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Abstract

This thesis tackles the challenge of learning the abstract structure of ob-
ject categories without manual supervision. We show that we can learn
useful representations based on the motion of objects in videos and even
from collections of static images through the use of synthetic warps. An
important contribution of this work is the notion of an Object Frame, an
object-centric frame of reference which can be learned from motion. Ob-
jects that appear in images can be affected by complex nuisance factors
such as viewpoint changes and deformations, yet our method manages to
factorize out these variations and semantically map objects to a common
coordinate frame. Importantly, this mapping also works across different
object instances despite only being trained on instance-specific correspon-
dences. Two implementations of the Object Frame idea are presented. The
first learns a sparse, landmark-based representation of structure, simul-
taneously discovering which landmarks are useful and learning to predict
their locations consistently across instances. The second is a dense ap-
proach which maps image pixels to a canonical spherical coordinate frame
in a semantically consistent manner. We show that the latter formulation
has applications in discovering the symmetries of deformable objects, and
also explore the relationship between our Object Frame and generic, higher
dimensional feature descriptors. We also present a trainable method to
compute dense matches, and a state of the art self-supervised learning

method using optical flow similarity to compute pixel embeddings.
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Chapter 1

Introduction

Many areas in computer vision have recently seen advances thanks to renewed interest
in Convolutional Neural Networks (CNNs) [56], initially with image classification
[52]. CNNs were subsequently applied to other tasks, such as object detection [35],
segmentation [41, 16] and optical flow [31]. CNNs typically require vast amounts of
labelled data, in contrast to the ease with which humans learn through observation
and interaction with their environment. We propose to use motion information from
moving scenes and synthetically warped images to learn the properties of objects, in
particular how to consistently label points on an object despite changes in pose and
viewpoint. Furthermore, we wish for the labelling to be valid across instances such
that, for example, the left wing mirror of two different cars would be given the same
label.

The end product is a canonical labelling of points on the surface objects, such that
a point on one object instance can be spatially labelled and put into correspondence
with the same point on another instance of the same object category.

The rich feedback loop at the disposition of a human is undoubtedly a far cry
above the rudimentary mass of labelled images that a machine must use to learn
vision. Interacting with a dynamic world and manipulating objects is clearly a huge
source of perceptual data. It would be a hard problem to simulate all this, however
what we do have available in large quantities is video data. Humans do not perceive
the world as single images — cues about depth and shape are derived from motion,
and a model trained on isolated images would be deprived of this context. We want
to find out how much information can be obtained by a computer vision system
observing moving scenes containing camera motion and dynamic objects, with the
goal of learning objects from motion.

Initial work focused on optical flow and quasi-dense matching in Chapter 3, which

poses the Deep Matching algorithm as an end-to-end trainable CNN.



In Chapters 4 and 5 we then use flow, either predicted between video frames or
generated through synthetic warps, as the supervisory signal for how points on objects
correspond across images, developing concrete realisations of the idea of an Object
Frame. Our formulations involve training a CNN in an unsupervised way to produce
a representation where semantically analogous pixels from different images are put
into correspondence. We explore two different representations. The first in Chapter 4
is based around the idea of identifying and predicting sparse landmarks. The second in
Chapter 5 outputs a dense per-pixel descriptor where the distance between descriptors
is minimised for points that are in correspondence. However, instead of learning
a high dimensional descriptor, we learn a labelling that associates points on the
surface of the object with points on a sphere, thereby mapping objects to the same
label space across viewpoints, deformations and instances. This notion of learning a
coordinate frame specific to an object category, or Object Frame, turns out to have
useful properties for discovering and evaluating the symmetry of deformable objects,
as explored in Chapter 6. We also explore the relationship between our learned
“semantic” coordinates and general visual descriptors in Chapter 7, by increasing the
descriptor dimensionality while simultaneously compressing the embedding space.
Finally, we consider the task of learning an embedding that is consistent with an
optical flow field Chapter 8, and show its use as a pre-training task for object detection

and segmentation.

1.1 Key Ideas

The main thread running through the projects undertaken is the idea of Objects from
Motion, i.e. learning information about object classes from motion sequences, with
the main supervisory signal being the way in which those objects move and deform, as
estimated through optical flow or even synthetic warps, rather than requiring explicit
labelling.

Although learnt from motion, models trained this way can then be used to predict
properties of objects in still images.

This section looks at some key ideas used for taking advantage of this signal and

arriving at the concept of an Object Frame.

1.1.1 Canonical Coordinate Frames

The initial concept of Objects from Motion was a method to consistently and densely

identify points of interest on different objects of the same category, relating the pixels



Figure 1.1: Points on the surface of the cat can be semantically related to an under-
lying space, in this case a sphere.

Z

Figure 1.2: By mapping to a canonical underlying label space, points on two different
cat instances can be put into correspondence.

of the object to an underlying coordinate system (Figure 1.1) that varies consistently
with position on the surface of the object. This would mean, for example, that the
left eye of a cat would always be associated with the same label (Figure 1.2), where
the label space Z could be a topological sphere, Z = S%, under the assumption that
the 3D structure of the cat is homeomorphic to a sphere. If modelled perfectly this
would give coverage of the 3D layout of the cat without discontinuities.

We can give a justification for our argument using the formalisms of topology,
illustrated in Figure 1.4. This represents an idealised version of our problem where
everything is smooth and well behaved, ignoring the complexities of describing arbi-
trary objects by learning from real world noisy data.

Imagine describing the exterior of an object instance as a smooth surface em-

bedded in Euclidean 3D space, S C R3. Assuming the surface has no “holes”, it is



homeomorphic to the sphere, S = S? which is to say that we can establish a con-
tinuous mapping between the two whose inverse is also continuous, i.e. they are
topologically identical.

As explained further in Section 1.1.3, we can construct a homeomorphism p =
7s(q) mapping points of the sphere ¢ € Z to points p € S of the objects. We can
also assume that these mappings are semantically consistent, meaning that g O7T§1 :
S — S maps points of object surface S to semantically-analogous points on object
surface S’.

This abstract construction shows that we can endow an object category with a
canonical, and indeed spherical, reference system Z.

This gives the basic idea of how we might train a CNN to assign some z to each
point of the object in the photo, with a loss that minimises the distance between
corresponding points in different photos as in Figure 1.3.

This takes the form of a labelling function' ¥ : (x;u) — z that takes an RGB
image x : A — R3, A C R? and a pixel u € A to the object point z € Z.

We can then semantically navigate the visible surface of the object in the photo
without needing to consider the true 3D layout. We explore concrete implementations
of this idea in Chapters 4 and 5. Chapter 4 employs a discrete system of object
landmarks z; € Z, whereas Chapter 5 explicitly learn a dense mapping to a spherical
coordinate space.

The benefits of a system providing such a labelling can be seen by examining how
it would incorporate and combine ideas expressed in the literature review. The work
of [68] perhaps comes closest to the idea of spatially indexing an object category
using a common coordinate system, illustrating the application to scene alignment.
However they explicitly compute 2D deformation maps from the learnt base pose, up-
dating them iteratively during optimisation. We seek to learn the function that maps
the object to its label space using the machinery of a CNN. The learnt labelling could
also be seen as a dense set of keypoints, giving similar benefits to where keypoints
have been used in vision and graphics for faces and human poses [84]. The benefit
would extend to arbitrary objects without the need for manually labelling many im-
ages, since relevant keypoints for a certain task could be identified post-training on a
few reference images. As suggested in FlowWeb [115], a large jointly registered set of

images could aid in areas such as edit propagation, co-segmentation, 3D modelling,

1Since the published papers reproduced in Chapters 4 and 5 use incompatible notations, in this
introduction we are using a compromise notation that matches neither exactly. Consult the method
section in each chapter to understand the notation used in each case.
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Figure 1.3: A sketch of the training procedure. Two frames related by optical flow
are fed through the CNN, which gives a labelling in terms of canonical coordinates.
The loss minimises the distance on the sphere between points matched by the flow.

Figure 1.4: Conceptually closing the loop between the spaces involved. Through our
CNN we obtain coordinates which relate points on the image to a canonical labelling
on the sphere. There exists an (unseen) mapping between the sphere and the surface
of the object, and a transformation (for which we do not know the parameters)
between the model as it exists in the world and the image.



for all synthetic warps g: ®(gx; 2) = g®(x; 2)

Figure 1.5: Equivariance. The learned function from canonical coordinate space Z
to image coordinates is desired to be equivariant with respect to warps g.

3D reconstruction and browsing. The efficiency gains from putting many images into
correspondence as in [50], avoiding pairwise flow calculations would also be consider-
able. Our method is related to learning a descriptor from video in the style of [98],
but with a very low dimensional feature. The aim is that the bottleneck forces the
network into becoming invariant to object instances, focusing only on the underlying

class.

1.1.2 Equivariance

A function f is considered equivariant to another function ¢ if f(t(x)) = t(f(x)).
That is to say that, if the input changes under some transformation ¢, the output
changes in the same way. Perhaps the most well known example in deep learning is
the equivariance of the convolutional layer to translations [36].

It is easy to see how this constraint is useful when it comes to our desired goal of
learning a canonical labelling of objects using motion, since the labelling of an object

in motion would be expected to behave equivariantly according to that motion. If a



vg: vu: W(x; u) = W(gx; gu)

Figure 1.6: Invariance. The constraint used can also be seen through the lens of
invariance. When mapping from image pixels to canonical coordinate space Z, a
semantic point (such as an ear) should live at the same position z invariantly to
image deformation.



video contains a hand moving up and to the right, whatever labelling system we have
used to identify the part “right hand” semantically should also move up and to the
right when indexed through the image domain. The equivariance constraint used by
our method was introduced by Lenc and Vedaldi in [57] to learn SIFT-like features
for image matching.

Since in our setup we assume the presence of two frames and the flow between
them, it is easy to incorporate equivariance in our learning formulation, ensuring that
our unsupervised learnt mapping is compatible with image deformations.

Letting ®(x; 2) be the function that maps from a canonical coordinate z to the
image domain for a specific image x, consider a deformation of the image domain
g : A — A, given by some motion or synthetic warp. As a notational convenience, let
gx = x o0 g~ ! be the action of g on the image (obtained by inverse warp).

Pixel u = ®(gx; 2) in image gx must correspond to the same label z as pixel gu

in image x, which results in the equivariance constraint, as illustrated in Figure 1.5:

Vze Z: O(gx;2) = g(P(x; 2)). (1.1)

Equivariance is in some sense a minimal learning principle for our task — rather
than defining a complicated set of heuristics, one of the simplest properties that
we would expect of a landmark is that, as the object moves, the landmark should
move with it in a manner consistent to viewpoint shifts and deformations. Hence
equivariance is a very natural fit for solving the problem.

This is the formulation as used in Chapter 4. The constraint can also be seen as
an invariance when considering the inverse function ¥ from image coordinate to Z,

as described in Figure 1.6 and Chapter 5.

1.1.3 Viewpoint Factorization

Imagine an idealized world where all variation present in images of a certain object
category can be explained by three factors of variation: viewpoint shifts, object de-
formation and changes of object instance. Our goal is to factorize out these nuisance
factors to obtain a reference frame that is intrinsic to the object category itself. The
idea, also present in the work of Novotny et al. [70], is to do this without any abso-
lute reference frame given as ground truth in any image. We are only given tuples
(x,x/, g) consisting of an image pair and the relative warp between them.

We can lean on the equivariance constraint Equation (1.1), which implies the

existence of some object-centric space Z. As described in Chapter 4, implementing



® as a neural network ought to, in an ideal case, learn to bridge automatically across
different viewpoints of the same object. This should also extend to deformations of
the same object, since (assuming our surface has genus 0) for any surface S that may
arise from the family of possible deformations we can introduce a common reference
space, such as a sphere, by constructing a homeomorphism p = 7g(¢q) mapping points
of the sphere ¢ € Z = S? to points p € S of the objects (Figure 1.7, Figure 1.4).
When it comes to different object instances, there is no geometrical reason to
suppose that different objects will be mapped in a semantically consistent manner.
In theory a completely different mapping could be learned in each case. However,
an important finding in Chapters 4 and 5 is that, by sharing the same model ¢ and
training with many different object instances, semantically meaningful correspon-
dences emerge in practice, mapping for example the left eye of any image of a cat to

the same point in Z.

1.2 Object Frame

Fundamental to the approach in question is the concept of an Object Frame, an idea
introduced in Chapter 4 and further developed in Chapter 5.

Consider an object represented as a 3D surface S C R3, and more abstractly a
class of such objects that are homeomorphic to some reference surface Z, typically a

sphere Z = S?, as in Figure 1.7.

1.2.1 Sparse Landmarks

One way of making concrete the abstract idea of an object frame is to define it in
terms of sparse landmarks. Here, a discrete set of object landmarks is represented by
a finite set of points z;, € Z.

The problem to be solved now becomes finding a function ®(x;z;) that can take
an image x and one of these points, and return its location in the image, as shown in
Figure 1.8.

Fortunately, CNNs have proven to be well suited to the task of landmark detection.
This is the setup considered in Chapter 4, with a CNN that outputs a series of
heatmaps giving the location in the image of each landmark. However, since we do
not have labelled ground truth on which semantic point each z; should represent,
this also needs to be learned. In Chapter 4 this is done by taking advantage of the

equivariance constraint along with a diversity term to prevent collapse.



Figure 1.7: Homeomorphism with a sphere
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Figure 1.8: Sparse Landmarks. This task involves learning a function which maps
a discrete set of landmarks 2;...z, to their location in the image. Crucially, neither
the meaning of the landmarks nor their ground truth position are given in advance.
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W(x; u)

Figure 1.9: Dense Landmarks. In this task we learn a function which maps pixel
locations u to their position on a sphere. We want this mapping to be semantically
consistent across different object instances, without being trained on cross-instance
correspondences. This is the inverse function of Figure 1.8.

1.2.2 Dense Mapping

The Sparse Landmark setting can be seen as a particular realization of the idea of
an Object Frame, however we can obtain a more faithful embodiment of a theoretical
Object Frame by capturing a dense space intrinsic to the object.

Whereas in the Sparse Landmark setting we sampled the function ® at a sparse set
of points by posing the problem as one of landmark detection, here we are essentially
learning the function ¥(x;-) = ®(x;-)~! which projects each pixel u to its corre-
sponding z € Z. This can be understood visually as simply inverting the direction of
the arrows in Figure 1.8, giving Figure 1.9.

This dense formulation is developed in Chapter 5, with a loss function based on

Section 1.3.2 that implicitly incorporates equivariance and distinctiveness.
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1.2.3 Symmetry

So far we have only looked at the basic topological structure of objects. An additional
level of structure can be gleaned from the symmetries present in objects, in particular
the bilateral symmetry present in humans and animals, as well as many man-made
objects.

Importantly, when it comes to deformable objects, this sort of symmetry does not
normally align with the geometrical concept of symmetry. Humans largely do not
spend their time in uncomfortable poses resembling the Vitruvian Man.

By taking advantage of the Object Frame concept, our aim is to capture the
symmetry in the underlying object categories. This can be seen as moving beyond
looking for symmetry in the precise physical shape of any given object, and instead
examining the whole space of object deformations. These deformations account for
object motion, such as rigid or elastic articulations, and as we show in Chapter 6 are
an appropriate tool to characterise symmetries.

By building on the dense Object Frame framework as realised in Chapter 5 and [89]
we show that, by working in the Object Frame space, the symmetries we are interested
in reduce to a simple transformation group. We can incorporate this knowledge into
our unsupervised training formulation by adapting the equivariance constraint to
explicitly account for symmetries.

Specifically, we can capture bilateral symmetry such as that of human faces by
using the constraint that mirroring the input image should result in a simple reflection
of the embedding space across a chosen axis. This axis then gives us a reference frame
with respect to bilateral symmetry which can be used to identify symmetric landmarks
on an object, even when in image space the object is not symmetric due to variations
in viewpoint or deformation.

For bilateral symmetry, one can uniquely identify a left or right side of a person
or animal as they appear in an image, and recover an unambiguous pose. This is not
the case for rotational symmetry, for example that of a flower, where no particular
rotation is canonical. There is an inherent ambiguity which we must address. We can
incorporate this ambiguity elegantly into our framework and learning formulation by
ensuring that no single orientation of our object frame is special when it comes to our
loss function. Instead, for n-fold rotational symmetry, we capture the ambiguity that
an image may map to any of the n rotations in intervals of 360° /n of the embedding

space.
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1.2.4 Object Frame vs Visual Descriptors

The formulation of Section 1.2.2, which is expanded upon in Chapter 5, learns to
predict per-pixel vectors in a low-dimensional space such as R? that are descriptive of
the pixel contents. In this way, our Object Frame is not that dissimilar from generic
visual descriptors such as SIFT [61], which are typically used for image matching,
particularly when combined with interest point detectors, such as the corner detection
method due to Harris [40].

There are two key differences between our method and traditional descriptors. The
first is that of dimensionality — our descriptors have a much lower dimensionality than
SIFT, and this bottleneck discourages discriminative yet non-semantic descriptors
that can get away with simply describing the image texture. The second difference
comes down to the data used. Our images are all of the same object category, and
our descriptors are learnt from this data using many instances. These two properties
combine such that the only sensible thing for the network to do is learn object-centric
coordinates.

This exposes one drawback of our method, which is that the ability of our de-
scriptors to generalize is inherently tied to their low dimensionality, which however
harms their precision when it comes to matching, a property verified empirically in
Chapter 7.

We need another way to make sure that our descriptors live in the same, small,
volume of embedding space, without artificially limiting the amount of information
they can convey.

An suitable alternative construction is proposed in Chapter 7, where we develop
a technique to control the embedding capacity without fixing the dimensionality of
the embedding space to a small number. We instead take full advantage of a high-
dimensional embedding space and instead control its capacity with the novel intro-
duction of Embedding Volume Compression. This regularises the set of embedding
vectors for a category, encouraging embedding vectors extracted from any instance of
the same object category to be interchangeable.

A theoretically meaningful outcome of this formulation is that it allows us to
blur the boundaries between descriptors and landmarks, two important and usually
complementary representations in computer vision. While descriptors are typically
computed on top of landmarks, we show that we can reverse the interpretation to see
landmarks as a special case of image descriptors.

By extending the learning setup of Chapter 5 to incorporate Embedding Volume

Compression, we show that we can get the best of both worlds, obtaining embedding
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vectors that work well as instance-specific image descriptors and intra-category dense
landmarks. This formulation learns high dimensional Object Frames with no manual
supervision, which we can reinterpret as a set of dense landmarks. The resulting
embeddings can be simultaneously interpreted as patch descriptors which are good for
the task of matching the same object across different views, as well as landmarks for

identifying object parts consistently across multiple instances of an object category.

1.3 Flow and Dense Correspondences

The term “flow” can be used in an abstract sense to denote the concept of dense
correspondences between images, mapping some useful real world property to a vector
field.

Flow is useful to us on two accounts: firstly it gives a supervisory signal to learn
from video data, and secondly flow of a semantic nature is similar in spirit to our
desire to learn object layout, albeit without an explicit spatial labelling or reference
frame.

Optical flow, which specifically deals with the temporal motion of pixels from
frame to frame, is relevant in the current work since it gives the “motion” in the “Ob-
jects from Motion”, providing the supervisory signal relating corresponding points
through time. In particular, Chapter 8 learns embeddings that are consistent with
estimated optical flow.

There is much work on the estimation of optical flow from pairs of frames, and we
explore and extend one such method in Section 1.3.1 and chapter 3. However, we also
note that, for many of the object categories in question, such as faces, it is sufficient
to create synthetically warped versions of real images using Thin Plate Splines [9].
Here, the dense correspondence field between images is known by default and need
not be estimated. Results using these synthetic warps are shown in Chapters 4 to 7.
Another way to obtain optical flow “for free” is to use a graphics engine to generate
videos of moving objects, storing the pixel motion. We use this approach for toy

examples in Chapters 5 to 7.

1.3.1 Deep Matching

Released in 2015, FlowNet [31] was the first attempt to tackle optical flow estima-
tion using a Convolutional Neural Network. However, it underperformed in terms of

accuracy relative to state of the art methods that did not learn from data.

15



1. Deformable patch matching
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Figure 1.10: Deep Matching schematic

At the time, a leading method to compute optical flow involved using the Deep
Matching [79] algorithm to compute quasi-dense matches, before refining these matches
to a dense flow field using EpicFlow [80]. Despite using operations inspired by CNNs,
Deep Matching is not trainable from data. Therefore, in order to obtain both high
performance and the ability to learn from data, in Chapter 3 we convert Deep Match-
ing into an architecture suitable for training using backpropagation.

Deep matching starts by correlating small patches in the source image with all the
patches in the target image. This produces a 4D score map, which we can think of
as an array of heatmaps giving the location of each source index in the target image.

As visualised in Figure 1.10, in our implementation of Deep Matching, this is fol-
lowed by a two-stage process of refinement, firstly computing coarser, less ambiguous
matches through aggregation and max pooling. The second stage upsamples the dis-
ambiguated score maps through a series of unpooling and disaggregations operations,
obtaining accurate high resolution score maps.

While the first stage is mostly identical to that in [79], the second stage was
originally given as a recursive decoding algorithm. In Chapter 3, we show that it
can be implemented instead by convolutional operators, allowing backpropagation

through both stages to a feature extraction CNN.
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Figure 1.11: The dense probabilistic loss operates on heatmaps between pixels u in
the first image and v in the second, warped, image

1.3.2 Probabilistic Matching Losses

The way that the Deep Matching algorithm employs operations on a 4D tensor in
order to represent and refine dense correspondences is a useful abstraction. We have
used a very similar idea in later work, expressing the loss functions in Chapters 5 to 7
as functions of 4D grids of heatmaps resulting from the correlation between source
and target descriptors.

In this setting, as in Figures 1.9 and 1.11, we are typically mapping pixel locations
w in an image x to 3D vectors using some neural network W(x;u) € R3. A 4D
conditional heat map expressing the inner product between pixels u in the source
image and v in the target image can then be given as s(v|u) = (¥(x;u), V(x;v)).
Here, we can use vector length to code for certainty, since a shorter vector will give
a lower score.

In order to give a probabilistic interpretation to these heatmaps, we can normalise

17



exp(s(v|u))
>, exp(s(vfu))
This then allows us to write loss functions of the form given in Equation (1.2),

them using the softmax function, defining p(v|u) =

where ¢ represents the warping function. The distance term then encourages the
heatmaps to be compatible with the warp, since for a location to have a high proba-

bility while still minimising the loss, the distance must be very small.

L= lv—gullp(v]u). (1.2)

1.3.3 Learning from Flow

In Chapter 8, we seek to use self-supervised learning from motion cues given by optical
flow estimation. This idea of learning features from the motion of objects was shown
to be promising in the work of Pathak et al. [73].

While it might seem tempting to simply learn to regress the flow given an input
image, this task is inherently ambiguous: we cannot in general tell the motion of
objects from a single image, so training a network to perform this impossible task is
unlikely to learn useful features, something we verify empirically. Some initial work by
the authors towards solving this problem without the need for the preprocessing stages
of [73] revolved around predicting motion-consistent segmentations, work that was
submitted as a workshop paper [64]. This evolved into the method of Chapter 8, which
forgoes the interpretable segmentation in favour of learning a per-pixel embedding,
achieving state of the art results. This embedding is encouraged to be consistent
with the flow by aligning similarity kernels between the flow vectors and the pixel

embeddings.

1.4 Conclusions

In this thesis we have presented an approach to learn the structure of deformable ob-
jects without supervision. By formulating this challenge in ways amenable to learning
using Convolutional Neural Networks, we have obtained state of the art results. Our
contributions include expressing this problem as one of landmark prediction in a man-
ner compatible (equivariant) with synthetic deformations, extending this to a dense
geometric embedding, showing the value of this embedding in capturing symmetries,
and exploring the relation between semantic and distinctive descriptors. We have also
introduced a trainable optical low method and a method for self-supervision using

flow.
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Further work on the Objects from Motion idea aims to look at richer classes of
objects and motion. The ideal scenario would involve a method that learns from
relatively unconstrained video sequences, such as human pose or animals in the wild.

This could take advantage sparse tracks on human pose data.
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Chapter 2

Literature Review

The project blends the idea of describing objects by their layout with that of de-
scribing objects by their relation to other objects of the same category, with the
additional challenge of learning from motion. Hence we give a treatment of the liter-
ature surrounding “flow” which, connecting points of an object temporally, accounts
for its shape and deformation, while connecting objects semantically, gives a frame
of reference with which to align different instances. We further describe methods
incorporating an estimate of object layout, either as a collection of parts or through
an explicit 3D model, and finally examine the literature on learning from video in an

unsupervised or weakly supervised fashion.

2.1 Flow

In the seminal work of Horn and Schunck [45] on optical flow, this mapping represents
the temporal motion of points in a video, providing for each pixel in frame N the
answer to where it ends up in frame N + 1. The generalised notion of flow can extend
to more semantic mappings, such as equivalent points on different object instances of
the same category, for example two different cars.

Although flow is most commonly posed as a pairwise problem, taking advantage
of the transitivity of flow on a collection of images has been used in the context of

graph-based optimisation techniques employing cycle consistency as a constraint.

2.1.1 Pairwise Flow

Optical flow, with the aim of establishing correspondence between spatially and tem-
porally related images, has its origins in the work of [45], which pioneered the field of

variational methods that has dominated the optical flow literature since. The original
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method employs variational energy minimisation with a local smoothness assumption
on the flow field. Although initially losing out in popularity somewhat to sparse,
computationally cheaper point tracking such KLT [62] [92], innovations such as [6]
improved robustness in face of discontinuities and [12] combined several advances into
a coherent, reliable framework.

A more recent addition to the repertoire of optical flow techniques is “Large Dis-
placement Optical Flow” introduced by Brox and Malik [13], which adds a descriptor
matching term to the energy to be minimised so as to anchor the flow in the vicinity
of long range matches that traditional variational approaches would struggle to find.
This has inspired other methods to extract matches such as DeepFlow [101], which
uses the CNN-inspired DeepMatching [79] to aggregate matches across multiple scales
in a hierarchical manner and refines them with a variational method based on [13].
EpicFlow [80] again builds on DeepMatching, but uses edge-preserving interpolation
with a geodesic distance (which better handles motion boundaries) to convert the
matches into a dense field before the variational step. Flow Fields [3], one of the best
methods on the MPI-Sintel benchmark builds on EpicFlow, but replaces the Deep-
Matching matches with a novel correspondence fields method to propagate matches
initialised from a kd-tree.

These methods, though successful, do not employ any learning from data, and
until recently supervised learning of optical flow was comparatively rare. There is
some early work by [7] which learns to model flow as a linear combination of basis
flows computed using PCA. However, the arrival of large synthetic datasets with flow
groundtruth along with the success of “Deep Learning” in fields such as object recog-
nition has made it more attractive to pose optical flow as a learning problem. FlowNet
[31] attempts to learn optical flow with a CNN, achieving reasonable performance but
not managing to beat the best non-learnt methods.

The idea of flow between semantically related images was introduced by SIFT
Flow [58], which finds dense correspondences between images of different scenes that
share certain characteristics. A matching image to a query is retrieved from a large
database, and dense SIFT [61] descriptors between the two images are matched in
a similar way to temporal optical flow, using an energy function that accounts for

discontinuities.

2.1.2 Graph-based methods

The benefit of having a collection of images which can all be related to one another

by some flow-like property is that the collection as a whole may speak more about
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the correspondences than when considering individual pairs. In the case of flows,
we may connect images in a graph structure and relate points transitively, since
(barring occlusions) the equivalence of the points at any path through the graph will
be preserved. This allows for powerful graph based optimisation techniques to refine
the flows based on constraints such as preserving cycles.

We are interested in giving a consistent, dense, canonical labelling to visual con-
cepts. One way of viewing this is through the lens of matching, for example if we can
consistently find correspondences to a reference image or set of images, this can be
seen as a de facto labelling of the concept.

This is the paradigm used by Collection Flow [50] in the context of faces, by pro-
jecting each image onto a subspace representing a common neutral expression, using
PCA in a similar way to Eigenfaces [95]. The projected images are in correspondence
(having zero flow between them), hence it suffices to compute the flow to this neutral
reference expression to put any two faces in correspondence through concatenation of
flows. This can be seen as providing a dense labelling of faces, and has the advantage
of avoiding O(n?) comparisons to find pairwise flows across n images.

This idea is extended to general objects by FlowWeb [115], which establishes
correspondence globally as joint label assignment across an image collection of differ-
ent object instances, iteratively updating a complete flow graph between images to
make it more self-consistent in terms of image triplets. The number of 3-cycles going
through a flow is used to measure its quality. Relevant to our goal is their hypoth-
esis that “global correspondences emerge from consistent local correspondences in a
bootstrap fashion”, since we likewise wish to build upon atomic correspondences, in
the hope that it will converge to a solution to our desired problem rather than some
failure mode. A pitfall of FlowWeb is that it scales poorly, relying on computing flows
on the complete graph of images and hence O(n?) initial comparisons. It also does
not employ learning in the sense of determining the parameters of a model, instead
the model is the concrete set of images itself and the flows between them. This means
that at no point is the concept of corresponding points distilled into some flexibly
reusable form, and establishing correspondence to a new images requires adding it to
the graph and re-running the optimisation.

[81] navigates the space of articulations through the use of optical flow on a collec-
tion of images. Like FlowWeb they define connections on a graph, but they establish
connections in a neighbourhood with respect to a reference image and project the

flows to a lower dimensional Euclidean space. A new vector in this low dimensional
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space can then be represented as a convex combination of its nearest neighbours, and
by applying these weights to the original flows we can navigate to a new image.

[114] builds upon the idea of cycle consistency, using synthetic data as an inter-
mediary to complete the cycle, such that the synthetic-synthetic flow is know but the
synthetic-real-real-synthetic edges are predicted. They use a CNN to predict both the
flow itself and the “matchability” score indicating whether the corresponding point
is visible.

In a similar spirit to Collection Flow, [68] models objects as a combination of
low dimensional basis functions, such that geometry can be factored out. Like us,
they are interested in manifold learning for natural images in a way that does not
discard spatial structure. To model images of objects at a global level while avoiding
an intractably large sampling of image space, they propose a compositional latent
structure, with shape being the innermost nested component, followed by appearance
then colour the outermost, with shape and appearance living in a low-dimensional
subspace computed using PCA. While this has applications in domains such as colour
transfer and morphing, the main interest for us is the ability of the model to provide
a common coordinate system in latent space. Concretely, thanks to the regularisation
provided by learning the model from a large set of images, inverting the shape map for
two different images will give a corresponding location, hence the flow between objects
of the same class can be easily found. However, like FlowWeb [115], it expects the
whole image collection to be present in advance, since it involves running an iterative

optimisation process to jointly find the three maps per image.

2.1.3 Flow as supervision

Flow has been used as a supervisory or auxiliary cue when training or pretraining
neural networks for other tasks. Optical flow has been used as an input signal in
two-stream convolutional neural networks for action recognition in video [86]. Alter-
natively, one may incorporate flow-derived terms in the loss function during training,
and in this setting flow is not required at test time. This can give the desirable prop-
erty of being able to use static images rather than video frames as input. However,
since direct prediction of optical flow from a single image is inherently ambiguous,
[73] proposes instead to first employ the motion information to generate foreground-
background masks using an off-the-shelf pipeline, and use these masks as the predic-
tion target. [64] proposes instead to directly predict a flow-consistent segmentation,

by grouping pixels such that they move coherently under certain motion models. In
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Chapter 8, which is based on [63], we instead formulate the problem in terms of em-
bedding alignment, encouraging the similarity between pixel embeddings to match

that between their optical flow vectors.

2.2 Learning Object Layout

A simplifying principle when dealing with computer vision problems involving objects
is to look at them in terms of their constituent parts. This can give a straightforward
way of dealing with articulated objects, different viewpoints and occlusion. Although
largely used for object detection, such methods can be seen as a more sparse form of
correspondence. In the same way that our proposed method could identify equivalent
points on objects, the parts learnt to represent, say, the limbs a human would provide
a coarse spatial labelling accounting for the relative deformation of different instances.

Modeling object structure is a widely studied computer vision problem including
important applications such as facial landmark detection and human body pose es-
timation. Previous work has proposed the use of PCA-based shape constraints [17],
templates [21], pictorial structures such as DPMs [28] and poselets [10]. Recent

work [106] benefit from powerful deep representations.

2.2.1 Parts and Templates

The constellation approach used in [29] and based on [14] [100] is one of several part-
based models. It uses a feature detector to find regions of interest, and parameters
such as the relative locations of regions are learnt and modelled as a Gaussian distri-
bution. The popular Deformable Parts Model (DPM) [28] uses the HOG [21] feature
and combines a coarse global “root” template with finer part templates and a spatial
prior, while being trained just from object bounding boxes using a latent SVM to
optimise the latent part configuration. The location of parts is considered relative
to the root, giving a “star” structure. In order to account for the different modes of
visual appearance, for example a car seen head on compared to from the side, the
DPM models an object category as a mixture of these star models. This explicit
accounting for different viewpoints and other major appearance variations gives im-
proved detection accuracy, but means that DPMs do not give a consistent frame of
reference, since we cannot put instances belonging to different mixture components
into correspondence.

Incorporating knowledge of the 3D structure of an object class has been used to

assist many vision tasks, since fitting a 3D model to an image will give a reasonable
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estimate of the pose and give a correspondence between parts. An obvious source of
3D information is CAD models, which have been used successfully in areas such as
scene understanding with 3D Nearest Neighbors [82], which aligns models from a li-
brary to objects in a scene in order to generate hypotheses of the underlying geometry.
However, acquiring pre-made models may not be feasible for arbitrary object classes,
and aligning models to images can be quite a brittle process, especially in the case of
non-rigid objects. 3D LayoutCRF [44] tackles object recognition and segmentation
through the use of a rough 3D model obtained by space carving on the ground truth
segmentations. Parts are defined on a grid over the 3D surface of the object, with the
3D model used to provide correspondence between the same parts across instances
and viewpoints. An appearance model is learnt for these parts using decision forests,
which allows them to deform to match each instance better, and global part layout
consistency (ensuring neighbouring pairs of parts are ordered consistently with the
3D layout) is incorporated into the energy function of the CRF along with an ob-
ject instance model (which ensures attributes like colour are consistent across parts).
[94] goes further by learning deformable 3D basis shape models, where the modes of
deformation are class-specific. Models are learnt from segmentation and keypoint an-
notations, by using estimated camera projection parameters to give object silhouettes
and optimise a shape model consisting of a mean shape and basis vectors of defor-
mation, subject to silhouette and keypoint consistency. The 3D models can then be
aligned to images starting from object detection and segmentation based on [39] to
try to find a shape that explains the silhouettes of the detected objects. Further high
frequency shape detail than then be recovered.

More recently, AnchorNet [71] learns parts that match across object instances
using only image-level supervision. Progress has also been made in increasing the
quality and density of supervised part prediction, such as DenseReg [38] and Dense-
Pose [37] which can densely index human parts in images and map them to a canonical

3D surface.

2.2.2 Deformable Templates

The analysis of deformations owes much to the work of D’Arcy Thompson [91] study-
ing deformations found in nature. Our work can be seen as a case of the deformable
template paradigm, which early work expressed through conceptual “rubber masks”
[102] and “springs” [32] among many other formulations [2, 107, 8, 47]. In this
paradigm an object instance is modelled as a deformation of some reference “tem-

plate”, which may be learned without supervision.
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Influential work in this area includes Active Shape Models [17], where a statistical
model of shape is learned from a training set of labelled contours. This model captures
the modes of variation seen in the training set, and can be iteratively deformed to
find the shape of a new object instance. Building on this, Active Appearance Models
[18, 66] combine a shape model with a statistical model of appearance, obtained from
pixel intensity on aligned training images.

There is also much work on deformable template models that don’t use super-
vision, such as the automatic construction of Active Appearance Models [4, 51]. It
is often posed as a problem of joint image set alignment, which can be tackled by
Congealing [55, 97] or the construction of diffeomorphic warps [19]. It can also be
seen as a form of clustering that is invariant to transformations [33].

Although we do not explicitly construct a template as such, and prediction does
not involve the iterative refinement present in some deformable template models,
our work can be seen as exploiting the same paradigm through the machinery of a
Convolutional Neural Network.

Similarly to Chapter 5, the unsupervised deforming autoencoders of [85] seek to
discover a canonical coordinate frame, which they do by prediction a deformation

from a canonical template coordinate system.

2.2.3 Landmark Detection

A final approach to determining object layout relies on localising pre-identified land-
marks, which may correspond to body parts or facial features. An influential example
of this is [84] used in the Kinect gaming platform, which develops a system for hu-
man pose estimation from depth images, giving dense body part estimations using a
randomised decision forest classifier, trained in part on synthetic data.

There is an extensive literature on landmark detectors, particularly for faces.
Examples include Active Appearance Models [18], along with subsequent improve-
ments [66, 20] and others using templates [75] or parts [116]. Other approaches
directly regress the landmark coordinates [96, 22, 15, 78]. Deep learning methods
use cascaded CNNs [87], coarse-to-fine autoencoders [108], auxiliary attribute predic-
tion [111, 112], learned deformations [106] and LSTMs [104]. Beyond faces, there is
work on humans [105, 93], birds [83, 59, 106] and furniture [103]. More general pose
estimation including the case of landmarks is explored in [25]. Our method can build
on any such detector architecture and can be used as a pretraining strategy to learn

landmarks with less or no supervision.
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In a more “deep learning” setting, [103] proposes an end-to-end framework for
estimating both the position of 2D keypoints and the 3D skeleton connecting them.
The Deep Deformation Network of [106] localises landmarks with the help of a “Shape
Basis Network” CNN which provides an initial shape (where a shape is a set of points
giving the 2D positions of landmarks) as a linear combination of shape PCA bases.
This is then refined using a “Point Transformer Network” which generalises the idea
of a Spatial Transformer Network (STN) [46], deforming the shape using an affine
transform plus a non-linear thin-plate spline transform. Unlike the STN, but like
WarpNet [49], it operates on a set of points rather than warping the image or feature
maps, and has a geometric ground truth rather than optimising for classification
accuracy.

It is worth noting that the STN itself can be seen as mapping an object to a
canonical reference frame, and preceding work in this area goes back to Hinton in
1981 [43].

Subsequent to the publication of Chapter 4, [90], several other methods have also
looked at the problem of learning landmarks without supervision. The work of [110]
uses conditional image generation with landmarks as an intermediary, along with
equivariance constraint. [48] use a pair of images to condition their reconstruction and
do not require the equivariance constraint. Promising results on landmark discovery

have also been shown when moving to three dimensional keypoints [88].

2.2.4 Symmetry

A survey of computational symmetry is given by [60]. Much work [65] looks at
finding symmetry as it appears in images themselves, rather than the object-centric
symmetry of Chapter 6. Raviv et al. [77] looks at intrinsic symmetry of non-rigid

shapes with respect to a metric of the surface.

2.3 Learning with less supervision

2.3.1 Unsupervised learning

Classical unsupervised learning methods such as autoencoders [11, 5, 42] and denois-
ing autoencoders aim to learn useful feature representations from an input by simply
reconstructing it after a bottleneck. Generative adversarial networks [36] target pro-
ducing samples of realistic images by training generative models, which can also be

used to learn good features [26, 27].
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2.3.2 Self-supervised learning

Recently a lot of work has focused on employing pretext tasks to pretrain neural
networks. These methods construct some sort of auxiliary pseudo-task as “self-
supervision” by truncating or perturbing the input signal, requiring the network to
predict the withheld information. Many methods consider jigsaw-style shuffling of
patches such as Doersch et al. [24] and Noroozi and Favaro [69]. Other self-supervised
tasks include colorizing images [109, 53|, inpainting [74], ordering video frames cor-
rectly [67, 30] and tracking [99]. Agrawal et al. [1] use egomotion as supervisory
signal by predicting camera transformations and Pathak et al. [73] learn to group
pixels that move together using segmentation from video. [113, 34| learn depth from
video. Our task of aligning warped images can be seen as self-supervision. However,
rather than alignment being an unrelated auxiliary task, it is the problem we aim to
solve. We discover that the generalisations made to learn an appropriate represen-
tation for same-instance alignment lead to the natural emergence of across-instance

alignment.

2.3.3 Unsupervised and Weakly Supervised Learning from
Video

The idea of using large amounts of unlabelled video data in lieu of labelled static
images has been touched upon by numerous papers, since it offers a potential relief
to the burden of curating large labelled datasets prevalent in supervised methods.
Unsupervised learning from video also gives the possibility of taking advantage of
semantically rich motion cues, where per-frame labelling would be impractical.

A motivating example in a deep learning setting is that of [98], which trains a vi-
sual descriptor based on triplets of patches from 100K videos, ensuring that patches
matching along a track are ranked higher than a negative patch. Using an Alexnet
architecture and fine-tuning on Pascal VOC 2012, they achieve 52% mAP, approach-
ing the 54.4% mAP of a network pretrained on the circa 1 million labelled images
of ImageNet. They note the role of dynamic sensory inputs in human learning, in
particular how infants develop visual tracking prior to semantic representations. An-
other example of the powerful semantic features that can be learned from “watching”
video in an unsupervised fashion is [54], which trains an autoencoder on 10 million
images from YouTube videos and manages to capture high level concepts such as

human and cat faces. Although not based on temporal information, since only one
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frame per video is used, it demonstrates the advantages arising from the sheer scale
of large unlabelled datasets.

Prior to the increased popularity of deep learning, there was relatively limited
use of video data to directly learn high level concepts. One endeavour is [76], which
uses YouTube videos with “weak” (per-video) class annotations in order to learn
object detectors. The approach consists of a pipeline constructing candidate “tubes”
of objects using optical flow [13], selecting the dominant tube per shot (via energy
minimisation over all videos) and training object detectors from frames sampled from
the selected tubes. It also tackles the problem of domain adaptation, since stills from
video footage can have specific visual characteristics such as motion blur which could
harm generalisation to images from other domains.

Discovering object aspects (viewpoint, pose, occlusion) from weakly labelled video
is tackled in [72], which finds that foreground-background segmentation from motion
followed by computing image descriptors and clustering frames reveals the main vi-
sual aspects of tigers and cars, with applications to learning aspect transitions from
video. [23] instead uses motion-based “Pairs of Trajectories” features to discover the
behaviours of objects, with motion segmentation and clustering of short sequences.
Identified sequences of the same behaviour are then aligned by identifying subse-
quences with common motion and finding a smoothly time-varying set of Thin Plate
Splines. The found spatial alignment outperforms SIFT Flow [58], but is limited to

sequences showing the same behaviour.
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Chapter 3

Fully-Trainable Deep Matching

This work was accepted for Oral Presentation at the British machine Vision Confer-

ence (BMVC), York, 2016

This paper re-interprets a quasi-dense matching algorithm as a neural network, al-
lowing it to be trained end-to-end. By backpropagating to the initial patch descriptor
CNN, we show that we can improve the accuracy of the obtained matches. These
improved matches can also be used with EpicFlow interpolation in order to obtain
high quality dense optical flow. As explained in Section 1.3.2, the task of matching
comes up in later chapters, and the matching loss introduced in Chapter 5 is very

similar to the dense patch correlation performed in this paper.
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Abstract

Deep Matching (DM) is a popular high-quality method for quasi-dense image match-
ing. Despite its name, however, the original DM formulation does not yield a deep neural
network that can be trained end-to-end via backpropagation. In this paper, we remove
this limitation by rewriting the complete DM algorithm as a convolutional neural net-
work. This results in a novel deep architecture for image matching that involves a num-
ber of new layer types and that, similar to recent networks for image segmentation, has
a U-topology. We demonstrate the utility of the approach by improving the performance
of DM by learning it end-to-end on an image matching task.

1 Introduction

Deep Matching (DM) [19] is one of the most popular methods for establishing quasi-dense
correspondences between images. An important application of DM is optical flow, where it
is used for finding an initial set of image correspondences, which are then interpolated and
refined by local optimisation.

The reason for the popularity of DM is the quality of the matches that it can extract.
However, there is an important drawback: DM, as originally introduced in [19], is in fact
not a deep neural network and does not support training via back-propagation. In order
to sidestep this limitation, several authors have recently proposed alternative Convolutional
Neural Networks (CNN) architectures for dense image matching (Sect. 1.1). However, while
several of these trainable models obtain excellent results, they are not necessarily superior to
the handcrafted DM architecture in term of performance.

The quality of the matches established by DM demonstrates the strength of the DM
architecture compared to alternatives. Thus, a natural question is whether it is possible to
obtain the best of both worlds, and construct a trainable CNN architecture which is equivalent
to DM. The main contribution of this paper is to carry out such a construction.

In more detail, DM comprises two stages (Fig. 1): In the first stage, DM computes a se-
quence of increasingly coarse match score maps, integrating information from progressively
larger image neighbourhoods in order to remove local match ambiguities. In the second

(© 2016. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: Fully-Trainable Deep Matching. Deep matching starts by correlating small
patches p in the reference image Iy (crosses) with all the patches q in the target image I, pro-
ducing a 4D score map Sy (slices So(-|p) for varying p are shown); then, it computes coarser
but less ambiguous maps Sy,...,Sr. In this paper, we formulate the reverse process, recon-
structing high resolution matches from coarser ones, as a sequence of reverse convolutional
operators, producing scores Qy,...,Qo (shaded area). The result is a deep convolutional
network with U-architecture that can be trained using backpropagation.

CORREL.

stage, the coarse information is propagated in the reverse direction, resolving ambiguities in
the higher-resolution score maps. While the first stage was formulated as a CNN in [19],
the second stage was given as a recursive decoding algorithm. In Sect. 2, we show that this
recursive algorithm is equivalent to dynamic programming and that it can be implemented
instead by a sequence of new convolutional operators, that reverse the ones in the first stage
of DM.

The resulting CNN architecture (Fig. 2), which is numerically equivalent to the original
DM, has a U-topology, as popularized in image segmentation [20], and supports backpropa-
gation. Combined with a structured-output loss (Sect. 2.2), this allows us to perform end-to-
end learning of the DM parameters, improving its performance (Sect. 3). Our findings and
further potential advantages of the approach are discussed in Sect. 4.

1.1 Related Work

The key reason for the success of CNNs in many computer vision applications is the abil-
ity to learn complex systems end-to-end instead of hand-crafting individual components. A
number of recent works have applied CNN-based systems to pixel-wise labeling problems
such as stereo matching and optical flow. In particular, Fischer et al. [5] have shown it is pos-
sible to train a fully convolutional network for optical flow. Zbontar et al. [28] trained a CNN
for stereo matching by using a refined stereo matching cost. Zagoruyko and Komodakis [27]
and Han et al. [7] have demonstrated learning local image description through a CNN.
Optical flow estimation was tackled mostly by variational approaches [3, 14, 25] since
the work of Horn and Schunk [8]. Brox and Malik [2] developed a system that integrates
descriptor matching with a variational approach. Recently, leading optical flow approaches
such as DeepMatching [19, 26] demonstrated a CNN-like system where feature information
is aggregated from fine to coarse using sparse convolutions and max-pooling. However, this
approach does not perform learning and all parameters are hand-tuned. EpicFlow [18] has
focused on refining the sparse matches from DM using a variational method that incorpo-
rates edge information. Fischer et al. [5] trained a fully convolutional network FlowNet for
optical flow prediction on a large-scale synthetic flying chair dataset. However, the results
of FlowNet do not match the performance of DM on realistic datasets. This motivates us to
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Figure 2: End-to-end deep matching architecture, involving the following layers: descrip-
tor extraction (D), correlation (CORR), max pooling (MP), aggregation (AG), power (PW),
disaggregation (DA), unpooling (UP), summation (+), and structured loss (£). The shaded
area encloses our contribution, which amounts: formulating the DM decoding algorithm as
a sequence of convolutional neural network layers supporting backpropagation.

reformulate DM [19] as an end-to-end trainable neural network.

Beyond CNNs, many authors have applied machine learning techniques to matching
and optical flow. Sun er al. [23] investigate the statistical properties of optical flow and
learn the regularizers using Gaussian scale mixtures, Rosenbaum et al. [21] use Gaussian
mixture models to model the statistics of optical flow, and Black et al. [1] apply the idea
of principal components analysis to optical flow. Kennedy and Taylor [9] train classifiers to
choose different inertial estimatiors for optical flow. Leordeanu ef al. [11] obtain occlusion
probabilities by learning classifiers. Menze et al. [16] formulate optical flow estimation as a
discrete inference problem in a conditional random field, followed by sub-pixel refinement.
In these works, tuning feature parameters is mostly done separately and manually. In contrast
to these works, our work aims to convert the whole quasi-dense matching pipeline into an
end-to-end trainable CNN.

2 Method

Our key contribution is to show that the full DM pipeline can be formulated as a CNN with
a U-topology (Fig. 2). The fine-to-coarse stage of DM was already given as a CNN in [19].
Here, we complete the construction and show that the DM recursive decoding stage can: (1)
be interpreted as dynamic programming and (2) be implemented by convolutional operators
which reverse the ones used in the fine-to-coarse stage (Sect. 2.1). The architecture can be
trained using backpropagation, for which we propose a structured-output loss (Sect. 2.2).

2.1 Fully-Trainable Deep Matching Architecture

In this section we formulate the complete DM algorithm as a CNN. Consider a reference
image Iy(p),p = (p1,p2) and a target image I,(q),q = (q1,q2). The goal is to estimate a
correspondence field T : R? — R?, p > q mapping points p in the reference image to corre-
sponding points q in the target image. The correspondence field is found as the maximizer

[(p) = argmax So(q|p) (1)
q
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of a scoring function Sy(q|p) that encodes the similarity of point p in Iy with point q in [;
(the score has of course an implicit dependency on Iy and I;).!

A simple way of defining the scoring function S is to compare patch descriptors. Thus,
let ¢(q|7) € R? be a visual descriptor of a patch centred at q in image /; furthermore, assume
that ¢ is L? normalised. The score of the match p — q can be defined as the cosine similarity
of local descriptors, given by the inner product:

So(qlp) = (¢ (plh), ¢ (q|11)). ®)

A significant drawback of this scoring function is that it pools information only locally,
from the compared patches. Therefore, unless all patches have a highly distinctive local
appearance, many of the matches established by eq. (1) are likely to be incorrect.

Correcting these errors requires integrating global information in the score maps. In or-
der to do so, DM builds a sequence of scoring functions S;(q|p),/ =0, 1,2,...,L which are
increasingly coarse but that incorporate information from increasingly larger image neigh-
borhoods (Fig. 1 top). Given these maps, equation (2) is replaced by a recursive decoding
process that extracts matches by analysing Sy,S;—1,...,So in reverse order.

While the authors of [19] already showed that maps S; can be computed by convolutional
operators, they did not formulate the decoding stage of DM as a network supporting end-to-
end learning. Here we show that the recursive decoding process can be reformulated as the
computation of additional score maps Q;(q|p),/ =L,L—1,...,1 (Fig. 1 bottom) by reversing
the convolutional operators used to compute S, S, ...,S.. The two stages, fine to coarse and
coarse to fine, are described in detail below.

Stage 1: Fine to coarse. DM starts with the scoring function Sy, computed by comparing
local patches as explained above, and builds the other scores by alternating two operations:
max pooling and aggregation.

The max pooling step pools scores S; with respect to the first argument q in a square
of side of 2/1nq pixels, where 1 is a parameter. This results in an intermediate scoring
function S, 1 /5:

Si.y(alp) = max {/(a'Ip). v : ||’ — al <2'no }. ©)

In the following, the locations of the local maxima, also known as pooling switches, will be
denoted as q' = m;(q|p), where m; is defined such that S, »(q|p) = S;(m(q|p)|p). Note
that max pooling is exactly the same operator as commonly defined in convolutional neural
networks. The resulting score S, /2(q|p) can be interpreted as the strength of the best match

between p in the reference image and all points within a distance 2/7o from q in the target
image.

After max pooling, the scores are aggregated at the four corners of a square patch of
side 2! & pixels:

14

|4
Si+1(qlp) = l4 ZSI+%(‘1+2151'|P+2Z51') 4)
i=1

where 8; = (80/2)€;, 8 > 0 is a parameter, and €; are the unit displacement vectors:

o[ o[ o-[2]) -]

! As proposed in DM, matches can be verified by testing whether they maximize the score also when going from
the target image ; back to the reference image image Io: verified(p) = [Vp' : Q(T'(p)|p) > Q(T'(p)|p’)]-
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The exponent v (set to 1.4 in DM) monotonically rescales the scores, emphasising larger
ones. As detailed in [19], the score S;(q|p) can be roughly interpreted as the likelihood that
a deformable square patch of side 2/7! 8, centered at p in the reference image Iy matches an
analogous deformable patch centered at q in the target image /.

Eq. (4) can be rewritten as the convolution of S;,/, with a particular 4D filter. Note
that most neural network toolboxes are limited to 2+1D or 3+1D convolutions (with 2 or 3
spatial dimension plus one spanning feature channels), whereas here there are four spatial
dimensions (given by the join of p and q) and one feature channel, i.e. the convolution is
4+1D. Hence, while implementing aggregation through convolution is more general, for the
particular filter used in DM a direct implementation of (4) is much simpler.

Part 2: Coarse to fine. In the original DM, scores Sy, S, ...,S, are decoded by a recursive
algorithm to obtain the final correspondence field. Here, we give an equivalent algorithm that
uses only layer-wise and convolutional operators, with the major advantage of turning DM
in an end-to-end learnable convolutional network. Another significant advantage is that the
final product is a full, refined score map Qg assigning a confidence to all possible matches
rather than finding only the best ones.

Since the last operation in the fist stage was to apply aggregation to S/, to obtain Sy,
the first operation in the reverse order is disaggregation. In general, Q;; is disaggregated
to obtain Q;, 1/, as follows:

0., y(alp) =max {0111 (a—2'8ilp—2'8), i=1,2,3,4]. 5)

Disaggregation is similar to deconvolution [12, 17, 20, 29] or convolution transpose [24]
as it reverses a linear filtering operation. However, a key difference is that overlapping
contributions are maxed out rather than summed.

Next, 0y is obtained by unpooling Q;, |/, and adding the result to S;(q|p):

0i(alp) = Si(alp) +max{Q,,  (a'p).¥a : m(q'lp) =afU{-==}.  (©

Unpooling is also found in architectures such as deconvnets; however here 1) the result is
infilled with —oo rather than zeros and 2) overlapping unpooled values are maxed out rather
than summed. The result of unpooling is summed to S;(q|p) to mix coarse and fine grained
information.

Next, we discuss the equivalence of these operations to the original DM decoding algo-
rithm. In the fine to coarse stage, through pooling and aggregation, the score So(qo|po) con-
tributes to the formation of the coarser scores S;(qi|p1),--.,S.(qz|pr) along certain paths
(P1,91),---,(pr,qL) restricted to the set:

H(qo|Po) = {(P0. Q0. P1.41,---,qr) : VI Ji: pr=pp1 —2'6, @ =my(qre1 —2'8|p1)}

DM associates to the match qg|po the sum of the scores along the best of such paths:

L
Qo(qo|po) = max {ZSz(qzlpz) ¢ (P0,90,P1,41,---,9L) € ’H(qopo)} :
=0

DM uses recursion and memoization to compute this maximum efficiently; the disaggrega-
tion and unpooling steps given above implement a dynamic programming equivalent of this
recursive algorithm. This is easily proved; empirically, the two implementations were found
to be numerically equivalent as expected.
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2.2 Training and loss functions

Training with DM requires to define a suitable loss function for the computed scoring func-
tion S. One possibility is to minimise the distance £(S,T9) = meanp q ||S(q|p) — go(q —
[o(p))||> between S and a smoothed indicator function gs(z) = exp(—||z||?/26?) of the
ground truth correspondence field I'ly. While a similar loss is often used to learn keypoint
detectors with neural networks [7, 13], it has two drawbacks: first, it requires scores to at-
tain pre-specified values when only relative values are relevant and, second, the loss must be
carefully rebalanced as go(q —o(p)) = 0 for the vast majority of pairs (p,q).

In order to avoid these issues, we propose to use instead the following structured output

loss:

L(8,To) = Y max{0,1—go(q—To(p)) +S(qlp) — S(To(p)|p)}-
P.q

Here, the term 1 — g5(q — T'o(p)) defines a variable margin for the hinge loss, small when
q ~ I'g(p) and close to 1 otherwise. This loss looks at relative scores; in fact £(S,I'g) =0
requires the correct matches to have score larger than incorrect ones. Furthermore, it is
automatically balanced as each term in the summation involves comparing the score of a
correct and an incorrect match.

Note that DM defines a whole hierarchy of score maps (So,...,S.,0r,...,Qp) and a
loss can be applied to each level of the hierarchy. In general, we expect application at the
last level Q; to be the most important, as this reflects the final output of the algorithm, but
combinations are possible. For n training image pairs (xg>,x§’) , F(i)), and by denoting with
w the parameters of DM, learning reduces to optimizing the objective function:

A 1 & N i
min 2 lw]?+ = Y 200 %\ w), 1),
w2 ni=

We follow the standard approach of optimizing the objective using (stochastic) gradient de-
scent [10]. This requires computing the derivative of the loss and DM function Q; w.r.t. the
parameters w, which can be done using backpropagation. Note that, while derivations are
omitted, all layers in the DM architecture are amenable to backpropagation in the usual way.

2.3 Discretization

So far, variables q and p have been treated as continuous. However, in a practical implemen-
tation these are discretized. By choosing a discretization scheme smartly, we can make the
implementation more efficient and simpler. We describe such a scheme here.

For efficiency, DM doubles at each layer the sampling stride of the variable q and restricts
the match ¢ to be within a given maximum distance of p. Hence, q is sampled as:

q=2'wk —1-R)+p, ke{l,....2R+1}

where k; is a discrete index, ¥ is the sampling stride (in pixels) at level [ = 0, pRo the
distance to p at level 0, and R;;; = [R;/2] is halved with each layer. In this expression, and
in the rest of the section, summing a scalar to a vector means adding it to all its components.

For efficiency, DM is usually restricted to a quasi-dense grid of points p in the reference
image, given by:

p=0(i,—14+7)+po, Ge{l,....H}x{l,.... W}, 7 =1 (2(1(:0 [%W)
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The parameters o and Py are the stride and offset of the patch descriptors extracted from
the reference image and they remain constant at all layers; however, there is an additional
variable offset 7; to compensate for the effect of discretization in aggregation, as explained
below. Here, the symbol 1> is one if the condition / > 1 is satisfied and zero otherwise.

From these definitions, the discretized score maps, denoted with a bar, are given by
Si(kiliy) = Si(alp), Si41/2(Ki1[i) = Sp41/2(qlp), and similarly for Q;.

Simplifications arise by assuming that ¥ divides exactly the pooling window size 1y, that
o divides &, and that y divides 0. Under these assumptions, S; | /2(ky41]ip) is obtained
from S;(k;|i;) by applying the standard CNN max pooling operator with a pooling window
size W = 1+ 210/% and padding P = 1o/ % + 2R;+1 — R;. Note in particular that W is the
same at all layers. Since usually 1o = o, this amounts to 3 X 3 pooling with a padding of
zero or one pixels. The discretized aggregation operator is also simple and given by:

_ . 1 &
Si1(Kprliper) = 7 ZSH% (k1+1

i=1

. %o
i +21%8i —Tili—o |-

Note that, since q is expressed relatively to p, aggregation reduces to averaging selected
slices of the discretized score maps (i.e. there is no shift applied to k; ;). Note also that for
[ > 1, given that o divides &y, the increment applied to the index i;, | is integer as required.
For I =0 and o = & (as it is usually the case), the shift dy/20p = 1/2 is fractional. In this
case, however, the additional offset 7; = —1/2 restores integer coordinates as needed.

3 Experiments

The primary goal of this section is to demonstrate the benefit of learning the DM parameters
using backpropagation compared to hand-tuning. There are several implementations of DM
available online; we base ours on the GPU-based version by the original authors” [19], except
for the decoding stage for which we use their CPU version with memoization removed.
We do so because this eliminats a few small approximations found in the original code.
This version is the closest, and in fact numerically equivalent, to our implementation using
MatConvNet [24] and our new convolutional operators.

Datasets. The MPI Sintel [4] dataset contains 1,041 image pairs and correspondence fields
obtained from synthetic data (computer graphics). Scenes are carefully engineered to con-
tain challenging conditions. There are two versions: clean and final (with effects such as
motion blur and fog). We consider a subset of the Sintel clean training set to evaluate our
methodology. This is dubbed SintelMini, and consists of 7 sequences (313 images) for train-
ing and every 10th frame from a different set of 5 sequences (25 images) for validation. The
FlyingChair dataset by Fischer et al. [5] contains synthetically-generated data as Sintel,
but with abstract scenes consisting of “flying chairs”. It consists of respectively 22,232/640
train/val image pairs and corresponding flow fields. These images are generated by rendering
3D chair models in front of random background images from Flickr, while the motions of
both the chairs and the background are purely planar. The KITTI flow 2012 [6, 15] dataset
contains 194/195 training/testing image pairs and correspondence fields for road scenes. The
data contains large baselines but only motions arising from driving a car. Ground truth cor-
respondences are obtained using 3D laser scanner and hence are not available at all pixels.

’http://lear.inrialpes.fr/src/deepmatching/.
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Patch  Training set Elements learned Acc@?2 Acc@5  Acc@10 EPE EPE

descr. expon. features (matches)  (flow)
(a) HOG — X X 84.52%  91.89% 94.36% 3.83 1.88
(b) HOG  Sintel Mini v X 84.59%  92.03% 94.49% 3.73 1.84
(¢ CNN — X X 85.28%  92.25% 94.83% 3.58 1.80
(d) CNN  Sintel Mini v X 85.30%  92.27% 94.87% 3.70 1.64
(¢) CNN Sintel Mini X v 86.81%  92.52% 94.86% 3.37 1.60
(f) CNN  Sintel Mini v v 86.79%  92.58% 94.90% 3.34 1.57
(g2 CNN  Flying Chairs v v 86.11%  92.47% 94.88% 3.33 1.65

Table 1: Fully-Trainable DM performance. DM variants evaluated on Sintel Mini (see
text) validation and trained on either Sintel Mini training or Flying Chairs. The top row
corresponds to the baseline DM algorithm, equivalent to the GPU version of [18].

Furthermore, the flow is improved by fitting 3D CAD models to observed vehicles on the
road and using those to compute displacements.

Evaluation metrics. In order to measure matching accuracy, we adopt the accuracy@T
metric of Revaud ez al. [19]. Given the ground truth and estimated dense correspondence
fields I'g,I" : p — q from image I : Qo — R to image I; : Q| — R, accuracy@T is the
fraction of pixels in Q¢ correctly matched up to an error of T pixels, i.e. |{q € Qo : || To(q) —
To(q)|| < T}/|9Q0|.> In addition to accuracy@T, we also consider the end point error
(EPE), obtained as the average correspondence error meangcq, ||[I'(q) —T'o(q)||. In all cases,
scores are averaged over all image pairs to yield the final result for a given dataset. If ground
truth correspondences are available only at a subset of image locations, Q is restricted to
this set in the definitions above. For the KITTI dataset, we report in particular results for Qg
restricted to non-occluded ares (NOC) and all areas (OCC).

Implementation details. For DM, unless otherwise stated we use L = 6 layers, R = 80
pixels, o = 0 =8, Bo =4, % = 1, N9 = 1.4. Training uses an NVIDIA Titan X GPU with
12 GBs of on-board memory. Training uses stochastic gradient descent with momentum
with mini-batches comprising one image pair at a time (note that an image pair can be seen
as the equivalent of a very large batch of image patches).

3.1 Results

End-to-end DM training. In our first experiment (Table 1) we evaluate several variants of
DM training. To do so, we consider the smaller and hence more efficient Sintel Mini dataset,
a subset of Sintel described above. In Table 1 (a) vs (b) we compare using the default
value of v = 1.4 used to modulate the output of the aggregation layers and learning values
v;,l = 1,...,L specific for each layer. Even with this simple change there is a noticeable
improvement (+0.13% acc@10). Next, we replace the HOG features with a trainable CNN
architecture ¢ to extract descriptors from image patches. We use the first four convolutional
layers (convl_1, convl_2, conv2_1, conv2_2) of the pre-trained VGG-VD network [22].
Just by replacing the features, we notice a further improvement ((a) vs (c) +0.47% acc@10)
of DM, which can be increased by learning the DM exponents (d). Most interestingly, in
(f) we obtain a further improvement by back-propagating from DM to the feature extraction

3Following [19], the quasi-dense DM matches are first filtered by reciprocal verification and then correspon-
dences are propagated to all pixels by assigning to each point q the same displacement vector of the most confident
available nearest available neighbor q' within a L-radius of 8 pixels by setting I'(q) =I'(q') —q' +q.
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Method Training Test Acc@?2 Acc@5 Acc@10 EPE EPE Err-OCC
(matches) (flow) (flow 3px)
FlowNet S+v [5] Flying Chairs ~ KITTI12 - - - - 6.50 -
DM-HOG — KITTII2 60.50% 79.34% 84.27% 11.39 3.59 16.56%
DM-CNN — KITTI12 61.21% 78.81% 84.01% 12.29 4.11 17.78%
DM-CNN Flying Chairs ~ KITTI12 63.90%  80.11% 84.71% 11.12 3.61 16.41%
FlowNet S+v [5] Flying Chairs  Sintel Final - - - - 4.76 -
DM [19] — Sintel Final - - 89.2% - 4.10 -
DM-HOG — Sintel Final 74.37% 85.26% 89.39% 7.08 3.72 11.44%
DM-CNN — Sintel Final 75.15% 85.42% 89.48% 7.03 3.63 11.52%
DM-CNN Flying Chairs  Sintel Final 76.55%  86.22% 90.03% 6.77 3.50 11.10%
FlowNet C+v [5] Flying Chairs  Sintel Clean - - - - 3.57 -
DM-HOG — Sintel Clean  82.51% 90.18% 92.70% 5.26 2.32 7.00%
DM-CNN — Sintel Clean ~ 83.03% 90.24% 92.87% 522 2.25 6.85%
DM-CNN Flying Chairs  Sintel Clean  84.16%  90.85% 93.31% 4.78 2.14 6.51%

Table 2: Performance comparison. We train DM variants on large-scale synthetic dataset
Flying Chairs, and evaluate on KITTI 12 train and Sintel train. Acc@n [19] assigns each
pixel a nearby match, measuring the proportion correct within # pixels. EPE (endpoint er-
ror) is the mean euclidean distance between estimated flow vectors and the ground truth
(considering just pixels where ground truth is available). EPE (matches) is computed only
at the positions where we have our quasi-dense matches. EPE (flow) measures the endpoint
error for the flow estimation, where flow is produced by post-processing the matches with
EpicFlow [18]. Err-OCC likewise measures the dense flow, giving proportion of flows off
by more than 3 pixels. The version excluding occlusions, Err-NOC, is given in the text.

layers and optimizing the features themselves (hence achieving end-to-end training from the
raw pixels to the matching result). The last experiment (g) shows that similar improvements
can also be obtained by training from completely unrelated datasets, namely Flying Chairs,
indicating that learning generalizes well.

Standard benchmark comparisons. To test DM training in realistic scenarios, we evaluate
performance on two standard benchmarks, namely the Sintel and KITTI 2012 training sets
(Table 2) as these have publicly-available ground truth to compute accuracy. For training,
we use Flying Chairs, which is designed to be statistically similar to the Sintel target dataset.
Compared to the HOG-DM baseline, training the CNN patch descriptors in DM improves
accuracy @10 by +0.44% on KITTI and by +0.64% on Sintel Final.

An application of DM is optical flow, where it is usually followed by interpolation and
refinement such as Brox and Malik [2] or EpicFlow [18]. We use EpicFlow to interpolate
our quasi-dense matches and compare the EPE results of FlowNet [5]. While there are better
methods than FlowNet for optical flow estimation, we choose it for comparison as this was
proposed as a fully-trainable CNN for dense image matching; we compare to their results
using variational refinement (+v) which is similar to EpicFlow interpolation. We train our
method on Flying Chairs to allow a direct comparison with the results reported in [5].

Compared to the pretrained CNN, training further on Flying Chairs gives a notable im-
provement in EPE, decreasing from 3.63 to 3.50 for Sintel Final and from 4.11 to 3.61 for
KITTI. Compared to HOG, the improvement is even greater for Sintel Final, a gap of 0.22
pixels, however for KITTI the CNN is initially worse than HOG. Training on synthetic data
improves most metrics on KITTI, with the exception of EPE (flow). We believe the latter
result to be due to the fact that the EpicFlow refinement step, which is not trained, is not op-
timally tuned to the different statistics of the improved quasi-dense matches. The refinement
step is in fact known to be sensitive to the data statistics (for example, in [18] different tun-
ings are used for different datasets). If we exclude occlusions in the ground truth for KITTI,
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our trained CNN gets EPE-NOC of 1.43 compared to 1.51 for HOG, and Err-NOC falls from
7.84% to 7.41%.

FlowNet EPEs on KITTI12-Train and Sintel Final Train are respectively 6.50 and 4.76,
whereas our trained DM-CNN model has EPEs of 3.61 and 3.50 respectively. This confirms
the benefit of the DM architecture, which we turn into a CNN in this paper.

4 Summary

In this paper, we have shown that the complete DM algorithm can be equivalently rewritten
as a CNN with a U-topology, involving a number of new CNN layers. This allows to learn
end-to-end the parameters of DM using backpropagation, including the CNN filters that
extract the patch descriptors, robustly improving the quality of the correspondence extracted
in a number of different datasets.

Once formulated as a modular CNN, components of DM can be easily replaced with
new ones. For instance, the max pooling and unpooling units could be substituted with soft
versions, resulting in denser score maps, which could result in easier training and in the
ability of better expressing the confidence of dense matches. We are currently exploring a
number of such extensions.

For the problem of optical flow estimation, it is still required to have EpicFlow as a post-
processing step. This type of two-stage approach results a suboptimal solution. In particular,
the parameters of EpicFlow are not optimized by end-to-end training with our DM. We would
like to explore a solution that allows end-to-end optical flow estimation.
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Chapter 4

Unsupervised learning of object
landmarks by factorized spatial
embeddings

This work was accepted for Oral Presentation at the International Conference on

Computer Vision (ICCV), Venice, 2017

This paper introduces the idea of an Object Frame defined in terms of sparse land-
marks. In this setting it is seen as a function, implemented by a CNN, which outputs
a fixed number of heatmaps whose peaks correspond to concepts that can be con-
sistently located in all images of the object category. It also introduces the concept
of viewpoint factorization used in later work, as well as the training procedure and
method for obtaining synthetically warped pairs of images which is largely shared
across Chapters 4-7. We show that the proposed technique works qualitatively well
for both rigid and deformable objects, and generalises automatically to entire object
categories despite only learning from correspondences between warped versions of a
single instance. We also show that the predicted landmarks can be used to train a
linear regressor with a small amount of manual supervision, proving that the unsu-

pervised landmarks are highly predictive of annotated ones.
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Abstract

Learning automatically the structure of object categories
remains an important open problem in computer vision. In
this paper, we propose a novel unsupervised approach that
can discover and learn landmarks in object categories, thus
characterizing their structure. Our approach is based on
factorizing image deformations, as induced by a viewpoint
change or an object deformation, by learning a deep neu-
ral network that detects landmarks consistently with such
visual effects. Furthermore, we show that the learned land-
marks establish meaningful correspondences between dif-
ferent object instances in a category without having to im-
pose this requirement explicitly. We assess the method qual-
itatively on a variety of object types, natural and man-made.
We also show that our unsupervised landmarks are highly
predictive of manually-annotated landmarks in face bench-
mark datasets, and can be used to regress these with a high
degree of accuracy.

1. Introduction

The appearance of objects in images depends strongly
not only on their intrinsic properties such as shape and ma-
terial, but also on accidental factors such as viewpoint and
illumination. Thus, learning from images about objects as
intrinsic physical entities is extremely difficult, particularly
if no supervision is provided.

Despite these difficulties, the performance of object de-
tection algorithms has been rising steadily, and deep neural
networks now achieve excellent results on benchmarks such
as PASCAL VOC [17] and Microsoft COCO [39]. Still,
it is unclear whether these models conceptualise objects as
intrinsic entities. Early object detectors such as HOG [13]
and DPMs [18] were based on 2D templates applied in a
translation and scale invariant manner to images. Recent
detectors such as SSD [42] make this even more extreme
and learn different templates (filters) for different scales and
even different aspect ratios of objects. Hence, these mod-
els are likely to capture objects as image-based phenomena,
representing them as a collection of weakly-related 2D pat-

Viewpoint factorization

Learned landmarks

Figure 1. We present a novel method that can learn viewpoint in-
variant landmarks without any supervision. The method uses
a process of viewpoint factorization which learns a deep landmark
detector compatible with image deformations. It can be applied to
rigid and deformable objects and object categories.

terns.

Achieving a deeper understanding of objects requires
modeling their intrinsic viewpoint-independent structure.
Often this structure is defined manually by specifying en-
tities such as landmarks, parts, and skeletons. Given suffi-
cient manual annotations, it is possible to teach deep neural
networks and other models to recognize such structures in
images. However, the problem of learning such structures
without manual supervision remains largely open.

In this paper, we contribute a new approach to learn
viewpoint-independent representations of objects from im-
ages without manual supervision (fig. 1). We formulate this
task as a factorization problem, where the effects of image
deformations, for example arising from a viewpoint change,
are explained by the motion of a reference frame attached
to the object and independent of the viewpoint.

After describing the general principle (sec. 3.1), we in-



vestigate a particular instantiation of it. In this model, the
structure of an object is expressed as a set of landmark
points (sec. 3.2) detected by a neural network. Differently
from traditional keypoint detectors, however, the network
is learned without manual supervision. Learning considers
pairs of images related by a warp and requires the detector’s
output to be equivariant with the transformation (sec. 3.3).
Transformations could be induced by real-world viewpoint
changes or object deformations, but we show that meaning-
ful landmarks can be learned even by considering random
perturbations only.

‘We show that this method works for individual rigid and
deformable object instances (sec. 3.1.1) as well as for object
categories (sec. 3.1.2). This only requires learning a sin-
gle neural network to detect the same set of landmarks for
images containing different object instances of a category.
While there is no explicit constraint that forces landmarks
for different instances to align, we show that, in practice,
this tends to occur automatically.

The method is tested qualitatively on a variety of differ-
ent object types, including shoes, animals, and human faces
(sec. 4). We also show that the unsupervised landmarks are
highly predictive of manually-annotated landmarks, and as
such can be used to detect these with a high degree of ac-
curacy. In this manner, our method can also be used for
unsupervised pretraining of semantic landmark detectors.

2. Related work

Flow. Matching images up to a motion-induced deforma-
tion links back to the work of Horn and Schunck [26] on
optical flow and to deep learning approaches for its compu-
tation [21, 57, 28]. Flow can also be defined semantically
rather than geometrically [40, 32, 46, 77, 76]. While our
method also establishes geometric and (indirectly) seman-
tic correspondences, it goes beyond that by learning a single
set of viewpoint independent landmarks which are valid for
all images at once.

Parts. A traditional method to describe the structure of
objects is to decompose them into their constituent parts.
Several unsupervised methods to learn parts exist, from the
constellation approach used in [19, 9, 62] to the Deformable
Parts Model (DPM) [18] and many others. More recently,
AnchorNet [48] successfully learns parts that match differ-
ent object instances as well as different object categories
using only image-level supervision; furthermore, they pro-
pose a part orthogonality constraint similar to our own.
While the concepts of landmarks and parts are similar, our
training method differs substantially from these approaches:
rather than learning parts as a byproduct of learning a (de-
formable) discriminator, our landmark points are trained to
fit geometric deformations directly.

Deformation-prediction networks. WarpNet [30] learns a
neural network that, given two images, predicts a Thin Plate

Spline (TPS [6]) that aligns them. While our landmarks
can also be seen as a representation of transformations (as
matching them between image pairs induces one), learning
such landmarks is unique to our method. The Deep De-
formation Network of [69] predicts image transformations
to refine landmarks using a “Point Transformer Network”,
but their landmarks are learned using full manual supervi-
sion, whereas our method is fully unsupervised. Very re-
cently [53] learn a neural network that also aligns two im-
ages by estimating the transformation between them, im-
plicitly learning feature extractors that could be similar to
keypoints; however, our work explicitly trains a network
to output keypoints that are equivariant to such transforma-
tions.

Landmark detection. There is an extensive literature
on landmark detectors, particularly for faces. Exam-
ples include Active Appearance Models [11], along with
subsequent improvements [44, 12] and others using tem-
plates [51] or parts [80]. Other approaches directly regress
the landmark coordinates [59, 14, 10, 52]. Deep learning
methods use cascaded CNNs [56], coarse-to-fine autoen-
coders [70], auxiliary attribute prediction [73, 74], learned
deformations [69] and LSTMs [64]. Beyond faces, there is
work on humans [65, 58], birds [55, 41, 69] and furniture
[63]. More general pose estimation including the case of
landmarks is explored in [16]. Our method can build on any
such detector architecture and can be used as a pretraining
strategy to learn landmarks with less or no supervision.

Equivariance constraint. A variant of the equivariance
constraint used by our method was proposed by [37] to learn
feature point detectors for image matching. We build on a
similar principle, but use it to learn intrinsic landmarks for
object categories instead of generic SIFT-like features with
a robust learning objective and learn to detect a set of com-
plementary landmarks rather than a single one at a time.

Unsupervised pretraining. Unsupervised pretraining has
received significant interest with the popularization of data-
hungry deep networks [5, 24, 23]. Unsupervised learn-
ing is based on training a network to solve auxiliary tasks,
for which supervision can be obtained without manual an-
notations. The most common of such tasks is to gener-
ate the data (autoencoders [7, 4, 25]); or one can remove
some information in images and train a network to recon-
struct it (denoising [60], ordering patches [15, 47], inpaint-
ing [50], analyzing motion [1, 49, 61, 20, 45], and coloriz-
ing [71, 35]). Our method can be seen in this light as trying
to undo a synthetic deformation applied to an image.

Our method is also related to unsupervised learning for
faces, such as alignment based on a face model [78], learn-
ing meaningful descriptors [67, 22], and learning a part
model [38]. Huang et al. [27] learn joint alignment of faces
using deep features, and Jaiswal et al. [29] use clustering
to discover head modes in order to refine manually-defined
landmarks in an unsupervised manner, both using genera-



Figure 2. Modelling the structure of objects. Points 7 in the
reference space Sy (conceptually a sphere) index corresponding
points in different object instances. Given an image x, the map
®(r;x) detects the location g of the reference point r. The map
must be compatible with warps g of the objects. For different
views of the same (deformable) object instance, the warp ¢ is de-
fined geometrically, whereas for object categories (as shown) it is
defined semantically.

tive principles. None of these methods learns landmarks
from scratch.

3. Method

Sec. 3.1 introduces the method of viewpoint factoriza-
tion for learning an intrinsic reference frame for object in-
stances and categories. Then, sec. 3.2 applies it to learn
object landmarks and sec. 3.3 discusses the details of the
learning formulation.

3.1. Structure from viewpoint factorization

Let S C R? be the surface of a physical object, say a
bird, and let x : A — R be an image of the object, where
A C R? is the image domain (fig. 2). The surface S is an in-
trinsic property of the object, independent of the particular
image x and of the corresponding viewpoint. We consider
the problem of learning a function ¢ = ®g(p; x) that maps
object points p € S to the corresponding pixels ¢ € A in
the image.

We propose a new method to learn &g automatically
through a process of viewpoint factorization. To this end,
consider a second image x’ of the object seen from a differ-
ent viewpoint. Occlusion not withstanding, one can write
x' ~ x o g where g : R? — R? is the image warp induced
by the viewpoint change. Using the map ®g, the warp g can
be factorised as follows:

g=®s(:;x) 0 Pg(3x) . (1)

In other words, we can decompose the warp g : ¢ — ¢’ as
first finding the intrinsic object point p = ®3'(¢;x) corre-
sponding to pixel ¢ in image x and then finding the corre-
sponding pixel ¢ = ®¢(p; x’) in image x'.

The factorization eq. (1) is more conveniently expressed
as the following equivariance constraint:

VpeS: ®s(p;xog) = g(Ps(p;x)). @

This constraint simply states that the points p must be de-
tected in a manner which is consistent with a viewpoint
change.

In order to learn the map ®g, we express the latter as a
deep neural network and train it to satisfy constraint (2) in
a Siamese configuration, supplying triplets (x,x’, g) to the
learning process. Note that, if we are given two views x
and x’ of the same object, the viewpoint transformation g
is often unknown. Instead of trying to recover g, inspired
by [30], we propose to synthesize transformations g at ran-
dom and use them to generate x’ from x. While this ap-
proach only uses unannotated images of the object, it can
still learn meaningful landmarks (sec. 4).!

Discussion. While learning only considers deformations of
the same image, the model still learns to bridge automat-
ically across moderately different viewpoints (see fig. 5).
However we leave very large out-of-plane rotations, which
would require to handle partial occlusions of the landmarks,
to future work.

3.1.1 Deformable objects

The method developed above extends essentially with no
modification to deformable objects. Suppose that the sur-
face S deforms between images according to isomorphisms
w : R® — R3. We tie the shape variants wS = {w(p) :
p € S} together by introducing a common reference space
Sp, which we call an object frame. Barring topological
changes, we can establish isomorphisms 7g mapping ref-
erence points 7 € Sy to fixed surface points 7g(r) € S, in
the sense that Vw : w(mg(r)) = mws(r). Then, by using
the substitution ®(r;x) = Pg(rg(r);x), we can rewrite
the equivariance constraint (2) as

Vr € So: ®(r;xog) = g(®(r;x)). 3)

This simply states that one expects surface points to be de-
tected equivariantly with viewpoint-induced deformations
as well as with deformations of the object surface.

3.1.2 Object categories

In addition to deformable objects, our formulation can eas-
ily account for shape variations between object instances in
the same category. To do this, one simply makes the as-
sumption that all object surfaces S are isomorphic to the
same reference shape Sy (fig. 2).

Differently from the case of deformable objects, geome-
try alone does not force the mappings g for different object

'If x and x’ are given but g is unknown, one can rewrite eq. (2) by
expressing the warp g as a function of the predicted landmarks (as the
solution of the equation Vp : ®g(p;x’) = gPs(p;x)), and then by mea-
suring the alignment quality in appearance space as ||x’ —xog||. However,
this approach provides a weaker supervisory signal and is somewhat more
complex to implement.



instances S to be related. Nevertheless, we would like to
choose such mappings to be semantically consistent; for ex-
ample, if 75 (r) is the right eye of face S, then we would like
g (r) to be the right eye of face S’. An important contri-
bution of this work is to show that semantically-meaningful
correspondences emerge automatically by simply sharing
the same learned mapping ® between all object instances
in a given category. The idea is that, by learning a sin-
gle rule that detects object points consistently with defor-
mations, these points tend to align between different object
instances as this is the smoothest solution.

3.2. Landmark detection networks

In this section we instantiate concretely the method
of sec. 3.1. First, one needs to decide how to represent
the maps ®(+;x) : So — A as the output of a neural net-
work or other computational model. Our approach is to
sample this function at a set of K discrete reference loca-
tions ®(x) = (®(r1;x), ..., P(rk; x)). In this manner, the
function ®(x) can be thought of as detecting the location
pr = D(rg;x) of K object landmarks. We do not attach
particular constraints to the set of landmarks, which can be
thought of as an index setr, = k, k =1,2,..., K.

If ® is implemented as a neural network, one can use
any of the existing architectures for keypoint detection
(sec. 2). Most such architectures are based on estimating
score maps W(x) € REXWXK agsociating a score ¥(xX )y
to each landmark 7, and image location v € {1,..., H} X
{1,...,W} C R2. The score maps can be transformed into
probability maps by using the softmax operator o:

RICH
Zv e\I’(x)m« :

Following [60], it is then possible to extract a landmark lo-
cation by using the soft argmax operator, which computes
the expected value of this density:

z ue¥ ) ur

Z“p ulx, ) D

The overall network, computing the location of the K land-
marks, can then be expressed as

pulx,r) = o[¥(X)]ur =

Uy = Oarg[¥ (X))

D(x) = Turg[¥(x)]- @

Discussion. An alternative approach for representing the
maps Sp — A is to predict the parameters of a parametric
transformation ¢. Assuming that the reference set Sp C R?2
is a space of continuous coordinates, the transformation ¢
could be an affine one [37] or a thin plate spline (TPS) [30].
This has the advantage of capturing in one step a dense set
of object points and can be used to impose smoothness on
the map.

However, using discrete landmarks is more robust and
general. For example, individual landmarks may be un-
detectable when occluded, and this model can handle this
case more easily without disrupting the estimate of the vis-
ible landmarks. Furthermore, one does not need to make
assumptions on the family of allowable transformations,
which could be difficult in general.

3.3. Learning formulation

In this section, we show how the equivariance con-
straint (3) can be used to learn ® from examples. The idea
is to setup the learning problem as a Siamese configuration,
in which the output of ® on two images x and x’ is assessed
for compatibility with respect to the deformation g and the
equivariance constraint (3). We can express this condition
as the loss term:

1 K
Lalign = ? Z H@(X Og)r

r=1

—g(@))I>.  ©)

In the rest of the section, we discuss two extensions
to eq. (5) that allow the system to train better landmarks:
formulating the loss directly in terms of the keypoint prob-
abilities and adding a diversity term.

Probability maps loss. Equation (5) uses the soft argmax
operator in order to localise and then compare landmarks.
We show here that one can skip this step by writing a loss
directly in terms of the probability maps, which provides a
more direct and stable gradient signal. The idea is to re-
place eq. (5) with the loss term

allgn = K Z Z HU -

r=1 uv

0)|Pp(ulx, r)p(vlx’.r)  (6)

where p(ulx, ) = o{¥(x)],r and p(v|x', ) = o[D(x')],,
are the landmark probability maps extracted from images x
and x'.

Minimizing loss (6) has two desirable effects. First, it
encourages the two probability maps to overlap and, second,
it encourages them to be highly concentrated. In fact, the
loss is zero if, and only if, both p and ¢ are delta functions
and if the corresponding landmark locations match up to g.

While a naive implementation of (6) requires to visit all
pairs of pixels u and v in both images, with a quadratic com-
plexity, a linear-time implementation is possible by decom-
posing the loss as:

> lullPplulx,r) + 3 llg@)IPp(ox’,r)

-2 <ZUP(U|X77’)> : (Zg(v)p(vX’ﬂ’))

v



Diversity loss. The equivariance constraint eq. (3) and its
corresponding losses eqgs. (5) and (6) ensure that the net-
work learns at least one landmark aligned with image defor-
mations. However, there is nothing to prevent the network
from learning K identical copies of the same landmark.

In order to avoid this degenerate solution, we add a di-
versity loss that requires probability maps of different land-
marks to fire in different parts of the image. The most ob-
vious approach is to penalize the mutual overlap between
maps for different landmarks r and r’:

e Z Z > plulx,plulx ). ()

r=1r'=1 u

['dlv (X

This term is zero only if, and only if, the support of the
different probability maps is disjoint.

The disadvantage of this approach is that it is quadratic
in the number of landmarks. An alternative and more effi-
cient diversity loss is:

Lo(x) = (Zp up,r) = max plulx, T))

u
®)
Just like eq. (7), this loss is zero only if the support of the
distributions is disjoint. In fact the sum of probability values
at a given point u is always greater than the max unless all
but one probability are zero. Note that we can rewrite (8)
more compactly as:

L) = K = 32 s, )

.....

In practice, we found it beneficial to apply the diversity loss
after downsampling (by m x m sum pooling) the probability
maps as this encourages landmarks to be extracted farther
apart. Thus we consider:

L, (x) =K — Z max Zp(mqu(Su\x, ).
Ou

where 6, € {0,...,m —1}2

Learning objective. The learning objective considers
triplets (x;, X}, g;) of images x; and x] related by a view-
point warp g; and optimizes:

N
mm)\R Z( align (%0, %}, 95, W)+

’Yﬁ(,i/lv (X“ ) + ’\/‘Cdlv (X’,L/ \I])) ’ (9)

where R is a regulariser (weight shrinkage for a neural net-
work). As noted before, if triplets are not available, they
can be synthesized by applying a random transformation g;
to an image x; to obtain x; = x; o g. Note that all functions
are easily differentiable for backpropagation.

4. Experiments

In this section, we first describe the implementation de-
tails (sec. 4.1) and then report both qualitative (sec. 4.2) and
quantitative (sec. 4.3) results demonstrating the power of
our unsupervised landmark learning method.

4.1. Implementation details

In all the experiments, the detector ¢ contains six con-
volutional layers with 20, 48, 64, 80, 256, K filters respec-
tively, where K is the number of object landmarks. Each
convolutional layer is followed by a batch normalization
and a ReLU layer. This network is proposed in [74] for
supervised facial keypoint estimation. Differently, instead
of downsampling the feature map after each convolutional
layer, we use only one 2 x 2 max pooling layer with a
stride of 2 after the first convolutional layer (conv1). Thus,
given an input size of H x W x 3, the network outputs an
% X % x K feature map. We apply a spatial softmax op-
erator to the output of the last convolutional layer to obtain
K probability maps, one for each landmark.

During training, we supply a set of triplets of (x;,x’;, g;)
as input to the network. In order to generate them, given an
example image I, one can naively sample a random TPS
and warp the image accordingly. However, as the input
images are typically centered and at most very slightly ro-
tated, the learned weights can be biased towards such a set-
ting. Instead, we randomly sample two TPS transformations
(g1, g2) and consecutively warp the given image to generate
an image pair i.e. x = Io g; and X’ = x 0 go (computed us-
ing inverse image warping as x o (g2 o g1)). The TPS warps
are parametrized as in [6] which can be decomposed into
affine and deformation parts. To render realistic and diverse
warps, we randomly sample scale, rotation angle and trans-
lation parameters within the pre-determined ranges. Exam-
ples of the transformations are shown in figs. 3 to 5.

We initialize the weights of convolutions with random
gaussian noise and optimize the objective function (eq. (9))
(weight decay A = 5- 1074, v = 500) by using Adam [33]
with an initial learning rate 10~* until convergence, then
reduce it by one tenth until no further improvement is seen.

4.2. Qualitative results

We train our unsupervised landmarks from scratch on
three different domains: shoes (fig. 3), cat faces (fig. 4),
and faces (fig. 5), and assess them qualitatively. We train
landmark detectors on 49525 shoes from the UT Zappos50k
dataset of [68] and 8609 images from the cat heads dataset
of [72] and keep the rest for validation. Facial landmarks
are learned on the CelebA dataset [43] which contains more
than 200k celebrity images for 10k identities with 5 anno-
tated landmarks. We use the provided cropped face images,
which are roughly centered and scaled to the same size.

We train an 8 or 10 landmark network for each of the
tasks to allow for clearer visualization. In addition, we show
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Figure 3. Unsupervised landmarks on shoes (8 landmark network). Top: synthetic TPS deformations (original image leftmost). Bottom:
different instances. Note that landmarks are consistently detected despite the significant variation in pose, shape, materials, etc.
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Figure 4. Unsupervised landmarks on cat faces (10 landmark network). Top-left quintuple: synthetic deformations (original image leftmost)
transformed by rotation (images 2,3) and TPS warps (images 4,5). Remaining examples: different instances.

n landmarks | Regressor training | Mean error
10 MAFL 7.95
30 MAFL 7.15
50 MAFL 6.67
10 CelebA 6.32
30 CelebA 5.76
50 CelebA 5.33

Table 1. Results on MAFL test set in terms of the inter-ocular dis-
tance as in [74, 52]. For each setting, n unsupervised landmarks,
that is learned on the CelebA training set, are regressed into 5
manually-defined landmarks. The regressor is learnt on CelebA
or MAFL training set.

examples of a 30-landmark network for faces in fig. 6. In
all cases we observe that: i) landmarks are detected con-
sistently up to synthetic warps (affine or TPS) of the corre-
sponding images and that ii) as a byproduct of learning to
be consistent with such transformations, landmarks are very
consistent across different object instances as well.

4.3. Quantitative results

In this section we evaluate the performance of our unsu-
pervised landmarks quantitatively by testing how well they

Method Mean Error
TCDCN [74] 7.95
Cascaded CNN [56] 9.73
CFAN [70] 15.84
Our Method (50 points) 6.67
Table 2. Comparison to state-of-the-art supervised landmark de-
tectors on MAFL.
Method Mean Error
RCPR [£] 11.6
Cascaded CNN [56] 8.97
CFAN [70] 10.94
TCDCN [74] 7.65
RAR [64] 7.23
Our Method (51 points) 10.53

Table 3. Comparison to state-of-the-art supervised landmark de-
tectors on AFLW (5 pts) in terms of inter-ocular distance.

correlate with and predict manually-labelled landmarks. To
do this, we consider standard facial landmark benchmarks
containing manual annotations for semantic landmarks (e.g.
eyes, corner of the mouth, etc). We first learn a detector for
K landmarks without supervision, freeze its weights, and



Figure 5. Unsupervised landmarks on CelebA faces (10 landmarks network). Top: synthetic rigid and TPS deformatlons (original image
leftmost). Bottom: different instances. We observe landmarks highly aligned with facial features such as the mouth corners and eyes. Note
that, being unsupervised, it needn’t prefer the centers of the eyes, but consistently localizes points on the eye boundary.

Figure 6. Regression of supervised landmarks form 30 unsupervised ones (left in each pair) on MAFL. The green dot is the predicted
annotation and a small blue dot marks the ground-truth. A failure case is shown to the right.

Supervised training images | Mean Error
All (19,000) 7.15
20 8.06
10 8.49
5 9.25
1 10.82

Table 4. Localization results for different number of training im-

ages from MAFL used for supervised training.

Method Mean Error (68 pts)
DRMF [2] 9.22
CFAN [70] 7.69

ESR [10] 7.58

ERT [31] 6.40

LBF [52] 6.32

CFSS [79] 5.76

¢GPRT [36] 5.71

DDN [69] 5.65

TCDCN [74] 5.54

RAR [64] 4.94

Ours (50 landmarks) 9.30
Ours (50 landmarks, finetune) 7.97

Table 5. Comparison to state-of-the-art supervised landmark de-

tectors on 300-W.

then use the supervised training data in the benchmark to
learn a linear regressor mapping the unsupervised landmark
to the manually defined ones. The regressor takes as input
the 2K coordinates of the unsupervised landmarks, stacks
them in a vector z € R?%X and maps the latter to the corre-
sponding coordinates of the manually-defined landmarks as
y = Wx. Learning W can be seen as a fully connected
layer with no bias, and is trained similarly to the unsu-
pervised network, using our warps as data augmentation.
Note that there is no backpropagation to the unsupervised
weights, which remain fixed. W is visualized in fig. 7.

Benchmark data. We first report results on the MAFL
dataset [74], a subset of CelebA with 19k training images
and 1k test images annotated with 5 facial landmarks (cor-
ners of mouth, eyes and nose). We follow the standard eval-
uation procedure in [74] and report errors in inter-ocular
distance (IOD) in table 1. Since the MAFL test set and the
CelebA training set overlap partially, we remove the MAFL
test images from CelebA when the latter is used for training.

We also consider the more challenging 300-W
dataset [54] containing 68 landmarks, obtained by merging
and re-annotating other benchmarks. We follow [52] and
use 3148 images from AFW [80], LFPW-train [3] and
Helen-train [75] as training set, and 689 images from
IBUG, LFPW-test and Helen-test as test set.

Finally we use the AFLW [34] dataset, which contains



24,386 faces from Flickr. Although it contains up to 21 an-
notated landmarks, we follow [74, 64] in only evaluating
five and testing on the same 2995 faces cropped and dis-
tributed in the MTFL set of [73]. For training we use 10,122
faces that have all five points labelled and whose images are
not in the test set.

MAFL results. First, we train the unsupervised landmarks
on the CelebA training set and learn a corresponding regres-
sor on the MAFL training set. The accuracy of the regressor
on the MAFL test data is reported in table 1 and qualitative
results are shown in fig. 6.

Regressing from K = 10,30,50 unsupervised land-
marks improves the results. This can be explained by
the fact that more unsupervised landmarks means a higher
chance of finding some highly correlated with the five
manually-labelled ones and thus a more robust mapping
(fig. 7). This can also increase accuracy since our land-
marks are detected with a resolution of two pixels (due to
the downsampling in the network). Table 2 compares these
results to state-of-the-art fully supervised landmark local-
ization methods. Encouragingly, our best regressor outper-
forms the supervised methods (6.67 error rate vs 7.95 of
TCDCN [74]). This shows that our unsupervised training
method is indeed able to find meaningful landmarks.

Next, in Table 4 we assess how many manual landmark
annotations are required to learn the regressor. We consider
the problem of regressing from K = 30 unsupervised land-
marks and we observe that the regressor performs well even
if only 10 or 20 images are considered (errors 8.5 and 8.06).
By comparison, using all 19,000 training samples reduces
the error to 7.15, which shows that most of the required in-
formation is contained in the unsupervised landmarks from
the outset. This indicates that our method is very effec-
tive for unsupervised pretraining of manually annotated
landmarks as well, and can be used to learn good semantic
landmarks with few annotations.

300-W results. We use our best performing model, the 50
point network, trained unsupervised on CelebA, and report
results in table 5 for two settings. In the first one, the un-
supervised landmarks are learned on CelebA and only the
regressor is learned on the 300-W training set; we obtain an
error of 9.30. In the second setting, the unsupervised de-
tector is fine-tuned (also without supervision) on the 300-W
data to adapt the features to the target dataset. The fine-
tuning lowers the error to 7.97 and yields a comparable
result with the state-of-the-art supervised methods. This
shows another strength of our method: our unsupervised
learner can be used to adapt an existing network to new
datasets, also without using labels.

AFLW results. Due to tighter face crops, we adapt our 50-
landmark CelebA network, fine-tuning it first on similarly
cropped CelebA images and then on the AFLW training
set. The adapted network has 51 landmarks. We compare
against other methods in table 3. Once more, landmarks

Figure 7. Unsupervised <> supervised landmark correlation.
The thickness of each arrow from our unsupervised landmarks
(crosses) to the supervised ones (circles) represents the averaged
magnitude of each contribution in the learned linear regressor.

linearly-regressed from the unsupervised ones are compet-
itive with fully supervised detectors (10.53 vs 7.23). The
regressor can be trained with as low as 1 or 5 labelled im-
ages almost saturating performance (errors 14.79 and 12.94
respectively). By comparison, the same architecture trained
supervised from scratch using 5 and 10 labelled images with
TPS data augmentation but no unsupervised pretraining has
substantially higher 23.85 and 22.31 errors (achieved essen-
tially by predicting the average landmark locations which
has error 24.40).

We also visualize what the regressor learns and which of
the source (discovered) landmarks contribute to the target
(semantic) ones in fig. 7. To do so, for each target land-
mark, we take the corresponding column of the regressor,
compute the absolute value of its coefficients, /! normalize
it, remove the entries smaller than 0.2. We show this map-
ping as a directional graph with arrows between the target
landmarks (green circular nodes) and the source ones (col-
ored crosses). We observe that the contributions are propor-
tional to the distance between source and target points. In
addition, the landmark on the forehead, not in the convex
hull of the target points is ignored, as expected.

5. Conclusions

In this paper we have presented a novel approach to learn
the structure of objects in an unsupervised manner. Our key
contribution is to reduce this problem to the one of learn-
ing landmark detectors that are equivariant, i.e. compatible,
with image deformations. This can be seen as a particular
instantiation of the more general idea of factorizing defor-
mations by learning an intrinsic reference frame for the ob-
ject. We have shown that this technique works for rigid and
deformable objects as well as object categories, it results
in landmarks highly-predictive of manually annotated ones,
and can be used effectively for pretraining.

Acknowledgments: This work acknowledges the support of the
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Chapter 5

Unsupervised learning of object
frames by dense equivariant image
labelling

This work was accepted for Oral Presentation at the Conference on Neural Informa-
tion Processing Systems (NeurIPS), Long Beach, 2017

This paper builds on the work presented in Chapter 4, eschewing sparse landmarks
in favour of a dense output, relating each image pixel to a point in a spherical coor-
dinate space. In this manner, each semantic concept (eyes, nose, etc) “lives” at some
point on the sphere. Synthetic warps are again used for training, but additionally we
show successful results on toy datasets of an articulated robotic arm and a 3D sphere
rotating out of plane. We again show that the unsupervised output can be predic-
tive of manual annotations, and that intra-category invariance emerges automatically.
This dense framework forms the basis for the work in Chapter 6, where constraints
are imposed on the learned coordinate frame in order to discover symmetries, and

Chapter 7, where higher dimensional embeddings are considered.
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Unsupervised learning of object frames by dense
equivariant image labelling
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Abstract

One of the key challenges of visual perception is to extract abstract models of 3D
objects and object categories from visual measurements, which are affected by
complex nuisance factors such as viewpoint, occlusion, motion, and deformations.
Starting from the recent idea of viewpoint factorization, we propose a new approach
that, given a large number of images of an object and no other supervision, can
extract a dense object-centric coordinate frame. This coordinate frame is invariant
to deformations of the images and comes with a dense equivariant labelling neural
network that can map image pixels to their corresponding object coordinates.
We demonstrate the applicability of this method to simple articulated objects
and deformable objects such as human faces, learning embeddings from random
synthetic transformations or optical flow correspondences, all without any manual
supervision.

1 Introduction

Humans can easily construct mental models of complex 3D objects and object categories from
visual observations. This is remarkable because the dependency between an object’s appearance
and its structure is tangled in a complex manner with extrinsic nuisance factors such as viewpoint,
illumination, and articulation. Therefore, learning the intrinsic structure of an object from images
requires removing these unwanted factors of variation from the data.

The recent work of [39] has proposed an unsupervised approach to do so, based on on the concept
of viewpoint factorization. The idea is to learn a deep Convolutional Neural Network (CNN) that
can, given an image of the object, detect a discrete set of object landmarks. Differently from
traditional approaches to landmark detection, however, landmarks are neither defined nor supervised
manually. Instead, the detectors are learned using only the requirement that the detected points must
be equivariant (consistent) with deformations of the input images. The authors of [39] show that this
constraint is sufficient to learn landmarks that are “intrinsic” to the objects and hence capture their
structure; remarkably, due to the generalization ability of CNNs, the landmark points are detected
consistently not only across deformations of a given object instance, which are observed during
training, but also across different instances. This behaviour emerges automatically from training on
thousands of single-instance correspondences.

In this paper, we take this idea further, moving beyond a sparse set of landmarks to a dense model
of the object structure (section 3). Our method relates each point on an object to a point in a low
dimensional vector space in a way that is consistent across variation in motion and in instance identity.
This gives rise to an object-centric coordinate system, which allows points on the surface of an object
to be indexed semantically (figure 1). As an illustrative example, take the object category of a face
and the vector space R3. Our goal is to semantically map out the object such that any point on a
face, such as the left eye, lives at a canonical position in this “label space”. We train a CNN to learn
the function that projects any face image into this space, essentially “coloring” each pixel with its

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.



Figure 1: Dense equivariant image labelling. Left: Given an image x of an object or object category
and no other supervision, our goal is to find a common latent space Z, homeomorphic to a sphere,
which attaches a semantically-consistent coordinate frame to the object points. This is done by
learning a dense labelling function that maps image pixels to their corresponding coordinate in the
Z space. This mapping function is equivariant (compatible) with image warps or object instance
variations. Right: An equivariant dense mapping learned in an unsupervised manner from a large
dataset of faces. (Results of SIMPLE network, Lg;s¢,7 = 0.5)

corresponding label. As a result of our learning formulation, the label space has the property of being
locally smooth: points nearby in the image are nearby in the label space. In an ideal case, we could
imagine the surface of an object to be mapped to a sphere.

In order to achieve these results, we contribute several technical innovations (section 3.2). First,
we show that, in order to learn a non-trivial object coordinate frame, the concept of equivariance
must be complemented with the one of distinctiveness of the embedding. Then, we propose a CNN
implementation of this concept that can explicitly express uncertainty in the labelling of the object
points. The formulation is used in combination with a probabilistic loss, which is augmented with a
robust geometric distance to encourage better alignment of the object features.

We show that this framework can be used to learn meaningful object coordinate frames in a purely
unsupervised manner, by analyzing thousands of deformations of visual objects. While [39] proposed
to use Thin Plate Spline image warps for training, here we also consider simple synthetic articulated
objects having frames related by known optical flow (section 4).

We conclude the paper with a summary of our finding (section 5).

2 Related Work

Learning the structure of visual objects. Modeling the structure of visual objects is a widely-
studied (e.g. [6, 7, 11, 41, 12]) computer vision problem with important applications such as facial
landmark detection and human body pose estimation. Much of this work is supervised and aimed
at learning detectors of objects or their parts, often using deep learning. A few approaches such as
spatial transformer networks [20] can learn geometric transformations without explicit geometric
supervision, but do not build explicit geometric models of visual objects.

More related to our work, WarpNet [21] and geometric matching networks [35] learn a neural network
that predicts Thin Plate Spline [3] transformations between pairs of images of an object, including
synthetic warps. Deep Deformation Network [44] improves WarpNet by using a Point Transformer
Network to refine the computed landmarks, but it requires manual supervision. None of these works
look at the problem of learning an invariant geometric embedding for the object.

Our work builds on the idea of viewpoint factorization (section 3.1), recently introduced in [39, 32].
However, we extend [39] in several significant ways. First, we construct a dense rather than discrete
embedding, where all pixels of an object are mapped to an invariant object-centric coordinate instead
of just a small set of selected landmarks. Second, we show that the equivariance constraint proposed
in [39] is not quite enough to learn such an embedding; it must be complemented with the concept of
a distinctive embedding (section 3.1). Third, we introduce a new neural network architecture and
corresponding training objective that allow such an embedding to be learned in practice (section 3.2).

Optical/semantic flow. A common technique to find correspondences between temporally related
video frames is optical flow [18]. The state-of-the-art methods [14, 40, 19] typically employ convolu-



tional neural networks to learn pairwise dense correspondences between the same object instances
at subsequent frames. The SIFT Flow method [25] extends the between-instance correspondences
to cross-instance mappings by matching SIFT features [27] between semantically similar object
instances. Learned-Miller [24] extends the pairwise correspondences to multiple images by posing
a problem of alignment among the images of a set. Collection Flow [22] and Mobahi et al. [29]
project objects onto a low-rank space that allow for joint alignment. FlowWeb [52], and Zhou et
al. [51] construct fully connected graphs to maximise cycle consistency between each image pair and
synthethic data as an intermediary by training a CNN. In our experiments (section 4) flow is known
from synthetic warps or motion, but our work could build on any unsupervised optical flow method.

Unsupervised learning. Classical unsupervised learning methods such as autoencoders [4, 2, 17]
and denoising autoencoders aim to learn useful feature representations from an input by simply
reconstructing it after a bottleneck. Generative adversarial networks [16] target producing samples of
realistic images by training generative models. These models when trained joint with image encoders
are also shown to learn good feature representations [9, 10]. More recently several studies have
emerged that train neural networks by learning auxiliary or pseudo tasks. These methods exploit
typically some existing information in input as “self-supervision” without any manual labeling by
removing or perturbing some information from an input and requiring a network to reconstruct it.
For instance, Doersch et al. [8], and Noroozi and Favaro [31] train a network to predict the relative
locations of shuffled image patches. Other self-supervised tasks include colorizing images [46],
inpainting [34], ranking frames of a video in temporally correct order [28, 13]. More related to our
approach, Agrawal et al. [1] use egomotion as supervisory signal to learn feature representations
in a Siamese network by predicting camera transformations from image pairs, [33] learn to group
pixels that move together in a video. [50, 15] use a warping-based loss to learn depth from video.
Recent work [36] leverages RGB-D based reconstruction [30] and is similar to this work, showing
qualitatively impressive results learning a consistent low-dimensional labelling on a human dataset.

3 Method

This section discusses our method in detail, first introducing the general idea of dense equivariant
labelling (section 3.1), and then presenting a concrete implementation of the latter using a novel deep
CNN architecture (section 3.2).

3.1 Dense equivariant labelling

Consider a 3D object S C R3 or a class of such objects S that are topologically isomorphic to
a sphere Z C R3 (i.e. the objects are simple closed surfaces without holes). We can construct a
homeomorphism p = 7g(q) mapping points of the sphere ¢ € Z to points p € S of the objects.
Furthermore, if the objects belong to the same semantic category (e.g. faces), we can assume that
these isomorphisms are semantically consistent, in the sense that mg/ o 71';1 : S — S’ maps points of
object S to semantically-analogous points in object S (e.g. for human faces the right eye in one face
should be mapped to the right eye in another [39]).

While this construction is abstract, it shows that we can endow the object (or object category) with
a spherical reference system Z. The authors of [39] build on this construction to define a discrete
system of object landmarks by considering a finite number of points z;, € Z. Here, we take the
geometric embedding idea more literally and propose to explicitly learn a dense mapping from images
of the object to the object-centric coordinate space Z. Formally, we wish to learn a labelling function
® : (x,u) — 2 that takes a RGB image x : A — R? A C R® and a pixel u € A to the object point
z € Z which is imaged at u (figure 1).

Similarly to [39], this mapping must be compatible or equivariant with image deformations. Namely,
let g : A — A be a deformation of the image domain, either synthetic or due to a viewpoint change
or other motion. Furthermore, let gx = x o g~ ! be the action of g on the image (obtained by inverse
warp). Barring occlusions and boundary conditions, pixel « in image x must receive the same label
as pixel gu in image gx, which results in the invariance constraint:

Vx,u: D(x,u) = P(gx, gu). (1



Equivalently, we can view the network as a functional x +— ®(x,-) that maps the image to a
corresponding label map. Since the label map is an image too, g acts on it by inverse warp.' Using
this, the constraint (1) can be rewritten as the equivariance relation g®(x, ) = ®(gx, -). This can be
visualized by noting that the label image deforms in the same way as the input image, as show for
example in figure 3.

For learning, constraint (1) can be incorporated in a loss function as follows:

(@) = ﬁ /A (o, u) — (g, gu) | ds

However, minimizing this loss has the significant drawback that a global optimum is obtained by
simply setting ®(x, u) = const. The reason for this issue is that (1) is not quite enough to learn a
useful object representation. In order to do so, we must require the labels not only to be equivariant,
but also distinctive, in the sense that

d(x,u) = P(gx,v) < v=gu.

We can encode this requirement as a loss in different ways. For example, by using the fact that points
®(x,u) are on the unit sphere, we can use the loss:

1
£/@hx.g) = 57 [ g g, (Bx, ). B(gx o) o @

By doing so, the labels ®(x, u) must be able to discriminate between different object points, so that a
constant labelling would receive a high penalty.

Relationship with learning invariant visual descriptors. As an alternative to loss (2), we could
have used a pairwise loss? to encourage the similarity (®(x, u), ®(x’, gu)) of the labels assigned
to corresponding pixels u and gu to be larger than the similarity (®(x,u), ®(x’,v)) of the labels
assigned to pixels v and v that do not correspond. Formally, this would result in a pairwise loss
similar to the ones often used to learn invariant visual descriptors for image matching. The reason
why our method learns an object representation instead of a generic visual descriptor is that the
dimensionality of the label space Z is just enough to represent a point on a surface. If we replace
Z with a larger space such as R?, d >> 2, we can expect ®(x,u) to learn to extract generic visual
descriptors like SIFT instead. This establishes an interesting relationship between visual descriptors
and object-specific coordinate vectors and suggests that it is possible to transition between the two by
controlling their dimensionality.

3.2 Concrete learning formulation

In this section we introduce a concrete implementation of our method (figure 2). For the mapping
®, we use a CNN that receives as input an image tensor x € R *W > and produces as output a
label tensor z € R¥*W XL We use the notation ®,,(x) to indicate the L-dimensional label vector
extracted at pixel v from the label image computed by the network.

The dimension of the label vectors is set to L = 3 (instead of L = 2) in order to allow the network
to express uncertainty about the label assigned to a pixel. The network can do so by modulating
the norm of ®,,(x). In fact, correspondences are expressed probabilistically by computing the inner
product of label vectors followed by the softmax operator. Formally, the probability that pixel v in
image x’ corresponds to pixel u in image x is expressed as:

(@0 ()2, (X))

3, @602 () ®)

pv|u;x, x', ®) =

In this manner, a shorter vector ®,, results in a more diffuse probability distribution.

'In the sense that g®(x,-) = ®&(x,-)og™".
ZFormally, this is achieved by the loss

L' (®|x,g) = ﬁ/j\max {O,mézx A(u,v) + (P(x,u), P(gx,v)) — (P(x, u),@(gx,gu))} du,

where A(u,v) > 0 is an error-dependent margin.
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Figure 2: Unsupervised dense correspondence network. From left to right: The network & extracts
label maps ®,,(x) and ®,,(x’) from the image pair x and x’. An optical flow module (or ground truth
for synthetic transformation) computes the warp (correspondence field) g such that x’ = gx. Then
the label of each point « in the first image is correlated to each point v in the second, obtaining a
number of score maps. The loss evaluates how well the score maps predict the warp g.

Next, we wish to define a loss function for learning ¢ from data. To this end, we consider a triplet
a = (x,x%/,g), where x’ = gx is an image that corresponds to x up to transformation g (the nature
of the data is discussed below). We then assess the performance of the network ® on the triplet o
using two losses. The first loss is the negative log-likelihood of the ground-truth correspondences:

1
Liog(®]x,X',g) = “HwW > logp(gulu; x, ¥, @). “

This loss has the advantage that it explicitly learns (3) as the probability of a match. However, it is
not sensitive to the size of a correspondence error v — gu. In order to address this issue, we also
consider the loss

1
. ! - E E _ v . !
‘Cdlst(q)|xvx :g) - HW — - HU gu||2 p(U|U,X7X 7(I)) (5)

Here v > 0 is an exponent used to control the robustness of the distance measure, which we set to
v =0.5,1.

Nework details. We test two architecture. The first one, denoted SIMPLE, is the same as [49, 39]
and is a chain (5,20)4, (2, mp), Jo, (5,48)+,(3,64)+,(3,80)+, (3,256) 1, (1,3) where (h,c) is
a bank of c filters of size h x h, + denotes ReLU, (h,mp) is h x h max-pooling, s is
sx downsampling. Better performance can be obtained by increasing the support of the fil-
ters in the network; for this, we consider a second network DILATIONS (5,20)4, (2, mp), Jo
,(5,48) 1, (5,64,2)4,(3,80,4)+,(3,256,2) 4, (1,3) where (h, ¢, d) is a filter with xd dilation [43].

3.3 Learning from synthetic and true deformations

Losses (4) and (5) learn from triplets o = (x,x’, ¢g). Here x’ can be either generated synthetically by
applying a random transformation g to a natural image x [39, 21], or it can be obtained by observing
image pairs (x, x’) containing true object deformations arising from a viewpoint change or an object
motion or deformation.

The use of synthetic transformations enables training even on static images and was considered
in [39], who showed it to be sufficient to learn meaningful landmarks for a number of real-world
object such as human and cat faces. Here, in addition to using synthetic deformations, we also
consider using animated image pairs x and x’. In principle, the learning formulation can be modified
so that knowledge of g is not required; instead, images and their warps can be compared and aligned
directly based on the brightness constancy principle. In our toy video examples we obtain g from the
rendering engine, but it can in theory be obtained using an off-the-shelf optical flow algorithm which
would produce a noisy version of g.
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Figure 3: Roboarm equivariant labelling. Top: Original video frames of a simple articulated object.

Middle and bottom: learned labels, which change equivariantly with the arm, learned using £;,4 and
L 4ist, respectively. Different colors denote different points of the spherical object frame.

4 Experiments

This section assesses our unsupervised method for dense object labelling on two representative tasks:
two toy problems (sections 4.1 and 4.2) and human and cat faces (section 4.3).

4.1 Roboarm example

In order to illustrate our method we consider a toy problem consisting of a simple articulated object,
namely an animated robotic arm (figure 3) created using a 2D physics engine [38]. We do so for two
reasons: to show that the approach is capable of labelling correctly deformable/articulated objects and
to show that the spherical model Z is applicable also to thin objects, that have mainly a 1D structure.

Dataset details. The arm is anchored to the bottom left corner and is made up of colored capsules
connected with joints having reasonable angle limits to prevent unrealistic contortion and self-
occlusion. Motion is achieved by varying the gravity vector, sampling each element from a Gaussian
with standard deviation 15 ms~2 every 100 iterations. Frames x of size 90 x 90 pixels and the
corresponding flow fields g : x — x’ are saved every 20 iterations. We also save the positions of the
capsule centers. The final dataset has 23999 frames.

Learning. Using the correspondences o = (x,x’, g) provided by the flow fields, we use our method
to learn an object centric coordinate frame Z and its corresponding labelling function ®,,(x). We
test learning ® using the probabilistic loss (4) and distance-based loss (5). In the loss we ignore
areas with zero flow, which automatically removes the background. We use the SIMPLE network
architecture (section 3.2).

Results. Figure 3 provides some qualitative results, showing by means of colormaps the labels ®,,(x)
associated to different pixels of each input image. It is easy to see that the method attaches consistent
labels to the different arm elements. The distance-based loss produces a more uniform embedding, as
may be expected. The embeddings are further visualized in Figure 4 by projecting a number of video
frames back to the learned coordinate spaces Z. It can be noted that the space is invariant, in the sense
that the resulting figure is approximately the same despite the fact that the object deforms significantly
in image space. This is true for both embeddings, but the distance-based ones are geometrically more
consistent.

Predicting capsule centers. We evaluate quantitatively the ability of our object frames to localise the
capsule centers. If our assumption is correct and a coordinate system intrinsic to the object has been
learned, then we should expect there to be a specific 3-vector in Z corresponding to each center, and
our job is to find these vectors. Various strategies could be used, such as averaging the object-centric
coordinates given to the centers over the training set, but we choose to incorporate the problem into
the learning framework. This is done using the negative log-likelihood in much the same way as
(4), limiting our vectors u to the centers. This is done as an auxiliary layer with no backpropagation
to the rest of the network, so that the embedding remains unsupervised. The error reported is the
Euclidean distance as a percentage of the image width.

Results are given for the different loss functions used for unsupervised training in Table 1 and
visualized in Figure 5 right, showing that the object centers can be located to a high degree of
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Figure 4: Invariance of the object-centric coordinate space for Roboarm. The plot projects
frames 3,6,9 of figure 3 on the object-centric coordinate space Z, using the embedding functions
learned by means of the probabilistic (top) and distance (bottom) based losses. The sphere is then
unfolded, plotting latitude and longitude (in radians) along the vertical and horizontal axes.
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Figure 5: Left: Embedding spaces of different dimension. Spherical embedding (from the 3D
embedding function ®,(x) € R?) learned using the distance loss compared to a circular embedding
with one dimension less. Right: Capsule center prediction for different losses.

accuracy. The negative log likelihood performs best while the two losses incorporating distance
perform similarly.

We also perform experiments varying the dimensionality L of the label space Z (Table 2). Perhaps
most interestingly, given the almost one-dimensional nature of the arm, is the case of L = 2, which
would correspond to an approximately circular space (since the length of vectors is used to code
for uncertainty). As seen in the right of Figure 5 left, the segments are represented almost perfectly
on the boundary of a circle, with the exception of the bifurcation which it is unable to accurately
represent. This is manifested by the light blue segment trying, and failing, to be in two places at once.

Descriptor Dimension | Error
Unsupervised Loss | Error 2 1.29 %
Liog 0.97 % 3 1.14 %
Lais, v =1 1.13 % 5 1.16 %
Laist, ¥ = 0.5 1.14 % 20 | 128 K
Table 1: Predicting capsule centers. Table 2: Descriptor dimension )
Error as percent of image width. (Ldist;y = 0.5). L>3 shows no improvement,

suggesting L=3 is the natural manifold of the arm.
4.2 Textured sphere example

The experiment of Figure 6 tests the ability of the method to understand a complete rotation of a 3D
object, a simple textured sphere. Despite the fact that the method is trained on pairs of adjacent video
frames (and corresponding optical flow), it still learns a globally-consistent embedding. However,
this required switching from from the SIMPLE to the DILATIONS architecture (section 3.2).

4.3 Faces

After testing our method on a toy problem, we move to a much harder task and apply our method to
generate an object-centric reference frame Z for the category of human faces. In order to generate
an image pair and corresponding flow field for training we warp each face synthetically using Thin
Plate Spline warps in a manner similar to [39]. We train our models on the extensive CelebA [26]
dataset of over 200k faces as in [39], excluding MAFL [49] test overlap from the given training split.
It has annotations of the eyes, nose and mouth corners. Note that we do not use these to train our
model. We also use AFLW [23], testing on 2995 faces [49, 42, 48] with 5 landmarks. Like [39] we



Figure 6: Sphere equivariant labelling. Top: video frames of a rotating textured sphere. Middle:
learned dense labels, which change equivariantly with the sphere. Bottom: re-projection of the video
frames on the object frame (also spherical). Except for occlusions, the reprojections are approximately
invariant, correctly mapping the blue and orange sides to different regions of the label space

use 10,122 faces for training. We additionally evaluate qualitatively on a dataset of cat faces [47],
using 8609 images for training.

Qualitative assessment. We find that for network SIMPLE the negative log-likelihood loss, while
performing best for the simple example of the arm, performs poorly on faces. Specifically, this model
fails to disambiguate the left and right eye, as shown in Figure 9 (right). The distance-based loss (5)
produces a more coherent embedding, as seen in Figure 9 (left). Using DILATIONS this problem
disappears, giving qualitatively smooth and unambiguous labels for both the distance loss (Figure 7)
and the log-likelihood loss (Figure 8). For cats our method is able to learn a consistent object frame
despite large variations in appearance (Figure 8).

-y : : 1
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Figure 7: Faces. DILATIONS network with Lgis, v = 0.5. Top: Input images, Middle: Predicted
dense labels mapped to colours, Bottom: Image pixels mapped to label sphere and flattened.

Regressing semantic landmarks. We would like to quantify the accuracy of our model in terms of
ability to consistently locate manually annotated points, specifically the eyes, nose, and mouth corners
given in the CelebA dataset. We use the standard test split for evaluation of the MAFL dataset [49],
containing 1000 images. We also use the MAFL training subset of 19k images for learning to predict
the ground truth landmarks, which gives a quantitative measure of the consistency of our object frame
for detecting facial features. These are reported as Euclidean error normalized as a percentage of
inter-ocular distance.

In order to map the object frame to the semantic landmarks, as in the case of the robot arm centers, we
learn the vectors 2z € Z corresponding to the position of each point in our canonical reference space
and then, for any given image, find the nearest z and its corresponding pixel location u. We report
the localization performance of this model in Table 3 (“Error Nearest””). We empirically validate
that with the SIMPLE network the negative log-likelihood is not ideal for this task (Figure 9) and
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Figure 8: Cats. DILATIONS network with Ly,,. Top: Input images, Middle: Labels mapped to
colours, Bottom: Images mapped to the spherical object frames.
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Figure 9: Annotated landmark prediction from the shown unsupervised label maps (SIMPLE
network). Left: Trained with L4;.¢,y = 0.5, Right: Failure to disambiguate eyes with L;,4.
(Prediction: green, Ground truth: Blue)

we obtain higher performance for the robust distance with power 0.5. However, after switching to
DILATIONS to increase the receptive field both methods perform comparably.

The method of [39] learns to regress P ground truth coordinates based on M > P unsupervised
landmarks. By regressing from multiple points it is not limited to integer pixel coordinates. While we
are not predicting landmarks as network output, we can emulate this method by allowing multiple
points in our object coordinate space to be predictive for a single ground truth landmark. We learn
one regressor per ground truth point, each formulated as a linear regressor R2M — R? on top of
coordinates from M = 50 learned intermediate points. This allows the regression to say which points
in Z are most useful for predicting each ground truth point.

We also report results after unsupervised finetuning of a CelebA network to the more challenging
AFLW followed by regressor training on AFLW. As shown in Tables 3 and 4, we outperform other
unsupervised methods on both datasets, and are comparable to fully supervised methods.

Network Unsup. Loss Error Error Method Error
Nearest | Regress RCPR [5] 11.6 %
SIMPLE Liog 75.02 % — Cascaded CNN [37] 8.97 %
SIMPLE Lais, vy =1 14.57 % | 7.94 % CFAN [45] 10.94 %
SIMPLE Laist,y=0.5 | 1329 % | 7.18 % TCDCN [49] 7.65 %
DILATIONS Liog 11.05% | 5.83 % RAR [42] 7.23 %
DILATIONS | Lgisi,y = 0.5 | 10.53 % | 5.87 % | Unsup. Landmarks [39] | 10.53 %
[39] 6.67 % || DILATIONS Lgis,y = 0.5 | 8.80 %
Table 3: Nearest neighbour and regression Table 4: Comparison with supervised and un-
landmark prediction on MAFL supervised methods on AFLW

5 Conclusions

Building on the idea of viewpoint factorization, we have introduce a new method that can endow
an object or object category with an invariant dense geometric embedding automatically, by simply
observing a large dataset of unlabelled images. Our learning framework combines in a novel way
the concept of equivariance with the one of distinctiveness. We have also proposed a concrete
implementation using novel losses to learn a deep dense image labeller. We have shown empirically
that the method can learn a consistent geometric embedding for a simple articulated synthetic robotic
arm as well as for a 3D sphere model and real faces. The resulting embeddings are invariant to
deformations and, importantly, to intra-category variations.
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Chapter 6

Modelling and unsupervised
learning of symmetric deformable
object categories

This work was accepted for Oral Presentation at the Conference on Neural Informa-
tion Processing Systems (NeurIPS), Montreal, 2018

This paper employs the framework introduced in Chapter 5 in order to tackle the
problem of discovering symmetries from a collection of images. Objects that are
intuitively symmetric rarely appear so in the image space, due to effects such as per-
spective and deformations. Instead of attempting to obtain the true underlying 3D
shape, we show that we can instead use the Object Frame idea in order to find sym-
metries in the space of object deformations. This allows us to learn a canonical space
where symmetries can be trivially represented. As before, learning is unsupervised
based on synthetically warped pairs. We show qualitatively the ability to recover
bilateral symmetry on human and animal faces, and quantitative results predicting
left-right correspondences. We also show examples of radial symmetry on a molecule
and flowers, which requires accounting for ambiguities. We introduce a theory of

symmetric deformations employing the formalism of group theory.
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Abstract

We propose a new approach to model and learn, without manual supervision, the
symmetries of natural objects, such as faces or flowers, given only images as input.
It is well known that objects that have a symmetric structure do not usually result in
symmetric images due to articulation and perspective effects. This is often tackled
by seeking the intrinsic symmetries of the underlying 3D shape, which is very
difficult to do when the latter cannot be recovered reliably from data. We show that,
if only raw images are given, it is possible to look instead for symmetries in the
space of object deformations. We can then learn symmetries from an unstructured
collection of images of the object as an extension of the recently-introduced object
frame representation, modified so that object symmetries reduce to the obvious
symmetry groups in the normalized space. We also show that our formulation
provides an explanation of the ambiguities that arise in recovering the pose of
symmetric objects from their shape or images and we provide a way of discounting
such ambiguities in learning.

1 Introduction

Most natural objects are symmetric: mammals have a bilateral symmetry, a glass is rotationally
symmetric, many flowers have a radial symmetry, etc. While such symmetries are easy to understand
for a human, it remains surprisingly challenging to develop algorithms that can reliably detect the
symmetries of visual object in images. The key difficulty is that objects that are structurally symmetric
do not generally result in symmetric images; in fact, the latter occurs only when the object is imaged
under special viewpoints and, for deformable objects, with a special poses (Leonardo’s Vitruvian
Man illustrates this point).

The standard approach to characterizing symmetries in objects is to look not at their images, but at
their 3D shape; if the latter is available, then symmetries can be recovered by analysing the intrinsic
geometry of the shape. However, often only images of the objects are available, and reconstructing an
accurate 3D shape from them can be very challenging, especially if the object is deformable.

In this paper, we thus seek a new approach to learn without supervision and from raw images alone
the symmetries of deformable object categories. This may sound difficult since even characterising
the basic geometry of natural objects without external supervision remains largely an open problem.
Nevertheless, we show that it is possible to extend the method of [38], which was recently introduced
to learn the “topology” of object categories, to do exactly this.

There are three key enabling factors in our approach. First, we do not consider symmetries of a single
object or 3D shape in isolation; instead, we seek symmetries shared by all the instances of the objects
in a given category, imaged under different viewing conditions and deformations. Second, rather than
considering the common concept of intrinsic symmetries, we propose to look at symmetries not of
3D shapes, but of the space of their deformations (section 4). Third, we show that the normalized
object frame of [38] can be learned in such a way that the deformation symmetries are represented by
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Figure 1: Symmetric object frame for human (left) and cat (right) faces (test set). Our method
learns a viewpoint and identity invariant geometric embedding which captures the symmetry of
natural objects (in this case bilateral) without manual supervision. Top: input images with the axis of
symmetry superimposed (shown in green). Middle: dense embedding mapped to colours. Bottom:
image pixels mapped to 3D representation space with the reflection plane (green).

the obvious symmetry groups in the object frame. The latter also result in a constraint that can be
easily added to the self-supervised formulation of [38] to learn symmetries in practice (section 3).

We start by deriving our formulation for the special case of bilateral symmetries (section 3). Then,
we propose a theory of symmetric deformation spaces (section 4) that generalises the method to other
symmetry groups. An important step in this generalization is to characterise the ambiguities that
symmetries induce in recovering the pose of an object from an image of it, or from its 3D shape,
which may not occur with bilateral symmetries.

The resulting approach is the first that, to our knowledge, can learn the symmetries of object categories
given only raw images as input, without manual annotations. For demonstration, we show that this
approach can learn the bilateral symmetry in human and pet faces (fig. 1) as well as in synthetic 3D
objects (section 6). To assess the method, we look at how well the resulting representation can detect
pairs of symmetric object landmarks (e.g. left and right eyes) even when the object does not appear
symmetric.

We also investigate the problem of symmetry-induced ambiguities in learning the geometry of natural
objects. For objects such as animals that have a bilateral symmetry, it is generally possible to uniquely
identify their left and right sides and thus recover their pose uniquely. On the other hand, for objects
such as flowers that may have a radial symmetry, it is generally impossible to say which way is
“up”, creating an ambiguity in pose recovery. Our framework clarifies why and when this occurs and
suggests how to modify the learning formulation to mitigate the effect of such ambiguities (sections 4
and 6.2).

2 Related work

Cross-instance object matching. Our method is also related to the techniques that find dense
correspondences between different object instances by matching their SIFT features [25], establishing
region correspondences [14, 15] and matching the internal representations of neural networks [24].
In addition, dense correspondences have been generalized between image pairs to arbitrary number
of multiple images by Learned-Miller [20]. More recently, RSA [32], Collection Flow [18] and
Mobahi et al. [28] show that a collection of images can be projected into a lower dimensional
subspace before performing a joint alignment among the projected images. Novotny et al. [30] train
a neural network with image labels that learns to automatically discover semantically meaningful
parts across animals.

Unsupervised learning of object structure. Supervised visual object characterization [6, 11, 21,
8, 10] is a well established problem in computer vision and successfully applied to facial landmark
detection and human body pose estimation. Unsupervised methods include Spatial Transformer
Networks [16] that learn to transform images to improve image classification, WarpNet [17] and geo-
metric matching networks [34] that learn to match object pairs by estimating relative transformations
between them. In contrast to ours, these methods do not learn a canonical object geometry and only
provide relative mapping from one object to another. More related to ours, Thewlis et al. [39, 38]
propose to characterize object structure via detecting landmarks [39] or dense labels [38] that are



Figure 2: Left: an object category consisting of two poses 7, 7’ with bilateral symmetry. Middle:
the non-rigid deformation ¢t = 7’/ o 7! transporting one pose into the other. Right: construction of
t = mmm ™7~ by applying the reflection operator m both in Euclidean space and in representation
space S2. This also shows that the symmetric pose 7' = mmm ! is the “conjugate” of 7.

consistent with object deformations and viewpoint changes. In fact, our method builds on [38] and
also learns a dense geometric embedding for objects, however, by using a different supervision
principle, symmetry.

Symmetry. Computational symmetry [22] has a long history in sciences and played an essential
role in several important discoveries including the theory of relativity [29], the double helix structure
of DNA [42]. Symmetry is shown to help grouping [19] and recognition [41] in human perception.
There is a vast body of computer vision literature dedicated to finding symmetries in images [26],
two dimensional [1] and three dimensional shapes [37]. Other axes of variations among symmetry
detection methods are whether we seek transformations to map the whole [33] or part of an object [12]
to itself; whether distances are measured in the extrinsic Euclidean space [1] or with respect to
an intrinsic metric of the surface [33]. In addition to symmetry detection, symmetry is also used
as prior information to improve object localization [4], text spotting [47], pose estimation [44] and
3D reconstruction [35]. Symmetry constraints been used to find objects in 3D point clouds [9, 40].
Symmetrization [27] can be used to warp meshes to a symmetric pose. Symmetry cues can be used
in segmentation [3, 5]. [2] learns representations that respect a group structure learned from data
symmetries.

3 Self-supervised learning of bilateral symmetries

In this section, we extend the approach of [38] to learn the bilateral symmetry of an object category.

Object frame. The key idea of [38] is to study 3D objects not via 3D reconstruction, which is
challenging, but by characterizing the correspondences between different 3D shapes of the object, up
to pose or intra-class variations.

In this model, an object category is a space II of homeomorphisms 7 : S — R3 that embed
the sphere S? into R>. Each possible shape of the object is obtained as the (mathematical) image
S = 7[S?] under a corresponding function = € II, which we therefore call a pose of the object
(different poses may result in the same shape). The correspondences between a pair of shapes
S = 7[S?] and S’ = 7'[S?] is then given by 7’ o 71, which is a bijective deformation of S into S’.

Next, we study how poses relate to images of the object. A (color) image is a function x : Q — R3
mapping pixels u € {2 to colors x,,. Suppose that x is the image of the object under pose ; then, a
point z € S? on the sphere projects to a point 7z € R? on the object surface S and the latter projects
to a pixel u = Proj(7z) € Q, where Proj is the camera projection operator.

The idea of [38] is to learn a function 1, (x) that “reverses” this process and, given a pixel u in image
x, recovers the corresponding point z on the sphere (so that Vu : u = Proj (mwi),,(x))). The intuition
is that z identifies a certain object landmark (e.g. the corner of the left eye in a face) and that the
function 1), (x) recovers which landmark lands at a certain pixel .

The way the function v, (x) is learned is by considering pairs of images x and x’ = ¢x related by a
known 2D deformation ¢ :  — € (where the warped image ¢x is given by (¢x),, = x;-1,,). In this
manner, pixels u and u’ = tu are images of the same object landmark and therefore must project
on the same sphere point. In formulas, and ignoring visibility effects and other complications, the
learned function must satisfy the invariance constraint:

Yu € Q: Yy (X) = P, (tx) (1)
In practice, triplets (x, X', t) are obtained by randomly sampling 2D warps t, assuming that the latter

approximate warps that could arise form an actual pose change 7’ o 7. In this manner, knowledge
of ¢ is automatic and the method can be used in an unsupervised setting.



Symmetric object frame. So far the object frame has been used to learn correspondences between
different object poses; here, we show that it can be used to establish auto-correspondences in order to
model object symmetries as well.

Consider in particular an object that has a bilateral symmetry. This symmetry is generated by a
reflection operator, say the function m : R? — R3 that flips the first axis:

b1 —P1

m: R3 — R3, po| —= | p2 |. )
3 D3

If S is a shape of a bilaterally-symmetric object, no matter how we align S to the symmetry plane, in

general m[S] # S due to object deformations. However, we can expect m/[S] to still be a valid shape

for the object. Consider the example of fig. 2 of a person with his/her right hand raised; if we apply
m to this shape, we obtain the shape of a person with the left hand raised, which is valid.

However, reasoning about shapes is insufficient to apply the object frame model; we require instead
to work with correspondences, encoded by poses. Unfortunately, even though m[S] is a valid shape,
m is not a valid correspondence as it flips the left and right sides of a person, which is not a “physical”
deformation (why this is important will be clearer later; intuitively it is the reason why we can tell
our left hand from the right by looking).

Our key intuition is that we can learn the pose representation in such a way that the correct corre-
spondences are trivially expressible there. Namely, assume that m applied to the sphere amounts
to swapping each left landmark of the object with its corresponding right counterpart. The correct
deformation ¢ that maps the “right arm raised” pose to the “left arm raised” pose can now be found
by applying m first in the normalized object frame (to swap left and right sides while leaving the
shape unchanged) and then again in 3D space (undoing the swap while actually deforming the shape).
This two-step process is visualised in fig. 2 right.

This derivation is captured by a simple change to constraint (1), encoding equivariance rather than
invariance w.r.t. the warp m:

Vu e Q: m¢u(X) = Ymu (mx) 3)

We will show that this simple variant of eq. (1) can be used to learn a representation of the bilateral
symmetry of the object category.

Learning formulation. We follow [38] and learn the model v, (x) by considering a dataset of
images x of a certain object category, modelling the function 1, (x) by a convolutional neural
network, and formulating learning as a Siamese configuration, combining constraints (3) and (1)
into a single loss. To avoid learning the trivial solution where 1),,(x) is the constant function, the
constraints are extended to capture not just invariance/equivariance but also distinctiveness (namely,
equalities (3) and (1) should not hold if w is replaced with a different pixel v in the left-hand side).
Following [38], this is captured probabilistically by the loss:

L(x,m,t) = /ﬂ lv — mtu|3p(v|u) dvdu, p(viu) = exXp(myu (%), Yo (mix))

J exp(mby(x), Yo (mix)) dw
The probability p(v|u) represents the model’s belief that pixel « in image x matches pixel v in image
mtx based on the learned embedding function; the latter is relaxed to span R rather than only S? to
allow the length of the embedding vectors to encode the belief strength (as shorter vectors results in
flatter distributions p(v|u)). For unsupervised training, warps ¢ ~ T are randomly sampled from a
fixed distribution 7" as in [38], whereas m is set to be either the identity or the reflection along the
first axis with 50% probability.

“4)

4 Theory

In the previous section, we have given a formulation for learning the bilateral symmetry of an object
category, relying mostly on an intuitive derivation. In this section, we develop the underlying theory
in a more rigorous manner (proofs can be found in the supplementary material), while clarifying
three important points: how to model symmetries other than the bilateral one, why symmetries such
as radial result in ambiguities in establishing correspondences and why this is usually not the case for
the bilateral symmetry, and what can be done to handle such ambiguities in the learning formulation
when they arise.
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Figure 3: Left: a set IT = {m, ..., 73} of four poses with rotational symmetry group H = {h* k =
0,1,2,3} where h is a rotation by 7/2. Note that none of the shapes is symmetric; rather, the object,
which stays “upright”, can deform in four symmetric ways. The shape of the object is then sufficient
to recover the pose uniquely. Middle: closure of the pose space II by rotations G = H. Now pose
can be recovered from shapes only up to the symmetry group H. Right: an equilateral triangle is
represented by a pose 7 invariant to conjugation by 60 degrees rotations (which are the “ordinary”
extrinsic symmetries of this object).

Symmetric pose spaces. A symmetry of a shape S C R? is often defined as an isometry! h :
R? — RR? that leaves the set invariant, i.e. h[S] = S. This definition is not very useful when dealing
with symmetric but deformable objects, as it works only for special poses (cf. the Vitruvian Man);
we require instead a definition of symmetry that is not pose dependent. A common approach is to
define intrinsic symmetries [33] as maps h : S — S that preserve the geodesic distance dg defined on
the surface of the object (i.e. Vp,q € S : ds(hp, hq) = ds(p, q)). This works because the geodesic
distance captures the intrinsic geometry of the shape, which is pose invariant (but elastic shape
deformations are still a problem); however, using this definition requires to accurately reconstruct the
3D shape of objects from images, which is very challenging.

In order to sidestep this difficulty, we propose to study the symmetry not of the 3D shapes of objects,
but rather of the space of their deformations. As discussed in section 3, such deformations are
captured as a whole by the pose space II. We define the symmetries of the pose space 11 as the subset
of linear isometries that leave II unchanged via conjugation:

HI) ={hcO@B): Vrell: hah™' €I A h~'zh € II}.

For example, in fig. 2 we have obtained the “left hand raised” pose 7’ from the “right hand raised”
pose via conjugation 7' = mam ™! via the reflection m (note that m = m™1).

Lemma 1. The set H(II) is a subgroup of O(3).

The symmetry group H (II) partitions II in equivalence classes of symmetric poses: two poses 7 and
7’ are symmetric, denoted 7 ~ g (i) 7', if, and only if, 7’ = hrh~! foran h € H(II). In fact:

Lemma 2. 7~y 7' is an equivalence relation on the space of poses I1.

Figure 3 shows an example of an object II that has four rotationally-symmetric poses H (II) =
{hFmoh=* k = 0,1,2,3} where h is a clockwise rotation of 90 degrees.

Motion-induced ambiguities. In the example of fig. 3, the object is pinned at the origin of R?
and cannot rotate (it can only be “upright”); in order to allow it to move around, we can extend the
pose space to II' = GTI by applying further transformations to the poses. For example, choosing
G = SE(3) to be the Euclidean group allows the object to move rigidly; fig. 3-middle shows an
example in which G = H(II) is the same group of four rotations as before, so the object is still
pinned at the origin but not necessarily upright.

Motions are important because they induce ambiguities in pose recover. We formalise this concept
next. First, we note that, if G contains H (II), extending IT by G preserves all the symmetries:

Lemma 3. If H(I1) C G, then H(IT) C H(GII).

Second, consider being given a shape S (intended as a subset of R?) and being tasked with recovering
the pose 7 € TI that generates .S = 7[S?]. Motions makes this recovery ambiguous:

Lemma 4. Let the pose space 11 be closed under a transformation group G, in the sense that
GIIL = IL. Then, if pose 7 € Il is a solution of the equation S = 7[S?| and if h € H(I1) N G, then
wh™ is another pose that solves the same equation.

'Le. Vp,q € R® : d(hp, hq) = d(p, q).



Lemma 4 does not necessarily provide a complete characterization of all the ambiguities in identifying
pose 7 from shape S; rather, it captures the ambiguities arising from the symmetry of the object and
its ability to move around in a certain manner. Nevertheless, it is possible for specific poses to result
in further ambiguities (e.g. consider a pose that deforms an object into a sphere).

In order to use the lemma to characterise ambiguities in pose recovery, given a pose space 11 one
must still find the space of possible motions G. We can take the latter to be the maximal subgroup
G* C SE(3) of rigid motions under which IT is closed?

4.1 Bilateral symmetry

Bilateral symmetries are generated by the reflection operator m of eq. (2): a pose space 11 has bilateral
symmetry if H(IT) = {1, m}, which induces pairs of symmetric poses 7’ = mmm ! as in fig. 2.

Even if poses IT are closed under rigid motions (i.e. G*II = II where G* = SE(3)), in this case there
is generally no ambiguity in recovering the object pose from its shape .S. The reason is that in lemma 4
one has G* N H(II) = {1} due to the fact that all transformations in G* are orientation-preserving
whereas m is not. This explains why it is possible to still distinguish left from right sides in most
bilaterally-symmetric objects despite symmetries and motions. However, this is not the case for other
types of symmetries such as radial.

Symmetry plane. Note that, given a pair of symmetric poses (7, 7’), 7’ = mmm ™1, the corre-
spondences between the underlying 3D shapes are given by the map m, : S — m[S], p+—
(mmm =17 =1)(p). For example, in fig. 2 this map sends the raised left hand of a person to the lowered
left hand in the symmetric pose. Of particular interest are the points where m, coincides with m as
they are on the “plane of symmetry”. In fact, let p = 7(z); then:

0
ma(p) =m(p) = mrmr i p)=m@p) = mlke) =z = z= {zz} Q)

z3

4.2 Extrinsic symmetries

Our formulation captures the standard notion of extrinsic (standard) symmetries as well. If H(S) =
{h € O(3) : h[S] = S} are the extrinsic symmetries of a geometric shape S (say regular pyramid),
we can parametrize S using a single pose IT = {m} that: (i) generates the shape (S = m[S?]) and
(ii) has the same symmetries as the latter (H (IT1) = H(.9)).

In this case, the pose g is self-conjugate, in the sense that 7y = hmoh~! for all h € H(II).
Furthermore, given S it is obviously possible to recover the pose uniquely (since there is only
one element in II); however, as before ambiguities arise by augmenting poses via rigid motions
G = SE(3). In this case, due to lemma 4, if g7 is a possible pose of S, so must be gmoh~1. We
can rewrite the latter as (gh~!)(hmoh~t) = (gh~!)mo, which shows that the ambiguous poses are
obtained via selected rigid motions gh ! of the reference pose .

5 Learning with ambiguities

In section 3 we have explained how the learning formulation of [38] can be extended in order to
learn objects with a bilateral symmetry. The latter is an example where symmetries do not induce an
ambiguities in the recovery of the object’s pose (the reason is given in section 4.1). Now we consider
the case in which symmetries induce a genuine ambiguity in pose recovery.

Recall that ambiguities arise from a non-empty intersection of object symmetries H (II) and object
motions G* (section 4). A typical example may be an object with a finite rotational symmetry group
(fig. 3). In this case, it is not possible to recover the object pose uniquely from an image, which in
turn suggests that 1, (x) cannot be learned using the formulation of section 3.

?Being maximal means that G*IT = G* A GII = G = G C G*. The maximal group can be constructed as
G* = (G C SE(3) : GII = II) , where C denotes a subgroup and (-) the generated subgroup. This definition is
well posed: the generated group G™ contains all the other subgroups G so it is maximal; furthermore G*II = II
because, for any pose m € II and finite combination of other group elements, g7'* ... g, " € II.
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(a) Pixel error when using the re-
flected descriptor from the left eye
or left mouth corner to locate its
counterpart on the right side of
the face, across 200 images from
CelebA (MAFL test subset)
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(b) Visualisation of fig. 4a.

+: ground truth. o, e: [38] with
no learned symmetry. o, e: [38]
with mirroring around the plane
estimated using annotations.

Target

Our method. Where o, e is eye,

mouth respectively
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(c) Difference between us (left)
and [38] (right). We learn an axis
aligned frame symmetric around
a plane (green), [38] has arbitrary
rotation and no guaranteed sym-
metry plane. But we can estimate
a plane using annotations (cyan).

Figure 4: Comparing object frames
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Figure 5: Bilateral symmetry of animal faces. The discovered plane of symmetry is shown in green.
Top: Inputs, Middle: Colour mapping, Bottom: Embedding (sphere) space

We propose to address this problem by relaxing loss (4) in order to discount the ambiguity as follows:

exp(hiby (), 1y (tx))
f exp hd}u (X) (2 (tX)> dw

This loss allows 1),,(x) to estimate the embedding vector z € S? (or z € R?) up to an unknown
transformation h.

Ly (%, t)— mln /||v—tu||2ph(v|u)clvclu7 pr(v|u) = (6)

6 Experiments

We now validate empirically our formulation. To ensure that we have a fair comparison to [38],
who introduced learning formulation (4) which our approach extends, we use the same network
architecture and hyperparameter values (e.g. v = 0.5 in eq. (4)). We show that our extension
successfully recovers the symmetric structure of bilateral objects (section 6.1) as well as allowing to
manage ambiguities arising from symmetries in learning such structures (section 6.2).

6.1 Learning objects with bilateral symmetry

In this section, we apply the learning formulation (4) to objects with a bilateral symmetry. Due to the
structure imposed on the embedding function by eq. (3), we expect the symmetry plane of the object
to be mapped to the plane z; = 0 in the embedding space (section 4.1). Once the model is learned,
this locus can be projected back to an image for visualisation and qualitative assessment. We also test
quantitatively the accuracy of the learned geometric embedding in localising object landmarks and
their symmetric counterparts.

Faces. We evaluate the proposed formulation on faces of humans and animals, which have limited
out-of-plane rotations. For humans we use the CelebA [23] face dataset, with over 200K images. We
use an identical setup to [38, 39], training on 162K images and employing the MAFL [46] subset
of 1000 images as a validation set. For cats we use the Cat Head dataset [45], with 8609 training
images. We also combine multiple animals in the same training set, with Animal Faces dataset [36]
(20 animal classes, about 100 images per class). We exclude birds and elephants since these images
have a significantly different appearance, and add additional cat, dog and human faces [45, 31, 23]
(but keep roughly the same distribution of animal classes per batch as the original dataset).



In all cases, we do not use any manual annotation; instead, we use learning formulation (4) using the
same synthetic transformations ¢ ~ 7 as [38]. Additionally, with 50% probability we also apply a
left-to-right flip m to both the image and the embedding space, as prescribed by eq. (4).

Results (figs. 1 and 5) show that our method, like [38], learns a geometric embedding of the object
invariant to viewpoint and intra-category changes. In addition, our new formulation localises the
intrinsic bilateral symmetry plane in the face images and maps it to a plane of reflection in the
embedding space. We note that images are embedded symmetrically with respect to the plane (shown
in green in fig. 1, bottom row). The plane can also be projected back to the image and, as predicted
by eq. (5), corresponds to our intuitive notion of symmetry plane in faces (fig. 1, top row). Importantly,
symmetry here is a statistical concept that applies to the category as a whole; specific face instances
need not be nor appear symmetric — the latter in particular means that faces need not be imaged
fronto-parallel for the method to capture their symmetry.

To evaluate the learned symmetry quantitatively we use manual annotations (eyes, mouth corners) to
verify if the representation can transport landmarks to their symmetric counterparts. In particular, we
take landmarks on the left side of the face (e.g. left eye), use m (eq. (3)) to mirror their embedding
vectors, backproject those to the image, and compare the resulting positions to the ground-truth
symmetric landmark locations (e.g. right eye). We report the measured pixel error in fig. 4a. As a
baseline, we replace our embedding function with the one from [38] which results in much higher
error. This is however expected as the mapping m has no particular meaning in this embedding
space; for a fairer comparison, we then explicitly estimate an ad-hoc plane of symmetry defined by
the nose, mean of the eyes, and mean of the mouth corners, using 200 training images. This still
gives higher error than our method, showing that enforcing symmetry during training leads to a better
representation of symmetric objects.

In terms of the accuracy of the geometric embedding as such, we evaluate
simply matching annotations between different images and obtain similar
error to the embedding of [38] (ours 2.60, theirs 2.59 pixel error on 200
pairs of faces, and both 1.63 error for when the second image is a warped
version of the first). Hence representing symmetries does not harm geometric
accuracy.
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We also examine the influence of the synthetic warp intensity, in fig. 6 we
train for 5 epochs scaling the original control point parameters by a factor,
indicating we are around the sweet spot and unnatural excessive warping is
harmful.

w
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Figure 6: Varying
Synthetic 3D car model. A challenging problem is capturing bilateral warp intensity
symmetry across out-of-plane rotations. We use a 3D car, animated with
random motion [13] for 30K frames. The heading follows a random walk,
eventually rotating 360° out of plane. Translation, pitch and roll are sinusoidal. The back of the car is
red to easily distinguish from the front. We use consecutive frames for training, with the ground truth
optical flow used for ¢ and image size 75 x 75. The loss ignores pixels with flow smaller than 0.001,
preventing confusion with the solid background. Figure 8 depicts examples from this dataset. Unlike
CelebA, the cars are rendered from significantly different views, but our method can successfully
localize the bilateral axis accurately.

Synthetic robot arm model.
We trained our model on videos of
a left-right pair of robotics arms,
extending the setup of [38] to a
system of two arms.

Figure 7 shows the discovered sym- Figure 7: Symmetry in a pair of toy robotics arms

metry by joining corresponding

points in a few video frames. Note that symmetries are learned automatically from raw videos
and ground truth optical flow alone. Note also that none of the images is symmetric in the trivial
left-right flip sense due to the object deformations.
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Figure 8: Bilateral symmetry on synthetic car images, Top: Input images with the axis of symmetry
superimposed (shown in green), Bottom: Image pixels mapped to 3D with the reflection plane (green)
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Figure 9: Rotational symmetry on protein. Top: Frames, found center of symmetry red. Middle:
Colorized object frame, a different colouring is assigned to each leg despite ambiguity. Bottom:
Embedding in 3D, it learns to be symmetric around an axis (red). Last column: Without relaxed loss.

6.2 Rotational symmetry

We create an example based on 3-fold rotational symmetry in nature, the Clathrin protein [43]. We
use the protein mesh® and animate it as a soft body in a physics engine [13, 7], generating 200
400-frame sequences. For each we vary the camera rotation, lighting, mesh smoothing and position.
The protein is anchored at its centre. We vary the gravity vector to produce varied motion.

We train using the relaxed loss in eq. (6), where H (II) corresponds to rotating our sphere 0°, 120° or
240°. The mapping then need only be learned up to this rotational ambiguity. As shown in fig. 9, this
maps the protein images onto a canonical position which has rotational symmetry around the chosen
axis, whereas without the relaxed loss the object frame is not aligned and symmetrical.

We also show results for rotational symmetry in real images, using flower class Stapelia from
ImageNet in fig. 10 which has 5-fold rotational symmetry.

7 Conclusions

In this paper we have developed a new model of the symmetries of deformable object categories.
The main advantage of this approach is that it is flexible and robust enough that it supports learning
symmetric objects in an unsupervised manner, from raw images, despite variable viewpoint, defor-
mations, and intra-class variations. We have also characterised ambiguities in pose recovery caused
by symmetries and developed a learning formulation that can handle them. Our contributions have
been validated empirically, showing that we can learn to represent symmetries robustly on a variety
of object categories, while retaining the accuracy of the learned geometric embedding compared to
previous approaches.

Shttps://www.rcsb.org/structure/3LVG
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Figure 10: Rotational symmetry on Stapelia flower. Superimposed in green, projection into the
image of a set of half-planes 72° apart in the sphere space. In red, predicted axis of rotational
symmetry.
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Supplementary Material: Modelling and unsupervised learning of symmetric
deformable object categories

We show additional qualitative results learning bilateral symmetry on several datasets. Firstly, we try
a more challenging setting of the CelebA dataset, by applying rotations with standard deviation of
30 degrees and translations with standard deviation 20% of image width. As shown in fig. 11, our
method remains able to learn and recover the axis of symmetry under these conditions.

Secondly, we use an exercise dataset of human pose'. Here (fig. 12) the symmetry is recovered
accurately with upright pose and certain deformations, but fails in extreme cases.

Finally, we attempt to learn bilateral symmetry on cars, using the CompCars dataset>. We observe
that, although the symmetry is recovered with frontal images, the plane through the middle of the car
seen from side is mistakenly thought to be a symmetry. This is understandable, since we train only
using synthetic warps of the same image, so it hard to build up a globally consistent frame. Similarly,
the front and back of the car are not disambiguated from each other.
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Figure 11: CelebA trained with large distortions
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Figure 13: Bilateral symmetry on cars

'Xue, Tianfan and Wu, Jiajun and Bouman, Katherine L and Freeman, William T. Visual Dynamics:
Probabilistic Future Frame Synthesis via Cross Convolutional Networks. In NIPS 2016.

“Linjie Yang, Ping Luo, Chen Change Loy, Xiaoou Tang. A Large-Scale Car Dataset for Fine-Grained
Categorization and Verification, In CVPR 2015
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A Proofs for Section 4 (Theory)
Lemma 1. The set H(II) is a subgroup of O(3).

Proof. First, note that, since O(3) is the space of extrinsic symmetries of the sphere S?, then
S? = hS? = h~!S2. This means that the function composition hrh ™" is well defined. Furthermore,
the identity map h = 1 is clearly included in H(II), which is therefore not empty. The set is
also closed under composition: if hq,hy € H(II), then using associativity (hih2)m(hih) ™! =
hi(homhy )hy* shows that hihy € H(TI). It is also closed under inversion: if h € H(II), then
h=t € H(II) due to the symmetry in the definition. O

Lemma 2. 7 ~ g 7' is an equivalence relation on the space of poses I1.

Proof. The relation is reflexive because H (II) is a group and thus contain the identity element. It
is symmetric because 7’ = hth~! = m = h™!a’h and h=! € H(II) as a group is closed under
inversion. It is transitive because if 7"/ = hgﬂ'/hz_l and ' = h17Th1_1 where hq, ho € H(II), then
7" = han'hyt = ho(himhy Y )hy b = (hohy)m(hahy)—1 since hohy € H(IT) as a transformation
group is closed under composition. O

Lemma 3. If H(II) C G, then H(II) C H(GII).

Proof. Let h € H(II); we need to show that h € H(GII). To this end, consider the map r =
hgh~tg—!. We have

rg(hmh™") = h(gm)h™! (7
By definition, hrh~! € II. Furthermore, since H(II) C G, then rg = hgh™! € G. Hence we
conclude that h(gm)h ™" is contained in GII. O

Lemma 4. Let the pose space 11 be closed under a transformation group G, in the sense that
GTI = IL. Then, if pose 7 € 1l is a solution of the equation S = 7[S?| and if h € H(I1) N G, then
wh™! is another pose that solves the same equation.

Proof. First, note that the composition 7h ! is always well posed since is any orthogonal transfor-
mation = € O(3). Hence the range h~'S? of h~! is the same as the domain S? of 7. For the same
reason, th~'S? = 7S? = S have the same shape. To conclude the proof, it remains to show that
7h~1 € I To this end, note that th~! = h=t(hmh~1) = h=1x’. Since h € H(II), the map 7’
belongs to II by definition of H (II). Since h € G too, since I1 is closed to the action of G, the map
h~17’ belongs to II as well. O
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Chapter 7

Unsupervised Discovery of Dense
Landmarks via Compression of
Distinctive Invariant Embeddings

This paper explores the relationship between the low-dimensional semantic embed-
dings presented in Chapter 5 and more general, high-dimensional SIFT-style descrip-
tors. In particular, we put forward the idea that there is a previously unexplored
duality between the two concepts. Our insight is that the generalisation obtained in
Chapter 5 functions by constraining the capacity of the embedding (along with the
dataset containing a single category). Based on this insight we develop a method to
constrain embedding capacity, without having to make the sacrifice of low dimension-
ality. These high-dimensional, semantic descriptors are then good at both accurate
matching and locating semantic concepts (eyes, nose, etc.). We show quantitatively
that the learned embeddings can be used to accurately regress annotated landmarks,

and we show qualitative results matching analogous parts across animals.
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Abstract. Recent works have shown that detectors of object landmarks,
such as eyes and mouth in faces, emerge without manual supervision by
training pixel embeddings that are distinctive and invariant to image de-
formations. Usually, however, invariance and distinctiveness have been
used as defining properties not of landmarks, but of descriptors for im-
age matching. In this paper, we examine more closely this notion and
establish for the first time an explicit connection between landmarks
and descriptors. We show in particular that landmarks emerge as a limit
case of image descriptors as the capacity of the learned embedding is
progressively reduced, achieving better generalization to cross-instance
appearance variations. We use this insight to propose a new formula-
tion for learning landmarks with no manual supervision. The method
is based on the concept of embedding volume compression, where em-
beddings arising from different object instances are encouraged to share
the same, small volume of embedding space. We obtain in this manner
embeddings that can be simultaneously interpreted as patch descriptors,
achieving excellent performance at the task of matching different views
of the same object, as well as landmarks, identifying object points con-
sistent for an entire object category.

1 Introduction

In this work, we are interested in the problem of learning in an unsupervised
manner the structure of object categories such as human or even animal faces.
As commonly done in image understanding, we reduce this to the problem to
establishing meaningful correspondences between different images of the objects.

There are two traditional approaches to establish image correspondences. The
first is to extract and match descriptors that capture the distinctive appearance
of local image patches in a manner which is invariant to nuisance factors such as
a viewpoint change. The second is to detect object landmarks, i.e. occurrences
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Fig. 1. Visualizations of unsupervised landmark embeddings learned using the pro-
posed EVC method. Left: an average face® with a grid of pixels selected. Middle:
learned pixel embeddings are sampled from a grid overlaid to an average face image is
replaced by a random patch with a similar embedding vector: despite intra-class vari-
ations, all substitutions are geometrically sound. Right: without EVC the embedding
does not bridge intra-class variations properly.

of characteristic points such as the nose or mouth in a face which are valid for
all images of an object category.

Descriptors and landmarks are often thought to be different and complemen-
tary notions. Usually, landmarks are used to identify geometrically stable points
in images and descriptors to characterise their appearance. For instance, in face
verification one may compute descriptors of landmarks such as the nose and the
eyes of a person to describe identity. Interest point detectors such Harris corners
can also be thought of as a type of landmark detectors which, combined with
descriptors such as SIFT [1], can be used to match generic images.

In all such examples, descriptors are computed on top of landmarks. Here,
we show that reversing this relationship allows one to interpret landmarks as a
special case of image descriptors instead.

In order to do this, note as in [2] that the landmarks of an object category
can be indexed by the unit sphere® S%. For example, fig. 2 shows three sphere
points denoting the left eye, nose and mouth corner in human faces. A land-
mark detector can then be thought of as a function mapping each image pixel
to its corresponding landmark label in the spherical embedding. The authors
of [2] show that learning an embedding function which is invariant to image
deformations and distinctive for different pixels is sufficient to learn meaningful
landmarks automatically, without manual supervision. Remarkably, the resulting
landmarks are robust to cross-instance object variations.

Here, we note that a very similar approach has often been used not to learn
landmarks, but local image descriptors. In image matching, in fact, it is common
to characterise the appearance of a region around each pixel by mapping them to
descriptor vectors in an embedding space €. Like the landmark detector function,

4 Average face from www.beautycheck.de/cmsms/index.php/durchschnittsgesichter
® As a sphere is topologically equivalent to all connected 3D surfaces without holes
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Fig. 2. Descriptors-landmarks duality. A deep neural network computes a hierar-
chy of dense image descriptors in a hierarchy of neural network embeddings &1, &2, . ..
of decreasing dimensionality and increasing abstraction. All embeddings are distinc-
tive and invariant, but moving from left to right the lower embedding capacity induces
cross-instance alignment between descriptors, until landmarks are learned. We propose
a new technique called embedding volume compression (EVC) that allows to control
capacity directly in a high-dimensional embedding space. The effects is to shrink the
dashed ellipses, collapsing embeddings for corresponding landmarks.

this descriptor function must be invariant and distinctive [1, 3] so that pixels in
different images can be matched by comparing their descriptors.

We have thus shown that both landmark detectors and descriptor extractors
can be characterised as distinctive and invariant pixel embedding functions; if
so, what is the difference between them? The answer is in the generalization
properties of the embedding. Namely, each landmark embedding is valid for all
instances of a given object category, whereas a descriptor embedding is valid
across a much more limited set of image variations.® The key insight of [2] is
that generalization can be achieved by explicitly constraining the capacity of the
embedding space while learning the embedding; by considering the sphere, they
in fact set £ = S? to be a 2D manifold, whereas descriptor vectors normally
use many more dimensions (128D for SIFT). Constraining the capacity in this
manner forces the learned embedding function to map similar structures such as
the mouth in different faces to the same embedding vector.

This insight is particularly interesting when embeddings are computed by a
neural network such as the one of fig. 2. The network in fact produces a hierarchy
of embeddings &1,&>, ... which, from left to right, increase in abstraction. For
the intermediate layers, embeddings are relatively high-dimensional and high-
capacity; therefore, they may match points in similar objects well, but may
still fail to align points in object instances that differ more. Moving to the last
spherical embedding at the end of the network, however, creates a bottleneck

5 On the other hand, landmarks make sense for a specific category of objects, whereas
descriptors may be used for generic image matching as well — generality here refers
to the variation between pair of images, not the type of images to which embeddings
are applied.
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that encourages descriptors to align across object instances, which, as explained
before, results in landmarks.

Once the importance of the bottleneck in learning landmarks is understood,
constructions alternative to the spherical embedding are apparent. Our key tech-
nical contribution is to propose an approach for controlling the embedding ca-
pacity which is better than fixing the dimensionality of the embedding space as
done by [4,2]. Our approach is to consider instead a high-dimensional embed-
ding space and control its capacity using a new technique that we call embedding
volume compression (section 3). The latter builds on the idea that the set of em-
bedding vectors extracted from any instance of the same object category should
be overall the same and hence interchangeable for the purpose of matching. We
show how this constraint can be formulated as a natural extension of [2]. Empir-
ically (fig. 1 and section 4), we show that the key advantage of this formulation
is that it produces embedding vectors that simultaneously work well as instance-
specific image descriptors and intra-category landmarks, capturing in a single
representation the advantages of both descriptors and landmarks, and validating
our intuition.

2 Related work

General image matching. Image matching based on local features has been
an extensively studied problem in the literature with applications to wide-baseline
stereo matching [5] and image retrieval [6]. The generic pipeline contains the fol-
lowing steps: i) detecting a sparse set of interest points [7] that are covariant
with a class of transformations, ii) extracting local descriptors (e.g. [8,9]) at
these points that are invariant to viewpoint and illumination changes, and iii)
matching the nearest neighbour descriptors across images with an optional geo-
metric verification. While the majority of the image matching methods rely on
hand-crafted detectors and descriptors, recent work show that CNN-based mod-
els can successfully be trained to detect covariant detectors [10] and invariant
descriptors [3,11]. We build our method on similar principles, covariance and
invariance, but with an important difference that it can learn intrinsic features
for object categories in contrast to generic ones.

Cross-instance object matching. The SIFT Flow method [12] extends the
problem of finding dense correspondences between same object instances to dif-
ferent instances by matching their SIFT features [8] in a variational framework.
This work is further improved by using multi-scale patches [13], establishing
region correspondences [14] and replacing SIFT features with CNN ones [15].
In addition, Learned-Miller [16] generalises the dense correspondences between
image pairs to arbitrary number of multiple images by continuously warping
each image via a parametric transformation. RSA [17], Collection Flow [18] and
Mobahi et al. [19] project a collection of images into a lower dimensional sub-
space and perform a joint alignment among the projected images. Anchornet [20]
learns semantically meaningful parts across categories, although is trained with
image labels.
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Transitivity. The use of transitivity to regularise structured data has been
proposed by several authors [21-24] in the literature. Earlier examples [21, 22]
employ this principle to achieve forward-backward consistency in object track-
ing and to identify inconsistent geometric relations in structure from motion
respectively. Zhou et al. [23,24] enforce a geometric consistency to jointly align
image sets or supervise deep neural networks in dense semantic alignment by
establishing a cycle between each image pair and a 3D CAD model. Our method
also builds on the same general principle of transitivity, however, ours operates
in the space of appearance embedding in contrast to verification of subsequent
image warps to a composition.

Unsupervised learning of object structure. Visual object characterisa-
tion (e.g. [25-29]) has a long history in computer vision with extensive work in
facial landmark detection and human body pose estimation. A recent unsuper-
vised method that can learn geometric transformations to optimise classification
accuracy is the spatial transformer network [30]. However, this method does
not learn any explicit object geometry. Similarly, WarpNet [31] and geometric
matching networks [32] train neural networks to predict relative transformations
between image pairs. These methods are limited to perform only on image pairs
and do not learn an invariant geometric embedding for the object. Most related
to our work, a recent work [4] characterises objects by learning landmarks that
are consistent with geometric transformations without any manual supervision.
The same authors extended [4] to extract a dense set of landmarks by projecting
the raw pixels on a surface of a sphere in [2]. Similar work [33] leverages frame-
to-frame correspondence using Dynamic Fusion [34] as supervision to learn a
dense labelling for human images. We build our method on these methods and
further extend them in significant ways. First we manage to learn more ver-
satile descriptors that can encode both generic and object-specific landmarks
and show that we can gradually learn to move from generic to specific ones.
Second we improve the cross-instance generalisation ability by better regularis-
ing the embedding space with the use of transitivity. Finally, we show that our
method both qualitatively and quantitatively outperforms [4,2] in facial land-
mark detection (section 4). A recent work [35] proposes an autoencoder model
that automatically discovers landmark coordinates and reconstruct the input
image conditioned on them. We compare our method to this work in section 4.

3 Method

This section starts by reviewing and reinterpreting the approach of [2] for learn-
ing unsupervised object landmarks, connecting it to the general problem of
learning distinctive and invariant embedding functions (section 3.1). It then in-
troduces our extension to control the capacity the embedding space, merging de-
scription extraction and landmark detection in a single framework (section 3.2).
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3.1 Learning distinctive invariant embeddings

Denote by x € RT*XWx3 an image of an object, by (2 the H x W lattice forming
its domain, and by u € {2 an image pixel. In order to recognize the “structure”
of the object, consider the problem of mapping pixels u to codes z,, = ®,,(x) € £
that identify characteristic points of the object. In [2], the embedding space
& = S? is a sphere, as this is sufficient to index all possible landmarks of any
object whose shape is a connected surface without holes.

The authors of [2] propose a method to learn the map @ in an unsupervised
manner, using only a dataset X = {x1,...,x,} of images of a certain object
instance or category. They do so by noticing the learned embeddings should be
invariant to geometric warps g of the image. Namely, if gx acts on the image
x by deforming its domain,” then the label z, = &,(x) assigned to pixel u
of image x must be the same as label zg, = P4, (gx) assigned to pixel gu of
the deformed image gx. This is because, by construction, pixels v and gu land
on the same object point, and thus should be mapped to the same landmark
embedding vector. However, this constraint can be trivially satisfied by mapping
all pixels to any fixed embedding value, such as the null vector. Hence, one must
also make sure that embeddings are informative. The latter can be obtained
by enforcing that different pixels are mapped to different embedding vectors
(formally, @,,(x) = &,(9x) < v = gu). We succinctly call the latter property
distinctive invariance.

The authors of [2] show that the map @ can be trained by enforcing dis-
tinctive invariance for a collection of example images x € X of an object and
corresponding synthetic warps gx obtained by applying to these random defor-
mations. Such warps are in fact a proxy to naturally-occurring transformations,
as may be induced by a viewpoint change or an object deformation and, since
they are synthetic, come with knowledge of the ground-truth correspondence g.

As a concrete formulation of this idea, given images x and x’, define the
probability of pixel v in image x matching pixel v in image x’ by normalizing
the embedding similarity (@, (x), P, (x")):

(B ()8, (x))
T @t o (1)
Qe u yFw w

pv|u; ®,%,x') =

Given a warp g : u — v, we can then enforce distinctive invariance by minimizing
the loss:

1
L(P;x,x',g) = ﬁ /Q lv — gu|| p(v|u; ®) du dv (2)

where ||[v — w|| is a suitable distance between pixel coordinates. In order to
understand this loss, note that £(®;x,x’, g) = 0 if, and only if, for each pixel u €
{2, the matching probability p(v|u; @, x,x’) puts all its mass on the corresponding
pixel gu. Thus minimizing this loss encourages p(v|u; @, x, X’) to establish correct
deterministic correspondences.

" Here gx denotes the image (gx). = x,-1,, obtain by inverse warping.

g
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Fig. 3. Embedding volume compression. We learn a dense embedding &, (x) € R?
of image pixels. The embedding is learned from pairs of images (x,x’) related by a
known warp v = g(u). Left: the approach of [2] directly matches embedding @, (x)
from the left image to embeddings @,(x’) in the right image. Right: our approach
replaces &, (x) from its reconstruction &, (x|x,) obtained from the embeddings in a
third auxiliary image x.. Importantly, the correspondence with x, does not need to
be known.

Following [2], learning amounts to optimizeing a Siamese neural network
architecture, where x is randomly sampled for a set of example images X, g
from a set of synthetic warps G, and the Siamese embedding functions ¢(x) and
&(gx) are compared based on the loss (2) averaged over such samples.

3.2 Controlling the capacity via embedding volume compression

As suggested above, minimizing eq. (2) should result in embeddings that cor-
rectly match a certain image x up to deformations. The authors of [2] found
that the learned embeddings do much more: they correctly align different object
instances, despite the fact that this is not explicitly enforced in training. This
is imputed to the generalization capability of deep networks and, most impor-
tantly, to the fact that the embedding space S? is very low dimensional which,
as discussed above, encourages embeddings for different objects to merge and
align.

More specifically, the embedding space used in [2] is & = R3, interpreted as
a relaxation of the sphere S?, where the norm of vectors is used to modulate
the peakedness and hence the certainty expressed by probability (1). However,
other embedding spaces can also be considered. Here we propose to pick £ to be
the d-dimensional Euclidean space R? where d > 3 and propose an alternative
approach to control capacity.

A possibility, close in spirit to [2], is to encourage empirical samples {®,(x) :
u € 2,x € X} of the embedding to span a low-dimensional subspace of £.
However, such an approach may unduly compress information which is relevant
for discriminating different object points and may not properly discard irrele-
vant instance-specific appearance information, which may prevent the embed-
ding from correctly establishing intra-class correspondences. We address these
issues by considering an alternative approach, which we call embedding volume
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compression (EVC), that encourages the sets of embedding vectors extracted
from two or more images to be the same on the whole.

In more detail, let (x,x’,g) a warped image pair. Furthermore, let x,, be an
auziliary image, containing an object of the same category as the pair (x,x’),
but not necessarily the same instance as (x,x’). If the embedding function &,,(x)
correctly removes irrelevant differences between object instances, then, up to
visibility issues, the set of embedding vectors {@,(x) : v € 2} and {P,(x4) :
u € 2} should be the same.

Rather than imposing this set equality constraint explicitly as an additional
loss term with a corresponding tunable weight, however, we incorporate it as a
natural extension of the loss function (2). The idea is to take the embedding vec-
tor @, (x) extracted from image x and replace it in loss (2) with a reconstruction
of it obtained using embeddings from the auziliary image Xg,.

In order to obtain such a reconstruction, we start by matching pixels in the
source image x to pixels in the auxiliary image x, by using the probability
p(v]u; D, x,%,) computed according to eq. (1). Then, we reconstruct the source
embedding &, (x) as the weighted average of the embeddings &,(x,) in the
auxiliary image, as follows:

D, (x|x4) = /@v(xa)p(vw;@,x,xa)dv. (3)
Once @u is computed, we use it to establish correspondences between x and x/,
using eq. (1) as before. This results in the matching probability:
e<§u(x‘xa)v¢v(x/)>

fn e{®Bu (x[%0),80 (X)) dap

pv|u; D, %,%', %4) = (4)
This matching probability can be used in the same loss function (2) as before,
with the only difference that now each sample depends on x,x’ as well as the
auxiliary image X,

While this may seem a round-about way of learning correspondences, it has
two key benefits: as eq. (2), it encourages embedding vectors to be invariant and
distinctive; in addition to eq. (2), it also requires embedding vectors to be com-
patible between different object instances. In fact, without such a compatibility,
the reconstruction (3) would result in a blurry, unmatchable embedding. This
has the important effect of controlling the effective capacity of the embedding
space, compressing it along irrelevant intra-category variations. Note that the
original formulation of [2] lacks the ability to enforce such a constraint directly.

Relation to cycle consistency. Our approach, involving triplets of images,
may on the surface seem related to approaches that enforce cycle consistency [36,
37,23, 24] for image matching. However, the similarity is limited. While cycle
consistency is a form of geometric verification that tests the compatibility of
a chain of image warps with respect to composition, our method works in the
space of appearance descriptors, requiring the latter to be the same for differ-
ent instances. In particular, we do not test consistency against composition of
transformations and, arguably, the two techniques could be combined.
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3.3 Relaxation using auxiliary image sets

A potential issue with eq. (4) is that, while image x’ can be obtained from x
by a synthetic warp so that all pixels can be matched, image x,, is only weakly
related to the two. For example, partial occlusions or out of plane rotations may
cause some of all the pixels in x to not have corresponding pixels in x,,.

In order to overcome this challenge, we take inspiration from the recent
method of [38] and consider not one, but a small set {xo : @ € A} of auxil-
iary image. Then, the summation in eq. (3) is extended not just over spatial
locations, but also over images in this set. The intuition is that, as long as at
least one image in the auxiliary image set matches x sufficiently well then the
reconstruction will be reliable.

4 Experiments

Using datasets of human faces (section 4.1), animal faces (section 4.2) and a toy
robotic arm (section 4.3), we demonstrate the effectiveness of our EVC technique
in two ways. First, we show that the learned embeddings work well as visual
descriptors, matching reliably different views of an object instance. Second, we
show that they also identify a dense family of object landmarks, valid not for
one, but for all object instances in the same category. Note that, while the first
property is in common with traditional and learned descriptor in the spirit of
SIFT, the second clearly sets our embeddings apart from these.

Implementation details. In order to allow for a fair comparison with the
literature, in all experiments we adopt the same deep neural network architecture
of [4]. This architecture contains seven convolutional layers with 20, 48, 64, 80,
256, and C filters, where C' = 3 for the spherical embedding of [4] and C' = 64 for
our high-dimensional embedding. A dilation factor of 2, 4, 2 is used in the 2nd,
3rd, 4th layers respectively. All but the last convolutional layers are followed
by batch normalisation and ReLU. Features are downsampled after the first
convolutional layer using a 2 X 2 max pooling layer with a stride of 2. As a
result, if the input size is H x W x 3, then the output size is % X % x C. The
weights of the model are initialised with random Gaussian noise and the model
is learnt from scratch by using the Adam optimiser [39].

4.1 Human faces

First, we consider two standard benchmark datasets of human faces: CelebA [40]
and MAFL [41], which is a subset of the former. The CelebA [40] dataset contains
over 200k faces of celebrities; we use the former for training and evaluate on the
smaller MAFL [41] (19,000 train images, 1,000 test images) as the latter provides
annotations for the eyes, nose and mouth corners. For training, we follow the
same procedure used by [2] and exclude any image in the CelebA training set
that is also contained in the MAFL test set. Note that we use MAFL annotations
only for evaluation and never for training of the embedding function.
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Embedding Same identity Different identity

dimension 2] + EVC 2] + EVC
3 1.59 1.47 2.61 2.48
16 1.28 1.26 6.95 2.18
32 1.20 1.23 6.69 2.21

Table 1. Pixel error matching annotated landmarks across 200 pairs of images from
CelebA (MAFL test subset).

We use formulation (4) to learn a dense embedding function ¢ mapping
an image x to C-dimensional pixel embeddings, as explained above. Note that
loss (2) requires sampling transformations g € §; in order to allow a direct
comparison with [2], we use the same random Thin Plate Spline (TPS) warps
as they use, obtaining warped pairs (x,x’ = ¢gx); we also sample at random one
or more auxiliary images x, from the training set in order to implement EVC.

We consider several cases; in the first, we set C' = 3 and sample no auxiliary
images, using formulation (1), which is the same as [2]. In the second case, we set
C = 16,64 > 3 but still do not use EVC; in the last case, we use C = 3,16, 64
and also use compression.

Qualitative results. In fig. 1 we compute embeddings from an average face
image and sample corresponding patches in at random in the MAFL dataset.
All patch placements are geometrically accurate despite large intra-class varia-
tions. On the other hand, if EVC is removed, then the quality of the embedding
degrades significantly and the latter is confused by intra-class variations. This
figure also illustrates that, by having a category-wide validity, our embeddings
identify object landmarks rather than extract mere visual descriptors of the local
image appearance.

Matching results. Next, we explore the ability of our embeddings to match
face images. For this, we sample 200 different identities in the MAFL dataset
and consider two cases.

First, we match images x, x’ of the same identity; since multiple images con-
taining the same identity are not provided in MAFL, we synthetically generate
them by applying random warps as before, so that the ground-truth correspon-
dence field g is known. We extract embeddings at the annotated keypoint posi-
tions from x and match them one by one to their closest neighbour embedding
in image x’ (searching all pixels in the target image). Second, we match images
of different identities, again using the annotations. In both cases, we report the
mean pixel matching error from the ground truth.

By examining the results in table 1 we can note several facts. When matching
the same identities, higher dimensional embeddings work better than low dimen-
sional ones, including in particular [2] (top row). This is expected as high dimen-
sional embeddings can easily capture instance-specific details; also as expected,
EVC does not change the results much as in this case there are no intra-class
variations. When matching different identities, high-dimensional embeddings are
rather poor: these descriptors are too sensitive to instance-specific details and
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Method Unsup. MAFL AFLW 300W
CFAN [42] x 15.84 10.94

Cascaded CNN [43] X 9.73 8.97

TCDCN [41] x 7.95 7.65 5.54
RAR [44] x 7.23 4.94
Sparse landmarks [4] v 6.67/ — 10.53 7.97
Structural Representations [35] v - /315 (6.58) -
Dense 3D [2] v 5.83/ - 8.80 -
Ours 16D v 5.37/3.90 7.55 6.76
Ours 64D v 5.13/324* 7.33 5.70

Table 2. Landmark detection results on the MAFL and AFLW datasets. The results
are reported as percentage of inter-ocular distance. While we are directly comparable
to [4], other work uses different dataset variants, making comparison somewhat com-
plicated (see section 4.1). t denotes the type of data augmentation used for learning
the regressor, parentheses denote a different test set.

— 64D+cycle
30 Dense 3D
25 Sparse
2 .
S 20 Supervised CNN
S5 e RAR

1 10 100 1000 10000 100000

# Training Images (logarithmic)
Fig. 4. Presentation of the effect of the number of annotated images used for training
different methods, evaluated on AFLW (5-landmark version) incorporating the infor-
mation in table 3, the Supervised CNN baseline from [4] (supplementary material) and
the supervised RAR method [44] trained on 300-W with generated occlusions.

cannot bridge intra-class variations correctly. This justifies the choice of a low
dimensional embedding in [2] as the latter clearly generalizes better across in-
stances. However, once EVC is applied, the performance of the high-dimensional
embeddings is much improved, and is in fact better than the low-dimensional
descriptors even for intra-class matching [2].

Overall, our embeddings have both better intra-class and intra-instance match-
ing performance than [2], validating our hypothesis and demonstrating that our
method for regularizing the embedding is preferable to simply constraining the
embedding dimensionality.

Landmark regression. Next, as in [2] and other recent papers, we assess
quantitatively how well our embeddings correspond to manually-annotated land-
marks in faces. For this, we follow the approach of [2] and add on top of our
embedding M = 50 1 x 1 x C filters converting them in the heatmaps of 50 inter-
mediate virtual points; these heatmaps are in turn converted using a softargmax
layer to 2C' x-y pairs which are finally fed to a linear regressor to estimate P



12 J. Thewlis, H. Bilen, A. Vedaldi

Num. images Ours 64D Dense 3D [2] Sparse [4]

1 11.03 12.79 14.79

5 10.30 10.82 12.94

10 10.72 12.38 13.85

20 10.45 12.79 13.28
10,122 8.04 8.80 10.53

Table 3. Error (% inter-ocular distance) Varying the number of images used for train-
ing (AFLW). We compare to the same specific subsets of images as used in [4]. The
error decrease is not precisely monotonic with image quantity due to the noisiness of
training with such small amounts of data, but the general indication is that most of
the information has been encoded in the unsupervised stage. We outperform other
unsupervised methods and achieve results close to the best of [4] with just a single
image.

manually annotated landmarks. The parameters of the intermediate points and
linear regressor are learned using a certain number of manual annotations, but
the signal is not back-propagated further so the embeddings remain fully unsu-
pervised.

In detail, after pre-training our 16D and 64D network on the CelebA dataset
in a unsupervised manner, we freeze its parameters and only learn the regressors
for MAFL [41]. For the more challenging AFLW [45] dataset, and similarly to [2],
after training for 50 epochs on CelebA we continue with unsupervised pretraining
on 10,122 training images from AFLW for 90 epochs. We also finetune and regress
the 68-landmark 300-W dataset [46], with 3158 training and 689 testing images.

We follow the standard evaluation procedure, using the MAFL train and test
splits [41] and the P = 5 landmark test split of AFLW (see [47]). We report the
errors in percentage of inter-ocular distance in table 2 and compare our results
on three datasets to state-of-the-art supervised and unsupervised methods. We
carefully follow the protocol and data selection used in [2] and related prior
work to allow for a direct comparison. We also compare to [35], but note a
few differences in their evaluation. For MAFL, this paper reports much better
results than [2]; upon investigation, we found that a key difference is in the fact
that they do not apply random warp augmentation when learning the landmark
regressor (MAFL has little variability, so too much augmentation is harmful
— for the other dataset augmentation is better), so we report results for this
setting as well, denoted with a dagger T symbol in the table. For AFLW they
use a differently cropped variant of the test set, also containing some different
individuals, whereas we report results using the images from [47,2] and others.
We also use the same network architecture and data preprocessing of [2] to isolate
the impact of our new contribution EVC, whereas [35] use Hourglass, which is
significantly larger, and different preprocessing.

We first see that our method outperforms the prior work that either learns
sparse landmarks [4] or 3D dense feature descriptors [4], which is consistent with
the results in table 1. Additionally, we see that our method achieves comparable
results to [35] that use a generative approach and a larger network. Encourag-
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Fig. 5. Top: Five landmarks are manually annotated in the top-left image (human) and
matched using our unsupervised embedding to a number of animals. Bottom process,
but using a cat image (bottom left) as query.

ingly, we also see that our method achieves better or comparable results than
the state-of-the-art supervised methods. This indicates that our unsupervised
formulation can learn useful information for this task.

We also evaluate how many image annotations our method requires to learn
landmark localisation in the AFLW dataset, comparing to [4,2]. To do so, we
vary the number of training images from 1 to the whole training set, 10,122
and report the errors for each setting in table 3 and fig. 4. The results clearly
show that our method outperforms [4,2] and can be used to learn an effective
landmark detector with few manual annotations.

4.2 Animal faces

To investigate the generalization capabilities of our method, we consider learning
landmarks in an unsupervised manner not just for humans, but for animal faces.
To do this, we simply extend the set X of example image to contain images of
animals as well.

In more detail, we consider the Animal Faces dataset [48] with images of 20
animal classes and about 100 images per class. We exclude birds and elephants
since these images have a significantly different appearance on average (birds
being profile, elephants including the whole body). We then add additional 8609
additional cat faces from [49], 3506 cat and dog faces from [50], and 160k human
faces from CelebA (but keep roughly the same distribution of animal classes
per batch as the original dataset). We train 3D descriptors using EVC on this
data. Here we also found it necessary to use the grouped attention mechanism
(section 3.3) which relaxes EVC to project embeddings on a set of auxiliary
images rather than just one. In order to do so, we include 16 pairs of images
(x,x’) in each batch and we randomly choose a set of 5 auxiliary images for
each pair from a separate pool of 16 images. Note that these images have also
undergone synthetic warps.

Results matching human and cat landmarks to other animals are shown
in fig. 5. We see that the method achieves localisation of semantically-analogous
parts across species, with excellent results particularly for the eyes and general
facial region.
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Query 3D Err=2.47 20D Err=9.28 20D+C Err=2.28

-

Fig. 6. An example of descriptor matching on a pair from the roboarm dataset, using
the blob centers in the first image to locate them in a second image. We show 3D and
20D descriptors (columns 2-3) learned using the loss from [2]. In the 20D case this gives
high error, which is corrected by using our EVC (20D+C, last column).

Dimensionality 2] + EVC - transformations
3 1.42 1.41 1.69
20 10.34 1.25 1.42

Table 4. Results on Roboarm, including an experiment ignoring optical flow (right).

4.3 Roboarm

Lastly, we experimented on the animated robotic arm dataset (fig. 6) introduced
in [2] to demonstrate the applicability of the approach to diverse data. This
dataset contain around 24,000 images of resolution 90 x 90 with ground truth
optical flow between frames for training. We use the same matching evaluation
of section 4.1 using the center of the robot’s segments as keypoints for assessing
correspondences. We compare models using 3D and 20D embeddings using the
formulation of [2], regularizing it using EVC, and finally removing transformation
equivariance form the latter (by setting g = 1 in eq. (4)).

In this case there are no intra-class variations, but the high-degree of artic-
ulation makes matching non-trivial. Since the model is trained using successive
frames (so as to obtain optical flow), 3D descriptors work much better than
20D ones (1.43 vs 10.34 error) as they generalize to different rotations properly.
With EVC, however, the 20D descriptors (at 1.25 error) outperform the 3D ones
(1.41). Interestingly, EVC is effective enough that even removing transforma-
tions altogether (by learning from pairs of identical images using g = 1) still
result in good performance (1.42) — this is possible because matches must hop
through the auxiliary image set x, which does contain different frames.

5 Conclusions

In this paper, we present a new method that can learn the structure of object in-
stances and categories in an unsupervised way. Our key contribution is to formu-
late this problem in terms of finding correspondences between different instances
of same or similar object categories by bridging the gap between two seemingly
independent concepts, distinctiveness and invariance. We have shown that rel-
atively high dimensional embeddings can be used to simultaneously match and
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align points in similar object instances and categories. We have shown that this
method works to find correspondences across different animal species and to
predict facial landmarks in the standard computer vision benchmarks.
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Chapter 8

Cross Pixel Optical Flow Similarity
for Self-Supervised Learning

This work was accepted for Oral Presentation at the Asian Conference on Computer
Vision (ACCV), Perth, 2018

In this paper we consider the task of self-supervision, where a network is trained on a
task that does not require manual annotation before being finetuned on some desired
task. We note that Optical Flow is a signal that can be easily obtained from video
data, yet using it directly for self-supervision is hard, because we perform prediction
on a single image but the future motion of objects is inherently ambiguous. Based
on this observation, we instead predict an embedding that is consistent in terms of
pairwise similarity with the optical flow vectors, and we outperform other motion-

based methods on transfer to other tasks.
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Abstract. We propose a novel method for learning convolutional neural image
representations without manual supervision. We use motion cues in the form of
optical-flow, to supervise representations of static images. The obvious approach
of training a network to predict flow from a single image can be needlessly dif-
ficult due to intrinsic ambiguities in this prediction task. We instead propose a
much simpler learning goal: embed pixels such that the similarity between their
embeddings matches that between their optical-flow vectors. At test time, the
learned deep network can be used without access to video or flow information
and transferred to tasks such as image classification, detection, and segmentation.
Our method, which significantly simplifies previous attempts at using motion for
self-supervision, achieves state-of-the-art results in self-supervision using motion
cues, and is overall state of the art in self-supervised pre-training for semantic im-
age segmentation, as demonstrated on standard benchmarks.

Keywords: Self-Supervised Learning - Motion - Convolutional Neural Network

1 Introduction

Self-supervised learning has emerged as a promising approach to address one of the
major shortcomings of deep learning, namely the need for large supervised training
datasets. All self-supervised learning methods are based on the same basic premise,
which is to identify problems that can be used to train deep networks without the ex-
pense of collecting data annotations. In this spirit, an amazing diversity of supervisory
signals have been proposed, from image generation to colorization, in-painting, jigsaw
puzzle solving, orientation estimation, counting, artifact spotting, and many more (see
section 2). Furthermore, the recent work of [9] shows that combining several such cues
further helps performance.

In this paper, we consider the case of self-supervision using motion cues to learn a
convolutional neural network (CNN) for static images. Here, a deep network is trained
to predict, from a single video frame, how the image could change over time. Since
predicted changes can be verified automatically by looking at the actual video stream,
this approach can be used for self-supervision. Furthermore, predicting motion may
induce a deep network to learn about objects in images. The reason is that objects are
a major cause of motion regularity and hence predictability: pixels that belong to the
same object are much more likely to “move together” than pixels that do not.
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Embedding ¢ (1)
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Cross Pixel Flow
Similarity Loss
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Optical Flow (f)

Fig. 1: We propose a novel method to exploit motion information represented as optical-
flow, to supervise the learning of deep CNNs. We learn a network that predicts per-pixel
embeddings ¢(I) such that the kernel computed over these embeddings (K) is similar
to that over corresponding optical-flow vectors (K ). This allows the network to learn
from motion cues while avoiding the inherent ambiguity of motion prediction from a
single frame.

Besides giving cues about objects, motion has another appealing characteristic com-
pared to other signals for self-supervision. Many other methods are, in fact, based on
destroying information in images (e.g. by removing color, scrambling parts) and then
tasking a network with undoing such changes. This has the disadvantage of learning
the representation on distorted images (e.g. gray scale). On the other hand, extracting
a single frame from a video can be thought of as removing information only along the
temporal dimension and allows one to learn the network on undistorted images.

There is however a key challenge in using motion for self-supervision: ambiguity.
Even if the deep network can correctly identify all objects in an image, this is still
not enough to predict the specific direction and intensity of the objects’ motion in the
video, given just a single frame. This ambiguity makes the direct prediction of the ap-
pearance of future frames particularly challenging [54,59], and overall an overkill if
the goal is to learn a general-purpose image representation for image analysis. Instead,
the previous most effective method for self-supervision using motion cues [42] is based
on first extracting motion tubes from videos (using off-the-shelf optical-flow and mo-
tion tube segmentation algorithms) and then training the deep network to predict the
resulting per-frame segments rather than motion directly. Thus they map a complex
self-supervision task into one of classic foreground-background segmentation.

While the approach of [42] sidesteps the difficult problem of motion prediction
ambiguity, it comes at the cost of pre-processing videos using a complex handcrafted
motion segmentation pipeline, which includes many heuristics and tunable parameters.
In this paper, we instead propose a new method that can ingest cues from optical-flow
directly, without the need for any complex data pre-processing.
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Our method, presented in section 3 and illustrated in fig. 1, is based on a new cross
pixel flow similarity loss layer. As noted above, the key challenge is that specific details
about the motion, such as its direction and intensity, are usually difficult if not impos-
sible to predict from a single frame. We address this difficulty in two ways. First, we
learn to embed pixels into vectors that cluster together when the model believes that the
corresponding pixels are likely to move together. This is obtained by encouraging the
inner product of the learned pixel embeddings to correlate with the similarity between
their corresponding optical-flow vectors. This does not require the model to explicitly
estimate specific motion directions or velocities. However, this is still not sufficient to
address the ambiguity completely; in fact, while different objects may be able to move
independently, they may not do so all the time. For example, often objects stand still,
so their velocities are all zero grouping them together in optical-flow. We attempt to
address this second challenge by using a contrastive loss.

In section 4 we extensively validate our model against other self-supervised learn-
ing approaches. First, we show that our approach works as well or better than [42],
establishing a new state-of-the-art method for self-supervision using motion cues. Sec-
ond, to put this into context, we also compare the results to all recent approaches for
self-supervision that use cues other than motion. In this case, we show that our ap-
proach has state-of-the-art performance for semantic image segmentation, at the time
of submission.

The overall conclusion (section 5) is that our method significantly simplifies lever-
aging motion cues for self-supervision and does better than existing alternatives for this
modality; it is also competitive with self-supervision methods that use other cues, mak-
ing motion a sensible choice for self-supervision by itself or in combination with other
cues [9].

2 Related Work

Self-supervised learning, of which our method is an instance, has become very popular
in the community. We discuss here the methods for training generic features for im-
age understanding as opposed to methods with specific goals such as learning object
keypoints. We group them according to the supervision cues they use.

Video/Motion Based: LSTM RNNs can be trained to predict future frames in a
video [51]. This requires the network to understand image dynamics and extrapolate
it into the future. However, since several frames are observed simultaneously, these
methods may learn something akin to a tracker, with limited abstraction. On the other
hand, we learn to predict properties of optical-flow from a single input image, thus
learning a static image representation rather than a dynamic one. Closely related to our
work is the use of video segmentation by [42]. They use an off-the-shelf video segmen-
tation method [15] to construct a foreground-background segmentation dataset in an
unsupervised manner. A CNN trained on this proxy task transfers well when fine-tuned
for object recognition and detection. We differ from them in that we do not require a so-
phisticated pre-existing pipeline to extract video segments, but use optical-flow directly.
Also closely related to us is the work of [2]. They train a Siamese style convolutional
neural network to predict the transformation between two images. The individual base
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networks in their Siamese architecture share weights and can be used as feature ex-
tractors for single images at test time. This late fusion strategy forces the learning of
abstractions, but our no-fusion approach pushes the model even further to learn better
features. The polar opposite of these is to do early fusion by concatenating two frames
as in FlowNet [11]. This was used as a pretraining strategy by [16] to learn representa-
tions for pairs of frames. This is different from our objective as we aim to learn a static
image representation. This difference becomes clearer when looking at the evaluation.
While we evaluate on image classification, detection, and segmentation; [16] evaluate
on dynamic scene and action recognition.

Temporal context is a powerful signal. [35,57,32] learn to predict the correct or-
dering of frames. [24] exploit both temporal and spatial co-occurrence statistics to learn
visual groups. [25] extend slow feature analysis using higher order temporal coherence.
[55] track patches in a video to supervise their embedding via a triplet loss while [17]
do the same but for spatio-temporally matched region proposals. Temporal context is
applied in the imitation learning setting by Time Contrastive Networks [49].

Videos contain more than just temporal information. Some methods exploit audio
channels by predicting audio from video frames [48,40]. [3] train a two stream ar-
chitecture to classify whether an image and sound clip go together or not. Temporal
information is coupled with ego-motion in [26]. [56] use videos along with spatial con-
text pretraining [8] to construct an image graph. Transitivity in the graph is exploited to
learn representations with suitable invariances.

Colorization: [31,60] predict colour information given greyscale input and show
competitive pre-training performance. [61] generalize to arbitrary pairs of modalities.

Spatial Context: [41] solve the in-painting problem, where a network is tasked with
filling-in partially deleted parts of an image. [8] predict the relative position of two
patches extracted from an image. In a similar spirit, [37, 38] solve a jigsaw puzzle prob-
lem. [38] also cluster features from a pre-trained network to generate pseudo labels,
which allows for knowledge distillation from larger networks into smaller ones. The
latest iteration on context prediction [36] obtains state-of-the-art on some benchmarks.

Adversarial/Generative: BiGAN based pretrained models [10] show competitive
performance on various recognition benchmarks. [27] adversarially learn to generate
and spot defects. [45] obtain self-supervision from synthetic data and adapt their model
to the domain of real images by training against a discriminator. [5] predict noise-as-
targets via an assignment matrix which is optimized on-line. Their approach is domain
agnostic. More in general, generative unsupervised layer-wise pretraining was exten-
sively used in deep learning before AlexNet [30]. An extensive review of these and
more recent unsupervised generative models is beyond the scope of this paper.

Transformations: [12] create surrogate classes by applying a set of transformations
to each image and learn to become invariant to them. [19] do the opposite and try
to estimate the transformation (just one of four rotations in their case) given the trans-
formed image. The crop-concatenate transformation is implicit in the learning by count-
ing method of [39].
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Others: A combination of self-supervision approaches was explored by [9]. They re-
port results only with ResNet models making it hard to compare with concurrent work,
but closely matching ImageNet-pretrained networks in performance on the PASCAL
VOC detection task. A widely-applicable trick that helps in transfer learning is the re-
balancing method of [29]. Lastly, our optical-flow classification baseline is based on the
work of [4]. They learn a sparse hypercolumn model to predict surface normals from
a single image and use this as a pretraining strategy. Our baseline flow classification
model is the same but with AlexNet for discretized optical-flow.

3 Method

In this section, we describe our novel method, illustrated in fig. 1, for self-training deep
neural networks via direct ingestion of optical-flow. Once learned, the resulting image
representation could be used for classification, detection, segmentation and other tasks
with minimal supervision.

Our goal is to learn the parameters of a neural network that maps a single image or
frame to a field of pixel embeddings, one for each pixel. Notation - Let £2  R? be the
set of pixels; I : §2 — R3 is an image; Our CNN is the per-pixel mapping ¢(I,p|©) €
RP producing D dimensional embeddings. In order to learn this CNN, we require the
similarity between pairs of embedding vectors to align with the similarity between
the corresponding flow vectors. This is sufficient to capture the idea that things that
move together should be grouped together, popularly known as the Gestalt principle
of common fate [53].

Formally, given D-dimensional CNN embedding vectors ¢(I,p|@),¢(I,q|O) €
RP for pixels p, ¢ € 2 and their corresponding flow vectors f,, f, € R?, we match the
kernel matrices

Wp.ge Q: Ky(6(1pl0).0(1,4l0)) = K(fys £y) M

where K : RP xRP — R, K : R? x R? — R are kernels that measure the similarity
of the CNN embeddings and flow vectors, respectively.

In this formulation, in addition to the choice of CNN architecture ¢, the key design
decisions are the choice of kernels K, Ky and how to translate constraint eq. (1) into
a loss function. The rest of the section discusses these choices.

3.1 Kernels

In order to compare CNN embedding vectors and flow vectors, we choose the (scaled)
cosine similarity kernel and the Gaussian/RBF kernel respectively. Using the shorthand
notation ¢, = ¢(I, p|©@) for readability, these are:

A
4 |pplizldgl2’

Note that these kernels, when restricted to the set of pixels {2, are matrices of size
|£2| x |£2|. Each row or column of this matrix can be thought of as a heatmap capturing

— 2
K(fps fa) i= exp <_ff> o

202

K¢(¢p7 ¢q) :
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Flow

Embedding

R

Fig. 2: Visualization of flow and embedding kernels, in the second and third rows re-
spectively. For three pixels p, we plot the row K, (p, -) reshaped into an image, show-
ing which pixels go together from the kernel’s perspective. Note the localized nature
of the flow kernel which is obtain by setting a low bandwidth for the RBF kernel.

2 = 0.0036 in this example. In the first column, optical-flow and embeddings (after a
random 16D — 3D projection) are visualized as color images.

the similarity of a given pixel with respect to all other pixels and thus can be visualized
as an image. We present such visualizations for both of our kernels in fig. 2.

We use the Gaussian kernel for the flow vectors as this is consistent with the Eu-
clidean interpretation of optical-flow as a displacement. Reducing kernel bandwidth
(o) would result in a localized kernel that pushes our embeddings to distinguish be-
tween different movable objects. In some experiments, the value of ¢ is learned along
with the weights of the CNN in the optimization. This localized kernel, with learned

2 = 0.0036, is shown in the second row of fig. 2.

We use the cosine kernel for the learned embedding as the CNN effectively com-
putes a kernel feature map, so that in principle it can approximate any kernel via the
inner product. However, note that the expression normalizes vectors in L2 norm, so that
this inner product is the cosine of the angle between embedding vectors.

3.2 Cross Pixel Optical-Flow Similarity Loss Function

The constraint in eq. (1) requires kernels K4 and Ky to be similar. We experiment with
three loss functions for this task - kernel target alignment, cross-entropy, and cross-
entropy reversed.

Kernel Target Alignment (KTA): KTA [7] is a conventional metric to measure the
similarity between kernels. KTA for two kernel matrices K, K, is given by

Lira (K, K') Z Kpo K/ Z K2, Z KzlﬂlQ 3
pq pq
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Cross-Entropy (CE):  Our second loss function treats pixels as classes and kernel
values as logits of a distribution over pixels. The cross entropy of these two distribu-
tions measures the distance between them. We compute this loss in two steps. First, we
re-normalize each column K (-, q) of each kernel matrix into a probability distribu-
tion Sy (-, q). S¢(-, ¢) describes which image pixels p are likely to belong to the same
segment as pixel ¢, according to optical-flow. S, (-, ¢) describes the same but from the
CNN embedding’s perspective. These distributions, arising from CNN and optical-flow
kernels, are compared by using cross entropy, summed over columns:

Lop(0) == > S¢(p,q) log Sy(p, q)- 4)

q Pp

Normalization uses the softmax operator. We reduce the contribution of diagonal terms
in the kernel matrix before this normalization because each pixel is trivially similar to
itself and would skew the softmax. Formally:

1/ (qu;ép exp(K«(p,q')) + 1) ; ifp=gq,

Se(p,q) =
(-a) exp(K«(p,q))/ (quip exp(K«(p,q')) + 1) , ifp#q

&)

Cross-Entropy Reversed (CE-rev): Note that the particular ordering of distributions
inside the cross entropy loss of eq. (4) treats the distribution induced by the optical-flow
kernel (Sy) as ground truth. The embedding is tasked with inducing a kernel such that
its corresponding distribution Sy matches Sy. As an ablation study we also experiment
with the order of distributions reversed. In other words we use,

Lop ren(©) = =YD S6(p,a)log Sy (p, q)- ©6)

qa P

The intuition here is as follows: For a given pixel p, the distribution Sy (-, ¢) must be
a delta distribution around ¢’ = argmax S (-, ¢). This is the natural effect of a flipped
cross entropy loss. This delta distribution can be best approximated by aligning the two
embeddings ¢, = ¢, and making all others anti-correlated ¢, = —¢, V ¢ # ¢'. Note
however that this degenerate solution forces all ¢, ¢4 such that ¢,q¢” # ¢’ to align
as well. This coincidental alignment would, in general, significantly increase the loss
function. Thus the embedding is forced to induce a non degenerate distribution S,;. We
consider it interesting to experiment with this loss.

Thus we have three cross pixel flow similarity losses - Kernel Target Alignment
(CPFS-KTA), Cross Entropy (CPFS-CE) and Cross Entropy reversed (CPFS-CE-rev).

3.3 CNN Embedding Function

Lastly, we discuss the architecture of the CNN function ¢ itself. It maps the image into a
per-pixel embedding. Recall that V p € 2, ¢(I, p|©) € RP. We design the embedding
CNN as a hypercolumn head [22] over a conventional CNN backbone such as AlexNet.
The hypercolumn concatenates features from multiple depths so that our embedding can
exploit high resolution details normally lost due to max-pooling layers. For training, we
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use the sparsification trick of [31] and restrict prediction and loss computation to a few
randomly sampled pixels in every iteration. This reduces memory consumption and
improves training convergence as pixels in the same image are highly correlated and
redundant; via sampling we can reduce this correlation and train more efficiently [4].
In more detail, the backbone is a CNN with activations at several layers:

{be, (I|O), -+, b, (I|O)} € RErWixDr 5 oo 5 RHnXWnxDn We follow [31] and
interpolate values for a given pixel location and concatenate them to form a hypercol-
umn ¢z (1, p|©) € RP1++Pn The hypercolumn is then projected non-linearly to the
desired embedding ¢(1, p|©) € RP using a multi-layer perceptron (MLP). Details of
the model architecture are discussed in section 4.1.

4 Experiments

We extensively assess our approach by demonstrating its effectiveness in learning fea-
tures that we show as useful for several tasks. In order to make our results comparable
to most of the related papers in the literature, we consider an AlexNet [30] backbone
and four tasks: classification in ImageNet [47] and classification, detection, and seg-
mentation in PASCAL VOC [13, 14].

4.1 Backbone Details

We adapt the AlexNet version used by Pathak et al. [42]. The modifications are minor
(mostly related to padding), to make it suitable to attach a hypercolumn head. Sparse
hypercolumns are built from the conv1, pooll, conv3, pool5 and fc7 AlexNet activa-
tions. Embeddings are generated using a multi-layer perceptron (MLP) with a single
hidden layer and are L2-normalized. The embeddings are D = 16 dimensional (this
number could be improved via cross validation, although this is expensive). The exact
model specification, in the caffe text protocol buffer format (.prototxt), is included in
the supplementary material.

4.2 Dataset

We train the above AlexNet model, using various CPFS losses, on a dataset of RGB-
optical-flow image pairs. Inspired by the work of Pathak ez al. [42], we built a dataset
from ~ 204k videos in the YFCC100m dataset [52]. The latter consists of Flickr videos
made publicly-available under the creative commons license. We extract 8§ random
frames from each video and compute optical-flow between those at times ¢ and ¢ + 5
using the same (handcrafted) optical-flow method of [42, 33]. Overall, we obtain 1.6M
image-flow pairs.! Example training sample crops along with optical-flow fields are
shown in fig. 3. The noisy nature of both the images and optical-flow in such large-scale
non-curated video collections makes it all the more challenging for self-supervision.

! Optical-flow is stored in fixed point 16bit PNG files similar to KITTI [18] for compression
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Fig. 3: Image and optical-flow training pairs post scale-crop-flip data augmentation.
The noisy nature of both images and optical-flows illustrate the challenges in using
motion as a self-supervision signal. Optical-flow is visualized as a colour image using
the toolbox of [6].

Optical-flow vectors ( f,, fy) are normalized logarithmically to lie between [—1, 1]
during training, so that occasional large flows do not dominate learning. More precisely,
the normalization is given by:

. . 1 "
sign(f,) min (1, %

=1 . ) o @)
sign(fy) min (1, 7llogg((‘§j’1fll))

where M is a loose upper bound on the flow-magnitude set to 56.0 in our experiments.

Despite the large size of this data and aggressive data augmentation during training,
AlexNet overfits on our self-supervision task. We use early stopping to reduce over-
fitting by monitoring the loss on a validation set. The validation set consists of 5000
image-flow pairs computed from the YouTube objects dataset [43]. Epic-Flow [46],
with initial matches from Deep-Matching [58], was used to compute optical-flow for
these frames.

4.3 Learning Details

We use the Adam optimizer [28] with 8; = 0.9, B2 = 0.999, ¢ = 10~® and initial learn-
ing rate 10~*. No weight decay is used because it resulted in our model reaching a worse
local minima before over-fitting started. Pixels are sampled uniformly at random for the
sparse hypercolumns. Sampling more pixels gives more information per image but also
consumes more memory and is computationally expensive. We use 512 pixels per image
to balance this trade-off. This allows for a large batch size of 96 frames. Scale, hori-
zontal flip and crop augmentation with crop size 224 x 224 are applied during training.
Color augmentation: shifting the hue by up to 0.1, random contrast between 0.2 — 1.8,
random brightness by up to 0.12 (based on 0 — 1 normalised colours); is also applied.
Parameter-free batch-normalization [23] is used throughout the network; the moving
average mean and variance are absorbed into convolution kernels after self-supervised
training, so that, for evaluation, AlexNet does not contain batch normalization layers.
The implementation using TensorFlow [1] will be publicly available on GitHub.
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Fig. 4: Per-pixel embeddings are visualized by randomly projecting them to RGB col-
ors. From top to bottom: Validation images, RGB-mapped embeddings, optical-flow.

Fig. 5: Neuron maximization results for conv5 features [34]. Left: Neurons in a ran-
domly initialized AlexNet. Right: Neurons in AlexNet trained using our approach: sig-
nificantly more structure emerges.

4.4 Qualitative Results

In this section we visualize the AlexNet model pre-trained using the CPFS-CE loss
function (Equation (4)).

Embedding Visualizations: While our learned pixel embeddings are not meant to
be used directly (instead their purpose is to pre-train a neural network parametrization
that can be transferred to other tasks), nevertheless it is informative to visualize them.
Since embeddings are 16D, we first project them to 3D vectors via random projections
and then map the resulting coordinates to RGB space. We show results on the YouTube
objects validation set in fig. 4. Note that pixels on a salient foreground object tend to
cluster together in the embedding (see, for example, the aircraft in column 4, the motor
cyclist in column 3 and the cat in column 6).

Neuron Maximization: We use per-neuron activation maximization [34] to visualize
individual neurons in the fifth convolutional layer (fig. 5). This figure presents the es-
timated optimal stimulus for each of these neurons, made interpretable using a natural
image prior. We observe abstract patterns including a human form (row 2, column 4)
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Table 1: Pascal VOC Comparison for three benchmarks: VOC2007-classification (col-
umn 4) %mAP, VOC2007-Detection (Column 5) %mAP and VOC2012-Segmentation
(Column 6) %mloU. The rows are grouped into four blocks (1) The limits of no-
supervision and human supervision, (2) motion/video based self-supervision, (3) Our
models and the baseline, (4) others. The third column [ref] indicates which publication
the reported numbers are borrowed from. Full table in supplementary material.

Method Supervision  [Ref] Cls. Detection Seg.
Krizhevsky et al. [30] Class Labels  [60] 79.9 56.8 48.0
Random - [41] 53.3 434 19.8
Agrawal et al. [2] Egomotion [10] 63.1 439 -
Jayaraman et al. [26] Egomotion [26] - 41.7 -
Lee et al. [32] Time-order [32] 63.8 46.9 -
Misra et al. [35] Time-order [35] - 424 -
2 | Pathak ef al. [42] Video-seg [42],Self 61.0 50.2 -
3 | Wang et al. [55] Track + Rank [29, 55] 63.1 47.5 -
o
.2 | CPFS-CE Optical-flow  Self 64.2 50.8 41.4
Eo CPFS-CE-rev Optical-flow  Self 63.6 49.9 39.5
CPFS-KTA Optical-flow  Self 65.3 50.5 41.5
Ours direct cls. Optical-flow  Self 63.2 46.1 38.8
Other Cues - State Varied [19,38,36] | 73.3 55.5 40.6
of the art [19] [38] [36]

that are obviously not present in a random network, suggesting that the representation
may be learning concepts useful for general-purpose image analysis.

4.5 Quantitative Results

We follow standard practice in the self-supervised learning community and fine-tune
the learned representation on various recognition benchmarks. We evaluate our features,
pre-trained using various CPFS losses, by transfer learning on PASCAL VOC 2007 de-
tection and classification [13], PASCAL VOC 2012 segmentation [14], and ILSVRC12
linear probing [60] (in the latter case, the representation is frozen). We provide details
on the evaluation protocol next and compare against other self-supervised models with
results reported for AlexNet-like-architectures in tables 1 and 2. Different from other
approaches, we did not benefit from the re-balancing trick of [29] and hence we report
results without it. This is possibly due to the use of batch normalization layers.

Baseline: Our main hypothesis is that the cross pixel flow similarity matching method,
rather than the direct prediction of optical-flow, is more appropriate for exploiting
optical-flow as a self-supervisory signal. We validate this hypothesis by comparing
against a direct optical-flow prediction baseline, using the same CNN architecture as
our method but a different loss function: while we use flow-similarity matching losses,



12 A. Mahendran et al.

Table 2: ImageNet LSVRC-12 linear probing evaluation. A linear classifier is trained
on the (downsampled) activations of each layer in the pretrained model. Top-1 accuracy
is reported on ILSVRC-12 validation set. The column [ref] indicates which publication
the reported numbers are borrowed from. We finetune Pathak et al.’s [42] model along
with ours as they do not report these benchmark in their paper.

Method Supervision  [ref] Convl Conv2 Conv3 Conv4 Conv5
Krizhevsky et al. [30] Class Labels [61]| 19.3 36.3 442 483 50.5
Random - [61]| 11.6 17.1 169 163 14.1
Random-rescaled [29] - [29]| 17.5 23.0 245 232 206
Pathak et al. [42] Video-seg Self | 15.8 232 29.0 295 254
CPFS-CE Optical-Flow Self | 149 25.0 29.5 30.1 29.1
g CPFS-CE-rev Optical-Flow Self | 153 24.8 27.7 278 26.3
‘E|CPFS-KTA Optical-Flow Self | 14.8 24.6 29.2 29.5 28.1
=| Ours direct cls. Optical-Flow Self | 14.0 23.0 264 267 24.8
Doersch et al. [8] Context [61]| 16.2 233 302 317 296
Gidaris et al. [19] Rotation [19]| 18.8 31.7 38.7 382 36.5
Jenni et al. [27] - [271| 19.5 333 379 389 349
.,|Mundhenk et al. [36] Context [36]| 19.6 314 370 37.8 333
% Noroozi et al. [37] Jigsaw [39]| 182 288 340 339 27.1
5| Noroozi et al. [39] Counting [39]| 18.0 30.6 343 325 257
g Noroozi et al. [38] Jigsaw++ [38]| 18.2 287 34.1 332 280
Noroozi et al. [38] CC+Jigsaw++ [38] | 18.9 305 357 354 322
Pathak et al. [41] In-Painting  [61]| 14.1 20.7 21.0 19.8 15.5
Zhang et al. [60] Colorization [61]| 13.1 24.8 31.0 326 31.8
Zhang et al. [61] Split-Brain [611| 17.7 293 354 352 328

this baseline does a standard per-pixel softmax cross entropy across 16 discrete optical-
flow classes, once for each spatial dimension — z and y. To this end, since the flow is
normalized in [—1, 1] (eq. (7)), this interval is discretized uniformly. Note that direct
L? regression of flow vectors is also possible, but did not work as well in preliminary
experiments. This may be because continuous regression is usually harder for deep net-
works compared to classification, especially for ambiguous tasks. It was beneficial to
use a faster initial learning rate of 0.01 for this baseline model.

VOC2007-detection: We finetune our AlexNet backbone end-to-end using the Fast-
RCNN model [20] using code from [44] to obtain results for PASCAL VOC 2007 de-
tection [13]. Finetuning follows the protocol of [29] to use multi-scale training and
single-scale testing. We report mean average precision (mAP) in table 1 (col. 5) along
with results of other self-supervised learning methods. We achieve the state-of-the-art
among methods that use temporal information in videos for self-supervision. This table
summarizes the state of the art among methods that use cues other than motion. Please
see the supplementary material for a complete table of all relevant methods.
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VOC2007 classification: We finetune our pretrained AlexNets to minimize the soft-
max cross-entropy loss over the PASCAL VOC 2007 trainval set for image classifica-
tion across 20 Pascal classes. The initial learning rate is 10~3 and drops by a factor of
2 every 10k iterations for a total of 80k iterations and predictions are averaged over 10
random crops at test time in keeping with [29]. We use the code provided by [31] and
report mean average precision (mAP) on VOC2007-test in the fourth column of table 1.
We achieve state-of-the-art among methods that derive self-supervision from motion
cues; in particular, we outperform [42] by a large margin.

ILSVRCI12 linear probing: We follow the protocol and code of [61] to train a lin-
ear classifier on activations of our pre-trained network. The activation tensors produced
by various convolutional layers (after ReLU) are down-sampled using bilinear interpo-
lation to have roughly 9,000-10,000 elements before being fed into a linear classifier.
The CNN parameters are frozen and only the linear classifier weights are trained on
the ILSVRC-12 training set. Top-1 classification accuracy is reported on the ILSVRC-
12 validation set (table 2). We achieve the state-of-the-art among motion-based self-
supervision methods, except for “conv1” features.

VOC2012 segmentation: We use the two staged fine-tuning approach of [31] who
finetune their AlexNet for semantic segmentation using a sparse hypercolumn head in-
stead of the conventional FCN-32s head. We do so because it is a better fit for our sparse
hypercolumn pre-training, although the hypercolumn itself is built using different layers
(conv1 to conv5 and fc6 to fc7). Thus the MLP predicting the embedding ¢ from hyper-
column features is replaced with a new one before fine-tuning for segmentation. Also,
our model has a fully convolutional structure but is pre-trained on a non-convolutional
proxy task. We obtain a mere 31.3 %mloU using FCN-32s . The training data consists
of the PASCAL VOC 2012 [14] training set augmented with additional annotations
from [21]. Thus the training-validation split has 10582 training images and 1449 vali-
dation images. Test results are reported as mean intersection-over-union (mloU) scores
on the PASCAL VOC 2012 validation set (Column 6 of table 1). We achieve the state
of the art on this benchmark among all self-supervised learning methods, even ones that
use other supervisory signals than motion (at the time of submission).

Other Architectures: We experimented with a VGG-16 [50] backbone? and followed
the protocol of [31] to evaluated on VOC2007-classification and VOC12-segmentation.
Our CPFS-CE model achieved 76.4% mAP for VOC2007 classification comparable to
Larsson et al.’s 77.2% [31]; and 51.7% mloU for VOC2012-segmentation which fell
short of [31]’s 56.0%. VGG-16 has many more parameters than AlexNet. We argue
that it may benefit from the extra 2.1M images used by [31] which might explain this
performance gap.

4.6 Discussion

We can take home several messages from these experiments. First, in all cases our
approach outperforms the baseline of predicting optical-flow directly. This is true for all

2 Full model: ‘pool 1-5’, and “fc7’ (projected to 256 channels using a 1 x 1 convolution for
faster training) constitute the hypercolumn head for pre-training on the dataset (Section 4.2).
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three cross pixel flow similarity loss functions. This supports our hypothesis that direct
single-frame optical-flow prediction is either too difficult due to its intrinsic ambiguity
or a distraction from the goal of learning a powerful representation. It also supports our
claim that predicting pairwise flow similarities partially addresses this ambiguity and
allows us to learn useful CNN representations from optical-flow.

Second, the cross entropy loss is comparable in performance to kernel target align-
ment (KTA). We know that KTA aligns kernels uniformly and doing so is still highly
ambiguous. Thus there is more room for improvement in the loss function design. Also,
surprisingly, reversed cross entropy performs well although not as well as the other two.

Third, our method is the state of the art for self-supervision using motion cues. This
is notable as our approach is significantly simpler than the previous state of the art [42].
By ingesting optical-flow information directly, it does not require data pre-processing
via a video segmentation algorithm.

Finally, we also observe that all video/motion based methods for self-supervised
learning are generally not as effective as methods that use other cues; particularly in
image classification benchmarks. However, our approach still sets the overall state of
the art for semantic image segmentation suggesting that the learned representation may
be more suitable for per-pixel applications. Therefore further progress in this area of
motion based self-supervision may be possible and is worth seeking. At the same time,
authors of [9] find that combinations of different cues may result in the best perfor-
mance.

5 Conclusion

We have presented a novel method for self-supervision using motion cues based on
cross-pixel optical-flow similarity loss functions. We trained an AlexNet model using
this scheme on a large unannotated video data-set. Visualizations of individual neu-
rons in a deep layer and of the output embedding show that the representation captures
structure in the image. We established the effectiveness of the resulting representation
by transfer learning for several recognition benchmarks. Compared to the previous state
of the art motion based method [42], our method works just as well and in some cases
noticeably better despite a significant algorithmic simplification. We also outperform
all other self-supervision strategies in semantic image segmentation (VOC12). This is
reasonable as we train on a per-pixel proxy task on undistorted RGB images and use
a hypercolumn model for fine-tuning. Finally, we see our contribution as an instance
of self-supervision using multiple modalities, RGB and optical-flow, which poses our
work as a special case of this broader area of research.
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