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Abstract

This thesis explores how a computer can learn the structure of visual ob-
jects in the absence of strong supervision using self-supervised learning.
We demonstrate that we can learn structural representations of objects
using an autoencoding framework with reconstruction as the key learn-
ing signal. We do this by engineering bottlenecks that disentangle object
structure from other factors of variation. Moreover, we design the bottle-
necks to represent the object structure in the form of 2D and 3D object
landmarks or 3D mesh. Specifically, we develop a method that auto-
matically discovers 2D object landmarks without any annotations using
a conditional autoencoder with 2D keypoint bottleneck that disentangles
pose, represented as 2D keypoints, and appearance. Despite the ability
of self-supervised learning methods to learn stable object landmarks, the
automatically discovered landmarks are not aligned with landmarks that
would be annotated by human annotators. To address this, we present a
method that can inject an unpaired empirical prior into a conditional au-
toencoder by introducing a novel landmark autoencoding that can leverage
powerful image discriminators used in adversarial learning. A by-product
of these conditional autoencoding methods is that the generation can be
interactively controlled by manipulating the keypoints in the bottleneck.
We leverage this feature in a novel method for interactive 3D shape defor-
mation. The method is trained in a self-supervised way to use automat-
ically discovered 3D landmarks to align pairs of 3D shapes. In the test
time, the method allows the user to interactively deform the object shape
via the discovered 3D object landmarks. Finally, we present a method
that uses a photo-geometric autoencoder to recover 3D shape of an ob-
ject category without any 3D annotations. It uses videos for training
and learns to disentangle an image input into a rigid pose, texture and

deformable shape model.
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Chapter 1

Introduction

Learning structural representations of objects is a fundamental problem in computer
vision. Structural representations such as object landmarks, parts, or 3D meshes are
useful as intermediate representations of objects that allow agents to reason about
them as they reflect the underlying physical state while being invariant to other factors
like appearance or camera pose. Moreover, if the learned structural representations
are human-interpretable, they can be directly used by humans in various applications.
Examples include object landmarks in animal behavior studies [80], 3D meshes for
artists in computer graphics. With the emergence of deep learning, there has been
a great success in learning such representations in a supervised way. However, su-
pervised learning requires costly manual annotations that make applications on novel
data expensive. This work studies how a machine can learn structural representations
of objects, specifically 2D and 3D object landmarks and 3D meshes, while relaxing
the requirement for expensive annotations.

Specifically, we leverage deep neural networks following their universal successes
in computer vision. A deep neural network is essentially a composition of parametric
functions that works as a function approximator trained by minimizing a loss function
on its outputs by gradient descent optimization. Training a neural network usually
requires training data consisting of input and target pairs. The target is the desired
output of the neural network given the input. For example, the input can be an image
of a person and the target are 2D coordinates of landmarks that we are interested
in, such as the coordinates of the head, left and right hand and so on. The network
then takes the input and produces an output that is compared to the target from
the training data. This comparison is done by a loss function that measures how far
is the output from the target. The network is then optimized by gradient descent
that adjusts the network parameters in such a way that minimizes the loss, which

brings the output closer to the target. This procedure is called supervised learning
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Figure 1.1: Autoencoding framework. The encoder takes in input & and produces
an encoding that is passed through the bottleneck. The decoder then produces a
reconstruction &* the original input . (A) We also show a conditional autoencoding
version. If the bottleneck removes all the information except for the structure, such as
2D keypoints, we provide a supplemental input @’ for the decoder. The supplemental
input, usually referred to as the source, differs in the property that we want the
bottleneck to capture, in this case pose, but remains the same in the rest of the
properties. This has two benefits: the bottleneck does not have to encode for the
rest of the properties, in this case appearance, but it has to efficiently encode for
the property that is unique for the target. If the bottleneck consists of multiple
representations that capture all factors of variations, conditioning is not necessary as
done in our photometric autoencoder, fig. and chapter @ (B) We can further
impose regularization on the bottleneck as we do in chapters[]to[6]to steer the learned
representation.
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and usually requires a large number of training pairs in order to be able to generalize
on unseen data. These training pairs are in most of the cases produced manually
by human annotators labelling input examples, such as images of humans annotated
with landmarks. This is a very time consuming and costly process as it is usually
required to annotate thousands of images. For example, annotating a single image in
the popular COCO dataset [74] took 19 minutes, which is 39k human hours in total
for the 123k images. Obtaining 3D ground-truth for shape reconstruction of objects
in the wild also poses many challenges. Omne approach is to use Structure-from-
Motion (SfM) [I8, 37, [97] that can reconstruct 3D scene from videos. This requires
the data-collectors to obtain detailed videos of objects capturing them from all sides.
That alone does not ensure successful 3D reconstruction. Reizenstein et al. [97] used
this technique to create a dataset of common objects and they note that out of 22.6k
collected video sequences, only 5.6k resulted in accurate 3D reconstructions. However,
this approach is not applicable to non-rigid objects such as people or animals. This
limitation led authors of [73] to use videos where people were asked to stay frozen in
various poses while the camera moves through the scene. While this could be a viable
approach to collect human data, we can hardly ask animals to stay still in their poses.

Despite the existence of many large scale annotated datasets, they will be always
limited to a fraction of object categories that exist in the world. This means that in
practice it is still often required to collect annotations for particular applications. For
example, animal researchers interested in detecting and tracking animal landmarks
to study their behavior need to first manually annotate a large number of images
and repeat this whenever the animal appearance, environment or lighting condition
changes. This waste their valuable time that they could have otherwise spent on
actual research [80)].

These limitations of supervised learning lead to the question whether we can train
a neural network to produce desired outputs in the absence of annotated training
examples. One approach to do this is to design a proxy learning task for which we
can use some part of inputs or transformed inputs as the targets. This is called self-
supervised learning E] A simple version of a proxy task is where we use the original
input as the target and the neural network is tasked to reconstruct it. While this
could be a trivial task as the neural network could just simply copy the input to
the output, the key is to impose an information bottleneck inside the network. This

leads to an autoencoder neural network that consists of an encoder that transforms

!This can be also often called unsupervised learning in the sense that it does not use annotated
data.



the input into a lower-dimensional code serving as the bottleneck and a decoder that
transforms this code back to be as close as possible to the original input. Since the
bottleneck should not have enough capacity to copy the input, the network needs to
learn an encoding that would be the most efficient in capturing the input information.
The neural networks can be designed to have high capacity in the encoder and the
decoder which means the bias of the dataset can be stored in the weights of the
network. This allows the code in the bottleneck to only encode the differences in the
data. For example, if the data consist of images of a single person in different poses,
the code would only need to encode the different poses but not the appearance of the
person. This way the learned code can become discriminative of the person’s pose.
With more elaborative bottleneck designs and training strategies, we can learn more
complex representations. Moreover, as we demonstrate in this thesis, the bottleneck
can be designed to directly represent structural representations such as 2D /3D object

landmarks or 3D meshes.

1.1 Key ideas and motivation

In this section, we discuss the main ideas and motivation behind the methods intro-
duced in this thesis. The unifying principle is the use of an autoencoding framework
for learning structural representations of objects as illustrated in fig. [[.L1 We ex-
tend this autoencoding framework by engineering bottlenecks that disentangle the
object structure from other factors of variation, such as the pose from the appear-
ance. Moreover, we design the bottlenecks and regularizers to enforce the learned
structural representation the well-established form of 2D and 3D object landmarks
or 3D shape represented as a mesh that are easily interpretable and can be readily
used for other applications. Examples of such a engineered bottlenecks are shown
in figs. and [I.7] Overall, we present four methods that deal with 2D ob-
ject landmark estimation, 3D object landmarks for shape deformation and 3D shape

reconstruction:

1. A conditional autoencoder with 2D keypoint bottleneck, fig.[1.2] that disentan-
gles pose, represented by 2D object landmarks, and appearance without any

further regularization.

2. A conditional autoencoder with a dual 2D keypoint representation that enables

the use of an image discriminator trained on an unpaired landmark prior that
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Figure 1.2: 2D keypoint bottleneck. A differentiable bottleneck engineered to
extract 2D keypoints introduced in chapter

steers the self-supervised landmark learning to learn landmarks that are human-

interpretable.

3. A conditional autoencoder that extracts 3D object landmarks from 3D shapes
and learns to use them for interactive shape deformation. The learned object
landmarks are regularized by a novel keypoint regularizer based on the farthest

point sampling algorithm.

4. An autoencoder with a photo-geometric bottleneck that disentangles rigid pose,
deformable shape and texture, fig. [1.7] We leverage temporal consistency pre-

sented in videos during training for regularization.

We now discuss the key ideas and motivations behind each of the individual methods.
The methods are then presented in their full detail in chapters [3] to [6]

1.1.1 2D object landmarks

As discussed above, structural representations in the form of object landmarks are
useful for many applications but obtaining annotation for supervised learning is ex-
pensive. Hence we wish to learn 2D object landmarks in a self-supervised way. In
order to achieve that, we extend the autoencoding framework by engineering a 2D
keypoint bottleneck fig. that allows only the information about the 2D keypoints
coordinates to be passed through. The decoder reconstructing the original image
from the supplied 2D keypoints was inspired by [120] that demonstrate the use of

keypoints for conditional image generation. Their conditional image generator takes
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Figure 1.3: Conditional image generator. Conditional image generator proposed
by [120]. The generator is conditioned on an image z; and an alternative pose p; i,
supplied as an image and generates a new image with the pose from p;.,, and the
appearance from the z;. Our conditional generator proposed in chapter |3l was inspired
by this approach, but we do not use p; and most importantly, the pose is in the form
of unsupervised landmarks that our method automatically discovers.

the keypoints in the form of a keypoint image and another image of an object and
generates a novel image where the object follows the pose as dictated by the key-
points fig. Inspired by this, our generator also takes keypoints in the form of
a keypoint image and is conditioned on the appearance image that is supplied from
another frame. This simplifies the job for the generator as it has to only perform
image-to-image translation and translate the 2D keypoint image into a novel image
conditioned on the appearance image. Convolutional neural networks are indeed well-
suited for image-to-image translation as demonstrated in [50]. The conditioning on
the appearance image is crucial as the keypoints should not carry the information
about the appearance. At the same time, the appearance image should not contain
the information about the object pose which should be only encoded by the keypoints.
For this purpose, we sample the appearance image from another frame when training
from video sequences or we synthetically warp the input image when learning from
still images. This approach is efficient in discovering stable object landmarks and
does not require any other regularization as the concurrent work [136] that uses a
similar bottleneck but no conditioning. Their method has to specifically enforce the
keypoints to be spread in order to prevent them from collapsing. Our method also

does not require access to known correspondences between the training images as



discovered landmarks human-interpretable landmarks

Figure 1.4: Discovered and human-interpretable landmarks. Self-supervised
landmark detectors [112], 136, 51), [77] discover landmarks [left] that stable but not
human-interpretable (predictions from [51]).

needed by [112, T11, 110, 136]. Other works using image generation to learn about
pose [125], [103] learn a latent code that is discriminative of the object pose but they
cannot readily obtain object landmarks from this code. Our method is specifically

designed to directly output object landmarks in the 2D space of the image.

1.1.2 Human-interpretable 2D object landmarks

While our method for self-supervised discovery of object landmarks introduced above
learns object landmarks that are invariant to the object identity, view and lighting, the
landmarks are far from what human annotators would label as illustrated in fig. [1.4]
This is also common for other self-supervised learning methods [112], 111, 110} 136, [77].
While this is not a problem for applications where the landmarks are used by other
learning algorithms as their intermediate representation for object structure [104), [65,
82, 128], other applications might require the learned landmarks to follow some es-
tablished labeling style that is usually dictated by humans. We might be for example
interested in landmarks located at the position of eyes for faces or joint locations for
human or animal bodies. Our idea is to guide the self-supervised landmark discovery
with unpaired landmark prior that is cheaper to obtain than large-scale annotated
datasets. For example, the unpaired prior can be automatically collected in a lab-
oratory setting as done with motion capture. Inspired by the successes of unpaired

image-to-image translation [I41] using adversarial learning, we would like to leverage
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Figure 1.5: Dual representation 2D keypoint bottleneck. A differentiable bot-
tleneck with dual keypoint representation that allows for the use of an image discrim-
inator to steer 2D object landmark discovery. This bottleneck is used by the method
introduced in chapter [4

Keypoint
g detector

powerful image discriminators to impose the prior. For this purpose, we propose a

novel keypoint autoencoding with a dual representation of landmarks:

1. An image-based keypoint representation produced by neural network encoder
that can be directly regularized by an image discriminator trained on an un-

paired landmark prior.

2. An analytical keypoint representation based on 2D keypoint coordinates that

serve as the bottleneck.

To make this end-to-end differentiable, we translate from the image-based represen-
tation to the keypoint-based representation by a keypoint detector that is a neural
network pre-trained on analytically rendered keypoints or skeletons as illustrated
in fig. This approach learns to discover correctly aligned landmarks without any
further regularization.

An interesting property of this form of conditional generation shared with the
previous work is that it can be used to control image generation by manipulating the
landmarks in the bottleneck as illustrated in fig.
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Figure 1.6: Conditional image editing using detected landmarks. As a by-
product of the conditional autoencoding used by methods from chapters [3] and [4]
we can control the generated image by manipulating the coordinates of detected
keypoints (kpts). Figure comes from [52].

1.1.3 3D landmarks for interactive shape deformation

Production of virtual environments for computer games, virtual or augmented reality
comes with a demand for a large number of 3D models. Editing existing 3D models
for specific applications could be an effective way to meet this demand. However,
editing 3D models still requires expert knowledge and can be time-consuming. In
order to make this task more accessible and efficient, we propose a machine-assisted
3D content creation method for deforming 3D shapes that is simple and intuitive.
Our method uses 3D keypoints as semantically meaningful control points for object
deformation. Since supervision for keypoints and deformation would be difficult to
obtain, we wish to learn the keypoints and deformation in a self-supervised way.
For this purpose, we adapt the conditional autoencoding framework and design a
proxy learning task where the goal is to align a source shape with a target shape
by deforming the source shape. The method uses a 3D keypoint bottleneck that
extracts 3D keypoints from the source and target shapes. The extracted 3D keypoint
representation of the shapes is then used to infer the deformation that would align the
source shape into the target shape. The deformation is modeled using cages-based

deformation [132] that preserves the details of the shape. During the test time, thanks



to conditional autoencoding, the deformation of the source shape can be controlled
by the target keypoints without the need for an exemplar target shape. The user can
directly manipulate the target keypoints in the bottleneck to guide the deformation
of the source shape. The motivation for this design is inspired by our previously
introduced methods for 2D landmarks where the conditional editing ability is learned
as a by-product as shown in fig. [I.6] but here this is the primary goal of this method.

Since it is difficult to obtain ground-truth training pairs that would be a direct
deformation of each other, our method has to be able to work with distinct pairs of
instances from the same object category that are present in common datasets such
as ShapeNet [7]. As one-to-one correspondences are not available in this case, we
use the Chamfer distance between the deformed source shape and the target shape
as the reconstruction loss. We also found that we need to use further regularization
to learn useful landmarks as compared to the 2D landmarks where the task itself
induces a strong learning signal. We design a farthest point sampling regularizer that
encourages keypoints to be evenly distributed and focus on significant locations. The
object landmarks learned by the method are semantically consistent across largely

different instances of an object category.

1.1.4 Deformable objects from videos

A 3D mesh is a powerful structural representation of objects and if predicted in a
canonical frame, it is invariant to viewpoint changes. Not only it fully captures the
underlying 3D shape of the object but it can be also used to implicitly obtain dense
correspondences between different viewpoints. Moreover, if different instances of the
object category share the same mesh structure, such as through a prior/canonical
mesh, one can also establish dense correspondences between different instances. Dense
correspondences can be considered as a superset of object landmarks or object parts.
If object landmarks or parts predictions are still required, they can be easily obtained
by annotating a single mesh with keypoints or object parts. In this sense, a 3D mesh
can be considered as a more powerful structural representation than landmarks or
object parts.

However, reconstructing a 3D mesh of an object from a single image is an ex-
tremely ill-posed task. With learning-based methods, this task can become tractable
as they can capture shape priors for an object-category that help them to reconstruct
a 3D shape from a single image [13, 26, 121} B2, [61, 27, 58]. Many of these ap-
proaches have the disadvantage that they require access to ground-truth 3D shapes
during training [13, 26, 121], B2, [61]. Obtaining 3D ground-truth data for objects

10
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necks each encoding for a different factor of variation: rigid pose, mesh, texture that
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the input.
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in the wild is very challenging and even more when the objects are deformable like
animals or humans. Using videos of objects has the potential to sufficiently constrain
the problem in the absence of ground-truth 3D data. Videos can provide different
views of the object when the object moves or by moving the camera around the ob-
ject. Structure-from-Motion methods [18, B7] then establish correspondences across
the different views and recover the 3D shape of the object provided that it is rigid.
Learning-based methods [88, [73], 41] use a similar principle and learn to reconstruct
3D shapes from a single or a few images but they are also limited to only rigid ob-
jects. However, many objects such as animals, humans, machines are not rigid but
deformable. Using videos of deformable objects for supervision is challenging as it is
difficult to disambiguate what changes in the observed images have arisen from the
rigid motion of the object/camera and the deformation of the object when establishing
correspondences.

Our approach addresses these challenges by jointly learning to recover the rigid
pose, object shape and the per-frame deformation of the shape and by exploiting
the natural temporal consistency of videos. Specifically, we base our method on the
autoencoding framework with a bottleneck that factorizes the encoding of the image
input into a rigid pose, 3D shape, a per-frame deformation, and a texture as illustrated
in fig. [I.7] The decoder is in the form of an analytical mesh renderer [611 [75, [96] that
reconstructs the original image from these components. We also leverage the temporal
consistency of videos to guide the learning in two ways. First, as we can assume that
the identity and appearance of the object do not change in the video, we can enforce
constant texture and per-sequence shape while the deformation is being factored out
by a deformation model. Second, learning from videos allows us to use a generic
optical flow estimator to obtain local short-term correspondences that can be used
as a part of the supervision. As the video sequences are not guaranteed to observe
the object from all sides during learning, we need to impose further regularization
on the shape. We do that by incorporating a learned per-category shape prior that
is then deformed into individual per-sequence object instances. This also brings
another benefit. As all the predicted shapes are related through the shape prior,
we can not only establish correspondences between different views or deformations
of the same instance but also between different instances of an object category. All
this regularization, enabled by the use of videos, allows us to use less supervision
than other image-based weakly-supervised methods that require ground-truth 2D
keypoints [58, [72], 3D viewpoints [58, [72] or initial prior shapes [29] while our shape

reconstructions are also more consistent and accurate across novel viewpoints. UMR,
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method presented in [71] also uses less category-specific supervision than the above
methods, but it still requires a weak-supervision for correspondences obtained from
a network pre-trained on ImageNet dataset [63, 106, 38|, 45].

1.2 Publications

The work in this thesis was presented in the following publications:

e Chapter [3} Unsupervised Learning of Object Landmarks through Conditional
Image Generation. Tomas Jakab*, Ankush Gupta*, Hakan Bilen, Andrea Vedaldi.
Proceedings of 32nd Conference on Neural Information Processing Systems (NeurIPS),
2018.

e Chapter|d} Self-supervised Learning of Interpretable Keypoints from Unlabelled
Videos. Tomas Jakab, Ankush Gupta, Hakan Bilen, Andrea Vedaldi. Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2020.

e Chapter 5} KeypointDeformer: Unsupervised 3D Keypoint Discovery for Shape
Control. Tomas Jakab, Richard Tucker, Ameesh Makadia, Jiajun Wu, Noah
Snavely, Angjoo Kanazawa. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2021.

e Chapter [(f DOVE: Learning Deformable 3D Objects by Watching Videos.
Shangzhe Wu*, Tomas Jakab*, Christian Rupprecht, Andrea Vedaldi. Preprint
arXiv:2107.10844, 2021.

* denotes equal contribution.
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Chapter 2

Literature Review

Despite the success of supervised learning, the key limitation remains: it requires
large-scale annotated datasets. Self-supervised learning methods can on the other
hand learn for unannotated data that are much easier to obtain. Self-supervised
learning has been mainly focused on general feature learning, also called representa-
tional learning. The learned features can then be used to train a supervised model for
the desired down-stream task with a much smaller amount of annotations. Early ex-
amples include training autoencoders [42, [67]. Later, more complex proxy tasks were
proposed leading to better performance. This includes works that propose to extract
patches from images and predict the spatial relationships between them [I5] 87]. In a
similar spirit but in the temporal domain, [83] 21] use videos and task their network
to predict the temporal relationships between sampled frames. Larsson et al. [66]
suggest using features obtained from a network trained on image colorization [I35].
Gidaris et al. [25] rotate an image and train their network to predict the rotation that
was applied. DeepCluster [5] use feature clustering and iteratively alternates between
clustering learned features into groups and training a neural network to predict the
cluster assignments. Recently introduced contrastive learning [90] learns features by
predicting the future in the feature space in temporal or spatial domain and lever-
aging contrastive losses. Rather than learning general image representations, this
thesis deals with self-supervised training of neural networks that can directly predict
structural representations of objects such as 2D /3D object landmarks or 3D meshes.
Specifically, we review self-supervised methods for object landmarks, shape deforma-

tion and category mesh reconstruction.

14



2.1 Object landmarks

Learning object landmarks was predominantly studied using supervised learning that
relies on annotated datasets for training such as MS COCO Keypoints [74], Hu-
man3.6M [49], MPII [I] and LSP [54]. Prior to the deep learning era, a common
way was to use pictorial structures [19] to model the object poses. With the advent
of deep convolutional neural networks, it became feasible to directly predict object
landmarks from the input image. Initially this was done by directly regressing the
keypoint coordinates [I14] but methods predicting keypoint heatmaps proved to be
the most successful [124], 84, 2 93], 6], B, 113], 48, 4], 80].

Since deep neural networks are notorious for requiring a large amount of training
data, there has been growing interest in leveraging self-supervised learning for pose

estimation.

2.1.1 Pose embeddings

Initially, a line of self-supervised learning methods for pose learned features that
are discriminative of object pose, but they could not directly predict 2D /3D object
landmarks. Kanazawa et al. [57] and Rocco et al. [08] align pairs of images containing
objects from the same category by predicting the deformation field to warp the source
image. Their methods are supervised by known correspondences from synthetically
warped images. Shu et al. [I03] and Wiles et al. [I25] propose using autoencoders
that factor out an appearance and deformation modeled as a deformation field. Shu
et al. [I03] train an autoencoder that disentangles appearance represented as texture
in a canonical coordinate frame and a deformation field which warps the texture to
reconstruct the input. The appearance information has to be passed through a tight
bottleneck to prevent trivial solutions which lower the quality of reconstruction. In
contrast, Wiles et al. [125] use videos and train a conditional autoencoder that obtains
the appearance information from a second frame. Conditioning on a second frame
prevents the network from learning trivial solutions as in [I03] and leads to better

performance.

2.1.2 2D object landmarks

Other line of works focuses on directly predicting object landmarks. Works by Thewlis
et al. [112] 111l 110] learn sparse and dense landmarks and are supervised by known
transform between training image pairs using equivariance. The transformation is

obtained by synthetically warping images as in [57), O8] or from optical flow. Zhang
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et al. [136] proposed an autoencoder to discover landmarks that serve as an explicit
structural representation inside an autoencoder where they are used to pool fea-
tures extracted from the input image. The input image is reconstructed from these
landmark-pooled features. However, this is insufficient to learn geometry and re-
quires them to also use the principle of equivariance [112] and other regularizers such
as distinctiveness that require balancing to achieve optimal results. Our method [51]
introduced in chapter [3Juses a conditional autoencoder that extracts a small amount of
information from a given target video frame via a tight bottleneck which retains pose
information while discarding appearance. The appearance information is obtained
from a second source frame. The method does not require any further regularization
such as in the form of equivariance or distinctiveness as in the previous works while
producing more accurate landmarks. Mallis et al. [79] propose a self-training ap-
proach that transforms generic landmarks into object landmarks. The work shows
better performance across large viewpoint changes that is perhaps due to the strong
initialization from generic keypoints that were obtained by Superpoint method [14]
trained on a large-scale synthetic dataset. Our other work [52], chapter , notice
that landmarks discovered by self-supervised methods are not semantically aligned
with human annotations and propose to use an unpaired prior to guide the automatic

landmark discovery.

2.1.3 3D object landmarks

Self-supervised 3D object landmarks are less explored than 2D landmarks. Most of
the works focus on lifting 2D annotations to 3D space [117, 140, 130}, 56, 09, 89]. Many
of these works utilize adversarial 3D landmark prior obtained from mocap data [117,
130] [56]. Suwajanakorn et al. [I09] learn 3D object landmarks for objects from image
pairs differing by a known 3D rigid transformation. Self-supervised learning of 3D
keypoints for 3D shapes represented as meshes or point clouds has been mostly studied
from the interest point detection perspective rather than learning semantic 3D object
landmarks [11, 20, 53]. This includes handcrafted methods [16], 10, 138 134] and
only recently deep learning [69] methods. Chen et al. [I1] propose a point cloud
autoencoder that outputs a structured 3D representation to obtain sparse or dense
shape correspondences for object category. Fernandez et al. [20] learn to predict
3D landmarks using symmetric linear shape basis and a set of desirable keypoint
properties as a regularization. Our work [53] introduced in chapter [5| also learns 3D
landmarks by training an encoder that outputs an order set of keypoints regularized

by a farthest point sampling keypoint regularizer.
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2.1.4 Object parts

Works on self-supervised learning of object parts are also related as they often build
on similar principles as methods for object landmarks. Lorenz et al. [T7] propose a
similar autoencoder as [136] but instead of using isotropic gaussian point represen-
tation inside the bottleneck that is used to transport the image features they use
anisotropic gaussian that is better suited for object parts but the detected shapes are
limited to be mostly elliptical. Hung et al. [45] propose learning object part segmenta-
tion utilizing multiple geometric, equivariance and semantic consistency constraints.
The semantic consistency utilizes image features obtained from a network pre-trained
on ImageNet [63, [106] [38]. Liu et al. [76] propose a conditional autoencoder that
transfers appearance features from a source image to a target image via predicted

object part segmentation.

2.1.5 Adversarial learning

Also related is adversarial learning as we utilize this to impose empirical pose prior
on our self-supervised learning of landmarks chapter 4] Adversarial learning was
proposed as a generative model [31] trained on a set of unlabeled data, for example
images. The model consists of two networks, generator and discriminator. Genera-
tor transforms an input, usually noise, into an output that is in the domain of the
training data. The discriminator is trained to verify whether a sample belongs to the
training data or is generated by the generator while the generator is trained to fool
the discriminator. This leads the generator to produce outputs that follow the dis-
tribution of the training data. When trained on large image datasets, this technique
can generate realistically looking novel images that are not contained in the training
data [59]. Apart from image generation, adversarial learning was later applied to
image labelling [23], 43, 118, 119, [34] and unpaired image-to-image translation [I41].
Unpaired image-to-image translation uses two datasets of images, for example, aerial
photos and image patches of maps, and learns a neural network that can translate
between them. This is done by training a generator that takes an image from the
first dataset as the input and produces an output that is enforced to follow a dis-
tribution of another dataset by the discriminator. Zhu et al. [I41] demonstrate that
image-to-image translation can be trained to preserve the structure in the images
when translating between different domains, for example, roads in aerial photos are

preserved when translated into the map domain.
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2.2 Shape deformation

Here we review two related areas of shape deformation in computer graphics: inter-
active shape deformation and shape alignment. In interactive shape deformation, a
user defines cues or constraints of how a shape (usually mesh) should be deformed,
and the method has to deform the mesh as realistically as possible while respecting
the user-defined constraints. In shape alignment, the deformation of a source shape
is guided by a target shape and the goal is to align the source shape with the target

shape while preserving the details and realism of the deformed shape.

2.2.1 Interactive deformation

With optimization-based methods, the user manipulates a sparse set of vertices and
the method has to adjust the rest of the vertices in such a way that the resulting defor-
mation is as realistic as possible. This is usually achieved by preserving local Laplacian
properties of the mesh. Examples include Laplacian-based shape editing [107] and
As-Rigid-As-Possible shape deformation [108]. These methods are typically used for
organic shapes or deformable objects.

In another line of works, the user does not manipulate the vertices of the object
mesh directly. With cages-based methods, the user interacts with vertices of a coarse
mesh structure, called cage, enclosing the original object mesh [55]. The cage and
mesh vertices are tied together through a linear mapping and manipulating the cage
vertices results in an interpolated deformation of the enclosed mesh. In skeleton-
based deformation [78, [68], the mesh is rigged to a skeleton consisting of bones. The
user then transforms a bone which transforms the vertices that are associated with it.
To increase the realism of deformation, the mesh vertices are usually soft-associated
with multiple bones and the deformations are interpolated. Both techniques are often
used for character animation.

Thanks to the advancements in machine learning many learning-based approaches
were proposed. Yumer et al. [I33] use semantic attribute annotations for shapes
and learn a mapping from semantic attributes to the shape geometry. In a test
time, sliders are used to control attributes of the shape. Deep neural networks have
recently led to self-supervised methods using generative models. Many of them learn
a generative model of shape primitives together with the mapping to the high-fidelity
shape. The shape then primitives serve as an abstraction of the shape that the
user can interactively manipulate. Tulsiani et al. [I16] parse shape into a set of

cuboids. This was extended by Paschalidou et al. [92] that use superquadrics instead
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of cuboids. Gadelha et al. [22] learn more granular shape handles by utilizing external
decomposition annotation. Hao et al. [36] learn a dual representation of a shape
— sphere-based shape primitives and a high-fidelity shape. The mapping between
the shape primitives and the high-fidelity shape is achieved by learning a generative
model for each but with shared latent space. This results in tight coupling between
representations that allows the user to interact with the high-fidelity shape through
the sphere-based shape primitives. Our method [53] uses automatically discovered
semantic 3D object landmarks to control the shape deformation model that is trained

in a self-supervised way on a pair-wise shape alignment task.

2.2.2 Shape alignment

Shape alignment has been a long-studied problem. Traditional techniques include
Iterative Closest Point (ICP) [100], which alternates between point correspondence
estimation and rigid deformation. Non-rigid ICP [44] extends this to non-rigid de-
formations between source and target shapes. The success of deep neural networks
has led to the increased popularity of learning based-methods based on a conditional
autoencoder that does not require correspondences and is trained with reconstruction
loss that is usually in the form of Chamfer distance as the point-to-point correspon-
dences are not available. Hanocka et al. [35] propose a conditional autoencoder that
takes source and target objects and predicts a freeform deformation that warps the
source shape to match the target shape. Wang et al. [122] also use a conditional
autoencoder but their method directly predicts the per-vertex offsets. The predicted
deformation is further regularized by feature-preserving losses such as mesh laplacian
loss. Groueix et al. [33] also perform per-vertex deformation but use cycle-consistency
loss together with reconstruction loss which leads to smoother deformations. Yifan et
al. [132] leverage detail-preserving cage-based deformation and instead of predicting

the per-vertex offsets of the mesh, they predict per-vertex offsets for the cage vertices.

2.3 3D shape reconstruction

Recovering 3D shapes of objects from images has been traditionally done using
multiple-view geometry. Traditional methods like Structure-from-Motion (SfM) [I8|
37] require multiple views of the object across which they estimate correspondences
in order to infer the camera poses and recover the underlying 3D shape. In this
thesis, we are interested in recovering 3D shape of an object from a single image

which is an extremely ill-posed problem. With learning-based approaches that use
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deep neural networks, methods can capture shape priors during training which can
supplement the information missing in the single image during reconstruction. Many
methods that were initially proposed require 3D ground-truth shape annotations for
training [13, 26, 121], 32, [61]. Obtaining good 3D ground-truth is a challenging task.
One way to do this is to create a synthetic dataset by rendering 3D models. How-
ever, due to the domain gap, models trained on synthetic data do not perform well
on in-the-wild data. Collecting 3D ground-truth for in-the-wild objects can be done
by using Structure-from-Motion pipeline but that requires manually capturing every
object on a camera from all sides which is a laborious process [97] and works only
for rigid objects. This inspired the development of self-supervised and weakly super-
vised methods that do not need 3D shape ground-truth annotations. They are mostly
based on an autoencoding framework using reconstruction loss as the main source of

their supervision.

2.3.1 Depth

Initially, self-supervised methods focused primarily on depth recovery. Many of these
works exploit multi-view consistency as the source of the supervisory signal. The
works of Garg et al. [24] and Godard et al. [28] use conditional autoencoder that is
trained on binocular stereo image pairs. The autoencoder encodes the first image as
a single-view disparity (inverse depth map) that is used to warp the second image to
match the first image. SfMLearner [139] is based on a similar principle but instead
of using binocular images, it uses monocular video footage which means that it has
to also learn to estimate the ego-motion between the frames. Unsup3D [127] learns
to estimate the 3D shape of an object category by learning an autoencoder that
decomposes the input image depth, albedo, viewpoint and lighting. They do not
need multiple views in the supervision, instead they exploit the object symmetry for
supervision. Their method works only with limited viewpoint variation and does not

recover the full shape.

2.3.2 Point clouds and voxels

Insafutdinov et al. [47] propose a conditional autoencoder that encodes source and
target images containing different views of an object. The source image is encoded as
a point cloud and the target image as a camera pose. Using the source point cloud
and the target camera pose, the point cloud is rendered in a differentiable way on the

image plane. The autoencoder is supervised by reconstruction loss between the point

20



cloud rendering and the target silhouette. The rendering does not work with colours
and thus requires silhouettes for supervision. A similar approach is used by [115],
but instead of point clouds, it predicts voxel occupancy. It also does not work with

colours and the rendering only produces silhouettes.

2.3.3 Meshes

More recently, a group of autoencoding methods, including ours [126], use 3D meshes
as their shape representation [61, 58] [75] 12, 60, 121, 0T 39, B0, [71], [72, 137]. This was
enabled by the invention of differentiable mesh renderers [611 [75 12]. Many of these
works do not use multiple views for supervision, instead, they learn from still images
of object category. Since this makes the problem more challenging, they require ad-
ditional sources of supervision such as 2D keypoints or shape priors. CMR [58] and
VMR [70] require 2D keypoints to construct initial shape and estimate viewpoints
using Structure-from-Motion. U-CMR [30] improves upon CMR, by removing the 2D
keypoints requirement, but the method needs a category template shape for initial-
ization. UMR [71] uses the least amount of supervision out of these methods as it
replaces 2D keypoints with weakly-supervised part segmentation’s from SCOPS [46]
to obtain correspondences for supervision. Our work [126] learns from videos and
apart from optical flow obtained from a generic optical flow estimator, it does not
require any of the supervision mentioned above. All these works, including ours, still

require object segmentation masks.

2.3.4 Adversarial learning and optimization

Methods using adversarial training [64, 9, [40, [85] 86, 13T, T02], 137] use a discrimina-
tor trained on an image collection of object category. During training, they sample
novel views of the object or a scene and render them. Since they do not have access
to multiple views of the object, they use a discriminator that encourages the sam-
pled view to follow the distribution of training images that are expected to contain
multiple views of object category but not necessary of the same object instance. The
reconstructions tend to be coarse and produce inconsistent shapes and textures across
different views.

Most of the works using multiple views during inference focus on optimization
for a single instance or a scene reconstruction. Recently introduced Neural Radiance
Fields (NeRF) [81] synthesize novel views by optimizing a volumetric scene function

from densely sampled views of a single scene. D-NeRF [95] extends NeRF to optimize
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representations of dynamic scenes from multi-view videos. LASR [129] optimizes a

deformable 3D mesh on an individual video sequence of an object.
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Abstract

We propose a method for learning landmark detectors for visual objects (such as
the eyes and the nose in a face) without any manual supervision. We cast this as the
problem of generating images that combine the appearance of the object as seen in
a first example image with the geometry of the object as seen in a second example
image, where the two examples differ by a viewpoint change and/or an object
deformation. In order to factorize appearance and geometry, we introduce a tight
bottleneck in the geometry-extraction process that selects and distils geometry-
related features. Compared to standard image generation problems, which often
use generative adversarial networks, our generation task is conditioned on both
appearance and geometry and thus is significantly less ambiguous, to the point
that adopting a simple perceptual loss formulation is sufficient. We demonstrate
that our approach can learn object landmarks from synthetic image deformations
or videos, all without manual supervision, while outperforming state-of-the-art
unsupervised landmark detectors. We further show that our method is applicable to
a large variety of datasets — faces, people, 3D objects, and digits — without any
modifications.

1 Introduction

There is a growing interest in developing machine learning methods that have little or no dependence
on manual supervision. In this paper, we consider in particular the problem of learning, without
external annotations, detectors for the landmarks of object categories, such as the nose, the eyes, and
the mouth of a face, or the hands, shoulders, and head of a human body.

Our approach learns landmarks by looking at images of deformable objects that differ by acquisition
time and/or viewpoint. Such pairs may be extracted from video sequences or can be generated by
randomly perturbing still images. Videos have been used before for self-supervision, often in the
context of future frame prediction, where the goal is to generate future video frames by observing
one or more past frames. A key difficulty in such approaches is the high degree of ambiguity that
exists in predicting the motion of objects from past observations. In order to eliminate this ambiguity,
we propose instead to condition generation on two images, a source (past) image and a target (future)
image. The goal of the learned model is to reproduce the target image, given the source and target
images as input. Clearly, without further constraints, this task is trivial. Thus, we pass the target
through a tight bottleneck meant to distil the geometry of the object (fig. 1). We do so by constraining
the resulting representation to encode spatial locations, as may be obtained by an object landmark
detector. The source image and the encoded target image are then passed to a generator network
which reconstructs the target. Minimising the reconstruction error encourages the model to learn
landmark-like representations because landmarks can be used to encode the geometry of the object,

*equal contribution.
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Figure 1: Model Architecture. Given a pair of source and target images (x, x’), the pose-regressor ¢
extracts K heatmaps from x’, which are then marginalized to estimate coordinates of keypoints, to
limit the information flow. 2D Gaussians (y’) are rendered from these keypoints and stacked along
with the image features extracted from x, to reconstruct the target as ¥(x,y’) = X’. By restricting
the information-flow our model learns semantically meaningful keypoints, without any annotations.

which changes between source and target, while the appearance of the object, which is constant, can
be obtained from the source image alone.

The key advantage of our method, compared to other works for unsupervised learning of landmarks,
is the simplicity and generality of the formulation, which allows it to work well on data far more
complex than previously used in unsupervised learning of object landmarks, e.g. landmarks for the
highly-articulated human body. In particular, unlike methods such as [45, 44, 55], we show that our
method can learn from synthetically-generated image deformations as well as raw videos as it does
not require access to information about correspondences, optical-flow, or transformation between
images.

Furthermore, while image generation has been used extensively in unsupervised learning, especially
in the context of (variational) auto-encoders [22] and Generative Adversarial Networks (GANs [13];
see section 2), our approach has a key advantage over such methods. Namely, conditioning on
both source and target images simplifies the generation task considerably, making it much easier
to learn the generator network [18]. The ensuing simplification means that we can adopt the direct
approach of minimizing a perceptual loss as in [10], without resorting to more complex techniques
like GANs. Empirically, we show that this still results in excellent image generation results and
that, more importantly, semantically consistent landmark detectors are learned without manual
supervision (section 4). Project code and details are available at: http://www.robots.ox.ac.uk/
“vgg/research/unsupervised_landmarks/

2 Related work

The recent approaches of [45, 44] learn to extract landmarks based on the principles of equivariance
and distinctiveness. In contrast to our work, these methods are not generative. Further, they
rely on known correspondences between images obtained either through optical flow or synthetic
transformations, and hence, cannot leverage video data directly. Since the principle of equivariance is
orthogonal to our approach, it can be incorporated as an additional cue in our method.

Unsupervised learning of representations has traditionally been achieved using auto-encoders and
restricted Boltzmann machines [14, 47, 15]. InfoGAN [6] uses GANSs to disentangle factors in the
data by imposing a certain structure in the latent space. Our approach also works by imposing a latent
structure, but using a conditional-encoder instead of an auto-encoder.

Learning representations using conditional image generation via a bottleneck was demonstrated
by Xue et al. [52] in variational auto-encoders, and by Whitney et al. [50] using a discrete gating
mechanism to combine representations of successive video frames. Denton et al. [8] factor the pose
and identity in videos through an adversarial loss on the pose embeddings. We instead design our
bottleneck to explicitly shape the features to resemble the output of a landmark detector, without any
adversarial training. Villegas et al. [46] also generate future frames by extracting a representation of
appearance and human pose, but, differently from us, require ground-truth pose annotations. Our
method essentially inverts their analogy network [36] to output landmarks given the source and target
image pairs.



Several other generative methods [42, 40, 37, 48, 32] focus on video extrapolation. Srivastava et
al. [40] employ Long Short Term Memory (LSTM) [16] networks to encode video sequences into
fixed-length representation and decode it to reconstruct the input sequence. Vondrick et al. [48]
propose a GAN for videos, also with a spatio-temporal convolutional architecture that disentangles
foreground and background to generate realistic frames. Video Pixel Networks [20] estimate the
discrete joint distribution of the pixel values in a video by encoding different modalities such as time,
space and colour information. In contrast, we learn a structured embedding that explicitly encodes
the spatial location of object landmarks.

A series of concurrent works propose similar methods for unsupervised learning of object structure.
Shu et al. [38] learn to factor a single object-category-specific image into an appearance template in a
canonical coordinate system, and a deformation field which warps the template to reconstruct the input,
as in an auto-encoder. They encourage this factorisation by controlling the size of the embeddings.
Similarly, Wiles et al. [51] learn a dense deformation field for faces but obtain the template from a
second related image, as in our method. Suwajanakorn et al. [43] learn 3D-keypoints for objects
from two images which differ by a known 3D transformation, by enforcing equivariance [45]. Finally,
the method of Zhang et al. [55] shares several similarities with ours, in that they also use image
generation with the goal of learning landmarks. However, their method is based on generating a
single image from itself using landmark-transported features. This, we show is insufficient to learn
geometry and requires, as they do, to also incorporate the principle of equivariance [45]. This is a key
difference with our method, as ours results in a much simpler system that does not require to know
the optical-flow/correspondences between images, and can learn from raw videos directly.

3 Method

Let x,x’ € X = RT*XWXC pe two images of an object, for example extracted as frames in a video
sequence, or synthetically generated by randomly deforming x into x’. We call x the source image
and x’ the target image and we use € to denote the image domain, namely the H x W lattice.

We are interested in learning a function ®(x) =y € ) that captures the “structure” of the object in
the image as a set of K object landmarks. As a first approximation, assume that y = (uq,...,ux) €
QX = Y are K coordinates uy, € €2, one per landmark.

In order to learn the map @ in an unsupervised manner, we consider the problem of conditional image
generation. Namely, we wish to learn a generator function

U: X xY— X, (x,y") — x’

such that the target image x' = ¥(x, ®(x’)) is reconstructed from the source image x and the
representation’y' = ®(x') of the rarget image. In practice, we learn both functions ® and W jointly
to minimise the expected reconstruction loss ming ¢ Ex x [£(X/, U(x, ®(x’)))] . Note that, if we
do not restrict the form of ), then a trivial solution to this problem is to learn identity mappings
by setting y’ = ®(x’) = x’ and ¥(x,y’) = y’. However, given that y’ has the “form” of a set of
landmark detections, the model is strongly encouraged to learn those. This is explained next.

3.1 Heatmaps bottleneck

In order for the model ®(x) to learn to extract keypoint-like structures from the image, we terminate
the network ® with a layer that forces the output to be akin to a set of K keypoint detections. This
is done in three steps. First, K heatmaps S, (x;k),u € € are generated, one for each keypoint
k=1,..., K. These heatmaps are obtained in parallel as the channels of a R X" *¥ tensor using
a standard convolutional neural network architecture. Second, each heatmap is renormalised to a
probability distribution via (spatial) Softmax and condensed to a point by computing the (spatial)

expected value of the latter:
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Third, each heatmap is replaced with a Gaussian-like function centred at u;, with a small fixed
standard deviation o:
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Figure 2: Unsupervised Landmarks. [left]: CelebA images showing the synthetically transformed
source x and target x’ images, the reconstructed target ¥(x, ®(x’)), and the unsupervised landmarks
®(x’). [middle]: The same for video frames from VoxCeleb. [right]: Two example images with
selected (8 out of 10) landmarks uy, overlaid and their corresponding 2D score maps S, (x; k)
(see section 3.1; brighter pixels indicate higher confidence).

The end result is a new tensor y = ®(x) € RZXW*E that encodes as Gaussian heatmaps the
location of K maxima. Since it is possible to recover the landmark locations exactly from these
heatmaps, this representation is equivalent to the one considered above (2D coordinates); however, it
is more useful as an input to a generator network, as discussed later.

One may wonder whether this construction can be simplified by removing steps two and three and
simply consider S(x) (possibly after re-normalisation) as the output of the encoder ®(x). The answer
is that these steps, and especially eq. (1), ensure that very little information from x is retained, which,
as suggested above, is key to avoid degenerate solutions. Converting back to Gaussian landmarks
in eq. (2), instead of just retaining 2D coordinates, ensures that the representation is still utilisable by
the generator network.

Separable implementation. In practice, we consider a separable variant of eq. (1) for computa-
tional efficiency. Namely, let u = (u1, u2) be the two components of each pixel coordinate and write
Q = Q) x Q9. Then we set

Su; (xsk)

Uz e
Lo Sk = Y S (iR,

Su,; (%K) 7
Zuieﬂi € uj €Q;

where i = 1,2 and j = 2, 1 respectively. Figure 2 visualizes the source x, target x’ and generated
U(x, ®(x’)) images, as well as x’ overlaid with the locations of the unsupervised landmarks ®(x’).
It also shows the heatmaps S, (x; k) and marginalized separable softmax distributions on the top and
left of each heatmap for K = 10 keypoints.

(%) =

3.2 Generator network using a perceptual loss

The goal of the generator network X' = ¥(x,y’) is to map the source image x and the distilled
version y’ of the target image x’ to a reconstruction of the latter. Thus the generator network is
optimised to minimise a reconstruction error £(x’,%’). The design of the reconstruction error is
important for good performance. Nowadays the standard practice is to learn such a loss function
using adversarial techniques, as exemplified in numerous variants of GANs. However, since the goal
here is not generative modelling, but rather to induce a representation y’ of the object geometry for
reconstructing a specific target image (as in an auto-encoder), a simpler method may suffice.

Inspired by the excellent results for photo-realistic image synthesis of [4], we resort here to use the
“content representation” or “perceptual” loss used successfully for various generative networks [12, 1,
9,19, 27, 30, 31]. The perceptual loss compares a set of the activations extracted from multiple layers
of a deep network for both the reference and the generated images, instead of the only raw pixel
values. We define the loss as £(x/, %) = Y, oy||[T(x’) — T'u(X')||3, where I'(x) is an off-the-shelf
pre-trained neural network, for example VGG-19 [39], I'; denotes the output of the I-th sub-network
(obtained by chopping I" at layer /). As our goal is to have a purely-unsupervised learning, we
pre-train the network by using a self-supervised approach, namely colorising grayscale images [25].



n supervised Thewlis [45] Ours selfsup

1 10.82 12.89 £3.21
5 9.25 8.16 £ 0.96
110 8.49 7.19+£0.45

100 — 4.294+0.34
500 — 2.83 £0.06
1000 — 2.73£0.03
5000 2.60 £ 0.00

All (19,000) 7.15 2.58+ N/A

Figure 3: Sample Efficiency for Supervised Regression on MAFL. [left]: Supervised linear
regression of 5 keypoints (bottom-row) from 10 unsupervised (top-row) on MAFL test set. Centre
of the white-dots correspond to the ground-truth location, while the dark ones are the predictions.
Both unsupervised and supervised landmarks show a good degree of equivariance with respect to
head rotation (columns 2, 4) and invariance to headwear or eyewear (columns 1, 3). [right]: MSE
(+0) (normalised by inter-ocular distance (in %)) on the MAFL test-set for varying number (n) of
supervised samples from MAFL training set used for learning the regressor from 30 unsupervised
landmarks. t: we outperform the previous state-of-the-art [45] with only 10 labelled examples.

We also test using a VGG-19 model pre-trained for image classification in ImageNet. All other
networks are trained from scratch. The parameters oy > 0,1 = 1, ..., n are scalars that balance the
terms. We use a linear combination of the reconstruction error for ‘input’, ‘convl_2’, ‘conv2_2’,
‘conv3_2’, ‘conv4_2’ and ‘conv5_2’ layers of VGG-19; {«;} are updated online during training to
normalise the expected contribution from each layer as in [4]. However, we use the /5 norm instead
of their ¢4, as it worked better for us.

4 Experiments

In section 4.1 we provide the details of the landmark detection and generator networks; a common
architecture is used across all datasets. Next, we evaluate landmark detection accuracy on faces
(section 4.2) and human-body (section 4.3). In section 4.4 we analyse the invariance of the learned
landmarks to various nuisance factors, and finally in section 4.5 study the factorised representation of
object style and geometry in the generator.

4.1 Model details

Landmark detection network. The landmark detector ingests the image x’ to produce K landmark
heatmaps y’. It is composed of sequential blocks consisting of two convolutional layers each. All
the layers use 33 filters, except the first one which uses 7x7. Each block doubles the number
of feature channels in the previous block, with 32 channels in the first one. The first layer in each
block, except the first block, downsamples the input tensor using stride 2 convolution. The spatial
size of the final output, outputting the heatmaps, is set to 16 16. Thus, due to downsampling, for a
network with n — 3, n > 4 blocks, the resolution of the input image is H xW = 2™ x 2", resulting in
16x16x (32 - 2"73) tensor. A final 1x 1 convolutional layer maps this tensor to a 16x 16 x K tensor,
with one layer per landmark. As described in section 3.1, these K feature channels are then used to
render 16x 16 x K 2D-Gaussian maps y’ (with o = 0.1).

Image generation network. The image generator takes as input the image x and the landmarks
y' = ®(x') extracted from the second image in order to reconstruct the latter. This is achieved in
two steps: first, the image x is encoded as a feature tensor z € R'6*16XC ysing a convolutional
network with exactly the same architecture as the landmark detection network except for the final
1x1 convolutional layer, which is omitted; next, the features z and the landmarks y’ are stacked
together (along the channel dimension) and fed to a regressor that reconstructs the target frame x’.

The regressor also comprises of sequential blocks with two convolutional layers each. The input to
each successive block, except the first one, is upsampled two times through bilinear interpolation,
while the number of feature channels is halved; the first block starts with 256 channels, and a
minimum of 32 channels are maintained till a tensor with the same spatial dimensions as x’ is
obtained. A final convolutional layer regresses the three RGB channels with no non-linearity. All
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Figure 4: Learning Human Pose. 50 unsupervised keypoints are learnt on the BBC Pose dataset.
Annotations (empty circles in the images) for 7 keypoints are provided, corresponding to — head,
wrists, elbows and shoulders. Solid circles represent the predicted positions; in [fig-top] these are
raw discovered keypoints which correspond maximally to each annotation; in [fig-bottom] these are
regressed (linearly) from the discovered keypoints. [table]: Comparison against supervised methods;
%-age of points within d= 6-pixels of ground-truth is reported. [top-row]: accuracy-vs-distance d, for
each body-part; [top-row-rightmost]: average accuracy for varying number of supervised samples
used for regression.

layers use 3 x 3 filters and each block has two layers similarly to the landmark network.

All the weights are initialised with random Gaussian noise (¢ = 0.01), and optimised using Adam [21]
with a weight decay of 5 - 10~%. The learning rate is set to 1072, and lowered by a factor of 10 once
the training error stops decreasing; the ¢2-norm of the gradients is bounded to 1.0.

4.2 Learning facial landmarks

Setup. We explore extracting source-target image pairs (x,x’) using either (1) synthetic trans-
formations, or (2) videos. In the first case, the pairs are obtained as (x,x’) = (g1X0, gaXo) by
applying two random thin-plate-spline (TPS) [11, 49] warps g1, g2 to a given sample image xo. We
use the 200k CelebA [24] images after resizing them to 128 x 128 resolution. The dataset provides
annotations for 5 facial landmarks — eyes, nose and mouth corners, which we do not use for training.
Following [45] we exclude the images in MAFL [57] test-set from the training split and generate
synthetically-deformed pairs as in [45, 55], but the transformations themselves are not required for
training. We discount the reconstruction loss in the regions of the warped image which lie outside the
original image to avoid modelling irrelevant boundary artefacts.

In the second case, (x,x’) are two frames sampled from a video. We consider VoxCeleb [28], a
large dataset of face tracks, consisting of 1251 celebrities speaking over 100k English language
utterances. We use the standard training split and remove any overlapping identities which appear in
the test sets of MAFL and AFLW. Pairs of frames from the same video, but possibly belonging to
different utterances are randomly sampled for training. By using video data for training our models
we eliminate the need for engineering synthetic data.

Figure 5: Unsupervised Landmarks on Human3.6M. [left]: an example quadruplet source-target-
reconstruction-keypoint (left to right) from Human3.6M. [right]: learned keypoints on a test video
sequence. The landmarks consistently track the legs, arms, torso and head across frames.



Qualitative results. Figure 2 shows the learned heatmaps and source-target-reconstruction-
keypoints quadruplets (x, x’, ¥ (x, (x')), ®(x’)) for synthetic transformations and videos. We note
that the method extracts keypoints which consistently track facial features across deformation and
identity changes (e.g., the green circle tracks the lower chin, and the light blue square lies between
the eyes). The regressed semantic keypoints on the MAFL test set are visualised in fig. 3, where they
are localised with high accuracy. Further, the target image x’ is also reconstructed accurately.

Quantitative results. We follow [45, 44] and use un-

supervised keypoints learnt on CelebA and VoxCeleb to Method K MAFL AFLW
regress manually-annotated keypoints in the MAFL and Supervised

AFLW [23] test sets. We freeze the parameters of the RCPR [2] _ 11.60
unsupervised detector network (®) and learn a linear re- CFAN [54] 15.84 10.94
gressor (without bias) from our unsupervised keypoints ~ Cascaded CNN [41] 9.73 8.97
to 5 manually-labelled ones from the respective training TCDCN [57] 7.95 7.65
sets. Model selection is done using 10% validation split ~RAR [41] - 7.23
of the training data. MTCNN [56] 539 6.90
We report results in terms of standard MSE normalised ThewﬁgU[I:gu]peersed / S;’(l)f'sg pgwsed B
by the inter-ocular distance expressed as a percent- 50 667 10.53
age [57], and ghow a few regressed keypoints in fig. 3. pawlis [44](frames) —  5.83 3.80
Before evaluating on AFLW, we finetune our networks gy + [38] — 545 -
pre-trained on CelebA or VoxCeleb on the AFLW train-  Zhang [55] 10 3.46 7.01
ing set. We do not use any labels during finetuning. w/ equiv. 30 3.16 6.58
Sample efficiency. Figure 3 reports the performance of WEZ;); <[q;1 i\]/ iO 23421 -
detectors trained on CelebA as a function of the number

n of supervised examples used to translate from unsuper- Ours, training set: CelebA

vised to supervised keypoints. We note that n = 10 js  loss-net: selfsup. 10 3.1 6.86

30 2.58 6.31

already sufficient for results comparable to the previous 50 2.54 6.33

state-of-the-art (SoA) method of Thewlis er al. [45],

and that performance almost saturates at n = 500 loss-net: sup. ég gg% ggg
(vs. 19,000 available training samples). 50 259 6.35
Vs. SoA. Table 1 compares our regression results to the Ours, training set: VoxCeleb

SoA. We experiment regressing from K ={10, 30,50} loss-net: selfsup. 30 3.94 6.75
unsupervised landmarks, using the self-supervised and w/ bias 30 3.63 -
the supervised perceptual loss networks; the number of ~ loss-net: sup. 30 401 7.10

samples n used for regression is maxed out (= 19000) . .

to be consistent with previous works. On both MAFL Table 1: Comparison with state-of-the-
and AFLW datasets, at 2.58% and 6.31% error respec- arton MAFL and AFLW. K is the num-
tively (for K = 30), we significantly outperform all Per of unsupervised landmarks. f: train
the supervised and unsupervised methods. Notably, we & 2-1ayer MLP instead of a linear regres-
perform better than the concurrent work of Zhang et SOT: 1+ use the larger VoxCeleb2 [7] dataset
al. [55] (MAFL: 3.16%; AFLW: 6.58%), while using for unsupervised training, and include a
a simpler method. When synthetic warps are removed bias term in their regressor (through batch-
from [55], so that the equivariance constraint cannot be normalization). Normalised %-MSE is re-
employed, our method is significantly better (2.58% vs Ported (see fig. 3).

8.42% on MAFL). We are also significantly better than many SoA supervised detectors [54, 41, 57]
using only n = 100 supervised training examples, which shows that the approach is very effective at
exploiting the unlabelled data. Finally, training with VoxCeleb video frames degrades the performance
due to domain gap; including a bias in the linear regressor improves the performance.

ours content
fc-layer (d) — 10 20 60 K=30 loss — f1  adv.+ ¥y ly adv.+ s (ours)
MAFL 20.60 21.94 28.96 2.58 MAFL (K=30) 3.64 3.62 2.84 2.80 2.58

Table 2: Abalation Study. [left]: The keypoint bottleneck when replaced with a low d-dimensional,
d = {10, 20, 60}, fully-connected (fc) layer leads to significantly worse landmark detection perfor-
mance (%-MSE) on the MAFL dataset. [right]: Replacing the content loss with ¢, {5 losses on the
images, optionally paired with an adversarial loss (adv.) also degrades the performance.
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Figure 6: Invariant Localisation. Unsupervised keypoints discovered on smalINORB test set for
the car and airplane categories. Out of 20 learned keypoints, we show the most geometrically
stable ones: they are invariant to pose, shape, and illumination. [b—c]: elevation-vs-azimuth; [a, d]:
shape-vs-illumination (y-axis-vs-x-axis).

Ablation study. In table 2 we present two ablation studies, first on the keypoint bottleneck, and
second where we compare against adversarial and other image-reconstruction losses. For both the
settings, we take the best performing model configuration for facial landmark detection on the MAFL
dataset.

Keypoint bottleneck. The keypoint bottleneck has two functions: (1) it provides a differentiable and
distributed representation of the location of landmarks, and (2) it restricts the information from the
target image to spatial locations only. When the bottleneck is replaced with a generic low dimensional
fully-connected layer (as in a conventional auto-encoder) the performance degrades significantly This
is because the continuous vector embedding is not encouraged to encode geometry explicitly.

Reconstruction loss. We replace our content/perceptual loss with ¢; and £, losses on generated pixels;
the losses are also optionally paired with an adversarial term [13] to encourage verisimilitude as
in [18]. All of these alternatives lead to worse landmark detection performance (table 2). While
GAN:Ss are useful for aligning image distributions, in our setting we reconstruct a specific target image
(similar to an auto-encoder). For this task, it is enough to use a simple content/perceptual loss.

4.3 Learning human body landmarks

Setup. Articulated limbs make landmark localisation on human body significantly more challeng-
ing than faces. We consider two video datasets, BBC-Pose [3], and Human3.6M [17]. BBC-Pose
comprises of 20 one-hour long videos of sign-language signers with varied appearance, and dynamic
background; the test set includes 1000 frames. The frames are annotated with 7 keypoints correspond-
ing to head, wrists, elbows, and shoulders which, as for faces, we use only for quantitative evaluation,
not for training. Human3.6M dataset contains videos of 11 actors in various poses, shot from multiple
viewpoints. Image pairs are extracted by randomly sampling frames from the same video sequence,
with the additional constraint of maintaining the time difference within the range 3-30 frames for
Human3.6M. Loose crops around the subjects are extracted using the provided annotations and
resized to 128128 pixels. Detectors for K = 20 and K = 50 keypoints are trained on Human3.6M
and BBC-Pose respectively.

Qualitative results. Figure 4 shows raw unsupervised keypoints and the regressed semantic ones on
the BBC-Pose dataset. For each annotated keypoint, a maximally matching unsupervised keypoint is
identified by solving bipartite linear assignment using mean distance as the cost. Regressed keypoints
consistently track the annotated points. Figure 5 shows (x,x’, ¥ (x, ®(x’)), ®(x’)) quadruplets, as
for faces, as well as the discovered keypoints. All the keypoints lie on top of the human actors, and
consistently track the body across identities and poses. However, the model cannot discern frontal
and dorsal sides of the human body apart, possibly due to weak cues in the images, and no explicit
constraints enforcing such consistency.

Quantitative results. Figure 4 compares the accuracy of localising the 7 keypoints on BBC-Pose
against supervised methods, for both self-supervised and supervised perceptual loss networks. The
accuracy is computed as the the %-age of points within a specified pixel distance d. In this case, the
top two supervised methods are better than our unsupervised approach, but we outperform [33, 53]
using 1k training samples (vs. 10k); furthermore, methods such as [35] are specialised for videos and



Figure 7: Disentangling Style and Geometry. Image generation conditioned on spatial keypoints
induces disentanglement of representations for style and geometry in the generator. Source image
(x) imparts style (e.g. colour, texture), while the target image (x’) influences the geometry (e.g.
shape, pose). Here, during inference, x [middle] is sampled to have a different style than x’ [top],
although during training, image pairs with consistent style were sampled. The generated images
[bottom] borrow their style from x, and geometry from x’. (a) SVHN Digits: the foreground and
background colours are swapped. (b) AFLW Faces: pose of the style image x is made consistent
with x’. (¢) Human3.6M: the background, hat, and shoes are retained from x, while the pose is
borrowed from x’. All images are sampled from respective test sets, never seen during training.

leverage temporal smoothness. Training using the supervised perceptual loss is understandably better
than using the self-supervised one. Performance is particularly good on parts such as the elbow.

4.4 Learning 3D object landmarks: pose, shape, and illumination invariance

We train our unsupervised keypoint detectors on the SmalINORB [26] dataset, comprising 5 object
categories with 10 object instances each, imaged from regularly spaced viewpoints and under different
illumination conditions. We train category-specific detectors for K = 20 keypoints using image-pairs
from neighbouring viewpoints and show results in fig. 6 for car and airplane (see supplementary
material for visualisation of other object categories). Keypoints most invariant to various factors are
visualised. These landmarks are especially robust to changes in illumination and elevation angle.
They are also invariant to smaller changes in azimuth (£80°), but fail to generalise beyond that. Most
interesting, they localise structurally similar regions, even when there is a large change in object shape
(e.g. fig. 6-(d)); such landmarks could thus be leveraged for viewpoint-invariant semantic matching.

4.5 Disentangling appearance and geometry

In fig. 7 we show that our method can be interpreted as disentangling appearance from geometry.
Generator/ keypoint networks are trained on SVHN digits [29], AFLW faces, and Human3.6M people.
The generator network is capable of retaining the geometry of an image, and substituting the style
with any other image in the dataset, including unrelated image pairs never seen during training. For
example, in the third column we re-render the number 3 by mixing its geometry with the appearance
of the number 5. This generalises significantly from the training examples, which only consist of
pairs of digits sampled from the same house number instance, sharing a common style.

5 Conclusions

In this paper we have shown that a simple network trained for conditional image generation can be
utilised to induce, without manual supervision, a object landmark detectors. On faces, our method
outperforms previous unsupervised as well as supervised methods for landmark detection. The
method can also extend to much more challenging data, such as detecting landmarks of people, and
diverse data, such as 3D objects and digits.
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Appendix

We first present more detailed results on MAFL dataset comparing performance of different versions
of our method. Then we show extended versions of figures presented in the paper. The sections are
organized by the datasets used.

A MAFL
Training set — CelebA VoxCeleb
K landmarks Regression set Thewlis [45] sup. selfsup. sup.
10 7.95 3.32 3.19 —
30 7.15 2.63 2.58 4.17
50 MAFL 667 259 254 3.59
10 6.32 3.32 3.19 —
30 5.76 2.63 2.57 4.14
50 CelebA 533 259 253 3.55

Table 3: Results on MAFL face-landmarks test-set. Varying number (K) of unsupervised landmarks are
learnt on two training-sets — random-TPS warps on CelebA [24], and face-videos from the VoxCeleb [28].
These landmarks are regressed onto 5 manually-annotated landmarks in the MAFL [57] test set, using either
CelebA or MAFL training sets. Mean squared-error (MSE) normalised by the inter-ocular distance is reported.

B Boundary Discounting

When TPS warping is used during training some pixels in the resulting image may lie outside
the original image. Since reconstructing these empty pixels is irrelevant we ignore them in the
reconstruction loss. We additonaly ignore 10 pixels on the edges of the original image and use a
smooth step over the next 20 pixels. This is to further discourage reconstruction of the empty pixels
as they can influence the perceptual loss when a convolutional neural network with a large receptive
field is used.
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C MAFL and AFLW Faces

-~ -

Figure 8: Supervised linear regression of 5 keypoints (bottom rows) from 10 unsupervised (top rows)
on MAFL (above) and AFLW (below) test sets. Centre of the white-dots correspond to the ground-
truth location, while the dark ones are the predictions. The models were trained on random-TPS
warped image-pairs; self-supervised peceptual-loss network was used.
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D VoxCeleb

Figure 9: Training with video frames from VoxCeleb. [rows top-bottom]: (1) source image X,
(2) target image x’, (3) generated target image ¥(x, ®(x’)), (4) unsupervised landmarks ®(x’)
superimposed on the target image. The landmarks consistently track facial features.
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E BBCPose

Figure 10: Learning Human Pose. 50 unsupervised keypoints are learnt. Annotations (empty circles) for 7
keypoints are provided, corresponding to — head, wrists, elbows and shoulders. Solid circles represent the
predicted positions; Top rows show raw discovered keypoints which correspond maximally to each annotation;

bottom rows show linearly regressed points from the discovered keypoints. [above]: randomly sampled frames
for different actors [below]: frames from a video track.
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F Human3.6M

Figure 11: Unsupervised Landmarks on Human3.6M. Video of two actors (S1, S11) “posing”,
from the Human3.6M test set. (rows) (1) source, (2) target, (3) generated, (4) landmarks, (5)
landmarks on frames from a different view, (6—7) landmarks on two views of the second actor. The
landmarks consistently track the legs, arms, torso and head across frames, views and actors. However,

the model confounds the frontal and dorsal sides.
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G smalINORB 3D Objects: pose, shape, and illumination invariance

Object-category specific keypoint detectors are trained on the 5 categories in the smalINORB dataset
— human, car, animal, airplane, and truck. Training is performed on pairs of images, which differ
only in their viewpoints, but have the same object instance (or shape), and illumination.

Keypoints invaraint to viewpoint, illumniation, and object shape are visualised for object instances
in the test set. The training set consists of only 5 object instances per category, yet the detectors
generalise to novel object instances in the test set, and correspond to structurally similar regions
across instances.
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H Disentangling appearance and geometry

The generator substitutes the appearance of the target image (x’) with that of the source image (x).
Instead of sampling image pairs (x, x") with consistent style, as done during training, we sample pairs
with different styles at inference, resulting in compelling transfer across different object categories —
SVHN digits, Human3.6M humans, and AFLW faces.

W(x, ®(x’))

Figure 12: SVHN digits. Target, source, and generated image triplets (x’, x, U(x, ®(x’))) from the
SVHN test set. The digit shape is swapped out, while colours, shadows, and blur are retained.

Figure 13: Human3.6M humans. Transfer across actors and viewpoints. [top]: different actors
in various poses, imaged from the same viewpoint; the pose is swapped out, while appearance
characteristics like shoes, clothing colour, and hat are retained. [bottom]: successful transfer even
when the target is imaged from a different viewpoint (same poses as above).

20



Figure 14: AFLW Faces. The source image x is rendered with the pose from the target image x’;
the identity is retained.

21
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Abstract

We propose KeypointGAN, a new method for recognizing
the pose of objects from a single image that for learning
uses only unlabelled videos and a weak empirical prior on
the object poses. Video frames differ primarily in the pose
of the objects they contain, so our method distils the pose
information by analyzing the differences between frames.
The distillation uses a new dual representation of the geom-
etry of objects as a set of 2D keypoints, and as a pictorial
representation, i.e. a skeleton image. This has three ben-
efits: (1) it provides a tight ‘geometric bottleneck’ which
disentangles pose from appearance, (2) it can leverage pow-
erful image-to-image translation networks to map between
photometry and geometry, and (3) it allows to incorporate
empirical pose priors in the learning process. The pose pri-
ors are obtained from unpaired data, such as from a different
dataset or modality such as mocap, such that no annotated
image is ever used in learning the pose recognition network.
In standard benchmarks for pose recognition for humans
and faces, our method achieves state-of-the-art performance
among methods that do not require any labelled images for
training. Project page: http://www.robots.ox.ac.
uk/~vgg/research/unsupervised_pose/

1. Introduction

Learning with limited or no external supervision is one
of the most significant open challenges in machine learning.
In this paper, we consider the problem of learning the 2D ge-
ometry of object categories such as humans and faces using
raw videos and as little additional supervision as possible. In
particular, given as input a number of videos centred on the
object, the goal is to learn automatically a neural network
that can predict the pose of the object from a single image.

Learning from unlabelled images requires a suitable su-
pervisory signal. Recently, [25] noted that during a video an
object usually maintains its intrinsic appearance but changes
its pose. Hence, the concept of pose can be learned by
modelling the differences between video frames. They for-

Andrea Vedaldi

Visual Geometry Group
University of Oxford
vedaldi@robots.ox.ac.uk

Hakan Bilen

School of Informatics
University of Edinburgh
hbilen@ed.ac.uk

Our approach
Unlabelled videos Unpaired pose prior

Self-supervised
methods

Predicted landmarks ' Predicted landmarks

Figure 1. Learning landmark detectors from unpaired data. We
learn to directly predict human-interpretable landmarks of an ob-
ject using only unlabelled videos and a prior on the possible land-
mark configurations [left]. The prior can be obtained from un-
paired supervision or from a different modality, such as mocap
data. Our method, KeypointGAN, obtains state-of-the-art land-
mark detection performance for approaches that use unlabelled
images for supervision. In contrast, self-supervised landmark de-
tectors [25, 35, 57, 78] can only learn to discover keypoints [right]
that are not human-interpretable (predictions from [25]) and require
supervised post-processing.

mulate this as conditional image generation. They extract
a small amount of information from a given target video
frame via a tight bottleneck which retains pose information
while discarding appearance. For supervision, they recon-
struct the target frame from the extracted pose, similar to an
auto-encoder. However, since pose alone does not contain
sufficient information to reconstruct the appearance of the
object, they also pass to the generator a second video frame
from which the appearance can be observed.

In this paper, we also consider a conditional image gener-
ation approach, but we introduce a whole new design for the
model and for the ‘pose bottleneck’. In particular, we adopt a
dual representation of pose as a set of 2D object coordinates,
and as a pictorial representation of the 2D coordinates in the



form of a skeleton image. We also define a differentiable
skeleton generator to map between the two representations.

This design is motivated by the fact that, by encoding pose
labels as images we can leverage powerful image-to-image
translation networks [81] to map between photometry and
geometry. In fact, the two sides of the translation process,
namely the input image and its skeleton, are spatially aligned,
which is well known to simplify learning by a Convolutional
Neural Network (CNN) [81]. At the same time, using 2D
coordinates provides a very tight bottleneck that allows the
model to efficiently separate pose from appearance.

The pose bottleneck is further controlled via a discrimina-
tor, learned adversarially. This has the advantage of injecting
prior information about the possible object poses in the learn-
ing process. While acquiring this prior may require some
supervision, this is separate from the unlabelled videos used
to learn the pose recognizer — that is, our method is able
to leverage unpaired supervision. In this way, our method
outputs poses that are directly interpretable. We refer to our
proposed method as KeypointGAN. By contrast, state-of-the-
art self-supervised keypoint detectors [25, 53, 57, 71, 78]
do not learn “semantic” keypoints and, in post-processing,
they need at least some paired supervision to output human-
interpretable keypoints. We highlight this difference in fig. 1.

Overall, we make three significant contributions:

1. We introduce a new conditional generator design com-
bining image translation, a new bottleneck using a dual
representation of pose, and an adversarial loss which
significantly improve recognition performance.

2. We learn, for the first time, to directly predict human-
interpretable landmarks without requiring any labelled
images.

3. We obtain state-of-the-art unsupervised landmark detec-
tion performance even when compared against methods
that use paired supervision in post-processing.

We test our approach using videos of people, faces,
and cat images. On standard benchmarks such as Hu-
man3.6M [23] and 300-W [50], we achieve state-of-the-art
pose recognition performance for methods that learn only
from unlabelled images. We also probe generalization by
testing whether the empirical pose prior can be extracted
independently from the videos used to train the pose rec-
ognizer. We demonstrate this in two challenging scenarios.
First, we use the mocap data from MPI-INF-3DHP [38] as
prior and we learn a human pose recognizer on videos from
Human3.6M. Second, we use the MultiPIE [54] dataset as
prior to learn a face pose recognizer on VoxCeleb2 [10]
videos, and achieve state-of-the-art facial keypoint detection
performance on 300-W.

2. Related work

‘We consider pose recognition, intended as the problem
of predicting the 2D pose of an object from a single image.
Approaches to this problem must be compared in relation
to (1) the type of supervision, and (2) which priors they use.
There are three broad categories for supervision: full super-
vision when the training images are annotated with the same
labels that one wishes to predict; weak supervision when the
predicted labels are richer than the image annotations; and
no supervision when there are no image annotations. For the
prior, methods can use a prior model learned from any kind
of data or supervision, an empirical prior, or no prior at all.

Based on this definition, our method is unsupervised and
uses an empirical prior. Next, we relate our work to others,
dividing them by the type of supervision used (our method
falls in the last category).

Full supervision. Several fully-supervised methods lever-
age large annotated datasets such as MS COCO Key-
points [33], Human3.6M [23], MPII [2] and LSP [27]. They
generally do not use a separate prior as the annotations them-
selves capture one empirically. Some methods use pictorial
structures [12] to model the object poses [ 1, 40, 43, 44, 51,

]. Others use a CNN to directly regress keypoint coordi-
nates [62], keypoint confidence maps [61], or other relations
between keypoints [9]. Others again apply networks itera-
tively to refine heatmaps for single [3, 6, 8, 39, 42, 60, 70]
and multi-person settings [7, 22]. Our method does not use
any annotated image to learn the pose recognizer.

Weak supervision. A typical weakly-supervised method
is the one of Kanazawa et al. [29]: they learn to predict dense
3D human meshes from sparse 2D keypoint annotations.
They use two priors: SMPL [34] parametric human mesh
model, and a prior on 3D poses acquired via adversarial
learning from mocap data. Analogous works include [16, 17,

, 49,52, 64, 69, 73].

All such methods use a prior trained on unpaired data, as
we do. However, they also use additional paired annotations
such as 2D keypoints or relative depth relations [49]. Fur-
thermore, in most cases they use a fully-fledged 3D prior
such as SMPL human [34] or Basel face [41] models, while
we only use an empirical prior in the form of example 2D
keypoints configurations.

No supervision. Other methods use no supervision, and
some no data-driven prior either. The works of [28, 48, 53,

] learn to match pairs of images of an object, but they
do not learn geometric invariants such as keypoints. [57,

, 59] do learn sparse and dense landmarks, also without
any annotation. The method of [56] does not use image
annotations, but uses instead synthetic views of 3D models
as prior, which we do not require.

Some of these methods use conditional image genera-
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Figure 2. KeypointGAN architecture. We learn an encoder ¢ that maps an image « to its pose y, represented as a skeleton image. This is
done via conditional auto-encoding, learning also a decoder W that reconstruct the input « from its pose y and a second auxiliary video
frame z’. A bottleneck 3 o 7 is used to drop appearance information that may leak in the pose image 4. A discriminator D is used to match
the distribution of predicted poses to a reference prior distribution, represented by unpaired pose samples ¥.

tion as we do. Jakab & Gupta et al.[25], the most related,
is described in the introduction. Lorenz et al. [35], Zhang
et al. [78] develop an auto-encoding formulation to discover
landmarks as explicit structural representations for a given
image and use them to reconstruct the original image. Shu
et al. [53], Wiles et al. [71] learn a dense deformation field
for faces. Our method differs from those in the particular
nature of the model and geometric bottleneck; furthermore,
due to our use of a prior, we are able to learn out-of-the-box
landmarks that are ‘semantically meaningful’; on the con-
trary, these approaches must rely on at least some paired
supervision to translate between the unsupervised and ‘se-
mantic’ landmarks. We also outperform these approaches in
landmark detection quality.

Adversarial learning. Our method is also related to ad-
versarial learning, which has proven to be useful in image
labelling [ 14, 20, 21, 65, 66] and generation [19, 81], includ-
ing bridging the domain shift between real and generated
images. Most relevant to our work, Isola et al. [24] propose
an image-to-image translation framework using paired data,
while CycleGAN [&1] can do so with unpaired data. Our
method also uses a image-to-image translation networks, but
compared to CycleGAN our use of conditional image gener-
ation addresses the logical fallacy that an image-like label (a
skeleton) does not contain sufficient information to generate
a full image — this issue is discussed in depth in section 4.

Appearance and geometry factorization. Recent meth-
ods for image generation conditioned on object attributes,
like viewpoint [47], pose [63], and hierarchical latents [55]
have been proposed. Our method allows for similar but more
fine-grained conditional image generation, conditioned on
an appearance image or object landmarks. Many unsuper-
vised methods for pose estimation [25, 35, 53, 71, 78] share
similar ability. However, we can achieve more accurate and
predictable image editing by manipulating semantic parts in
the image through their corresponding landmarks.
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Figure 3. Training data flow. Data flowing through our
model (fig. 2) during training on the Human3.6M (human pose)
and VoxCeleb2 (face) datasets. y, y™ are our predictions.

3. Method

Our goal is to learn a network ® : x — y that maps an
image x containing an object to its pose y. To avoid having
to use image annotations, the network is trained using an
auto-encoder formulation. Namely, given the pose y = ®(x)
extracted from the image, we train a decoder network W that
reconstructs the image from the pose. However, since pose
lacks appearance information, this reconstruction task is ill
posed. Hence, we also provide the decoder with a different
image x’ of the same object to convey its appearance. For-
mally, the image @ is reconstructed from the pose y and the
auxiliary image @’ via a conditional decoder network

z=U(d(x),z). (1)

Unfortunately, without additional constraints, this formula-
tion fails to learn pose properly [25]. The reason is that,
given enough freedom, the encoder ®(x) may simply de-
cide to output a copy of the input image «, which allows it
to trivially satisfy constraint (1) without learning anything
useful (this issue is visualized in section 4 and fig. 4). The
formulation needs a mechanism to force the encoder ® to
‘distil’ only pose information and discard appearance.

We make two key contributions to address these issues.



Figure 4. Leaking appearance in the pose representation. From
left to right: input image @, extracted skeleton image y = ®(x),
and image reconstruction & = W(®(x)). In principle, it should not
be possible to reconstruct the full image from only the skeleton, but
the function ® can ‘hide’ the necessary information in a structured
noise pattern, shown to the right as log ®(x).

First, we introduce a dual representation of pose as a vector
of 2D keypoint coordinates and as a pictorial representation
in the form of ‘skeleton’ image (section 3.1). We show
that this dual representation provides a tight bottleneck that
distils pose information effectively while making it possible
to implement the auto-encoder (1) using powerful image-to-
image translation networks.

Our second contribution is to introduce an empirical prior
on the possible object poses (section 3.2). In this manner,
we can constrain not just the individual pose samples y, but
their distribution p(y) as well. In practice, the prior allows
to use unpaired pose samples to improve accuracy and to
learn an human-interpretable notion of pose that does not
necessitate further learning to be used in applications.

3.1. Dual representation of pose & bottleneck

We consider a dual representation of the pose of an
object as a vector of K 2D keypoint coordinates p =
(p1,-.-,PK) € QX and as an image y € R containing
a pictorial rendition of the pose as a skeleton (see fig. 2
for an illustration). Here the symbol @ = {1,..., H} x
{1,..., W} denotes a grid of pixel coordinates.

Representing pose as a set of 2D keypoints provides a
tight bottleneck that preserves geometry but discards appear-
ance information. Representing pose as a skeleton image
allows to implement the encoder and decoder networks as
image translation networks. In particular, the image of the
object « and of its skeleton y are spatially aligned, which
makes it easier for a CNN to map between them.

Next, we show how to switch between the two represen-
tations of pose. We define the mapping y = 3(p) from the
coordinates p to the skeleton image y analytically. Let E be
the set of keypoint pairs (i, j) connected by a skeleton edge
and let u € 2 be an image pixel. Then the skeleton image is
given by:

I?

B(p)u = exp (—v lu—rp; — (1 —7r)p;

min
(i,j)€E,rel0,1]
@)
The differentiable function y = 3(p) defines a distance field
from line segments that form the skeleton and applies an
exponential fall off to generate an image. The visual effect

is to produce a smooth line drawing of the skeleton. We also

train an inverse function p = 7(y), implementing it as a
neural network regressor (see supplementary for details).

Given the two maps (7, 3), we can use either representa-
tion of pose, as needed. In particular, by using the pictorial
representation y, the encoder/pose recogniser can be written
as an image-to-image translation network @ :  — y whose
input € R3*H*W and output y are both images. The
same is true for the conditional decoder ¥ : (y, ') —
of eq. (1).

While image-to-image translation is desirable architec-
turally, the downside of encoding pose as an image y is that
it gives the encoder ® an opportunity to ‘cheat’ and inject
appearance information in the pose representation y. We can
prevent cheating by exploiting the coordinate representation
of pose to filter out any hidden appearance information form
y. We do so by converting the pose image into keypoints
and then back. This amounts to substituting y = 3 o n(y)
in eq. (1), which yields the modified auto-encoding con-
straint:

x=U(Bonod(x)x). 3)

3.2. Learning formulation & pose prior

Auto-encoding loss. In order to learn the auto-encoder (3),
we use a dataset of N example pairs of video frames
{(z;, =)} ;. Then the auto-encoding constraint (3) is en-
forced by optimizing a reconstruction loss. Here we use a
perceptual loss:

N
1 .
»Cpcrc = N § ”F(wz) - F(wl)Hga 4)
=1

where &; = ¥(Sono®(x;),x}) is the reconstructed image,
T' is a feature extractor. Instead of comparing pixels directly,
the perceptual loss compares features extracted from a stan-
dard network such as VGG [5, 11, 15, 26], and leads to more
robust training.

Pose prior. In addition to the N training image pairs
{(z;,z)},, we also assume to have access to M sam-
ple poses {p; }jle Importantly, these sample poses are
unpaired, in the sense that they are not annotations of the
training images.

We use the unpaired pose samples to encourage the pre-
dicted poses y to be plausible. This is obtained by match-
ing two distributions. The reference distribution ¢(y) is
given by the unpaired pose samples {y; = B(p;) jvil
The other distribution p(y) is given by the pose samples
{y; = ®(x;)} Y, predicted by the learned encoder network
from the example video frames x;.

The goal is to match p(y) ~ ¢(y) in a distributional
sense. This can be done by learning a discriminator network
D(y) € [0,1] whose purpose is to discriminate between



Simplified Human3.6M [78]

Human3.6M

5
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Figure 5. Human pose predictions. 2D keypoint predictions (visualised as connected limbs) on the simplified [78] (with no background),
full Human3.6M [23], and PennAction [77] test sets. Proposed KeypointGAN directly predicts human landmarks in complex poses without
any additional supervision. More samples are included in the supplementary.

the unpaired samples ¢; = 3(p;) and the predicted sam-
ples y; = ®(x;). Samples are compared by means of the
difference adversarial loss of [37]:

LawlD) = 17 > Dlgy)* + 5 301 = D)) )

In addition to capturing plausible poses, the pose discrim-
inator D(y) also encourages the images y to be ‘skeleton-
like’. The effect is thus similar to the bottleneck introduced
in section 3.1 and one may wonder if the discriminator makes
the bottleneck redundant. The answer, as shown in sections 4
and 5, is negative: both are needed.

Overall learning formulation.
and (5) yields the overall objective:

Combining losses (4)

5((1)7‘1]71)) = Aﬁdisc(D>(D) +£perc(\11;(p); (6)

where A is a loss-balancing factor. The components of
this model, KeypointGAN, and their relations are illustrated
in fig. 2. Similar to any adversarial formulation, eq. (6) is
minimized w.r.t. &, ¥ and maximised w.r.t. D.

Details. The functions ®, ¥,  and D are implemented as
convolutional neural networks. The auto-encoder functions
® and ¥ and the discriminator D are trained by optimizing
the objective in eq. (6) (n is pre-trained using unpaired land-
marks, for details see supplementary). Batches are formed by
sampling random pairs of video frames (x;, z}) and unpaired
pose ¥; samples. When sampling from image datasets (in-
stead of videos), we generate image pairs as (g1 (x;), g2(x;))
by applying random thin-plate-splines g1, g to training sam-
ples x;. All the networks are trained from scratch. Architec-
tures and training details are in the supplementary.

4. Relation to image-to-image translation

Our method is related to unpaired image-to-image trans-
lation, of which CycleGAN [&1] is perhaps the best example,
but with two key differences: (a) it has a bottleneck (sec-
tion 3.1) that prevents leaking appearance information into
the pose representation y, and (b) it reconstructs the image
x conditioned on a second image x’. We show in the exper-
iments that these changes are critical for pose recognition
performance, and conduct a further analysis here.

First, consider what happens if we drop both changes
(a) and (b), thus making our formulation more similar to
CycleGAN. In this case, eq. (1) reduces to x = ¥(P(x)).
The trivial solution of setting both ® and W to the identity
functions is only avoided due to the discriminator loss (5),
which encourages y = ®(x) to look like a skeleton (rather
than a copy of ). In theory, then, this problem should be
ill-posed as the pose y should not have sufficient information
to recover the input image . However, the reconstructions
from such a network still look reasonably good (see fig. 4). A
closer look at logarithm of the generated skeleton y, reveals
that CycleGAN ‘cheats’ by leaking appearance information
via subtle patterns in y. By contrast, our bottleneck signifi-
cantly limits leaking appearance in the pose image and thus
its ability to reconstruct & = WU (3 o o ®(x)) from a single
image; instead, reconstruction is achieved by injecting the
missing appearance information via the auxiliary image '’
using a conditional image decoder (eq. (3)).

5. Experiments

We evaluate our method, KeypointGAN, on the task of 2D
landmark detection for human pose (section 5.1), faces (sec-
tion 5.2), and cat heads (section 5.3) and outperform state-of-
the-art methods (tables 1 to 3) on these tasks. We examine
the relative contributions of components of our model in
an ablation study (section 5.4). We study the effect of re-
ducing the number of pose samples used in the empirical
prior (section 5.5). Finally, we demonstrate image generation
and manipulation conditioned on appearance and pose (sec-
tion 5.6).

Evaluation. KeypointGAN directly outputs predictions
for keypoints that are human-interpretable. In contrast, self-
supervised methods [25, 35, 57, 58, 59, 71, 78] predict only
machine-interpretable keypoints, as illustrated in fig. 1, and
require at least some example images with paired keypoint
annotations in order to learn to convert these landmarks to
human-interpretable ones for benchmarking or for applica-
tions. We call this step supervised post-processing. Key-
pointGAN does not require this step, but we also include
this result for a direct comparison with previous methods.



5.1. Human pose

Datasets. Simplified Human3.6M introduced by Zhang
et al. [78] for evaluating unsupervised pose recognition, con-
tains 6 activities in which human bodies are mostly upright;
it comprises 800k training and 90k testing images. Hu-
man3.6M [23] is a large-scale dataset that contains 3.6M
accurate 2D and 3D human pose annotations for 17 differ-
ent activities, imaged under 4 viewpoints and a static back-
ground. For training, we use subjects 1, 5, 6, 7, and 8, and
subjects 9 and 11 for evaluation, as in [68]. PennAction [77]
contains 2k challenging consumer videos of 15 sports cate-
gories. MPI-INF-3DHP [38] is a mocap dataset containing
8 subjects performing 8 activities in complex exercise poses.
There are 28 joints annotated.

We split datasets into two disjoint parts for sampling im-
age pairs (x, ') (cropped to the provided bounding boxes),
and skeleton prior respectively to ensure that the pose data
does not contain labels corresponding to the training images.
For the Human3.6M datasets we split the videos in half,
while for PennAction we split in half the set of videos from
each action category. We also evaluate the case when images
and skeletons are sampled from different datasets and for
this purpose we use the MPI-INF-3DHP mocap data.

Evaluation. We report 2D landmark detection perfor-
mance on the simplified and original Human3.6M datasets.
For Simplified Human3.6M, we follow the standard protocol
of [78] and report the error for all 32 joints normalized by
the image size. For Human3.6M, we instead report the mean
error in pixels over 17 of the 32 joints [23]. To demonstrate
learning from unpaired prior, we consider two settings for
sourcing the images and the prior. In the first setting, we
use different datasets for the two, and sample images from
Human3.6M and poses from MPI-INF-3DHP. In the sec-
ond setting, we use instead two disjoint parts of the same
dataset Human3.6M for both images and poses. When using
MPI-INF-3DHP dataset as the prior, we predict 28 joints,
but use 17 joints that are common with Human3.6M for
evaluation. We train KeypointGAN from scratch and com-
pare its performance with both supervised and unsupervised
methods.

Results. Table 1 reports the results on Simplified Hu-

man3.6M. As in previous self-supervised works [57, 78],
we compare against the supervised baseline by Newell et
al. [39]. Our model outperforms all the baselines [35, 57, 78]

without the supervised post-processing used by the others.

Table 2 summarises our results on the original Hu-
man3.6M test set. Here we also compare against the super-
vised baseline [39] and the self-supervised method of [25].
Our model outperforms the baselines in this test too.

It may be surprising that KeypointGAN outperforms the
supervised baseline. A possible reason is the limited number
of supervised examples, which causes the supervised base-

Method lall |wait pose greet direct discuss walk
Sfully supervised
Newell et al. [39] ‘2.16‘1.88 1.92 2.15 1.62 188 2.21

self-supervised + supervised post-processing

Thewlis et al. [57] |7.51]7.54 8.56 7.26 6.47 7.93 5.40
Zhang et al. [78] 4.14|5.01 4.61 476 4.45 491 4.61
Lorenz et al. [35] 279 — — —  — — _

self-supervised (no post-processing)
KeypointGAN (ours)‘2.73‘2.66 227 273 235 235 4.00

Table 1. Human landmark detection (Simplified H3.6M). Com-
parison with state-of-the-art methods for human landmark detection
on the Simplified Human3.6M dataset [78]. We report %-MSE nor-
malised by image size for each activity.

Method Human3.6M

fully supervised
Newell et al. [39] 19.52

self-supervised + supervised post-processing

Jakab & Gupta et al. [25] 19.12
self-supervised (no post-processing)
KeypointGAN with 3DHP prior (ours) 18.94
KeypointGAN with H3.6M prior (ours) 14.46

Table 2. Human landmark detection (full H3.6M). Compari-
son on Human3.6M test set with a supervised baseline Newell et
al. [39], and a self-supervised method [25]. We report the MSE in
pixels [23]. Results for each activity are in the supplementary.

line to overfit. This can be noted by comparing the training /
test errors: 14.61 / 19.52 for supervised hourglass and 13.79
/ 14.46 for our method.

When poses are sampled from a different dataset (MPI-
INF-3DHP) than the images (Human3.6M), the error is
higher at 18.94 (but still better than the supervised alter-
native). This increase is due to the domain gap between the
two datasets. Figure 5 shows some qualitative examples.
Limitations of KeypointGAN are highlighted in fig. 6.

Figure 6. Limitations. [1-2] complex human poses like sitting
are challenging to learn from a weak pose prior, [3] it could be
difficult to disambiguate the sides due to bilateral symmetry, [4-
5] occlusions are difficult to handle.

5.2. Human faces

Datasets. VoxCeleb2 [10] is a large-scale dataset consist-
ing of 1M short clips of talking-head videos extracted from
YouTube. MultiPIE [54] contains 68 labelled facial land-
marks and 6k samples. We use this dataset as the only source



for the prior. 300-W [50] is a challenging dataset of facial
images obtained by combining multiple datasets [4, 45, 80]
as described in [46, 57]. As in MultiPIE, 300-W contains
68 annotated facial landmarks. We use 300-W as our test
dataset and follow the evaluation protocol in [46].

Results. As for human pose, we study a scenario where
images and poses are sourced from a different datasets, using
VoxCeleb2 and 300-W for the images, and MultiPIE (6k
samples) for the poses (fig. 7). We train KeypointGAN from
scratch using video frames from VoxCeleb2; then we fine-
tune the model using our unsupervised method on the 300-W
training images. We report performance on 300-W test set
in table 3. KeypointGAN performs well even without any
supervised fine-tuning on the target 300-W, and it already
outperforms the unsupervised method of [58]. Adding su-
pervised post-processing (on 300-W training set) as done in
all self-supervised learning methods [57, 58, 59, 71], we out-
perform all except for [59] when they use their HG network
that has 3 times more learnable parameters (4M vs 12M
parameters). Interestingly we also outperform all supervised
methods except [13, 72].

Figure 7. Unpaired transfer. We leverage approx. 6k landmarks
from the MultiPIE dataset [54] as a prior [top] and unlabelled
images from the the large-scale VoxCeleb2 [10] [middle] (1M
clips, 6k identities) to train a detector that we test on the 300-W
dataset [50] [bottom] (predictions in green) with state-of-the-art
results (table 3). More qualitative results are in the supplementary.

5.3. Cat heads

Cat Head [76] dataset contains 9k images of cat heads
each annotated with 7 landmarks. We use the same train and
test split as [78]. We split the training set into two equally
sized parts with no overlap. The first one is used to sample
training images and the second one for the landmark prior.
Our predictions are visualized in fig. 8.

5.4. Ablation study

As noted above, we can obtain our method by making
the following changes to CycleGAN: (1) switching to a
conditional image generator W, (2) introducing the skeleton

Method 300-W
Sfully supervised
LBF [46] 6.32
CFSS [82] 5.76
c¢GPRT [32] 5.71
DDN [75] 5.65
TCDCN [79] 5.54
RAR [72] 4.94
Wing Loss [13] 4.04
self-supervised + supervised post-processing
Thewlis et al. [58] 9.30
Thewlis et al. [57] 7.97
Thewlis et al. [59] SmallNet ' 5.75
Wiles et al. [71] 5.71
Jakab & Gupta et al. [25] 5.39
Thewlis ef al. [59] HourGlass * 4.65
self-supervised
KeypointGAN (ours w/o post-processing) 8.67
+ supervised post-processing 5.12

Table 3. Facial landmark detection. Comparison with state-of-
the-art methods on 2D facial landmark detection. We report the
inter-ocular distance normalised keypoint localisation error [79]
(in %; | is better) on the 300-W test set. {: [59] evaluate using
two different networks: (1) SmallNet which we outperform, (2)
HourGlass is not directly comparable due to much larger capacity
(4M vs 12M parameters).

Figure 8. Cat head landmarks. Our predictions on Cat Head test
set [76] consistently track landmarks across different views. More
results are included in the supplementary.

bottleneck 3 o n, and (3) removing the “second auto-encoder
cycle” for the other domain (in our case the skeleton images).
table 4 shows the effect of modifying CycleGAN in this
manner on Simplified Human3.6M [78] for humans and on
300-W [50] for faces.

The baseline CycleGAN can be thought of as learning a
mapping between images and skeletons via off-the-shelf im-
age translation. Switching to a conditional image generator
(1) does not improve the results because the model can still
leak appearance information’s pose. However, introducing
the bottleneck (2) improves performance significantly for
both humans (2.86% vs. 3.54% CycleGAN, a 20% error
reduction) and faces (11.89% vs. 9.64% CycleGAN, a 19%
error reduction). This also justifies the use of a conditional
generator as the model fails to converge if the bottleneck
is used without it. Removing the second cycle (3) leads to



further improvements, showing that this part is detrimental
for our task.

Method humans faces
CycleGAN 3.54 11.89
+ conditional generator (1) 3.60 -
+ skeleton-bottleneck (2) 2.86 9.64

— 2™ cycle = KeypointGAN (ours) (3) 2.73 8.67
CycleGAN — 2" cycle 3.39 11.36

Table 4. Ablation study. We start with the CycleGAN [81] model
and sequentially augment it with — (1) conditional image genera-
tor (), (2) skeleton bottleneck (3 o 1), and (3) remove the second
cycle-constraint resulting in our proposed KeypointGAN model.
An auto-encoding model with a skeleton image as the intermediate
representation (i.e. no keypoint bottleneck) and an adversarial loss
is also reported (last row). We report 2D landmark detection error
({ is better) on the Simplified Human3.6M (section 5.1) for human
pose, on the 300-W (section 5.2) for faces.

5.5. Unpaired sample efficiency

Table 5 demonstrates that KeypointGAN retains state-
of-the-art performance even when we use only 50 unpaired
landmark samples for the empirical prior. The experiment
was done following the same protocols for training on face
and human datasets as described previously.

# unpaired | humans faces

samples no post-proc. |no post-proc. + sup. post-proc.
full dataset |2.73 8.67 5.12

5000 2.92+0.05 |- -

500 3.30+£0.06 [8.91+0.15 5.2240.04

50 4.05+0.02 |8.92+0.20 5.19+0.06

Table 5. Varying # of unpaired landmark samples. We train Key-
pointGAN using varying numbers of samples for landmark prior.
For faces, we sample the prior from MultiPIE dataset and evaluate
on 300-W (section 5.2). For human pose, we sample the prior from
the disjoint part of the Simplified Human3.6M training set and eval-
uate on the test set (section 5.1). We report the keypoint localisation
error (o) (in %; | is better). Full dataset has 6k unpaired samples
for faces, and 400k for humans. Decreasing the number of unpaired
landmark samples retains most of the performance.

5.6. Appearance and geometry factorization

The conditional image generator ¥ : (y*,a’) — &
of eq. (1) can also be used to produce novel images by com-
bining pose and appearance from different images. Figure 9
shows that the model can be used to transfer the appear-
ance of a human face identity on top of the pose of another.
Though generating high quality images is not our primary

Figure 9. Factorization of appearance and geometry. Recon-
structed image inherits appearance from the style image and ge-
ometry from the target image. [left]: human pose samples from
Human3.6M. [right]: face samples from VoxCeleb2.

goal, the ability to transfer appearance shows that Keypoint-
GAN properly factorizes the latter from pose.

kpts p recons. & kpts p

b

recons.

eye nose mouth

original
Figure 10. Image editing using detected landmarks. We show
fine-grained control over the generated image by manipulating the
coordinates of detected keypoints (kpts). The resulting changes are
localised. Apart from demonstrating successful disentanglement
of appearance and geometry, this also suggests that KeypointGAN
assigns correct semantics to the detected landmarks.

This also demonstrates significant generalization over
the training setting, as the system only learns from pairs of
frames sampled from the same video and thus with same
identity, but it can swap different identities. In fig. 10, we
further leverage the disentanglement of geometry and ap-
pearance to manipulate a face by editing its keypoints.

6. Conclusion

‘We have shown that combining conditional image genera-
tion with a dual representation of pose with a tight geometric
bottleneck can be used to learn to recognize the pose of com-
plex objects such as humans without providing any labelled
image to the system. In order to do so, KeypointGAN makes
use of an unpaired pose prior, which also allows it to output



human-interpretable pose parameters. With this, we have
achieved optimal landmark detection accuracy for methods
that do not use labelled images for training.
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Appendix

This supplementary material provides further technical details, illustrations and analysis. We provide detailed quantitative
evaluation on Human3.6M dataset (appendix A), extended versions of our qualitative results on factorization of appearance
and geometry (appendix B), facial landmarks detection (appendix C), human pose estimation (appendix D), and cat head
landmarks detection (appendix E). Finally, we give further implementation details in appendix F.

A. Human3.6M detailed results

We report the performance for each activity of the Human3.6M test set in table 6. We evaluated the performance on every
60th frame of the video sequences.

sit take walk walk

Method smoke photo dog together

all ‘wait pose greet direct discuss walk eat phone purchase sit down

fully supervised
Newell et al. [39] \19.52\15.53 13.88 17.14 15.81 19.55 13.74 15.33 18.81 19.88 25.85 39.07 19.40 22.24 21.58 14.96

self-supervised + supervised post-processing
Jakab et al. [25] \19.12\16.63 15.01 16.68 14.73 15.69 17.74 16.53 23.27 17.35 24.66 33.14 20.31 20.96 17.77 16.31

self-supervised (no post-processing)
Ours 3DHP prior \18.94\15.33 14.37 16.08 1590 17.24 14.51 17.30 19.66 17.39 22.79 30.84 18.50 24.21 23.77 16.16
Ours H3.6M prior\14.46\11.40 10.39 11.85 11.26 13.72 11.85 12.02 14.42 12.90 17.01 25.71 14.35 18.67 19.42 11.90

Table 6. Human landmark detection (full H3.6M). Comparison on Human3.6M test set with a supervised baseline Newell et al. [39], and
a self-supervised method [25]. We report the MSE in pixels [23] for each activity. We highlight the minimum error across all models in bold.




B. Appearance and geometry factorization

= |

style image &’ target image x
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style image &’ target image x
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Figure 11. Factorization of appearance and geometry. We supply different identities for style and target input images. Reconstructed
image inherits appearance from the style image and geometry from the farget image. [top]: human pose samples from Human3.6M.
[bottom]: face samples from VoxCeleb2.
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Figure 12. Image editing using detected landmarks. We show fine-grained control over the generated image by manipulating the
coordinates of detected landmarks (manip. keypoints). For example, we pick landmarks corresponding to an eye and move them down
[second column], or open the mouth [last column] (note, the generator fills in the teeth absent in the input images). The resulting changes are
localized and allow for fine-grained control. Apart from demonstrating successful disentanglement of appearance and geometry, this also
suggests that the model assigns correct semantics to the detected landmarks.



C. Facial landmarks detections

input ground truth prediction input ground truth prediction input

prediction

ground truth

Figure 13. Facial landmark detections on 300-W. Randomly sampled predictions from 300-W test set. The model was trained with
unlabelled images from VoxCeleb2 face videos dataset and unpaired landmarks sampled from MultiPIE dataset, hence shows significant
generalization. Green markers denote our detections, blue correspond to the ground truth.



D. Human pose estimation

D.1. Pose detection on Human3.6M

input ground truth prediction input ground truth prediction input

prediction

ground truth

Figure 14. Pose estimation on Human3.6M. Randomly sampled results from Human3.6M test set. The model is trained with unpaired
images and skeletons from Human3.6M.



D.2. Pose detection on Simplified Human3.6M

input ground truth prediction input ground truth prediction input

prediction

ground truth

Figure 15. Pose estimation on the Simplified Human3.6M. Randomly sampled results from the Simplified Human3.6M test set. The
model is trained with unpaired images and skeletons from Simplified Human3.6M.



E. Landmarks detection on Cat Heads
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Figure 16. Landmark detections on Cat Head. Randomly sampled predictions on Cat Head test set.



F. Implementation details
F.1. Training details

The auto-encoder functions @ and ¥ and the discriminator D are trained by optimizing the overall objective in eq. (5) of the
main paper while setting A = 10 (7 is pre-trained using unpaired landmarks as detailed below). We use the Adam optimiser
[31] with a learning rate of 2 - 1074, 51 = 0.5 and B2 = 0.999. The batch size is set to 16 and the norm of the gradients is
clipped to 1.0 for stability.

F.2. Pre-training the function 7

The network 7 mapping the skeleton image y to its corresponding keypoint locations p is pre-trained before optimizing the
overall objective (eq. (5) of the main paper). This is done by using the unpaired pose samples {p, } ;‘il and by optimizing the

loss < Z]M:1 L(n|p;) where
L(@nlp) = |In° B(p) - plI* ™

is a simple 2 regression loss.

During the optimization of the overall objective, the function 7 is further fine-tuned by minimizing the same loss plus eq. (7)
an additional term £(n|y) = X'||3 o n(y) — y||?, where y is a reconstructed pose (see fig. 2 of the main paper). The latter
ensures that network 7 works for poses that appear in the videos but not necessarily in the pose prior. The two terms are
balanced by the coefficient \’. After fine-tuning 7, we noticed that it loses some of its ability to distinguish between frontal
and dorsal views of human body (which is fairly ambiguous given only a skeleton image as input). We correct its predictions
by using the pre-trained version of 7 at eq. (7) to determine the orientation of human body.

The function 7 is designed as a neural network that converts the skeleton image y into K heatmaps. The locations of
keypoints are further obtained as in [25] by converting each heatmap into a 2D probability distribution. The expectation of this
probability distribution corresponds to the location of the keypoints. The spatial coordinates are normalised to the [—1, 1]
range and we set 7 = ﬁ in eq. (2) of the main paper. The function is learned by minimizing the loss introduced above with
N =0.1.

F.3. Note on a second cycle constraint and discriminator

Standard CycleGAN [81] enforces two cycle constraints ¥ o ®(x) ~ x and ¢ o ¥(y) ~ y. Our model implements a
conditional version of the first, while the second can be written as ®(¥ (g, z’)) = y. CycleGAN also utilizes a discriminator
Dy on images \i/(y) generated from skeletons to match their distribution to images «; the same discriminator applies here,
except that images are generated conditionally U(y, ') and they are tested against the distribution of images @ from the same
video, so Dx (¥ (y, x’), z’) is conditional too. Our ablation study shows that the additional cycle constraint and discriminator
leads to worse performance, so we do not include them in our final version of the model.

F.4. Architectures

Figures 17 to 21 provide detailed descriptions of network architectures used in experiments.



Type Kernel Stride Output channels Output size Norm.  Activation

Input x - - 3 128 - -

Conv 7 1 32 128 Batch RelLU
Conv 3 1 32 128 Batch  RelLU
Conv 3 2 64 64 Batch  RelU
Conv 3 1 64 64 Batch RelLU
Conv 8 2 128 32 Batch  RelLU
Conv 3 1 128 32 Batch RelLU
Conv 8 2 256 16 Batch RelLU
Conv 3 1 256 16 Batch RelLU
Conv 1 1 256 16 None None
Conv 3 1 256 16 Batch RelLU
Conv 3 1 256 16 Batch RelLU
Bilinear upsampl. - - 128 32 - -

Conv 3 1 128 32 Batch RelLU
Conv 3 1 128 32 Batch RelLU
Bilinear upsampl. - - 64 64 - -

Conv 3 1 64 64 Batch RelLU
Conv 3 1 64 64 Batch RelLU
Bilinear upsampl. - - 32 128 - -

Conv 3 1 32 128 Batch RelLU
Conv 3 1 32 128 Batch RelLU
Conv 3 1 1 128 None None

Figure 17. Image encoder ®. The network is based of the encoder and decoder network from [25]. Arrows on the side denote skip
connections that are concatenated to the other input.

Type Kemel Stride Outputch. Outputsize Norm Activ Type Kemel Stride Outputch. Outputsize Norm Activ
Input x* - - 3 128 - - Input y* - - 1 128 - -
Conv 7 1 32 128 Batch RelLU Conv 7 1 32 128 Batch RelLU
Conv 3 1 32 128 Batch RelLU Conv B 1 32 128 Batch RelU
Conv 3 2 64 64 Batch RelLU Conv 3 2 64 64 Batch RelLU
Conv 3 1 64 64 Batch RelLU Conv 3 1 64 64 Batch RelLU
Conv 3 2 128 32 Batch RelLU Conv 3 2 128 32 Batch RelLU
Conv 3 1 128 32 Batch RelLU Conv 3 1 128 32 Batch RelLU
Conv 3 2 256 16 Batch RelU Conv 3 2 256 16 Batch ReLU
Conv 3 1 256 16 Batch RelLU Conv 3 1 256 16 Batch RelLU
Conv 1 1 256 16 None None Conv 1 1 256 16 None None

Type Kemel Stride Output ch. Outputsize Norm.  Activ.

Concat - - 512 16 - -

Conv 3 1 256 16 Batch ReLU

Conv 3 1 256 16 Batch  ReLU

Bi. upsampl. - - 128 32 - -

Conv 3 1 128 32 Batch  RelLU

Conv = 1 128 32 Batch  ReLU

Bi. upsampl. - - 64 64 - -

Conv 3 1 64 64 Batch  RelLU

Conv 3 1 64 64 Batch  RelLU

Bi. upsampl. - - 32 128 - -

Conv E 1 32 128 Batch  ReLU

Conv 3 1 32 128 None None

Figure 18. Image decoder ¥. Image encoder first processes the conditioning image ' and the skeleton y* in two separate independent
branches before it concatenates them into a single stream. The design follows [25].



Type Kemel size Stride Output channels Outputsize Norm.  Activation

Inputy - - 3 128 - -

Conv 7 1 32 128 Batch  RelLU
Conv 3 1 32 128 Batch  RelLU
Conv 3 2 64 64 Batch  RelU
Conv 3 1 64 64 Batch RelLU
Conv 3 2 128 32 Batch  RelLU
Conv 3 1 128 32 Batch  RelLU
Conv 3 2 256 16 Batch  RelLU
Conv 3 1 256 16 Batch  RelLU
Conv 1 1 n keypoints 16 None None

Figure 19. Skeleton encoder 7. The architecture is based on the encoder from [25]. The last layer has as many output channels as the
number of keypoints to predict.

Type Kemel size Stride Output channels Outputsize Norm.  Activation
Input (y or y) - - 1 128 - -

Conv 4 2 64 64 Instance LRelLU
Conv 4 2 128 32 Instance LRelLU
Conv 4 2 256 16 Instance LRelLU
Conv 4 1 512 15 Instance LRelLU
Conv 4 1 1 14 None None

Figure 20. Skeleton discriminator Dy. The architecture follows [81]. LReLU stands for Leaky Rectified Linear Unit [36] that is used with
0.2 negative slope. Instance normalization [67] is used before every activation. We use three such discriminators each for a different scale of

. . . . . 1 1
the input image. We resize the input images by 1, 5, and 7 factors.

Type Kemel Stride Outputch. Outputsize Norm.  Activ. Type Kemel Stride Outputch. Outputsize Norm.  Activ.
Input (W (y, x*) or x) - - 3 128 - - Input x* - - 3 128 - -
Conv 3 1 16 128 Instance LRelLU Conv 3 1 16 128 Instance LReLU
Conv 3 1 32 128 Instance LRelLU Conv 3 1 32 128 Instance LRelLU
Conv 3 1 32 128 Instance LRelLU Conv 3 1 32 128 Instance LReLU
Avg. pool. 2 2 32 64 - - Avg. pool. 2 2 32 64 - -
Conv 31 64 64 Instance LReLU WeigNt cony 31 64 64 Instance LReLU
Conv 3 1 64 64 Instance LRelLU sharing Conv 3 1 64 64 Instance LRelLU
Avg. pool. e 64 2- ; " Avg. pool. 2 2 64 2- ;
Conv 3 1 128 32 Instance LRelLU Conv 3 1 128 32 Instance LReLU
Conv 1 1 128 32 Instance LRelLU Conv 1 1 128 32 Instance LReLU
Avg. pool. 2 2 128 16 - - Avg. pool. 2 2 128 16 - -
Conv 3 1 256 16 Instance LRelLU Conv 3 1 256 16 Instance LRelLU
Conv 1 1 256 16 Instance LRelLU Conv 1 1 256 16 Instance LRelLU
Avg. pool. 2 2 256 8 - - Avg. pool. 2 2 256 8 - -

Type Kemel size Stride Output channels Outputsize Norm.  Activation

Concat - - 512 8 - -

Conv 1 1 512 8 Instance LRelLU

Conv 3 1 512 8 Instance LRelLU

Conv 3 1 512 8 Instance LRelLU

Avg. pool. 2 2 512 4 - -

Conv 3 1 512 4 Instance LRelLU

Conv 1 1 512 4 Instance LRelLU

Conv 4 1 512 1 Instance LRelLU

Conv 1 1 1 1 None None

Figure 21. Conditional image discriminator D x. Conditional image discriminator starts with a Siamese architecture until the two streams
are concatenated. When the version without conditioning is required, the second branch in the Siamese part is simply omitted. LReLU
stands for Leaky Rectified Linear Unit [36]. We set the negative slope to 0.2. Every activation is preceded by instance normalization [67].
The architecture is loosely based on [30].
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Figure 1: Controlling shape deformation with unsupervised 3D keypoints. We discover unsupervised 3D keypoints that allow for
intuitive control of an object’s shape. This figure shows individual steps of interactive control. The red arrows illustrate the direction in which
the keypoints are manipulated. Note that the resulting deformations are localized and object parts are deformed in an intuitive manner—e. g.
moving keypoints at the tip of the wings backward moves the wings backwards—all while preserving the details of the original shape.

Abstract

We introduce KeypointDeformer, a novel unsupervised
method for shape control through automatically discovered
3D keypoints. We cast this as the problem of aligning a
source 3D object to a target 3D object from the same ob-
Jject category. Our method analyzes the difference between
the shapes of the two objects by comparing their latent
representations. This latent representation is in the form
of 3D keypoints that are learned in an unsupervised way.
The difference between the 3D keypoints of the source and
the target objects then informs the shape deformation algo-
rithm that deforms the source object into the target object.
The whole model is learned end-to-end and simultaneously
discovers 3D keypoints while learning to use them for de-
forming object shapes. Our approach produces intuitive
and semantically consistent control of shape deformations.
Moreover, our discovered 3D keypoints are consistent across
object category instances despite large shape variations.
As our method is unsupervised, it can be readily deployed
to new object categories without requiring annotations
for 3D keypoints and deformations. Project page: http:
//tomasjakab.github.io/KeypointDeformer.

1. Introduction

Given the vast number of 3D shapes available on the
Internet, providing users with intuitive and simple interfaces
for semantically manipulating objects while preserving their
key shape properties has a wide variety of applications in
Al-assisted 3D content creation. In this paper, we propose
to automatically discover intuitive and semantically mean-
ingful control points for interactive editing, enabling detail-
preserving shape deformation for object categories.

Specifically, we identify 3D keypoints as an intuitive and
simple interface for shape editing. Keypoints are sparse
3D points that are semantically consistent across an object
category. We propose a learning framework for unsupervised
discovery of such keypoints and a deformation model that
uses the keypoints to deform a shape while preserving local
shape detail. We call our model KeypointDeformer.

Figure 1 describes the inference-time use case of Key-
pointDeformer. Given a novel shape, KeypointDeformer
predicts 3D keypoints on the surface. If a user manipulates a
keypoint on a chair leg upwards, the entire leg is deformed
in the same direction (bottom). Our approach optionally
enables the use of a categorical deformation prior on these

* Work done while interning at Google Research.



edits, such that if a user moves one side of an airplane wing
backwards, the opposite side of the wing is deformed sym-
metrically in the same direction (top)—while if the user
wishes to only move one side of the wing, our approach
also allows this. Our framework enables stand-alone shape
edits or shape alignment between two shapes, and can also
synthesize novel variations of shapes for amplifying stock
datasets.

While 3D keypoints may be a good proxy for shape edit-
ing, obtaining explicit supervision for keypoints and defor-
mation models is not only expensive but also ill-defined. As
such, we propose an unsupervised framework for jointly dis-
covering the keypoints and the deformation model. To solve
our problem, we devise two components that operate in con-
cert: (1) a method for discovering and detecting keypoints,
and (2) a deformation model that propagates keypoint dis-
placements to the rest of the shape. To achieve these, we set
up a proxy learning task where the goal is to align a source
shape with a target shape, where the two can represent very
different instances of a category. We also propose a simple
yet effective keypoint regularizer that encourages learning of
semantically consistent keypoints that are well-distributed,
lie close to the object surface and implicitly preserve underly-
ing shape symmetries. The result of our training approach is
a deformation model that deforms a shape based on automat-
ically discovered 3D control keypoints. Since the keypoints
are low-dimensional, we can further learn a category prior
on these keypoints, enabling semantic shape editing from
sparse user inputs.

Overall, our method has following key benefits:

1. It gives users an intuitive and simple way to interac-
tively control object shapes.

2. Both the keypoint prediction and deformation model
are unsupervised.

3. We show that keypoints discovered by our method are
better for shape control than other kinds of keypoints,
including manually annotated ones.

4. Our unsupervised 3D keypoints are semantically consis-
tent across object instances of the same category giving
us sparse correspondences.

We evaluate the semantic consistency of our unsupervised
3D keypoints on standard benchmarks, and achieve state-
of-the-art results among unsupervised methods. We also
demonstrate the suitability of our keypoints for shape defor-
mation. Finally, we provide qualitative results of user-guided
interactive shape control, and include videos of interactive
shape control on our project page.

2. Related Work

Shape deformation. Our approach is closely related to
detail-preserving deformations studied in geometric model-

ing, including Laplacian-based shape editing [22], As-Rigid-
As-Possible shape deformation [23], and cages [13]. While
these approaches enable shape editing via many forms of
user-specified constraints (e.g., points or sets in an optimiza-
tion framework), a major challenge is that they rely purely
on geometric properties and do not consider semantic at-
tributes or category-specific shape priors for deformation.
Such priors can be obtained from artists painting the object
surface with stiffness properties [1] or learned from a set of
meshes with known correspondence [20]. However, such
supervisions are prohibitively expensive to obtain and are
not applicable to novel shapes. Yumer et al. [33] address
this issue in a data-driven framework that provides a set of
sliders that control the attributes of a given shape. However,
this approach requires a set of predefined attributes obtained
from expert annotations. We propose an unsupervised ap-
proach, and provide users with direct semantic deformation
handles in the form of keypoints. Furthermore, our formula-
tion can incorporate a category-specific deformation basis
on the discovered 3D keypoints, allowing for semantically
consistent user edits from sparse keypoints edits (such that if
one side of an airplane wing is extended, the other opposite
side also extends).

Another related problem is deformation transfer [24],
which transfers the deformation exhibited by a source
mesh onto a target mesh via known correspondences be-
tween shapes. Recent approaches employ deep learning
to implicitly learn the shape correspondences to align two
shapes [31, 8, 29]. While we also use a shape alignment
objective to train our framework, we make our intermedi-
ate control explicit in the form of keypoints, which allows
for stand-alone shape editing. In contrast, prior approaches
always require a target shape to express the desired deforma-
tion.

User-guided shape editing. Our approach is related to re-
cent deep learning—based methods that learn generative mod-
els of shapes for interactive editing. Tulsiani et al. [28]
learn to abstract shapes in terms of primitives, which can
be used to edit the shape by transferring primitive defor-
mations to the surface. However, shape editing is not their
primary focus, and it is unclear how well the direct trans-
fer of primitive transformations preserve local shape detail.
Recent approaches take this idea further by learning a gener-
ative model of primitives in the form of set of point-based
primitives [9], shape handles [5], or disconnected shape
manifolds [19]. These methods enable interactive editing by
searching for latent primitive representations that best match
user edits. However, they require an involved user interface
via sketching or directly manipulating the underlying set of
primitives. Most critically, as the edits are based on genera-
tive models, these approaches may change the local details
of the original shape. In contrast, we directly deform the
source shape, leading to better preservation of shape detail.
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Figure 2: Model. Our model aligns the source shape = with the target shape «’ using predicted unsupervised keypoints p and p’. The
unsupervised keypoints describe the objects pose and work as control points for the deformation. The model is trained end-to-end using a
similarity loss between the deformed source shape & * and the target shape @', as well as a keypoint regularization loss. During interactive
shape manipulation at test time, a user can choose to input only the source shape @ that the keypoint predictor ® uses to estimate a set of
unsupervised keypoints p. The user can then manually control the keypoints p obtaining p’ target keypoints that are fed into the deformation
model to produce the deformed source shape =* as demonstrated in Figure 1, Figure 9 and in the supplementary videos on our project page.

We qualitatively compare our approach to DualSDF [9] to
illustrate this benefit.

Unsupervised keypoints. While the problem of unsuper-
vised keypoint discovery is well studied in 2D [27, 34, 14,

, 26, 11], this problem is relatively under-explored in 3D.
Suwajanakorn et al. [25] detect 3D keypoints from a sin-
gle image using 3D pose information as supervision. Here
we focus on learning 3D keypoints on 3D shapes. Chen et
al. [3] output a structured 3D representation to obtain sparse
or dense shape correspondences. Closest to our approach
in terms of 3D keypoint discovery is that of Fernandez et
al. [4], which impose explicit symmetric constraints. In this
work, we discover unsupervised keypoints for the purpose of
shape control. While we focus on shape editing, our formu-
lation results in state-of-the-art 3D keypoints for semantic
consistency. Such unsupervised keypoints may be useful for
robotics applications that use 3D keypoints as a latent rep-
resentation for control [17, 6], and which currently require
manually defined 3D keypoints as supervision.

3. Method

Our aim is to learn a keypoint predictor ® :  — p that
maps a 3D object shape x to a sparse set of semantically
consistent 3D keypoints p. We also want to learn a condi-
tional deformation model on keypoints ¥ : (x, p,p’) — =’
that deforms the shape x in accordance to the deformed
control keypoints, where p describes the initial (source) key-
point locations and p’ the target locations. Obtaining explicit
supervision for keypoints and the deformation model is ex-

pensive and ill-defined. As such, we propose an unsuper-
vised learning framework for training these functions. We
do so by designing an auxiliary task of pair-wise shape align-
ment, where the key idea is to jointly learn keypoints and a
deformation model that can bring two random shapes into
alignment. Specifically, our model first predicts keypoint
locations on the source and target shapes using a Siamese
network. We then deform the source shape according to the
correspondence provided by the discovered keypoints. In
order to preserve local shape detail, we employ a cage-based
deformation method, conditioned on keypoints. We devise a
novel and highly effective, yet simple, keypoint regulariza-
tion term that encourages keypoints to be well-distributed
and lie close to the object surface. Figure 2 provides a
schematic illustration of our framework.

3.1. Shape Deformation with Keypoints

We first predict keypoints from source and target meshes
by representing each object as a point cloud x € R3*¥,
uniformly sampled from the object mesh. The keypoint
predictor ® takes the shape as an input  and outputs an
ordered set of 3D keypoints p = (py,...,px) € R3*K,
The encoder is shared for both the source and target in a
Siamese architecture. The shape deformation function ¥
takes the source shape x represented as a point cloud x
as well as source keypoints p and target keypoints p’. The
keypoints p and p’ are estimated by the keypoint predictor .
At test time, the user can input their own target keypoints p’
for interactive shape deformation as illustrated in Figure 2.

In order to deform the object shape in a manner that pre-



serves its local shape detail, we use the recently introduced
differentiable cage-based deformation algorithm [31]. Cages
are a classical shape modeling method [13, 12, 15] that use
a coarse enclosing mesh that is associated with the shape.
Deforming the cage mesh results in an interpolated defor-
mation of the enclosed shape. The cage-based deformation
function 8 : (@, ¢, c*) — a* takes a source control cage
c and a deformed control cage c*, and deforms the input
shape « that is in the form of a mesh or a point cloud. We
automatically obtain the source cage c for each shape by
starting with a spherical shape that is larger than the source
shape « and iteratively pulling each of the cage vertices cy
towards the centre of the object until it is within a small
distance from the object surface. The resulting cages are
illustrated in Figure 2. While cages are a reliable method for
shape-preserving deformation, modifying cages to achieve
a desired deformation is not necessarily intuitive, particu-
larly to novice users, because the cage vertices do not lie
on the surface, do not have a coarse structure, and are not
semantically consistent across different shapes. We propose
keypoints as an intuitive handle to manipulate the cages.

In order to control the object deformation using our dis-
covered keypoints, we need to associate them with the cage
vertices. We do so with a linear skinning function that
takes the relative differences between the source and tar-
get keypoints Ap = p’ — p and associates each of them
with the source cage vertices cy using an influence matrix
W € RE*K that we learn in an end-to-end manner, where
C is the number of cage vertices and K is the number of
discovered keypoints. The resulting deformed cage vertices
cj, are then defined as

¢y, =cy + WAD. (1

In order to adjust for the fact that cages are unique to
each shape, we represent the influence matrix as a function
of the input shape x. Specifically, the influence matrix is
a composition W (x) = We + Wi () of a canonical W¢
matrix that is shared with all instances of the object category
and an instance specific offset W that is predicted from the
source shape x using an influence predictor Wy = I'(x). We
regularize the instance specific W; matrix by minimizing
its Frobenius norm to prevent overfitting of the resulting
influence matrix W. We denoted this regularizer as Lis.
Finally, we limit the matrix W to only influence at most M/
nearest cage vertices per each keypoint to encourage locality.

3.2. Losses and Regularizers

Our KeypointDeformer is trained end-to-end with stochas-
tic gradient descent by minimizing a similarity loss between
the source and target shape, as well as a keypoint regulariza-
tion term and instance-specific influence matrix regulariza-
tion term.

(b) unsupervised keypoints predictions

Figure 3: Farthest Point Keypoint regularizer. We use farthest
point sampling with a random starting point to regularize the pre-
dicted keypoints. (a) illustrates the frequency of a given point being
sampled by the farthest point sampling algorithm. Darker colours
indicate higher probability of a point being sampled. The expected
locations of sampled points provide good coverage and inherently
follow the symmetry of the original shape. Also, a subset of them
tend to be semantically stable across different object instances.
Using expected sample locations as a prior for keypoint location
works well as the keypoint predictor will learn to be robust to noise
in these sampled points. This can be seen in the example of the
airplane where the tips on the fuel tanks (shown in red circle) are
ignored, and the keypoints are instead predicted (b) at the wingtip
(shown in green circle) location that is more consistent across the
dataset (most planes have wings, but many lack fuel tanks).

Similarity loss. Ideally, we would like to compute the simi-
larity between the deformed source shape « and the target
shape @’ using known correspondences between the meshes.
However, such correspondence is not available since we aim
to train on generic collections of object category CAD mod-
els. We approximate the similarity loss by computing the
Chamfer distance between the deformed source «* and the
target shape ' represented as point clouds. We denote this
loss as Lgim.

Farthest Point Keypoint regularizer. We propose a simple,
yet highly effective keypoint regularizer Ly that encourages
predicted keypoints p to be well-distributed, lie on the ob-
ject surface, and preserve the symmetric structure of the
underlying shape category. Specifically, we devise a Farthest
Sampling Algorithm to sample an unordered set of points
qa = {q,...,q;} € R3 from the input shape x repre-
sented as a point cloud. The initial point for sampling is
chosen at random, and hence each time we compute this
regularization loss a different set of sampled points q is used.
Given these stochastic farthest points, the regularizer mini-
mizes the Chamfer distance between the predicted keypoints



p and sampled points q. In other words, the regularizer en-
courages the keypoint predictor ¢ to place the discovered
keypoints p at the expectation of the sampled farthest points
q. Figure 3 illustrates the properties of the sampled regu-
larizer points. The sampled points provide equally spaced
coverage of the input object shape x, are relatively stable
across different instances, and preserve the symmetric struc-
ture of the original input shapes.

Another intuition behind this regularization is that we can
consider the sampled farthest points g as a noisy prior over
keypoint locations. This prior is not perfect—it may miss
important points in some models, or place spurious points
in others—but the neural network keypoint predictor will
learn keypoints in a way that is robust to such noise, and
instead, prefer to predict keypoints at consistent locations,
as demonstrated in Figure 3.

Full objective. In summary, our full training objective is
L= Esim + akptckpt + Oéinfﬁinf (2)

where oy, and aiyr are scalar loss coefficients. Our method
is simple and does not require additional shape specific regu-
larization for shape deformation, such as the point-to-surface
distance, normal consistency, and symmetry losses employed
in [31]. This is due to the fact that keypoints provide a low-
dimensional correspondence between shapes and that cage
deformations are a linear function of these keypoints, pre-
venting extreme deformations that result in unwanted local
shape deformations.

3.3. Categorical Shape Prior

Since we represent an object shape as a set of semantically
consistent keypoints, we can obtain a categorical shape prior
by computing PCA on the keypoints predicted on the training
set. This prior can be used to guide keypoint manipulation.
For example, if user edits a single keypoint on an airplane
wing, the remaining keypoints can be “synchronized” ac-
cording to a prior by finding the PCA basis coefficients that
best reconstruct the new position of the edited keypoint. The
resulting reconstructed set of keypoints follow the prior de-
fined by the data. This prior also allows sampling of novel
shapes via sampling a new set of keypoints. This set of
keypoints can be then used to deform the shape using our
deformation model in order to, for instance, automatically
augment libraries of stock 3D models.

4. Experiments

The main objectives of our experiments are to evaluate
whether (1) our discovered keypoints are in general of good
quality as keypoints (Section 4.2), (2) our discovered key-
points are better suited for shape deformation than other key-
points (Section 4.3), and (3) our method allows for intuitive
shape control (Section 4.4). The supplementary material
contains extended version of results and ablation studies.

‘airplane car chair motorbike table

Chen et al. [3] 069 039 0.78 091 0.75
Fernandez et al. [4]| 0.78  0.66 0.80 0.90 0.85
ours 085 0.73 0.88 0.93 0.92

Table 1: Semantic part correspondence. We report the average
unsupervised keypoints correlation for each category. 1 is better.
Extended version with additional categories and detailed correlation
tables can be found in the supplementary.
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threshold
(a) airplane (b) car (c) chair

‘ airplane car chair

Chen et al. [3] 0.49 0.46 0.22
Fernandez et al. [4] 0.36 0.47 0.24
ours 0.61 0.56 0.37

(d) Percentage of correct keypoints (PCK) @0.05

Figure 4: Unsupervised 3D keypoints accuracy. We measure
the semantic consistency of keypoints following [27]. We train
a linear regressor to predict manually annotated keypoints from
unsupervised keypoints. The regressor accuracy on the test set
estimates the semantic consistency of the underlying unsupervised
keypoints. We show results in terms of PCK for airplane, car and
chair category on the KeypointNet dataset [32].

4.1. Experimental Setup

Datasets. We train our KeypointDeformer using
ShapeNet [2] following the standard training and test-
ing split. We normalize all the shapes into a unit box.
For evaluation, we use semantic part annotations for
ShapeNet [30], as well as the KeypointNet [32] dataset,
which contains semantic keypoint annotations for selected
ShapeNet categories. Note that our method does not require
any of these annotations for training. We also evaluate
KeypointDeformer on real-world 3D scans of shoes from
Google Scanned Objects dataset [7].

Implementation details. The keypoint predictor ® and the
influence predictor I' are implemented as neural networks
using a PointNet encoder and the whole model is optimized
using the Adam optimizer. We use 1024 sampled points for
the point cloud representation of shape x. Unless otherwise
mentioned, we predict 12 unsupervised keypoints for all



(a) ours (b) Chen et al.

(c) ours (d) Fernandez et al. (e) Chen et al.

Figure 5: Unsupervised 3D keypoints. We compare our unsuper-
vised 3D keypoints with Fernandez et al. [4] and Chen et al. [3].
Our keypoints are more semantically consistent despite large shape
variations when compared to other methods. Keypoints obtained by
Fernandez et al. [4] do not explain all the shapes well. Moreover,
our keypoints are symmetrical without explicitly enforcing that in
contrast with [4]. We show results on additional categories in the

‘ % >

Figure 6: Unsupervised 3D keypoints on real-world data. We
run our unsupervised keypoint detector on real-world scans of
shoes [7]. The keypoints are semantically consistent across differ-
ent shapes.

categories except for airplane and car where we use 8. The
supplementary contains an ablation studying the effect of
different number of unsupervised keypoints. We set the num-
ber of sampled farthest points g to the double of the number
of keypoints. Detailed descriptions of network architectures
and training details are in the supplemental material.

4.2. Semantic Consistency

We first demonstrate the quality of our unsupervised key-
points by evaluating their semantic consistency, i.e. whether
they always correspond to the same semantic object parts
or not. For instance, if a keypoint is predicted on the tip of
the wing on one instance of an airplane, then that same key-
point should always correspond to the tip of the wing across

source deformed source target

(a) Chen et al. [3]

(b) Fernandez et al. [4]

(c) ours

\ Fernandez et al. [4] Chen et al. [3] annotations [32] ours

CD| 7.55 5.93 4.20 3.02

(d) Chamfer distance between deformed source and target

Figure 7: Keypoints for shape deformation. We replace our dis-
covered keypoints in KeypointDeformer to compare with different
keypoints detectors and manually annotated keypoints on keypoint-
guided pairwise shape alignment for the airplane category. The
degree of alignment is measured by the Chamfer distance between
the deformed source and target shapes. Our discovered keypoints
can align shapes better even when compared to manually selected
keypoints from KeypointNet [32]. Keypoints from Fernandez et
al. [4] and Chen et al. [3] fail to accurately align shapes as their
keypoints are less precise. Data in the table are scaled by 10°.

different instances. For this task we compare with recently
introduced methods for unsupervised keypoint discovery
from Fernandez et al. [4] and Chen et al. [3].

We evaluate semantic consistency using two protocols.
First, we use an evaluation protocol of Fernandez et al. [4].
Since their evaluation is very coarse, we also follow an
evaluation protocol for unsupervised keypoints established
by Thewlis et al. [27].

The evaluation protocol of Fernandez et al. [4] employs
the ShapeNet dataset with part annotations to measure the
correlation between each keypoint and annotated semantic
object parts across instances of the category. Each keypoint
is associated with the nearest object part. This protocol has
two limitations. First, a keypoint can be associated with an
object part even if it lies far from the object (indicating a poor
choice of keypoint). Second, this protocol does not account
for boundary keypoints that are predicted just between two
annotated object parts (which can still be high-quality, salient
keypoints). To address these limitations, we propose a small
modification to this protocol, in which we associate each
keypoint with a given object part if it lies within its small
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Figure 8: Comparison with DualSDF [9]. We move the wing tip
in the direction of the red arrow. (a) DualSDF is a generative model
and changing the position of the wing tip results in a change from an
airliner to a jet fighter. In contrast, our method preserves the original
structure of the mesh and allows for asymmetric manipulation when
desired (b). Our method can also work in conjunction with a shape
prior (Section 4.5) to achieve symmetrical manipulation (c).

neighborhood (0.05 from the object part when the object is
normalized to unit box)—hence, a keypoint can be associated
with multiple parts. For each keypoint, we compute its
correlation with each object part. Since a keypoint can be
associated with multiple parts, we consider only the most
correlated part for a given keypoint in the final metric. The
final metric then computes the average correlation over all
the keypoints. We report semantic consistency results for
ShapeNet categories in Table 1. Our keypoints show better
average correlation when compared to Chen et al. [3] and
Fernandez et al. [4].

Second, we adopt the standard unsupervised 2D keypoint
evaluation protocol as in [27, 34, 10], since the semantic
object parts are coarsely annotated (e.g., the airplane cate-
gory comes with only 3 semantic parts). The objective of
this protocol is to measure how predictive unsupervised key-
points are of semantic keypoints selected by humans. This
is done by finding a linear mapping between the unsuper-
vised keypoints and manually annotated ones. The linear
mapping is established on the training set by fitting a linear
regressor. The predictiveness of unsupervised keypoints is
then measured in terms of this regressor’s prediction error
on the test set. We use the recent KeypointNet dataset [32],
which contains semantic annotations on ShapeNet dataset.
We report the performance in Figure 4. Our unsupervised
keypoints are more predictive of manually annotated key-
points than other unsupervised keypoint. Figure 5 provides
qualitative comparison of our unsupervised keypoints with
those obtained by other methods.

Real world scans. We also demonstrate applicability of
our unsupervised keypoint detector on real-world 3D scans
of objects. We use the shoe category from Google Scanned
Objects dataset [7]. We align the shapes using the automat-
ical alignment method from [16]. We split the dataset into
training and test sets with 219 and 36 samples respectively.
We use the same hyper-parameters as done in experiments
on ShapeNet. Figure 6 shows that our method learns se-
mantically consistent 3D keypoints for shoes with largely
different shapes.

4.3. Keypoints for Shape Deformation

To quantitatively demonstrate that controlled shape defor-
mation is possible through unsupervised keypoints, we use
the task of pairwise shape alignment, in which we deform a
source shape into a target shape. In our case, the deforma-
tion is guided using keypoints. This task also evaluates that
our discovered keypoints are more suitable for shape control
than other keypoints. We modify our method by replacing
our unsupervised keypoints with keypoints obtained from
other methods. We then train our deformation model from
scratch. We experiment with keypoints from [4], [3], and
also manually annotated keypoints from [32]. Performance
is evaluated by measuring the Chamfer distance between
the deformed source shape and the target shape. We present
results in Figure 7. The unsupervised keypoints obtained by
other methods fail to capture the large variations in shapes
in the dataset. Our keypoints, on the other hand, can follow
the large changes in shapes. This ultimately leads to more
accurate shape deformations.

4.4. Shape Control via Unsupervised 3D Keypoints

Our ultimate goal is to use automatically discovered key-
points to perform user-guided interactive shape deformation.
Figure 9 shows interactive shape control using our unsu-
pervised keypoints. Our method provides low-dimensional
handles to control object shape. The control is intuitive as
the deformation is semantically consistent, e.g., moving a
keypoint on the leg of a chair or airplane wing results in
movement of that object part in the same direction. Thus the
user can easily edit shape meshes. Please refer to our project
page for a demo video showcasing user-guided interactive
shape control using keypoints.

The related work DualSDF [9] also allows for user-guided
interactive shape deformation. However, the key distinction
here is that DualSDF is a conditional generative model. Ma-
nipulating an object through its handle generates a new shape
that respects the new position of the handle specified by the
user, but the new generated shape can be very different from
the original one. This aspect is illustrated in Figure 8, where
DualSDF transforms an airliner to a jet fighter.



Figure 9: Interactive shape control via 3D unsupervised keypoints. We show iterative steps in user guided shape deformation using our
discovered keypoint as handles. Top row shows initial state. Please refer to our project page for a demo video.

4.5. Categorical Shape Prior

Since our deformation model uses keypoints as its low-
dimensional shape representation, we can compute categor-
ical shape prior on them. We compute PCA on the set of
predicted keypoints obtained from the training set. We set
the number of basis to 8. As discussed in Section 4.5, we
use the prior in two ways. First, we can use it during in-
teractive shape control when the user manipulates only a
single keypoint, to “synchronize” the rest of the keypoints
according to the prior. This “synchronized” editing is used
in Figure 8 where we drag only a single keypoint and the rest
get automatically readjusted. Second, we can easily sample
new deformations using sampled keypoints that we obtain
by varying PCA basis coefficients. This can be applied to
automatic dataset amplification as demonstrated Figure 10.

5. Conclusion

We present a method for controlling the shape of 3D
objects through automatically discovered semantic 3D key-
points and a deformation model learned jointly with the
keypoints. The resulting KeypointDeformer model provides
users with a simple interface for interactive shape control.
One limitation of the method is that our approach assumes
aligned shape collections. However, in our experiments with
real scans, automatic alignment method was sufficient. An-
other limitation is that the keypoint representation does not
allow modeling of individual object part rotations. In this
work we focused on the task of shape control and keypoint
prediction, however 3D keypoints has various usage in other

“wing angle” “wing span”

basis coefficients

Figure 10: Varying PCA basis coefficients for shape augmenta-
tion. We sample new keypoints by varying its PCA basis coef-
ficients. The sampled keypoints are used to deform the original
shape obtaining a new set of shapes. The left two columns show
results for a subspace that correlates with the wing angle. The right
two columns show results for a subspace that correlates with the
wing span.

applications such as robotics [ 17, 18]. It would be interesting
to explore the applicability of our unsupervised 3D keypoints
to other tasks in the future.
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Appendix

This supplemental document provides an ablation study (Appendix A), extensive results (Appendices B and C), and further
implementation details (Appendix D). Please also refer to our video on our project pagethat demonstrates our method in action.

A. Ablations

S . |

(a) 16 sampled farthest points (b) 1024 points (full point cloud)

hd ehhid o

(c) 24 sampled farthest points (d) 1024 points (full point cloud)

Figure 11: Farthest Point Keypoint regularizer ablation. We investigate the influence of the number J of sampled farthest points q used
for the keypoint regularizer (Section 3.2 of the main paper) on the quality of discovered unsupervised keypoints. We show unsupervised
3D keypoints trained using two versions of regularization. First, we set the number of sampled farthest points to double of the number of
keypoints (a, ¢). This is the setup that we use throughout the paper. Second, we set the number of sampled farthest points to the number of
points in the point cloud representing the shape. This essentially results in a regularizer that is minimizing the Chamfer distance between the
unsupervised keypoints and the object point cloud. Although the learned unsupervised keypoints have a good coverage (b, d) they are not as
equally spaced and characteristic of the shape as (a, c).

Varying number of regularizing points. We examine the importance of the number of sampled farthest points g on the
quality of keypoint regularization (Section 3.2 of the main paper). Figure 11 shows the effect of different numbers of sampled
farthest points on the discovered keypoints. Using a high number of sampled farthest points in the regularization fails to learn
keypoints that are equally spaced and characteristic of the underlying shape.

Varying number of keypoints. We vary the number of unsupervised keypoints discovered by our method. Figure 12 shows
that our keypoints remain semantically consistent for different numbers of discovered keypoints.

B. Shape Control via Unsupervised 3D Keypoints

We show user guided interactive shape control in our supplementary video on our project page. Figure 15 shows frames
captured from user-guided interactive shape editing. Editing using our keypoints is fast and intuitive while preserving the
character and details of the original shape.

C. Unsupervised 3D Keypoints

We show extended quantitative results for semantic part correspondence experiment and detailed correlation tables
in Figure 13 for the ShapeNet Car category. Figures 16 to 20 show extensive randomly sampled qualitative test results for our
unsupervised 3D keypoints.

http://tomasjakab.github.io/KeypointDeformer
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4 unsupervised keypoints

8 unsupervised keypoints

12 unsupervised keypoints

16 unsupervised keypoints

(a) predicted unsupervised keypoints

# of unsupervised keypoints‘ 4 8 12 16
PCK@0.05 ‘ 0.56 0.61 0.71 0.71

(b) quantitative evaluation

Figure 12: Varying number of keypoints. The figure (a) shows the effect of different number of discovered keypoints (4, 8, 12, 16 from the
top). The results are shown on randomly sampled results for ShapeNet Airplane category. Results in the table (b) are in terms of PCK@0.05
on airplanes from the KeypointNet dataset.

D. Implementation Details

Our model assumes that the shapes are aligned (in the same orientation). The initial cage is a 42-vertex icosphere. We limit
the influence matrix W to influence at most M nearest cages vertices (Section 3.1) per each keypoint, with M = |C/K |,
where C is the number of cage vertices and K is the number of discovered keypoints. We use a learning rate of 0.001. The
scalar loss coefficients (Section 3.2) ayp,; and ap are set to 1.0 and 1079 respectively. Figure 14 shows detailed description of
network architectures used for the keypoint predictor ¢ and the influence predictor I'.

Datasets. KeypointNet [32] dataset contains semantic 3D keypoint annotations for ShapeNet dataset [2]. Some models in
KeypointNet are missing full keypoint annotations, therefore we use a subset of annotated keypoints that are contained in
at least 80% of the models. KeypointNet also does not follow the standard training and testing splits from ShapeNet. We
resample the KeypointNet dataset splits to make it compatible with the original ShapeNet splits.

12
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Figure 13: Semantic part correspondence. We evaluate semantic part correspondence for the ShapeNet Car category. The tables (a) shows
the frequency of each unsupervised keypoint [kp*] being associated with a given object part. Chen et al. [3] show worse performance in this
task because that methods tends to predict keypoints inside the object far from the annotated object surface. We also report the average

unsupervised keypoints correlation for each category (b). 1 is better.
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Input x
Conv 1D
Conv 1D
Conv 1D
Max. pool
Squeeze
Linear
Linear
Linear
Linear

Reshape

3
64
128
256
256
256
256
512
256
3K
3

1024
1024
1024
1024

1

K

Activation

- Operation Kernel Output channels Output size Activation
ReLU Input x - 3 1024 -
ReLU Conv 1D 1 64 1024 ReLU
None Conv 1D 1 128 1024 ReLU
- Conv 1D 1 256 1024 None

- Max. pool 1024 256 1 -
LReLU Squeeze - 256 - -
LReLU Linear - C-K - LReLU
LReLU Linear - C-K - LReLU
None Linear - C-K - None

- Reshape - C K -

Figure 14: Network architectures. The network architectures are based on a PointNet encoder [

(a) Keypoint predictor ¢

(b) Influence predictor I"

, 31]. K is the number of discovered

keypoints, C' is the number of cage vertices. LReLU stands for Leaky ReLU with 0.1 negative slope.

Figure 15: Shape control via unsupervised 3D keypoints. We show steps from shape editing using our unsupervised 3D keypoints. Please
refer to our supplementary video on our project page to see the editing in action.
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Figure 16: Unsupervised 3D keypoints on real-world 3D scans. Randomly sampled results with 8 unsupervised keypoints on real-world
3D scans of shoes from Google Scanned Objects dataset [7].
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Figure 17: Unsupervised 3D keypoints. Randomly sampled results with 8 unsupervised keypoints for ShapeNet Airplane category.

D" B Difp—e

Loh A
i1 A
s & A &

Figure 18: Unsupervised 3D keypoints. Randomly sampled results with 8 unsupervised keypoints for ShapeNet Guitar category.
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Figure 19: Unsupervised 3D keypoints. Randomly sampled results with 12 unsupervised keypoints for ShapeNet Chair category.
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Figure 20: Unsupervised 3D keypoints. Randomly sampled results with 8 unsupervised keypoints for ShapeNet Car category.

17



Chapter 6

DOVE: Learning Deformable 3D
Objects by Watching Videos

86



‘. DOVE: Learning Deformable 3D Objects by
Watching Videos

Shangzhe Wu* Tomas Jakab* Christian Rupprecht Andrea Vedaldi

Visual Geometry Group, University of Oxford
{szwu, tomj, chrisr, vedaldi}@robots.ox.ac.uk

dove3d.github.io

Abstract

Learning deformable 3D objects from 2D images is an extremely ill-posed problem.
Existing methods rely on explicit supervision to establish multi-view correspon-
dences, such as template shape models and keypoint annotations, which restricts
their applicability on objects “in the wild”. In this paper, we propose to use monoc-
ular videos, which naturally provide correspondences across time, allowing us
to learn 3D shapes of deformable object categories without explicit keypoints
or template shapes. Specifically, we present DOVE, which learns to predict 3D
canonical shape, deformation, viewpoint and texture from a single 2D image of
a bird, given a bird video collection as well as automatically obtained silhouettes
and optical flows as training data. Our method reconstructs temporally consistent
3D shape and deformation, which allows us to animate and re-render the bird from
arbitrary viewpoints from a single image.

1 Introduction

Recently, with the adoption of machine learning, reconstructing 3D shapes from 2D images has
advanced considerably. While this task traditionally requires establishing correspondences between
multiple views [ 3], learning-based approaches have demonstrated the possibility of inferring 3D

shapes from a single image, by learning priors for a specific object category [3, 9, 57, 12, 23, 10].
However, most of these methods rely on ground-truth 3D data [3, 9, 58, 57, 12, 23, 33, 43, 48, 10]
or shape models [31, 19, 68, 49, 69] as supervision for training, and thus only work well on very

specific categories, such as faces, human bodies and synthetic objects, where such data are available.

Recent unsupervised and weakly-supervised methods have shown promising reconstruction results on
a wider variety of objects, by replacing the 3D ground-truth with weaker forms of supervision, such as
2D keypoints [20], 3D viewpoints [20, 39] and category-specific template shapes [25, 69, | 1]. These
additional sources of information provide strong supervisory signals for establishing correspondences
between different instances, allowing the models to be trained on single-view image collections.
Although these annotations are relatively cheaper compared to 3D ground-truth, it is still prohibitively
difficult to collect such annotations for all object categories in the world at large scale.

In this paper, we aim to go one step further and leverage an even cheaper source of data to learn
correspondences for reconstructing deformable 3D objects, which is “in-the-wild” monocular videos
that are readily available online. Videos naturally provide rich correspondences across time as
different views of the objects are observed. If the objects are static, existing methods [62, 29, 17] are
able to learn 3D shapes based on similar principals as Structure-from-Motion (SfM) [5, 13]. However,
many moving objects “in the wild”—such as animals—are not static, but rather highly deformable.
Modeling these articulated shapes from monocular videos alone is very challenging due to the lack of
multi-view consistency.

*Equal contribution.

Preprint. Under review.
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Figure 1: DOVE - Deformable Objects from VidEos. Given a collection of video clips of an object
category as training data, we learn a model that is able to predict a textured, articulated 3D mesh of
the object from a single input image.

In this work, we propose a method that automatically discovers and leverages correspondences
in monocular videos for category-specific 3D reconstruction of deformable objects. Specifically,
our model is trained on a collection of short video clips capturing objects of the same category, as
illustrated in Fig. 1. To simplify the problem, here we assume videos with a static background, which
are easy to obtain simply using a stationary camera (as is often done to capture wild animals), and
rely on the object itself as the only source of motion, which is the exact opposite of [29]. Similar to
previous methods [20, 11, 27], we also obtain 2D object masks using an off-the-shelf segmentation
model, and assume bilateral symmetry in the shape and texture (but in the canonical pose rather than
individual frames as in [20] due to asymmetric articulation), which is true for most animals. However,
unlike these existing approaches, our method does not require explicit geometric supervision, such as
keypoints, viewpoint or template shapes, and instead relies on the temporal information inherent in
videos alone for learning 3D shapes.

To do this, we adopt a photo-geometric auto-encoding approach that disentangles shape, texture and
pose of an object from each frame, with the objective of reconstructing the original image as well as
the 2D object mask. Although on single frames this is an ill-posed problem, temporal consistency
between consecutive frames in the videos provides powerful cues that make the problem tractable.
First, the identity of the object remains the same in the video clip. By enforcing a constant base
shape and texture, we can factor out the motion of the object with an articulation model and establish
correspondences across different poses. As a result of this decomposition, we can also animate
the objects with arbitrary poses, as shown in Fig. 1. Second, with videos, methods such as optical
flow can be used to estimate 2D correspondences between frames automatically, which also provide
geometric cues for recovering 3D shape and pose.

In summary, we present a method that learns to reconstruct deformable 3D object categories from
“in-the-wild” monocular videos. By exploiting temporal consistency in videos, our method eliminates
the need for explicit geometric supervision required by existing methods, such as keypoints, viewpoint
or template shapes, which could potentially enable us to model a much wider range of objects where
such annotations are difficult to obtain. Furthermore, our model produces temporally consistent
reconstructions, whereas state-of-the-art methods produce inconsistent results as they are trained on
independent, single images.

2 Related Work

Learning-based Reconstruction. A primary motivation for introducing machine learning in 3D
reconstruction is to enable reconstruction from single views, which necessitates learning suitable shape
priors. In particular, we focus the discussion on unsupervised and weakly-supervised methods that do
not require explicit 3D ground-truth for training. Early unsupervised examples include monocular
depth predictors trained from egocentric videos of rigid scenes, such as [8] and SfMLearner [67].

Other authors instead explored learning to reconstruct full 3D meshes of objects rather than depth
maps [23, 20, 30, 22, 57,42, 15, 11, 27, 28, 60]. Many of these works consider object categories
and learn from still images only, generally using masks and additional sources of supervision or
prior assumption: CMR [20] uses 2D keypoint annotations (in addition to masks) to initialize shape



Table 1: Related Work. Flow indicates optical flow. !coarse template shape and 2camera estimated
from keypoints using SfM, 2outputs texture flow, 4shape bases initialized from CMR. *LASR and an
online adaptation version of VMR have to be optimized on test sequences.

Supervision Output
Method Template View Keypoints Mask Flow Video 3D 2.5D Deform View Texture
VMR* [28] v VR v o v W)
LASR™ [63] v v v v v v v
Unsup3D [59] v v v
CSM [25] v v v
CMR [20] W) W)? v v v v )P
U-CMR [11] v v v v v
UMR [27] v v v o WP
VMR [28] W) W) v v v v v o W)
Ours v v v v v v v

and viewpoint using SfM. U-CMR [ 1] extends CMR so that keypoint annotations are not required,
but they require a template shape of the category beforehand. They also advocate for extensive
view sampling (camera multiplex) to address the challenge of discovering the object viewpoint.
UMR [27] replaces supervised keypoints with unsupervised part segmentations from SCOPS [18].
VMR [28] extends CMR and removes the symmetric shape assumption by constraining the base shape
deformation with an As-Rigid-As-Possible (ARAP) [51] regularizer. Unsup3D [59] learns objects
from still images, but only with limited viewpoint variation. CSM [25] and articulated CSM [26]
learn to pose an externally-provided (articulated) 3D template of an object category to images while
only using masks as supervision. We summarize the key differences in Table 1.

Adversarial learning can supplant the lack of multiple views of the same object. The idea is that the
learned 3D model can be used to generate arbitrary views of an object, such that the discriminator
network can provide supervisory signal to learn the geometry by telling whether the generated views
are plausible or not. Examples include the works of [24, 2], PlatonicGAN [16], HoloGAN [37],
BlockGAN [38], Shelf-supervised learning [64] and GRAF [50]. This type of approach does not
require information about specific viewpoints, but does require to know the distribution of viewpoints
in the training data (as the discriminator is sensitive to that). Overall, promising results can be
achieved on synthetic data as well as a few real-life object categories, but general methods usually
recover only very coarse 3D shapes or 3D feature volumes that are difficult to extract.

Reconstruction from Multiple Views and Videos. Most works using multiple views and videos
focus on reconstructing individual instances of an object. Classic 3D reconstruction uses SfM
pipelines from multiple views of a rigid scene, with pipelines such as KinectFusion [35] and Dynam-
icFusion [36] integrating depth sensors for 3D reconstruction of dense static and deformable surfaces.
NeRF [34] and its deformable extensions [44, 7, 55, 46, 40] such as D-NeRF [45] synthesize novel
views from densely sampled multi-views of a static or mildly dynamic scene using a Neural Radiance
Field, from which explicit 3D geometry can be further extracted. A more recent work, LASR [63],
optimizes a single 3D deformable model on an individual video sequence.

Prior works on learning 3D categories form videos mostly focus on reconstruction of human bodies
or faces [56, 1, 4, 21, 65, 6, 54]. However, they all require a shape prior, such as a parametric shape
model [31]. [41] and [17] consider turn-table like videos to learn to reconstruct rigid object categories.
VMR [28] introduces a test-time adaptation on individual videos that enforces temporal consistency
of the shape and texture predictions obtained from a model pre-trained on object category images
(apart from extending CMR as explained above). In contrast, our method learns a 3D shape model of
a deformable object category from videos, which allows for single image reconstruction at inference.

3 Method

Our goal is to learn 3D shapes for a deformable object category from a collection of videos clips.
Specifically, given a dataset of short video clips of the objects captured with stationary cameras, we
would like to train a reconstruction model that takes as input a single image of an object and predicts
the 3D shape, texture and articulated 3D pose of it. Fig. 2 gives an overview of the training pipeline.
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Figure 2: Training Pipeline. Form a single frame of a video, we predict the 3D pose, shape and
texture of the object. The shape is further disentangled into category shape, instance shape and
deformation using bone skinning. Using a differentiable rendering step, we can train the model
end-to-end by reconstructing the image and by enforcing temporal consistencies.

3.1 Photo-Geometric Auto-Encoding

Our reconstruction model takes in a single frame I € R3*#*W from a video sequence and predicts
the articulated 3D shape, texture and rigid pose of the object using three networks, denoted by fgs, fr
and fp respectively. This information is then recombined to generate (render) an image of the object,
which can be compared to the input video frames for supervision.

The shape is given by a triangulated mesh with fixed connectivity and variable vertex positions
V € R3*X_ We distinguish instance-specific shape variations from frame-specific articulations by
obtaining V' in two steps, described next.

Instance-Specific Deformation. The first step is to reconstruct the shape Vi, of a specific video
object instance in a canonical ‘rest pose’. This accounts for the fact that different object instances
(e.g., different birds) have similar but different shapes. The shape is given by:

‘/ins = Vear + A‘/insy (1)
where V, is a learned category-specific template and AV, is the instance-specific shape variation.

We also assume that the object has a bilateral symmetry [59]. Vertices in this instance mesh are
thus coupled in symmetric pairs by a permutation matrix IT € {0, 1}%*% (such that 112 = I).
Furthermore, the bilateral symmetry plane of the object is mapped to the yz-plane in canonical space
(an arbitrary choice). With this, a mesh V' is symmetric if, and only if, VII = diag(—1,1,1)V.
In practice, we impose this constraint on both V;,, and AV, storing only half of the vertices and
inferring the other half using this equation.

Articulation. In order to account for the effect of articulation, the object’s rest shape Vi is further
deformed by means of a posing function V = g(Vins, &) where £ are the pose parameters. We model
this function by means of a small number of virtual ‘bones’. Let V; be the homogeneous coordinates
of a particular mesh vertex relative to a bone b € {1, ..., B} to which it is rigidly attached, 7 (b)
the parent of bone b in the kinematic tree, and J; the location of the joint between the two bones
expressed relative to the parent and let &, be the parameters of the joint rotation. Then, we can express
the vertex relative to the parent bone as g;,(£)V; where:

a0 =" 7).

Applying this construction recursively along the kinematic tree, we obtain the overall bone transfor-
mation Gy, = Gr(;) © gp, Where the base case (71 is the pose of the root joint w.r.t. the world. With

this, the location of the vertex in the world is given by V; = G},(£)V;

By inverting these relations, given the mesh Vi, at rest pose &y, we can express its vertices relative
each bone as V; = G, (&)~ [ Vins)i- As commonly done [31], we allow each vertex 4 to associate
softly to one or more bones b via weights wy;, obtaining the smoothed posing (or skinning) function:

(Z wszb(£ Gb(ﬁO) > [ ms] 2

b=1



Initialization. Unlike prior work such as [11], we do not assume that a category-specific, 3D
template is available. Instead, we simply take a sphere as a base mesh Vj,5. and optimize a set of
vertex deformations AV, € R3*¥ as trainable parameters. The category shape is then obtained
by deforming the base shape as Viy = Viase + AVey. We also require to define the bone structure.
Given the shape corresponding to the rest pose (after one epoch of training in a pose-free manner),
we define a fixed number of bones inside the mesh that we set to lie on two line segments going
from the two most extreme point of the mesh to the center. We then divide each line segment into
equally-sized parts that define the origin and the length of each bone.

Shape and Pose Predictors. The final shape of the object V' in each frame is thus expressed as:
Vv :g(v;nsvf) :g(%ase“’A‘/cat‘i‘AV;nSag)a (3)

where Vi is fixed (a sphere), the template AV, is the same for all objects and treated as a vector
of learnable parameters and the other quantities are predicted by networks from each input frame 1.
We predict the rigid pose of the object by means of a rigid pose network fp as (£1,J1) = fp(I]0).
Recall that parameter £; corresponds to the root bone rotation, and J; to its translation w.r.t. the
world reference frame; together, they thus express the rigid component of the object pose. The
instance-specific deformation and articulation parameters, AV, and &, are instead predicted by a
shape network, also from the input frame: (AViy, £2.8) = fs(I]6).

Appearance Model and Differentiable Rendering. We represent the texture of the object using
a texture map 1" € R3XHrxWr  The vertices of the base mesh Vi, are assigned to fixed texture
uv-coordinates and the texture inherits the symmetry of the base mesh. Formally, this means that the
mesh vertices Vipase € R**% are mapped to uv-coordinates U € R2*¥ such that UII = U.

The texture is also predicted from the video frame I by a texture network fr as T = fr(I|0). Given

the posed mesh V' and the texture 7', we can then render an image I= R(V,T) of the object
using standard perspective-correct texture mapping with barycentric coordinates. We also render
the 2D mask of the object as M = R(V). Specifically, we use the PyTorch3D differentiable mesh
renderer [47]. We overlay the rendered mesh to the background of the object. Since the camera is
fixed, the latter can easily be extracted from frames where the object is not detected, which are then
averaged (an alternative to restricting the photometric loss described below to the masked pixels).

3.2 Learning from Videos

S|

Our goal is to learn the reconstruction model from a collection of video sequences S = {S;},2},

where each sequence S; consists of frames S; = (I, Mlt),‘il‘ cropped around object instances.
Here, ¢ denotes the sequence index and ¢ the frame index (time). These sequences are obtained by

pre-processing the videos using an off-the-shelf instance segmentation technique (Mask R-CNN [14]).

Temporal Consistency. One important property of the frames in a video track is that they show the
same object instances and thus share the same instance-specific shape Vi ; and texture 7. Recall,
however, that different shapes Vins ; and textures T; are predicted from individual frames I;; by
networks fg and fr. We encourage these predictions to be consistent (constant) for a sequence
by randomly replacing them with their sequence-wise averages AVin ; = ﬁ ZLil‘ AVins,it and

T, = ﬁ thill T;; for rendering. The idea is that inconsistent textures will lead to blurry averages

and thus higher reconstruction error. This encourages temporally consistent textures.

Rendering Losses. Given a training image I;; and a corresponding mask M;,, we first consider
the image reconstruction loss:

Lim,it = ||Iit — Lie|l1, where Iy = R(Vie, Ti) and Vit = g(Voase + AVear + AVingi, i), (4)

As explained above, the instance shape AV, ; and texture T} are sequence averages, independent of
the time index ¢. We also define a similar loss for the rendered mask:

Limask,it = Aml|Mir — Mig||2 + Aatl| dt(Mir) © Mig||1, where M = R(Vi), Q)

dt(-) is the distance transform of the mask, ® denotes Hadamard product, and A, and )y, are the
balancing weights. Additionally, we also use a perceptual loss [66] between image and reconstruction
that helps to recover sharper images and textures.



Optical Flow. Another advantage of videos is that 2D correspondences between consecutive video
frames can be estimated accurately and robustly using optical flows and can be used as a supervisory
signal. To this end, let F}; € RHEXWX2 pe the optical flow image between frames ¢ and t + 1 (we use
the off-the-shelf RAFT model [52]). We define an optical flow loss:

Liow,it = ||th — Fu|3, (6)

where F}; is the flow image derived from the predicted geometry. Computing the flow for the mesh
vertices is easy, but this needs to be interpolated for all image pixels. We do this by ‘recycling’ the
differentiable renderer. First, we compute the 2D displacement for the shape vertices projected to
image plane 0;; = m(V; 441 — Vig) € R2*X_ We can then use the renderer to render an optical flow

image by simply treating these 2D displacement vectors as vertex colors: Fy = R(Vit, dit).

3.3 Additional Regularization and Overall Objective

Posing Symmetry. We have assumed that objects have a bilateral symmetry, which is easily
enforced in canonical rest pose. However, we can also enforce that the space of poses is symmetric
too [53].> To this end, let nI denote an image flipped horizontally. Furthermore, overload the
same operator so that its action on a pose n¢ is to flip the pose w.r.t. the horizontal axis (formally
Gp(n€) = diag(—1,1,1)Gpy, (€) diag(—1, 1, 1) where II, is the symmetric counterpart of bone b).
Then, we minimize the loss:

Loym,it = | fp(nLie) — n(fp(Li))]I3. )

In our experiments, since the deformation of the birds is rather simple, we only impose this constraint
on the rigid pose (i.e. b = 1).

Geometric Smoothing. We also use smoothing losses for the 3D geometry that are typical in the
computer graphics literature. To prevent the instance-specific shapes from unreasonable deviations
from the category prior, we add an As-Rigid-As-Possible (ARAP) regularizer [51] between the prior
shape and the instance shapes:

K

Limi: i j Vimi'_‘/msz R Vc % _Vai 27 8
= 3 iy 3 Vs = Vi) = R0V = Wbl ®

where N, is the fan of vertices around vertex k. ARAP thus encourages triangle fans to deform
rigidly. We also add a Laplacian smoothing loss and a normal consistency loss on the instance shapes:

LLap,iziH[vmm W] 2 Wi W L= Y ( “f“f> ©)

k=1 FENK fEF freN} ||n1f|H|n1f’H

where n; ¢ is the normal of face f in Vi, ; and Ny are the faces adjacent to f in the mesh. We sum
the three geometric losses in the shape regularizer Lghape,s = AinsLins,s + ALapLiLap,i + Anrm Linrm, i+

Overall Learning Objective. The final loss is the weighted sum of individual terms:

S|

ISIZ

S|
1
8‘ E (Lim,it + Lmask,it + AﬂowLﬂow,it + AsymLsym,it) . (10)
=1

4 Experiments

4.1 Dataset and Implementation Details

Dataset. We extract a large number of short video clips of birds from YouTube, searching for
“bird videos for cats”.> Mask R-CNN [14] is then used to detect and segment bird instances and
the videos are automatically split into short clips, each containing a single bird. The images and
the masks are cropped around the birds and resized to 128 x 128 for training. We also run the

“Note the individual poses are not symmetric, but we can find a symmetric counterpart for any given pose.
3 All clips are extracted from an 8h video by Paul Dinning available at https://youtu.be/xbs7FT7dXYc.
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Figure 3: Qualitative Examples. We show multiple views of the reconstructed mesh together with a
textured view and animated version of the bird that we obtained by rotating the learned bones. We
find that the model is able to recover the shape well even when seen from novel viewpoints. The
animation is able to generate believable poses.

Table 2: Mask Reprojection IoU. We measure the shape reconstruction quality and temporal
consistency via the mean intersection over union (mloU) of reprojected masks. We take the predicted
shape at frame ¢ and reproject it with the camera pose of frame ¢ + At. The higher the better.

frame offset At =0 At=5 At =10

CMR [20] (finetuned) 0.786 +0.131  0.759 +0.135  0.749 +0.135
U-CMR [! 1] (finetuned) 0.799 +0.059  0.786 +0.067  0.782 +0.069
VMR [28] (finetuned) 0.821 +0.068  0.793 +0.080  0.780 +0.083
UMR [27] (finetuned) 0.852 +0.042 0.818 +0.067 0.805 +0.070
UMR [27] (from scratch) 0.839 +0.042  0.803 +0.067 0.789 +o0.071
Ours (articulation fixed) 0.871 +0.065  0.835 +0.083  0.820 +0.086

Ours (articulation transferred)  0.871 +o0.065  0.859 +0.068  0.853 +0.068

off-the-shelf RAFT model [52] on the full frames to estimate optical flow between consecutive
frames, and account for the cropping and resizing to obtain the correct optical flow for the crops. With
this procedure, we collected 2, 269 sequences with paired image, mask and flow, each containing 16
to a few hundred frames, totaling 170, 755 frames. We randomly split them into 2, 097 training and
172 testing sequences.

Implementation Details. Our reconstruction model is implemented using three neural networks
(fs, fp, fr) as well as a set of of trainable parameters for the categorical prior shape AV, The shape
network fs and the rigid pose network fp are simple encoders with downsampling convolutional
layers that take in an image and predict vertex deformations AVjy, skinning parameters £s. 5, and
rigid pose &; and J; as flattened vectors. The texture network fr is an encoder-decoder that predicts
the texture map 7" from an image. We use Adam optimizers with a learning rate of 0.0001 for all
networks, and a learning rate 0.01 for the category shape parameters AVg,. All images resized to
128 x 128. We use a symmetric ico-sphere with 642 vertices and 1, 280 triangles as the initial mesh.
For each training iteration, we randomly sample 8 consecutive frames from 8 sequences. The models
are trained from scratch for 10 epochs with which takes roughly 3 days on one NVIDIA RTX-6000
GPU. During the first epoch we disable the instance shape and frame-specific deformation to learn a
reasonable prior shape first. All details are included in the supplementary material.

4.2 Qualitative Results

Figure 3 shows single frame reconstruction results obtained from our model. Note that videos are
no longer required during inference. Despite not requiring any explicit 3D, viewpoint or keypoint
supervision, our model learns to reconstruct accurate 3D shapes from only monocular training videos.
We can animate the reconstructed 3D bird with our skinning model by adjusting the bone rotations.

4.3 Comparisons with State-of-the-Art Methods

We compare our model with a number of state-of-the-art learning-based reconstruction methods,
including CMR [20], U-CMR [ 1], UMR [27] and VMR [28]. CMR requires 2D keypoint annota-
tions for initializing the 3D shape and viewpoints and also for the training loss. U-CMR removes
keypoint supervision but requires a 3D template shape to begin with, and UMR replaces that with
self-supervised part segmentation maps using SCOPS [18] which requires supervised ImageNet
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Figure 4: Visual Comparison. We compare our reconstructions to state-of-the-art methods by
finetuning their models on our dataset. Our method consistently reconstructs reasonable 3D shapes,
whereas others produce poor shapes for certain input poses.
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Figure 5: Ablation. We train our model without some of the key components: a) symmetry
assumption, b) optical flow and c) a learned base shape across sequences. All parts fulfill a specific
role in the reconstruction pipeline that regularize the learned 3D shape and pose.

pretraining. VMR [28] allows for deformations but it requires the same level of supervision as CMR.
VMR also introduces an optional test-time optimization procedure that adapts their pre-trained model
on individual test videos to improve temporal consistency. The authors also present a self-supervised
variant of VMR that uses only segmentation masks for supervision but produces worse results, and
we were not able to reproduce it. For evaluation, we consider the first and the second (in Section 6.4)
versions of VMR. We finetuned the trained models for all four methods on our dataset. We also
trained UMR from scratch with SCOPS predictions obtained from a pre-trained SCOPS model.

Quantitative Comparisons. We evaluate the methods on our video test set. Since we do not
have ground-truth 3D shape for direct evaluation, we measure reconstruction quality via a mask
reprojection accuracy from one frame to another, using the object masks predicted by Mask R-
CNN [14] as the pseudo ground-truth. For each test sequence, we predict the shape at frame ¢ and
render the object mask from the pose at frame ¢ + At with an offset At of 0, 5 and 10 frames. We then
compute the mean Intersection over Union (mloU) between the rendered masks and the ground-truth
masks over all frames. This metric not only measures the accuracy of the predicted shape, but also its
consistency over time. Table 2 summarizes the results, which suggests that our model achieves both
better shape reconstruction and temporal consistency. We also compute the metrics on our model
with frame-specific deformations predicted at frame ¢ + At applied to the shape predicted at frame
t. This further improves the mask reprojection IoU, which confirms that our model learns correct



frame-specific deformations. Other methods overfit their projected shape to a single frame, resulting
in a larger decrease in reprojection accuracy with increasing frame offset At.

Qualitative Comparisons. Fig. 4 shows a qualitative comparison of different methods. Among
previous methods, CMR produces the most robust reconstructions as it relies on keypoint supervision,
but still performs poorly for challenging poses, such as frontal views. Our method reconstructs
accurate shape and pose, despite not using keypoint or template supervision. Moreover, the recon-
structions obtained by our method are more consistent temporally compared to other methods. We
refer the reader to the animations on our project website for more results. Note that our model is
trained on 128 x 128 images, whereas other methods train on 256 x 256 images and, except U-CMR,
sample the texture from the input image, hence the difference in the texture quality.

4.4 Ablation and Analysis

Symmetry. To understand the effect of symmetry, we ablate the model by training it without the
symmetry constraint on the rest-pose shape and on the texture. Figure 5a shows an example of the
comparison with our full model. The model without symmetry produces unrealistic shapes indicating
that symmetry is a useful prior, even when learning deformable shapes.

Optical Flow. We analyze the effect of the optical flow loss by comparing the results with and
without the flow loss. An example is shown in Fig. 5b. Without the flow loss, the model produces
inconsistent reconstructions in ambiguous poses and tends to confuse head and tail of the birds. The
optical flow helps resolve such ambiguities and improves temporal consistency.

Prior Shape. We train another model without the learned category prior shape, predicting individual
shapes for each bird. The resulting reconstructions are inconsistent across different instances, shown
in Fig. 5c. This suggests that the full model is able to leverage shape prior of the whole category to
predict the instance shapes, which is a major benefit of learning in a reconstruction pipeline.

4.5 Limitations

In this section we identify several weaknesses of our model. Due to the nature of the videos—seeds
in front of the camera—the vast majority of clips show the birds from front and side positions.
This results in degraded performance when the bird is facing away from the camera and the pose
predictions rarely exceed £90 deg.

In terms of supervision, we still require segmentation masks obtained from the off-the shelf model
and their quality affects the fidelity of our reconstructions. Thus, similar to comparable methods, our
reconstructions do not capture fine details such as legs and the beak. The texture prediction sometimes
results in low quality reconstructions especially when the input image is affected by motion blur.

In view of extending this method to other animal categories such as dogs or horses, birds have a
rather simple geometry and deformation structure, which might not generalize well.

5 Conclusions

We have presented a method to learn articulated 3D representations of deformable objects from
monocular videos without explicit geometric supervision, such as keypoints, viewpoint or template
shapes. The resulting 3D meshes are temporally consistent and can be animated. The method can be
trained from YouTube videos and only needs off-the-shelf object detection and optical flow models
for data preprocessing. In the future, we hope to extend the presented approach to more categories,
such as horses and cats, as training data is readily available for those as well.

Broader Impact Our work focuses on 3D reconstruction of deformable objects from monocular
videos. We expect this work to be most useful for object categories that do not have sophisticated 3D
ground-truth annotations and 3D shape models. This is mainly the case for animals, as shown for
birds here, and thus the work can potentially be of use in behavioral research of animals in the wild.
Our dataset does not contain any humans, only birds in nature background and thus does not violate
personal privacy of individuals. The dataset has some bias as according to the author, the video clips
were recorded in the UK and thus only depict bird species that appear there. Overall, we expect this
work to impact mostly the research community with very little impact on society in the short term.
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6 Supplementary Materials

6.1 Model Details

Shape and Texture. For the base shape, we use an ico-sphere with 642 vertices and 1, 280 faces.
Since the texture is symmetric, we compute the texture coordinates of both half spheres by unwrapping
a half sphere onto the plane as illustrated in Fig. 6. Mathematically, this is computed as:

2 arccos || z 2 arccos |z y
u= , U= .
T /22 + y2 e /ZQ + y2

Rigid Pose. We represent the rigid rotation of the object using Euler angles about the zy-axes,
with azimuth ranging from —180° to 180° and elevation ranging from —90° to 90°, and disable the
rotation about z-axis as the birds do not roll significantly on the ground. As a result, the body roll
movement is factored into the articulation model, as illustrated by the 4-th principal component in
the learned articulation model in Fig. 8. The translations in xyz-axes are capped at a range roughly
corresponding to half of the image size.

(an

Skinning Model. As described in the main paper, we estimate the bone structure using the two
most extreme points of the mesh at its rest pose. The one with positive z coordinate is selected as
the head end and the other one the tail end, ensuring consistent orientation of the bone structure.
The rotation of individual bones is represented using Euler angles about the xyz-axes in its local
coordinate frame, where the center of rotation is specified by the joint location.

Recall Eq. (2) of the main paper where we use skinning weights wy,; that associate each mesh vertex
with the bones. We softly assign each mesh vertex with the bones based on its distances to the bones.
The weights are defined as the inverse of the distance between a vertex [Viys]; and a bone b at their
rest pose. We normalize this distance for each vertex over all the bones with softmax function:

edvi

dp; = 1/( min

T min [V =780 = (L= n)self +0). (12)

Whi

where (sp1, Sp2) is the line segment defining the bone b at its rest pose and € is a small number to
avoid division by zero.

6.2 Network Architectures

All the network architectures are described in in Table 3 and Section 6.4. Abbreviations of the
components are defined as follows:

e Conv(¢in, Cout, k, $,p): 2D convolution with ¢;,, input channels, ¢,,: output channels,
kernel size k, stride s and padding p

Deconv(Cin, Cout, k, 8, p): 2D deconvolution with ¢;,, input channels, ¢,,,+ output channels,
kernel size k, stride s and padding p

Upsample(s): 2D nearest-neighbor upsampling with a scale factor s.

GN(n): group normalization [61] with n groups
LReLU(p): leaky ReLU [32] with a slope p

6.3 Training Details

The model is trained for 10 epochs, which takes three days on one NVIDIA RTX-6000 GPU. For
each epoch, we iterate through the training set by densely sampling 8 short sequences in a batch for
each iteration. The number of iterations in each epoch is therefore roughly the total number of frames
in the training set, which is approximately 170k. Each sequence contains 8 consecutive frames.

During the first epoch, we disable instance-specific deformation and frame-specific articulation, and
train the category-specific prior shape together with texture and rigid pose, in order to learn a prior
shape over the entire category as well as rough texture and rigid pose estimations. After the second
epoch, we decrease the weights of the shape regularizers to 1/5, in order for the model to refine the
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Table 3: Architecture of the shape fs and pose

Table 4: Training details and hyper-parameter

network fp. The network follows a convolu- settings.
tional encoder structure. n is the number of pa- Parameter Value/Range
rameters predicted by each network. -
- Optimizer Adam
Encoder Output size Learning rate (fs, fe, fr) 1% 104
Conv(3, 64, 4,2, 1) + LReLU(0.2) 64 x 64 Learning rate (A Vi) 1x 1072
Conv(64, 128, 4, 2, 1) + LReLU(0.2) 32 x 32 Number of iterations 170k
Conv(128, 256, 4,2, 1) + LReLU(0.2) 16 x 16 Number of sequences per batch 8
Conv(256, 512, 4, 2, 1) + LReLU(0.2) 8x8 Number of frames per sequence 8
Conv(512, 512, 4, 2, 1) + LReLU(0.2) 4x4 Loss weight A 2
Conv(512, 128, 4, 1, 0) + ReLU 1 x1 Loss weight Mgt 0.5
Conv(128, n, 1, 1, 0) — output 1 x1 Loss weight Ains 20
Loss weight ALy 0.5
Loss weight Apm 0.5
Loss weight Agow 100
Loss weight Agym 0.05
Input image size 128 x 128
Texture image size 128 x 128

Field of view (FOV) 25°

= Camera location (0,0,10)
X A Initial mesh center (0,0,0)
texture map (right half) initial sphere Elevation angles (—90°,90°)

Figure 6: Texture Mapping. The texture is
mapped from a circle in the texture to both, left
and right side, of the initial sphere.

Azimuth angles

(—180°,180°)
Number of bones 6

shape details. To better enforce temporal consistency, we randomly replace both the instance-specific
shape and texture with the predictions averaged across the training sequence with a 50% probability.

We use Adam optimizers with a learning rate of 0.0001 for the networks and 0.01 for the trainable
category shape parameters. The learning rates are decayed by a factor of 0.7 after each epoch starting
from the third epoch (after the full deformable model is trained for one epoch).

6.4 Additional Results

Please refer to the supplementary video at dove3d.github. io for more qualitative results.

Shape Reconstruction Evaluation. As in Table 2 of the main paper, we evaluate the shape recon-
struction quality and temporal consistency by re-projecting the shape of an object at frame £, to a
future pose at frame ¢y + At. Figure 7 plots the mean Intersection over Union (mloU) between the
shape reprojections and the pseudo ground truth masks for various At¢. As the objects move over
time, this estimates the consistency of the shape reconstructions across multiple views. We find that
our model with articulation is able to correctly model the shape and deformation of the object over
time. Moreover, the performance improvement gained by transferring the articulations also shows
our model learns correct frame-specific articulations.

PCA Analysis on Learned Articulation Space. We analyze the learned articulated shape space
using Principal Component Analysis (PCA). Figure 8 visualizes the first 6 principal components. The
model learns meaningful articulations capturing typical bird movements.

Additional Reconstruction Results. Fig. 9 shows more bird reconstructions from various view-
points. The model is robust against various input images, including frontal views and blurry images.

Texture Swapping and Animation. Our model reconstructs the birds in the canonical pose, where
the shape and texture of different birds are aligned in the canonical representation. This allows us to
easily edit the texture, for example swapping the texture with another bird, as shown in Fig. 10.

Moreover, with the learned articulation model, we can also easily animate the reconstructed birds in
3D, by rotating the bones, also illustrated Fig. 10.

Additional Qualitative Comparison. Fig. 11 provides a few more examples comparing the recon-
struction results of our model and several state-of-the-art methods. Our model learns more accurate
3D shapes, despite not requiring explicit geometric supervision from keypoints, viewpiont or template
shapes. More comparisons on entire video sequences are provided in the supplementary video.
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Table 5: Architecture of the texture network f7. The network follows an encoder-decoder structure.

Encoder

Output size

Conv(3, 64, 4,2, 1) + GN(16) + LReLU(0.2)
Conv(64, 128, 4, 2, 1) + GN(32) + LReLU(0.2)
Conv(128, 256, 4, 2, 1) + GN(64) + LReLU(0.2)
Conv(256, 512, 4, 2, 1) + LReLU(0.2)
Conv(512, 512, 4,2, 1) + LReLU(0.2)
Conv(512, 512, 4, 1, 0) + ReLU

64 x 64
32 x 32
16 x 16
8 x 8
4 x4
1x1

Decoder

Output size

Deconv(512, 512, 4, 1, 0) + ReLU

Upsample(2) + Conv(512, 512, 3, 1, 1) + GN(128) + ReLU
Upsample(2) + Conv(512, 256, 3, 1, 1) + GN(64) + ReLU
Upsample(2) + Conv(256, 128, 3, 1, 1) + GN(32) + ReLU
Upsample(2) + Conv(128, 64, 3, 1, 1) + GN(16) + ReLU
Upsample(2) + Conv(64, 64, 3, 1, 1) + GN(16) + ReLU
Conv(64, 3, 5, 1, 2) + Sigmoid — output T

4 x4

8§ x8

16 x 16
32 x 32
64 x 64
128 x 128
128 x 128

—v— CMR
—- UMR

0.88
0.86
0.84
0.82

0.8

mean loU

0.78
0.76
0.74

—— U-CMR

UMR - (from scratch) —¥%#- VMR

Ours (articulation transferred)
Ours (articulation fixed)

20

40
At

60

80

Figure 7: Mask Reprojection IoU. We project the shape predicted on frame ¢, to the pose predicted
from a future frame ¢y + At and measure the IoU with the ground truth mask at ¢y + A¢. Our method
produces accurate shapes that are correctly projected to various poses in different frames, whereas
others methods produce incorrect shapes indicated by significantly lower mask reprojection IoUs.

-~ fQ O LHO OO O F0
~ID OG 7O O 0 F0

PC1: 36.36%
(head turn)

PC2:33.41%
(head turn)

PC3:10.10%
(head tilt)

PC4:6.17%
(body roll)

PC5:3.92%
(body side bend)

PC6:3.37%
(tail tilt)

Figure 8: PCA on Learned Articulations. Our model learns meaningful articulations with the
bone-based skinning model, including typical head and tail movements of birds.
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Figure 9: Additional Results. We show the reconstructed birds from various viewpoints.
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Figure 10: Texture Swapping and Animation. Top: since our model learns a canonical representa-
tion for all objects, we can easily swap the texture across different instances. Bottom: we can also
easily animate the 3D birds using our learned articulation model.



N——\&

Ours

- ® 8

CMR [20]
finetuned

(ECCv'ig) ‘x

- 5 @

U-CMR [11]
finetuned
(ECCV’20)

)

- C ¢

VMR [28]
VMR [28] R . UMR [27] .
finetuned ™~ w/_tes_ttlme e finetuned & e Q
) \) optimization )
(NeurlPS’20) (NeurlP$20) (ECCV’20)
<~ 4 vV~ d VNE G
CMR [20] / U-CMR [11] / ‘
Ours  — finetuned finetuned
\fj ‘ (ECCV'18) o (Ecov20)
VMR [28]
VMR [28] ot w/ test time At UMR [27] r ‘
finetuned / A - finetuned 4
i b AR
I 4 AL W I
CMR [20] U-CMR [11] i A
Ours ; finetuned / finetuned |
(ECCv’18) “~ (ECcvi20)

A K

© @ &

©

s &

VMR [28] w‘;’:"er:t[fiﬂe ; UMR [27] :
finetuned timizati \) finetuned j
(NeurlPS20) ;"\"’emgg; ‘ (ECov20) O
~ a CMR [20] | -3 U-CMR [11] i a
Ours finetuned 4 finetuned 1
-w (ECCV'18) - a (ECCV20) w
O @ @ w o & | o @
. VMR [28]
;./MR[ZSI A 2 N/ w/ test time [ 3 'ﬁJMR [27] )
inetuned V optimization w finetuned §/
(NeurlPS20) P (ECCV"20)

. 0 &

(NeurlPS’20)

LA

@ 9 ¢

17

Figure 11: Comparisons. Our model learns more plausible 3D shapes compared to SOTA methods.
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Chapter 7

Summary and Impact

In this thesis, we have demonstrated how a machine can learn structural object rep-
resentations using self-supervised learning. We achieved that by extending the au-
toencoding framework with engineered bottlenecks and regularizers designed to distill
structural representations from images and 3D shapes. Overall we have presented four
methods that span 2D and 3D object landmarks estimation, object deformation and
category mesh reconstruction.

Chapter [3|introduces a method for self-supervised 2D object landmark estimation
that achieved the state-of-the-art results for facial landmark estimation. The method
was widely adopted and inspired many applications in image animation [105] [104],
video prediction [82] 62], control [65] 2], 123], §], robotic manipulation [94], object
part and keypoints estimation |77, [76, (17, [101], and image-to-image translation [128].

Building on the findings from the previous work, chapter 4| presents a method
that learns human-interpretable 2D object landmarks from unlabeled images and
unpaired landmark prior. It does not require any supervised post-processing to align
the predictions with annotations as other self-supervised methods. It achieves state-
of-the-art performance for human pose estimation among methods that do not require
labelled images for training.

Chapter |p| presents a method for shape control through automatically discovered
3D object landmarks that is intuitive and semantically consistent. The method also
outperforms existing self-supervised approaches for 3D landmark estimation for 3D
shapes.

Finally, in chapter [6| we introduce a method that estimates articulated 3D shapes
from a single image by learning from monocular videos of deformable objects. The
method does not need manual annotations in the form of keypoints, viewpoints or

template shapes as required by most of the comparable approaches. Instead, it uti-

105



lizes temporal consistency presented in videos and optical flow estimated by generic

algorithms.
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