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Abstract

The recent progress in deep learning techniques transformed the field of computer vision,
with tasks like object classification or segmentation being almost considered solved. This
however requires sufficiently many labeled samples to train the system, hence research
focus has shifted towards tasks where collecting such data is challenging. Recovering
camera poses is one such task, where labels are typically too costly for supervised ap-
proaches. This work explores solutions to train camera pose estimation systems without

the need for external supervision.

Preliminary assessments show that it is possible to formulate this problem as a self-
supervised reconstruction task. By interpreting a network output as 3D rotation, and
using this output to control a differentiable rendering operation, gradient descent can be
used to train the network to predict viewpoint information. However, multiple issues arise
when applying such a method naively on complex data. Confounding factors of particu-
lar importance are symmetries, geometry-breaking rendering pipelines and background-
induced noise. This leads to a regime where purely self-supervised training breaks, al-

though semi-supervised approaches are still successful.

Specific solutions to the aforementioned problems are therefore studied and evaluated.
For symmetries, multiple viewpoint predictions are made, and their distribution is fur-
ther regulated. Two main rendering pipelines are also compared to improve over naive
convolution-based reconstruction: a voxel-based one, and a more recent implicit neural
representation. Experimental evidence shows that carefully crafting a system with these
improvements allows recovery of poses on many everyday objects, such as cars and chairs,

with performances reaching the level of supervised approaches on some categories.

In addition, this thesis underlines two potential problems in related approaches. First, an
unstable pose retrieval method used in recent implicit representations, that is prohibitively
expensive. Second, an insidious issue in unsupervised methods, arising from a combina-

tion of dataset biases and naive calibration. As this potentially leads to overestimated
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performances, it calls for a more robust evaluation standard, as well as more careful data

gathering.
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Chapter 1

Introduction

2022 marks the 10-year anniversary of AlexNet’s breakthrough results at the ILSVRC
2012 competition, with a top-5 classification error of 15.3%, more than 10 points lower
than the runner-up (Krizhevsky et al., 2012; Russakovsky et al., 2015). This milestone,
often considered to be the inception of modern deep learning, triggered a shift in the
machine learning and computer vision communities towards the adoption of deep neural
networks as the main model type. Since then, impressive progress have been made in
the field of computer vision, with classification systems bringing the top-5 error down to
1.2% (Pham et al., 2021), while other tasks like object detection or action recognition in

videos also saw soaring progress (Li et al., 2022; Gowda et al., 2021).

Most of this progress however comes from fully supervised settings, in which models
are trained using annotated datasets, typically made of sample-target pairs. This restricts
most deep learning approaches to tasks where such sets can reasonably be built, which
implies i) cheap data collection, ii) cheap data annotation, and iii) clear definition of the
targets per sample. Counter-examples for each of these requirements are crash events in
self-driving vehicles, tracking an object in a video, and the cost of placing a placing a
stone in a game of go. As a result, interest towards less restrictive settings steadily grew

with recent success in self-supervised, unsupervised and reinforcement learning (Devlin
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2 Chapter 1. Introduction

et al., 2018; Lample et al., 2018; Silver et al., 2017).

Recovering camera viewpoint is among the current challenges in computer vision, as it
belongs to the second category of tasks to which fully supervised learning is not appli-
cable, i.e. those that have an high labeling cost. The annotation process either involves
manual labeling of already existing image collection, usually by asking human annotators
to align a 3D model with the object as it is seen in the picture (Xiang et al., 2014), or by
recording poses while taking new pictures in a calibrated environment, which limits the
type and size of objects that can be treated (Georgakis et al., 2016; Hodan et al., 2017).
In addition, reusing pre-existing datasets means poor quality control, which can lead to

biased sample distribution.

Typically, viewpoint is defined as a set of three angles - azimuth, elevation, and in-plane
rotation - that describe the relative rotation between the camera and a predefined frame
of reference. This work focuses on category-level viewpoint estimation, where a single
frame of reference is defined for a whole category of objects. This follows a natural
human intuition that all objects that belong to the same category can be aligned in the

same way, e.g. all cars have a "front” and “back” side (Fig. 1.1).

This work explores the possible methods for leveraging unlabeled samples for the task
of viewpoint estimation. Chapter 3 establishes the basic principles that will be used
in the rest of the thesis to learn unsupervised viewpoints. Recent analysis-by-synthesis
methods are able to discover interpretable representations for the data, like keypoints on
human bodies (Jakab et al., 2018) or faces (Thewlis et al., 2017b), by using an encoder-
decoder architecture with a carefully crafted bottleneck to enforce desirable properties on
the learned embeddings, e.g. sparsity and semantic consistency on keypoints. As previous
approaches are limited to 2D cases or when rotations are known, this chapter investigates
the possibility of applying similar techniques to learn viewpoints from images without
labels. A simple architecture is proposed and evaluated on a variety of synthetic datasets.

Experimental evidence shows it works well in a semi-supervised setting, with the intro-



Figure 1.1: Illustration of natural frame of reference superimposed on cars. The blue axis
is aligned towards the front, the green one towards the left side, and the red towards the

roof. This can easily be defined, whichever specific instance of car is considered

duction of new unlabeled samples boosting performances beyond supervised baselines. It
also outperforms off-the-shelf semi-supervised methods thanks to its task-specific design.
Unsupervised experiments demonstrate some limited ability on toy examples, but fail on
more complex categories like cars. This is caused by the reconstruction pipeline finding
shortcuts to minimize reconstructions without having to learn viewpoints. Chapter 4 and

5 focus on this flaw by introducing different reconstruction mechanisms.

To prevent the shortcuts from occurring and leading the predictions to uninterpretable
viewpoints, the CNN-based decoder is replaced in Chapter 4 with a voxel-based recon-
struction pipeline coupled with a pseudo-rendering operation to guarantee geometric con-
sistency between different decoded views. Concurrently, the viewpoint estimator is fitted
with multihead predictor in order to overcome confusions created by object symmetries,

allowing it to test multiple hypothesis and select the best one.

This allows the proposed system, called ViewNet, to be trained in a fully unsupervised

way, and to be evaluated on PASCAL3D+ (Xiang et al., 2014), a dataset comprising real



4 Chapter 1. Introduction

images of 12 object categories annotated with viewpoints. A severe limitation of PAS-
CAL3D+ as a viewpoint estimation benchmark is further illustrated, as careful analysis of
the predictions shows that unsupervised and even completely untrained systems can out-
perform supervised approaches in some categories by exploiting viewpoint distribution

biases.

One of the limitations of ViewNet is its relatively simplistic voxel-based reconstruction
pipeline, which is enough to reconstruct synthetic objects, but struggles on real data.
Therefore, Chapter 5 extends ViewNet by replacing its voxel predictor with a more pow-
erful implicit representation inspired by recent developments in 3D reconstruction. The
resulting system, called ViewNeRF, contains a simplified conditional Neural Radiance
Field (Mildenhall et al., 2020), coupled with a novel viewpoint regularization term to
help prevent prediction collapse. In particular, performance in real settings in signifi-
cantly boosted compared with ViewNet, thanks to NeRF’s ability to model complex light

patterns like reflections on metallic surfaces.

Additionally, the approach of using a network to predict viewpoint is compared with the
gradient-based direct pose recovery, a technique widespread in the implicit representation
literature (Yen-Chen et al., 2021). Results show that on top of being much slower and
computationally expensive, it is unable to correctly estimate viewpoints due to its inability
to properly disentangle it from object appearance, even when the system is trained in a

fully-supervised manner.
Chapters 3 to 5 are based on the following publications:

Chapter 3: Semi-supervised Viewpoint Estimation with Geometry-Aware Conditional
Generation. Octave Mariotti and Hakan Bilen. European Conference on Computer

Vision workshop on Recovering 6D Object Pose. 2020.

Chapter 4: ViewNet: Unsupervised Viewpoint Estimation From Conditional Genera-
tion. Octave Mariotti, Oisin Mac Aodha and Hakan Bilen. International Conference

on Computer Vision. 2021.



Chapter 5: ViewNeRF: Unsupervised Viewpoint Estimation Using Category-Level Neu-
ral Radiance Fields. Octave Mariotti, Oisin Mac Aodha and Hakan Bilen. British
Machine Vision Conference 2022.






Chapter 2

General definitions and background

This chapter introduces and motivates the core concepts that are going to be discussed

throughout the thesis.

2.1 Problem definition

Generally speaking, pose estimation refers to the task of predicting the position of a par-
ticular object in a scene with respect to the camera, or conversely, the position of the
camera with respect to a frame of reference. A great number of works have been pub-
lished claiming to tackle this problem, however, this term covers a wide array of specific
tasks, which can be only vaguely related. As a result, the methods used to address them

differ significantly, in their formulation, implementation and evaluation.

We can broadly identify three major aspects to classify pose estimation problems, sum-

marized in Table 2.1.

Object type When estimating the pose of an object, the first aspect to consider is its
rigidity. As defining a common frame of reference for deformable objects is a complex

task, their pose is often estimated directly in image space, by predicting the position of

7



8 Chapter 2. General definitions and background

Object type Rigid / Deformable
Reference frame Scene-based / Object-based
Degrees of freedom 6D /3D /2D

Table 2.1: The different variants of the pose estimation problem

various landmark (Cootes et al., 1995; Kanazawa et al., 2016; Yang et al., 2017), or even
as a dense prediction problem (Thewlis et al., 2017a). The most common occurrence of
this problem is human pose estimation (Dalal and Triggs, 2005; Tompson et al., 2014;
Newell et al., 2016; Cao et al., 2017), where the aim is to identify the position of different
limbs of the person in an image. When dealing with rigid objects, on the contrary, it is
possible to define a frame of reference with respect to a specific object instance or even
a whole object category. Therefore, the task of pose estimation in this case refers to
predicting, to various degrees, the relative rotation and translation between the reference
and camera frame (Hinterstoisser et al., 2011, 2012; Xiang et al., 2014; Kehl et al., 2017,
Rad and Lepetit, 2017; Liao et al., 2019; Mustikovela et al., 2020).

Reference frame A major distinction lies in how the reference frame is defined. In
scene-based pose estimation, the goal is to recover the camera poses of multiple images
taken from a single scene, with respect to an arbitrarily defined frame (Longuet-Higgins,
1981). This is traditionally done using Structure-from-motion algorithms, that learn to
match similar image features across multiple views (Schonberger and Frahm, 2016). A
more challenging setting is when the reference frame is defined for a whole category
(Lowe, 1987; Huttenlocher and Ullman, 1987; Xiang et al., 2014), as models have to
account for variations in shape and appearance of specific object instances among the
category. In this case, the frame of reference is tied to arbitrary features of the object

category, such as the ”front” side of a car.
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Degrees of Freedom Depending on the data labeling and end task, different degrees of
freedom can be considered. In a simplified setting, objects can be centered and viewed
from a roughly constant distance, in which case only rotation, or joint positions in the
deformable case, are predicted (Xiang et al., 2014). This follows the assumption that an
object detector can be run to pre-process images, removing the redundant parts of the
scene. In more complex settings, the complete 6 degrees of freedom - 3 rotations and
3 translations - can be estimated (Hinterstoisser et al., 2012). Because of the aforemen-
tioned labeling cost dataset can sometimes only be partially labeled, which leads to a

coarser evaluation (Sedaghat and Brox, 2015).

2.1.1 Pose formalism

This work focuses on category-level rigid object pose estimation, meaning the models
will be designed to predict the camera pose given an image of an object belonging to a
predefined category, e.g. a car or a chair. More formally, given an image / of an object
instance in pose p, the aim is to build a mapping f, such that f,,(I) = p. As stated, p can
differ depending on the data considered, and might be for instance a full camera matrix,
a 3D rotation and/or a camera position, or even a simple pair of angles -azimuth and
elevation - describing the viewpoint of /. As most 6DoF pose estimation systems follow
a two-stage approach, first localizing the object in the image, then performing viewpoint
estimation on the tightly cropped object (Rad and Lepetit, 2017), the main focus of this
work will be on viewpoint estimation only, following the assumption that efficient object
detectors already exist and training them does not require expensive data annotation (Ren
et al., 2015; Long et al., 2015; Lin et al., 2017; Chen et al., 2017a; Redmon and Farhadi,
2018).

Therefore, the problem of pose estimation will be slightly simplified under the following

assumptions:

1. Images show a single object instance
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2. The instance is centered in the image

3. The images are cropped around the instance, in such a way that the apparent dis-

tance to the object is fixed.
4. The camera is held upright

These assumptions are used in the vast majority of synthetic datasets, and it is relatively
easy to get a reasonable set of similar assumptions on real data by using an object detector.
This allows us to reduce the problem of pose estimation to that of estimating the rotations

of the object.

2.1.1.1 Rotation formalism

Rotations in three dimensions are known to form the special orthogonal group SO(3).
Due to its structure and properties, it has been extensively studied and as such, possesses
multiple formalisms describing its elements. The most well-known ones include Euler
angles, a set of three angles describing successive rotations about the x, y, and z axis, the
axis-angle representations, composed of a unit vector describing the rotation axis and the
angle of rotation, a unit quaternion which combines the axis and rotation angle in a single
structure, and perhaps the most natural to perform computations with, rotation matri-
ces. The choice of representation is particularly important as each has its own properties,
which can be an advantage or drawback depending on the application. Table 2.2 briefly

summarizes each representations properties from a viewpoint estimation standpoint.

While it is fairly common for dataset to be labeled with angles (Xiang et al., 2014;
Sedaghat and Brox, 2015) as humans can easily grasp their meaning, trying to predict
these values directly is likely to lead to large errors as this space exhibits a discontinuity -
a rotation of 27 radians is also a rotation of 0 radians. Quaternions and rotations matrices
are better representations due to their numerical properties, e.g. straightforward compo-
sition and stability. While quaternions are often seen as the most efficient representation

and see many applications, e.g. describing the joint rotation in a robotic arm, matrices
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Representation Advantages Drawbacks

* Easily interpretable
Euler angles * Common in hand-labeled * Discontinuous

datasets

* Non-homogeneous (axis and

angle represent different

Axis-angle * Good interpretability
quantities)
* Angle is discontinuous
* Poor interpretability
* Efficient
Quaternion  Difficult to integrate in CV

* Numerically stable
framework

* Numerically stable
* Overparametrized
Rotation matrix » Easy ML/CV integration as
* More expensive to compute

camera matrix

Table 2.2: Comparison of most common rotation representations

possess a key advantage that makes them a particularly good fit for this work: a camera

pose is most commonly described using a camera matrix that contains a rotation matrix.

Trying to have a network predict a 3D rotation matrix directly is however not trivial due to
the complex structure of such matrices (Zhou et al., 2019). In particular, its determinant
is unlikely to be equal to 1. Given the assumptions that are made about the structure of
the data, a natural solution to this issue consists in predicting the camera position in world
coordinates. This makes recovering azimuth and elevation angles straightforward, and,
using assumptions 2 and 4, easily translates to a camera matrix using a Gram-Schmidt or-
thonormalization process, otherwise known as a LookAt transformation. More precisely,
using an arbitrarily defined upwards pointing vector u, the camera rotation matrix R can

be recovered from the camera position p using Algorithm 1
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Algorithm 1: Pseudocode for the LookAt algorithm
Input : camera position p, upwards vector u

Output: rotation matrix R

1< p/l|pll > normalize vector p
s 1Ixu > cross product

s < s/lls]]

us—sxl

R« [s,u,—I]'

On top of being relatively a straightforward process, this way of estimating poses through
rotation matrices possesses desirable properties. First, matrix multiplication is at the core
of most modern deep learning frameworks, meaning it can be integrated in a very natural
way into deep learning systems. Second, the operations used to compute the full matrix
are fully differentiable, hence, assuming p is the output of a neural network, rotation

errors can directly be backpropagated to learn f,

2.1.2 Metrics

Another particularity of pose estimation is that poses are continuous, although some ap-
proaches discretize them and transform the problem to a classification one (Tulsiani and
Malik, 2015; Su et al., 2015b; Kanezaki et al., 2018; Kundu et al., 2018). Nonetheless,
in order to evaluate how good a prediction p .4 is close to a target py,, it is necessary to
have a notion of error in the pose space. As stated in Section 2.1.1, poses are in the most
complex case made up of a 3D rotation R and translation 7. For the translation part, a

natural error is the Euclidian distance, that is:

errr (To, Torea) = || Tgr — Tprea|? 2.1

In certain cases, in order to be agnostic to the scale of the scene, translation errors can be
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normalized by dividing it by a common value, in general defined as the average camera
distance to the center of the scene. This helps compare performances when objects have
different scales, i.e. a chair and an airplane, as the absolute translation error is likely to be

much larger in the second case.

For the rotation part, there also exists a notion of rotation distance, although it is more
involved than the Euclidian distance used for the translation. First, we can define the rota-
tion difference between Rg; and R 04 by Ryipr = Ry'R pred- In linear transformation terms,
this describes the rotation obtained by first applying R4, then applying the inverse of
Ry, and therefore captures this notion of difference, i.e. Ryirr = I3 <= Rpreq = Rt
Then, the error can be defined as the angle 6 of the rotation defined by Ry, which can

be computed using the formula 6 = arccos (Tr(g)_l ), which gives:

(2.2)

Tr(Rg' Rpred) — 1)

errr(Rgr, Rpreq) = arccos ( 5

Multiple metrics to compare rotations have been defined, however, using the angle of the
relative rotation has been shown to possess the best properties and has been extensively
used in recent publications (Huynh, 2009; Tulsiani and Malik, 2015; Tulsiani et al., 2018;
Insafutdinov and Dosovitskiy, 2018; Meng et al., 2021)

Multiple aggregation strategies can be used to obtain a single value over a complete eval-
uation set {In}n:L_“,N. While the arithmetic mean is a natural aggregate that is commonly
used in machine learning, the specific structure of the rotation space led some authors to

favour the median (Tulsiani and Malik, 2015), as it is more robust to outliers.

To aid in quickly grasping the performance of a system, it can be useful to define an
accuracy-type metric, by using an angular threshold. For instance, rotational accuracy at

30° is defined as:

1

146'6'@30O = N ‘{errR<Rgtn’RPredn> S

ol a

|n:1,...,N}( (2.3)
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Where the | - | operator returns the cardinality of the set. As there is no standard metric
used in all pose estimation works, the results presented in this work will be reported under

different metrics depending on the data labeling and the ones used in related works.

2.2 Unsupervised Learning of 3D information

As the goal of this thesis is to present ways to estimate the pose of objects without manual
supervision, this section discusses the relevant methods that will serve as foundations of

the work carried out in the next chapters.

2.2.1 Rigid object pose estimation

Object pose estimation is a long-standing objective of computer vision, and as such, has
been explored for decades. However, only very recent studies show the possibility of

estimating poses without labels. Historically, most methods were completely supervised.

2.2.1.1 Pre-deep learning methods

While deep learning methods have completely changed the way computer vision research
is conducted, pose estimation has been discussed in classical vision methods. The gen-
eral framework of these classical models is a two-stage process: first, image features like
edges, gradients, or blobs are extracted, then, these are compared with predefined tem-
plates of specific objects (Lowe, 1987; Johnson and Hebert, 1998; Pope and Lowe, 2000;
Weiss and Ray, 2001; Hinterstoisser et al., 2011, 2012). The template can come from
captured views of the object, or in more recent methods, from renderings of 3D CAD
models of the specific objects. Interestingly, recovering the pose was only a byproduct of

the system in early methods, as the main goal was to classify the object category.

The main drawback of these methods is their reliance on templates to compare with.

This is the source of multiple issues. First, it requires collecting a very large number of
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views for each specific object instance, often multiple thousands, which is only reason-
able using synthetic data. If precise pose needs to be recovered, these templates also need
to be labeled. Second, and perhaps more importantly, they lack generalization to new
object instances, as predefined templates will poorly match unseen instances. For spe-
cific categories where variations are reasonably controlled and enough data is available,
deformable templates can be applied with good performances. A particularly relevant
example is that of human faces, where such morphable models still achieve competitive
results even though they were first developed twenty years before (Blanz and Vetter, 1999;
Egger et al., 2020). Nonetheless, if the object is known beforehand, and obtaining labeled
views is not a limiting factor, then these can be a relatively inexpensive and fast way to
recover pose. Recent development shows these generalize well to complex scenarios like

occluded views (Nguyen et al., 2022).

2.2.1.2 Deep models

Later models tend to split the task into object localisation and rotation estimation, and
to replace low-performance machine learning algorithms with CNNs. Localisation is
performed using pretrained models while rotation is recovered either by 3D bounding
cube regression (Rad and Lepetit, 2017; Tekin et al., 2018) or viewpoint classification

(Kehl et al., 2017).

Now that reasonable performances have been attained on a controlled setup, focus has
shifted towards specificities of the task, such as avoiding errors caused by symmetries and
lowering the necessary supervision by removing depth maps (Rad and Lepetit, 2017), or
targeting real-time performances (Kehl et al., 2017). Direct regression over the rotation
space has also been explored and proved to be on par with other ways of recovering
rotations (Mahendran et al., 2017), while multitask approaches have also been shown to

help by adding keypoint detection for instance (Tulsiani and Malik, 2015).

As training labels on real images are expensive, many approaches try to reduce supervi-

sion. The most common approach is to use synthetic data obtained from 3D CAD models
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(Sundermeyer et al., 2018; Tan et al., 2018; Su et al., 2015b), however, these methods
tend to have issues generalizing to real data. Other works explore using extremely limited
sets of poses (Rhodin et al., 2018; Kanezaki et al., 2018), mainly because of dataset re-
strictions. Nonetheless, CAD models do not completely remove the need for pose labels,

as they are considerably more expensive to produce compared with images.

The most popular dataset, ShapeNet (Chang et al., 2015), contains handcrafted 3D mod-
els from a few categories. Each of these took a substantial amount of time to create, and
therefore, the cost of developing a CAD model dataset for a new category is much high
than that of simply gathering pictures. Another alternative is to scan real objects in order
to recover a 3D model of them, but this requires equipment and post-processing whose

cost is comparable with that of annotating views.

2.2.2 Low supervision pose estimation

The advent of deep learning also enabled the design of models that deviate from the
fully supervised regime by making use of unlabeled samples or noisy labels. DC-IGN
(Kulkarni et al., 2015) composes a batch of images where only a single pose parameter is
changing, e.g. the camera elevation, and uses this to create interpretable value in a latent
space. Sundermeyer et al. (2018) propose to train a denoising autoencoder whose latent
space can be mapped to viewpoints using only a few samples. More standard ways of
performing semi-supervised learning have also been explored, like pseudo-labeling using

feature matching (Tseng et al., 2019; Wang et al., 2021a).

More recently, some works have pushed pose estimation to new challenging settings, like
zero-shot pose estimation, in which the task is to estimate pose for objects whose cate-
gory is unseen at training time, by learning to align views of a wide variety of categories
(Banani et al., 2020), or by finding correspondences in the features of a large pre-trained

model (Goodwin et al., 2022).
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2.2.3 Equivariance learning

A possible way of recovering 3D information from images is through the use of equivari-
ant embedding. Equivariance is a concept used in multiple settings with different mean-
ings. For the purpose of this work, we can define an equivariant representation as a
representation that follows the same transformation as its source. Formally, a mapping f

taking as input x is equivariant to a class of transformations 7 if and only if

Va,VT € T, (T (x)) = T(f(x)) 2.4)

An example of equivariance in computer vision is an object detector, that must be equiv-
ariant to image translations. In a slightly looser sense, a pose estimator is a system equiv-
ariant to object translation and rotations. Hence, a natural direction to recover pose with-

out the use of labels is through the use of equivariant representations.

2.23.1 General equivariance

Equivariant representations have been proposed on 2D images as a way to capture the
data structure in order to build more robust systems. A particular example is that of
keypoint detection, as those follow specific object features, and are therefore equivariant
to the transformations applied to the objects. Keypoints have been studied extensively,
as tools to align different instances (Cootes et al., 1998), or more recently simply for
representation purposes (Zhu and Ramanan, 2012). Recent advances allowed keypoints to
be automatically discovered, through matching predictions under known transformations

(Thewlis et al., 2017b).

Denser representations have also been proposed, most notably the spatial transformers
(Jaderberg et al., 2015), that learn to transform feature maps in convolutional neural net-
works, in order to guarantee their equivariance. Unsupervised dense generalizations of

keypoints were also proposed (Thewlis et al., 2017a, 2018).
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All of these methods however are restricted to image transformations and therefore are

not suitable to estimate 3D poses.

2.2.3.2 3D equivariance

Generalizing equivariant representations to 3D transformation is a natural step towards
enabling models to be aware of the 3-dimensional structure of the world. Both keypoint
discovery (Suwajanakorn et al., 2018; Jakab et al., 2021) and spatial transformers (Wor-
rall et al., 2017) have been extended to work with 3D rotations. Specifically-designed
3D equivariant representations have been proposed, most notably spherical CNNs (Co-
hen et al., 2018; Esteves et al., 2017, 2019) which have been adapted for a variety of
tasks, like segmentation of 360° images (Jiang et al., 2019), modeling climate event on a
spherical representation of the earth (Defferrard et al., 2020), or predicting protein fold-
ing (Boomsma and Frellsen, 2017). These models are designed to operate on a spherical

signal and therefore possess rotational equivariance by design.

A shared feature of all these models is their need for a form of pose supervision, be it
explicit, in the form of a training objective, or implicit, by requiring canonically aligned
3d models. This brings the question of how to train such an equivariant representation
without requiring pose supervision. A potential solution lies in the most obvious 3D

equivariant representation there is: a complete 3D reconstruction model

2.2.4 3D reconstruction

Reconstructing three-dimensional objects is one of the main fields of computer graphics,
either for the purpose of modeling, i.e. capturing volumetric data, or for the converse
rendering operation that consists in producing images from 3D data. While 2D-based
computer vision is one of the fields that gave birth to modern deep learning, 3D has been
lagging behind and only recently came to prominence as a major topic in learning-based
vision. A main factor in this delay is the computational cost of dealing with an extra

dimension, as well as a more costly data gathering process. Nonetheless, 3D methods are
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today one of the most active areas in deep learning, and recent advancements improved

the quality of models by a large margin.

2.2.4.1 Learning-based multi-view reconstruction

A major challenge in integrating 3D reconstruction in a learning environment is making
them compatible with the learning objective. Since deep learning uses gradient-based
optimization, this means making operations differentiable, which is not guaranteed by
3D libraries. Therefore, most approaches chose to adapt deep learning methods to work
with 3D data, like 3D convolutions (Wu et al., 2015; Su et al., 2015a), which were later
adopted for rendering (Tulsiani et al., 2018). Most 3D modeling with deep learning uses
one of four structures among voxels, point clouds, meshes and implicit representations
(Table 2.3). More involved representations are possible, like octrees (Yu et al., 2021a) or
spatial hashes (Miiller et al., 2022), but these tend to be marginal as they are not easily

compatible with deep learning models.

Although there were attempts to use learning-based models to reconstruct 3D data, like
neural renderers (Nguyen-Phuoc et al., 2018; Olszewski et al., 2019), a learning-based
rendering strategy tends to exhibit poor consistency, steering more recent models to-
wards analytical rendering operation (Jimenez Rezende et al., 2016). Voxels (Yan et al.,
2016; Tulsiani et al., 2017, 2018; Sitzmann et al., 2019a), point clouds (Fan et al., 2017;
Lin et al., 2018; Insafutdinov and Dosovitskiy, 2018), and meshes (Kato et al., 2018;
Kanazawa et al., 2018; Riegler and Koltun, 2020) have extensively been used to learn 3D
representations of objects from images, with and without known camera pose. These ap-
proaches have mostly been superseded by neural field-based representations - referred to
here as implicit representations - that encode spatial information in the weights of a neural
network, while keeping analytical rendering to enforce 3D consistency (Park et al., 2019;
Mescheder et al., 2019; Sitzmann et al., 2020; Niemeyer et al., 2020; Yen-Chen et al.,
2021), although these models seem more complex to train. Being completely learning-

based, they are more prone to overfitting and tend to require more computing power.
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method advantages drawbacks
* Natural generalization of
* Cubic complexity scaling in
voxel images

* Easy ML integration

both memory and computation

point cloud

* Lightweight
* Natural format for acquisition

(e.g. lidar)

¢ Poor reconstruction due to data

sparsity

» Extensively used in computer

* Poor ML integration due to

mesh graphics
complex format
* Good complexity/quality ratio
e Currently SotA in
* Expensive to visualize
implicit reconstruction

* Easy ML integration

* Complex training

Table 2.3: Comparison of classical Deep Learning 3D reconstruction models

2.2.4.2 3D generative models

A popular alternative approach to multi-view reconstruction is the use of generative meth-

ods. A major issue in applying multi-view approaches is precisely the requirement for

multiple images of the same scene. Generative approaches are a way to solve this con-

straint, mainly in their adversarial form by replacing the hard reconstruction objective

with a soft adversary fooling objective. This has been applied to neural rendering (Nguyen-

Phuoc et al., 2019), voxels (Wu et al., 2016; Henzler et al., 2019), and to implicit repre-

sentations (Schwarz et al., 2020; Niemeyer and Geiger, 2021; Gu et al., 2021).



Chapter 3

Principles of low-supervision viewpoint

estimation

3.1 Introduction to analysis-by-synthesis models

Before attempting to build a fully unsupervised pose estimation system, it can be useful
to relax the constraints and work in a low-supervision setting. This will help defining and
motivating the main building blocks used throughout this work, as well as identifying the
issues such a system can run into. Therefore, the first focus will be to design a method
to operate in a semi-supervised setting and experiment with multiple training scenarios to

determine the requirements for unsupervised operation.

The principal question that will be addressed in this chapter is that of leveraging unla-
beled samples. The question of semi-supervised learning, that is, using a training set
containing both labeled and unlabeled samples is long-standing in machine learning (We-

ston et al., 2008; Ranzato and Szummer, 2008; Lee et al., 2013; Rasmus et al., 2015;

The main findings of this chapter have been published in the ECCV 2020 workshop on recovering
6DoF object pose (Mariotti and Bilen, 2020).

21
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Tarvainen and Valpola, 2017; Laine and Aila, 2017; Sohn et al., 2020), however, the typ-
ical semi-supervised framework is image classification, meaning these methods might

perform poorly when applied to pose estimation.

Concurrently, methods have been developed to learn interpretable representations using
an analysis-by-synthesis approach (Worrall et al., 2017; Jakab et al., 2018; Rhodin et al.,
2018). The common point between these approaches is their use of a reconstruction
process - the synthesis - in order to recover some latent parameter from the data -the
analysis. To this end, these methods usually force the data through a task-specific rep-
resentation, e.g. keypoints or viewpoints, and attempt to reconstruct the original samples
from it. While they could in theory be used to recover object poses, no method has yet
been able to learn such representations of complex 3D rotations without pose supervision.
Still, if such representations are already available and do not need to be jointly learned
with viewpoint, as is the case for human skeletons and morphable models, recovering

pose becomes possible.

A natural idea is to combine these two frameworks, by using a small labeled set to train
a viewpoint estimator, and integrating this in a larger analysis-by-synthesis pipeline that
learns to reconstruct images in order to obtain a supervision signal from unlabeled sam-
ples. In a fully supervised setup, the reconstruction task provides a helpful auxiliary
objective that can prevent overfitting. If some images lack annotation, reconstruction
can still provide a supervision signal, as an incorrectly estimated viewpoint is likely to
lead to poor reconstruction. By studying the limit cases where labels are very scarce
to completely absent, it should be possible to identify the problems encountered in the

unsupervised regime and work towards a solution.

More precisely, the proposed approach (illustrated in Fig. 3.1) takes in a pair of images
that contain an object captured from different viewpoints, encodes the appearance of the
object in the first image and estimates the viewpoint in the second image, then produces

a reconstruction of the second image by combining the extracted viewpoint with the ap-
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C )

Primary
objective
fv Viewpoint [e------------ | Ground Truth

/

Auxiliary objective

Figure 3.1: Overview of the semi-supervised framework. Our primary objective is to learn
the camera viewpoint from the picture of an object. Given another picture of the same
object, we also reconstruct the first using conditional generation to provide additional

supervision.

pearance embedding.

While the conditional generation from image pairs forces the network to learn factorized
representations for appearance and viewpoint without explicit supervision, there is a high
degree of ambiguity for representing the viewpoint in a deep neural network and no guar-
antee that the learned representation corresponds to anything interpretable. Therefore, the
architecture is built around a rotation equivariant space, designed to produce views from
any viewpoint by simply applying a 3D rotation to the features. Quantitative and quali-
tative results show that the method can effectively leverage the information in unlabeled
images, improves viewpoint estimation with limited supervision over regression baselines
and outperforms the state-of-the-art semi-supervised methods in a standard viewpoint es-

timation benchmark.
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3.2 Related work

Early supervised pose estimation. The early models proposed in object pose estima-
tion use classical computer vision techniques, and rely on matching image features like
gradients or surface normals with predefined templates, either recovered from the object
itself in a controlled setup or by using 3D CAD models to obtain rough estimates (Hin-
terstoisser et al., 2011, 2012). These methods require pose supervision and have limited

applicability due to their lack of generalization.

Recent supervised pose estimation. More recent methods typically split the pose esti-
mation into two sub-tasks, object localization and rotation estimation, and use a CNN for
each. Localization is most often performed using pretrained models - e.g. r-CNN (Gir-
shick, 2015), while rotation is recovered either by 3D bounding cube regression (Rad and
Lepetit, 2017; Tekin et al., 2018; Grabner et al., 2018) or viewpoint classification (Kehl
et al., 2017). As excellent performances have been reported on controlled setups, focus
has shifted towards specifications of the task, such as avoiding errors caused by symme-
tries and lowering the necessary supervision by removing depth maps (Rad and Lepetit,
2017), or targeting real-time performances (Kehl et al., 2017). Direct regression over the
rotation space has also been explored and proved to be on par with other ways of recov-
ering rotations (Mahendran et al., 2017; Liao et al., 2019), while multitask approaches
have also been shown to help by adding keypoint detection for instance (Tulsiani and
Malik, 2015; Zhou et al., 2018). Viewpoint estimation specific architectures that go be-
yond generic CNNs are also getting proposed, in an effort to tailor neural networks to
the characteristics of the task (Joung et al., 2020; Cohen et al., 2018; Esteves et al., 2017,
2019).

Pose estimation from synthetic data. As training labels on real images are expensive
to obtain, many works try to reduce the cost of supervision. The most common approach

is to use synthetic data obtained from 3D CAD models (Sundermeyer et al., 2018; Tan
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et al., 2018; Su et al., 2015b), however, these methods tend to have issues generalizing to
real data. Other works explore using extremely limited sets of poses (Rhodin et al., 2018;

Kanezaki et al., 2018), mainly because of dataset restrictions.

3D reconstruction. Another line of work focuses on producing a 3D reconstruction of
the object from 2D views by geometry-aware deep representations. However, as they are
only interested in the 3D-aware representation, they tend to consider pose information as
an already-acquired supervision. Nonetheless, several recent works show that pose su-
pervision is not strictly required to produce a 3D model, either voxel-based (Yan et al.,
2016; Yang et al., 2018; Tulsiani et al., 2018), point clouds (Insafutdinov and Dosovit-
skiy, 2018), or 3D meshes (Kato et al., 2018). The mesh approach was also extended in
an unsupervised way (Kanazawa et al., 2018). In this case, pose is learned jointly with the
reconstruction and supervision is done by rendering the 3D shape into a silhouette. The
2D image obtained is then compared with the ground-truth segmentation mask. These
works involve heavy networks to deal with full 3D representations and a complex dif-
ferentiable rendering stage. In contrast, we aim for a fully convolutional, more flexible

architecture.

Geometry-aware representations. Another related line of approaches involves pro-
ducing lighter-weight representations that describe the geometry of the object while being
sensitive to pose. Often, these are designed following an equivariance principle, that is,
applying a transformation e.g. a rotation to the object will have the effect of transforming
the representation in a similar way. Precursory works specifically targeting equivariance
rely on autoencoding architecture and constrain the encoding to respect the structure of
the data (Kulkarni et al., 2015). A more involved approach consists in entangling a learned
embedding with a rotation. This has first been proposed on feature maps and 2D rotations
(Jaderberg et al., 2015), then adapted to general representations (Worrall et al., 2017) and
applied on full 3D rotations (Rhodin et al., 2018), albeit with a very restricted set of poses.

Other rotation-specific equivariant representations were also designed by adapting CNNs
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to operate on spherical signals (Cohen et al., 2018; Esteves et al., 2017, 2019). These
spherical CNNs rely on heavy 3D supervision and typically operate on a coarse scale due
to their use of Fourier transform, but their construction guarantees good results on rotation

estimation.

Keypoint-based methods. Keypoints are a natural equivariant representation: they de-
scribe the pose and it is intuitively possible to discover them without supervision. 2D
keypoints have been discovered on humans and faces with (Jakab et al., 2018) or with-
out (Thewlis et al., 2017b) reconstruction. 3D keypoints are used in the case of full 3D
rotations (Suwajanakorn et al., 2018), however, no approach has been shown to reliably
estimate them without strong pose supervision. Mapping the image pixels to a sphere has
also been explored as a continuous generalization of keypoints, but this technique faces

the same issues as its discrete counterpart (Thewlis et al., 2017a, 2018).

Generative-based methods. Recent advances in generative adversarial networks have
allowed frameworks to learn geometry-aware representations, through the generation of
images under different viewpoint (Nguyen-Phuoc et al., 2019; Mustikovela et al., 2020).
These methods are still experimental and are still subject to a certain degree of unsuitabil-

ity, but show a promising and novel angle of attack on viewpoint estimation.

3.3 Method

3.3.1 Supervised viewpoint estimation

Assume that we are given a set of m labeled images with their ground-truth viewpoints
T = {(I;,v;)}" |, where I € I is an RGB image and v= (v!,1?,v*) € ¥ is a 3-dimensional
vector describing the viewpoint as a rotation on R>. There exist several ways to represent
v, most common methods being a triplet of angles describing azimuth, elevation and in-

plane rotations, an axis-angle representation, a unit quaternion or a rotation matrix. To
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simplify the learning procedure, we model v by a normalized three-dimensional vector
interpreted as the camera position in world coordinates as described in Section 2.1.1.
The camera is thus assumed to lie on the surface of a unit sphere, pointing towards the
center. We wish to learn a mapping from an image to its viewpoint f, : I — ¥ such
that f,(1;0,) = v where 0, are the parameters of f,. One can learn such a mapping by

minimizing the following empirical loss over the set 7 w.r.t. 0,:

Y NAT:6,) =] 3.1)

(Iv)eT

3.3.2 Geometry-aware representation

We are also given a set of n unlabelled image pairs U = {(I;,I/) } where each pair contains

s 4
two images of an object instance (e.g. airplane, car, chair) that are captured at two different
viewpoints. We assume that the ground-truth viewpoints of the images are not available
and we wish to improve the performance of our viewpoint predictor f by leveraging the

information in the unlabeled images.

A commonly used tool for unsupervised learning is an autoencoder architecture that en-
codes its input / into a low dimensional encoding f,(I;0,) via an encoder network E and
maps the encoding to the input space, i.e. fy(fe(1;6,.);0,4), via a decoder network f; to re-
construct the input. The encoder and decoder are parameterized by 0, and 6, respectively.
Although autoencoders can successfully be utilized to learn informative representations
that can reconstruct the original image, there is no guarantee for the embeddings to encode

the 3D viewpoints of objects in a disentangled manner.

One solution to relate an embedding of an object in image [ to its viewpoint v involves a
conditional image generation technique. This was first proposed in (Worrall et al., 2017)
for in-plane rotations and extended in (Rhodin et al., 2018) for 3D ones, In particular,
given an image pair / and I’ that contain the same object viewed from two different points
and also given the viewpoint from which the object is seen in the images, this method

couples the viewpoint and the appearance of the object in the encoding. To this end, the
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embedding of image I, f,(I) is transformed by using the rotation R(v') where V' is the
viewpoint in image I’ and R(v') € SO(3) computes the rotation matrix associated to v'.
The rotated embedding is then decoded, i.e. f;(R(V') X f.(I;6,));684), to reconstruct not
the input / but I’ by minimizing the following loss w.r.t. the parameters of the encoder and

decoder:

Y (RO x fo(136)):04) —T'| (3.2)

(L' veu
where the output of the encoder f,(I;0,) is designed to be 3 x k dimensional such that it

can be rotated by the rotation matrix R(V).

This presents a slight variation over the framework in (Rhodin et al., 2018) as the rotation
here is absolute instead of relative. This means that the embedding f,(7;6,) should rep-
resent the object from a canonical viewpoint instead of the one from which it appears in

I.

This formulation enables the method to learn a “geometry aware” representation that can
relate the viewpoint difference in 3D space to its projection in pixel space. However, it
requires the ground-truth viewpoint for each image I’, which limits the applicability of the
method to supervision-rich setups. To address this limitation and extend the learning of
the geometry-aware representations to image pairs with unknown viewpoints, we propose
an analysis by synthesis method. To this end, we predict the viewpoint as ¥ = f,(I;8,) for

I by using the viewpoint estimator f, and substitute it with R(v') in Eq. (3.2):

Y 1fa(RUAI80)) % fe(1:6)):04) —I'||? (3.3)

(I,I"eu
This formulation models the reconstruction loss as a function of viewpoint predictor f
and therefore allows the gradients to flow in the pose regression network without any
viewpoint supervision. Furthermore, working with absolute viewpoints not only allows a
more straightforward optimization as we only need one viewpoint estimation whereas two
would be needed to compute a relative pose. It also makes learning an encoding easier as

it factors out the burden of estimating the pose.
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3.3.3 Semi-supervised viewpoint prediction

Our hypothesis is that successful reconstruction of I’ requires an accurate viewpoint esti-
mation. However, given high-capacity encoder and decoder architectures, accurate view-
points enable high-fidelity reconstructions, the converse is not necessarily true as the
viewpoints in the encoding can be represented in infinitely different ways and there is
no guarantee that the learned viewpoints for the images will match with their ground-
truth view. For instance, the output of the viewpoint estimator can be distributed between
0 and = for each angle instead of the entire range of [0,27) or the angles can be mapped
to a non-linear and uninterpretable space, while the network preserves its reconstruction
performance. Thus, we propose a semi-supervised formulation in which the estimated
viewpoints are regularized as below by optimizing the combined loss terms in Eq. (3.1)

and Eq. (3.3):

min Y |[AT0)—VIP+A Y (IfR(F(I560)) % fo(156.)):04) —T'||* (3.4)

008094 (1 e (LI)eTUU

where A is a trade-off hyperparameter between the supervised and unsupervised loss
terms. In words, the formulation allows gradients for the unsupervised loss to flow in
the viewpoint network f,, and the supervision imposed on the viewpoint space in turn

constrains the learned representation to capture the structure of the object.

The supervision provided by the reconstruction task brings up the question of unsuper-
vised viewpoint estimation using no pose labels. While theoretically possible, we find
that it is likely to fail in complex scenarios, as the supervision signal is too weak to pro-
vide good viewpoint supervision. In particular, symmetries in real-world objects push the
learned pose towards degenerate solutions. This is further demonstrated in Section 3.4.4

and 3.4.6.
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3.4 Experiments

3.4.1 Dataset

We use the popular Shapenet (Chang et al., 2015) dataset that consists of a large bank of
3D CAD models, classified in different object categories. This makes obtaining a large
number of views spreading various viewpoints fairly straightforward, as well as acquiring
several views of the same object, a feature often absent in other 3D datasets like Pas-
cal3D (Xiang et al., 2014). Because we render the 3D models, we automatically know
the ground truth viewpoint as well, making data labeling a triviality. We mainly focus on
three object categories, aeroplanes, cars and chairs, as they offer enough models to build a
diversified image dataset. For each category, we render each model with 10 randomly se-
lected viewpoints, with azimuth ranging the complete 360" rotation and elevation selected
from -20" to 40°. The final datasets contain 40,460; 36,760 and 67,790 images for the
aeroplane, car and chair categories respectively. We split the data in training, validation
and testing sets, accounting for 70, 10 and 20 percent of the whole dataset respectively.
To simulate a semi-supervised setup, we further split the training set by randomly select-
ing a subset of the data to act as the labeled set, the rest acting as unlabeled. We adjust
the ratio of labeled samples in our experiments to show the effect of varying degrees of
supervision. The splits are made on a model basis, that is, the different views from the

same 3D model are either all labeled or all unlabeled.

To evaluate our framework, we use two popular metrics in viewpoint estimation (Tulsiani
and Malik, 2015; Tulsiani et al., 2018; Insafutdinov and Dosovitskiy, 2018), the accuracy
at 30", and the median angular error in degrees. The accuracy is computed as the ratio
of predictions within 30° of the ground truth viewpoint and gives a rough estimate of the
network performances. The aggregator for angular error is chosen to be the median rather
than the mean as it is less biased by outliers which are common in pose estimation due to

symmetries.
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Figure 3.2: Detailed architecture of the network. The viewpoint estimator f, outputs a

normalized 3D vector interpreted as the camera position. This prediction is transformed
into a rotation matrix, which is used to rotate the code produced by the encoder f,. This

rotated embedding is given to the decoder f,; to reconstruct the original image.

3.4.2 Implementation details

We model f,, f; and f,, with convolutional neural networks. We use a simple design,
stacking several convolutional blocks with batch normalization and ReLU activation func-
tion. The encoder network has five blocks each consisting of two convolutions layers,
with the second of each block using a stride of 2 in order to reduce the spatial dimension.
All layers use 3 by 3 convolutions with channel count starting at 32 and doubling each
block. On top of this, we use a fully connected layer to obtain the embedding. In order
to interpret it as a geometric representation, we group the embedding values by triplets,
effectively creating a collection of points in 3D space. This representation can then be
rotated using the viewpoint rotation matrix. The architecture of f; is simply a mirrored
version of that of f,. A schematic version of our framework is presented in Fig. 3.2, and

specific network architectures are reported in Table 3.4 at the end of this section.

For the reconstruction objective, we use perceptual loss (Johnson et al., 2016), as it pro-
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aeroplane car chair
Method Labels (%)  Acc  Err  Acc EBErr  Acc  Err
(%, CH %D CGH %D G

Regression 100 873 69 893 62 889 84
Ours 100 873 61 914 46 897 78
Regression 25 80.7 89 794 9.8 80.8 12.2
Ours 25 849 64 866 58 862 85
Regression 10 75.6 121 723 13.1  71.8 165
Ours 10 832 65 837 64 810 94
Regression 5 704 151 659 17.7 684 19.2
Ours 5 814 74 738 9.0 763 15.1
Regression 1 542 295 451 363 59.1 286
Ours 1 649 171 624 145 579 251

Table 3.1: Viewpoint prediction in terms of accuracy and error rates for varying label su-
pervision. Regression denotes a supervised trained network trained on the corresponding

proportion of labeled data. Acc: accuracy at 30°, Err: median angular error.

vides supervision of higher quality, translating to better learning signals for the viewpoint
estimation. All training is done with the ADAM optimizer (Kingma and Ba, 2014) with
default parameters and a batch size of 64. To prevent potential overfitting caused by the
reconstruction task, we use early stopping, halting the training when no improvements are
observed on the validation set for 30 epochs. We set the hyperparameter A to be equal to
the ratio between labeled and unlabeled samples. This way, when summed over the whole

sets, the contributions of both losses are evened out.
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3.4.3 Viewpoint estimation

We compare the results of our method with a simple regression baseline, as well as Mean
Teacher, a state-of-the-art semi-supervised approach. Though it was proposed for classi-
fication, it is a generic approach that can therefore be extended to viewpoint regression.
Training is done using 10 views per model, with varying degrees of supervision. The
baseline is simply set as a viewpoint estimator without any added secondary objective, in

order to study the effect adding reconstruction to the framework has.

The quantitative results in Table 3.1 show that our method outperforms simple regression
in all cases. Unsurprisingly, performances are directly correlated with the amount of la-
beled data for all methods. It is worth noting that even when using 100% of the labels,
our method still outperforms simple regression, showing that simply adding a reconstruc-
tion task helps refine the network predictions. However, the gap in performance increases
more when lowering supervision, as the regression task is losing training samples while
ours can still leverage them in a self-supervised way, demonstrating the effectiveness of
reconstruction as a proxy for viewpoint estimation. When training with very low super-
vision, performances tend to drop sharply, as symmetries in the object make viewpoint
estimation too difficult, and the reconstruction task becomes less effective. Indeed, pro-
ducing an image from a symmetric viewpoint still provides decent minimization of the
reconstruction loss. A significant failure of our system can be observed when using only
1% of the labels on the chair category, which comprises only 470 labeled images. Further

details are discussed in Section 3.4.4.

We are also able to outperform mean teacher (Tarvainen and Valpola, 2017), demon-
strating how building a problem-specific approach can easily lead to better performances
(Table 3.2). Mean teacher relies on prediction consistency over the unlabeled set, using
averaged models to predict soft targets. This constrains the learning procedure to be stable
during training, making predictions more reliable. However, reliably wrong predictions

will not be detected, in which case the unlabeled set is of no help. This is a common
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labeling aeroplane car chair
Method ratio(%)  Acc Err  Acc  Emr  Acc Err
(%, G (B, GH .1 D

Mean teacher 10 814 103 724 13.8 68.9 19.0

Ours 10 83.2 6.5 83.7 64 81.0 94
Mean teacher 1 289 44.0 8.5 67.7 343 395
Ours 1 649 171 624 145 579 25.1

Table 3.2: Comparison to the Mean Teacher (Tarvainen and Valpola, 2017)
in terms of viewpoint accuracy and error rate. Acc: accuracy at 30°, Err: median angular

CITOr.

pitfall in viewpoint estimation because of the symmetries. In contrast, our method always
provides a supervision signal in case of wrong reconstruction, effectively alleviating the
issue. Similarly to our approach, mean teacher tends to fail when supervision is scarce,

as illustrated by its results with 1% supervision.

3.4.4 Prediction analysis

An interesting phenomenon can occur when the supervision is low: the symmetries of
the object will cause the emergence of degenerate solutions. If we consider a pair of im-
ages from two symmetric viewpoints, not only is it easy to mistake one viewpoint for the
other when trying to learn it, reconstructing the wrong image is also not very penaliz-
ing. Those effects combined can push the network towards a local minimum from which
escaping becomes impossible, as the reconstruction objective is likely to push the view-
point estimation back. Fig. 3.3a shows this behavior with chairs, as 1% supervision sees
the predicted azimuth ping back and forth when it should complete a full rotation. In-
creasing the supervision solves this issue, though we can still spot the occasional mistake

(Fig. 3.3b).
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Figure 3.3: Predicted vs ground truth azimuth for our method on test samples.

Each point is colored with ground truth elevation.

We also compare with predictions of a simple regression model. We can see on Fig. 3.4
that while the global structure of predictions is similar, a simple regression involves more
noise in the labels. In contrast, the predictions from our method are much finer, as the
additional reconstruction provided gradients to correct small mistakes and give confidence

to the viewpoint estimator.

3.4.5 Multiview supervision

We conducted experiments with varying numbers of views per model to assess the im-
portance of multi-view supervision. We compared the performances of a network trained
on 2, 5, or 10 views per model. For a fair comparison, we made sure that the training set
size was constant throughout the different experiments: we truncated the 5 and 10 views
sets in order to match the size of the 2 views for each model. This means that models
trained on those sets will see more of each model, but fewer models in total. Similarly,
the viewpoint labels will be concentrated on fewer models. Training was conducted with

10% of the labels in all cases.
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Figure 3.4: Predicted vs ground truth azimuth for simple regression on test samples.

Each point is colored with ground truth elevation.

The results in Table 3.3 show that multi-view supervision seems to be profitable for the
network, as increasing the number of views leads to increased performances. One way to
interpret this result is that more views allow the encoder to build a representation more
representative of the global structure of the object, therefore making the reconstruction
supervision more effective. Indeed, it will be easier for the network to learn global in-
formation about the object when presented with more views as the probability that the
views cover the whole object increases while finding correspondences has to be performed

across different models when the view count is low.

However, because the number of labeled models also decreases, there is a risk that not
enough will be available to learn a correct viewpoint estimator, harming performances
as seen with the chairs and cars. The viewpoint estimator falls in this case in a local
minimum, as depicted in Section 3.4.4. We theorize then that multiple views benefit the

framework, as long as it does not come to the detriment of variety in pose labels.
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' aeroplane car chair
Views  Acc Err Acc  Err Acc  Err
(%, CH %D G %D D

2 569 251 40.7 39.1 30.1 447
5 591 234 480 326 49.0 305
10 344 452 544 261 267 492

Table 3.3: Viewpoint prediction performance for varying number of views,

performed at 10% of the labels. Acc: accuracy at 30°, Err: median angular error.

()9

Figure 3.5: Example views from the toy dataset

3.4.6 Unsupervised viewpoint estimation

In these experiments, we assess the feasibility of training our framework in an unsuper-
vised way, that is, without any pose labels, relying only on reconstruction. To this end,
we designed a very simple dataset consisting of views from a single octahedron, with
different colors on each face in order to break symmetries (Fig. 3.5). The results of the
viewpoint prediction shown on Fig. 3.6a confirm that we can indeed learn the correct
structure of the pose in easy cases. Having no reference point, this is learned up to a
random rotation, which we recovered using the validation set by minimizing the distance

between ground truth and prediction.

However, we found that our model was unable to learn the correct pose when confronted
with more complex data, e.g. cars (Fig. 3.6b). We observe that the learned pose wraps
twice around the pose space while the ground truth completes only one rotation. This is

easily explainable as cars exhibit a strong symmetry when flipped 180" around the vertical
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Figure 3.6: Predicted vs ground truth azimuth without pose labels. Each point is colored

with ground truth elevation.

axis. Therefore, the viewpoint predictor identified these two poses to the same point. We
also note that the above horizontal views are treated differently from the below ones. This
is explained by the perceived way the object is rotating depending on whether the observer

is located above or below the object.

Full predictions can be visualized Fig. 3.7. We see that the predictions for the octahe-
dron are close to the ground truth, although they are squeezed - minimum and maximum

elevation are about -1 and 1 radians respectively, although ground truth spans the whole

(—m/2,m/2) range.

Predictions for chairs however lack global structure. While close views are likely to be
mapped together, illustrated by large clusters of predictions with similar color, there are

abrupt changes, most notably around the 0° mark.
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Figure 3.7: Visualization of predictions. Left: octahedron, Right: chairs

3.4.7 Novel view synthesis

We also demonstrate that our model is able to generate arbitrary views of an unseen object
from a single image. To do so, we feed an image to the encoder to obtain an embedding
defining the identity of the object we want to generate views from. Then, we rotate it at
the desired viewpoint and decode it. Example results for all three categories are shown
on Fig. 3.8, with viewpoints picked every 30 degrees in azimuth from the origin. We
can observe that prominent features defining the identity of the object - e.g. global shape,
texture - are preserved, and the viewpoints are correctly spaced. Of course, as with any
other method doing view synthesis, errors occur as the model has to fill in the parts of the
object that are self-occluded. This results in the loss of finer details, like spindles between
chair legs. However, the correctness of the viewpoints means those pictures could be used

to further refine predictions.



40 Chapter 3. Principles of low-supervision viewpoint estimation

B —— S Xt G e A s D e My S S
. — M A ¢ P e 4 e 9 S X

Figure 3.8: Novel view generation. Leftmost image provides object embedding
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Layer # channels Kernel Stride
ConvTranspose2D 512 4x4 1
Layer # channels Kernel Stride BatchNorm
ReLU
Conv2D 32 3x3 1
BatchNorm ConvTranspose2D 512 3x3 2
ReLU BatchNorm
ReLU
Conv2D 32 3x3 2
BatchNorm ConvTranspose2D 256 3x3 1
ReLU BatchNorm
ReLU
Conv2D 64 3x3 1
BatchNorm ConvTranspose2D 256 3x3 2
ReLU BatchNorm
RelLLU
Conv2D 64 3x3 2
BatchNorm ConvTranspose2D 128 3x3 1
RelLU BatchNorm
RelLU
Conv2D 128 3x3 1
BatchNorm ConvTranspose2D 128 3x3 2
ReLU BatchNorm
RelLU
Conv2D 128 3x3 2
BatchNorm ConvTranspose2D 64 3x3 1
ReLLU BatchNorm
RelLLU
Conv2D 256 3x3 1
BatchNorm ConvTranspose2D 64 3x3 2
RelLU BatchNorm
ReLU
Conv2D 256 3x3 2
BatchNorm ConvTranspose2D 32 3x3 1
ReLU BatchNorm
ReLU
Conv2D 512 3x3 1
BatchNorm ConvTranspose2D 32 3x3 2
ReLU BatchNorm
ReLU
Conv2D 512 3x3 2
BatchNorm ConvTranspose2D 32 3x3 1
ReLU BatchNorm
RelLU
Conv2D variable 4x4 1
BatchNorm ConvTranspose2D 3 3x3 1
ReLU Sigmoid
(2) Encoder architecture. (b) Generator architecture.

Table 3.4: Network architectures. Both f¥ and f° use the encoder architecture illustrated
in Table 3.4a with output sizes 3 and 3%128=384 respectively, while ¢ uses the generator

architecture in Table 3.4b
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3.5 Conclusion

The results obtained by this semi-supervised approach validate several important points:

Analysis by synthesis approaches are able to use unlabeled samples to help predict view-
points. Compared with a strictly supervised baseline, the simple addition of extra im-
ages without annotations is sufficient to boost performances. This demonstrates that a
reconstruction task provides a good target to guide viewpoint learning, provided that the

viewpoint information is used in an interpretable way.

Designing a pose-specific approach, by making use of an interpretable prediction space

is useful, allowing to surpass competitive generic semi-supervised approaches.

Completely unsupervised pose estimation seems possible, although experiments only
show a functional system in an ideal unambiguous case. On more realistic data, the pre-
dicted poses lose meaning as the reconstruction network makes use of object symmetries
to simplify its task. Nonetheless, this proves reconstruction alone can be sufficient as a

supervision signal.

However its limitations are still too large to be applied to real scenarios, and even in toy
cases, the exact pose learned only loosely follows the ground-truth labels. In particular, a
relevant property that is not guaranteed in the proposed system is strict geometric consis-
tency in the decoder, e.g. applying a 30" rotation along a specific axis to the representation

exactly rotates the object by 30" along the same axis in the output image.

In the current architecture, the convolution layers that make up the decoder are not con-
strained enough to respect this and can learn arbitrary mappings from the embeddings to
image space as long as the reconstruction objective is minimized, leading to the uninter-
pretable pose shown in Fig. 3.7. Closely related to this is the need to break symmetries,
as the current approach can exploit them to minimize the reconstruction loss (Fig. 3.6b).
These issues will be the main focus of the next chapters, in an attempt to design fully

unsupervised pose estimation architectures.



Chapter 4

ViewNet: geometry guided

unsupervised viewpoint estimation

4.1 Introduction

Although the method described in the previous chapter managed to learn an equivari-
ant viewpoint space in a completely unsupervised manner on toy data, its failure on real
objects makes it inadequate for real scenarios. In particular, the difficulty of modeling
complex objects with possibly ambiguous views calls for careful design to avoid unin-
terpretable solutions. Two aspects of the problem can explain failure when no labels are
available: object symmetries and the extra flexibility given by the convolution-based de-

coder.

Many of the objects we use in everyday life exhibit symmetric viewpoints. These can
loosely be defined as a group of at least two viewpoints under which the object appear

relatively similar. Some cases are obvious, for instance, glassware without marking has

The main findings of this chapter have been published in ICCV 2021 (Mariotti et al., 2021).
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target reconstruction difference

sy &

Figure 4.1: Illustration of the local minima caused by symmetries. In the first row, the

predicted viewpoint is completely wrong, but the reconstruction error is relatively low
as the two views align almost perfectly. In the second row, the prediction is closer to
the ground truth, but the reconstruction error is much higher. This wrongly encourages
models to represent the two views from the first row close together, while the second view

of the second row will tend to be predicted away from the previous two

a perfect rotational symmetry and therefore appears exactly the same no matter which
azimuth it is viewed from, while others can be more pervasive, as showcased in Fig. 4.1.
Not only do these symmetries obviously hold the potential of causing mistakes in a pose
estimation system, they are particularly problematic in a reconstruction-based approach.
Indeed, mistaking a viewpoint for one of its symmetric views will only cause small re-
construction errors, making it a good strategy to optimize the objective. Additionally,
even if the system manages to distinguish between symmetric viewpoints, they are likely

to be mapped to the same neighborhood in pose space due to their similarities, as shown
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Figure 4.2: Reconstructions obtained by training the semi-supervised system described
in Chapter 3 without labels, and querying the model with progressive azimuth. Each
view is separated by 10°. While some transformations seem to roughly follow the object
geometry, e.g. the third row, some non-geometrical transforms can happen in the span of

a few degrees of rotation, like between the fifth and sixth frame of the fourth row

in Fig. 3.7. To prevent this later point, a good approach is to enforce strong geometric

consistency during the decoding process.

When relying on a convolutional decoder to produce reconstructions, there is a possi-
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bility that the pose mapping will converge to an uninterpretable solution, as illustrated
in Fig. 4.2. This creates inescapable local minima that prevent convergence to a correct
viewpoint embedding. The solution proposed in this chapter consists in removing the pos-
sibility for the model to learn such mapping by enforcing as much as possible a geometric
consistency using a complete 3D reconstruction of the object. More precisely, instead of
trying to learn an embedding of our object hoping it will be equivariant, equivariance is
directly enforced by interpreting the representation as a voxel reconstruction of the object
and rendering it according to the predicted viewpoint using completely analytical means.
This approach is motivated by recent progress in 3D shape recovery with (Tulsiani et al.,
2017; Yan et al., 2016) and without (Tulsiani et al., 2018; Insafutdinov and Dosovitskiy,

2018) supervision.

Therefore, the work presented in this chapter extends the previous approach and allows
fully unsupervised viewpoint estimation on real objects, using image pairs as inputs as
seen in Fig. 4.3 (Section 4.3). Evaluating on real data yield some surprising results, as un-
supervised and even completely untrained methods can beat fully supervised approaches
in some scenarios (Section 4.4). The reasons behind this phenomenon are twofold: a
strong bias in the viewpoint labels of these categories, caused both by the careless data
collection and noisy human labeling, and a label alignment procedure that allows for over-
fitting to this bias. Consequently, a bias-aware metric is proposed in order to mitigate the

effects of unbalanced data (Section 4.4.4).
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Figure 4.3: ViewNet learns to extract the camera viewpoint via self-supervised training
on a collection of image pairs. During inference, it can estimate viewpoint from a single

image.

4.2 Related work

Supervised pose estimation. Effective pose estimation from images has many real-
world applications, e.g. in robotics or autonomous vehicles, and thus has been exten-
sively studied. While early works performed pose estimation by matching low-level im-
age descriptors (Hinterstoisser et al., 2011, 2012; Brachmann et al., 2014), more recent
approaches employ deep networks for predicting 3D bounding boxes (Rad and Lepetit,
2017; Tekin et al., 2018; Grabner et al., 2018), or classifying viewpoints directly (Tulsiani
and Malik, 2015; Kehl et al., 2017). Keypoint prediction is a closely related task, and mul-
titask setups where both are jointly learned have been shown to be successful (Tulsiani
and Malik, 2015; Zhou et al., 2018). Alternatively, one can be used to learn the other, as
one can recover pose by aligning keypoints (Pavlakos et al., 2017), or discover them by

enforcing a pose-aware sparse representation of objects (Suwajanakorn et al., 2018)
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Recent work has proposed modeling the topology of the viewpoint space by quantifying
the uncertainty with a von Misses distribution (Prokudin et al., 2018), learning 2D image
embeddings that are equivariant to 3D pose (Esteves et al., 2019), employing a spherical
exponential mapping at the regression output (Liao et al., 2019), or introducing cylindri-
cal convolutions (Joung et al., 2020). However, all of these approaches are supervised
and require pose annotations from datasets such as PASCAL3D+ (Xiang et al., 2014) or
LINEMOD (Hinterstoisser et al., 2012). The first of which was manually annotated, and
the second was created in a controlled lab setup where poses were collected with each
image. Alternatively, coarse viewpoint estimation can be obtained without manual an-
notations using structure from motion algorithms on videos (Sedaghat and Brox, 2015;
Novotny et al., 2017). Ground truth pose annotations are challenging to acquire, and re-
cent benchmarks still require human intervention in order to set the coordinate system for

each instance and to correct automatic pose errors (Ahmadyan et al., 2021).

3D-aware representations. A parallel line of work learns representations that are aware
of the underlying 3D structure of objects from images. Earlier works employ auto-
encoders to disentangle pose and object appearance, with (Worrall et al., 2017) or without
(Kulkarni et al., 2015) pose supervision. More recent works extend this disentangled
pose learning from in-plane rotations to full 3D poses by crafting models that reason with
spherical representations (Cohen et al., 2018; Esteves et al., 2017), apply 3D rotations
on embeddings to reconstruct images from a different viewpoint (Rhodin et al., 2018),
use denoising auto-encoders to better extract viewpoint information (Sundermeyer et al.,
2018), or by generalizing variational auto-encoders to spherical functions (Falorsi et al.,
2018). First proposed for 2D feature maps, spatial transformers (Jaderberg et al., 2015)
provide a way to apply in-plane transformations to any representation using spatial re-
sampling and were later extended to 3D convolutions (Yan et al., 2016). These sampling
operations can be used to represent complete 3d scenes from multiple views (Sitzmann
et al., 2019a). In a related analysis by synthesis approach, (Chen et al., 2020) also learn

pose representations via an appearance-based reconstruction loss. At inference time, they
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iteratively optimize for the viewpoint that minimizes the appearance loss between the syn-
thesized view and the input image. However, apart from a few unrealistically simplified
experiments, all of these methods require 3D annotations in order to learn meaningful
embeddings. Unlike in-plane rotations, which are simple enough to learn in an unsuper-
vised way, 3D rotations can cause drastic appearance changes that are often too complex

for networks to learn without pose annotations (Mariotti and Bilen, 2020).

Viewpoint-conditioned generation. An increasingly popular way of learning inter-
pretable representations is by using a generation process conditioned on the relevant infor-
mation. The two main ways of building such representation rely either on encode-decoder
approaches, using image pairs where semantics are shared (Whitney et al., 2016; Jakab
et al., 2018; Mariotti and Bilen, 2020), or on adversarial models to generate new samples
in a controllable way (Chen et al., 2016; Nguyen-Phuoc et al., 2019). Both techniques
have been shown to estimate viewpoints without labels (Tulsiani et al., 2018; Insafut-
dinov and Dosovitskiy, 2018; Mustikovela et al., 2020). Encode-decoder approaches
are closely related to the field of unsupervised 3D reconstruction (Henzler et al., 2019;
Niemeyer et al., 2020; Oechsle et al., 2019; Olszewski et al., 2019). In contrast to (Tul-
siani et al., 2018; Insafutdinov and Dosovitskiy, 2018) that do both 3D reconstruction
and pose estimation, we propose a simpler fully self-supervised approach that is able to
leverage appearance matching as supervision, allowing for novel view synthesis that can

be used to further refine predictions.

SSV (Mustikovela et al., 2020) uses an adversarial model to generate objects with random
rotations while learning to regress viewpoint at the same time. In contrast, our proposed
method ensures geometric consistency during the image generation process, allowing for
more robust viewpoint estimation. Furthermore, GAN training can be unstable (Metz
et al., 2016; Arjovsky and Bottou, 2017), an issue often reflected in the auxiliary objec-
tives required to guide training. In contrast, our method operates via image reconstruction

alone, and can easily generate images from novel viewpoints. Several non-adversarial
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generative approaches have also been proposed (Mariotti and Bilen, 2020; Chen et al.,
2020) that reconstruct specific object instances in order to leverage pixel-level supervi-
sion. However, unlike our approach, these methods require at least a partially labeled

training set.

4.3 Method

Given a collection of unlabeled images 7, at training time we aim to learn a function
fv : I — ¥V that can map from image space I to pose space V. At test time, we can
then apply this function to a single image /, containing an object of interest, in order to
estimate its 3D viewpoint v relative to the camera. 3D viewpoints can be represented in
different ways, including the Euler angles (azimuth, elevation and tilt), or with a rotation

matrix R € SO3, and we use both representations interchangeably.

As ground-truth viewpoints of the objects in 7 are challenging to acquire, we formulate
our problem as a self-supervised task that uses principles from conditional generation and
synthesis by analysis. To this end, we propose to factorize the viewpoint and appearance
of objects via two functions f, and f,. Given an image I, f, outputs an appearance
feature a for the object contained in it.The decoder f,;, can reconstruct the image / given
the pose of the object v and its appearance a. f,, f,, and f; are instantiated as neural
networks parameterized by 8", 6 and 8¢ respectively. Clearly, such a factorization is not
guaranteed without some constraints on f, and f,. To overcome this ambiguity, we use
image pairs of rigid objects at training time that differ by their viewpoint. Such pairs can
be extracted from video sequences, generated by perturbing still images or rendered from
3D CAD models. Hence we assume that the set of unlabeled images 7 can be described
as N image pairs 7 = {(I;,I/)}Y_, where each pair contains images of the same object
instance from two different viewpoints (v;, vg), where the actual viewpoint information,
relative or absolute, is not available. Given an image pair (/;,1/), we propose to extract

pose features v from J; and appearance features a’ from I;, and use them to reconstruct /.
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Figure 4.4: Overview of ViewNet. f, is the viewpoint prediction network. At training
time, f, encodes the object appearance embedding from image I’ which is decoded by fy
into a 3D representation and transformed by the estimated viewpoint into an image in the
same pose as I using the projection module. This reconstruction, which can be segmented,
is then compared to / to guide training. Yellow blocks indicate learned parameters, while

green ones are fixed or analytical modules.

An overview of our model is shown in Fig. 4.4. Our learning task consists of solving the

following objective:

min Y [|fa(fu("), £(D) ~1]]. (4.1)

6v.64 6 ([,]/)E‘T

4.3.1 Pose estimation network f,

Similarly to Chapter 3, we design the pose estimation network to output a point on the
3D unit sphere (i.e. f,(I) = v € S?) by setting the output dimension to 3 and subsequently
normalizing the output, and uniquely map each point on the sphere to a viewpoint. To
this end, we apply an orthogonalization operation to f,’s output with the following steps.
First, we define an arbitrary vector u € S? that represents the upwards direction, then
we apply two successive cross products, w = v x u and u’ = w x v, and normalize the
results to obtain orthogonal vectors. Finally we define the rotation matrix R as [v,w,u’].
This matrix is then used to rotate the object representation during the generative stage,
described later. This approach uses an arbitrarily chosen upwards direction, meaning we

assume images do not contain in-plane rotations. However, in the more general case, u
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can be learned jointly with v, effectively describing the full range of 3D rotations, which
in the general case is an efficient parameterization of poses for optimization purposes

(Chen et al., 2022).

The main pitfall of unsupervised viewpoint estimation is the collapse of predictions caused
by symmetries. Current approaches work well on simple objects e.g. a cube with each face
colored differently. However, real-world objects tend to have at least one, if not multi-
ple, symmetric viewpoint pairs. We say that two viewpoints v,v' form a symmetric pair,
v ~V/, if the image produced by observing the object from v is close to that produced
from /. For instance, in most cars, (a,e,t) ~ (a+ m,e,t) forms a symmetric pair for
any azimuth a, elevation e, and camera tilt 7. As a result of this, unsupervised methods
based on reconstruction often equate those two viewpoints, leading to a collapse of the
predictions. Different workarounds have been proposed to mitigate this, such as using
adversarial losses to enforce a prior on the pose distribution (Tulsiani et al., 2018), using
multiple prediction heads (Tulsiani et al., 2018; Insafutdinov and Dosovitskiy, 2018), or
enforcing some symmetric consistency in the predictions using a flipped version of the
image (Mustikovela et al., 2020). The main drawback of this last approach is that it is
only valid for a left-right planar symmetry, and would likely fail in the aforementioned
car example. To overcome this problem, we use multiple prediction heads for our pose
estimator, resulting in multiple hypotheses for v. Each head can learn to specialize in a
subset of the viewpoints, and in the case of a symmetric pair v ~ v/, both can simultane-

ously be predicted by two different heads.

In practice, each head of the predictor f, outputs a viewpoint prediction, and the one
associated with the lowest reconstruction error is chosen as the prediction at training time:
V= [0y stom® =argminl|fy(fo(I'), £1(1),,) = 1] (4.2)

meM
where f,(I),, denotes the prediction of the m-th head of the viewpoint predictor and M is
the number of heads. Gradients will only be propagated through m*, ensuring that sym-

metric pairs get separated. It might seem desirable to encourage diversity in the predic-
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tions to prevent all heads from collapsing to the same output, however, we experimentally

show that simply having multiple heads is sufficient.

At test time, ViewNet only requires the pose prediction network f,, and does not need
fa or fz in order to make a prediction. To achieve this, we jointly train a selection head,
which is tasked with picking the best prediction for each input image given the range of
options. This extra head is tasked to minimize the cross-entropy between the selection
prediction and a one-hot distribution representing m*, computed via Eq. (4.2). Formally,
/v outputs M viewpoint predictions and M logits that are trained to predict m*. Although
m* is not guaranteed to be the prediction closest to ground-truth pose, we observe it is
enough to differentiate between symmetric viewpoint pairs. Compared with Insafutdinov
and Dosovitskiy (2018), this allows us to efficiently maintain multiple hypotheses at test
time, which translates to more robust predictions, and we do not require complex solutions

such as reinforcement learning as in Tulsiani et al. (2018).

4.3.2 Appearance encoding network f,

The appearance f,(I') = a’ € R" of the object represented in the input image is also
learned with a convolutional network. In a standard encoder-decoder architecture, a’
would be used as an input to f; to produce a reconstruction. However, this offers no
guarantee that the viewpoint v/ and appearance a’ embeddings are correctly factorized.
In particular, information about v’ could be encoded in a’. This means that a change
in v/ could induce changes in the appearance of the reconstruction. In extreme cases,
the network could even ignore v and reconstruct / by memorizing the (I,I’) pairs. To
mitigate this, we use an object-conditional generation process which makes use of adap-
tive instance normalization (AdalN) (Huang and Belongie, 2017). Initially developed
for style transfer, this approach is popular in GANs (Brock et al., 2019; Nguyen-Phuoc
et al., 2019; Mustikovela et al., 2020) due to its ability to adapt the generation process at

different scales.
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Formally, AdaIN works similarly to regular instance normalization that performs channel-
wise normalization of its input x, but uses affine scaling parameters y and B that are fed
by an external process - in our case, the prediction of f, - in order to alter the meaning of
a feature map while preserving its information.

AdaIN(x,a) = 7a (X;<—’;()X)) 4 Ba 4.3)

where u(x) and 6(x) are computed only over spatial dimensions.

Our generation pipeline works by refining a random static code z € R through the de-
coder network to the final rendering stage. z is randomly picked from a normal distri-
bution at the beginning of the training process and remains constant. Its purpose is to
encode the average object in a canonical pose. The appearance of the object is gradu-
ally encoded by AdalN layers (see Fig. 4.4), which apply an affine transformation to the
features parameterized by a. As they are applied uniformly over each feature channel,
it is impossible for them to alter local information of the features. Additionally, a stan-
dard encoder-decoder architecture would only use a as input of the decoder, meaning fine
details of the object can be lost during the complex decoding process. By comparison,
applying transformations across different layers means they can influence all levels of the

reconstruction, resulting in more faithful reconstructions.

Additionally, one could think of guiding the optimization process by adding a consistency
loss enforcing f,(I) and f,(I") to be close, since both contain the same object. However,
we found that the reconstruction objective is sufficient to properly learn f, and therefore

did not include such an objective for the sake of simplicity.

4.3.3 Decoder network f;

In order to ensure an accurate viewpoint prediction, we aim to strictly enforce geometric
consistency during the generation process. To this end, f; is modeled using 3D convo-

lutional layers, and uses a 3D spatial transformer with perspective for image rendering,
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similar to those used in Yan et al. (2016), and is combined with a pseudo-ray tracing op-
eration inspired by (Tulsiani et al., 2017). Placing the rotation at the final stage of the
network, as close as possible to the reconstruction loss, ensures that gradients are effi-
ciently propagated to f,,. The absence of parametric transformations between f, and the
target image guarantees that viewpoint errors cannot be compensated for by convolutional

layers, as can happen in GAN-based models.

Our rendering module consists of three main steps and is related to those used in Yan
et al. (2016); Tulsiani et al. (2017, 2018); Insafutdinov and Dosovitskiy (2018), however,
our pipeline also makes use of texture information. Specifically, the steps involve: (i)
Rotation. Given a 3D volume V, a spatial transformer can be used to rotate it using a
rotation matrix R. The new volume is obtained by resampling the data along the rotated
axis. (ii) Perspective. Similarly, perspective can be simulated with a spatial transformer.
The single point perspective of a pinhole camera will have the effect of decreasing the
apparent size of objects proportional to distance. We can therefore resample the volume
by dilating close points and contracting distant ones. (iii) Projection-based ray-tracing.
Finally, the volume is projected to a two-dimensional image plane. As parts of the objects
will be subject to self-occlusion, we use a pseudo ray marching operation to compute

which voxels will appear in the output image, ensuring geometric consistency.

For each entry in the 3D volume V/, the first three channels C represent the RGB channels
of an image, while the fourth one Q is an occupancy map, containing information about
the shape of the object. The value of each cell is interpreted as the probability of the
object occupying the corresponding spatial location. To compute the projection, we have
to estimate where each light ray is likely to stop. Since we already accounted for the
perspective, all our rays are parallel, leaving only the depth of each stopping point to be
computed. Compared with Tulsiani et al. (2017), we do not have to compute a path for
each light ray i.e. it is embedded in the shape of the tensor. This means we can compute
all lights paths simultaneously using efficient parallel operations, in a manner similar to

the orthographic projection used in Gadelha et al. (2017). The probability of the light ray,
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at pixel coordinates i, j, stopping at depth k is given by
k—1
Qi ix=0ijxx [T — Qi) (4.4)
=0

with the convention that an empty product is equal to 1. The first term represents the
probability of the voxel at coordinates (i, j,k) being occupied, and the second one is the
probability of all the previous ones being not visible. Hence, the final pixel value at

coordinate i, j is
~ n k—1
Lj= Y |Cijax Qijax [T = Qijn)| - (4.5)
k=1 =0

This is similar to the formulation in Tulsiani et al. (2017, 2018), although in our case, the
ray-tracing is parallelized and used to sample RGB values, rather than computing depth

or ray termination.

A failure case of our approach consists of ViewNet using the volume V as a canvas and
“painting” the object in different poses on the sides, illustrated by the failed results in
Fig. 4.6b. More generally, this results in errors in the predicted shape of the object, since
we do not know which pixels belong to it. To address this, instead of trying to directly
estimate occupancy Q, we learn Q' such that Q = S+ Q' where S is a three-dimensional
Gaussian distribution centered on V. Q' can be interpreted as a residual that deforms a
shape prior S so that it matches the shape of the observed object. S encodes a prior for the
shape and position of the object, following the assumption that the object is at the center
of the volume, while discouraging the network from using voxels that are far away from

said center.

4.3.4 Cycle consistency supervision

Using appearance supervision, as opposed to only object silhouettes as in Yan et al.
(2016); Tulsiani et al. (2018); Insafutdinov and Dosovitskiy (2018), enables ViewNet to
also represent appearance information. This has two key advantages. First, our method

can generate images of objects from novel views. Second, we can use these novel views to
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regularize our model during training by enforcing consistency between a generated image

and its known viewpoint.

Given a randomly sampled viewpoint ¥ ~ (), we can render a novel image [=
fa(¥,a’) using appearance information in a’ extracted from image I’. By feeding this
to f,, we can compute the distance between the sampled viewpoint v and its estimated
viewpoint f,(I), i.e. Leyete = || fo (I) — ¥|| and backpropagate this error to the viewpoint
estimator. Assuming the reconstructions are of sufficient quality, this allows us to gener-
alize beyond the potentially limited set of poses that are present in the training set, and
these newly generated samples help regularize the viewpoint estimation network. This is

the main technique used to estimate viewpoints in Mustikovela et al. (2020), although it

is used here in a reconstruction-based rather than generative setting.

4.4 Experiments

Here we present 3D pose estimation results on both synthetic and real image datasets.

4.4.1 Implementation details

ViewNet consists of three sub-networks: £, f¢, and f¢. Both f” and f¢ contain seven
convolutional layers interleaved with batch normalization and ReL.U activation functions
respectively. fV takes a 64 x 64 RGB image [ as input and outputs M = 3 viewpoint
hypotheses. f“ encodes a second RGB image I’, depicting the same object instance cap-
tured from another viewpoint, and outputs a 256 dimensional appearance vector. The
input to f“ is a 1024 dimensional fixed canonical code vector. The canonical code is
passed through seven 3D transposed convolutions, each followed by a ReLLU, and the fea-
ture maps are further conditioned on the output of f“ via adaptive instance normalization
(AdalN) layers. Detailed network architectures are presented in Table 4.6 at the end of

this section.
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The resulting 3D feature map is projected to an image based on the predicted pose and
used to compute the reconstruction error w.r.t. I. We use a perceptual loss (Johnson
et al., 2016), as it provides more informative gradients compared with standard pixel-

level reconstruction losses.

In all experiments, we set the minibatch size to 64 and use the Adam optimizer (Kingma
and Ba, 2014) and select the model with the best performances on a held out validation set,
stopping the training if no improvement is observed for 30 epochs. For each experiment,
we train a separate model per category, replicating the framework of the approaches we
compare with. In theory, it could be possible to use a single model and use a different /-
for each category, however, this would make the optimization much harder. Furthermore,
it violates the assumption that a natural reference frame exists for all object instances, as

it is not obvious to align a car with a table based on their respective semantics.

As our method is unsupervised, all viewpoints are predicted up to a random rotation. In
order to evaluate our model, we must align its predictions with the ground truth. The stan-
dard alignment technique, performed by Tulsiani et al. (2018); Insafutdinov and Dosovit-
skiy (2018), involves computing the rotation that best aligns the predicted viewpoints
with the ground truth. This is obtained from a small batch of validation images, using
the orthogonal Procrustes algorithm. An alternative alignment procedure, used in SSV
(Mustikovela et al., 2020), learns the parameters of a more flexible affine transformation
that best maps the predicted viewpoints to the ground truth. This can shrink and/or expand
the predicted viewpoint estimation compared to applying a single 3D rotation to translate
them. We discuss potential issues with this approach in Section 4.4.3. We report perfor-
mances in standard viewpoint estimation measures: accuracy at 30” and median angular

€ITor.
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Accuracy (%, 1) Median error (°, |)

airplane  car chair |airplane  car chair

MVC 69 87 81 14.3 5.2 7.8
Pointclouds 75 86 86 8.2 5.0 8.1
ViewNet 82 89 89 8.6 6.7 7.3

ViewNet + cycle 86 91 92 7.7 6.7 7.0

Table 4.1: ShapeNet results for unsupervised methods. Bold entries are the best-

performing models for each category. Acc: accuracy at 30", Err: median angular error.

4.4.2 ShapeNet results

Following Tulsiani et al. (2018); Insafutdinov and Dosovitskiy (2018), we evaluate ViewNet
on the ShapeNet dataset (Chang et al., 2015), which contain 7.5k, 6.8k, and 4k 3D CAD
models for cars, chairs, and planes respectively. Training, validation, and testing sets are
created by splitting CAD models into (0.7, 0.1, 0.2) fractions respectively. To render im-
age pairs, we randomly select viewpoints and light sources uniformly over the [0?,360)
azimuth range and [—20°,40°] elevation range. We report results for the standard setting

where each CAD model is rendered from five random viewpoints at train and test time.

The results in Table 4.1 show that ViewNet outperforms existing unsupervised approaches,
except for median error on cars. ViewNet learns to reconstruct textures in addition to
shape, and this supervision is more informative compared to only binary masks, as we
can leverage texture cues to efficiently disentangle symmetric viewpoints. For example,
red tail lights on a car can indicate the rear. This penalizes a model that would reconstruct

white headlights in their place. We investigate this further in our ablation study.

We observe that viewpoint cycle consistency provides a further boost in accuracy (‘ViewNet
+ cycle’). Here, novel views are rendered at the same time as the regular reconstruction
objective and then fed back to the viewpoint estimator. This indicates that our model can

generate both novel and accurate images for a given viewpoint and learns to refine its
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Figure 4.5: (a) - (¢c) Comparison of ground truth versus predicted azimuth on three
ShapeNet categories. A perfect predictor would appear as a single diagonal line. (d)
Candidate reconstructions for each of the three heads. The left image is the input of the

pose estimator, and the three following images are the renderings for each head, ranked

by increasing mean-squared reconstruction error.

output in a self-learning manner.

We analyze the viewpoint predictions of ViewNet in Fig. 4.5, and plot the predicted az-
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imuth against the ground truth. The strong diagonal indicates accurate predictions, while
off-diagonal points are errors. The results reveal that the majority of the errors are caused
by symmetries. For example, the car category shows a second line of predictions shifted
by 180°. This corresponds to the (a,e,t) ~ (a+ m,e,t) symmetry mentioned in Sec-
tion 4.3.1. Other categories showcase different symmetry-induced issues, with planes and
chairs having a retrograde symmetry (a,e,t) ~ (T —a,e,t). Samples for each proposed
viewpoint are shown in Fig. 4.5 (d). One can see that the global input shape is matched
relatively well across the different predicted views. Interestingly, reconstruction error is
not necessarily directly correlated with viewpoint error, as the second proposed viewpoint
for the car has a lower reconstruction error than the third, despite being rendered from a

completely different viewpoint.

4.4.2.1 Ablation study.

Quantitative In Table 4.2, we study the effect of each proposed component in our
pipeline. First, we reduce the number of heads in the viewpoint estimators to one and ob-
serve a large overall drop in the viewpoint accuracy. For the car category, the single-head
estimator cannot deal with the front/back symmetries, resulting in a large performance
loss. Second, we modify ViewNet to reconstruct a binary segmentation mask similar
to Tulsiani et al. (2018) and Insafutdinov and Dosovitskiy (2018) instead of the pixel
values. Using segmentation masks as targets achieves results comparable with previous
segmentation-based approaches in Table 4.1. This indicates that ViewNet can leverage
texture information to achieve better predictions. Third, we remove our Gaussian shape
prior and directly estimate the occupancy grid Q, instead of Q', and observe that this does
not have any significant effect on planes and cars, but causes a dramatic drop for chairs
as the network tries to ‘paint’ the object on the faces of the volume. Next, we evaluate
the conditioning strategy by removing the AdalN layers and feeding the output of f“ in
the first layer of f¢, similar to a traditional encoder-decoder pair. While this does not

cause drastic performance issues, the reconstructions are less accurate, limiting the abil-
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ity of this model to use them for self-training. Finally, we replace the analytic renderer
with a learnable decoder using the deconvolutional architecture from Nguyen-Phuoc et al.
(2019). In addition to causing the largest performance drop of all ablations, reconstruc-
tions from this model do not exhibit geometric consistency as the generated views do not

smoothly change as the object rotates. Qualitative samples are shown in Fig. 4.6.

Qualitative In addition to the quantitative ablation study, we provide here a supporting
qualitative analysis. In particular, we illustrate image reconstructions for ViewNet as well

as three different ablation experiments on the ShapeNet dataset:

1. No Shape Prior: removing the Gaussian shape prior from the decode, that is, trying

to learn Q directly.

2. Encoder-Decoder: Using a regular encoder-decoder architecture instead of decod-

ing a canonical code adapted with adaptive instance normalization.

3. HoloGAN-Decoder: Using extra convolution layers after the rotation and projec-

tion, as per HoloGAN and SSV.

Reconstructions for different variants of ViewNet are shown in Fig. 4.6. These were ob-
tained by feeding the leftmost image to the appearance network, then sampling the view-
point space at regular azimuth and decoding the representation along those viewpoints.
We note the difference in canonical viewpoints adopted by each model, as the first image
in each series corresponds to different viewpoints. Interestingly, all models have learned
to remove the piece of ground that appears under the car in the appearance image (visible
as a plane that can be seen when zooming in), most likely because this is an uncommon

feature in the dataset.

The black spots that appear around the object (Fig. 4.6b) indicate that the model fails to
learn the proper shape of the object and considers the background as part of the object.
An extreme case of this is when the model does not learn shape at all and tries to “paint”

the object on the volume, such as chairs in Fig. 4.6b. This emphasizes the importance of
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Accuracy (%, 1) Median error (°, |)

airplane car  chair| airplane car  chair
ViewNet 82 89 89 8.6 6.7 7.3
Single-head 72 51 66 18.1 27.1 16.3
Segmentation Target 71 85 88 12.9 8.0 8.1
No Shape Prior 78 89 73 9.6 6.6 31.3
Encoder-Decoder 82 89 88 8.7 6.8 7.8
HoloGAN-Decoder 66 52 72 19.6 27.6 14.5
Constant 20 22 19 61.7 65.2 58.1

Table 4.2: Ablation study results. Here we compare different variants of ViewNet on

ShapeNet. Acc: accuracy at 30°, Err: median angular error.

our shape prior.

Although their performance is similar, the views generated using an Encoder-Decoder
architecture in Fig. 4.6¢ are not as faithful to the original object compared to using a
generator with adaptive instance normalization. More precisely, the objects tend to be
closer to the average object in the category, with the aeroplane being grey, as most aircraft
tend to be, and the chair seat being square instead of round. The lack of fidelity in the

reconstructions is apparent when comparing to ViewNet in Fig. 4.6a.

For the HoloGAN-style generation (Fig. 4.6d), there is no distinction between object and
background as additional layers are used after the projection stage, translating in a black
background for all generated images. We note that the geometry is not preserved, and we
see poor consistency when traversing the viewpoint space, which is most apparent in the

case of the airplane.
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airplane bike boat bottle  bus car chair table mbike sofa train tv

Constant 45 23 28 96 79 29 58 48 32 81 95 89

2 VGG view* 64 63 25 96 78 56 76 48 46 86 96 85

g § SSV* - - - - & & - - - - 9% -

g 2 ViewNet* 72 79 29 96 75 84 86 52 72 87 96 89

g = ViewNet 72 81 38 97 75 87 82 54 75 86 85 86
S

< ViewNet + cycle * 67 70 23 96 77 87 83 50 74 89 95 87

ViewNet + cycle 71 80 47 96 80 88 83 57 78 88 88 82

= L.etal. 88 88 61 96 97 93 93 74 93 98 84 95

“ G.etal. 83 82 64 95 97 94 80 71 88 87 93 86

Constant 326 56.6 61.6 82 167 550 252 319 539 136 88 140

3 VGG view* 20.8 222 558 7.9 97 258 144 296 330 10.0 8.6 11.3

j% SSV* - - - - % w01 - - - - 53 -

§ %ViewNet* 150 16.0 54.1 81 16.1 129 123 27.0 169 10.1 9.1 144

; - ViewNet 140 134 384 72 162 59 101 244 142 92 74 138

g ViewNet + cycle * 182 17.1 613 80 163 6.7 117 288 147 92 93 140

ViewNet + cycle 144 122 206 72 149 56 115 250 116 115 156 158

= L.etal 92 116 206 73 34 48 82 85 121 87 61 10.1

“ G.etal. 100 156 19.1 86 33 51 137 11.8 122 135 6.8 11.0

Table 4.3: PASCAL3D+ results. Bold entries indicate the best-performing models in each
category. Entries followed by a star (*) use a linear regression alignment procedure, and
those without use a single global rigid alignment. Acc: accuracy at 30", Err: median

angular error.

4.4.3 PASCAL3D+ results

Next, we evaluate ViewNet on the challenging real-world PASCAL3D+ (Xiang et al.,
2014) dataset. It contains real images from the PASCAL VOC and ImageNet datasets
along with annotated viewpoints, including azimuth and elevation. As this dataset does
not provide image pairs that contain the same object instance with varying viewpoints,
we evaluate our models with 10 views per CAD model trained on ShapeNet. As PAS-

CAL3D+ images have backgrounds, we synthetically add random background images
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from SUN397 (Xiao et al., 2010) to our ShapeNet rendered views during training. These
backgrounds are only added to the input training pairs to make ViewNet robust to back-
grounds at test time. However, ViewNet is trained to reconstruct only the object, as it

would require additional logic to reconstruct the background.

We report our results in Table 4.3. We observe that for some categories e.g. bottle, bus,
sofa, train, and tv monitors, the ranges of viewpoints it contains are extremely restricted
and concentrated around specific viewpoints. We reason that the viewpoint alignment pro-
cedure used for unsupervised methods is very effective in reaching strong performances
on these classes. To test this hypothesis, we build a simple viewpoint predictor, a constant
predictor, that outputs the average viewpoint from the validation set for each object cate-
gory. This mimics the behavior of an untrained viewpoint estimator that has not learned
anything useful and gets calibrated on validation data. We see that this method performs
surprisingly well and even outperforms Grabner et al. (2018), a supervised approach on
some categories. Even on non-trivial categories, the constant predictor performs surpris-
ingly well, for instance, it obtains 43% accuracy on airplanes and 58% on chairs. By
comparison, the same predictor on ShapeNet achieves a much lower performance (see

Table 4.2), as the dataset was specifically crafted not to be biased.

To mitigate biases in the evaluation set, we propose a different evaluation strategy that
consists of splitting the viewpoint space into discrete bins and then averaging perfor-
mance over each bin. Doing so prevents biased predictors from reaching near-perfect

performance. Results under this scheme are presented in Section 4.4.4.

As an additional baseline, we reproduce the setup used in SSV (Mustikovela et al., 2020)
and fit a linear regressor to VGG16 (Simonyan and Zisserman, 2015) Conv5 features, and
train it to regress the pose using the same small number of PASCAL3D+ images we use

to align our predictions — see ‘VGG View’ results in Table 4.3.

We directly evaluate our ShapeNet-trained ViewNet model on PASCAL3D+ images. We

provide results for two alignment methods, the optimal rotation using orthogonal Pro-
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Figure 4.7: Viewpoint distribution of the evaluation split for each of the PASCAL3D+

categories. The training and validation distribution are similar

crustes, and the linear regression as used in SSV (Mustikovela et al., 2020), which takes
the predicted viewpoint and applies a linear regressor to modify its predictions. Depend-
ing on the category, two behaviors can be identified: either the two alignment procedures
provide similar results (e.g. bike, bottle), or the linear regression approach significantly
outperforms the optimal rotation. We observe that the second behavior is correlated with
categories where PASCAL3D+ contains highly biased viewpoints, i.e. where most view-
points are clustered around a single one. We theorize that the linear regression approach
can artificially boost performance in those categories by collapsing viewpoint predictions
towards the common view. This can be achieved by learning zero weights for the pre-

dicted viewing angles and encoding the average viewpoint as the bias term.

Similar to our ShapeNet experiments, we also evaluate the impact of training with our
cycle-based generated views. Depending on the categories, it often provides a small ac-
curacy boost at the cost of higher median error. This median error increase could be due

to the higher domain gap between generated views and real-world images.
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airplane bike boat bottle bus  car chair table mbike sofa train tv
Confidence index 1 1 1 17 5 1 S 67 92 42 33 33
Constant 30 20 21 48 30 19 21 31 22 32 34 49
VGG view* 49 58 33 47 32 56 37 37 32 40 36 60
ViewNet* 60 67 19 48 33 84 49 36 64 57 31 50
ViewNet 61 72 20 47 33 86 78 40 69 86 27 55

ViewNet + cycle * 53 62 21 48 29 85 55 34 67 50 34 50
ViewNet + cycle 62 71 21 54 30 85 61 37 76 76 43 58

Table 4.4: Discretized Viewpoint Accuracy at 30" error. Entries followed by a star (*) use
the linear regression alignment procedure, and those without use a single global align-

ment.

4.4.4 Debiasing Viewpoint Evaluation

The standard evaluation used with the PASCAL3D+ dataset involves computing an aver-
age of the viewpoint prediction accuracy across the entire evaluation set and the median
error in degrees for a given object class. As discussed earlier, many categories in the
PASCAL3D+ dataset are strongly biased as test images are taken from a limited num-
ber of viewpoints. We illustrated this problem by creating a simple baseline, “Constant”,
that outputs the average viewpoint in the training set. Results in Table 4.3 show that this
achieves surprisingly strong performance in some categories e.g. “bottle” (96%), “bus”
(79%), ““sofa” (81%),“train” (95%), and “tv”’ (89%). This is explained by the highly con-
centrated number of viewpoints in the data, as illustrated in Fig. 4.7. Note that this issue

has also been reported in Figure 2 of the original PASCAL3D+ paper (Xiang et al., 2014).

To address the issue caused by this viewpoint bias, we propose a more balanced evalu-
ation by introducing a new metric, Discretized Viewpoint Accuracy (DVA). To this end,
we split the ground-truth viewpoints in the evaluation set into bins, each spanning 30’
azimuth-wise and compute standard viewpoint accuracy for each bin, before averaging

the results. This ensures that highly populated viewpoints do not cause performances to
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be overestimated and requires a model to perform well over not only a single subset but
all subsets to reach high performances. Clearly, when no samples belong to a bin, it is not
possible to measure the performance in this interval. Hence we omit empty bins in the
evaluation. Note that in the extreme case where all samples belong to a single bin, DVA
is equal to the standard viewpoint accuracy, limiting its effectiveness as an unbiased met-
ric. To account for this, we also compute an auxiliary dataset statistic called Confidence
Index. It is defined as the fraction of bins having at least 10 samples. Hence, categories
with a low confidence index are more likely to have their performances overestimated
by viewpoint biases and their results should be interpreted cautiously. In Table 4.4 we

present results using our DVA metric.

4.4.5 Qualitative visualizations

In order for the cyclic consistency loss to operate correctly, we need our model to be
able to predict good 3D reconstructions of objects, at least on the training set. Fig. 4.8
illustrates some voxel reconstructions on the training split ShapeNet dataset for airplanes,
cars and chairs. The reconstructions are of high enough quality that the object can be
rendered while remaining identifiable in most cases. Outliers, like the third airplane which
seems to be modeled after a shark, or the seventh, which is close to a spaceship, can still
produce nonsensical reconstructions. Interestingly, the third and fifth chairs are extremely
close, possessing the same color scheme and global structure, yet our model is still able

to differentiate them.

We also show reconstructions of real objects from unobserved PASCAL3D+ images based
on ShapeNet-trained models, for both ViewNet and ViewNet + cycle, in Fig. 4.9. This
is illustrated by the fact that the rendered image from the model has the same pose as
the input image. Note that background is not part of the reconstruction, as the models
were trained to reconstruct objects only as explained in Section 4.4.3. The middle row of
each category shows in particular how adding cycles has helped the model gain a better

understanding of the object, leading to more faithful reconstruction, e.g. in the red tail
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Figure 4.8: Visualization of 3D models learned from different appearance images of the
training set. The top image is fed to the appearance network, and the bottom one is the

output of the decoder shown in the canonical pose

of the plane or the vertical bars in the chair. The bottom row show failure cases where
models failed to capture the object’s appearance. We observe that even when this is the

case, the viewpoint is still correctly predicted.

4.4.6 Other dataset results

Up until this point, we have only trained ViewNet on the synthetic ShapeNet dataset and
evaluated it on either synthetic or real data. Our method can also be trained on real data

that consists of image pairs of the same object which vary in their viewpoints. To this end,
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(a) Airplanes (b) Cars (c) Chairs

Figure 4.9: Reconstructions of real images from PASCAL3D+. For each of the three
object categories, the left image is the original, the middle image is the standard ViewNet

reconstruction, and the right image is the ViewNet + cycle reconstruction.

we use the recently proposed Objectron dataset (Ahmadyan et al., 2021), and the Freiburg
cars dataset (Sedaghat and Brox, 2015). For Objectron we train on the chair category, as it
is present in ShapeNet and contains sufficiently diverse high-quality images in contrast to
the other categories where images are blurry or there are too few videos. While ViewNet
does not require segmentation masks at test time, it does require segmented objects as the

target for training.

Objectron. We first randomly sample ten frames per videos and obtain foreground
masks using two different semantic segmentation methods: DeepLabV3 (Chen et al.,
2017b), trained on COCO (Lin et al., 2014) ground-truth segmentation masks and a
weakly supervised method (Araslanov and Roth, 2020), trained on Objectron frames us-
ing only image-level labels. We start from a model pretrained on ShapeNet to prevent
overfitting on the relatively low amount of instances from Objectron. ViewNet without
cycles obtains 91% and 89% accuracy with 8.8" and 10.1° median error on PASCAL3D+
chairs for the supervised and weakly-supervised segmentation settings respectively. This
1s a significant improvement from the 83% accuracy obtained by using only the ShapeNet-

trained model.
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VpDR-Net ViewNet

VGGview +FrC  ViewNet + cycle
Accuracy (%, 1) 56 ~ 50 61 59
Median error (', }) 25.8 29.6 16.1 19.1

Table 4.5: Comparison of models trained on Freiburg Cars and evaluated on PAS-

CAL3D+.

Freiburg Cars. As the dataset only contains 48 videos, we use all frames, i.e. between
120 and 130 per instance. We also use segmentation masks obtained from a pre-trained su-
pervised Mask R-CNN model (He et al., 2017). Results are shown in Table 4.5. ViewNet
obtains stronger results than the unsupervised approach of Novotny et al. (2017). Adding
our cycle loss does not improve performances as real cars exhibit specular reflections that
ViewNet is unable to reproduce. Novotny et al. (2017) does not report accuracy, however,
we can estimate it to be around 50% from the reported median error of 29.6°, as 50%

accuracy exactly corresponds to a median error of 30"
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Layer # channels Kernel Stride
ConvTranspose3D 512 4x4 1
AdaptiveIN

Layer # channels Kernel Stride ReLU

Conv2D 64 3x3 2 ConvTranspose3D 128 4x4 2

BatchNorm AdaptivelN

ReLU ReLU

Conv2D 128 3x3 2 ConvTranspose3D 128 3x3 1

BatchNorm AdaptivelN

ReLU ReLU

Conv2D 256 3x3 2 ConvTranspose3D 128 4x4 2

BatchNorm AdaptiveIN

ReLU ReLU

Conv2D 512 3x3 2 ConvTranspose3D 128 3x3 1

BatchNorm AdaptiveIN

ReLU ReLU

Conv2D 512 3x3 2 ConvTranspose3D 16 4x4 2

BatchNorm AdaptiveIN

ReLU ReLU

Conv2D 512 2x2 1 ConvTranspose3D 16 3x3 1

BatchNorm AdaptivelN

ReLU ReLU

Conv2D variable 1x1 1 ConvTranspose3D 4 4x4 2

BatchNorm AdaptivelN

ReLU ReLU

(a) Encoder architecture. (b) Generator architecture.

Table 4.6: ViewNet network architectures. Both f* and f“ use the encoder architecture
illustrated in Table 4.6a with output sizes 3 and 256 respectively, while f¢ uses the gen-

erator architecture in Table 4.6b
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4.5 Limitations and Conclusion

Using a geometrically consistent reconstruction method, ViewNet manages to learn category-
level viewpoints in a complete self-supervised manner. The addition of mechanisms to
prevent pose collapse proves to be necessary when the object categories exhibit symme-

tries, which is the case for most everyday objects.

Biases in the viewpoint distribution of PASCAL3D+ are also shown to have pervasive
effects in evaluation, a result even more so surprising that these were reported in the orig-
inal publication, but generally ignored by works that use the dataset for evaluation. Of
particular concern are works that report an average performance of categories, effectively
mixing up challenging tasks with absolutely trivial ones. This call for a more carefully de-
signed evaluation dataset, specifically one that ensures a reasonably uniform distribution

of viewpoints.

A particular limitation of ViewNet is its requirement for foreground masks at training
time as the model is unable to extract background information from the appearance im-
age. In experiments on real data, pre-trained segmentation models (Chen et al., 2017b;
Araslanov and Roth, 2020; He et al., 2017) are used to estimate these masks. Still, the
viewpoint estimator can be applied to unsegmented images at test time, making the model
fast and efficient as long as a reasonably good instance segmentation model is available
during training. It also relies on having image pairs during training in order to disentangle

viewpoint and object appearance, which limits its real-world application to video datasets.

Finally, the object appearance is assumed to be independent from the viewpoint, but this
is often violated by non-Lambertian surfaces, e.g. cars, which prevent efficient training on
real data - illustrated partly by the performance drop between ShapeNet-trained models
(Table 4.3) and Freiburg Cars-train models (Table 4.5). Qualitative results in Fig. 4.9

further illustrate the difficulties encountered when attempting to reconstruct real images.

While results show that models trained on synthetic data generalize well to real images,
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the ideal training case would be to use real views directly. This would remove the need
for CAD models, which may not exist for a specific category, allowing instead to train a
model with images taken directly in context. The next chapter focuses on developing a
system capable of operating more easily on real images thanks to a better reconstruction

pipeline.






Chapter 5

ViewNeRF: unsupervised viewpoint

estimation from real images

5.1 Introduction

Recently, neural radiance fields (NeRF) (Mildenhall et al., 2020) have achieved unprece-
dented quality in the 3D reconstruction and rendering of scenes. Deviating from the tradi-
tional geometrically-explicit representations, NeRF belongs to the family of implicit 3D
representations (Park et al., 2019; Mescheder et al., 2019; Chen and Zhang, 2019; Sitz-
mann et al., 2019b; Lombardi et al., 2019), encoding spatial information in the weights of
a neural network which allows them to operate at continuous 3D coordinates and hence

at high image resolutions.

Despite the remarkably fast progress, illustrated by the number of recently published
NeRF-inspired models (Liu et al., 2020; Barron et al., 2021; Martin-Brualla et al., 2021;

Sitzmann et al., 2021; Yu et al., 2022, 2021a), these approaches typically require accu-

The main findings of this chapter have been published in BMVC 2022 (Mariotti et al., 2022).

77
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rate camera poses during training, and are also limited to modeling a single scene. This
restricts their application to controlled settings with labeled poses, or to scenes where

enough high-quality camera poses can be obtained via Structure-from-Motion.

Recent extensions aim to alleviate the requirements for known camera poses, making up
the family of pose-free NeRF models. Instead of assuming known camera pose for each
image of the scene, these attempt to learn camera parameters along with the scene using
gradient descent. This formulation limits unsupervised runs to simple forward-facing
scenes, while for more complex camera distribution, a non-trivial initialization step is

required (Wang et al., 2021b; Jeong et al., 2021; Lin et al., 2021; Meng et al., 2021).

Similarly, some models attempt to handle multiple instances, but they require ground-
truth camera poses (Yu et al., 2021b) and some even use expensive test-time optimization

in order to synthesize novel views (Jang and Agapito, 2021) (see Table 5.1).

From an analysis-by-synthesis approach, an interesting property of NeRF is its ability
to synthesize high-quality views of scenes thanks to viewpoint-dependent modeling of
the scene, allowing to learn complex surface properties like reflections or anisotropic
lighting. These make them interesting candidates to improve over ViewNet and design an

unsupervised viewpoint estimation system able to natively deal with real data.

Motivated by the limitations of both ViewNet and so-called pose-free NeRF, this chapter
proposes to integrate a neural radiance field in an analysis-by-synthesis approach that
leverages their powerful 3D modeling ability for unsupervised category-level viewpoint

estimation.

5.2 Neural radiance fields

Implicit volumetric models propose to represent spatial data in the weights of a neural
network. These were initially developed for learning shapes, in the form of occupancy

networks (Mescheder et al., 2019) or signed distance function (Park et al., 2019). These
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rely on a neural network to learn shapes as a classification (for occupancy networks) or
regression task (for SDF). More precisely, given a point in space x € R3, these models
learn a mapping fs, usually modeled by a fully connected architecture, to represent the
shape of an object, i.e. fy(x) = 1 if and only if x belongs to the interior of the object. By
querying f; densely in space, it is possible to have it memorize the spatial extent of the
object, provided ground truth labels -i.e. a 3D model- are available. It is clearly impos-
sible to sample every possible spatial coordinate, however, by choosing an appropriate
model size, it is possible to make use of the continuity of neural networks to learn a close

approximation of the shape

Implicit models quickly got extended with the addition of a rendering operation, allowing
them to be supervised by images rather than 3D models. Spearheaded by Neural Radiance
Fields, they learn to reconstruct specific views {Ik}kzl,.,..,N of a scene observed from the
corresponding viewpoint { pk}k:L.,.,N. More formally, to reconstruct an image pixel /; ;,
NeRF uses an implicit model f; that is queried multiple times at coordinates of increasing
depths along the ray of light r; ; corresponding to I; ;. f, is parameterized to output the
color and density of each point a tuple (G, c), providing an approximation of the objects
and textures encountered along the ray. Then, they make use of a rendering operation (Ka-
jiya and Von Herzen, 1984) to obtain the final value I; ;, integrating the values of the ray
according to their density and past transmittance. For a ray r(f) = o+ ¢p with origin o
and direction p, corresponding to pixel /; ;, the rendering equation between near and far

bounds 7, and 7 is:

P= /t (00 (r(0))e(x(t)), where T (1) = exp (— /t zc(r(t))) .1)

T (t) represents the accumulated transmittance up to the spatial coordinate r(z), i.e. the
probability that the light travels up to r(¢). It is easy to see that T'(¢,) = 1 and that T
converges to 0 as the ray travels through regions with large density &, providing a model

for occlusion. In practice, the integral cannot be exactly computed as it would require
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Figure 5.1: Overview of the NeRF pipeline

an infinite number of queries to the neural network. Therefore, it is estimated using a

Riemann sum between the multiple values queried along the ray.

A particularity of NeRF is to model the texture of objects according to their viewing
direction, in order to account for complex light patterns like non-Lambertian reflections.
To this end, Eq. (5.1) is modified by having the color depend on the ray direction along
with the spatial coordinate, i.e. ¢(r(¢),p). However, to preserve geometry, the density
o(r(t)) keeps depending only on the location. The predicted value f, j 18 finally compared
with the ground truth pixel color J; ; to provide supervision. A schematic representation

of a NeRF model is shown in Fig. 5.1.

An important aspect of implicit models is that trying to predict volumetric data directly
from spatial coordinates usually produces poor reconstruction, due to the low dimension
and low frequency of the input space (Rahaman et al., 2019). To make it more expressive,
common practice is to perform feature augmentation using cosine embedding, mapping
spatial coordinates to a higher dimension space using multiple periodic functions with

increasing frequencies.

Formally, for a scalar x € R, the cosine embedding of order & y;(x) is defined as:

T (x) = cos(2Fmx), sin(25mx) (5.2)

In practice, multiple orders are used over each spatial coordinate, yielding, for a point
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x € R3:

Y(X):{Yk(xi)|k:07-'~7n;i:07172} (5.3)

Where N is the number of frequencies to use, typically between 3 and 10. y(x) is then

used as input of f, instead of x.

The global geometry for the scene coupled with analytical rendering grants NeRF rela-
tively strong 3D consistency - although not perfect, as noted in (Zhang et al., 2020). Along
with its flexible resolution, this property makes it particularly suitable as a reconstruction

model in a pose estimation pipeline.

5.3 Related work

Unsupervised viewpoint estimation. Despite the large body of supervised methods
(Rad and Lepetit, 2017; Kehl et al., 2017; Tulsiani and Malik, 2015; Choy et al., 2016),
viewpoint estimation is still a challenging task due to the cost of building large labeled
datasets. Hence a growing number of methods attempt to limit the amount of supervision
needed at training time. SfM approaches such as COLMAP (Schonberger and Frahm,
2016) use multi-view geometry to infer camera poses using only images, but are limited
to single scenes, require many views, and are thus unsuitable for estimating poses across
category-centric datasets. Recently several deep learning pose-estimation methods have
been proposed for various levels of pose supervision including semi-supervised (Mariotti
and Bilen, 2020; Wang et al., 2021a), few/zero-shot learning (Xiao and Marlet, 2020;
Banani et al., 2020; Goodwin et al., 2022) and unsupervised ones (Tulsiani et al., 2018;
Insafutdinov and Dosovitskiy, 2018; Mariotti et al., 2021; Mustikovela et al., 2020).

Most related to ours, the unsupervised methods learn to disentangle category-level pose
and appearance using an analysis-by-synthesis pipeline. ViewNet (Mariotti et al., 2021)
generates a voxel-based reconstruction of a specific object instance and renders it from the

predicted viewpoint. This approach is limited by the spatial resolution of the voxel grid



82 Chapter 5. ViewNeRF': unsupervised viewpoint estimation from real images

Pose-free Real data | One shot pose | Multiple
360" training | 360° training | on new views | scenes

NeRF (Yen-Chen et al., 2021)
INeRF (Yen-Chen et al., 2021)
NeRF- (Wang et al., 2021b)T
BAREF (Lin et al., 2021)

SCNeRF (Jeong et al., 2021) v

GaRF (Chng et al., 2022)"

GNeRF (Meng et al., 2021) v v

CodeNeRF (Jang and Agapito, 2021) v
Ours v v v v

Table 5.1: Comparison of pose-free NeRF methods on 360" scenes. Most of these
approaches require ground-truth poses or initial estimates."Untested on 360° scenes.

Contains a pose estimator but it is not used during evaluation.

making it unable to reconstruct fine details and viewpoint-dependent illumination effects.
SSV (Mustikovela et al., 2020) adopts a generative approach, using 3D latent feature
maps to represent the scene. However, it fails to apply consistency between inferred
geometry and pose, resulting in noisy viewpoint estimation due to its decoder’s flexibility

and overfitting to geometrically implausible poses.

Generic Neural Radiance Fields (NeRF). 3D data is traditionally represented using
meshes (Kanazawa et al., 2018; Kato et al., 2018), voxels (Yan et al., 2016; Tulsiani
etal., 2017, 2018; Sitzmann et al., 2019a), or point clouds (Insafutdinov and Dosovitskiy,
2018). Recently, the implicit representations (Park et al., 2019; Mescheder et al., 2019;
Chen and Zhang, 2019; Sitzmann et al., 2019b; Lombardi et al., 2019) have emerged as
an effective tool in 3D modeling. They represent 3D data implicitly in the parameters of a
fully connected neural network, that takes 3D coordinates as input and attempts to predict
properties such as their occupancy and color of the scene at the specified 3D location.

NeRF (Mildenhall et al., 2020) models 3D scenes by mapping both 3D coordinates and
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the viewing direction to RGBA space, achieving breakthrough performances in novel
view synthesis. Multiple works extend the NeRF paradigm towards higher reconstruction
quality (Barron et al., 2021; Zhang et al., 2020) and faster runtime (Liu et al., 2020; Yu
et al., 2022, 2021a). Two directions, particularly related to object pose estimation, are to
adapt the NeRF beyond the strict single-scene setting and to remove dependency on the

training time poses.

Flexible NeRF. NeRF in the Wild (Martin-Brualla et al., 2021) learns to aggregate
views of the same scene taken in different settings by learning image-specific embed-
dings, while Nerfies (Park et al., 2021) learn to deform rays to represent deformable ob-
jects. PixelNeRF (Yu et al., 2021b) learns scene-based dense embeddings to represent
multiple scenes. CodeNeRF (Jang and Agapito, 2021) disentangles shape and texture
across instances from the same category. These methods, however, require ground-truth
camera poses during training. Though several generative methods (Schwarz et al., 2020;
Niemeyer and Geiger, 2021; Gu et al., 2021) have been proposed to model object cate-
gories, they are unable to estimate poses and employ neural rendering that can violate the
scene geometry as in SSV (Mustikovela et al., 2020). Unlike them, through the use of an

implicit 3D representation and analytical rendering, our reconstructions are 3D consistent.

Pose-free NeRF. Multiple pose-free NeRF methods (Wang et al., 2021b; Lin et al.,
2021; Jeong et al., 2021; Chng et al., 2022) attempt to learn camera poses during training
by refining initial pose estimates through gradient coming from the NeRF model itself.
However, these methods are only pose-free on forward-facing scenes, needing COLMAP
as initialization for 360" scenes. While those methods can be used to retrieve the pose
of new images under certain conditions (Yen-Chen et al., 2021; Jang and Agapito, 2021),
the process they use for it involves expensive test-time optimization. By comparing im-
age reconstructions based on initial noisy pose estimates to the target image, they perform
many iterations of gradient descent on the camera parameters to gradually align the two

images. In addition to being a slow process, this approach can get trapped in local minima
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in a multi-object setting. In comparison, our model can predict poses of unseen instances
in a single shot. A notable exception from other pose-free NeRF is GNeRF (Meng et al.,
2021), which can operate without initialization thanks to its adversarial training, but is
limited to single scenes and is slow to train as a result of the additional GAN-based ob-

jectives. A comparison to related NeRF-based approaches is shown in Table 5.1.

5.4 Method

Here we outline the main components and training procedure for our ViewNeRF model.
Unlike existing methods, ViewNeRF is capable of estimating the pose for held-out images
and can be trained on images from multiple instances (i.e. from different scenes) of the

same object category without requiring any ground-truth pose supervision.

Our goal is to estimate viewpoint/camera pose of an unseen object instance from a known
category (e.g. car, chair, etc.) in an image. To this end, we wish to learn a function, f,
that takes an image / as input and outputs the corresponding viewpoint represented as the
rotation and translation, i.e. p = f,,(I). As ground-truth viewpoints are not available for

training, we treat learning pose prediction as an image reconstruction problem.

Similar to existing work (Tulsiani et al., 2018; Insafutdinov and Dosovitskiy, 2018; Yu

et al., 2021b; Jang and Agapito, 2021; Mariotti et al., 2021), we exploit multi-view infor-

N

mation in the form of image pairs. Specifically, given N unlabeled image pairs {I,,1,},_ .

where each pair contains source and target images of the same object instance which differ
only in their viewpoints, our objective is to reconstruct the target image / from the source
image I'. Clearly, one needs a good estimate of the viewpoint of [ in order to reconstruct
it from I’. During training, we reconstruct the target image I using its estimated viewpoint
fp(I) and the appearance information extracted from our viewpoint-independent appear-
ance encoder f, for the source image I’. For rendering, we pass the pose and appearance
information to a NeRF-based decoder f,, to reconstruct the target image /, and minimize

an image reconstruction loss to simultaneously learn the weights of f,, f,, and f, which
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Figure 5.2: (Left) CodeNeRF (Jang and Agapito, 2021) requires ground-truth pose in-
formation at training time and performs expensive direct optimization for each object
appearance code. In practice, CodeNeRF also enforces object codes for distinct views of
the same object to be the same which provides some multi-view signal. (Right) In con-
trast, our ViewNeRF approach is fully self-supervised by making use of a separate pose
predictor f, and appearance encoder f, that can be applied to any image in a single-shot

fashion.

are instantiated as neural networks,

N
Z_l (- (falD) s £p(In)) s In) + ALreg (fp (1)) (5.4)

L is a loss function that measures the difference between the reconstructed and target
images, and L, is a regularization term applied to the viewpoint predictions, which is
weighted by a scalar A. The training pipeline for our model, ViewNeRF, is shown in

Fig. 5.2 (right).

Clearly, the target image cannot be successfully reconstructed without its viewpoint infor-
mation. However, in the case of an arbitrary decoder, where the appearance and viewpoint
encodings are passed through multiple arbitrary nonlinear transformations, there are at
least two challenges: it is not guaranteed that (i) the estimated viewpoints are disentan-
gled from the appearance and, if they are, (ii) the estimated viewpoints are geometrically
meaningful transformations. As aresult, it is crucial that the decoder utilizes the estimated

viewpoint in a geometrically consistent way.
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5.4.1 NeRF decoder - f,

Object appearance conditioned NeRF decoder. Standard NeRFs are trained to model
a single 3D scene, effectively memorizing its shape and appearance from multiple view-
points. In a category-based setting, this would mean training an individual model for each
object instance, which would be very time-consuming and no information across instances
would be shared. Hence, a better approach is to implement a conditioning mechanism to
allow the NeRF decoder f, to reconstruct specific instances. This conditioning should
be pose-agnostic in order to let the pose predictor f, learn to disentangle pose from ap-
pearance. Therefore, we adopt a strategy inspired by ViewNet (Mariotti et al., 2021) and
CodeNeRF (Jang and Agapito, 2021) where object instances are fully described by a la-
tent object code a. Similar to (Jang and Agapito, 2021), a is mapped at different depths
of the NeRF model to condition its activations, and similar to (Mariotti et al., 2021), a is
predicted by an appearance network f, that learns a global latent space shared between

all object instances.

5.4.2 Pose estimator - f),

Conventional NeRF methods require ground-truth camera poses during training. Recent
extensions (Yen-Chen et al., 2021; Wang et al., 2021b; Jeong et al., 2021; Lin et al., 2021;
Chng et al., 2022) allows for estimating camera poses with NeRF by letting reconstruction
gradients flow to the camera parameters. However, this approach suffers from two issues:
1) it is computationally expensive, requiring hundreds of steps to converge, if at all, and
i1) it can get stuck in local minima, limiting its operation to forward-facing scenes when a
reasonable pose initialization is not available. Following the recent advances in viewpoint
estimation (Tulsiani et al., 2018; Insafutdinov and Dosovitskiy, 2018; Mustikovela et al.,
2020; Mariotti et al., 2021), we posit that a better solution is to estimate poses directly
from images using a pose predictor f,. This enables fast prediction during inference
and generalizes efficiently to new object instances. However, f), is still subject to local

minima and may not receive meaningful gradients from f,, as reconstruction errors can
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arise either from the reconstruction process or an incorrect pose prediction. This can lead
to the collapse of pose predictions and to degenerate solutions where the model relies only
on the appearance encoding a to reconstruct I’. Next, we introduce two mechanisms to

prevent this.

5.4.2.1 Multi-hypothesis predictions.

We supply f,, with a multi-head predictor as used in (Insafutdinov and Dosovitskiy, 2018;
Mariotti et al., 2021). During training, we let the pose estimator output multiple hy-
potheses f,,(I) = pi1,...,pk, and each of them is fed to f, to produce a low-resolution
reconstruction. These are then compared to the target, and the pose p* resulting in the
best reconstruction is selected. p* is then passed again to the NeRF decoder, this time at
full resolution. For inference, a student head is jointly trained to predict p*, removing the

need for multiple outputs (Mariotti et al., 2021).

5.4.2.2 Pose regularization.

Multiple pose predictions alone are not always sufficient to prevent training collapse or
instability as all heads can still predict the same pose. Inspired by generative models
like (Niemeyer and Geiger, 2021; Gu et al., 2021) that sample poses during training, we
encourage the predicted pose distribution to follow a prior distribution P. As generative
models do not aim to reconstruct images from a specific viewpoint, they can directly sam-
ple a pose from the prior p ~ P and use it to generate an image. However, this is unfeasible
in our case, as a random pose would not match that of the specific image that we would
like to reconstruct. Instead, we attempt to match batch-wise distributions, following the
assumption that predicted poses across a mini-batch of images should closely follow the
pose prior P, similarly to how batch normalization approximates dataset statistics using a

batch of inputs (Ioffe and Szegedy, 2015).

Specifically, given a batch of B predicted poses pj ..p> we sample K pseudo-targets

P1...x ~ P and compute for each pj its closest match p7 in the batch. Finally, the distance
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Algorithm 2: Pose regularization
Input : Minibatch of predicted poses pik __p» Prior distribution 2, number of

samples K
Output: Regularization loss L.,
Lyeg =0
foricl...Kdo

p~P, // draw a pseudo-target from P
dists = ||p*— p'||; // distance between each predicted pose and p’,
size B

weights = So ftMax(—dists) ; // Batch-wise SoftMax

weighted_dists = weights * dists

Lyeg+ = ¢ * Avg(weighted_dists) ; // Batch-wise Average

||p; — P}l |? is added to the loss, i.e.:

1 X / *(12
=— in ||pl—p* 5.5
Lreg Klzzllg}lnBle pj|| ( )

This prevents the collapse of all predictions to a single point while being very cost-
efficient. To prevent unnecessary noise, the regularization weight A in Eq. (5.4) is pro-

gressively tuned down during training.

We provide pseudo-code for our pose regularization method in Algorithm 2. Note that K
might not be equal to B. In practice, instead of using the minimal distance, we use a soft

minimum to decrease noise.

Regularization strength A starts at 1 and undergoes exponential scheduling, being multi-

plied by 0.1 every 10 epochs before being turned off at epoch 30.
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5.4.3 Reconstruction objective

Reconstructing full-resolution images requires millions of queries to the NeRF decoder
and hence is expensive, so NeRFs are usually trained by sampling a subset of pixels per
image, per iteration. This strategy works well when using ground-truth camera poses, as
each sampled pixel corresponds to one exact ray that will stay constant during training.
However, when jointly estimating poses and training the NeRF model, it can introduce
a significant amount of noise, as the randomly selected pixels might not contain enough
relevant information to recover incorrectly estimated poses. In particular, some object
categories such as cars can exhibit symmetries that can only be broken by focusing on

fine details (e.g. color of the headlights).

To this end, we deviate from the standard NeRF training procedure and instead use recon-
structions of the entire image, however, in low-resolution coupled with a perceptual loss
(Johnson et al., 2016) (denoted as L in Eq. (5.4)) that provides a finer structure-preserving
objective. As the perceptual loss aims to match activation maps from a pretrained net-
work, it is more sensitive to salient image features like edges that would be missing or

misplaced under wrongly estimated poses.

5.5 Experiments

5.5.1 Implementation details

We use EfficientNet (Tan and Le, 2019) backbones for our pose and appearance encoders
fp and fy, and an efficient NeRF model with two fully connected layers with 128 dimen-
sions for the decoder. Note that our decoder is designed to be significantly smaller than the
one used in (Meng et al., 2021) and (Jang and Agapito, 2021) to discourage unnecessarily
complex mappings and to make it more efficient in training and evaluation. Computa-
tional efficiency is particularly important in our experiments, as we use perceptual loss

for reconstruction error which requires producing a full image.
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Figure 5.3: NeRF archtitecture used in ViewNeRF. a depicts the appearance embedding,

while x and p are the spatial coordinate and viewing direction

Camera pose prediction To link the predictions of f), to real-world poses, we need to
ensure it can be interpreted as such. Similar to ViewNet and GNeRF, we formulate pose
as a point on the 3D unit sphere S? from which we derive a camera matrix using a Gram-
Schmidt orthogonalization process described in Algorithm 1. While other representations
like quaternions are possible, this provides a simple way to enforce constraint and shows

good properties for optimization (Zhou et al., 2019).

For synthetic datasets, we follow GNeRF’s assumption that the object is located at the
center of the scene where the camera is pointed to, and that the camera is held upright, i.e.
it is aligned with the z vector in world coordinates. On Freiburg cars, this is not strictly
verified. Therefore, we additionally allow our viewpoint estimator to predict a camera
distance, target point, i.e. a point along the camera principal axis, and an upwards direc-
tion to account for in-plane rotation. To regularize training, we enforce those predictions
to be close to their non-learnable values used in the synthetic case for the first 10 epochs

of training.

NeRF architecture The architecture of our NeRF decoder is depicted in Fig. 5.3. To
encourage 3D consistency, we use cosine embeddings of size 8 and 1 for x and p respec-
tively. They are then mapped with linear layers to the inner dimension of the model which

is 128.
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Supervised Unsupervised
CodeNeRF, w/o init CodeNeRF, w/ init ViewNet Ours
car chair car chair car chair | car chair
Accuracy at 10° (%, 1) 08.5 03.4 82.1 60.2 61.2 76.7 | 70.0 82.8
Median rotation error (*, ) 115 108 3.53 7.70 6.54 425|571 4.18
Median translation error (%, |) | 139 134 5.9 13.9 nfa n/a | 80 64

Table 5.2: Multi-instance results on Shapenet-SRN (Sitzmann et al., 2019b). CodeNeRF
pretrained models were kindly provided by the authors. When initialized, pose estimates
were randomly drawn within 30° of the ground truth, where bold results indicate the best

model per category.

Evaluation Following the evaluation in (Mariotti et al., 2021), we align our estimated
camera poses with the ground-truth labels by solving an orthogonal Procrustes problem,
as poses are predicted up to an arbitrary rotation. As our main goal is to estimate view-
point from single images rather than high-fidelity reconstruction, we evaluate our method
in terms of viewpoint accuracy, reporting rotation and translation errors. The other ap-
proaches we compare to (Meng et al., 2021; Jang and Agapito, 2021; Mariotti et al., 2021)

each use their own sets of metrics making direct comparison difficult.

Hence, for a fair comparison, we re-evaluate their models and report viewpoint accuracy
with a 10° threshold, along with median rotation and translation error for each method in
all experiments. Taking the median instead of the average provides a less noisy estimate
in the presence of strong symmetries (Tulsiani and Malik, 2015). Translations errors are

normalized by the camera distance to the origin to account for scaling differences.

5.5.2 Multi-instance results

In Table 5.2 we first evaluate our ViewNeRF approach on the ShapeNet-SRN dataset
(Sitzmann et al., 2019b) which contains renderings of ShapeNet (Chang et al., 2015) cars

and chairs. We compare to CodeNeRF (Jang and Agapito, 2021), a supervised NeRF-
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Figure 5.4: Comparison of reconstructions from the supervised CodeNeRF, unsupervised

ViewNet, and our unsupervised ViewNeRF.

based model and the unsupervised voxel-based ViewNet (Mariotti et al., 2021). While
ViewNet reports results on ShapeNet, it is only trained on a limited set of viewpoints, i.e.
the elevation of views only spans [—20°,407], instead of the full range in ShapeNet-SRN.

Hence, we retrain it using code from the authors on this new data split.

CodeNeRF requires expensive test-time optimization to perform pose estimation and only
reports results for a single object instance in their paper, i.e. not multiple instances from
the same category, starting from hand-selected poses'. Therefore, we re-evaluated it on

each test instance, under two settings, a realistic one where the starting pose is uniformly

IConfirmed via correspondence with the authors.
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sampled according to the training distribution (‘w/o init’), and an easier setting, in which

the initial pose is chosen to be within 30° of the ground-truth (‘w/ init”).

The results in Table 5.2 illustrate that CodeNeRF, despite being trained with ground-truth
pose, is unable to properly estimate pose when the initial estimate is noisy. Since both
pose and object embeddings have to be jointly optimized, the process can converge to
a degenerate solution, relying mostly on the appearance embeddings rather than pose to
minimize the reconstruction error. Test-time reconstructions shown in Fig. 5.4 confirm
this. While reconstructions with good initializations are accurate, noisy initialization re-
sults in poor reconstructions. Finally, compared with ViewNet, our approach reaches
higher pose prediction performances by making fewer gross pose errors, e.g. ViewNet

predicts the wrong orientation for the car in the second row of Fig. 5.4.

5.5.3 Real scenes results

Here we demonstrate ViewNeRF’s ability to work on real images using the Freiburg cars
dataset (Sedaghat and Brox, 2015). The target car instance in each image is first seg-
mented using MaskRCNN (He et al., 2017), and out of the 48 scenes, the first 40 are used
for training, the next three for validation, and the remaining five for testing. As the data
is only labeled with weak viewing direction information, we only report rotation-based
metrics. The results in Table 5.3 illustrate a large gap between the performances of our
approach and ViewNet. We mostly attribute it to ViewNet’s inability to model the com-
plex illumination patterns (e.g. reflections) on real cars. Qualitative results in Fig. 5.5
further illustrate this, i.e. reconstructions from ViewNet, while having sharper colors are
very noisy. In addition, it seems that ViewNet is unable to differentiate the front from the

back of the red car.

In Fig. 5.6, we provide extra comparison between our method and ViewNet on Freiburg
cars, by sampling views at a 45" interval around reconstructed test instances. It is apparent

that ViewNet does not manage to reconstruct the back of the car correctly.
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Figure 5.5: Comparison of reconstructions from the unsupervised ViewNet and ViewN-

eRF on held-out test instances from the Freiburg Cars dataset.

Ours, Ours, Ours, Ours, | Ours w/bg,  Qurs w/ bg,
ViewNet Ours | no predictor MSE singlehead no reg. failed success.
Acc@10° (%, 1) 50.0 73.5 00.8 04.1 114 54.5 01.7 21.1
Med. rot. err. (, }) 9.99 8.05 90.8 91.0 67.4 9.09 85.6 20.5

Table 5.3: Comparison to ViewNet, ablated versions, and unsegmented runs of our

ViewNeRF method on the Freiburg Cars dataset.

Ablated models To validate our design choices, we also evaluate multiple ablated ver-
sions of our model on the Freiburg car dataset. We evaluate four variations: (i) removing
estimators and trying to learn poses directly with backpropagation, i.e. standard pose-
free NeRF training, (ii) using MSE loss instead of the perceptual loss for reconstruction,
(1i1) using a single pose hypothesis, and (iv) removing pose regularization Ly,. All ab-
lations produce worse performance, with the first three resulting in catastrophic failure

(Table 5.3).

5.5.4 Single instance results

Finally, we evaluate ViewNeRF in the single-scene setting with full 360" rotations on

the synthetic-NeRF datasets (Mildenhall et al., 2020) used in GNeRF (Meng et al., 2021).
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Figure 5.6: Reconstructions of Freiburg car test instances for ViewNet and ViewNeRF.

The bottom row is the frame used for providing appearance embedding.
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GNeRF Ours
Acc (%,1) MR () MT (%)) | Acc (%, 1) MR(J) MT (%.))

Chair 100 2.645 4.401 100 3.012 4.680
Drums 98.5 3.307 5.489 80.5 5.212 8.356
Hotdog 74.5 7.120 11.12 96.0 2412 3.898
Lego 91.5 5.153 8.313 87.0 4.659 7.571
Mic 97.5 3.022 4.787 93.5 4.169 6.823
Ship 15.0 28.23 43.56 69.5 6.674 9.946

Table 5.4: Single scenes, NERF synthetic scenes. Acc: Accuracy at 10°, MR: Median
rotation error, MT: Median translation error. GNeRF models were retrained using pub-

lished code.

GNeRF is closely related to our model as it can estimate pose with a simple single forward
pass. However, the pose results reported in the original GNeRF paper are from the training
split of the data, where they are learned using a mixture of gradient descent optimization
and soft-labeling. In Table 5.4 we instead evaluate the GNeRF pose predictor on the test
split in order to perform a fair comparison with our model. We observe that in spite of
its strong performance on the training split and the much larger model it uses, GNeRF
results are broadly comparable to ours during inference. This can be explained by the size
of the training set, that only contains 100 samples, hinting towards overfitting. The ship
scene exhibits a strong rotational symmetry and is thus particularly challenging for both

methods.

5.5.5 Unsegmented scenes study

An additional advantage of NeRF over explicit representation is its ability to model spatial
information at arbitrary coordinates, although the cosine embedding imposes a periodicity

in the input space (Eq. (5.2)). This allows them to deal with almost unbounded scenes, or
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Figure 5.7: Test predictions for two different runs of ViewNeRF on unsegmented Freiburg

Cars. Left figure pictures a failed run, and the right a more successful one.

Figure 5.8: ViewNeRF reconstructions of Freiburg car test instance with background. The

top row is a failed run, the bottom is a successful one.

in practice, large distances, which is often too memory intensive for explicit representa-
tions, in particular for voxels used in the previous chapter. This potential grants them the
ability to use unsegmented images during training, by asking the model to also reconstruct

backgrounds.

Naively attempting to reconstruct backgrounds in 360" scene is often met with poor results
due to the additional large amount of information needed to model, and specific extensions

have been developed to provide better background modeling capabilities (Zhang et al.,
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2020). In the case of category-level viewpoint estimation, the natural assumption that
all instances can easily be aligned is broken, as there is no trivial way to align complete
scenes (object + background). For instance, a dataset of car-based scenes like Freiburg
cars can have a tree in front of the car in one scene, and another tree behind the car in
another. Aligning the scenes with respect to the cars would misalign the trees and vice-

versa.

Furthermore, in the segmented case, all images are semantically close, as they contain a
unique instance of the object category, making it relatively straightforward for a single
model to reconstruct. Backgrounds introduce a vast amount of extra information that is

not shared between scenes, therefore making it much more complex to reconstruct.

Nonetheless, we can still attempt to train ViewNeRF without segmented targets. Results
show a large training instability, with some runs managing to capture the common in-
formation between scenes, i.e. a car in the center and some background further away,
while others fail to do so and fall in symmetry-induced local minima. Fig. 5.7 illustrates
the model predictions for a failed and a more successful one. Predictions in both cases
exhibit strong symmetry issues, to the point that quantitative results are poor for both,
although significantly worse in the failed case (Table 5.3). Qualitative results shown in
Fig. 5.8 further illustrate this phenomenon, with however some reasonably decent recon-
structions in the second case, hinting towards the possibility of success given a properly

designed model and enough training samples.

5.6 Limitations and Conclusion

Although ViewNeRF outperforms prior works in category-based viewpoint estimation, it
also has certain limitations that hinder its applicability to more complex scenarios. While
the requirement for multiple views is common, it limits its application to a few multi-
view datasets. It would be desirable to build a model that can learn object categories

from different instances without requiring multi-view data. While generative methods
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(Nguyen-Phuoc et al., 2019; Mustikovela et al., 2020; Niemeyer and Geiger, 2021; Gu
et al., 2021) possibly possess this ability, they also employ neural-based decoders that
hurt 3D consistency. Another limitation is the need for segmenting foreground objects
from cluttered backgrounds. We observed that when using unsegmented views, complex
backgrounds forming the majority of an image prevented NeRF to pay enough attention
to the object to capture the details needed for estimating category-level pose. Forcing
the reconstruction objective to focus less on the background during training by using two

separate NeRFs as in (Niemeyer and Geiger, 2021) could be a potential solution.

By using a NeRF-based reconstruction pipeline, ViewNeRF is able to produce higher-
quality images and more importantly, model the complex light patterns of real images,
allowing it to work natively on real cars. The addition of an extra pose regularization
method helps make the training more stable, and comparisons against other pose-free
NeRF models show the benefits of using a pose estimator rather than a costly and unstable

gradient-based approach to recover poses of unseen images.






Chapter 6

Conclusion

6.1 Impact

The work carried out in this thesis presents a practical approach towards unsupervised
viewpoint estimation of object categories, articulated around some of the difficulties en-
countered when undertaking such a task. In particular, it highlights some interesting

points that could be useful for future research:

Experimental results show the possibility of unsupervised pose estimation or, depend-
ing on precise nomenclature, self-supervised. Building from equivariant representation
(Worrall et al., 2017; Rhodin et al., 2018) and unsupervised 3D reconstruction models
(Tulsiani et al., 2018; Insafutdinov and Dosovitskiy, 2018), the models developed here
are able to use simple images as a reconstruction target and learn and interpretable pose
space using differentiable rendering. In contrast with more classical methods like struc-
ture from motion (Schonberger and Frahm, 2016) they use reconstructions to naturally

align all images of an object category.

Importance of geometry-preserving models Experiments ran at the end of Chapter 3

show that in complex scenarios, 2D decoders will find shortcuts to reconstruct images,

101
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often by bringing together similar-looking views like the left and right sides of a car.

Somewhat going against the current trend of coupling 3D representations with a neural de-
coder (Nguyen-Phuoc et al., 2019; Mustikovela et al., 2020; Niemeyer and Geiger, 2021;
Gu et al., 2021; Chan et al., 2022), it seems like reliable pose can only be extracted with
strict geometric consistency between the decoded views. While CNN-based decoders
have a positive impact on image quality, their unconstrained nature allows for geometry-
destructing transformations to take place, leading to possibly nonsensical poses. Inter-
estingly, this fact is only seldom reported in publications, although it is relatively easy
to observe when evaluating these models on datasets with 360" rotations. Unfortunately,
the standard evaluation sets for these models appear to be human faces or at best forward
facing scenes. Coupled with a focus only on image quality metrics, this makes the issue
go relatively unnoticed in the field, although a few recent works try to propose solutions
for it in the form of more constrained decoders (Gu et al., 2021; Karras et al., 2021). Still,
it appears these are currently not enough to grant 3D consistency to 2D convolutional
decoders. Hence, until 2D decoders are proven to be geometry-preserving, preference

should be given to models with geometry-preserving rendering processes.

Evaluation biases and unsupervised approaches This problem mostly crept up due to
the inadequacy of evaluation process, which is i) only concerned about image quality,
and ii) using too simplistic settings to evaluate pose (i.e. forward facing only). In a more
pervasive way, PASCAL3D+ (Xiang et al., 2014) is still used as a viewpoint prediction
benchmark, despite the fact that it contains multiple categories that are so biased they
can be solved with constant predictors. At best, supervised models simply reproduce
training biases on the evaluation set, which is a standard concern in all machine learning
approaches. Were the two distributions different, models would perform poorly and the
issue would automatically be acknowledged. For unsupervised models, however, this can
be harder to detect, as it only plays a role during the alignment of the predictions, i.e. a

system can predict perfectly uniform viewpoints and still be made to overfit the evaluation
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distribution.

This issue should be seen as a major concern in the field of object pose estimation and
is partly addressed by the recent release of pose-focused video dataset (Ahmadyan et al.,
2021; Reizenstein et al., 2021). Though it can be mitigated to some extent by adopting
slightly more robust metrics, this calls for more care when collecting data, and for more
critical analysis of results when reporting on biased data. Even on synthetic datasets
like ShapeNet (Chang et al., 2015), biases can creep up due to the lack of care taken
when rendering images. As an example, the data used in SRN (Sitzmann et al., 2019b)
follows different pose distributions between the chair and car categories. For chairs, a
set of 100 uniformly distributed viewpoints is drawn per model, while in cars, the same
100 uniformly sampled poses are used for each model. While both can be argued to be
uniformly sampled, the discrepancy between the two can lead to wrong assumptions about

the data.

6.2 Limitations

The different methods described in this thesis are still hindered by several limitations:

First and foremost, they rely on a common set of assumptions about poses of the object
at training time and during inference, limiting them to restricted scenarios. The need for
an unoccluded single object in the frame can to some extent be emulated by an object
detection system, but these might not be available for certain categories, or simply can
fail. Occlusions can theoretically be synthetically added by augmentation during training,
but unoccluded views are still needed for reconstruction targets. The requirement for
spherical distribution of camera poses can be relaxed to a degree, e.g. on Freiburg cars
(Sedaghat and Brox, 2015), but break when objects go partially out of frame, either due to
the camera pointing elsewhere or coming too close to the object. Finally, the assumption
of an upright-held camera is verified on many datasets and allows models to run in ideal

circumstances, but would prevent it from working if an object is knocked over.
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Another hard limitation is the need for segmented training images. While inputs to
the viewpoint predictors need not be segmented, making the model applicable to unseg-
mented images during inference, the target image has to contain only the object. While
this practice is quite common, even in recent NeRF methods (Mildenhall et al., 2020;
Wang et al., 2021b; Yu et al., 2021b; Jang and Agapito, 2021; Meng et al., 2021), it relies
in practice on a pretrained instance segmentation model. While this limitation is strict in
the case of ViewNet, as perspective transformers are unable to reconstruct backgrounds
due to their limited spatial extent, several NeRF extensions have been proposed that make
it possible to model backgrounds with reasonable accuracy by adding an additional model
in charge of distant objects (Zhang et al., 2020; Niemeyer and Geiger, 2021). However,
in the case of category-level models, backgrounds would be particularly hard to model,
as they would introduce significant amounts of information that would need to be recon-

structed, potentially making the task unsolvable beyond a handful of scenes.

Finally, the application for viewpoint estimation systems is generally for robotic manip-
ulation systems or 3D modeling. Current models developed in this thesis are still too
limited for deployments due to their aforementioned limitations, although they present
an entryway. In particular, since they already incorporate a 3D reconstruction pipeline, a
natural extension could be to integrate pose estimation directly in a 3D modeling system
in order to have a single end-to-end system that learns accurate poses and high-quality

reconstructions, for instance by coupling it with a full-capacity NeRF.

6.3 Future works

Multiple directions can be considered as developments of the models proposed in this

thesis.

As a short-term extension, integrating a background model is a possible way to extend
the applicability of these approaches by removing the need for segmentation masks. As

previously mentioned, multiple extensions of NeRF have been proposed for this, however,
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these are typically designed for a single scene, or as a generative process where the proper
pose is considered to be of little to no importance. To overcome the requirements of well-
distributed poses, a possible solution is a curriculum approach, as observed in some recent
pose-free NeRF models (Lin et al., 2021), starting from easy samples and progressively
making the problem harder introducing more complex scenes. Still, this would require
a way to quantify how complex the pose of a sample is, which is hard to do without
viewpoint information. Orthogonally, trying to find correspondences within and across
scenes could help make prediction more robust, especially to partially occluded or out-of-

frame objects.

Recent models try to operate in even more challenging scenarios like zero-shot pose esti-
mation (Banani et al., 2020; Goodwin et al., 2022), so it would be interesting to see how
analysis by synthesis models could transfer their knowledge to new categories. While
some transfers seem relatively straightforward, e.g. cars to buses, or chairs to sofas, a
more general transfer could be envisioned, although there does not seem to be an obvious

way to do this.

A loosely related direction is to explore NeRF conditioning mechanism. As it was orig-
inally designed for single scenes, and multi-scene conditioning only came later, there is
no standard conditioning mechanism for NeRF, and a variety of approaches have been
proposed. It can take the form of a simple input vector concatenated to the positional
embedding, as in NeRF in the wild (Martin-Brualla et al., 2021), a mapping into middle
representations of the NeRF network as in ViewNeRF and CodeNeRF (Jang and Agapito,
2021), a grid of pre-computed spatial features as in pixeINeRF (Yu et al., 2021b) or EG3D
(Chan et al., 2022), or a more complex transformer-like attention mechanism as the one
developed in CO3D (Reizenstein et al., 2021). Comparative analysis of these different
methods could be a good indicator of the mechanisms behind NeRF conditioning and
how to efficiently share information between different parts of the scene, or conversely

prevent unwanted leakage between independent components.
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As generative NeRF-based models have become increasingly popular (Schwarz et al.,
2020; Niemeyer and Geiger, 2021; Gu et al., 2021; Kosiorek et al., 2021; Kabra et al.,
2021; Chan et al., 2022), a comparison of generative against reconstruction-based pose
estimation could open up interesting research directions. In theory, GAN-based models
are applicable to more complex scenarios, as they only require minimizing a loose ad-
versarial objective instead of reconstructing specific samples, however, their ubiquitous
reliance on convolutional decoders to increase image quality has adverse effects on ge-
ometric consistency and therefore on pose estimation capabilities. GNeRF (Meng et al.,
2021) manages to learn proper poses by mixing adversarial and reconstruction losses -
although it only operates on single scenes - and does not use an additional CNN decoder.
Therefore, properly quantifying the benefits of CNN decoders in generative NeRF could

be a starting point for a new type of generative 3D consistent models.

Finally, longer terms goals would be integrating these systems to their proper application
environments. While most pose estimation papers currently only treat pose estimation
as an end task (Xiang et al., 2014; Liao et al., 2019; Mustikovela et al., 2020), recent
publications show specific interest in designing pose estimation systems with specific
applications in mind like robotic manipulation (Yen-Chen et al., 2022; Kupcsik et al.,

2021) or digitization (Gafni et al., 2021; Liu et al., 2021).
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