pass while maintaining forward pass unchanged

e significantly improve rotation regression on a broad range of tasks
(supervised/unsupervised rotation est. from images/point clouds )
and rotation representations at no cost of speed and memory.
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» Backward
» Find a goal R; using Riemannian gradient: R, < Rr(—7grad L(f(R)))
especially useful when Rt is not available (self-supervised case).
* Inverse image m™*(X,): one-to-many but usually an analytical
solution is available after some relaxations.

* Project: To find the element which is closest to the raw output in
n~1(x,), by solving xg, = argmin ||x —x,|[2

T(Xg)=Xg
* Projective manifold gradient:

grPM — X — Xgp
» Key insight:

* a multi-ground-truth problem for x
* the lowest redundancy in the gradient
« similar to min-of-N strategy

» Vanishing length problem

* Reason: the projection process will make
the length of raw output decrease and
further lead to unstable training.

lambda=0

 Solution: add a regularization term,
A(Xgp — Xg), which leads to our final
Regularized Projective Manifold Gradient =
(RPMG):

SrPM — X — Xgp T )\(Xgp _ ﬁg)

Iterations
lambda=0.01

> Reflection problem

* Reason: the analytical solution of X
the inverse image assumes X, close to x N T L
 Solution: use a small hyperparameter t
In Rliemannian optimization.
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Rotation regression w/ GT supervision from point clouds
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Rotation regression w/o GT supervision from point clouds
Instance-Level Self-Supervise Category-Level Self-Supervise
Mean (°)  Med (°)  5%Acc (%) Mean (°) Med (°) 5°Acc (%)
Euler 129.3 132.9 0 Euler 12.14 6.91 33.6
Axis-Angle 36.31 6.98 37 Axis-Angle 35.49 20.80 4.7
Quaternion 4.04 3.30 74 Quaternion 11.54 7.67 29.8
6D 43.9 6.49 44 6D 14.13 041 23.4
oD 2.47 2.02 92.5 9D 11.44 8.01 23.8
OD-Inf 101.5 96.61 0 9D-Inf 4.07 3.28 76.7
10D 2.18 1.91 96.5 10D 0.28 7.05 32.6
RPMG-Quat 2.88 2.38 91.5 RPMG-Quat 4.86 3.25 75.8
RPMG-6D 3.08 2.92 89.5 RPMG-6D 2.71 2.04 92.1
RPMG-9D 1.40 1.17 100 RPMG-9D 3.75 2.10 91.1
Rotation regression w/ GT supervision from images
Chair Sofa
Mean (°) Med (°) 5°Acc (%) Mean (°)  Med (°) 5°Acc (%)
Euler 21.46 10.95 10.4 Euler 27.46 12.00 9.4
Axis-Angle 25.71 14.27 7.2 Axis-Angle 30.25 14.55 6.2
Quaternion 25.75 14.99 6.3 Quaternion 30.00 15.73 5.7
6D 19.60 9.09 19.1 6D 17.51 7.33 27.3
oD 17.46 8.30 23.1 oD 19.75 7.58 24.9
OD-Inf 12.10 5.09 49.2 OD-Inf 12.48 3.45 69.7
10D 18.40 9.02 19.6 10D 20.89 8.73 19.8
RPMG-Quat 13.03 5.90 39.9 RPMG-Quat 13.02 3.60 66.6
RPMG-6D 12.94 4.74 53.1 RPMG-6D 11.52 2.79 77.1
RPMG-9D 11.93 4.36 58.1 RPMG-9D 10.49 2.41 81.7
Ablation Study Camera pose estimation from Images
Complete CH o it o JR . o
Mean ) Med () 5°Acc (%) King’s College  OId Hospital ~Shop Facade St Mary’s Church Average
L2 w/ 6D 75 6.15 382 T(m) R(°) T(m) R(°) T(m) R() T(m) R(?) T(m) R(°)
MG-6D N1 Teonverg 3.27 2.68 86.1 Euler 1.16 2.85 254 295 125 648 198 6.97 1.73 481
- Tot 3.37 2.77 85.7 Axis-Angle  1.12 263 241 338 084 505 2.16 7.58 1.63  4.66
Teonverger 64.41 40.99 28 Quaternion 0.98 2.50 239 344 1.06 6.0 2359 8.81 1.76  5.19
PMG-6D A =0 T 1032 1004 0.0 6D 10 256 221 343 101 543 173 58 151 431
» oD 1.14 3.03 2.1 350 088 639 195 5.95 1.52 472
Tinit 3.60 2.30 91.1
001 Teonverg 3.41 2.04 87.2 9D-Inf 098 232 1.89 332 115 636 1.96 6.25 1.50 4.56
o Tt 4.12 2.22 87.1 10D 1.54 262 232 339 120 576 185 6.69 173 4.62
RPMG-6D
Tinit = Teonvergence 2485 2.09 92.7 RPMG-Quat  1.04 191 242 272 098 428 1.82 4.89 1.57 345
A=0005 307 2.11 89.6 RPMG-6D 155 170 262 3.09 095 501 244 5.18 1.89  3.75
A=0.1  rmtoT eonuengence .85 2.19 90.9 RPMG-9D 157 182 437 312 093 417 192 4.69 220 345




