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Abstract

Consistent estimates of rotation are crucial to vision-

based motion estimation in augmented reality and robotics.

In this work, we present a method to extract probabilistic

estimates of rotation from deep regression models. First,

we build on prior work and develop a multi-headed net-

work structure we name HydraNet that can account for both

aleatoric and epistemic uncertainty. Second, we extend Hy-

draNet to targets that belong to the rotation group, SO(3),

by regressing unit quaternions and using the tools of ro-

tation averaging and uncertainty injection onto the mani-

fold to produce three-dimensional covariances. Finally, we

present results and analysis on a synthetic dataset, learn

consistent orientation estimates on the 7-Scenes dataset,

and show how we can use our learned covariances to

fuse deep estimates of relative orientation with classical

stereo visual odometry to improve localization on the KITTI

dataset.

1. Introduction

Accounting for position and orientation, or pose, is at the

heart of many computer vision algorithms like visual odom-

etry, structure from motion, and SLAM. By tracking mo-

tion, these algorithms form the basis of visual localization

pipelines in autonomous ground and aerial vehicles, visual

mapping, and augmented reality.

Recent work [4, 15, 12] has attempted to transfer the suc-

cess of deep neural networks in many areas of computer

vision to the task of camera pose estimation. These ap-

proaches, however, can produce arbitrarily poor pose esti-

mates if sensor data differs from what is observed during

training (i.e., it is ‘out of training distribution’) and their

monolithic nature makes them difficult to debug. Further,

despite much research effort, classical motion estimation

algorithms, like stereo visual odometry, still achieve state-

of-the-art performance in nominal conditions1. Neverthe-

1Based on the KITTI odometry leaderboard [6] at the time of writing.
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Figure 1: Our model outputs a probabilistic representation

of rotation as a unit quaternion and a full covariance ma-

trix. A consistent uncertainty estimate allows us to improve

classical estimators using pose-graph optimization.

less, the representational power of deep regression algo-

rithms makes them an attractive option to complement clas-

sical motion estimation when these latter methods perform

poorly (e.g., under diverse lighting conditions or low scene

texture). By endowing deep regression models with a useful

notion of uncertainty, we can account for out-of-training-

distribution errors (a critical step to ensure safe operation)

and fuse these models with classical methods using proba-

bilistic factor graphs. In this work, we choose to focus on

rotation regression, since many motion algorithms are sen-

sitive to rotation errors [18], and good rotation initializa-

tions can be critical to robust optimization [3]. Our novel

contributions are

1. a deep network structure we call HydraNet that builds

on prior work [14, 17, 16] to build covariance matrices

that account for both epistemic and aleatoric uncer-

tainty [13],

2. a formulation that extends HydraNet to means and co-

variances defined on the rotation group SO(3),

3. and open-source code for SO(3) regression2.

2https://github.com/utiasSTARS/so3_learning
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2. Approach

2.1. HydraNet

To endow deep networks with uncertainty, we extend

prior work on multi-headed networks [17] and ensembles of

networks trained through bootstrapped training sets [14] to

a single network structure we call HydraNet (see Figure 1).

HydraNet is composed of a large, main body, with multi-

ple heads attached prior to the output. Each head is trained

independently and from different weight initializations to

provide a different estimate of the regressed quantity. This

diversity allows the model to capture epistemic uncertainty

(σ2
e ) by computing a sample variance over the heads. The

epistemic uncertainty is designed to grow when inputs are

‘far’ from training data in some latent space. Further, an

additional head is reserved for regressing an aleatoric esti-

mate of uncertainty directly (σ2
a). This aleatoric uncertainty

accounts for effects like sensor noise that are present even if

a test input is ‘close’ to training data. See [13] for a further

discussion of aleatoric and epistemic uncertainty.

2.2. Deep Probabilistic SO(3) Regression

In order to extend the ideas of HydraNet to the matrix

Lie group SO(3), we investigate different ways to regress

and combine several estimates of rotations. Namely, given a

network, g(·), and an input I, we consider how to to process

several outputs, gi(I), and combine them into an estimate

of a ‘mean’ rotation, R, and an associated 3× 3 covariance

matrix, Σ. To produce estimates of rotation for a given Hy-

draNet head, we choose to normalize outputs, g(I) ∈ R
4, to

produce a unit quaternions that reside on S3, q = g(I)
󰀂g(I)󰀂

2

.

The choice of unit quaternions (as opposed to using expo-

nential coordinates, for example), is motivated by a simple

analytic mean expression based on the quaternionic metric

which we describe next.

2.2.1 Rotation Averaging

Given several estimates of a rotation, we define the mean as

the rotation which minimizes some squared metric defined

over the group [10],

R = argmin
R∈SO(3)

n
󰁛

i=1

d(Ri,R)2. (1)

There are three common choices for a bijective metric

[10, 3] on SO(3). The angular, chordal and quaternionic:

dang(Ra,Rb) =
󰀐

󰀐

󰀐
Log

󰀓

RaR
T
b

󰀔󰀐

󰀐

󰀐

2
, (2)

dchord(Ra,Rb) = 󰀂Ra −Rb󰀂F , (3)

dquat(qa,qb) = min (󰀂qa − qb󰀂2 , 󰀂qa + qb󰀂2) , (4)

where Log (·), represents the capitalized matrix logarithm

[19], and 󰀂·󰀂F the Frobenius norm. In the context of Equa-

tion (1), using the angular metric leads to the Karcher mean,

which requires an iterative solver and has no known analytic

expression. Applying the chordal metric leads to an analytic

expression for the average but requires the use of Singular

Value Decomposition. Using the quaternionic metric, how-

ever, leads to a simple, analytic expression for the rotation

average as the normalized arithmetic mean of a set of unit

quaternions [10],

q = argmin
R(q)∈SO(3)

H
󰁛

i=1

dquat(qi,q)
2 =

󰁓H

i=1 qi
󰀐

󰀐

󰀐

󰁓H

i=1 qi

󰀐

󰀐

󰀐

. (5)

This expression is simple to evaluate numerically, and

if necessary, can be easily differentiated with respect to its

constituent parts. For these reasons, we opt to construct our

SO(3) HydraNet using unit quaternion outputs, and evalu-

ate the rotation average using the quaternionic metric.

2.2.2 SO(3) Uncertainty

We parametrize uncertainty over SO(3) by injecting uncer-

tainty onto the manifold [5, 2, 1] from a local tangent space

about some mean element, q,

q = Exp (󰂃)⊗ q, 󰂃 ∼ N (0,Σ) , (6)

where ⊗ represents quaternion multiplication. In this for-

mulation, Σ provides a 3 × 3 covariance matrix that can

express uncertainty in different directions. Given a mean

rotation, q, and samples, qi, we use the logarithmic map

to compute a sample covariance matrix that expressed epis-

temic uncertainty as,

Σe =
1

H − 1

H
󰁛

i=1

φiφ
T
i , φi = Log

󰀃

qi ⊗ q−1
󰀄

. (7)

2.3. Loss Function

To capture aleatoric uncertainty, we train a direct re-

gression of covariance through a parametrization of posi-

tive semi-definite matrices using a Cholesky decomposition

[11, 9]). Given the network output of a unit quaternion q,

and a positive semi-definite matrix Σa, we define a loss

function as the negative log likelihood of a given rotation

under Equation (6) (see [5]) for a given target rotation, qt,

as

LNLL(q,qt,Σa) =
1

2
φT

Σ
−1
a φ+

1

2
log det (Σa), (8)

where φ = Log
󰀃

q⊗ qt
−1

󰀄

. At test time, we combine both

covariance matrices using a simple matrix additon, Σ =
Σe +Σa.
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Figure 2: Rotation estimation errors and reported network

covariance elements for HydraNet trained on synthetic data

(noisy pixel locations). Epistemic uncertainty grows for

out-of-training-distribution test samples (inputs captured at

polar angles outside of ±60◦).
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Figure 3: Orientation regression results for the 7scenes

chess test set. Our HydraNet structure paired with a

resnet-34 results mean errors of 8.6 degrees, with con-

sistent uncertainty.

3. Results & Future Work

To demonstrate our approach, we use three different

datasets: synthetic (wherein we simulate a camera observ-

ing a static scene with point landmarks), 7-Scenes [8] RGB

data, and KITTI monocular grayscale images [6]. Figure 2

shows the importance of epistemic uncertainty when train-

ing a model to compute rotations on the synthetic dataset.

Figure 3 shows the consistent orientation regression re-

sulting from training a HydraNet (with a ResNet body)

to regress probabilistic estimates of orientation on the 7-

Scenes dataset. Finally, Figure 4 shows the result of train-

ing a custom HydraNet to regress frame-to-frame rotations
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Figure 4: Frame-to-frame rotation regression for KITTI

odometry dataset sequence 00. Note how the uncertainty

increases when the car turns (φ2 represents the yaw angle).
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Figure 5: Top-down trajectories of KITTI odometry dataset

sequence 00 with and without HydraNet fusion.

on the KITTI self-driving car dataset. By using the ro-

tation estimates and their associated covariances, we fuse

the outputs of HydraNet with a classical visual odometry

pipeline (based on sparse features [7]) using probabilistic

factor graphs and visualize the resulting increase in accu-

racy in Figure 5.

In future work, we are looking for ways to obviate the

need for supervised training (e.g., by embedding the Hy-

draNet structure within a Bayesian filter like that in [9]),

and compare our notion of epistemic uncertainty to a sep-

arate classification model that predicts whether a sample is

in or out of training distribution. We also see great promise

in using deep probabilistic rotation regression to aid in ini-

tialization within large scale pose graph optimization that

relies on vision-based sensors.
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