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Abstract

Large intra-class variation is the result of changes in
multiple object characteristics. Images, however, only show
the superposition of different variable factors such as ap-
pearance or shape. Therefore, learning to disentangle and
represent these different characteristics poses a great chal-
lenge, especially in the unsupervised case. Moreover; large
object articulation calls for a flexible part-based model.
We present an unsupervised approach for disentangling ap-
pearance and shape by learning parts consistently over all
instances of a category. QOur model for learning an ob-
ject representation is trained by simultaneously exploiting
invariance and equivariance constraints between synthet-
ically transformed images. Since no part annotation or
prior information on an object class is required, the ap-
proach is applicable to arbitrary classes. We evaluate our
approach on a wide range of object categories and diverse
tasks including pose prediction, disentangled image synthe-
sis, and video-to-video translation. The approach outper-
forms the state-of-the-art on unsupervised keypoint predic-
tion and compares favorably even against supervised ap-
proaches on the task of shape and appearance transfer.

1. Introduction

A grand goal of computer vision is to automatically,
without supervision information, learn about the character-
istics of an object in the world. Typically, images show
the interplay of multiple such factors of variation. We
want to disentangle [9, 2, 5, 17, 10] the effects of these
different characteristics and imagine, i.e., synthesize, new
images where they are altered individually. For instance,
after observing a number of different unlabeled instances
of an object category, we want to learn their variations in
shape (such as pose relative to the viewer and body articu-
lation) and appearance, e.g., texture and color differences in
fur/clothing or skin color. Disentangling shape and appear-
ance is particularly challenging because object deformation
typically leads to complicated “recoloring” of image pixels
[40, 12]: moving a limb may change the color of former
background pixels into foreground and vice versa.
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Figure 1: Our unsupervised learning of a disentangled part-
based shape and appearance enables numerous tasks rang-
ing from unsupervised pose estimation to image synthesis
and retargeting. For more results visit the project page.

To address the disentangling problem for shape and ap-
pearance, several supervised methods have been proposed
lately [29, 28, 7, 12, 41, 1]. By conditioning generative
models on a pre-specified shape representation, they are
able to successfully explain away appearance. However,
they are limited to object categories, for which pose labels
are readily available such as human bodies and faces, but
they cannot be applied to the vast amounts of unlabelled
data of arbitrary object classes.

For unsupervised learning, instead of taking a known
shape to capture all non-shape factors, both shape and ap-
pearance need to be learned simultaneously. Recently some
unsupervised approaches have been proposed to disentan-
gle these factors [40, 52]. However, these works have only
shown results for rather rigid objects, like human faces or
require several instances of the same person [8].

Object variation can be global, such as difference in
viewpoint, but it is oftentimes local (animal tilting its head,
person with/without jacket), thus calling for a local, disen-
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tangled object representation. The traditional answer are
compositions of rigid parts [15, 14, 13]. In the context of
recent unsupervised shape learning an instantiation of this
are landmarks [45, 58, 21].

In this paper, we propose the first approach to learn a
part-based disentangled representation of shape and appear-
ance for articulated object classes without supervision and
from scratch. In the spirit of analysis-by-synthesis [54], we
learn the factors by a generative process. We formulate ex-
plicit equivariance and invariance constraints an object rep-
resentation should fulfill and incorporate them in a fully dif-
ferentiable autoencoding framework.

Our approach yields significant improvements upon the
state-of-the-art in unsupervised object shape learning, eval-
uated on the task of landmark regression. We compare to
competitors on a wide range of diverse datasets both for
rigid and articulated objects, with particularly large gains
for strong articulations. Furthermore, our disentangled rep-
resentation of shape and appearance competes favorably
even against state-of-the-art supervised results. We also
show disentangling results on the task of video-to-video
translation, where fine-grained articulation is smoothly and
consistently translated on a frame-to-frame level. Lastly,
since our representation captures appearance locally, it is
also possible to transfer appearance on the level of indi-
vidual object parts. An overview of the scope of possible
applications is given in Fig. 1.

2. Related Work

Disentangling shape and appearance. Factorizing an
object representation into shape and appearance is a pop-
ular ansatz for representation learning. Recently, a lot of
progress has been made in this direction by conditioning
generative models on shape information [12, 29, 7, 28, 41,

]. While most of them explain the object holistically, only
few also introduce a factorization into parts [4 1, 1]. In con-
trast to these shape-supervised approaches, we learn both
shape and appearance without any supervision.

For unsupervised disentangling, several generative
frameworks have been proposed [17, 5, 24, 8, 40, 52].
However, these works use holistic models and show results
on rather rigid objects and simple datasets, while we explic-
itly tackle strong articulation with a part-based formulation.

Part-based representation learning. Describing an
object as an assembly of parts is a classical paradigm
for learning an object representation in computer vision
[38, 32, 6, 1 1]. What constitutes a part, is the defining ques-
tion in this scheme. Defining parts by visual and semantic
features or by geometric shape and its behavior under view-
point changes and object articulation in general leads to a
different partition of the object. Recently, part learning has
been mostly employed for discriminative tasks, such as in
[13, 33,42, 30,53, 22]. To solve a discriminative task, parts

will encode their semantic connection to the object and can
ignore the spatial arrangement and articulation. In contrast,
our method is driven by an image modelling task. Hence,
parts have to encode both spatial structure and visual ap-
pearance accurately.

Landmark learning. There is an extensive literature on
landmarks as compact representations of object structure.
Most approaches, however, make use of manual landmark
annotations as supervision signal [50, 36, 55, 60, 61, 59, 47,

To tackle the problem without supervision, Thewlis et
al. [45] proposed enforcing equivariance of landmark loca-
tions under artificial transformations of images. The equiv-
ariance idea had been formulated in earlier work [23] and
has since been extended to learn a dense object-centric co-
ordinate frame [44]. However, enforcing only equivariance
encourages consistent landmarks at discriminable object lo-
cations, but disregards an explanatory coverage of the ob-
ject.

Zhang et al. [58] addresses this issue: the equivariance
task is supplemented by a reconstruction task in an autoen-
coder framework, which gives visual meaning to the land-
marks. However, in contrast to our work, he does not disen-
tangle shape and appearance of the object. Furthermore, his
approach relies on a separation constraint in order to avoid
the collapse of landmarks. This constraint results in an ar-
tificial, rather grid-like layout of landmarks, that does not
scale to complex articulations.

Jakab et al. [21] proposes conditioning the generation on
a landmark representation from another image. A global
feature representation of one image is combined with the
landmark positions of another image to reconstruct the lat-
ter. Instead of considering landmarks which only form a
representation for spatial object structure, we factorize an
object into local parts, each with its own shape and appear-
ance description. Thus, parts are learned which meaning-
fully capture the variance of an object class in shape as well
as in appearance.

Additionally, and in contrast to all these works ([45, 58,

]) we take the extend of parts into account, when formu-
lating our equivariance constraint. Furthermore, we explic-
itly address the goal of disentangling shape and appearance
on a part-based level by introducing invariance constraints.

3. Approach

Let X : ¥ R be an image portraying an object and
background clutter. N? is the space of image coordi-
nates. Now consider an image X : ¥ R showing another
instance of the same object category. Despite drastic differ-
ences of their image pixels, you can recognize both to be
related. What renders both images similar although no two
pixels are identical? What are the characteristic, salient dif-



Figure 2: Two-stream autoencoding architecture for unsupervised learning of object shape and appearance.

ferences? And how can we obtain a representatidhat also be accounted for by representing them as as a compo-
maps images to vectorgx) which retain both, these simi-  sition of changes in the individual part representations

larities and also the characteristic differences? _ o
3.2. Invariance and Equivariance

1. Part- Representation
3 art-based Representatio Let us now carefully observe differences between im-

Numerous causes may have bedo be changed int&° agesx andx® to derive constraints for the representation
(change in articulation, viewpoint, object color or clothing,  that is to be learned.i) Changes in the appearance of
lighting conditions, etc.). But we can approximate and sum- an object €.g in its color or texture), should not impact
marize their effects as a combination of a change in appear-ts shape.ii) Similarly, changes in shape.¢ through ar-
ance and a change in shape. The effect of a change in objediculation), should not alter the appearance. Therefore, the
shape on an image can be expressed in terms of a spatial representation needs to separate appearance and shape of
image transformatios : ! acting on the underlying  the object, so that both can vary individually, i.e. the rep-
image coordinates, such that the image depicts the ob-  resentation of a part is disentangled into two components
ject with altered shape. Similarly, we denote the effect of (x) = ( (x); i(x)). Part appearance is modeled as an
a change in object appearance on an imag@es an image  n-dimensional feature vector;(x) 2 R". Whereas part
transformatiora such that the imaga(x) depicts the object  shape is modeled as a part activation mgfx) : ! R*.
with altered appearance. We visualize these maps as colored images (cf. Fig. 2, Fig.

Note that many of the image changes are local in nature,3), where each color denotes a single part activation map.
affecting only part of the image. For instance, animals may  The invariance of our representation under changes in
only move an individual body part. Similarly, only part of object appearance and shape can be summarized by the in-
their appearance may vae.g, by switching a shirt but not  variance constrain$ ;(x s)= (x) andi) ;(a(x)) =
the pants. This motivates a part-based factorization of the ;(x). In addition, changes in shape should obviously be
representation, (x) := ( 1(x); 2(x);:::)”, so that local captured by the shape representation. Thus, for spatial
changes in appearance and shape stay local and do not altéransformations we obtain the equivariance constraiijt
the overall representation. Nevertheless, global changescan;i(x s) = (x) s. The equivariance constraint simply



states that the part activation maps have to consistently track3.4. Unsupervised Learning of Part-based Shape

the object part they represent (cfi(a(x)) and ;(x s) in
Fig. 2).

3.3. Objective Function for Learning

Learning of the representationis driven by integrat-

and Appearance

Subsequently, we discuss the network architecture in
Fig. 2 for unsupervised learning of an appearance and shape
representation using the reconstruction (2) and equivariance
loss (4). Learning considers image pairs anda(x). The

ing invariance and equivariance constraints from the previ- leading design principle of our architecture is to model the
ous section into a reconstruction task. The invariance con-jj . interplay between part shape and part appearance. In

straintsi) andii) imply

()= 100 1012 i(x 9); @) (D)

inal image x from the encoded part representations
1(X); 2(X);::: using a decoddd . We seek to reconstruct

x and, simultaneously, demand the representation to obe)f1

the invariance constraints summarized in (1),

Liee= X D i(x 8); i(alx)) .. @

L
Moreover, the representation of part shapgx) should be
equivariant under deformations. However, simply minimiz-
ing equivariance on the scale of pixels, i.e.

X

i(x sl i(x)[s(u)] ; ®)

i u2

is unstable in practice and favors to the trivial solution of

uniform part activations. Therefore, we establish an equiv-

ariance loss

k [itx )] [ i(akx)) slka
i (4)
+ k[ ix 9] [ i(ax) slka;

where [ {(X)] and [ i(x)] de'gote the mean and covari-
ance over coordinates of (x)= ,, i(X)[u]. Note that
we have employed invarian@g so that we can use the same
shape encoding; (a(x)) as in (2). The overall training ob-
jective of our model is to minimize the reconstruction and
equivariance loss,

L equiv=

L = Lrec+ Lequiv:

®)

Note that object parts a priori unknown, but in order to re-
construct the object, the representationsautomatically

learn to structure it into meaningful parts which capture the malized part activation maps(a(x))=

a fully differentiable procedure equivariance of part activa-
tion maps is used to extract part appearances ftosand
assign them to corresponding image regions.in

Part Shape.In a shape stream (cf. Fig. 2), an hourglass
network [31]E learns tdocalizepartsi by means of part
activation maps ;(a(x)) 2 R" Y. The hourglass model
icely suits this task, since it preserves pixel-wise locality
and integrates information from multiple scales [31]. Multi-
scale context is essential to learn the relations between parts
and consistently assign them to an object.

Part Appearance. Let us now localize the parts by
detecting (x s) in a spatially transformed image s
using the same network (cf. Fig. 2 Appearance
Stream). To learn representations of part appearance

i(x s), gve rst stack all normalized part activations
i(x )= ,, i(x s)[ulandanimage encoding, i.e., the
output of the rst convolution lters of the networkE ap-
plied tox s. A second hourglass netwoik takes this
stack as input and maps it onto a localized image appear-
ance encodindgy, s 2 R" ¥ ". To obtain local part ap-
pearances, we average pool these features at all locations
where pari has positive activation
" T sl ((x 9],
' i(x s)[u]

Reconstructing the Original Image. Next we recon-
structx from part appearances(x s) and part activations
i(a(x)) using a U-Net [37] (cf. Fig. 2). The encoder
of the U-Net is simply a set of xed downsampling layers.
Only its decoder is learned. We approximate part activa-
tions j(a(x)) by their rsttwo moments,

i(x s)=

(6)

u2

~i(a(x))[u] = v ) u (7)
where ; and ; denote the mean andlgovariance of the nor-
wz (@)l

variance in shape and appearance. In particular, we do nofhus, extra information present in part activations is ne-
need to introduce arti cial prior assumptions about the rela- glected, forcing the shape encoder to concentrate on an
tions between parts, such as the separation constraints eminambiguous part localization (or else reconstruction loss

ployed in [58, 45]. Instead, the local modelling of the part

would increase). The second input to the decddemn

representation (cf. sec. 3.4) as disentangled components oEq. 2 are part appearancegx s). Note that ;(x s) are
shape and appearance drives our representation to meanindeature vectors devoid of localization. We exploit the fact
fully structure the object and learn natural relations betweenthat the corresponding part activationga(x)) designate

parts.

the regions of parts in imagex (cf. Fig 2) to project the






