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Abstract

This thesis aims at learning and predicting the fine-grained structure of visual
object categories given input image data. Alleviating the common require-
ment of collecting an ample amount of manual annotations, we propose sev-
eral approaches that learn given an incomplete supervisory signal.

Specifically, we begin with an analysis of the amount of supervision needed
to learn all visual variations of an object part. Motivated by the gathered
observations, a detector of semantic (i.e. nameable) parts supervised with
inexpensive web image search data is then proposed. The main challenge of
handling a significant amount of annotation noise is addressed with a novel
geometry-appearance embedding.

Moving away from semantic part detection, learning generic mid-level
elements for understanding the geometry of object categories is brought into
focus. A novel architecture that outputs a visual representation suitable for
establishing image-to-image semantic correspondences is proposed. The main
contribution consists of a new discriminability & diversity objective that facili-
tates learning of sparse image features sensitive to the changes of the geometry
of the input.

A similar feature learning machine leveraging the equivariance constraint
is later introduced. Differently from existing alternatives, we adapt the method
for the noisy settings of the training dataset by means of a novel probabilistic
introspection framework. This allows for a selective representation of image
pixels that have the potential to result in a correct match.

Inspired by the ability of deep networks to decompose an object into a con-
stellation of pixel-perfect landmarks, an opposite problem of grouping image
pixels belonging to an object is addressed. More specifically, we deal with the
instance segmentation problem using a deep convolutional architecture that
“colors” image pixels with their instance labels. Identifying the convolutional
coloring dilemma, a drawback of standard position-agnostic networks that
prevents them from solving this task, we propose a correction comprising a
novel position-sensitive semi-convolutional operator.

The last tackled task is learning 3D shapes of object categories. Inspired by
the human visual system, a deep network that learns by observing an object
category in a sequence of videos is described.

Our final contribution is a probabilistic learning scheme that increases ro-
bustness of network training and enables test-time confidence predictions. This
is achieved by explicitly modeling the distribution of training errors caused by
the insufficiencies of the model or by the noise in ground truth annotations.
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Introduction

1.1 Objective

Modern deep learning methods addressing the main perceptual computer vi-
sion tasks such as image classification [Krizhevsky et al. 2012a; Simonyan and
Zisserman 2015; He et al. 2016a], object detection [Girshick et al. 2014a; Gir-
shick 2015; Ren et al. 2016] or object instance segmentation [He et al. 2017] have
achieved great results and in some cases have even surpassed human perfor-
mance [Lu and Tang 2015]. However, such perceptual tasks are rather crude
and oblivious to the fine-grained structure of individual object categories. In our
work, we go beyond object classification and detection and achieve an in-depth
understanding of the internal structure, meaning and geometry of objects.

The fine-grained structure of an object category can be represented in many
forms. Object categories can be parsed into compositions of parts. Recent efforts
in the vision community to fuel deep machines with increasing amount of an-
notated data brought manually labeled datasets [Chen et al. 2014b] that allowed
for extraction of semantic (nameable) object parts [Hariharan et al. 2015; Wang
et al. 2015b; Zhang et al. 2014b]. However, constraining parts to represent only
the human-nameable concepts introduces a “language bottleneck” [Efros 2015]

which prevents covering all the possible variations of the visual world.
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Dropping the constraint of semanticity enables detecting the non-semantic
parts which are repeatable mid-level visual elements useful for e.g. boosting
the performance of object detectors [Felzenszwalb et al. 2008a; Fergus 2005].
Keypoints are related to non-semantic object parts and denote a location of a
mid-level visual element with the maximum possible precision by identifying a
single pixel in an image. While semantic parts explain the meaning of object cat-
egories, the non-semantic ones typically bring understanding of object geometry.
In fact, keypoints allow to establish precise image-to-image correspondences
across intra-category appearance variations allowing for multi-view category-
level 3D reconstruction [Kar et al. 2015a; Kanazawa et al. 2018], giving rise to an
explicit representation of the category shape.

However, one does not always have an access to multi-view data and must
instead only rely on single object views. Given a single image, the 3D shape of
the visible part can be described with a depth map denoting the distance of every
scene surface point from the camera plane. By utilizing hand-designed 3D CAD
models [Chang et al. 2015], a depth predictor can be extended to recover the full
3D shape of a depicted object [Choy et al. 2016b; Groueix et al. 2018] in form of a
point cloud or a voxel grid. Extracting the 3D structure from a “flat” 2D image is
inherently ill-posed and hence benefits tremendously from latent variables that
can constrain the space of shape predictions. One of such cues is an object pose
which, combined with a pose-invariant representation of the global object style,
tully specifies the complete 3D shape of the perceived object.

Understanding the fine-grained structure of object categories through parts,
keypoints, pose and partial or full 3D shape thus has many practical appli-
cations that motivate developing predictors of such representations. From a
practical standpoint, a self-evident choice for implementing the fine-grained
predictors are deep networks, the crux of modern computer vision algorithms
that have been tremendously successful on classic perceptual tasks. However,
while modern deep image classifiers and object detectors work well mainly due

the availability of large and inexpensive manually annotated datasets [Deng
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Figure 1.1: Example representations of the fine-grained object structure. From
left to right, top row: Keypoints, semantic parts; bottom row: Depth, viewpoint, 3D
shape. Each representation type is output by methods proposed in this thesis.

et al. 2009; Lin et al. 2014], part and 3D shape predictors are far from enjoying
this benefit. For instance, the number of annotated poses in the largest category-
centric 3D dataset [Xiang et al. 2014] is roughly two orders of magnitude lower
than the number of class annotations in the popular ImageNet image classifica-
tion dataset [Deng et al. 2009].

In fact, the significant cost of manually collecting part and 3D annotations
constitutes the biggest roadblock on the way to large-scale understanding of
tine-grained structure of object categories. Combined with the fact that for some
tasks, such as depth prediction, acquiring dense and accurate human annota-
tions is nearly impossible, less supervised alternatives have to be considered.
Hence, in this thesis we restrict ourselves to approaches that learn the structure

of objects, inexpensively, from incomplete supervision.
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1.2 Thesis outline

A brief overview of the thesis content is presented in this section. We start by
conducting an initial analysis of the amount of supervision needed to learn the
detailed structure (parts) of object categories. Motivated by the observations
about generalization capabilities of deep nets, we then tackle the task of learning
semantic object parts using web images as a source of inexpensive but noisy
supervision. The ensuing sections shift from analyzing semantic parts towards
learning geometry-aware features with a set of diversified discriminative feature
detectors or through a novel robust probabilistic matching framework. It is later
demonstrated that the insights gathered during learning such features could be
exploited to boost the performance of instance segmentation algorithms. The
final contribution is a novel deep framework for predicting the 3D structure
of object categories which is cued solely by observing objects from a moving

vantage point.

1.2.1 Seeking the limits of supervision

As outlined above, the main goal of this thesis is to “learn more with less” using
deep networks. While such goal seems well motivated, it is meaningful to first
analyze the actual amount of supervisory data needed in order to obtain com-
petitive performance within the classical fully supervised setup. Observing that
deep nets posses significant generalization capabilities given a small number of
annotated samples can then motivate lighter, less supervised approaches.
While it is possible to search for a limit of supervision in the context of many
different machine learning tasks, in chapter 3 we conduct such analysis for object
part detectors. This not only follows the main theme of the thesis, but is also
strongly motivated by the fact that parts are a good candidate for patterns that
are learnable given a limited supervision. In fact, parts are often defined as
visuals elements that are shareable across instances of the same if not different

object categories. It is not obvious, though, whether each part occurrence can
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Figure 1.2: Parsing an object into its semantic parts. Chapter 4 addresses learning
detectors of human-nameable parts using web supervision.

be detected based on complex semantic cues (e.g. a “door handle” has always
the same function despite its shape) or whether the part is mostly defined by
its appearance (e.g. the discriminative feature of different animal “eyes” could
be the iris which has a fairly similar appearance in all cases). The latter would
conveniently entail that object parts can be learned in an unsupervised fashion
simply by observing images of instances of object categories. By supervising a
deep part predictor with image-based appearance annotations, which are free
of the semantic information, we asses the existence of this desired appearance-
driven part shareability.

Chapter 3 provides such analysis by studying the limit of supervision on the
task of detecting “foot” and “eye” parts of animals. For this purpose, we con-
tributed with a novel dataset because existing alternatives were found unsuit-
able. Furthermore, it also proposes a novel active-transfer learning method that
is designed to boost the generalization capabilities of a baseline deep part detec-

tor.

1.2.2 Webly supervised learning of object parts

Motivated by the results from chapter 3, in chapter 4 we focus on learning the

semantic object parts from incomplete supervision. More specifically, the goal
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is to detect occurrences of different object parts inside images of their parent
object categories (fig. 1.2). While fully supervised approaches exist [Chen et
al. 2014b; Chai et al. 2013; Wang et al. 2015a], the cost of collecting the part
annotations is preventing their deployment at a larger-scale. In fact, to the best
of our knowledge, only a single large-scale dataset of generic part annotations
exists to this date [Chen et al. 2014b].

Although large clean datasets are hard to collect, we can consider noisy but
inexpensive alternatives. To this end, chapter 4 uses images retrieved by web
image-search engines in order to supervise the part detection task. Unfortu-
nately, the noisy nature of the retrieved image data in combination with the
large appearance variations of the semantic object parts makes the separation of
the part occurrences from an irrelevant background visual signal extremely chal-
lenging.

The main insight of our approach from chapter 4 is that, while it is hard to de-
tect the semantic nameable parts, it might be much easier to drop the constraint
of nameability and first mine for non-semantic mid-level visual elements that
can be detected repeatably and reliably across the set of noisy web images. These
parts, termed anchors, constitute a cornerstone of a novel geometry-appearance

embedding that allows for more robust detection of the semantic parts.

1.2.3 Weakly-supervised learning of geometry-sensitive fea-
tures

Learning semantic part detectors is important for grounding occurrences of human-
defined concepts in images. Unfortunately, the limited number of the nameable
visual element categories significantly constrains the amount of information that
can be extracted from our visual surroundings. Instead, we can focus on detect-
ing more generic visual elements that cannot be easily described with language.

A prominent example of such elements are category-specific keypoints (e.g.

human skeleton points [Ramanan 2006] or rigid object points [Xiang et al. 2014]).
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Figure 1.3: Geometry-sensitive features from AnchorNet. Each row depicts a
response of a single unsupervised feature detector produced by the AnchorNet architecture
from chapter 5. Note that each detector consistently attends to a single mid-level visual
element.

Their main use-case is an establishment of pixel-perfect correspondences be-
tween views of different instances of an object category. Being able to tackle this
task, also known as semantic correspondence [Liu et al. 2011], admits solving chal-
lenging problems such as category-specific 3D shape learning [Kar et al. 2015a]
or inter-image transfer of different pixel-wise annotation types [Liu et al. 2011].

A defining property of keypoints is their sensitivity to the geometry of a con-
sidered category. More specifically, assuming that an object category shares a
common geometric reference (e.g. a 3D human skeleton), a keypoint detector
responds to each image-specific realization of a distinct location from the refer-
ence (e.g. a detects a wrist in each image of a human). Such requirement of a
detectability across all instances of a category implies invariance of keypoints to
intra-category appearance variations.

Despite the proven advantages of keypoints, defining them as 2D image
locations might be too restrictive. For instance, a nose, an essential part of
the geometric coordinate frame of a human face, cannot be represented with
a single image point. Instead, other geometric primitives, such as lines or small-
scale image segments, can be imagined to strike the intriguing balance between

geometry-awareness and the invariance to appearance changes.
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In chapter 5 we present a framework for detecting such mid-level geometry-
sensitive features without constraining their form to image points. Crucially, we
show that the features allow reliable pixel matching across different instances of
object categories, just as keypoints do.

While accurate detection of the geometry-sensitive features can be achieved
with fully-supervised keypoint detectors [Tulsiani and Malik 2015; Choy et al.
2016a], here, we are again interested in a less costly setup without detailed man-
ual annotations. Our goal is to utilize the popular, inexpensive and abundant
image-level classification labels [Deng et al. 2009; Everingham et al. 2011].

Surprisingly, the standard practice of using intermediate features from a pre-
trained deep image classifier is inferior to existing hand-coded alternatives such
as HoG [Dalal and Triggs 2005a] or SIFT [Lowe 2004a]. Chapter 5 first hypothe-
sizes that the main reason is the geometric invariance acquired as a by-product
of optimizing a global image-classification loss. We then proceed with defining
a learning setup that removes the harmful invariance in favor of an increased
geometric sensitivity of the features. More specifically, this was achieved with a
simple pair of constraints enforcing simultaneous discriminability and diversity

(D&D) of the trained representation.

1.2.4 Self-supervised learning of geometry-sensitive features
through probabilistic introspection

Apart from the combination of discriminability and diversity in chapter 5, sev-
eral other constraints facilitating geometric feature learning exist. Namely, self-
supervised equivariant feature learning from [Rocco et al. 2017; Lenc and Vedaldi
2016; Thewlis et al. 2017a] was shown to produce descriptors suitable for differ-
ent kinds of geometric tasks. Note that, in case of D&D, the geometric awareness
of the learned features is more of an emergent property rather than a direct
consequence of optimizing the objective function. This is contrasted with the

equivariance constraints [Rocco et al. 2017; Lenc and Vedaldi 2016; Thewlis
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Figure 1.4: Simultaneous learning of a feature detector and descriptor. The
probabilistic introspection framework from chapter 6 enables self-supervised learning of
geometry-aware features with keypoint-like responses (left) and, simultaneously, learning
of a confidence map that highlights interesting foreground patterns (right).

et al. 2017a] which directly steer the feature space to transform with the trans-
formations of the input images, inherently achieving geometric sensitivity. As
a result, compared to D&D, equivariance allows for more precise localization
of the produced features.

Chapter 6 shows that the increased precision of equivariant features comes
at the cost of lower robustness to background clutter and viewpoint changes.
Seeking to alleviate this drawback, we propose a novel probabilistic introspec-
tion framework which is capable of simultaneous learning of feature descriptors
as well as predicting their reliability. This way, it is possible to reject irrelevant
background descriptors and focus on learning geometric features of relevant
object categories in an annotation-free manner.

An important empirical observation in chapter 6 is that, although the pro-
posed probabilistic introspection objective is in its essence a variant of a match-
ing loss, the output feature responses resemble highly localized keypoint detec-
tors. This indicates an existence of a duality between learning to match and

learning to detect keypoints.

1.2.5 Semi-convolutional operators

Chapters 5 and 6 proposed two different ways of decomposing images of object
categories into a set of well-localized visual elements that resemble keypoints.

A remarkable feature of keypoints is their ability to be predictive of an extent
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of the object category they belong to. This property was exploited in the sem-
inal work of Lowe [1999] where votes from several potential object keypoints
were accumulated using a hough-voting scheme in order to localize their cor-
responding objects.

In chapter 7, we revisit this object localization paradigm. More specifically,
we tackle the task of instance segmentation as, arguably, it is currently the most
challenging form of an object localization task. Similar to the hough voting
scheme of Lowe [1999], our proposed solution predicts pixel-wise embeddings
that uniquely identify their parent object. Differently from [Lowe 1999], we
utilize deep networks - the workhorse of computer vision which, unfortunately,
Lowe could not ride in 1999.

While similar formulations were addressed before [De Brabandere et al. 2017;
Newell et al. 2017], our main contribution is identifying one of the reasons why
these works were unable to outperform other instance segmentation paradigms.
This obstacle, termed the convolutional coloring dilemma, is connected to the trans-
lation invariance of the convolutional operators, the main building blocks of
modern deep architectures. We consequently propose semi-convolutional oper-
ators, a fix that breaks the translation invariance by making the network outputs

position-sensitive.

1.2.6 Capturing the geometry of object categories from
video sequences

An important way of representing the structure of an object category is by ana-
lyzing its shape in the 3D space. Having the ability to perform category-specific
3D reconstruction finds many applications such as helping robots to interact
with their surroundings, driving autonomous cars through complex environ-
ments or automatic lifting of movies to three dimensions.

Reconstructing the geometry of an object can be addressed with mature tech-
nologies such as structure-from-motion (SfM). The latter does so by exploiting

optical constraints of a multi-camera system that observes a given scene from
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Figure 1.5: Single-view 3D shape estimate of VpDR-Net. Chapter 8 introduces
a novel deep architecture, called VpDR-Net, capable of inferring a complete 3D shape of
an object (2nd to 4th column) given a single partial view (1st column).

multiple views. This makes such approach inconvenient for our task since these
constraints are scene-specific and, as such, do not contain any information about
the geometry of the considered object category. Instead, in order to enforce the
understanding of the 3D geometry on the level of object categories, we address
the task of estimating 3D properties from a single view of an object. Estimating
3D from a single 2D image is an ill-posed problem and, therefore, cannot be
tackled with a prior-less approach such as SfM. Instead, models that discover
and learn category-specific shape regularities have to be employed.

Following the main narrative of the thesis, we are again facing a problem
that is often addressed using an expensive manually annotated dataset (e.g. 3D
CAD models [Chang et al. 2015] or manual annotations [Xiang et al. 2014]). We
thus propose a solution that significantly decreases the level of supervision by
inspiring ourselves with the human visual system. Arguably, humans learn
the geometry of object categories by experiencing a sequence of images of an
object undergoing a motion. By stitching these individual views together, hu-
mans separately reconstruct each scene. They later setup a common geometric
reference by collectively analyzing different instances of an object category. In
chapter 8 we mimic this learning process by first leveraging SfM for the ini-
tial scene reconstruction step. Afterwards a deep architecture that aligns and
represents objects in an implicit geometric reference frame of the considered

category is proposed. In practice, this approach only requires sufficient number
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of videos capturing different objects of the same visual class. Hence, no manual

annotations are needed.

1.3 Contributions

This section briefly summarizes the main contributions of this thesis.

Active-transfer learning Chapter 3 describes a learning setup which is a mix
of active and transfer learning frameworks. It proposes a novel method,
dubbed auto-validation, that learns a weighted ensemble of domain specific
classifiers in order to increase invariance to domain shifts. The latter is
seamlessly connected to an active learning sampler that relies on measur-
ing the disagreement of the individual members of the ensemble. Auto-
validation outperforms other alternatives on a publicly available bench-

mark.

Animal Parts dataset In order to seek the limits of supervision in chapter 3,
we collected a novel dataset that is suitable for analyzing active and trans-
fer learning methods. It comprises eye and foot keypoint annotations for
15K images of 100 animal classes from the “vertebrate” subtree of the Im-
ageNet dataset [Deng et al. 2009]. It is freely available at http://www.

robots.ox.ac.uk/~vgg/data/animal_parts/

Webly-supervised part learning Chapter 4 describes a novel method for pars-
ing objects into semantic parts. The proposed weakly supervised part
detector is trained via a multiple instance learning SVM formulation that
utilizes a novel geometry-appearance embedding. The geometric part of the
embedding relies on a set of non-semantic part detectors that serve as
anchors which help with localization of the semantic parts. State-of-the-
art results are reported on public datasets for the semantic matching, part-

based image classification and part detection tasks.
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IoU is a positive-definite kernel An important theoretical result from chap-
ter 4 is the proof of positive-definiteness of the intersection-over-union
similarity measure. Recognizing this property was important to enable

the construction of the novel geometry-appearance embedding.

Weakly-supervised geometric feature learning A novel deep architecture,
termed AnchorNet, is presented in chapter 5. It is trained with a pair of
discriminability and diversity objectives that improve the quality of deep
features for geometry-related tasks. Importantly, this is achieved with
image-level supervision only. It is demonstrated that the features extracted
from the proposed architecture significantly improve the performance of

methods that estimate semantic correspondences.

Probabilistic instrospection Similar to AnchorNet, chapter 6 revisits learning
of geometry-sensitive features. Dropping the discriminability and diver-
sity objectives, we utilize equivariance constraints and train a deep archi-
tecture in an annotation-free, self-supervised fashion. One of the key con-
tributions is a probabilistic introspection mechanism that allows to auto-
matically identify distinctive features that are likely to result in a correct

match.

Resolving the coloring dilemma with semi-convolutions In chapter 7 we in-
troduce the convolutional coloring dilemma, a formalization of an obstruction
that prevents convolutional architectures from performing well on the in-
stance segmentation task. Later, a replacement of a convolutional operator,
termed a semi-convolutional operator, that aims to resolve the conundrum is
introduced. It is demonstrated that a deep architecture enhanced with the
novel operator yields state-of-the-art results on the Pascal VOC instance

segmentation task.

Learning 3D object categories by looking around them Chapter 8 presents
the first approach that learns monocular 3D shape predictor solely by ob-

serving real instances of object categories from a moving camera. The
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key novel components are a viewpoint factorization network for dealing with
ambiguous structure-from-motion supervision and a point cloud completion
network which represents 3D shape as a probability distribution over a

flexible occupancy grid.

Probabilistic learning framework Finally, a generic probability-based frame-
work for measuring uncertainty of deep predictors is proposed. Apart
from an assessment of output confidences, it provides a robust learning
formulation that explicitly represents and discards noisy ground truth sam-
ples. Different variants of the proposed probabilistic learning are employed

in chapters 6 and 8.
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Background

The contents of chapters 3 to 8, that thoroughly describe our contributions, are
related to many branches of computer vision. Following the ordering of these

chapters, an overview of the relevant literature is given below.

2.1 Active-transfer learning

Chapter 3 introduces a domain-invariant keypoint detector trained under lim-
ited supervision. The existing methods related to the relevant theoretical frame-

works (active learning and domain adaptation) are reviewed in this section.

2.1.1 Active learning

As briefly mentioned above, chapter 3 focuses on scenarios where an annotation
budget is assumed. Such tasks are mostly formulated as active learning prob-
lems.

The following paragraphs provide an overview of active learning and its
applications in computer vision. Active learning [Cohn et al. 1994] differs from
the standard inductive learning scenario by allowing an algorithm to choose
which data samples should be included in the training process. Usually, active

learners alternate between two stages. The first employs a sampling component

17
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which analyzes a large pool of unlabeled training examples and subsequently
instructs an annotation oracle to label a fixed-size subset of the examples. In the
second stage, a learning algorithm is retrained given the sampled training set.
The allowed number of sampled annotations is increased in every round and
the goal is to mine annotations such that the performance of the learner on a
held-out test set increases at the fastest possible pace.

The selection of the sampling algorithm is an important design choice. A typ-
ical active learner defines an expected risk function and aims to minimize it by
means of the sampler. For instance, the uncertainty principle [Tong and Koller
2002] minimizes the maximum expected risk by sampling examples which the
learner is the least certain about. Additional selection strategies include diver-
sity [Joshi et al. 2009] or relevance [Vendrig et al. 2002].

In the context of computer vision, active learning is a well researched topic.
Oldest works focused mainly on image classification or object retrieval and uti-
lized SVM or adaboost based classifiers in combination with the uncertainty
samplers [Kapoor et al. 2007; Qi et al. 2008; Holub et al. 2008; Collins et al.
2008]. Subsequent methods aimed at retrieving different levels of annotations
at once. For example, [Vijayanarasimhan and Grauman 2009] estimates a cost of
different types of annotations and then modulates an expected risk function by
it. Russakovsky et al. [2015] design a generic framework aiming at uniformly
annotating as many examples in each image as possible. Wah et al. [2011b]
proposed a human-assisted active learning approach. [Parkash and Parikh 2012]
leverage additional information from different annotation types to improve the

convergence properties of the active learner.

2.1.2 Domain adaptation

Chapter 3 addresses learning detectors of animal parts that are shared across
a large variety of different species. Intuitively, a successful detector has to be
capable of bridging the large intra-species appearance variations. By treating

individual animal species as data “domains”, we can pose the problem as an
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instantiation of the domain adaptation framework. An overview of the relevant
literature is presented in this section.

Domain adaptation (DA) [Daume III and Marcu 2006] seeks to learn classi-
fiers that account for a shift between different distributions within the training
data. A standard assumption is that the train data consist of a pair of distri-
butions called the Source and Target domains (Dg and Dy respectivelly). The
domains are further characterized by the amount of supervision available. Typ-
ically all the samples from the source domain Dg are labeled while there are
various setups for the target domain. In the unsupervised DA, none of the
labels from the target domain are available. Semi-supervised DA assumes an
availability of labels for a subset of D7. A detailed overview of DA approaches
is present in [Csurka 2017].

DA has been tackled for the first time in computer vision by Saenko et al.
[2010]. Later on, the problem received a lot of attention. A notable line of work
was based on projecting features to a set of subspaces spanned by points on a
Grassman manifold [Gopalan et al. 2011; Gong et al. 2012]. In a similar spirit,
[Ni et al. 2013] learns projections on intermediate dictionaries located between
Dg and Dy. Two approaches that learn a linear transformation using a simple
alignment procedure of Dg and Dy were introduced in [Fernando et al. 2013;
Sun et al. 2016]. A more complex method that learns feature projection to a com-
mon domain-invariant space by minimizing the maximum-mean-discrepancy
(MMD) was described in [Baktashmotlagh et al. 2013]. Other works [Hoffman
etal. 2013; Yang et al. 2007] proposed modifications of SVM classifiers to account
for the domain shift.

Deep DA approaches emerged soon after the success of AlexNet [Krizhevsky
et al. 2012b]. Chopra et al. [2013] presented an architecture that was first pre-
trained in an unsupervised fashion to account for the domain shift and then
discriminatively finetuned. Tzeng et al. [2015] and Ganin and Lempitsky [2015]
introduce a domain confusion classifier which facilitates the domain invariance

of the learned representations. [Tzeng et al. 2014] uses a multiple kernel variant
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of the MMD loss to make the final layers of their CNN architecture insensitive
to the domain shift.

2.2 Learning object parts with weak supervision

A novel webly supervised approach for parsing objects into semantic parts is
presented in chapter 4. In order to present relevant literature, below, we firstly
discuss methods that utilize web supervision. Since our method is a variant of a
weakly supervised detector, weakly supervised recognition systems are revised

in section 2.2.2. Finally, a brief overview of semantic part detectors is given.

2.2.1 Learning from web supervision

Modern deep learning algorithms have achieved great results also due to the
emergence of large annotated datasets such as ImageNet [Krizhevsky et al. 2012b]
or MS COCO [Lin et al. 2014]. However, collecting such vast amount of data
requires a large annotation effort. For instance authors of [Krizhevsky et al.
2012b] claim that it “is already the largest clean image dataset available to the
vision research community, in terms of the total number of images, number of
images per category as well as the number of categories with 50 million cleanly
labeled full resolution images”.

Several works proposed to minimize the amount of required supervision.
One-shot learning [Fei-Fei et al. 2006; Aytar and Zisserman 2012] considers a
learning setup with a single available strong annotation per class. Zero-shot
learning [Lampert et al. 2009; Parikh and Grauman 2011] uses attribute-based
supervision to discover previously unseen object classes. Perhaps the most read-
ily available source of annotated visual data is the world-wide-web. With the
proliferation of hand-held image capturing devices, the amount of visual data
available in various locations of the internet became nearly infinite. While the
relevance of images retrieved by the most profound search engines such as
Google or MS BING is far from being perfect, the amount of required explicit

supervision shrinks only to designing the text query phrases.
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In 2004, Fergus et al. [2004], extended the constellation model [Fergus et al.
2003] to re-rank Google image search results. Differently from then language-
based Google image search, the re-ranking system was working on the basis of
visual cues. The method was further improved in [Fergus et al. 2005]. Later,
Schroff et al. [2007] combined visual features with the textual ones to improve
the re-ranking performance.

Approaches from [Li et al. 2007; Berg and Forsyth 2006] introduced the con-
cept of alternating between identifying clean web images and retraining classi-
tiers on those. Vijayanarasimhan and Grauman [2008] formalized this algorithm
as a sparse MIL classifier whose optimization resembled the MI-SVM concave-
convex procedure [Andrews et al. 2002]. Fergus et al. [2009] presented a semi-
supervised framework based on graph laplacians to clean up huge noisy col-
lections of web images. Similarly, Bergamo and Torresani [2010] proposed a
domain transfer approach to webly supervised image recognition.

Tang et al. [2014] recently introduced a co-localization approach applicable
for the noisy web images. It comprises a quadratic programming problem that
picks the most representative bounding box in each image. A limitation are
significant memory requirements which scale quadratically with the number of
bounding boxes that are being co-localized.

Divvala et al. [2014] aim to cover the visual variance of as many visual con-
cepts as possible with a webly supervised method. The algorithm achieves
this goal by identifying a set of visually salient adjectives for each object query
phrase a then using those adjectives to query clean images for supervising ob-
ject detectors. Quantitative results are reported for object detection and action
recognition tasks.

Closely related to our work, the never ending image learner (NEIL) [Chen
et al. 2013] aims to harvest common sense knowledge from web images. The
approach alternates between training a set of ELDA [Hariharan et al. 2012] de-

tectors on a set of retrieved images for a given query phrase, clustering the
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Figure 2.1: Never Ending Image Learner. Chen et al. [2013] learn visual concepts
from unconstrained web image data by alternating between clustering images to infer new
visual categories, training category detectors and inferring visual relationships between
the visual concepts. Figure taken from Chen et al. [2013].

detector responses to obtain new object instances and mining new types of re-
lationships between these objects. The approach is capable of identifying 4 dif-
ferent relationship types including the “part-of” relationship. This relationship
is modeled rather vaguely by averaging the relative positions and scales of the
parts and their parent objects. The quality of the discovered relationships is
not quantitatively assessed.

The robustness of deep classifiers to annotation noise motivated their use
for webly supervised learning. Chen and Gupta [2015] first learn an image
classification network from scratch using pure web supervision followed by esti-
mating a class confusion matrix on the training set. Features from the pretrained
network are later used for training object detectors that are later evaluated on
an object detection task. The problem of webly supervised co-segmentation has
been studied in [Kim and Xing 2012; Rubinstein et al. 2013; Izadinia et al. 2015].
All the approaches report semantic object segmentation results.

To conclude, there exists a plethora of methods that perform webly super-
vised image classification, object detection or segmentation. With the exception

of [Chen et al. 2013] none of the methods targets webly supervised parsing
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of objects into semantic parts. To the best of our knowledge, at the time of
the submission of [Novotny et al. 2016b] there did not exist any webly super-
vised method (including [Chen et al. 2013]) that provides quantitative results
for the object part localization task. After the publication of [Novotny et al.
2016b], the task of webly-supervised part learning was revisited in [Modolo
and Ferrari 2018].

2.2.2 Weakly supervised image recognition

Since chapter 4 formalizes the addressed webly supervised recognition task as
an instance of weakly supervised object localization, the relevant literature is
discussed below.

Weakly supervised object localization (WSOL) problems consider learning
models with incomplete supervision in form of image-level annotations which
denote a presence of an object category. The problem can be further categorized
as follows: (a) weakly supervised object detection (WSOD) [Nguyen et al. 2009;
Pandey and Lazebnik 2011; Deselaers et al. 2012a; Wang et al. 2014; Hoffman
et al. 2014; Hoffman et al. 2015; Cinbis et al. 2015; Bilen and Vedaldi 2015]
accepts a list of images together with binary labels indicating presence of an
object class and outputs an object detector; (b) co-detection (co-localization) [Joulin
et al. 2014; Tang et al. 2014; Ali and Saenko 2014; Shi et al. 2015] considers a list
of images that contain at least one instance of a given object class and outputs
a location of each instance. (c) co-segmentation [Joulin et al. 2010; Vicente et al.
2011; Joulin et al. 2012; Rubinstein et al. 2013] assumes the same input as co-
detection, but produces foreground /background segmentation masks for each
input image. As our work considers bounding boxes as an output, we discuss
only co-localization and WSOD.

The most common formulation of the weakly supervised object localization
is via the multiple instance learning framework (MIL) [Dietterich et al. 1997]. In
this scenario, instead of having access to explicit labels of each training sample,

labels are assigned to “bags” of instances.
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The first method that framed weakly supervised object localization as a MIL
problem was authored by Maron and Ratan [1998]. They proposed the Diverse
Density algorithm [Maron and Lozano-Pérez 1998] to address recognition of nat-
ural images. Although the MIL formulation of WSOL prevailed in the commu-
nity, the actual Diverse Density algorithm was abandoned in favor of the struc-
tured output SVM [Yu and Joachims 2009] or MI-SVM [Andrews et al. 2002] for-
mulations.

Nguyen et al. [2009] were among the first to propose to use MI-SVM for
WSOD. Blaschko et al. [2010] used structured output SVMs for WSOD. In [Pandey
and Lazebnik 2011], the DPM LSVM formulation [Felzenszwalb et al. 2008b] was
adjusted to leverage only image-level labels for WSOD. Li et al. [2013] utilized
mi-SVM [Andrews et al. 2002] on top of BoV features to train webly supervised
object detectors for localization of semantic mid-level elements. “Object centric
pooling”, introduced by [Russakovsky et al. 2012], uses foreground-background
descriptors in combination with MI-SVM to improve detection performance.

Several works have investigated possible improvements to the crucial initial-
ization step of MIL detectors. The standard practice [Russakovsky et al. 2012;
Pandey and Lazebnik 2011] is to initialize the representatives of positive bags
to bounding boxes covering whole images. Methods from [Siva et al. 2013;
Deselaers et al. 2012b] utilize saliency/objectness measures to indentify likely
foreground objects. Multifold-MIL [Cinbis et al. 2014] performs relocalizations
and training on independent training data folds.

Smooth relaxations of the non-differentiable LSVM objective function were
also proposed. Song et al. [2014] used Nesterov’s smoothing [Nesterov 2005],
while Bilen et al. [2014] relaxed the max function with the softmax approxima-
tion.

Motivated by the success of CNNs on the object detection task [Girshick
et al. 2014b], deep features have been adopted for weakly supervised object
detectorion. Works from [Wang et al. 2014; Bilen et al. 2014; Song et al. 2014]
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Figure 2.2: Weakly Supervised Deep Detection Network (WSDNN) jointly learns
a region selector and classifier from data weakly annotated with image-level labels. Figure
taken from [Bilen and Vedaldi 2015].

combined pre-trained deep features with the MIL framework. An early end-
to-end trained deep approach was proposed by Oquab et al. [2015]. However,
the method was only capable of correctly selecting the most discriminative pixel
within each object instance. Recently, Bilen and Vedaldi [2015] surpassed the
results of the MIL trained pipelines with an end-to-end trained CNN (fig. 2.2).
The cascaded architecture from [Diba et al. 2017] later recorded quantitative

results superior to [Bilen and Vedaldi 2015].

2.2.3 Semantic part detection

Chapter 4 proposes a method that addresses detection of semantic (nameable)
parts. Although, as outlined above, the webly supervised approaches to this
task have not been closely explored before, here we give a brief overview of
the fully-supervised ones.

There is a large body of work related to semantic part detection. The field
with the highest attention is probably pose-estimation. Some notable approaches
are [Yang and Ramanan 2013; Toshev and Szegedy 2014; Tompson et al. 2014;
Bourdev et al. 2010]. However we will not discuss these in detail as they are
significantly class-specific and do not fit into our generic object part detection
scenario. Similarly, there exists a plethora of methods on detecting parts of

birds [Wah et al. 2011a].



20 2.3. Geometry-aware representations

Earlier generic approaches adopted the famous DPM framework for part
detection [Zhang et al. 2013; Chai et al. 2013]. With the proliferation of deep
networks, Zhang et al. [2014a], Gkioxari et al. [2015], and Simon and Rodner
[2015] replaced the hand-coded appearance descriptors with pre-trained deep
features and combined them with a simple deformation model.

Closer to our work, strong DPM [Azizpour and Laptev 2012] was one of
first methods that targeted generic detection of animal parts. Later, [Chen et al.
2014a] used a CRF part-based detector to approach a similar task. Hariharan
et al. [2015] and Wang et al. [2015a] proposed different CNN architectures for

semantic animal part segmentation.

2.3 Geometry-aware representations

Chapters 5 and 6 propose novel strategies for learning geometry-aware feature
representations. To put these works into a context, several relevant image repre-
sentations are reviewed in this section. First, an overview of traditional hand-
engineered and learned features for pixel-wise matching is presented. More
related to our task of semantic correspondence, existing approaches for unsu-

pervised learning of mid-level elements of object categories are then revised.

2.3.1 Features for dense correspondence

Early hand-engineered features, such as SIFT [Lowe 2004b], HoG [Dalal and
Triggs 2005a], SURF [Bay et al. 2008] or Daisy [Tola et al. 2010] accumulated
low-level cues (e.g. distributions of image gradient [Dalal and Triggs 2005b;
Lowe 2004b] or responses to a Haar wavelet basis [Papageorgiou et al. 1998]) in
local neighborhoods of an image point. In order to achieve (limited) invariance
to viewpoint changes, patches have been cannonicalized by e.g. finding the
dominant gradient orientation [Lowe 2004b].

Learned alternatives to the hand-crafted descriptors have been later proposed.
A convex descriptor optimization framework was introduced in [Simonyan et al.

2014]. The recent success of deep learning brought approaches trained on large
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amounts of annotated data. MatchNet [Han et al. 2015] proposed a siamese
architecture followed by a network that learns a pairwise descriptor similarity
metric. Concurrently, Zagoruyko and Komodakis [2015] explored several other
variants of this deep architecture. Instead of learning a separate similarity pre-
dictor, Simo-Serra et al. [2015] directly embedded pixels into an Euclidean space
which makes the representation applicable for a larger variety of tasks. The
approach from [Simo-Serra et al. 2015] was later improved in [Yi et al. 2016]
by adding differentiable patch-normalization layers. A similar architecture was
later adopted for the semantic matching task in [Choy et al. 2016a].

One of the heftiest challenges of descriptor learning is the selection of rele-
vant training pairs/triplets from the vast quantity of available examples. Im-
proving the learning dynamics, Mishchuk et al. [2017] attained state-of-the-art

results with a novel hard-negative mining strategy.

2.3.2 Data-driven feature learning

While the previous section discussed either hand-engineered representations
or those which are trained from annotated datasets, here, unsupervised data-
driven approaches that discover useful visual patterns are reviewed. The feature

learning methods proposed in chapters 5 and 6 are members of this category.

Parts. In order to mine for mid-level visual patterns, various types of con-
straints have been proposed. Perhaps the most obvious property of a useful
mid-level element is its “representativeness”, i.e. frequent occurrence in the
visual world. Several clustering algorithms that identify frequently occurring
visual patterns are standard components of part discovery approaches [Doersch
et al. 2013; Li et al. 2015b; Sun and Ponce 2015; Doersch et al. 2015].

The predictability of the corresponding parent object class denotes another
popular constraint. An empirical loss term which favors discriminative parts
was employed in representative part-based detection/classification approaches

such as [Felzenszwalb et al. 2010a; Juneja et al. 2013; Doersch et al. 2013; Bossard
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et al. 2014]. A recent contribution from [Bristow et al. 2015] highlights discrimi-
native features in an image using a swiftly trained LDA classifier.

A stable geometric arrangement is another potential sign of an informative
visual pattern. In the context of object detection, part constellations [Fergus
et al. 2003] disambiguate between seldom noisy background regions and geo-
metrically stable part occurrences. Notable approaches that utilize an explicit
geometry model are [Felzenszwalb and Huttenlocher 2003; Felzenszwalb et al.
2008b; Zhang et al. 2014a; Yang and Ramanan 2013; Chen et al. 2014a]. Similarly,
Singh et al. [2012] and Yang et al. [2012a] discover “doublets” (first introduced
in [Sivic et al. 2005]) of co-occurring parts. Geometric arrangements can be
also mixed with self-similarity in the appearance space, giving rise to the self-
similarity descriptor [Shechtman and Irani 2007]. Its deep variant was later

proposed in [Kim et al. 2017] for the semantic matching task.

Learning via auxiliary tasks. While early approaches for data-driven fea-
ture learning have mostly focused on variants of discriminative clustering with
additional geometric constraints, the remarkable ability of modern deep archi-
tectures to learn highly non-linear mappings brought a plethora of new possibil-
ities. Several works have defined a discriminative auxiliary objective that, once
optimized, leads to well-performing representations at a limited annotation cost.

Perhaps the most readily available auxiliary task is image classification. In-
deed, features from intermediate layers of pre-trained deep image classifiers
have been successfully transfered to other tasks such as instance retrieval [Tolias
et al. 2015], object detection [Girshick et al. 2014c] or fine-grained image classi-
tication [Azizpour et al. 2015]. Regarding the geometric tasks, an evaluation
of pre-trained image classification features on the classic descriptor matching
is provided in [Fischer et al. 2014]. More related to our problem of semantic
matching, Long et al. [2014] analyzed performance of deep features for category-
specific keypoint detection and semantic correspondence estimation. Surpris-

ingly, they have not recorded a significant improvement over hand-engineered
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Figure 2.3: Learning representations by predicting context. Doersch et al. [2015]
propose a self-supervised network that learns by guessing a relative position between two
randomly sampled image patches. Figure taken from Doersch et al. [2015].

alternatives (SIFT). This observation constitutes one of the motivations for the
feature learning architecture proposed in chapter 5.

Apart from image classification, many different auxiliary tasks were recently
proposed. Dosovitskiy et al. [2014] instructed their network to discriminate
between surrogate categories, each formed by a set of random warps of a sin-
gle image patch. Inspired by the skip-gram models in the natural language
processing community [Mikolov et al. 2013], discovering features with a sta-
ble visual context was developed by Doersch et al. [2014]. This method was
further simplified and improved with deep networks in [Doersch et al. 2015].
Similarly, Noroozi and Favaro [2016] train a network to re-assemble shuffled
image patches. Other color-based sources of supervisory signal include image
colorization [Zhang et al. 2016] or inpainting [Pathak et al. 2016]. Steering a net-
work towards understanding how temporal constraints manifest in videos gives

rise to a convenient video representation [Misra et al. 2016; Fernando et al. 2017].

Equivariant features. Recently, several works addressed learning image rep-

resentations that are equivariant with geometric transforms of an input image.
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Schmidt and Roth [2012] and Kivinen and Williams [2011] alternated the con-
volutional Restricted Boltzmann Machines [Lee et al. 2009; Norouzi et al. 2009]
to make them equivariant with image rotations and translations. Jayaraman
and Grauman [2015] proposed a deep convolutional network that produces a
global representation equivariant with more plausible image transformations
generated by a camera ego-motion.

More related to the probabilistic introspection framework from chapter 6,
[Lenc and Vedaldi 2016] learned a deep siamese architecture for local feature de-
tection by enforcing equivariance of the detector response with synthetic image
transformations. While the network from [Lenc and Vedaldi 2016] relies on the
LoG operator [Lowe 1999] for initial filtering of interest points, Quad-networks
[Savinov et al. 2017] overcome this drawback by learning the detector from
scratch by enforcing stable ranking of detections under image transformations.

Unsupervised learning of category-specific keypoints has been addressed in
[Thewlis et al. 2017a]. Here, feature detectors are constrained to have a peaky
response which transforms according to the transformations of an input image.
This equivariance constraint is enforced by utilizing a synthetically generated
dataset of image pairs with a known ground truth optical flow between them. In
more detail, each image in a large dataset biased towards a single object category
(e.g. faces of humans or cats) is transformed twice using a randomly gener-
ated image transformation. The ground truth pairwise flow is then determined
by composing the two transformations. Remarkably, despite the lack of cross-
instance training correspondences, the network learns fully-fledged landmark
detectors that are invariant to inter-category appearance variations.

Arguably, one of the main motivations of representing mid-level image fea-
tures with keypoints is the simplicity of obtaining the supervisory data. Once,
as proposed in [Thewlis et al. 2017a], an unsupervised setup is introduced, the
requirement of sparse keypoint-like responses does not seem relevant anymore.
Increasing the power of keypoints to represent category structure, in [Thewlis

et al. 2017b], the keypoint detectors have been replaced with a dense pixel-wise
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labeling. Here, each pixel-label corresponds to a coordinate from an implicit
geometric frame of an object category (e.g. a point on a human face). While
the approaches from [Thewlis et al. 2017a; Thewlis et al. 2017a] provide highly
accurate features, the inability of the models to represent keypoint occlusions
causes a failure to converge on datasets with unconstrained out-of-plane trans-

formations of the input categories. This drawback is addressed in chapter 6.

2.4 Establishing correspondences

In chapters 5 and 6, we tackle the semantic correspondence task. This section
revises approaches for the traditional correspondence estimation task and for

the semantic correspondence task.

2.4.1 Single-scene correspondence

The traditional correspondence estimation task is defined for different views of
the same scene. Relevant methods typically compensate for the brittle nature
of hand-crafted features (SIFT, HoG, SURE, etc.) by introducing powerful geo-
metric regularizers. Noting that the literature on this topic is very abundant and
that, within this thesis, we focus on the semantic matching, this part summarizes

the main methods addressing the traditional correspondence estimation task.

RANSAC. In scenarios where a rigid motion between two images of a scene
can be assumed, RANSAC [Fischler and Bolles 1981] provides strong constraints
on the plausible arrangement of tentatively estimated correspondences. Com-
bined with descriptor-based matching checks (e.g. second nearest neighbor ratio
[Lowe 2004a]), RANSAC-based verification of correspondences still remains a
dominant component of state-of-the-art structure-from-motion pipelines [Schon-
berger and Frahm 2016]. Different variants of RANSAC exist and improve its
speed [Nistér 2003; Chum and Matas 2005; Chum et al. 2003] or the quality of
the matches [Chum et al. 2003; Torr and Zisserman 2000].
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Matching as an optimization problem. In a more principled fashion, Ma-
ciel and Costeira [2003] have defined the correspondence estimation task as a
combinatorial optimization problem. Relaxing the integral formalization from
[Maciel and Costeira 2003], Leordeanu and Hebert [2005] included the geometric
constraints within a graph whose nodes were tentative matches. The edges then
denoted measures of compatibility between all the pairs of the matches. The
adjacency matrix of the graph was then factorized and the dominant cluster,
corresponding to the main eigenvector of the matrix, then represented the final
set of geometrically verified correspondences. The method was later improved
in [Duchenne et al. 2011] by considering higher order interactions between corre-
spondences. In [Zanfir and Sminchisescu 2018], the graph matching framework
was converted into a differentiable function and implemented using a deep net-

work for semantic and traditional matching tasks.

Dense correspondence. While RANSAC and spectral matching methods are
capable of outputting a sparse set of image-to-image correspondences that sat-
isfy various types of geometric constraints, dense matching methods aim at
determining for each pixel from the source view a corresponding one in a tar-
get view. The output of such algorithms consists of a flow field containing a
displacement vector for every source pixel.

The seminal approach of Horn and Schunck [1993] contained a spatial regu-
larizer that enforced similarity of the displacement field between adjacent pixels.
Later, Brox et al. [2004] mixed several improvements into a principled energy
minimization framework. While [Horn and Schunck 1993; Brox et al. 2004]
operated on raw pixel intensities or image gradients, [Brox et al. 2009] pro-
posed to evaluate appearance similarities in a space of pixel-wise image de-
scriptors. Inspired by deep convolutional architectures, Deep Matching [Revaud
et al. 2015a] proposed a fine to coarse way of aggregating similarities between
patches. The initial set of sparse matches was later incorporated into an altered
version of the matching framework from [Brox et al. 2009] in order to produce a

dense flow field. Such dense variant of Deep Matching was called DeepFlow.
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Figure 2.4: Semantic matching aims at estimating pixel-wise correspondences between
different scenes that are semantically related. For instance, they contain instances of the
same object category.

EpicFlow [Revaud et al. 2015b] improved the dense flow field generation of
DeepFlow with an interpolation scheme based on a geodesic distance kernel
defined over an edge map.

The advent of deep learning brought several successful architectures suitable
for estimating optical flow. FlowNet [Dosovitskiy et al. 2015] demonstrated the
possibility of designing a deep architecture for flow estimation. Despite train-
ing on a large synthetic dataset, its performance was still inferior to EpicFlow.
Thewlis et al. [2016] implemented a fully differentiable variant of Deep Matching
and recorded performance improvements over FlowNet. Yet, their network was
still inferior to existing shallow approaches. FlowNet 2.0 [Ilg et al. 2017] is an

evolution of FlowNet that brought results on par with the state-of-the-art.

2.4.2 Semantic correspondence

While the majority of the matching literature covers the traditional scenario of
establishing correspondences between views of a single scene, semantic matching

generalizes the task to matching views of semantically related scenes (fig. 2.4).

Early approaches. SIFT Flow [Liu et al. 2011], a pioneering work in this field,
proposed an energy minimization framework for estimation of an optical flow

between pairs of images. The matching objective combined a SIFT descriptor
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matching term and a smoothness term that enforced constancy of adjacent dis-
placements. A similar spatial regularizer was used in PatchMatch [Barnes et al.
2009], where high quality matches propagated displacements into their neigh-
borhood. While SIFT Flow independently optimized multi-scale flow fields,
DSP [Kim et al. 2013a] minimized matching energy in an end-to-end fashion
across all levels of the flow pyramid. DSP was enhanced in [Hur et al. 2015]
with geometric regularizers that constraint the parameters of rigid motions of
neighboring displacement cells.

Proposal Flow (PF) [Ham et al. 2016] utilized object proposals in order to
tilter out background image regions that are unlikely to generate reliable cross-
scene matches. Furthermore, the displacements generated by region matches
were spatially regularized using a hough-voting scheme in order to facilitate
rigid motion between scenes. Surprisingly, the best performing variant of PF
relied on hand-crafted descriptors (HoG) rather than pre-trained deep features
(which have been shown to perform well for the traditional single-scene match-
ing task [Fischer et al. 2014]). One of our objectives in chapter 5 is to learn a deep
representation that, after combining with PF, outperforms the hand-engineered
features. A fully supervised method for semantic matching, strongly inspired

by [Ham et al. 2016], was later proposed in [Han et al. 2017].

Collective alignment. Several methods have tackled the problem of finding
stable cross-scene correspondences by exploiting constraints that arise by ana-
lyzing a collection of images. The seminal work of Congealing [Learned-Miller
2006] was the first serious attempt to perform such analysis from a geomet-
ric standpoint. For each image in a collection, Congealing finds a warp that
transforms it into a canonical frame where all images of the collection align.
This is done through an iterative process of lowering the entropy of the dis-
tribution of the image set in the aligned space. RASL [Peng et al. 2012] poses
the joint alignment problem as a rank minimization task. Intuitively, when a
batch of images aligns correctly, the rank of the resulting matrix is low, ideally

one. In order to discount inevitable errors caused by image corruptions and
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occlusions, the low rank recovery is performed up to an additional error term
represented as a sparse matrix with a penalty imposed on its £, norm. In Collec-
tion Flow [Kemelmacher-Shlizerman and Seitz 2012], the transformations into
the shared canonical frame are not drawn from a given transformation group,
as in [Learned-Miller 2006; Peng et al. 2012], but are rather non-parametrically
defined with a per-pixel flow.

Assuming an existence of a common space where all images from the collec-
tion align is feasible for restricted domains, such as faces, which do not contain
gross out-of-plane rotations. In case the data lie on a complex manifold, where
alignment is possible only among the nearest neighbors, alternatives approaches
have to be employed. As a replacement for the explicit collective alignment,
several works exploited cycle consistency. While loop constraints have been
employed in many different contexts before [Zach et al. 2010; Wang et al. 2013],
they were first introduced for collective alignment in [Huang and Guibas 2013].
Here, cycle consistency helped obtaining globally consistent matches of vertices
among 3D shapes. A significant contribution was an elegant formalization of
the 3-cycle consistency constraint as a positive semi-defitiness of a matrix that
contains all vertex-to-vertex matches in the shape collection. This methodol-
ogy was later adopted for collective image matching in [Pachauri et al. 2013].
FlowWeb [Zhou et al. 2015a] introduced an alternative approach to verify 3-
cycle consistent matches by traversing the graph of all possible flows between
pairs of images, leading to a highly non-convex objective. The optimization
process was later improved in [Zhou et al. 2015b] by adopting a low-rank matrix
recovery formalization from [Huang and Guibas 2013]. A common drawback of
the aforementioned collective aligners is the need to manipulate a large global
matching matrix which causes them to leave a large memory footprint.

The approach of [Huang and Guibas 2013] is based on the observation from
[Pachauri et al. 2013; Huang and Guibas 2013] that a set of pixels that are match-
ing in a cycle consistent manner is generated by a single common feature from

the shared virtual feature “universe”. Our method from chapter 5 is motivated
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by this intriguing theoretical result. However, instead of recovering the feature
universe from a set of tentative matches, we approach the problem in a reverse
fashion by directly labeling pixels with their identities subject to the diversity
and discriminability constraints. The ability to optimize the D&D objective
using SGD, that processes a small number of images at a time, overcomes the

large memory requirement of the collective matching methods.

Deep methods. Several methods explored learning deep architectures for se-
mantic matching. WarpNet [Kanazawa et al. 2016] first generated ground truth
image-to-image correspondences using an off-the-shelf algorithm. Later, a point
transformer network was trained to output parameters of a thin plate spline
(TPS) warp between the image pairs. The predicted warps were then used for
obtaining single-view 3D reconstructions of birds. In [Rocco et al. 2017], the
requirement of producing pairwise image annotations using an off-the-shelf al-
gorithm was alleviated with self-supervision. More exactly, each image, coming
from a large unconstrained database, was converted into a flow-annotated im-
age pair by transforming it twice using a randomly generated thin-plate-spline
transformation. Rocco et al. [2017] then train a siamese network that, in a reverse
fashion, maps the input image pair to the parameters of the generated warp
(tig. 2.5). Interestingly, the network was able to generalize from the training
setup of matching similar scenes to the test setup of matching pairs of scenes
that were only semantically related. In chapter 6, we adopt this self-supervised
generation of training pairs. We differ in our main goal which is to learn a
geometry sensitive representation instead of predicting image-to-image warps.
Outputting a generic pixel-wise embedding allows to transfer the features for a
broader range of related tasks such as few-shot keypoint learning.

In order to improve robustness to intra-class variations, Rocco et al. [2018]
have later trained a network using pairs of images depicting different instances
of the same object category. More specifically, inspired by RANSAC [Fischler
and Bolles 1981], their loss maximizes the number of inliers which is consistent

with a predicted TPS image-to-image transformation. Similar to [Rocco et al.
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Figure 2.5: Geometric CNN [Rocco et al. 2017] trains a deep self-supervised
regressor of transformations between pairs of images of the same scene (top). At test
time, the network is capable of aligning different scenes that are only semantically related
(bottom).

2017], the transformation parameters are predicted using a FlowNet-style deep
architecture. Zhou et al. [2016] supervised their deep semantic matcher with
flows generated using a synthetic dataset of 3D models. Their method aligns
pairs of real images by composing real-to-synthetic, synthetic-to-synthetic and
synthetic-to-real flows. In order to encourage correct composition of flows, the

cycle consistency constraint is adopted.

2.5 Instance segmentation

Chapter 7 addresses the instance segmentation task. Existing relevant publica-
tions are reviewed in this section.
Originally, the community focused on the semantic segmentation task where

the goal is to independently label each image pixel with the semantic class it
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belongs to. Many successful solutions, leveraging e.g. normalized cuts [Shi and
Malik 2000], graph cuts [Boykov et al. 2001], Conditional Random Fields [Koltun

2011] or convolutional networks [Long et al. 2015] have been proposed.

Propose and Verify

One of the first works that introduced the idea of distinguishing pixels of indi-
vidual object instances rather than merely recognizing their class was authored
by Ramanan [2007]. Here, each candidate detection (output by a sliding window
detector) was postprocessed with a heavier algorithm (graphcut) in order to pro-
duce pixel-accurate object masks. This instance segmentation paradigm, which
we term propose & verify (P&V), was later revisited many times. The instance
segmentation task was directly addressed for the first time in [Ladicky et al.
2010]. Here, the main technical difference from [Ramanan 2007] was the usage of
an MRF segmenter instead of graphcut. Parkhi et al. [2011] have demonstrated
that the candidate proposals do not have to cover the whole surface of an object
category, as an object detector does, but can rather serve as a weak cue to seed
the ensuing segmentation process. The task of differentiating instances was
later addressed with a novel depth-wise ordering of the object detections in

[Yang et al. 2012b].

Deep instance segmentation. Deep approaches have arrived in the form of
shallow models trained on top of deep features pre-trained on image categoriza-
tion Hariharan et al. [2014]. In more detail, MCG candidate segments [Arbelaez
et al. 2014] were first filtered using an SVM classifier operating on deep segment
descriptors. Later, convolutional features were leveraged to refine the initial
segmentations. A similar approach from [Hariharan et al. 2015] enhanced the
deep representation by gathering information from multiple image scales.
End-to-end trained deep architectures have been later introduced. Deep-
Mask [Pinheiro et al. 2015] trained a recursive deep network that produced a
hierarchy of object candidates which were classified. The successful Faster R-

CNN detector [Ren et al. 2015] was adapted for instance segmentation in [Dai
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Figure 2.6: Mask R-CNN [He et al. 2017] is a popular example of a Propose &
Verify architecture. Given the initial set of box proposals output by Faster R-CNN [Ren
et al. 2015], the mask head independently segments the dominant foreground within each
proposal crop.

et al. 2016]. This cascaded architecture was enhanced in [Liang et al. 2016] by
extending it into a recursive model. Hayder et al. [2017] improved the final
segmentation refinement stage by predicting a pixel-wise signed distance from
object boundaries instead of a binary segmentation mask.

Mask-RCNN [He et al. 2017] comprises a successful instance segmentation
architecture that is a well-tuned evolution of previous works such as [Dai et al.
2016; Liang et al. 2016; Ren et al. 2015]. Like [Dai et al. 2016], it proposes
an initial set of candidate windows with Faster R-CNN [Ren et al. 2015]. The
verification stage consists of a small network branch which segments the dom-
inant foreground object within each rectangular region (fig. 2.6). One of the
biggest drawbacks is the conditioning of each predicted segmentation mask
solely on the initial rectangular region. This leads to low-quality segmentations

for significantly articulated objects.
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Instance Coloring

In order to deal with flexible objects, several works have explored direct labeling
of pixels with instance tags. The labels are assigned such that every pair of
pixels within the same object instance has to share the same pixel label, while
labels of pairs from different instances have to differ. In this thesis, such type of

approaches is termed instance coloring (IC).

CRF-based methods. A natural way for formalizing the task is by defining a
suitable energy that can be optimized with a Conditional Random Field (CRF)
[Tighe et al. 2014]. Intuitively, the pairwise CRF potentials should produce
high similarity scores for pairs of pixels from the same instance and vice versa.
Instead of a CRF, Zhang et al. [2015] leverage depth to determine instance col-
ors. Related to the CRF framework, a deep version of the watershed transform

[Beucher 1979] was proposed by Bai and Urtasun [2017].

Metric learning. Several works posed IC as a metric learning problem. More
in detail, the goal is to embed pixels into a high dimensional Euclidean space
such that embeddings of pixels from the same instance lie close to each other
while embeddings of different instances are far apart. Once such embeddings
are predicted, an ensuing grouping algorithm (e.g. K-Means) outputs image
regions formed by pixels with mutually similar embeddings.

Fathi et al. [2017] identified seed pixels that generated soft instance segmen-
tation masks by evaluating the distance between the seed embedding and the
rest of the embedding field. Decreasing the size of the embedding to a single
dimension, Newell et al. [2017] introduced a “tagging” network for instance
segmentation and grouping of multi-person keypoint detections. A recurrent
deep network that implemented mean-shift iterations to refine the instance em-
beddings was proposed in [Kong and Fowlkes 2018]. De Brabandere et al. [2017]
converted the standard pairwise metric learning loss into a discriminative loss
function that pulls embeddings shared by an instance towards their common

mean while repelling these instance-specific centroids away from each other.
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An important downside of the pixel embeddings is related to the convolu-
tional operators that predict them. As a consequence of the translation invari-
ance of the convolution, similar object instances present in different locations of
the image cannot be easily distinguished. Our contribution from chapter 7 pro-
poses to break the translational invariance by making the embeddings sensitive

to their locations in the image.

2.6 Estimating 3D geometry

Chapter 8 introduces a deep architecture that tackles single-view pose estima-
tion, depth prediction and 3D shape estimation. In this section, an overview
of techniques for extracting such 3D information from image data is presented.
First, traditional multi-view methods are reviewed followed by discussing the

more relevant monocular case.

2.6.1 Multi-view reconstruction

Estimating the 3D structure of a scene is a long lasting problem. Arguably,
the most traditional related framework is Structure from Motion (SfM) which
addresses recovering the poses of cameras observing a single scene as well as
the 3D locations of various points that the scene consists of. The first attempt
dates back to the work of Kruppa [1913] who demonstrated that, given a camera
pair and correspondences between 5 points, it is possible to compute the relative
camera pose together with the 3D point locations up to a scaling factor. Further
theoretical foundations for the two-view scenario have been laid by Longuet-
Higgins [1981], Ullman [1979], and Faugeras [1993].

The original two-view setup was later extended to multi-view reconstruc-
tions. An early multi-view approach from Tomasi and Kanade [1992] proposed
a principled formalization of the problem for a weak perspective camera model
and derived an optimal solution [Reid and Murray 1994]. However, optimiz-

ing the highly non-linear objective function for the more practical perspective
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camera case was not addressed. The multi-view reconstruction with perspec-
tive cameras was later tackled by a variety of works. Sparr [1996], Pollefeys
et al. [1996], and Sturm and Triggs [1996] optimized reconstruction objectives
with various kinds of matrix factorization algorithms. However, these minimize
algebraic error rather than the geometric reprojection error. The latter is more
convenient due to better modeling of the noise coming from the camera sensor.
Bundle adjustment [Hartley 1993] (BA) optimizes the reprojection error, but this
leads to a non-linear objective susceptible to falling into a poor local minimum
if improperly initialized. This has been addressed in [Fitzgibbon and Zisserman
1998] by robustly initializing the camera poses from solutions of the 3-view
minimal camera pose problem and later refining the poses with BA.

Several improvements based on iterative enlargement of the set of known
camera poses have been later proposed [Beardsley et al. 1997; Koch et al. 1999;
Pollefeys et al. 2004]. These works paved the way for large-scale SfM systems
capable of reconstructing unconstrained photo collections [Schaffalitzky and Zis-
serman 2002; Snavely et al. 2006] or urban scenes [Pollefeys et al. 2008]. Further
improvements lead to scaling SfM to significantly larger datasets [Agarwal et al.
2009; Frahm et al. 2010] including reconstructions of million-size photo collec-
tions [Heinly et al. 2015; Wu 2013]. A recent work by Schonberger and Frahm

[2016] constitutes a well-tuned state-of-the-art pipeline dubbed COLMAP.

2.6.2 Single-view reconstruction

SfM systems assume observations from multiple views of a single scene. How-
ever, in practice, multiple views are not always available and the geometric
properties of an observed scene have to be estimated from a single-view. Such
scenario is considered in chapter 8 and, in what follows, a review of the monoc-

ular viewpoint, depth and 3D shape prediction literature is presented.
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Viewpoint estimation

Estimating the SE(3) pose of an object from a single image has a wide range of
applications that attracted a large amount of attention from the community. In
case correspondences between image pixels and the points on the surface of a
predefined 3D model are known, Perspective-n-Point [Fischler and Bolles 1981]
solvers can optimally estimate the corresponding pose.

A more practical setup arises by dropping the assumption of manual corre-
spondence annotations between the model and the novel view. The approaches
can be split into two groups: (1) Smaller-scale object grasping methods that
require high precision with limited robustness to background clutter and intra-
class category variations; (2) “In the wild” methods which estimate pose for
unconstrained categories such as cars, motorcycles, boats, etc. Since chapter 8
addresses the latter, we give a brief overview of existing approaches of the first

type and later delve deeper into the unconstrained viewpoint estimation task.

Object grasping. Early methods, such as [Vacchetti et al. 2004; Gordon and
Lowe 2006; Collet et al. 2009; Collet et al. 2011], estimated matches between the
novel view and the model using viewpoint-invariant descriptors. The correspon-
dences then lead to a set of constraints for computing the relative pose of the
novel view w.r.t. the model. The biggest drawback is a dependence on the local
descriptors that often fail for texture-less objects. This was addressed by dense
methods. For instance, [Brachmann et al. 2014] utilized the SCORE framework
[Shotton et al. 2013] in order to allow each pixel to vote for a possible pose
of the parent object. The recent resurgence of deep networks brought several

successful solutions such as [Rad and Lepetit 2017].

Unconstrained 3D object detection. Regarding the unconstrained 3D pose
estimation, initial approaches were related to the object detection task. More
specifically, the detectors contained an explicit viewpoint representation as a
component that facilitated viewpoint invariance. Notable examples include [Schnei-

derman and Kanade 2000] which factorizes an object detector into a collection
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of viewpoint-specific detectors. Similar to [Schneiderman and Kanade 2000],
[Weber et al. 2000] train a detector for different viewing angles of a human head.
A multi-view boosting framework was later introduced in [Torralba et al. 2004]
while a similar extension of the implicit shape model [Leibe et al. 2004] was
described in [Thomas et al. 2006].

While previous methods mostly contained viewpoint information in order
to improve the detection performance, Savarese and Fei-Fei [2007] brought the 6
DoF task into focus. With a limited amount of 3D supervision they built a model
of an object geometry based on groups of local invariant features interconnected
with mutual homographic transformations. Similarly, [Kushal et al. 2007] de-
signed a viewpoint-aware model based on locally rigid partial surface models.
Following the success of DPM [Felzenszwalb et al. 2010b], its 3D extensions were

later proposed in [Fidler et al. 2012; Pepik et al. 2012; Zhu et al. 2014].

Deep viewpoints. Similar to other branches of computer vision, convolutional
neural networks demonstrated compelling performance for estimating pose. Tul-
siani et al. [Tulsiani and Malik 2015] outperformed shallow alternatives (3D
DPM) by a significant margin. Their network was fully supervised with Pas-
cal3D [Xiang et al. 2014], a large dataset with manual viewpoint and keypoint
annotations for 12 rigid object categories. In [Su et al. 2015], the amount of
supervision was increased by generating a synthetic dataset of rendered CAD
models from ShapeNet [Chang et al. 2015], bringing quantitative improvements
as a result. Xiang et al. [2014] and Tulsiani and Malik [2015] convert the pose
regression task into a classification one by quantizing the pose annotations into
a set of rotation bins. Differently, Pavlakos et al. [2017] recovered the pose as a
solution of an optimization problem that relies on semantic keypoint detections.
In more detail, the method first detects semantic keypoints followed by finding
an optimal camera matrix that projects the set of 3D keypoints from a CAD

model into their corresponding detections in the image.

Aligning CAD models. Several works explored direct alignment of accurate

3D CAD models to their corresponding depictions for the purpose of parsing
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Figure 2.7: Unsupervised viewpoint learning was addressed in [Sedaghat and Brox
2015] where a set of car videos was first reconstructed with an SfM algorithm followed
by a collective alignment step utilizing a 3D variant of the HoG descriptor. Image taken
from [Sedaghat and Brox 2015].

3D indoor scenes [Lim et al. 2013]. The first shallow methods [Lim et al. 2013;
Aubry et al. 2014] processed object detections by transferring the pose from the
most similar view retrieved from the set of 3D CAD model renders. Other alter-
natives transferred the geometric information from a larger collection of renders
[Huang et al. 2015]. Deep solutions were proposed in [Aubry and Russell 2015;
Bansal et al. 2016]. Some works went beyond mere 3D model retrieval and

allowed the aligned model to deform in order to better match the depictions

[Massa et al. 2016].

Weakly supervised viewpoints. More related to our setup from chapter 8§,
Sedaghat and Brox [2015] learned a single-view viewpoint estimator from videos
of an object category without additional supervision. First, each object-centric
video was converted into a scene point cloud using SfM. The point clouds were
then described with a hand-engineered 3D variant of HoG and aligned with
a graph-optimizer. Given the set of video frames annotated with the correctly

aligned camera matrices, a single-view pose estimation CNN was trained.

Depth estimation

The depth estimation task aims at predicting the distance of every image pixel
from the camera plane. While the multi-view setup leads to stereo vision [Lucas

and Kanade 1981], which is well-researched and leads to a clear-cut optimization
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problem, the single view case is inherently ill-posed. Earliest methods addressed
the task by analyzing the gradual variation of shading in the image [Horn 1970].
Here, an image was factored into a product of shading, which varied smoothly
in the image, and reflectance, that was inferred from sharp edges. The shading
factor was later decomposed into a product of illumination and shape which
depends on a depth map [Barron and Malik 2015], achieving single-view depth
estimation. Several other cues including texture [Witkin 1981], defocus [Favaro
and Soatto 2002] or silhouette [Prasad et al. 2006] were also exploited. One of
the biggest drawbacks of these methods is their limited applicability to surfaces
with roughly uniform color or texture.

Assuming the knowledge of the parent object category of the reconstructed
surface brought strong priors for improving the quality of reconstructions. [Nandy
and Ben-Arie 2000] proposed a 3D face reconstruction system, termed shape-
from-recognition, that relied on face part detectors. Shape-from-knowledge, an
improvement from [Nagai et al. 2002], learned correlations between image data
and the corresponding 3D models using a Hidden Markov Model. In a more
generic fashion, [Hassner and Basri 2006] transfered depth from a database of
depth-annotated image patches.

Less constrained depth predictors were later proposed. An initial attempt by
Torralba and Oliva [2002] exploited sizes of known objects in a scene in order to
estimate the mean image depth. The first full-fledged depth estimator for uncon-
strained indoor scenes was proposed in [Delage et al. 2006]. Saxena et al. [2008]
later introduced a MRF framework that was applicable also to outdoor scenes.
Assuming a scene consists of a ground plane and vertical walls, Hoiem et al.
[2005] allowed to “pop-up” a visual element from an image plane. A dataset
of laser scans and an improved MRF method that identifies 3D locations and
orientations of local planes was later described in [Saxena et al. 2009]. Ladicky
et al. [2014] argue that the non-linear scaling of depth with the size of perceived

objects introduces harmful biases to the predictions of depth regressors. They
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alleviate this problem by detecting visual elements that appear at a fixed canon-
ical depth, inherently achieving depth prediction. In a non-parametric manner,

[Karsch et al. 2014] warps views with known depth onto a novel test image.

Deep depth estimation. The first deep depth estimator was introduced by
Eigen et al. [2014]. Their two-branch architecture that combined coarse and
fine predictions outperformed the existing shallow alternatives by a significant
margin. The latter was later outperformed by a simpler architecture [Li et al.
2015a] combined with a Conditonal Random Field (CRF) refiner. Cao et al.
[2017] converted the depth regression into a classification task in order to tackle
the empirically observed inability of deep networks to accurately regress depth
values. Laina et al. [2016] adopted the successful residual architectures [He et al.
2016b] together with proposing novel losses and upsampling layers. All the
aforementioned deep methods require pixel-perfect ground truth from a depth
sensor or a laser scanner.

Unsupervised deep learning of depth was recently addressed in several works.
Garg et al. [2016] demonstrated the possibility of learning monocular depth
predictors by using disparity constraints between image stereo pairs. Additional
constraints improving the quality of the depth estimates were proposed in [Go-
dard et al. 2017]. Less supervised, Zhou et al. [2017] designed a depth and ego-
motion predictor that is trained solely by observing video sequences. They opti-
mize a photometric loss computed between video frames aligned with an inter-

frame warp field obtained by combining the predicted depth and egomotion.

Monocular shape prediction

The first single-view shape estimation pipeline can be traced back to the work
of Roberts [Roberts 1963] that describes a computer program which, by means
of projective geometry, displays a 3D model of an object depicted in a 2D photo-
graph. The ensuing approaches were able to model non-rigid objects as a com-
position of parts represented with geometric primitives such as superquadrics

[Pentland 1986] or generalized cones [Nevatia and Binford 1977]. Lowe [1987]
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aligned a 3D model with its projection in an image using low-level edge-based
cues. Model-based 3D reconstruction was further addressed in [Koller et al.

1993] for object tracking.

Faces. There is a large body of work that specializes to two domains of 3D
shapes - faces and human bodies. For face reconstruction, the seminal work
of Blanz and Vetter [1999] introduced the concept of representing shape defor-
mations as linear combinations of a shape basis. Later, the idea was adopted
for the generic Non-rigid Structure From Motion (NRSfM) task in [Bregler et al.
2000]. Following the success of [Blanz and Vetter 1999], many methods for single
view face reconstruction were proposed. Briefly mentioning several examples
[Hassner and Basri 2006; Kemelmacher-Shlizerman and Basri 2011; Hassner
2013; Richardson et al. 2017], in what follows we discuss other, category-agnostic

approaches as these are the the main focus of the thesis.

Data-driven approaches. Overcoming the absence of model-annotated datasets
for single-view reconstruction, initially, other types of annotations were utilized
for performing data-driven 3D shape prediction. Vicente et al. [2014] leveraged
category keypoint annotations in order to reconstruct objects in the Pascal VOC
dataset [Everingham et al. 2011]. Similarly, Kar et al. [2015b] reconstructed
Pascal VOC with NRSfM, but later additionally supervised a single-view 3D

reconstruction system with the obtained 3D models.

Deep predictors with synthetic supervision. The success of deep networks
in combination with the emergence of large 3D CAD model libraries [Chang et al.
2015] set off a wave of new deep monocular 3D shape predictors. These differ in
the way the output 3D shape is represented. Arguably, the most popular 3D rep-
resentation is a probability field over a voxel grid. For instance, 3D-R2N2 [Choy
et al. 2016b] comprises a 3D equivalent of the standard convolutional architec-
ture enriched with additional LSTM layers. Girdhar et al. [2016] trained a deep
autoencoder of voxel data in order to learn a global 3D representation suitable

for single-view shape predictions. Generative advesarial networks [Goodfellow
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et al. 2014] have been adopted for 3D data in [Wu et al. 2016]. Despite the
ability to accurately model multi-modal 3D shape distributions, a significant
downside of voxel occupancy grids is their large memory consumption. OctNet
[Riegler et al. 2017] alleviates this by exploiting the sparsity of the output and
representing only the occupied cells.

Several different types of encoding a 3D shape recently emerged. Surface
predictors have been proposed in [Groueix et al. 2018; Sinha et al. 2017; Héne
et al. 2017]. Similar to our approach, [Fan et al. 2017; Yang et al. 2018] generate
point clouds approximating the surface of the observed shape. Fan et al. [2017]
introduced a variational autoencoder for point cloud generation while [Yang
et al. 2018] iteratively folds a point cloud around the 3D surface of an object.
Similar to point cloud prediction, [Tatarchenko et al. 2016] predicts multi-view

depth maps that are later merged into a complete 3D model.

Weakly-supervised shape prediction. While all the aforementioned methods
require expensive supervision in form of hand-designed CAD models, Rezende
et al. [2016] proposed a deep network capable of learning the 3D structure of
object categories from lower levels of supervision. Similarly, silhouettes were
exploited as another source of incomplete supervision in [Wiles and Zisserman
2017; Tulsiani et al. 2017]. Nevertheless, viewpoint knowledge is still assumed
in both cases. The system from chapter 8 does not require manual annotations

as it is only cued by observing videos of objects.
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Abstract. The recent success of deep learning methods is partially due
to large quantities of annotated data for increasingly big variety of cat-
egories. However, indefinitely acquiring large amounts of annotations is
not a sustainable process, and one can wonder if there exists a volume
of annotations beyond which a task can be considered as solved or at
least saturated. In this work we study this crucial question for the task
of detecting semantic parts which are often seen as a natural way to
share knowledge between categories. To this end, on a large dataset of
15,000 images from 100 different animal classes annotated with semantic
parts, we consider the two following research questions: i) are semantic
parts really visually shareable between classes? and ii) how many an-
notations are required to learn a model that generalizes well enough to
unseen categories? To answer these questions we thoroughly test active
learning and DA techniques, and we study their generalization proper-
ties to parts from unseen classes when they are learned from a limited
number of domains and example images. One of our conclusions is that,
for a majority of the domains, part annotations transfer well, and that,
performance of the semantic part detection task on this dataset reaches
98% of the accuracy of the fully annotated scenario by providing only a
few thousand examples.

1 Introduction

Image understanding has recently progressed dramatically, primarily fueled by
the availability of increasingly large quantities of labeled data. It was only with
the introduction of large-scale resources such as the ImageNet dataset [8] that
deep learning methods were finally able to realize their potential. However, it is
unclear whether manual supervision will be able to keep up with the demands
of more sophisticated and data-hungry algorithms. Recent initiatives such as
the Visual Genome [26], where millions of image regions are labeled with short
sentences and supporting bounding boxes, go well beyond standard datasets
such as ImageNet and offer new terrific research opportunities. At the same
time, however, they raise the obvious question: when is supervision enough?
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The idea that limitless manual supervision is impractical has motivated re-
search in areas such as unsupervised learning or learning from off-the-shelf re-
sources such as the Web. While these are important research directions, such
approaches go to the other extreme of avoiding manual supervision altogether.
In this work, we take a pragmatic approach and start from the assumption that
explicit manual supervision is currently the most effective way of training mod-
els. However, we also ask whether there is a limit on the amount of supervision
which is actually required and hence of the amount of the data that needs to be
annotated.

While answering this question in full generality is difficult, we can still con-
duct a thorough analysis of this question in representative cases of general inter-
est. In this paper, we focus on the problem of recognizing and detecting semantic
parts in categories, such as animal eyes (see Figure 1), because semantic parts
are highly informative, and, importantly, semantically shareable (e.g. both mon-
keys and snakes have faces which, despite important differences, are broadly
analogous). In fact, one of the key motivations for looking at semantic parts
in computer vision is to transfer the structure of known objects to novel ones,
for which no supervision is available. However, an important practical question,
which is often neglected, is whether semantically shareable parts are also visually
shareable, in the sense of being recognizable in novel objects with no or limited
further supervision. This assumption has never been challenged beyond a few
categories or narrow domains. In this paper, we conduct a careful investigation
of part transferability across a large target set of visually dissimilar classes. We
investigate the two key aspects of transferability under bounded supervision :
(i) learning parts from a limited number of example images and (ii) applying
known parts to new, unseen domains.

For the first problem, we consider an active learning (AL) scenario, where
images are annotated with their visible semantic parts in turn, studying which
images should be chosen and how many are needed to saturate performance.
Working in this AL scenario, we look at part transferability as a Domain Adap-
tation (DA) problem. Differently from the typical transductive learning scenario
of DA, where algorithms leverage unlabeled data of the target domain to adapt a
source predictor, our goal is to learn semantic part detectors that can be directly
applied to novel classes that were never seen before, i.e. the model is expected to
transfer well to new domains even without having access to samples from those
domains. This problem has been seldomly studied and is sometimes known as
the domain generalization (DG) problem [34,16,14].

Another specificity of our work is that, while the majority of the existing DG
methods focuses on the standard classification task where the model predictions
consist of a discrete categorical label, here we consider DG in the context of
a detection task, where predictions are defined as a set of 2D part locations
labeled with a real value which represents a confidence score. We thus propose
extensions of existing active and transfer learning methods, which were initially
designed for domain adaptive classifiers, into methods suitable for the detection
task in order to make them applicable to our setting.
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labeled training set (e.g. Crowdsourcing)  from the source domains target domain

Fig. 1. Overview of the semantic part detector generalization problem. We investigate
the ability of semantic part detectors to transfer between different domains, and study
the minimal amount of supervision that is required for this task.

In this chapter, we address the DG problem of detecting semantic parts on
new unseen target categories by using an efficient ensemble of detectors which
is optimized for generalization to new classes and that, at the same time, can
be used to guide active learning. We conduct a thorough empirical evaluation of
all these research questions and provide insights on how subsets of images may
be selected for labeling, and how many such labels may be required to perform
well on unseen categories. We also consider several domain adaptation scenario
where a small number of annotations are available for the target classes. This
chapter extends the work presented in [35].

The rest of this chapter is organized as follows. Section 2 provides a brief
overview of related work. Section 3 describes the employed active and transfer
learning methods. The dataset considered for our analysis is described in Sec-
tion 4. Section 5 provides the experimental evaluation of part transferability
together with a benchmark of the proposed methods. Section 6 concludes the
work.

2 Related work

Domain adaptation. DA seeks to learn predictor functions that are able to
account for a shift between the distributions of the source and target data do-
mains. Since the seminal paper of Saenko et al. [43], DA has been applied to
computer vision by learning feature transformations [18,17,13,48,2], or by adapt-
ing the parameters of the predictor [22,60]. Only a few papers consider DA from
more than one source domain [49], and most from at most a few, while in our
work we consider 50 source domains. Sometimes, the source domains are not
given a priory, but discovered implicitly [21].

All these approaches formulate DA as transductive learning, for which they
require unlabeled samples from the target domain. This is a fundamental differ-
ence from our case, where no target samples are available, also known as domain
generalization (DG) [34,16,14] or predictive DA [62].
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Active learning. The goal of active learning (AL) is to reduce the annotation
costs by deciding which training samples should be annotated. Each annotation is
associated with a cost [6] and the goal is to obtain the best performance within a
budget. Many data selection strategies have been proposed, based on uncertainty
and entropy [50], used in [25,37,23,7], or diversity and representativeness [24].
The work of [56] estimates a cost of different types of annotations and then
modulates an expected risk function while the strategy of [42] annotates as
many examples in each image as possible. [36] leverages additional information
from different annotation types to improve the convergence properties of the
active learner. Only few works have jointly looked at transfer learning and active
learning [58,59,38,3,44] as we do here, and none of them for computer vision
tasks. Moreover, the transfer learning components of these works approach the
transductive DA task whereas we focus on domain generalization.

Related transfer learning problems. Zero-shot learning, i.e. the task of
recognizing a category with no training samples, is often tackled by explicitly
learning classifiers that are transversal to object classes. This can be done by
modeling semantic relatedness [40,39], or by transferring other knowledge such
as materials [54,5], segments [47], parts [51,10] or attributes [29,11]. However,
these works consider only a small number of classes and assume that primi-
tives such as parts transfer visually, whereas here we explicitly question this
assumption. Fewer works consider transfer learning for localization as we do;
these include the works of [33,19,28,9] that transfer bounding box information
using the ImageNet hierarchies; the method of [20] that transfer object detectors
from seed classes; and [1] which transfers detectors assuming a limited number
of annotated examples in the target domain. Differently from such works, we do
not transfer whole objects, but individual keypoints, and we do so between very
diverse classes. Transferring keypoints was explored in [63], which detects facial
landmarks using a deep multi-task learning framework, while [52] induce pose
for previously unseen categories.

3 Methods

This work tackles the semantic part detection task, and experiments focus on
the dataset introduced in [35], where parts are annotated with keypoints. We
first describe the keypoint detector used to locate semantic parts in images.
Second, following our AL scenario, we describe how uncertainty sampling can be
defined in our particular setting to sample in turn the images to be annotated.
Finally, we describe how the fact that we have many source domains (i.e. source
categories) to sample from can be leveraged in order to combine several detectors
that are then applied to the unseen target classes.

Keypoint detector.As our baseline keypoint detector, we use the state-of-
the-art method proposed by Tulsiani and Malik [53]. This architecture uses the
convolutional layers from the very deep network (VGG-VD) of [46], followed
by a linear regressor, that outputs a heat-map expressing the probability for
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a keypoint to be centered at a particular location. To improve accuracy, they
linearly combine the outputs of a coarse-scale (6 x 6) and a fine-scale (12 x 12)
network.

As our analysis requires frequent retraining of the model, we adapt the faster
6 x 6 network of [53] to output finer-scale 12 x 12 cell predictions. To do so,
following [30], we append a bilinear upsampling layer to the final keypoint re-
gressor convolutional layer and sum the resulting upsampled heat-map with a
finer-scale convolutional heat-map derived from the poold VGG-VD layer. The
recombined heat-map is finally followed by a sigmoid activation function. The
resulting architecture allows for multi-scale end-to-end training while increasing
overall training and testing speed by a factor of 3.

Active learning. The goal of AL is to select a small subset of images for an-
notation while maximizing the performance of the final predictor. Let U be the
set of all available images. The algorithm starts with a pool Ly C U contain-
ing |Lo| = 50 randomly-selected images from U and collects the corresponding
annotations. Then, for every active learning round ¢ (¢ = 1,2,...) the algo-
rithm alternates training a CNN keypoint detector using all annotations in Ly
for k£ < t, and collecting annotations for A more images in order to build L;.
For the latter, all non-annotated images in U are examined by the sampling
component of the AL algorithm and the A most informative ones are selected
for annotation.

The standard criterion to select informative images is to pick the ones which
leave the current predictor uncertain, also called uncertainty sampling. However,
while uncertainty is easily defined in classification tasks where the goal is to
predict a single label per image, it is not obvious how to do so for keypoint
prediction where the predictor produces a score for every image location.

We propose to do so as follows: let p(y = +1|x,u) = ®(x),, be the probability
of finding a keypoint at location u in image x as computed by the CNN @
(unless otherwise specified, we assume that the CNN is terminated by a sigmoid
function). The uncertainty score is then given by

1
1 =2 maxp(y = +1|z,u) - 5 (1)
u

Intuitively, when the model is certain, either (i) there are no part keypoints in
that image and max, p(y = +1|x,u) = 0, or (ii) there is at least one keypoint
and then max, p(y = +1jz,u) = 1.

Transfer learning by auto-validation. Our problem differs from standard
AL in that, as in DA, the target classes are shifted compared to the source
ones. Furthermore, differently from the standard transductive learning setting
in DA, our aim is to learn a “universal” part detector that generalizes to unseen
target classes without further training. Compared to more common machine
learning settings, we can leverage the fact that the source data is split in well-
defined domains with a large domain shift and train a set of domain-specific
detectors which are later recombined using an ensembling method, assigning
higher weights to the models with better generalization capabilities. In other



6 Novotny D., Larlus D., Vedaldi A.

Train set for classifier 3

Validation error of classifier 1
Validation error of classifier 2 Combined auto-validated classifier
Validation error of classifier 3

Fig. 2. Auto-validation of the keypoint transfer process across domains. The detectors
from the source domains that are more invariant to domain shift have more impact on
the final decision on the target domains. Invariance is evaluated by measuring cross-
validation error on a held-out set.

words, the detectors from the source domains that are more invariant to the
underlying domain distributions will be given a larger impact on the final decision
on the target domains.

In more detail, we do so by using an auto-validation procedure. Let D =
{dy,...dn} be a set of source domains (the object categories in our case) and
let & C D be a subset of the source domains. For each possible § we train a
domain-specific (or group of domains specific) part predictor @5. The set of all
@5, is then recombined into a single domain-invariant model by utilizing the
ensembling method of Krogh et al. [27]. The recombination procedure from [27]
defines the final predictor as a weighted sum of the individual domain-specific
models > scp @sPs, where as are the weights of the domain-specific model ®g
which favor a diverse set of models with good generalization capabilities. In
practice, the ensemble weights are obtained by minimizing the following objective
function [27]:

arg min Z asEs + Z asCssrogr — Z asCss

{asl0CD}  5cp (6,6/)CDxD 5CD @)
s.t.: as >0, Vo C D, Za5:1
éeD
where Cs5 = Epyy|[Ps(2)uwPs (x)yy] is the the cross-correlation matrix of the

response (heat-maps) of the different models and measures how much different
models agree in their predictions. Ej is the cross-validation error computed on
a set of held-out samples that were unseen during the training of @s. Similar to
[27], we define Ejs as the error of @5 on the set of off-domain samples D — 4. This
process is illustrated Figure 2.

It is worth mentioning that, although in [27] all the ensemble models were
optimized on distinct sets of data samples, the data samples were drawn from
the same data distribution. This leads to a set of models that produce similar
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predictions which violates one of the main requirements of ensembling which
is the fact that the ensemble members should disagree. On the contrary, our
choice of creating train-test data splits (0, D — §) which correspond to diverse
animal domains leads to a set of very distinct models with a large degree of
disagreement.

The original method from [27] was designed to recombine predictions of inde-
pendently trained shallow neural networks. Here, we adapt the original method
so the different keypoint detectors @5 share weights for the early layers of the
network, thus removing the costly requirement of re-optimizing a large number
of CNN parameters on every training set of samples . In practice, we propose
to decompose the CNN architecture as @5 = ¢s o ¢g, where ¢ is the same for
different 0 and only ¢ is specific to 6. More precisely, ¢ includes all learnable
parameters of the original VGG-VD layers up to convb_3 and ¢s comprises the
final convolutional filter terminated by the sigmoid layer that outputs part de-
tector responses specific to the model trained with the training samples from
é.

The optimization of ¢5 and ¢y is easily implemented using SGD: given a data
sample x, for all § in parallel, either ¢5 or the cross-validation error Ejs are up-
dated, depending on whether x € §. The cross-correlation matrix C' is estimated
using all samples irrespective of their origin. To ensure numerical stability we
add a small constant A to the diagonal of C' (A = 0.1 in all experiments). Once
the optimization of ¢s5, F5 and C completes, the coefficients as are obtained by
solving Eq. (2).

Another advantage of training an ensemble of detectors @; is that their lack
of agreement on the training data can replace uncertainty sampling in guiding
the AL process. We implement this query-by-committee [45] criterion (QBC)
following [27]: Given a pixel u in a test image = we assess the disagreement
between pixel-wise predictors @5(z),, by evaluating the ensemble ambiguity:

a(z,u) = Z as(Ps(x)y — P(z)u)?,

6CD

where &(x), = Z agPs(x)y.
sCD

(3)

Similar to uncertainty sampling (section 3) we label each image x with a dis-
agreement score A(x) by max-pooling over the pixel-wise ensemble ambiguities,
i.e. A(x) = max, a(z,u). During the labeling stage of active learning, samples
with highest A(x) are added first.

4 ImageNet Animal Parts

A thorough evaluation of the transferability of parts requires a suitable dataset
with a large enough number of classes. Unfortunately, datasets that have key-
points or part-level annotations either consider a handful of classes, such as the
PASCAL Parts [4], or are specialized to a narrow set of domains, focusing only
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Target

Fig. 3. ImageNet Animal Parts dataset. It contains 100 animal categories from the Im-
ageNet dataset and selected part annotations (the figure shows one annotated example
per class). We split the classes into 50 source and 50 target domains

on birds [57], faces [32,63], or planes [55]. Datasets with more categories, such as
the Visual Genome [26], do not contain systematic part annotations. In a pre-
liminary version of our work, we introduce the ImageNet Animal Parts dataset3
[35], following a procedure that we remind here.

Instead of collecting a new set of images, we build on top of the existing
ImageNet dataset [8] where the classes are organized in a semantic hierarchy,
induced by WordNet [12]. This provides a natural basis to study the semantic
structure of this space. A very significant challenge with annotating many parts
for many object categories is of course the very large cost, thus, trade-offs must
be made.

Here, the singly most important aspect for experimentation is to label a suf-
ficiently large space of categories. This space should also contain a mix of similar
and dissimilar categories. Furthermore, the same parts should ideally apply to
all categories. Here we select for experimentation 100 classes (see Figure 3) of the
233 classes in the “vertebrate” subtree of the ImageNet ILSVRC [41]. For each

3 The dataset can be accessed at: http://www.robots.ox.ac.uk/~vgg/data/animal _
parts/
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class we annotate two parts. The first one, eyes, exist in all selected animals. The
second one, feet, exist in a large subset of these (mammals and reptiles but not
fish). Beyond their semantic shareability (visual shareability is an assumption
that we verify in our work), these parts were selected because they are easily
understood by annotators from crowd sourcing platforms, and they can satisfac-
torily be annotated with keypoints as opposed than by drawing bounding boxes
or regions. Both properties were instrumental in collecting a large dataset of
part annotations in a reasonable time and budget. While limited, these annota-
tions are sufficient to demonstrate the principles of our analysis. We collected
annotations for about 150 images per class, annotating 14711 images in total.

5 Experiments

Experimental protocol. The set of 100 domains (i.e. animal classes) is split
into 50 source domains and 50 target domains as follows. To achieve uniform
coverage of the animal classes in both sets, we first cluster the 100 classes into
K = 50 clusters using their semantic distance and spectral clustering. The
semantic distance between two classes d and d’' is defined as [r — dNr —
d'|/ max{|r — d|,|r — d'|}, where |r — d| is the length of the path from the
root of the hierarchy to class d. Then, each cluster representative is included
in the target set and the complement is included in the source set. Further-
more, images in each class are divided into a 70/30 training-testing split, result-
ing in four image sets: source-train, source-testing, target-train and target-test.
As common practice [61,31], keypoint detections are restricted to ground-truth
bounding boxes for all evaluation measures.

Evaluation measures. We evaluate keypoint detection using two standard
metrics [61]: PCK and APK. In PCK, for each ground truth bounding box, an
algorithm predicts the single most confident keypoint detection. This detection
is regarded as true positive if it lies within o x max{w, h} of the nearest ground
truth keypoint, where w, h are the box dimensions and « € (0,1) controls the
sensitivity of the evaluation measure to misalignments. For APK, keypoints are
labeled as positive or negative detections using the same criterion as PCK and
ranked by decreasing detection scores to compute average precision. In all of
our experiments we set a = 0.05 for the eyes, that are small and localized, and
a = 0.1 for the feet which are more difficult to annotate with a keypoint.

5.1 Baseline detector.

We validated our baseline keypoint detector by comparing it to the original
6x6412x12 model of [53]. Our implementation of the 6 x 6412 x 12 architecture
achieves 61.1% PCK on the PASCAL VOC rigid keypoint detection task — a
comparable result to 61.5% PCK reported in [53].

We also experimented on our AnimalParts dataset. Our baseline keypoint
detector was compared to the 6 x 6, 12 x 12 and 6 x 6 + 12 x 12 models of [53].
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Table 1. Validation of the keypoint detector on the AnimalParts dataset.

eye a = 0.05 ; foot a = 0.1 PCK APK
Method eye foot lmeanleye foot lmean
[63] - coarse-scale - 6x6 37.0 73.6 |55.3 |17.6 58.4 |38.0
[63] - fine-scale - 12x12 81.7 73.9 |77.8 |75.4 64.0 |69.7
[63] - 6x6+12x12 73.6 77.3|75.5 |55.9 67.6|61.8
Proposed architecture - 6x6 upsample|80.2 74.1 |77.2 |73.1 59.2 |66.2

Each keypoint detector was trained on the source-train split and the mean PCK
and APK over target-test images are reported. Table 1 shows that our modified
6 x 6 upsample architecture outperforms the low resolution 6 x 6 by a significant
margin while being comparable to 12 x 12. The only case in which 6 x 6 performs
worse is feet APK (but not PCK); however 6 x 6 upsample is roughly 3 times
faster during both the training and test stages than 12 x 12. Note also that
6 x 64 12 x 12 is not competitive for eye detection while being much heavier. In
conclusion, the 6 x 6 upsample architecture performs on par with state-of-the-art
while being much faster than alternatives.

5.2 Visual shareability of parts

In this section we challenge the idea that parts are visually shareable across
different classes and that, therefore, it suffices to learn them from a limited
number of classes to understand them equally well in all cases. Fig 4 shows part
detection performance for individual classes, for different configurations that we
discuss below.

Learning from a single class. We first look at the individual target class de-
tection results when learning from annotated samples from the same class (green
bar plots). We see that the difficulty of detecting a certain part strongly depends
on the specific class. For example, owl’s eyes have 100% PCK, whereas turtle’s
eyes have 38.1% PCK. We then compare with two other training sets of identi-
cal size: 1) with the nearest class (NC - red bar plot) according to the semantic
measure, and ii) with the farthest class (FC - blue bars). As expected, we verify
that NC outperforms FC by 20.9% PCK in average, which translates into 39
classes out of 50 for the eyes, and 32 out of 37 for the feet. This demonstrates
the relevance of the semantic distance for cross-domain transfer. In average NC
still performs 26.9% below training with the target class itself. Next, we consider
transferring from more classes.

Increasing the size of the training set. We compare the performance of
detectors when these are trained with larger subsets of the data: i) using all
classes available (i.e. the source and target domains, purple bar plots), and ii)
using only the source domains (that does not contain the target class, orange
bars). We note several factors. First we observe that using all classes improves
performance compared to training only for the target class in average for feet,
but not for eyes that perform very well already. Then, we observe that in 61% of
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Fig. 4. Relative difficulty of part detection and part transfer. Part detection perfor-
mance for eyes (top) and feet (bottom) for a subset of the target classes, where the
detector has been trained using either: Il the farthest class (in semantic distance),
B the nearest class, M the same class, the source classes, I all source and
target classes. Classes are sorted by increasing difficulty.

the cases, learning a part from source classes alone or adding the target classes
changes PCK by less than 7%. Hence, if parts are learned form a sufficiently-
diverse set of classes, they can be expected to transfer satisfactorily to novel
ones as well. In average, training from the source classes only (transfer scenario)

is only 2.2 PCK below training from the full set of classes for eyes, and only 5.5
PCK below for feet.

5.3 Active-transfer learning

In the previous section we looked at how well parts transfer from known (source)
classes to new (target) classes. Here we investigate how many source images
need to be annotated in the source domain. In order to answer this question,
we adopt the active-transfer learning framework of Section 3 and we monitor
the performance of the detector on the target classes as more annotated images
for the source classes become available. The overall performance is summarized
by plotting the attained mean PCK (solid lines) and APK (dashed lines) as a
function of the number of labeled source images (Figure 5). We compare three
methods: AL by random sampling (RS), AL by uncertainty sampling (US), and
network ensemble with AL by query-by-committee (ensemble+QBC).

Implementation details. The initial pool contains |Lg| = 50 randomly-selected
images and 300 additional images are added at every active learning round. For
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Fig. 5. Active-transfer learning for the eye (left) and foot (right) parts. We show PCK
(solid lines) and APK (dashed lines) as a function of the number of labeled examples
obtained with random sampling, uncertainty sampling and the network ensemble with
query-by-committee sampling (ensemble+QBC) methods.
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Fig. 6. Comparative domain importance on eye and foot detection. For each source
class we show how many more images the AL selects at each round by ensemble+QBC.

pre-training the CNN we first remove all the images of the vertebrate subtree
from the original ILSVRC12 dataset and then continue according to the pro-
tocol from [46]. In each active learning round, a pre-trained CNN is fine-tuned
for 7 epochs, lowering the learning rate tenfold after epoch 5 (this was verified
to be sufficient for convergence). Learning uses SGD with momentum and mini-
batch size of 20. Mini-batches are sampled to guarantee that all the training
classes are equally represented on average (re-balancing). Momentum, weight
decay, and initial learning rate were set to 0.9, 0.005, and 0.0003 respectively.
All parameters were validated by splitting the source domains in half. For DA by
auto-validation, the set D of possible source domains was obtained by regroup-
ing the 50 source domains into 3 super-domains by clustering them using their
semantic similarity (hence an ensemble of 7 CNNs is learned). All experiments
are repeated 4 times and averages are reported.

Results. First, we observe that US performs slightly better than the other
two algorithms on the eye, but is substantially outperformed by RS and ensem-
ble+QBC on the foot class. We believe this because the network is typically most
uncertain about images that happen to not contain any part instance, which is
fairly frequent with animal feet as they tend to be occluded or truncated. On the
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contrary, RS is not affected by this problem. Ensemble+QBC performs as well
as RS on the eye part and noticeably better on the foot part. This indicates that
guiding active learning using the QBC criterion is more robust than US. The
fact that the ensemble+QBC method performs similarly to the others on the
eye class is likely due to the fact that there is less visual variability in eyes than
feet and therefore all classifiers in the ensemble are similar, with poorer general-
ization [27]. Ensemble+QBC also benefits from improved generalization by the
optimized ensemble of domain-specific models. Finally, we verified that using
the ensemble of models with uncertainty sampling strategy is still not compet-
itive. We conclude that ensemble+QBC is an effective active-transfer learning
strategy.

Besides the relative merits of individual AL strategies, a main observation
for our investigation is how quickly performance of different methods saturates.
It can be noticed that for eyes the performance reaches 2% of the maximum
with around 3,000 annotations, and for feet, the performance reaches 2% of the
maximum with around 2,100 annotations. Combined with the observations in
Section 5.2, this indicates that excellent performance can be achieved for part
detection in most animal classes by annotating a small representative subset of
classes and a small number of corresponding images. This result is somewhat
remarkable and can be attributed to the excellent performance of pre-trained
deep neural networks as general-purpose representations. Recall that the net-
works were pre-trained for image classification and not part detection, not using
any of the source or target classes.

Sampling strategy analysis. Figure 6 shows the distribution of selected an-
imal classes during individual learning rounds for the QBC strategy. The dis-
tribution is clearly non-uniform, and the method seems to select representative
classes within groups such as “reptiles”, “felines”, etc.

5.4 Semi-supervised domain adaptation

While previous experiments focused on the DG task, where target domains are
unobserved during training, here we consider a standard DA task where samples
from the target domain can be accessed during training. In more detail, we
assume a part detector pretrained on all part annotations from a specific animal
class and, given a limited number of part annotations from a specified target
class, we aim to adapt the pre-trained detector for this target class.

More specifically, for each class T from our pool of 50 target classes we first
pre-train the baseline 6 x 6 upsample part detector on its T”’s semantically nearest
animal class N(T') selected from the set of all animal domains. Then, we expand
the training set with the samples from T, keeping track of the evolution of the
detection performance on T’s testing subset as the training set increases.

This more standard semi-supervised DA scenario allows to utilize existing
methods for improving the generalization properties of the part detectors. We
thus attached the gradient reversal layer [15] (GRL) to the last layer before the
keypoint filters (pool4d of VGG-VD) of our 6 x 6 upsample architecture. GRL aims
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Fig. 7. Semi-supervised DA. For each target class, a pre-trained detector is adapted
from its semantically nearest class. Each bar denotes average performance (PCK) over
all target classes as more target annotations are added to the training set. We compare
the baseline detector (noGRL) and its extension with the gradient reversal layer (GRL)
for both eye and foot part detection.

to make the poold features invariant to the underlying domain (animal class),
possibly improving the generalization capabilities of the succeeding keypoint
detection layers.

The results of our experiment are reported in Figure 7. Because both GRL
and noGRL perform on par we conclude, in agreement with the previous sec-
tions, that, on our task, the baseline deep keypoint detector already exhibits
strong domain invariance properties without the need to include additional DA
components.

6 Conclusions

In this work we focused on the semantic part detection task and considered
the problem of the transferability of the corresponding detectors from source
classes for which we have annotations, to target classes which were not seen
before. We experimentally demonstrated that, as often hypothesized in previous
work, semantic parts are powerful tools with good generalization properties.
More precisely, we showed that parts transfer well to the majority of new classes
even if trained from a limited number of examples.

These very encouraging results suggest that the pre-trained deep representa-
tions have the ability to learn novel concepts quickly and effectively. We further
confirmed this by showing that adding a specialized DA component to our ar-
chitecture does not bring a significant boost in performance. In the future, a
more systematic study of the asymptotic properties of supervised training is
warranted, in order to assess if, for certain well defined but broad problems such
as the detection of certain parts in all animals, could be solved essentially by
“exhaustion”, by collecting once for all a sufficiently large pool of annotated
examples.
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Abstract. While recent research in image understanding has often fo-
cused on recognizing more types of objects, understanding more about
the objects is just as important. Learning about object parts and their
geometric relationships has been extensively studied before, yet learn-
ing large space of such concepts remains elusive due to the high cost
of collecting detailed object annotations for supervision. The key con-
tribution of this paper is an algorithm to learn geometric and semantic
structure of objects and their semantic parts automatically, from images
obtained by querying the Web. We propose a novel embedding space
where geometric relationships are induced in a soft manner by a rich
set of non-semantic mid-level anchors, bridging the gap between seman-
tic and non-semantic parts. We also show that the resulting embedding
provides a visually-intuitive mechanism to navigate the learned concepts
and their corresponding images.

Keywords: object part detection, Web supervision, mid-level patches

1 Introduction

Modern deep learning methods have dramatically improved the performance of
computer vision algorithms, from image classification [1] to image captioning [2,
3] and activity recognition [4]. Even so, image understanding remains rather
crude, oblivious to most of the nuances of real world images. Consider for ex-
ample the notion of object category, which is a basic unit of understanding in
computer vision. Modern benchmarks consider an increasingly large number of
such categories, from thousands in the ILSVRC challenge [5] to hundred thou-
sands in the full ImageNet [6]. Despite this ontological richness, there is only
limited understanding of the internal geometric structure and semantics of these
categories.

In this paper we aim at learning the internal details of object categories by
jointly learning about objects, their semantic parts, and their geometric rela-
tionships. Learning about semantic nameable parts plays a crucial role in visual
understanding. However, standard supervised approaches are difficult to apply
to this problem due to the cost of collecting large quantities of annotated exam-
ple images. A scalable approach needs to discover this information with minimal
OT MO SUPETVISION.
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Fig. 1. Our goal is to learn the semantic structure of objects automatically using Web
supervision. For example, given noisy images obtained by querying an Internet search
engine for “car wheel” and for “cars”, we aim at learning the “car wheel” concept, and
its dual nature: as an object in its own right, and as a component of another object.

As a scalable source of data, we look at Web supervision to learn the structure
of objects from thousands of images obtained automatically by querying search
engines (crf. fig. 1). This poses two significant challenges: identifying images of
the semantic parts in very noisy Web results (crf. fig. 2) while, at the same time,
discovering their geometric relationships. The latter is particularly difficult due
to the drastic scale changes of parts when they are imaged in the context of the
whole object or in isolation.

If parts are looked at independently, noise and scale changes can easily con-
fuse image recognition models. Instead, one needs to account for the fact that
object classes have a well-defined geometric structure which constraints how dif-
ferent parts fit together. Thus, we need to introduce a geometric frame that
can, for any view of an object class, constrain and regularize the location of the
visible semantic parts, establishing better correspondences between views.

Traditional representations such as spring models were found to be too fragile
to work in our Webly-supervised setting. To solve this issue, we introduce a
novel vector embedding that encodes the geometry of parts relatively to a robust
reference frame. This reference frame builds on non-semantic anchor parts which
are learned automatically using a new method for non-semantic part discovery
(section 2.2); we show that this method is significantly better than alternative
and more complex techniques for part discovery. The new geometric embedding
is further combined with appearance cues and used to improve the performance
in semantic part detection and matching.

A byproduct of our method is a large collection of images annotated with
objects, semantic parts, and their geometric relationships, that we refer to as a
visual semantic atlas (section 4). This atlas allows to visually navigate images
based on conceptual and geometric relations. It also emphasizes the dual nature
of parts, as components of an object and as semantic categories, by naturally
bridging images that zooms on a part or that contain the object as a whole.

1.1 Related work

Our work touches on several active research areas: localizing objects with weak
supervision, learning with Web images, and discovering or learning mid-level
features and object parts.

Localizing objects with weak supervision. When training models to lo-
calize objects or parts, it is impractical to expect large quantities of bound-
ing box annotations. Recent works have tackled the localization problem with
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Fig. 2. Top images retrieved from an Internet search engine for some example queries.
Note that part results are more noisy than full object results (the remaining collected
images get even noisier, not shown here).

only image-level annotations. Among them, weakly supervised object localization
methods [7-13] assume for each image a list of every object type it contains.
In the co-detection [14-17] and co-segmentation [18-21] problems, the algorithm
is given a set of images that all contain at least one instance of a particular
object. They differ in their output: co-detection predicts bounding boxes, while
segmentation predicts pixel-level masks. Yet, co-detection, co-segmentation and
weakly-supervised object localization (WSOL) are different flavors of the local-
ization problem with weak supervision. For co-detection and WSOL, the task
is nearly always formulated as a multiple instance learning (MIL) problem |7,
8,22,16,23]. The formulation in [11,12] departs from MIL by leveraging the
strong annotations for some categories to transfer knowledge to the remaining
categories. A few approaches model images using topic models [10, 17].

Recently, CNN architectures were also proved to work well in weakly super-
vised scenarios [24]. We will compare with [24] in the experiments section. None
of these works have considered semantic parts. Closer to our work, the method
of [25] proposes unsupervised discovery of dominant objects using part-based
region matching. Because of its unsupervised process, this method is not suited
to name the discovered objects or matched regions, and hence lack semantics.
Yet we also compare with this approach in our experiments.

Learning from Web supervision. Most previous works [26-29] that learn
from noisy Web images have focused on image classification. Usually, they adopt
an iterative approach that jointly learns models and finds clean examples of a
target concept. Only few works have looked at the problem of localization. Some
approaches [30, 21] discover common segments within a large set of Web images,
but they do not quantitatively evaluate localization. The recent method of [31]
localizes objects with bounding boxes, and evaluate the learnt models, but as
the previous two, it does not consider object parts.

Closer to our work, [32] aims at discovering common sense knowledge re-
lations between object categories from Web images, some of which correspond
to the “part-of” relation. In the process of organizing the different appearance
variations of Webly mined concepts, [33] uses a “vocabulary of variance” that
may include part names, but those are not associated to any geometry.
Unsupervised parts, mid-level features, and semantic parts. Objects are
modeled using the notion of parts since the early work on pictorial structure [34],
in the constellation [35] and ISM [36] models, and more recently the DPM [37].
Parts are most commonly defined as localized components with consistent ap-



4 David Novotny, Diane Larlus, Andrea Vedaldi

0

— e 03

= i H o2 Ko s@m= |05

e 0.1

(@) (b) (© 0
Fig. 3. Anchor-induced geometry. (a) A set of anchors (light boxes) are obtained
from a large number of unsupervised non-semantic part detectors. The geometry of a
semantic part or object is then expressed as a vector ¢7 of anchor overlaps. (b) The
representation is scale and translation invariant. (c) The representation implicitly codes

for multiple aspects.

pearance and geometry in an object. All these works have in common to discover
object parts without naming them. In practice, only some of these parts have an
actual semantic interpretation. Mid-level features [38-43] are discriminative [41,
44] or rare [38] blocks, which are leveraged for object recognition. Again, these
parts lack semantic. The non-semantic anchors that we use share similarities
with [45] and [42], that we discuss in section 2.2. Semantic parts have triggered
recent interest [46-48]. These works require strong annotations in the form of
bounding boxes [46] or segmentation masks [47,48] at the part level. Here we
depart from existing work and aim at mining semantic nameable parts with as
little supervision as possible.

2 Method

This section introduces our method to learn semantic parts using weak supervi-
sion from Web sources. The key challenge is that search engines, when queried
for object parts, return many outliers containing other parts as well, the whole
object, or entirely unrelated things (fig. 2). In this setting, standard weakly-
supervised detection approaches fail (section 3). Our solution is a novel, robust,
and flexible representation of object parts (section 2.1) that uses the output of
a simple but very effective non-semantic part discovery algorithm (section 2.2).

2.1 Learning semantic parts using non-semantic anchors

In this section, we first flesh out our method for weakly-supervised part learning
and then dive into the theoretical justification of our choices.

MIL: baseline, context, and geometry-aware. As standard in weakly-
supervised object detection, our method starts from the Multiple Instance Learn-
ing (MIL) [49] algorithm. Let x; be an image and let R(x;) be a shortlist of image
regions R that are likely to contain objects or parts, obtained for instance us-
ing selective search [50]. Each image x; can be either positive y; = +1 if it is
deemed to contain a certain part or negative y; = —1 if not. MIL fits to this
data a (linear) scoring function (¢(x;|R), w), where w is a vector of parameters
and ¢(x;|R) € R? is a descriptor of the region R of image x;, by minimizing:

A 1
Inin, S Wl + ;maX{O, 11—y R%i)w(xim),w» (1)
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In practice, eq. (1) is optimized by alternatively selecting the maximum scoring
region for each image (also known as “re-localization”) and optimizing w for a
fixed selection of the regions. In this manner, MIL should automatically discover
regions that are most predictive of a given label, and which therefore should
correspond to the sought visual entity (object or semantic part). However, this
process may fail if descriptors are not sufficiently strong.

For baseline MIL the descriptor ¢(x|R) = ¢%(x|R) € R% captures the re-
gion’s appearance. A common improvement is to extend this descriptor with
context information by appending a descriptor of a region R’ = pu(R) sur-
rounding R, where u(R) isotropically enlarges R; thus in context-aware MIL,
¢(x|R) = stack(¢”(x|R), ¢ (x|u(R))).

Neither baseline or context-aware MIL leverage the fact that objects have a
well-defined geometric structure, which significantly constrains the search space
for parts. DPM uses such constraints, but as a fixed set of geometric relationships
between part pairs that are difficult to learn when examples are extremely noisy.
Furthermore, DPM-like approaches learn the most visually-stable parts, which
often are mot the semantic ones.

We propose here an alternative method that captures geometry indirectly,
on top of a rich set of unsupervised mid-level non-semantic parts {p1,...,px },
which we call anchors (fig. 3). Let us assume that, given an image x, we can
locate the (selective search) regions R, x containing each anchor p;. We define
the following geometric embedding ¢¢ of a region R with respect to the anchors:

p(R7 Rpl,x)
¢?(x|R) = : : (2)
p(R7 szox)

Here p is a measure such as intersection-over-union (IoU) that tells whether
two regions overlap. By choosing a function p such as IoU which is invariant to
scaling, rotation, and translation of the regions, so is the embedding ¢9. Hence,
as long as anchors stay attached to the object, ¢9(x|R) encodes the location of R
relative to an object-centric frame. This representation is robust because, even if
some anchors are missing or misplaced, the vector ¢9(x|R) is not greatly affected.
The geometric encoding ¢9(x|R) is combined with the appearance descriptor
¢%(x|R) in a joint appearance-geometric embedding

¢ (x|R) = ¢*(x|R) ® ¢7(x|R) 3)

where ® is the Kronecker product. After vectorization, this vector is used as a
descriptor ¢(x|R) = ¢*9(x|R) of region R in geometry-aware MIL. The next
few paragraphs discuss its properties.

Modeling multiple parts. Plugging ¢*9 of eq. (3) into eq. (1) of MIL results
in the scoring function (w, ¢ (x|R)) = ZkK:1<wk,¢a(x|R)>p(R, R,, x) which
interpolates between K appearance models based on how the region R is ge-
ometrically related to the anchors R, x. In particular, by selecting different
anchors this model may capture simultaneously the appearance of all parts of
an object. In order to control the capacity of the model, the smoothness of the
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interpolator can be increased by replacing loU with a softer version, which we
do next.

Smoother overlap measure. The IoU measure is a special case of the following
family of PD kernels:

Theorem 1. Let R and @ be vectors in a Hilbert H space such that (R, R) +
(Q,Q)—(R,Q) > 0. Then the function p(R,Q) = <R,R>+§SZS§—<R,Q) is a positive
definite kernel.

Please refer to appendix A for a proof of the theorem. The IoU is obtained when
R and @ are indicator functions of the respective regions (because (R,Q) =
[ R(z,y)Q(z,y) dxdy = |R N Q|). This suggests a simple modification to con-
struct a Soft IoU (SIoU) version of the latter. For a region R = [z1, 2] X [y1, y2],
the indicator can be written as R(x,y) = H(x—x1)H (zo—x)H(y—y1)H (y2—y)
where H(z) = [z > 0] is the Heaviside step function. SIoU is obtained by re-
placing the indicator by the smoother function H,(z) = exp(az)/(1 + exp(az))
instead. Note that SIoU is non-zero even when regions do not intersect.

Theorem 1 provides also an interpretation of the geometric embedding ¢9 of
eq. (2) as a vector of region coordinates relative to the anchors. In fact, its entries
can be written as p(R, Ry, x) = (Y¥siov(R), Ysiov(Rp, x)) where ¢siou(R) €
Hsiou is the linear embedding (feature map) induced by the kernel p*.

Modeling multiple aspects. So far, we have assumed that all parts are always
visible; however, anchors also provide a mechanism to deal with the multiple as-
pects of 3D objects. As depicted in fig. 3.c, as the object rotates out of plane,
anchors naturally appear and disappear, therefore activating and de-activating
aspect-specific components in the model. In turn, this allows to model viewpoint-
specific parts or appearances. In practice, we extract the L highest scoring de-
tections R; of the same anchor py, and keep the one closest to R.

In order to allow anchors to turn off in the model, the geometric embed-
ding is modified as follows. Let si(R;|x) be the detection score of anchor k in
correspondence of the region R;; then

p(R, Ry, x) = l {maxL} SIoU(R, R;) x max{0, si(R;|x)}. (4)
efL,...,

If the anchor is never detected (si(R;|x) < 0 for all R;) then p(R, Ry, x) = 0.
Furthermore, this expression also disambiguates ambiguous anchor detections
by picking the one closest to R. Note that in eq. (4) one can still interpret the

factors SIoU(R, R;) as projections (¥siou(R), Ysiou(Ry))-

Relation to DPM. DPM is also a MIL method using a joint embedding
#PPM(x|Ry, ..., Rk) that codes simultaneously for the appearance of K parts
and their pairwise geometric relationships. Our Webly-supervised learning prob-
lem requires a representation that can bridge object-focused images (where sev-
eral parts are visible together as components) and part-focused images (where

! The anchor vectors 1siou(Rp, x) are not necessarily orthonormal (they are if an-
chors do not overlap), but this can be restored up to a linear transformation of the
coordinates.
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parts are regarded as objects in their own right). This is afforded by our embed-
ding ¢*9(x|R) but not by the DPM one. Besides bridging parts as components
and parts as objects, our embedding is very robust (important in order to deal
with very noisy training labels), automatically codes for multiple object aspects,
and bridges unsupervised non-semantic parts (the anchors) with semantic ones.

2.2 Anchors: weakly-supervised non-semantic parts

The geometric embedding in the previous section leverages the power of an inter-
mediate representation: a collection of anchors {pk}le, learned automatically
using weak supervision. While there are many methods to discover discrimina-
tive non-semantic mid-level parts from image collections (section 1.1), here we
propose a simple alternative that, empirically, works better in our context.

We learn the anchors using a formulation similar to the MIL objective (eq. (1)):

”Z<uwku o]
(5)

where [z];+ = max{0, z}. Intuitively, anchors are learnt as discriminative mid-
level parts using weak supervision. Anchor scores si(R|x) = (¢*(x|R),wy) are
parametrized by vectors wq,...,wk; the first term in eq. (5) is akin to the
baseline MIL formulation of section 2.1 and encourages each anchor py to score
highly in images x; that contain the object (y; = +1) and to be inactive otherwise
(y; = —1). The last term is very important and encourages the learned models
{wk}szl to be mutually orthogonal, enforcing diversity. Note that anchors use
the pure appearance-based region descriptor ¢%(x) since the geometric-aware
descriptor ¢*9(x) can be computed only once anchors are available. Optimization
uses stochastic gradient descent with momentum.

This formulation is similar to the MIL approach of [45] which, however, does
not contain the orthogonality term. When this term is removed, we observed that
the solution degenerates to detecting the most prominent object in an image. [39]
uses instead a significantly more complex formulation inspired by mode seeking;
in practice we opted for our approach due to its simplicity and effectiveness.

K n
Ao, 1
i 5 - i *(x;|R),
i, > [2|wk” Y [Rén%i)w (x:|R) wk]

2.3 Incorporating strong annotations in MIL

While we are primarily interested in understanding whether semantic object
parts can be learned from Web sources alone, in some cases the precise defi-
nition of the extent of a part is inherently ambiguous (e.g. what is the extent
of a “human nose”?). Different benchmark datasets may use somewhat different
definition of these concepts, making evaluation difficult. In order to remove or at
least reduce this dataset-dependent ambiguity, we also explore the idea of using
a single strongly annotated example to fix this degree of freedom.

Denote by (x,, R,) the single strongly-annotated example of the target part.
This is incorporated in the MIL formulation, eq. (1), by augmenting the score

g
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with a factor that compares the appearance of a region to that of Ry:

& exp B(¢°(xi|R), ¢ (Xa|Ra)), i = +1,

6
17 Yi = —1. ( )

(p(xi|R), W) x {

where C' = avg, .1 exp 3(¢% (x| R), *(xa|Ra)) is a normalizing constant. In
practice, this is used only during re-localization rounds of the training phase
to guide spatial selection; at test time, bounding boxes are scored solely by the
model of eq. (1) without the additional term. Other formulations, that may use a
mixture of strongly and Webly supervised examples, are also possible. However,
this is besides our focus, which is to see whether parts are learnable from the Web
automatically, and the single supervision is only meant to reduce the ambiguity
in the task for evaluation.

3 Experiments

This section thoroughly evaluates the proposed method. Our main evaluation
is a comparison with existing state-of-the-art techniques on the task of Webly-
supervised semantic part learning. In section 3.1 we show that our method is
substantially more accurate than existing alternatives and, in some cases, close
to fully-supervised part learning.

Having established that, we then evaluate the weakly-supervised mid-level
part learning (section 2.2) that is an essential part of our approach. It com-
pares favorably in terms of simplicity, scalability, and accuracy against existing
alternatives for discriminability as well as spatial matching of object categories
(section 3.2).

Datasets. The Labeled Face Parts in the Wild (LFPW) dataset [51] contains
about 1200 face images annotated with outlines for landmarks. Outlines are
converted into bounding box annotations and images with missing annotations
are removed from the test set. These test images are used to locate the following
entities: face, eye, eyebrow, nose, and mouth.

The PascalParts dataset [47] augments the PASCAL VOC 2010 dataset with
segmentation masks for object parts. Segmentation masks are converted into
bounding boxes for evaluation. Parts of the same type (e.g. left and right wheels)
are merged in a single entity (wheel). Objects marked as truncated or difficult
are not considered for evaluation. The evaluation focuses on the bus and car
categories with 18 entity types overall: car, bus, and their door, front, headlight,
mirror, rear, side, wheel, and window parts. This dataset is more challenging,
as entities have large intra-class appearance and pose variations. The evaluation
is performed on images from the validation set that contain at least one object
instance. Furthermore, following [48], object occurrences are roughly localized
before detecting the parts using their localization procedure. Finally, objects
whose bounding box larger side is smaller than 80 pixels are removed as several
parts are nearly invisible below that scale.

The training sets from both datasets are utilized solely for training the fully
supervised baselines (section 3.1), and they are not used by MIL approaches.
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Experimental details. Regions are extracted using selective search [50], and
described using ¢3-normalized Decaf [52] fc6 features to compute the appearance
embedding ¢*(x|R). The context descriptor u(R) is extracted from a region triple
the size of R. The joint appearance-geometric embedding ¢®9(x|R) is obtained
by first extracting the top L = 5 non-overlapping detections of each anchor and
then applying egs. (3) and (4).

A separate mid-level anchor dictionary {pi,...,px} is learnt for each object
class using the Web images for all the semantic parts for the target object (in-
cluding images of the object as a whole) as positive images and the background
clutter images of [53] as negative ones. Eq. (5) is optimized using stochastic
gradient descend (SGD) with momentum for 40k iterations, alternating between
positive and negative images. We train 150 anchor detectors per object class.

MIL semantic part detectors are trained solely on the Web images and the
background class of [53] is used as negative bag for all the objects. The first
five relocalization rounds are performed using the appearance only and the fol-
lowing five use the joint appearance-geometry descriptor (the joint embedding
performs better with these two distinct steps). The MIL A\ hyperparameter is set
by performing leave-one-category-out cross-validation.

Web images for parts are acquired by querying the BING image search engine.
For car and bus parts, the query concatenates the object and the part names
(e.g. "car door”). For face parts, we do not use the object name. We retrieve 500
images of the class corresponding to the object itself and 100 images of all other
semantic part classes.

3.1 Webly supervised localization of objects and semantic parts

This section evaluates the detection performance of our approach. We gradually
incorporate the proposed improvements, i.e. the context descriptor (C) and the
geometrical embedding (G) to the basic MIL baseline (B) as defined in section 2.1
and monitor their impact.

We compare our method to the state-of-the-art co-localization algorithm of
Cho et al. [25] and the state-of-the-art weakly supervised detection method from
Bilen and Vedaldi [24]. To detect a given part with [25], we run their code on all
images that contain that part (e.g. for co-localizing eyes we consider face and
eye images). As reference, we also report a fully supervised detector, trained
using bounding-boxes from the training set, for all objects and parts (F). For
this, we use the R-CNN method of [54] on top of the same features used in MIL.

We mainly report the Average Precision (AP) per part/object class and its
average (mAP) over all parts in each class. We also report the CorLoc (for
correct localization) measure, as it is often used in the co-localization literature
[55,14]. As most parts in both datasets are relatively small, following [47], the
IoU threshold for correct detection is set to 0.4.

Results. Table 1 reports the average AP and CorLoc over all parts of a given
object class for all these methods. First, we observe that even the MIL baseline
(B) outperforms off-the-shelf methods such as [25] and [24]. For [24], we have
observed that the part detectors degrade to detecting subparts of semantic parts,
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measure mAP averageCorLoc

Parent class {face} {car} {bus}|{face} {car} {bus}
Cho et al. [25] 166 169 124 | 31.4 299 15.5
Bilen & Vedaldi [24]| 2.7 12.0 4.7 7.2 153 6.7

B 206 29.1 22.7| 220 381 294
B+C 224 273 214|291 376 284
B+G 29.0 34.1 23.3| 33.1 455 31.5
B+C+G 44.9 34.4 23.0 | 52.5 47.8 29.6
F 53.7 51.2 48.2 ] 60.5 629 63.8
F+C+G 61.4 60.3 54.1|67.8 71.8 66.0

Table 1. Part detection results averaged for the face, car, and bus parent classes.
mAP and average CorLoc for the MIL baseline (B), our improved versions that use
context (C), geometrical embedding (G) compared to the fully supervised R-CNN (F).

Class door rear wheel wind. side car front headl. mirrorjmean{car}
B 04 108 349 36 631 926 55.2 0.7 0.3 29.1
Web B+C 0.8 114 313 49 588 83.0 540 1.0 0.2 27.3
B+G 0.7 11.8 47.9 22.7 713 97.8 545 02 02 34.1
B+C+G|5.1 14.7 436 226 72.3 95.7 547 03 0.2 34.4
Full F 17.0 39.0 66.3 533 832 951 759 253 5.5 51.2
F+C+G|31.1 30.7 72.3 67.3 90.1 98.7 82.9 48.1 21.3 60.3

Table 2. Individual part detection results for car: APs for the MIL baseline
(B), our improved versions that use context (C), geometrical embedding (G) and the
different flavors of the fully supervised R-CNN (F).

suggesting that [24] lacks robustness to drastic scale variations and to the large
amount of noise present in our dataset. Second, we see that using the geometric
embedding (4+G) always improves the baseline results by 1 — 10 mAP points.
On top of geometry, using context (4+C) helps for face and car parts, but not
for buses. Overall the unified embedding brings a large improvement for faces
(+24.3 mAP) and for cars (+5.3 mAP) and more contained for buses (+0.6
mAP). Importantly, these improvements significantly reduce the gap between
using noisy Web supervision and the fully supervised R-CNN (F); overall, Webly
supervision achieves respectively 84%, 67%, and 48% of the performance of (F).

Last but not least, we also experimented extending the fully supervised R-
CNN method with the joint appearance-geometry embedding and context de-
scriptor (F+C+G), which improves part detections by +7.7, +9.1, +5.9 mAP
points respectively. This suggests that our representation may be applicable well
beyond weakly supervised learning.

Table 2 shows per-part detection results for the car parts. We see that geom-
etry helps for 6 parts out of 9. Out of the three remaining parts, two are cases
where the MIL baseline failed. In the less ambiguous fully-supervised scenario,
the geometric embedding improves the performance in 8 out of 9 cases.

Leveraging a single annotation. As noted in section 2.3, one issue with
weakly supervised part learning is the inherent ambiguity in the part extent, that
may differ from dataset to dataset. Here we address the ambiguity by adding
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measure mAP averageCorLoc

Parent class {face} {car} {bus} {face} {car} {bus}
A 294+ 26 25.1£27 245427 382+25 398 +3.2 396 £ 3.2
A+B 273+ 31 333£11 269+ 13| 346 £3.7 46.6 £ 1.5 40.0 £ 2.3

A+B+C 382+31 324+12 266 +1.6] 51.7+ 3.2 494+ 15 439 £ 3.0
A+B+G 345 +43 357+11 281 +1.2] 435 +£48 488+ 1.6 422+ 22
A+B+C+G|43.0 £ 3.6 36.4 + 1.0 30.1 + 1.8|54.7 +£ 3.251.6 + 1.6 45.9 + 2.8

Table 3. Part detection results using a single strong annotation (A): mAP and
average CorLoc for the MIL baseline (B), our improved versions that use context (C),
geometrical embedding (G). Mean and standard deviation over 25 random annotations.

a single strong annotation to the mix using the method described in section
2.3. We asked an annotator to select 25 representative part annotations per
part class from the training sets of each dataset. We retrain every part detector
for each of the annotations and report mean and standard deviation of mAP.
As a baseline, we also consider an exemplar detector trained using the single
annotated example (A).

Results are reported in Table 3. Compared to pure Web supervision (B+C+G)
in Table 1, the single annotation (A+B-+C+G) does not help for faces, for which
the proposed method was already working very well, but there is a +2 mAP point
improvement for cars and +6.8 mAP for buses, which are more challenging. We
also note that the complete method (A+B+C+G) is substantially superior to
the exemplar detector (A).

3.2 Validation of weakly-supervised mid-level anchors

This section validates the mid-level anchors (section 2.2) against alternatives in
terms of discriminative information content and its ability of establishing mean-
ingful matches between images, which is a key requirement in our application.

Discriminative power of anchors. Since most of the existing methods for
learning mid-level patches are evaluated in terms of discriminative content in a
classification setting, we adopt the same protocol here. In particular, we evaluate
the anchors as mid-level patches on the MIT Scene 67 indoor scene classification
task [56]. The pipeline first learns 50 mid-level anchors for each of the 67 scene
classes. Then, similar to [43], images are split into spatial grids (2x2 and 1x1)
and described by concatenating the maximum scores attained by each anchor
detector inside each bin of the grid. All the grid descriptors are then concatenated
to form a global image descriptor which is £ normalized. 67 one-vs-rest SVM
classifiers are trained on top of these descriptors. To be comparable with other
methods, we consider both Decaf fc6 and VGG-VD fc7 [57] descriptors.

Table 4 contains the results of the classification experiment. Our weakly-
supervised anchors clearly outperform other mid-level element approaches that
are not based on CNN features [40, 39, 45, 44]. Among CNN based approaches,
our method outperforms the state-of-the-art mid-level feature based method
from [43] on both VGG-VD and Decaf features. Remarkably, using our part
detectors improves over the baseline which uses the global image CNN descrip-
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FC FC

1 T 3 T T
method BoP'" [40] |[DMS" [39]|Jian et al." [45]| REDC" [44] Decaf [52] VGG-VD [57]
accuracy (%) 46.1 64.0 58.1 54.4 57.7 68.9
BoET ourst [ FV-CNN BoET ours’ [FV-CNN
method |\ ) or B3 Decas | Decar P8 || vac-vp *¥| vea-vp |vag-vp B8
accuracy (%)||  69.7 71.5 69.7 77.6 778 81.6

Table 4. Classification results on MIT Scenes [56]. Methods using mid-level elements
are marked with 7. For CNN-based approaches, features rely on Decaf or VGG-VD.

tor (FC) by 13.8 and 8.7 average accuracy points for Decaf and VGG-VD fea-
tures respectively. Compared to other methods which are not based on detecting
mid-level elements, our pipeline outperforms state-of-the-art FV-CNN for Decaf
features and is inferior for VGG-VD.

Ability of anchors to establish semantic matches. The previous experi-
ment assessed favorably the mid-level parts in terms of discriminative content;
however, in the embedding ¢9, these are used as geometric anchors. Hence, here
we validate the ability of the mid-level anchors to induce good semantic matches
between pairs of images (before learning the semantic part models).

To perform semantic matching between a source image xg and a target image
xr, we consider each part annotation Rg in the source and predict its best match
Ry in the target. The quality of the match is evaluated by measuring the IoU
between the predicted Ry and ground-truth Ry part. When a part appears
more than once (e.g. eyes often appear twice), we choose the most overlaping
pair. Performance is reported by averaging the match IoU for all part occurrences
and pairs of images in the test set, reporting the results for each object category.

Given a source part Rg, the joint appearance-geometry embedding (anchor-
ag) is extracted for the source part ¢®¥(xg|Rgs) and the target region Ry that
maximizes the inner product (¢*9(xg|Rs), $*9(x7|R7)) is returned as the pre-
dicted match. We also compare anchor-g that uses only the geometric embedding
@9 (x|R) and the baseline a that uses only the appearance embedding ¢*(x|R).

We also compare two strong off-the-shelf baselines: DSP [59], state-of-the-art
pairwise semantic matching method, and the method of [60], state-of-the-art for
joint alignment. To perform box matching with [59] and [60] we fit an affine
transformation to the disparity map contained inside a given source bounding
box and apply this transform to move this box to the target image. Due to
scalability issues, we were unable to apply [60] to the full dataset?, so we perform
this comparison on a random subset of 50 images.

Table 5 presents the results of our benchmark. On the small subset of 50
images the costly approach of [60] performs better than our embedding only on
the LFPW faces, where the viewpoint variation is limited. On the car and bus
categories our method outperforms [60] by 10% and 16% average IoU respec-
tively. Our method is also consistently better than DSP [59], on both the small
and full test set.

2 More precisely, we were not able to apply [60] on a dataset with more than 60 128 x 68
pixel images on a server with 120 GB of RAM.
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Matching method

Set  Parent class|anchor-ag|anchor-g a Flowweb [60]|DSP [59]
{car} 0.36 | 0.36 | 0.31 0.34 0.23
50 images  {bus} 0.37 0.36 0.31 0.31 0.22
{face} 0.41 0.39 0.33 0.43 0.19
{car} 0.36 | 0.36 | 0.30 - 0.22
Full {bus} 035 | 035 | 029 . 0.21
{face} 0.41 | 039 | 0.34 - 0.21

Table 5. Semantic matching. For every parent class, we report average overlap (IoU)
over all semantic parts. The face class results are obtained on the LFPW dataset while
bus and car results come from the PascalParts dataset.

We also note that the matching using geometric embeddings alone (anchor-g)
achieves similar performance than the appearance-geometry matching (anchor-
ag) which validates our intuition that the local geometry of an object is well-
captured by the anchors.

4 An atlas for visual semantic

As a byproduct of Webly-supervised learning, our method annotates the Web
images with semantic parts. By endowing an image dataset with such concepts,
we show here that it is possible to browse these annotated images. All of this
composes our visual semantic atlas (see a subset of the atlas in Figure 4) that
allows to navigate from one image to another, even between an image of a full
object and a zoomed-in image of one of its parts.

5 Conclusions

We have proposed a novel method for learning about objects, their semantic
parts, and their geometric relationships, from noisy Web supervision. This is
achieved by first learning a weakly supervised dictionary of mid-level visual el-
ements which define a robust object-centric coordinate frame. Such property
theoretically motivates our approach. The geometric projections are then used
in a novel appearance-geometry embedding that improves learning of seman-
tic object parts from noisy Web data. We showed improved performance over
co-localization [25], deep weakly supervised approach [24] and a MIL baseline
on all benchmarked datasets. Extensive evaluation of our proposed mid-level
elements shows comparable results to state-of-the-art in terms of their discrim-
inative power and superior results in terms of the ability to establish semantic
matches between images. Finally, our method also provides a visually intuitive
way to navigate Web images and predicted annotations.

Acknowledgments.. We would like to thank Xerox Research Center Europe
and ERC 677195-IDIU for supporting this research.
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Fig. 4. Navigating the visual semantic atlas. Each pair of solid bounding boxes con-
nected by an arrow denotes a preselected part bounding box (near the starting point
of an arrow) as detected by our algorithm and the most similar semantic match (the
endpoint of the arrow). The best matching bounding box is the detection with high-
est appearance-geometry descriptor similarity among all the detections in our database
of web images. The dashed boxes denote anchors that contributed the most to the
similarity. Please note that the matching gracefully occurs across scales.
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Fig. 5. Visualisation of the car object class mid-level anchor detectors. Each bounding
box corresponds to the max scoring location of an anchor. The locations of correspond-
ing anchors are encoded in the same color across images.

A Appendix

Proof (Proof of Theorem 1). The function (R, Q) is the linear kernel, which is
PD. This kernel is multiplied by the factor —1/k where k(R,Q) = (R, Q) —
(R, R) — (Q,Q); if this factor is also a PD kernel, then the result holds as the
product of PD kernels is PD. According to Lemma 3.2 of [61], —1/k is PD if,
and only if, k is strictly negative (point-wise) and conditionally definite posi-
tive (CDP). The first condition is part of the assumptions. To show the second
condition that k is CDP pick n vectors R1, ..., R, and real numbers ci,...,c,
summing to zero ¢; + - -+ + ¢, = 0; then

> cik(Ri,Qi)e; = ci(Ri, Q)e; > 0

ij ij
where we used the fact that the terms (R;, R;) cancel out and the fact that
<Ri,Q]’> is PD.

B Mid-level anchor visualisations

Figures 5 to 7 contain visualisations of some of the learned unsupervised anchor
detectors for the “car”, “bus” and “face” classes respectivelly. Please refer to the
figure captions for more details.
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Abstract

Despite significant progress of deep learning in recent
years, state-of-the-art semantic matching methods still rely
on legacy features such as SIFT or HoG. We argue that the
strong invariance properties that are key to the success of
recent deep architectures on the classification task make
them unfit for dense correspondence tasks, unless a large
amount of supervision is used. In this work, we propose a
deep network, termed AnchorNet, that produces image rep-
resentations that are well-suited for semantic matching. It
relies on a set of filters whose response is geometrically con-
sistent across different object instances, even in the pres-
ence of strong intra-class, scale, or viewpoint variations.
Trained only with weak image-level labels, the final repre-
sentation successfully captures information about the object
structure and improves results of state-of-the-art semantic
matching methods such as the deformable spatial pyramid
or the proposal flow methods. We show positive results on
the cross-instance matching task where different instances
of the same object category are matched as well as on a
new cross-category semantic matching task aligning pairs
of instances each from a different object class.

1. Introduction

Matching, i.e. the problem of establishing correspon-
dences between images, is one of the tent-poles of image
understanding. It is well known that, given matches be-
tween images of the same object or scene, it is possible to
estimate 3D geometry (stereo and structure from motion)
and motion (visual odometry, optical flow, and tracking).
But matching can be applied to much more abstract levels of
understanding as well. For example, aligning different ob-
ject instances of the same type [32, 21] allows to discover
analogies between objects, inducting abstractions such as
object categories.

While reliable techniques exist for low-level matching,
high-level matching of different object instances remains a
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Figure 1: We propose AnchorNet, a novel deep architecture
that produces an image representation which significantly
improves state-of-the-art semantic matching methods. Key
to its success is a set of filters with a sparse response that
is geometrically consistent across different instances of a
category or of two similar categories. Although these fil-
ters are learned in a weakly supervised manner (i.e. only
image-level labels are used) they tend to anchor reliably on
meaningful object parts.

heavily-researched topic. Most of the work in this area has
focused on finding powerful geometric regularizers, such
as hierarchical correspondences [35] or deformable spatial
pyramids [32], to compensate for the still brittle visual de-
scriptors. Surprisingly, even powerful convolutional neu-
ral network (CNN) descriptors have been found lacking for
cross-instance matching [37, 21, 65], and in fact compa-
rable or even inferior to old hand-crafted features such as
SIFT [38] and HoG [ 1] for this task.

It is unclear why CNN representations, which perform
well for many challenging vision tasks, including object de-



Figure 2: Example responses of anchor filters discovered by the AnchorNet. (a), (b) show the class specific filters ch  for
bird and dog classes respectively while (c) depicts the class agnostic filters F,f across different categories (one filter per row).

tection [16] and segmentation [36], image captioning [59],
and visual question answering [1], have not been found to
work as well for cross-instance matching. Our hypothesis
is that this is due to the fact that CNNs are trained on large
datasets such as Imagenet ILSVRC [12] purely for the im-
age classification task. By learning with the sole purpose
of predicting a global image label, CNNs become insensi-
tive to local details and geometry and hence work poorly
for matching. This effect can be reversed by fine-tuning the
model on substantial amounts of data strongly supervised
with bounding box [16] or keypoint [9] annotations. While
this allows to use CNNs as excellent object and keypoint
detectors, it defeats the purpose of using CNN features as
generic descriptors for discovering correspondences in an
unsupervised manner, as matching requires.

In this paper, we address this issue by introducing a
new deep architecture that can learn representations that
work well for cross-instance matching (Figure 1), while us-
ing exactly the same supervision as traditional pre-training
— namely image-level labels used to train categorizers on
ILSVRCI12 [12]. Using only image-level labels for match-
ing amounts to weak supervision since the labels do not pro-
vide any information on the geometry of objects or scenes.

Our key insight is that a set of diverse and sparse filter re-
sponses provides a powerful representation for establishing
matches. Convolutional features that respond sparsely on
an image tend to automatically anchor to distinctive image
structures such as semantic object parts. Further enforcing
diversity of the filter bank responses results in a good cov-
erage. This yields a unique description for all object frag-
ments which is an essential property that enables reliable
estimation of dense semantic correspondences.

We incorporate this idea by extracting from information-
rich residual hypercolumns (section 3.1) a bank of dis-
tinctive and diverse filters with orthogonal responses (sec-
tion 3.2; Figure 2). In this framework, which we call An-
chorNet, geometric consistency is not imposed explicitly,
but emerges spontaneously. We also show how to com-
press banks of class-specific filters into a class-agnostic

bank (section 3.3) which works well for all classes.
Extensive experiments show that the proposed represen-
tation can be seamlessly leveraged by state-of-the-art se-
mantic matching methods such as the Deformable Spatial
Pyramid [32] or Proposal Flow [21] in order to improve
their performance (section 4.1). For the first time, we also
show that high-level correspondences can be established be-
tween objects of different categories, including new ones,
unseen during the training of our network (section 4.2).

2. Related Work

Finding dense correspondences. The classical matching
methods estimate very accurate pixel correspondences be-
tween two images of the same scene, in presence of mod-
erate viewpoint variations [25, 39, 44]. Early methods use
different hand-crafted features such as SIFT [38], HoG [1 1],
SUREF [4] or DAISY [54]. This task has many applications
including stereo matching [44], optical flow [25, 61], or
wide baseline matching [39, 63].

Recent works have generalized the notion of flow to im-
age pairs that are only semantically related [34, 47, 32, 52,
21]. This requires handling a higher degree of variabil-
ity in appearance. The semantic alignment task also finds
many applications such as image completion [3], enhance-
ment [20], or segmentation [34], and video depth estima-
tion [30]. The SIFT Flow algorithm [35, 34] pioneered the
idea of dense correspondences across different scenes and
proposes a multi-resolution image pyramid and a hierarchi-
cal optimization algorithm for efficiency. This approach got
extended by the Deformable Spatial Pyramid (DSP) algo-
rithm [32] that introduced a multi-scale regularization with
a hierarchically connected pyramid of graphs. The general-
ized deformable spatial pyramid [28] improves over DSP by
enforcing additional spatial constraints at a significant com-
putational cost. The Patch Match method [2] and its exten-
sion [3] target general purpose matching, including cross-
instance matching. The method of [5] builds an exemplar-
LDA classifier for every pixel to obtain dense correspon-



dences that improve the performance of scene flows. Pro-
posal Flow [21] leverages the recent development in object
proposals and uses local and geometric consistency con-
straints to establish dense semantic correspondences. Fi-
nally, WarpNet [29] learns correspondences by exploiting
the relationships within a fine-grained dataset.

A few methods [26, 27, 46, 31, 41, 64] have posed the
problem of finding correspondences as the joint alignment
of multiple pairs of images, defining the task of collec-
tive alignment. These methods assume sets of images that
share a category label and consistent viewpoints. The latest
method in this field is FlowWeb [64], that builds a fully con-
nected graph with images as nodes, and pairwise flow fields
as edges. Yet, this method scales poorly with the size of the
image collection, and it is not straightforward to establish
pairwise alignments between new samples.

Deep features for correspondences. Long et al. [37] stud-
ied the application of CNN features pre-trained on large
classification datasets for finding correspondences between
object instances. They found that CNN features perform
on par with hand-crafted alternatives such as SIFT for
the weakly-supervised keypoint transfer problems, and can
outperform them when keypoint supervision is available.
This work paved the way to new deep architectures trained
for finding dense correspondences between same object or
scene instances [13, 60, 53]. Recently, Choy et al. [9]
proposed a deep architecture that performs well at cross-
instance alignment, but requires strong supervision in form
of many keypoint matches.

The question of training deep features without keypoint
annotations still remains unanswered, as state-of-the art
semantic matching methods [32, 21] still rely on hand-
engineered SIFT and HoG respectively.

3. Method

The output of a deep convolutional layer in a CNN
is a tensor x € RTXWXD of height H, width W, and
with D feature channels. Thus, at each spatial location
(u,v), one obtains a D-dimensional feature vector d,, =
(Twv1s---sTuwp). As noted by [10], such CNN feature
vectors are analogous to hand-crafted dense descriptors like
HoG and Dense-SIFT and can often be used as a plug-and-
play replacement for the latter in applications. However,
as noted in e.g. [37] and shown in the experiments, this
substitution does not work well for cross-instance matching
algorithms such as DSP [32] and Proposal Flow [21].

Since CNNs can be turned in excellent keypoint detec-
tors by fine-tuning on data strongly annotated with keypoint
labels [9, 55], the reason for this failure must be in the way
most CNNs are pre-trained on image classification tasks.
Note that collecting keypoint annotations for every category
does not scale and defeats the purpose of cross-instance

matching, which is to discover such correspondences au-
tomatically. As a solution, we propose a new architecture
that, while using the same image-level supervision as the
standard pre-training on the classification task, learns fea-
tures with better geometric awareness.

Our method is motivated by a simple observation. Sup-
pose that learning encourages a feature to respond very lo-
cally (ideally a point). A convolutional filter can do this
only by responding to a visual structure that occurs uniquely
in each image — hence the distinctive part or keypoint of
an object. We call the latter the anchoring principle. A
geometry-aware representation suitable for semantic match-
ing should discover such a complete set of features that ul-
timately covers the whole object. We can do so by learning
a bank of filters that respond to complementary image loca-
tions. We call this the diversity principle. Note that diver-
sity indirectly encourages anchoring, as, if features respond
to different parts of an image, they must also respond lo-
cally. Armed with these insights, we propose next an archi-
tecture termed AnchorNet that follows the two principles.
We then show that these are sufficient to significantly boost
the geometric awareness of the resulting features. A dia-
gram of our network is presented in Figure 3.

3.1. Residual hypercolumns

We base our AnchorNet architecture on the powerful
residual architectures of [24]. We select the ResNet50
model as a good compromise between speed and accuracy.

In order to improve the geometric sensitivity of the rep-
resentation, we follow [22] and extract hypercolumns (HC).
A HC dy, at location (u,v) in the image is created by con-
catenating the convolutional feature responses at that loca-
tion for different layers of the network. Recall that, in most
CNN architectures, deeper features have reduced resolu-
tion; HC compensates for this by upsampling the responses
to a common size before concatenation. We denote the re-
sulting network d = ®(7), where I is the input image.

In more detail, we bilinearly upsample and concatenate
the rectified outputs of the res2c, res4c and res5c layers [24]
into a 56 x 56 x D hypercolumn tensor. Before concatena-
tion, descriptors extracted at each layer are compressed by
PCA to 256 dimensions (PCA is implemented as a 1 x 1 fil-
ter bank) and ¢ normalized to balance their energies. This
results in D = 768 dimensional HC vectors.

3.2. Learning anchoring features for an object type

The residual HC are high-capacity descriptors reflecting
both high-level semantics as well as low-level image de-
tails. While this suggests that they should contain enough
information for establishing matches, their direct utilization
leads to suboptimal results. Thus, we train a set of 3 x 3
convolutional filters F, ..., F'x that compress the HC re-
sponses into a compact set of anchor filters that are suitable
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Figure 3: The proposed AnchorNet architecture. First, images are described using hypercolumn descriptors. Sparse filters
are discovered for each category using a set of discriminability and diversity losses. Finally a denoising auto-encoder learns
how to share these filters between categories, leading to a final category-agnostic representation generalizing to new classes.

for matching. To this end, we learn filters that satisfy two
properties: discriminability and diversity.

Discriminability constraints. We start by learning filters
Fj, predictive of an object category. As a result, the filters
tend to focus on relevant foreground objects, and rarely on
the background. Without loss of generality, we first con-
sider a binary setting where images I are either containing
object instances of a single object category (y; = 1) or ir-
relevant background (y; = —1). We later extend to multiple
categories in section 3.3.

Learning uses a large dataset of images with cheap-to-
obtain image-level class labels. We follow common deep
networks [51, 24, 33] and use ILSVRC 12 [48] for training.
Discriminability is encouraged by minimizing the following
loss function:

K
Loiser(Lyr; @, F) = —yr »_ gmax ¢(Fy x (1)), (1)
k=1
where ®(I) denotes the HC tensor extracted from image /.
The function ¢ (z) = log(1l + exp(z)) is the smooth ver-
sion of ReLU [42] and gmax is a global max-pooling oper-
ator. Using gmax in order to highlight discriminative fea-
tures was done in [45]. While [45] finds a single geometry-
invariant image pixel within an object instance, here we aim
at learning a set of complimentary keypoint detectors sensi-
tive to the geometry of the input.

Minimizing Lp;s, identifies the strongest response of
each filter F}; in the image and then enhances or suppresses
it depending on whether the image contains the object. A
disadvantage is that, due to the global max-pooling, the
backpropagated signal is extremely sparse, which makes
learning slow. To speed-up the convergence rate, we in-
troduce a secondary loss function that, for negative images
only, generates much denser gradients by using global aver-
age pooling (gavg) instead of max pooling:

K

Sna(Lyr; @, F) = Oyr=—1] Zgavg max{0, Fx®(I)}.
k=1
(2

Using global average pooling is meaningful for the negative
images, where all responses should be suppressed, but not
for the positive ones, where only selected responses should
be enhanced.

Diversity constraints. Discriminability alone encourages
filters to respond to the object; however different filters may
learn to respond to redundant highly-distinctive object parts.
In order to obtain good coverage (and ultimately good an-
choring), we require the filters F}, of one class to be active
on diverse regions.

The diversity constraint is implemented by two diversity
losses Lfy,, and L5, , encouraging orthogonality of the fil-
ters and of their responses, respectively. £, makes filters
orthogonal by penalizing their correlations, as follows:

(77 )
Lo (F) =Y >
o) [#7Te T

i#j | P

3

where F? is the column of filter F; at spatial location p'.
Note that orthogonal filters are likely to respond to different
image structures, but this is not necessarily the case. Thus,
we introduce a second term L5 that directly decorrelates
the filters’ response maps i = 1(Fy, x ®(I)):

(¥, 9])
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This term is further regularized by smoothing the response
maps i = g, * ¢(F}), x ®(I)) prior to computing the loss
LE. . where g, is a Gaussian kernel; this encourages fil-
ter responses to spread farther apart by dilating their activa-
tions. Note that inducing diversity among classifier predic-
tion has been explored before [15, 19, 18, 49, 6], however
none of these works consider diversity as a loss to train a
deep representation as we propose.

Discussion. By making a large number of filters F}, both
discriminative and diverse, our method indirectly encour-

li.e. for our 3 x 3 filters Fy, p € {1,2,...,9}



ages them to become highly-specialized and hence to re-
spond to unique parts of objects (the anchoring principle).
This happens automatically, without enforcing such geo-
metric properties explicitly. This intuition is strongly sup-
ported by our experiments. Examples of the filters learned
for the bird and dog classes are presented in Figure 2 (a) and
(b). It is apparent that filters fire on consistent object parts
despite large intraclass variations, demonstrating the power
of our formulation and its applicability to matching.

3.3. Class-agnostic representation

In the previous section we have defined category spe-
cific anchoring filters. In this section, we extend them to be
generic to any category. This allows to use the same repre-
sentation for every image, irrespective of its label, to match
instances across different categories (e.g. dog vs cat), and to
even handle new categories.

First, a filter bank FIC LI Fg is learned for each object
category C1, ..., Cy using the method above. Each object
is learned by considering only images C; of that object class
and a common background class B. Since filters are not
learned to discriminate between objects, and since the di-
versity losses are applied only within each bank, different
filter banks can develop correlations. Figure 2 illustrates
this by showing that filters learned for the “dog” and “bird”
classes capture similar concepts such as eyes or nose.

We take advantage of the overlap between different
banks by introducing a new bank of 1 x 1 filters F}, ..., F'¥
that projects the class-specific responses of the filters
Flc o, Fg” to L general-purpose response maps appli-
cable to objects of any class.

In order to learn the projections F'° end-to-end, we add
a denoising autoencoder (DAE) [58] to our architecture.
DAE minimizes the reconstruction loss Lr(F*, )

Lr(FS.T) =D, (F%)T % F¥ % ¢(I)) (5)

where D(a,b) = |a/|a]| — b/||b||||* is the ¢2 distance
between the 2 normalized tensors a and b and (F¥)T
is the convolution transpose operator [57]. Here I =
I' — u(T") denotes the stack of class-specific heatmaps I' =
stack(wFlc1 et 1/}F§N) € RWXHX(KN) centered by re-

moving their mean u(I"), estimated online during training.
We have observed that centering followed by ¢2 normal-
ization greatly improves the convergence properties of Lp.
Function ¢(z) injects noise by randomly setting to zero 25%
of the feature channels of the tensor z.

The decorrelation loss eq. (3) is applied to the compres-
sion filters F'S as well in order to encourage their diversity.

Note that the reconstruction loss £z, when optimized
end-to-end with the rest of the model, encourages the maps
I" to shrink (because, if I'=0 everywhere, then the autoen-
coder has a trivial optimum). This is however prevented

by the decorrelation losses Eg‘iv, £§iv. L r thus works as a
regularizer enforcing part sharing. Examples of the learned
class agnostic filters are in fig. 2 (c).

Denoising autoencoders have been used for domain
adaptation before [7, 17]. In a similar spirit, the last part of
our network transforms a set of class (domain) specific fil-
ters into a domain invariant representation that can accom-
modate for any class, even the one not seen during training.

Network training. AnchorNet is optimized with stochas-
tic gradient descent (SGD) by minimizing the sum of the
proposed losses Lpiscr, L85 Eéiv, £§iv and L, with mini
batches of size 16, a learning rate of 10~2, and a momentum
of 0.0005. Parameters of the network are initialized with the
ResNet50 model pre-trained on ILSVRC12. We use two-
stage optimization to speed up the training process. First,
the class-specific filters FiC"‘ are trained on 4 x 10% training
images independently for each object class C}, keeping the
rest of the network parameters fixed. Then, we attach the
autoencoder and the reconstruction loss to fine-tune all the
network parameters end-to-end on 12 x 10 images. Further
details are provided in the supplementary material.

4. Experiments

We thoroughly compare our method with existing tech-
niques for semantic matching (section 4.1). Then, we assess
how well our features allow to establish matches across im-
ages of different categories (section 4.2) which, to the best
of our knowledge, was never demonstrated before.

Note that for all reported results, training only uses
ILSVRCI2 [12] images and labels, where the categories are
merged according to the PASCAL-ILSVRC class mapping
from [12] (e.g. sofa is a merge of “studio couch” and “day
bed”). In this manner, 231 ILSVRC classes are used as pos-
itive examples spread over the 20 PASCAL VOC classes;
the remaining 769 classes are used to form the set B of neg-
ative (background) images. Even when we report results on
one of the N = 20 PASCAL VOC [14] classes, none of the
PASCAL VOC training data is used.

4.1. Dense pairwise semantic matching

We follow the standard practice [64, 21] of using a
dataset with manually annotated semantic keypoints or re-
gions and assess how well a semantic matching method in
combination with different types of features transfers the
annotations from an image to another. We experiment on
three datasets following their evaluation protocol.

Compared methods. The most successful cross-instance
matching methods include DSP [32] and Proposal Flow
[21] (PF). In their original formulation, these methods per-
formed best with the Dense SIFT [38] feature for DSP, and
the whitened version of HoG [23] for PF. In the following



mean aero bike bird boat bottle bus car cat chair cow dog horse mbike person plant sheep sofa table train tv
Pairwise alignment methods
DSP + ANet-class 045 031 049 032 053 075 0.51 047 023 053 037 020 033 041 022 046 045 0.77 045 048 0.74
DSP + ANet 045 029 047 029 052 0.73 0.50 046 025 053 037 021 034 039 020 044 045 0.77 045 051 0.74
DSP + HC 041 029 045 024 051 073 048 044 020 052 032 0.16 028 035 019 039 037 0.74 044 048 0.67
DSP + SIFT [32] 039 025 046 021 048 0.63 0.50 045 0.19 048 030 0.14 026 035 013 040 037 066 037 048 0.62
Proposal Flow + ANet-class 0.43 026 043 0.28 0.54 0.71 0.50 045 024 054 032 021 028 035 021 045 040 0.74 046 050 0.70
Proposal Flow + ANet 042 026 041 026 053 0.70 049 045 025 054 031 0.19 028 031 0.17 043 039 0.74 044 052 0.69
Proposal Flow + HC 042 026 042 026 0.54 0.70 0.50 045 023 053 032 0.18 027 032 0.18 043 038 074 045 051 0.64
Proposal Flow + HoG [21] 041 025 045 023 054 0.70 049 044 0.19 053 030 0.16 025 035 0.16 041 035 0.74 044 050 0.63
Baseline: NoFlow 0.39 027 040 022 050 0.73 046 042 020 051 030 0.15 025 032 0.18 038 034 0.74 044 047 0.64
Collective alignment methods
FlowWeb [64] 043 033 053 024 051 072 0.54 051 020 052 032 015 029 045 0.19 041 039 073 041 051 0.68

Table 1: Weighted IoU for pairwise semantic part matching on PASCAL Parts. The proposed methods are in bold.
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Figure 4: Segmentation mask transfer on PASCAL Parts for DSP+ANet (ours), Proposal Flow + HoG, and DSP + SIFT.

experiments, we replace these descriptors with our repre-
sentation, as follows.

For DSP, the learned filter banks produce a dense field of
feature vectors which are bilinearly upsampled to the origi-
nal image size, /5 normalized and passed to DSP as a plug-
and-play replacement of Dense SIFT. For PF, we mimic
their use of HoG: every object proposal serves as a pool-
ing region for the set of filter activations that are extracted
once for every image. The pooling is performed by reading-
off the filter activations inside the region and resizing them
to 8 x 8 using bilinear interpolation. This tensor is then
vectorized and 2 normalized to form the final descriptor of
the proposal region. We use the variant of PF that extracts
1000 selective search boxes [560] per image. The rest of the
matching procedure is identical to the original PF algorithm.

We compare both the class-agnostic (ANet) and class-
specific (ANet-class) variants of our anchor filters. The
class-agnostic variant uses the 256 dimensional features
produced by the autoencoder filters F*S, whereas ANet-
class uses the output of the class-specific filters F¢# cor-
responding to a given PASCAL VOC object category C;.
Thus, ANet-class assumes knowledge of the object class la-
bel while ANet is universally applicable without requiring

additional image-specific information. As baseline descrip-
tors we consider SIFT, HoG and HC descriptors formed by
concatenating the PCA projected layers of ResNet50 (res2c,
res4c and resSc - section 3.1). We also report the NoFlow
baseline that predicts zero-displacement for every pixel.

While we focus on pairwise matching, an alternative
is to align many images together, known as co-alignment.
Among various co-alignment methods, including [26, 46,
31], FlowWeb [64] is currently the state of the art. Due to its
superior performance, we only report results for FlowWeb;
however, while FlowWeb works very well, it is important to
note that it is also substantially more expensive than pair-
wise matching, does not scale well and cannot accommo-
date for new image pairs.

Evaluation of segmentation masks transfer. We compare
the various methods on the task of transferring semantic part
segmentation masks, strictly following the protocol of [64].
Dense semantic matches, as determined by DSP or PF given
a descriptor, are used to warp the part segmentation mask
from a source to a target image. The matching quality is
assessed as the average weighted intersection-over-union
(IoU) between the predicted masks and the ground-truth



mean aero bike boat bottle  bus car chair mbike sofa table train tv
Pairwise alignment methods
DSP + ANet-class 024 023 028 006 038 044 039 0.14 019 016 0.11 0.13 041
DSP + ANet 023 022 025 006 035 042 034 014 0.17 017 013 0.14 040
DSP + HC 020 020 023 0.05 039 036 025 0.10 0.15 012 010 0.12 0.28
DSP + SIFT [32] 0.18 0.17 030 0.05 0.19 033 034 0.09 0.17 012 0.09 0.12 0.18
Proposal Flow + ANet-class ~ 0.17  0.17 021  0.05 025 026 027 0.10 0.14 012 0.07 0.10 0.24
Proposal Flow + ANet 0.16 0.16 0.19 0.05 022 026 025 0.10 0.12 011 0.05 012 023
Proposal Flow + HC 0.16  0.17 021 0.05 023 027 024 0.09 0.13 012 0.05 011 0.20
Proposal Flow + HoG [2 1] 0.17 020 026 0.05 020 031 029 0.10 0.17 013 0.05 0.13 0.21
Baseline: NoFlow 0.17 018 0.17 0.05 039 031 0.17 0.09 0.12 0.11 0.07 0.11 0.24
Collective alignment methods
FlowWeb [6] 026 029 041 0.05 034 054 050 0.14 0.21 0.16 004 0.15 033

Table 2: PCK (« = 0.05) for semantic keypoint transfer on the 12 rigid classes of the PASCAL Parts dataset.

AuCs for PCR
Feature 5
Matching ANet-class ANet HOG [2]]
NAM: baseline 0.41 0.36 0.29
LOM: Proposal Flow 0.46 0.43 0.43

Table 3: Region matching on the PF dataset.

ones for different semantic parts. The results are reported
in Table 1, qualitative results are provided in Figure 4.

We make the following observations.  First, the
ResNet50 features, perform at most marginally better, than
SIFT or HoG, while both ANet and ANet-class features im-
prove performance for both DSP (+6% IoU) and PF (+1%
IoU). Second, the class-specific features ANet-class per-
form on par with the class-agnostic features ANet, demon-
strating the ability of our domain generalization approach
to compress the class-specific filters into the class-agnostic
ones. Third, our features, in combination with DSP, ex-
hibit the best average performance among all the compared
methods. Remarkably, both ANet and ANet-class outper-
form all co-alignment methods, including FlowWeb [64],
achieving state-of-the-art results on this dataset. This is an
interesting finding as the co-alignment methods exploit the
small viewpoint and appearance variations in order to im-
prove pairwise alignments.

Evaluation of keypoint matching. We also evaluate per-
formance on matching semantic keypoints. Corresponding
annotations are provided by [62] for the 12 rigid PASCAL
VOC categories. Similar to the previous section, we use
the dataset from [64], and, strictly following their evalua-
tion protocol, we assess the matching accuracy using PCK,
setting the misalignment tolerance parameter « to 0.05.

Table 2 contains the results of this experiment. Our fea-
tures improve the original DSP results by a large margin
(+6% PCK), obtaining state-of-the-art results on this dataset
among the pairwise alignment methods. Pairwise match-
ing becomes in fact competitive with the results obtained
by FlowWeb in co-alignment, although the latter use more
information. Proposal Flow is generally weaker on this task
and is not helped by the better features.

Matching Alg. DSP Proposal Flow NoFlow
Feature ANet HC  SIFT | ANet HC  HoG -
PCK (a = 0.05) 0.11  0.08 0.06 013 0.09 0.06 0.04
PCK (a =0.1) 024 0.18 0.12 032 025 0.18 0.12

Table 4: Semantic matching on the AnimalParts dataset.
For each method, we report the average PCK over all pos-
sible 12x12 domain pairs. An overview of individual cross-
category results can be found in Figure 5
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B 11: passerine
- 0.0  12: parrot

Figure 5: Per-domain semantic matching on the Animal-
Parts dataset. Cells are colored proportionally to the match-
ing performance on a given animal class pair. Columns de-
note the source domains, rows the targets.

Evaluation of region matching. As a third benchmark
dataset, we use the PF dataset and corresponding protocol
as described in detail in [21]. The dataset contains 10 im-
age sets of 4 object types and the task is to establish matches
between annotated semantic regions within the image sets.
We report region matching precision using the definitions
specified in [21]. Table 3 contains the results obtained by
using the code and data made available by [21].

We evaluate our deep features in combination with the
two matching methods presented in [21]: the best perform-
ing local offset matching (LOM), and the naive appearance
matching (NAM). ANet is compared with the best per-
forming feature from [21], i.e. HoG [23]. We observe that
using ANet-class features in combination with both match-
ing methods (LOM, NAM) brings a significant performance
improvement. Note in particular that ANet-class is suffi-
ciently powerful to make the NAM baseline, which does
not use any sophisticated geometric reasoning, competitive
with the LOM+HoG, which uses geometric reasoning but



Figure 6: Cross-class alignments on the AnimalParts dataset. Given a target (top row) and source images (bottom row) we
establish semantic correspondences between parts of animal classes. The alignment warps the source image into the target

image. We compare Proposal Flow + ANet (ours - 2nd row) and Proposal Flow + HoG [21] (3rd row).

Source class bicycle  mbike  bus car  bus dog cat sheep dog horse cow sheep cow
mean 4 4 { 4 + 4 4 4 4 { 4 { 4
Target class mbike  bicycle  car bus car cat dog dog sheep cow  horse  cow sheep
DSP + ANet 0.37 0.35 0.45 052 035 036 025 025 034 0.27 031 0.47 0.37 0.58
DSP + HC 0.32 0.27 0.44 048 032 034 020 021 022 0.23 027 040 028 0.54
DSP + SIFT [32] 0.29 0.28 0.40 040 027 030 016 0.16 0.20 0.19 026  0.31 0.28 0.50
Proposal Flow + ANet 0.35 0.32 0.38 050 032 037 023 027 030 0.25 029 041 0.32 0.53
Proposal Flow + HC 0.33 0.31 0.34 049 029 035 022 024 028 0.23 028 041 0.32 0.53
Proposal Flow + HOG [21]  0.31 0.30 0.43 048 030 035 019 021 022 0.19 0.25 0.37 0.29 0.50
Baseline: NoFlow 0.27 0.26 0.44 035 026 025 0.7 0.8 0.22 0.17 022 029 0.26 0.49

Table 5: Weighted IoU for cross instance semantic part matching on PASCAL Parts.

handcrafted features (LOM+ANet-class is even better).
4.2. Generalization across categories

The previous section experimented on the task of align-
ing different object instances of the same category. Here,
we depart from this scenario and consider instead cross-
category matching, where correspondences are established
between objects of different categories. To the best of our
knowledge, this is the first time this task is considered.

For evaluation, we first use the PASCAL Parts [¢] data
from [64]. Parts with different location qualifiers are
merged into one (e.g. “left-leg” and “right-leg” are merged
into “leg”) to ensure shareability across categories. Overall,
there are 9 object categories and 13 shared part types.

Second, we consider the AnimalParts [43] dataset, intro-
duced as a test-bed to study the transferability of semantic
part detectors. Here, we reuse the dataset in order to as-
sess transferability of ANet filters trained without explicit
supervision. AnimalParts includes only a few part types
(“eye” and “foot”), but a large number of different cate-
gories — 100 animals from the ILSVRC12 dataset. In or-
der to present results compactly, animals are grouped in 12
families, based on the WordNet [40] hierarchy. For each
pair of super-classes, 40 image pairs are randomly sampled
for evaluation, resulting in ~7K image pairs in total. PCK
is computed for each pair of super-classes, and the results
are averaged over such pairs. The class-specific ANet-class
does not apply since the goal is to match across categories

and most of these categories were not seen during training.

Tables 4 and 5 and Figure 5 show that ANet works sub-
stantially better than other matching methods. For the An-
imalParts, the best results are obtained with Proposal Flow
in combination with our features, with a 7% PCK improve-
ment over the PF + HoG baseline (o« = 0.05). The fact
that AnimalParts contains categories unseen at train time
(e.g. reptiles) demonstrates the scalability and generaliza-
tion of the proposed approach. For PASCAL Parts, similar
to the intra-class matching experiment (section 4.1), DSP
performs best. Here ANet attains a 16% relative improve-
ment over the best previously published method (Proposal
Flow + HoG). Figure 6 provides qualitative results.

5. Conclusion

In this paper we have examined the problem of dense
semantic matching. Employing the concept of filter anchor-
ing, we have designed a novel deep architecture, termed An-
chorNet. Supervised with only image-level labels, Anchor-
Net automatically learns a set of filters which respond in
a sparse and geometrically consistent manner across object
instances. Thanks to these filters, our architecture produces
powerful representations for image matching. We exper-
imentally validate these features in conjunction with state-
of-the art semantic matching methods attaining state-of-the-
art performance on the segmentation transfer and keypoint
matching tasks. Versatility of our representation has been



demonstrated on the new task of cross-category matching
where we report positive results on two test-beds.
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ing this research.



AnchorNet: A Weakly Supervised Network
to Learn Geometry-sensitive Features For Semantic Matching

Appendix

A. Learning details

In this section we provide additional details about the
learning protocol of AnchorNet. Training converges after
visiting 4 x 10* training samples (for each class) in stage 1
and 1.2 x 10* samples in stage 2 (two days on a single GPU
NVIDIA Tesla M40). The learning rate was fixed to a value
of 10~2 with the minibatch size of 16 and the momentum
set to the standard value of 0.0005. The training data were
augmented as in [24].

The losses were balanced as follows. The weights of
Lpiser and ES}‘S’; were set to 1 and 10 respectively. The
weight of Lr was set to a higher value of 10° which is
necessary due to the inhibition of the gradient by the /5
normalization which takes place just before computing Lp.

The weights of Eg‘i’VB and Lg were set to be as high as pos-

sible (10°) such that £€va ~ Lr =~ 0 are treated approx-
imately as hard constraints. Importantly, Lp is optimized
only during visiting positive samples as reconstructing the
activations of negative samples would waste the capacity of
the autoencoder. During the first training stage, we sample
positive and negative samples with equal probability. Fur-
thermore, during stage 2, we ensure that the distribution of
positive samples is uniform over the set of 20 Pascal cat-
egories. This causes the positive samples from any given
object category to be 20x less frequent than the negative
samples. Hence, in order to rebalance losses in stage 2, we
decrease the weights of negative samples l?‘?/ a factor of 20.
Due to the fact that the gradients from £Di’VB exhibit high
magnitudes, we decrease the learning rate on the layers bel-
low the first autoencoder layer by a factor of 10% during the
second stage.

B. Additional experimental results

Tables F and G provide an extension of Tables 1 and 2
from the paper. On top of the features already provided in
Tables 1 and 2, we include more baseline features: res4c
and resSc, which are extracted from the ResNet50 architec-
ture and the features from Simon et al. [50]. [50] selects
part-like convolutional feature channels using a mixture of
constellation models; however, if two different aspects are
detected in two images, the set of common features is too
sparse for matching. Thus, we converted their output to
dense descriptors for use in DSP and PF by 1) modifying the
HC from the ResNet50 architecture by retaining their part-
like channels across all aspects (denoted as Constellation-

HC) and 2) by backpropagating the part-like channel acti-
vations to the input image as they do, and using the image-
level activations as dense descriptors (Constellation-BP).

Additionally, to quantify the impact of the diversity
losses Lpiy, we also report the performance of the features
produced by the ANet-class method optimized without the
diversity losses with DSP used as the matching algorithm
(DSP + ANet-class w/o Lpiy).

We observe that the resdc, res5c features as well as all
the variants of the constellation features perform on par
with the hypercolumn features (HC). The apparent drop in
performance of DSP + ANet-class w/o Lp;, compared to
DSP + ANet-class highlights the contribution of the diver-
sity losses.

C. Additional qualitative results

Segmentation transfer on PascalParts. Figure G com-
plements Figure 4 from the paper and contains additional
qualitative results for the segmentation transfer task on the
PASCAL Parts dataset.

Semantic matching on AnimalParts. Figure H comple-
ments Figure 6 from the paper and contains additional qual-
itative results for the semantic matching task on the Ani-
malParts dataset.
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mean aero bike bird boat bottle bus car cat chair cow dog horse mbike person plant sheep sofa table train tv
Pairwise alignment methods
DSP + ANet-class 045 031 049 032 053 0.75 0.51 047 023 053 037 020 033 041 022 046 045 0.77 045 048 0.74
DSP + ANet-class w/o Lpiy 041 027 042 025 051 072 046 042 021 052 032 0.19 030 033 0.18 044 034 075 042 048 0.64
DSP + ANet 045 029 047 029 052 0.73 050 046 025 053 037 021 034 039 020 044 045 077 045 051 0.74
DSP + res4c 041 028 043 023 050 0.73 047 043 020 052 031 015 027 034 019 039 036 074 044 048 0.65
DSP + res5c 0.40 027 042 023 050 0.73 047 042 020 051 031 015 026 033 0.19 039 035 0.74 044 048 0.65
DSP + HC 041 029 045 024 051 073 048 044 020 052 032 016 028 035 019 039 037 074 044 048 0.67
DSP + SIFT [32] 0.39 025 046 0.21 048 0.63 0.50 045 0.19 048 030 0.14 026 035 0.13 040 037 0.66 037 048 0.62
DSP + Constellation-HC 0.40 028 042 023 050 0.73 047 042 020 052 031 015 027 034 019 038 036 074 044 048 0.65
DSP + Constellation-BP 040 027 041 023 050 0.73 046 042 020 0.51 031 0.5 026 033 0.18 038 035 073 044 047 0.64
Proposal Flow + ANet-class 043 026 043 0.28 054 0.71 0.50 045 024 054 032 021 028 035 021 045 040 0.74 046 0.50 0.70
Proposal Flow + ANet 042 026 041 026 053 070 049 045 025 054 031 0.19 028 031 0.17 043 039 074 044 052 0.69
Proposal Flow + resdc 042 027 044 026 054 0.70 0.50 045 023 053 032 0.18 028 033 0.17 044 039 074 045 052 0.66
Proposal Flow + res5¢c 0.39 023 034 025 053 0.70 047 043 022 052 030 0.18 026 027 0.17 041 038 0.73 045 049 0.60
Proposal Flow + HC 042 026 042 026 0.54 0.70 0.50 045 023 0.53 032 0.18 027 032 0.18 043 038 0.74 045 051 0.64
Proposal Flow + HoG [21] 041 025 045 023 054 0.70 049 044 0.19 053 030 0.16 025 035 0.16 041 035 0.74 044 050 0.63
Proposal Flow + Constellation-HC  0.40 0.26 0.39 0.25 0.53 0.68 048 043 021 052 030 0.17 026 031 0.15 042 037 072 044 0.50 0.62
Proposal Flow + Constellation-BP  0.39 0.25 0.38 0.23 0.53 0.68 047 041 020 0.51 029 0.16 025 030 0.5 041 035 071 043 049 0.60
Baseline: NoFlow 0.39 027 040 0.22 050 0.73 046 042 020 0.51 030 0.15 025 032 0.18 038 034 0.74 044 047 0.64
Collective alignment methods
FlowWeb [64] 043 033 053 024 051 072 054 051 020 052 032 015 029 045 019 041 039 073 041 0.51 0.68

Table F: Weighted IoU for pairwise semantic part matching (not to be confused with object or part detection or segmenta-
tion) on PASCAL Parts. The methods that use our proposed features are in bold.

(8]

(9]

(10]

(11]

[12]

[13]

mean aero bike boat bottle  bus car  chair mbike sofa table train tv
Pairwise alignment methods
DSP + ANet-class 024 023 028 0.06 038 044 039 0.14 019 0.16 0.11 0.13 041
DSP + ANet-class w/o Lpiy 0.17 019 018 006 031 031 0.18 0.10 0.13  0.12 008 012 024
DSP + ANet 023 022 025 006 035 042 034 014 017 017 013 014 040
DSP + HC 020 020 023 005 039 036 025 0.10 0.15 0.12 0.10 0.12 028
DSP + res4c 019 020 022 005 039 035 024 0.10 0.14 0.11 009 012 027
DSP + resSc 0.17 019 019 005 038 032 0.19 0.9 0.13  0.11 0.08 0.11 025
DSP + SIFT [32] 0.18 017 030 005 019 033 034 0.09 0.17 0.12 009 0.12 0.18
DSP + Constellation-HC [50] 0.18 020 021 0.05 039 033 020 0.10 013 0.2 0.09 0.12 026
DSP + Constellation-BP [50] 0.17 019 019 005 039 032 0.19 0.10 0.12 0.12 008 0.12 025
Proposal Flow + ANet-class 0.17 017 021 005 025 026 027 0.10 0.14 0.12 007 010 024
Proposal Flow + ANet 016 016 019 005 022 026 025 0.10 012  0.11 005 0.12 023
Proposal Flow + HC 0.16 017 021 005 023 027 024 0.09 0.13  0.12 005 0.11 020
Proposal Flow + resdc 0.17 019 024 005 023 028 027 0.09 0.15 0.2 005 013 021
Proposal Flow + res5c¢ 0.11 013 011 004 021 021 0.19 0.07 008 0.08 0.05 0.09 0.14
Proposal Flow + HoG [21] 0.17 020 026 005 020 031 029 0.10 0.17 0.13 005 0.13 021
Proposal Flow + Constellation-HC [50] ~ 0.14  0.18 0.17 004 0.19 025 020 0.08 012 010 0.05 0.10 0.17
Proposal Flow + Constellation-BP [50] 0.13 016 015 004 019 025 0.18 0.07 0.10 0.10 0.06 0.10 0.17
Baseline: NoFlow 0.17 018 017 005 039 031 0.17 0.09 0.12 0.11 007 011 024
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FlowWeb [64] 026 029 041 005 034 054 050 0.14 0.21 0.16 004 0.15 033

Table G: PCK (a = 0.05) for semantic keypoint transfer on the 12 rigid classes of the PASCAL Parts dataset.
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Abstract

Self-supervision can dramatically cut back the amount
of manually-labeled data required to train deep neural net-
works. While self-supervision has usually been considered
for tasks such as image classification, in this paper we aim
at extending it to geometry-oriented tasks such as semantic
matching and part detection. We do so by building on sev-
eral recent ideas in unsupervised landmark detection. Our
approach learns dense distinctive visual descriptors from
an unlabeled dataset of images using synthetic image trans-
formations. It does so by means of a robust probabilistic
Sformulation that can introspectively determine which image
regions are likely to result in stable image matching. We
show empirically that a network pre-trained in this manner
requires significantly less supervision to learn semantic ob-
Jject parts compared to numerous pre-training alternatives.
We also show that the pre-trained representation is excellent
for semantic object matching.

1. Introduction

One factor that limits the applicability of deep neural net-
works to many practical problems is the cost of procuring
a sufficient amount of supervised data for learning. This
explains the increasing interest in techniques that can learn
good deep representations without the use of manual super-
vision. Methods that rely on self-supervision [7, 26, 30],
in particular, can initialize deep neural networks from un-
labeled image collections. The resulting pre-trained net-
works can then be fine-tuned to solve a desired task with
far fewer manual annotations than would be required if they
were trained from scratch.

While several authors have looked at self-supervision for
tasks such as image classification and segmentation, less
work has been done on tasks that involve understanding
the geometric properties of object categories. In this pa-
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Figure 1. Our approach leverages correspondences obtained from
synthetic warps in order to self-supervise the learning of a dense
image representation. This results in highly localized and geo-
metrically stable features. The use of a novel robust probabilistic
formulation allows to additionally predict a pixel-level confidence
map that estimates the matching ability of these features.

per, therefore, we propose a self-supervised pre-training
technique that obtains image representations suitable for
geometry-oriented tasks. We consider two representative
problems: semantic part detection and semantic matching,
both of which help to characterize the geometric structure
of objects.

Our specific goal is to pre-train convolutional neural net-
works suitable for such geometry-oriented tasks given only
a dataset of images of one or more object categories with no
bounding box, part or other types of geometric annotations.
Our approach is based on three ideas. First, we configure
the network to compute a dense field of visual descriptors.
These descriptors are learned to match corresponding ob-
ject points in different images using a pairwise loss formu-
lation. However, since no labels are given, correspondences
between images are unknown. Thus, the second idea is to
generate image pairs for which correspondences are known
by means of synthetic warps [17,31, 34, 35]. Learning from
this data results in visual descriptors that are invariant to
image deformations, but that may not be consistent across



intra-class variations. The authors of [35] suggest that intra-
class generalization can be achieved by limiting the descrip-
tor dimensionality. However, we found this approach to be
too fragile to handle complex 3D object categories, partic-
ularly when many landmarks can be occluded in different
views. This contrasts with other recent approaches such as
AnchorNet [27], which can learn landmarks more robustly,
albeit with reduced geometric accuracy.

Seeking to retain the robustness of methods such as An-
chorNet [27] while incorporating a geometric prior such
as [35], we propose to trade-off robustness for a higher di-
mensionality of the descriptors. We further improve robust-
ness by casting learning into a probabilistic formulation, our
third idea. This formulation allows the network to explicitly
learn, along with the visual descriptors, an estimate of their
expected matching reliability. In this manner, the network
learns failure modalities, such as extracting descriptors in
correspondence of background regions instead of the object
or occlusions.

The resulting formulation is able to pre-train excellent
networks for semantic matching and semantic part detec-
tion. This is demonstrated empirically by means of thor-
ough experiments against a range of baselines on standard
benchmark datasets. For semantic matching, our results
outperform [27] and [35] that use a comparable level of su-
pervision and are on par with the fully supervised method
of [11]. For part detection, we consider a few-shot keypoint
detection task and show that our method performs better
than all competitors when few annotations are available.

The rest of the manuscript is organized as follows. Sec-
tion 2 discusses related work, section 3 presents the tech-
nical details of our method, section 4 conducts the experi-
mental evaluation, and section 5 summarizes our findings.

2. Related Work

Learning features for geometric tasks. Hand-crafted fea-
tures such as SIFT [24], DAISY [41], or HOG [6], ini-
tially designed for geometrical tasks such as matching-
based retrieval [33], stereo matching [29], or optical flow
[14] formed the gold standard until very recently due to
their appealing properties such as repeatability.

Dense semantic matching methods, pioneered by SIFT
Flow [21] are designed to deal with more variability in ap-
pearance and create dense correspondences across differ-
ent scenes. Following the success of CNN architectures for
recognition tasks like image classification [20], these archi-
tectures have been used as feature extractors for other tasks,
including semantic matching. Yet, without any further
training, they have been shown not to improve over hand-
engineered features for geometric tasks [23, 10] and most
approaches still combine hand-crafted features and spatial
regularization [3, 15, 19, 21, 45]. To overcome this, deep

features have been retrained for geometric tasks [4, 45, 11].
Choy et al. [4] combine a fully convolutional architec-
ture with a contrastive loss and train with a large num-
ber of annotations. Zhou et al. [46] require 3D models to
link correspondences between images and rendered views.
Han et al. [11] follow Proposal Flow [10] and replace the
hand-crafted features with features trained end-to-end with
a large amount of annotations.

Training geometry-aware features without costly anno-
tations such as keypoints or 3D models has only been sel-
domly studied [27, 34, 35, 31]. The AnchorNet approach
[27] builds discriminative parts that match different object
instances as well as different object categories using only
image-level supervision. Other methods have proposed to
replace costly manual annotations by synthetically generat-
ing image pairs [34, 35, 31]. Thewlis et al. [34] show that
placing constraints on matching builds object landmarks
that are not only consistently detected across the deforma-
tion of a current instance, but also across instances. This
work was extended to a dense formulation [35], embedding
objects on a sphere. Although this works well for faces,
such an approach seems less appropriate for objects with a
complex 3D shape. Rocco et al. [31] propose a Siamese
architecture for geometric matching, composed of a feature
extraction part and a matching architecture that is used to
predict the parameters of a synthetic transformation applied
to the input image. Aurtificial correspondences were also
used in [17] for fine-grained categories.

Keypoint detection. Keypoint detection has been ex-
tremely well studied for the case of humans [16, 42, 9, 1]
and recent approaches have leveraged deep architectures
[37, 36]. Only a few works have considered keypoint detec-
tion for generic categories [13, 23, 40, 38]. These methods
require large training sets and none of them has considered
a few-shot learning scenario.

3. Method

Our aim is to learn a neural network for object part detec-
tion and semantic matching. Furthermore, we assume that
only a small number of images annotated with information
relevant to these tasks is available, but that images labeled
only with the presence of a given object category are plen-
tiful. Thus, our goal is to develop a self-supervised method
that can use such image-level annotations to pre-train a net-
work that captures the object geometry.

Formally, let X = {x1,...,xn} be a collection of
N unlabeled images x; € RTXWX3 of one or more
object categories and let ¢ : RIXWx3 _ RHXWxC
be a deep neural network extracting a dense set of fea-
ture vectors from the image. We will use the symbol
#(x), € RY to denote the feature vector extracted at lo-
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cation' w € {1,..., H} x {1,..., W}, namely:

[¢(X)u]c = [¢(x)]uc

Each vector ¢(x),, can be thought of as a descriptor of the
image appearance around location u. Since our aim is to
recognize and match object parts, we would like such de-
scriptors to be characteristic of specific object landmarks.

In a supervised setting, one is given the identity of the
object part found at each location « and can use this infor-
mation to learn the descriptors. However, in our case this
information is not available, so we must resort to a different
supervisory signal. We do so by constraining descriptors
to be invariant (section 3.1) and discriminative (section 3.2)
with respect to synthetic image transformations, and make
this robust using a form of probabilistic introspection (sec-
tion 3.3). The resulting learning objective is given in sec-
tion 3.4 and further discussed in section 3.5. Figure 2 pro-
vides an overview of the overall approach.

Vee{l,...,C}:

3.1. Invariant description

We say that locations « and v/ in image x and x’ cor-
respond if they are projection of the same 3D object point.
For object categories, we define correspondences by anal-
ogy (such as being centered on the right eyes of two ani-
mals).

The invariance condition states that the descriptors com-
puted at corresponding image locations u and u’ should be
identical:

(xX)u = (X ) (D

While correspondences are not known for arbitrary im-
ages in the database &X” (short of providing manual annota-
tions), we can at least synthetically generate such examples.
To this end, let g : R? — R, u + u/ = g(u) be a random

!In our implementation, features are extracted at a lower resolution than
the input image, but for clarity we ignore this difference in the notation.

image warp and let x’ = x o g~! be the image obtained by
warping x € X accordingly.” Then, constraint (1) can be
rewritten as:

D(x)u = d(x09 ")) )

While the network ¢ should satisfy constraint (2), the
latter is insufficient to characterize good descriptors as it
can be trivially satisfied by making all descriptors identi-
cal. The missing ingredient is that the descriptors should
also uniquely identify a specific object point. Building this
additional constraint into the model is discussed in the next
section.

Vg, u :

3.2. Informative invariant description

Invariance (2) must be paired with the fact that descrip-
tors should be able to robustly distinguish between different
object points. To encode such a constraint, we note first
that it does not make sense to check for exact descriptor
equality or inequality as literally suggested by eq. (2). In-
stead, descriptors are compared continuously by consider-
ing a matching score. We define the latter to be their recti-
fied inner product

§7% = max{0, (3(X)u, d(X)u)}. 3)

In order to guarantee that this score is maximum when a
descriptor is compared to itself (s}, < 1,s57¢ = 1), de-

scriptors are L? normalized, so that

[o(x)ullz = 1.

The inner product is rectified because, while it makes sense
for similar descriptors to be parallel, dissimilar descriptors
should be orthogonal rather than anti-correlated.

Next, in order to encode invariance and discriminability
together, we note that each pair of points (u, u') may or may

2Here x’ is obtained from x using inverse warp.
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not represent a valid correspondence for a given image pair
(x,x'). This is captured by a label 3% € {—1,0,+1},
where +1 indicates a valid correspondence , —1 an invalid
one, and 0 a “borderline” case to be ignored. Given the
labels (defined from the synthetic warps in eq. (7)), one can
define a matching loss (%,
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However, ¢ cannot be satisfied for all possible choices of
image and pixel pairs (x, x’) and (u, u'). For example, an
object point may be occluded, a pixel may belong to the
background, or the match may just be too difficult for the
model to express adequately. This problem is addressed in
the next section.

3.3. Probabilistic introspection

In order to handle difficult or impossible matches in the
loss function, we do not resort to heuristics such as using
robust versions of the loss (4), but rather task the neural
network with predicting when descriptors are unreliable.
In order to do so, inspired by [28, 18], the network is mod-
ified to compute an additional scalar value 0* € R for
each pixel expressing uncertainty about the quality of the
descriptor extracted at v and its consequent ability to estab-
lish a reliable match. Importantly, this belief is estimated
from each image independently before matching occurs. In
this manner, o7 can be interpreted as an assessment of the
informativeness of the image region that is used to compute
the descriptor.

In more detail (and dropping the superscript xx’ for
simplicity), we define a distribution over matching scores
P(Suw’ |Yuw’ s Our ) conditioned on the average predicted un-
certainty o,,,» = (04, + 0,/)/2 and on whether pixels are in

correspondence or not. The distribution is given by:

1 1- guu’ (Suu’ ) yuu’)
C(Uuu’) P Ouu! '
(%)

where C(0y,/) is a normalization constant ensuring that
P(Suw’ |Yuw » Our ) integrates to one.

To understand expression (5), note that, due to the fact
that s, € [0, 1] and to the particular form (4) of the func-
tion £y, , C(0yy) is finite and does not depend on ..
When the model is confident of the fact that descriptors
¢(x)y and ¢(x),s match or not, the value o, is small.
In this case, the distribution (5) has a sharp peak around
Suw = 1 or sy,r = 0, depending on whether pixels (u, u')
are in correspondence or not. On the other hand, when the
model is less certain about the quality of the descriptors, the
score distribution is more spread.

p(suu’ |yuu’7 Uuu’) =

3.4. Learning objective

It is now possible to describe the overall learning ob-
jective for our method. The models ¢ and o are learned
by minimizing the negative logarithm of the probability
P(Suw |Yuw , Ouns ) averaged over images, random transfor-
mations, and point pairs. Formally, the learning objective is
given by:

1
ﬁ((b, U) = m Z ]Eg,u,u’

XEX

x,%x0g "}
[—log1)<su;/g (@) |y

—1
oX 0.7
G

Here the score s depends on the neural network ¢ as shown
in eq. (3). The function o is implemented as a small neural
network branching off ¢ and is also learned with it. The
labels y? , are easily obtained as

g
’
uu’? 2

Lo v = g2 <7,
Vow =10, m <[ —gwla<m D
—1, otherwise.

where 7, < 79 are matching thresholds (we set 73 = 1 and
79 = 30 pixels). The value of the probabilistic loss £ as a
function of the similarity s’iﬁf and the predicted uncertainty
Ouy 18 1llustrated in Figure 3.

The set of sampled transformations ¢ consists of random
affine warps. To avoid border artifacts, following [31], we
mirror-pad each image enlarging its size by a factor of two
while biasing the sampled transformations towards zoom-
ing into the padded image. In order to avoid potential triv-
ial solutions due to keeping the first image x unwarped (as
the network can catch subtle artifacts induced by warping),
we sample two transformations §, ¢’ and then warp the
original input image & twice to form the input image pair



Figure 4. Example geometric and appearance transformations
used to supervise the learning of our representation. The first (resp.
third) row displays original images while the second (resp. fourth)
row shows their transformed versions.

s

1 1

x = X0 g tand x’ = x o0 §'~!. The pairwise transfor-
mation g = § o ¢'"! is a straightforward composition of
g and §’. In order to sample pairs of pixels (u,u’), we first
randomly pick 700 points & = {u;}7%} from the first im-
age. For each u;, we then sample v, = g(u;) from the
second image and evaluate the loss £ on all possible pairs
(ui,uj) € U x U'. We then follow a hard negative mining
strategy by selecting the 30 negative samples u’ from the
second image (out of 700 potential samples) that contribute
to £ the most. Backpropagation is then performed only
through these “hard negative” examples and all the positive
examples while equally balancing the overall weights of the
two sets of pixel pairs.

Appearance transformations. While random affine warp-
ing makes our features invariant to the geometric transfor-
mations, a successful representation should be also invari-
ant to intraclass appearance variations caused by e.g. color
and illumination changes. Hence, besides warping the in-
put image, we apply a random color transformation ¢(§(%))
after the geometric transformation §(x). The color transfor-
mations are generated following the approach of [22]. We
increase the intensity of the color shifts in order to intro-
duce substantial appearance changes required to boost the
invariance properties of the representation. Examples of the
original images and their geometry-appearance transforma-
tions are shown in Figure 4.

3.5. Discussion

Besides its robust nature, the formulation so far can be
seen as learning discriminative viewpoint invariant features.
This does not guarantee per se that the learned descriptors
are characteristics of particular object parts. For example,
since the model is only trained against synthetic warps of
individual images, the descriptors computed for analogous
parts in different object instances (e.g. the eyes in two dif-
ferent cats) may still differ. Even out-of-plane rotations are
in principle sufficient to throw off the model.

Recently, the authors of [35] have suggested to constrain
the descriptor capacity to favor generalization. In particular,
they argue that using two dimensional descriptors strongly
encourages them to attach to specific points on the surface
of an object, and thus to generalize across different object
instances. Nevertheless, the method of [35] was found to
be too fragile to work well in challenging data where sig-
nificant occlusions may be present. Our approach trades off
descriptor generality for robustness. As we will see in the
experiments, this pays off as, ultimately, the representation
is fine-tuned with a small amount of supervised data which
is sufficient to bridge most of the gaps.

3.6. Learning details

We learn our representation using the training images of
the 12 rigid PASCAL classes from the ImageNet dataset
(but we test it on all 20 classes, including non-rigid ones).
As a preprocessing step, we apply a weakly supervised de-
tector [2] and use the resulting image crops instead of the
full images. This detector only requires image-level labels
and no further supervision is used. This is exactly the same
level of supervision used in [27, 31] and weaker than in [34]
where bounding box annotations are required.

The representation predictor ¢(x) is a deep convolu-
tional neural network whose architecture is based on the
ResNet-50 model [12] due to its good compromise between
speed and capacity. We remove the two topmost layers and
base the rest of our model on the rectified resSc features.
In order to increase the spatial resolution of the produced
representation, following [44] we dilate all res5 convolu-
tional filters by a factor of 2 while decreasing their stride to
1. Finally, we attach a 1 x 1 convolutional layer that pro-
duces raw embedding vectors ¢(x) € RH*Wx(C+1)_ The
first C' channels of (i(x) are sliced out and ¢ normalized
at every spatial location u to form the embedding ¢(x) €
RHXWXC The last (C + 1)-th channel ¢(x)([:, :, C' + 1] of
$(x) is passed through a SoftReLU and lower-bounded by
€ — 0 which results in the inverse-confidence predictions
o(x) = log(1 + exp(d(x)[:,, C + 1])) + .

Our network is optimized using the AdaGrad solver.
Learning rate, weight decay and momentum were set to
0.001, 0.0005 and 0.9 respectively. The network is trained
until no further loss improvement is observed. Learning
converges within 36 hours on a single GPU.

4. Experiments

We first show qualitative results of our self-learning ap-
proach (section 4.1). Then, we quantitatively evaluate for
the semantic matching (section 4.2) and for the keypoint
detection (section 4.3) tasks.
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Figure 5. Qualitative analysis of the learned equivariant feature representation ¢ visualizing predicted confidence maps o~

several responses max([¢(x)]c, 0) of different channels ¢ of the representation, for six different categories.

4.1. Qualitative analysis

We first qualitatively analyze the nature of the learned
feature representation. Figure 5 considers six categories
and shows, for four images of each category, the confi-
dence maps o (x) ™! along with example rectified responses
max([¢(x)y]e,0) for several feature channels ¢ of the
learned representation. It can be observed that the responses
resemble distinct keypoint detectors that fire consistently
across different instances of a category, even in the presence
of large intra-class variations. Furthermore, the confidence
predictor o(x) ™! can be interpreted as a generic detector of
distinct areas of the image foreground.

4.2. Semantic matching

We first assess our method on the problem of semantic
matching and compare it to other unsupervised and weakly-
supervised approaches for learning geometry-aware repre-
sentation. In particular, we follow the dataset and experi-
mental protocol of [10] and consider the problem of estab-
lishing correspondences between bounding box proposals
and keypoints extracted in pairs of images.

Compared approaches.

We compare our learned dense features to five existing
feature representations. First, in order to demonstrate the
improvement of our self-learning approach over the pre-
trained (using only image-level labels) ResNet-50 model,
we consider ResNet-50-HC which is a hypercolumn archi-
tecture that pools features from the res3c, res4c, res5c layers
and separately upsamples them to a common spatial size. In
order to demonstrate the benefits of the probabilistic intro-

spection, we also present results of Ours w/o conf. which
is our method trained by optimizing the non-probabilistic
loss function from eq. (4). Then, to provide a direct com-
parison with approaches that tackle the geometric feature
learning task, we report the results of [27] and [34]. For
AnchorNet [27], we use their public class-agnostic model.
To provide a fair comparison with the method of Thewlis et
al. [34], we train their method on the same dataset as used
for our features. To establish a baseline, we explore three
variants of the base architecture proposed in [34]: a model
with 10 landmarks (as proposed in the original work), a
model with 64 landmarks (to increase model capacity) and
finally a modified, class specific architecture which learns a
set of 64 landmarks per-class. In practice, we found the sec-
ond design to be most effective, and therefore, all reported
results use this option.> The last baseline uses pool4 fea-
tures from the VGG16 architecture [32] pre-trained on the
ImageNet image classification task. We selected these fea-
tures, since they are the basis of current state-of-the-art se-
mantic matching approaches [31, 11, 10]. Alongside other
unsupervised and weakly supervised methods, we also com-
pare against the fully supervised SCNet-A architecture in-
troduced in [11].

For our approach, matching descriptors are produced by
exploiting the confidence prediction capacity of our model,
scaling the outputs of the final layer by the inverse of the
predicted uncertainty 0. We then follow the simple ap-
proach developed in [11], by applying ROI-pooling with

3While this approach has been shown to be effective under more con-
strained conditions, we were unable to achieve robust learning dynamics
when applying it to our task.
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Figure 6. Region matching performance on PF-Pascal. Features are matched directly without any spatial regularization. Left: region

matching precision (PCR). Right: region matching accuracy (mloU@k). Note that unlike all other reported approaches, SCNet-A [

fully supervised method.

bin size 7 x 7 to each proposal region resulting in a fea-
ture vector comprising these scaled representations. We
further pool and concatenate res4c features from a lower
layer of our network. In order to produce a dense warping
field for keypoint matching we employ the sd-filtering as
done in [10, 11]. For keypoint matching, following other
approaches [10, 31, 11], we modify our original ResNet50-
based architecture by replacing the network trunk with the
VGG16 architecture truncated after the pool4 features and
terminated as described in section 3.6. This network was
trained on all 20 PASCAL classes of the ImageNet dataset
according to the same learning schedule as described in sec-
tion 3.6. For this architecture, instead of resdc features we
pool and concatenate the pool4 features.

Since our objective is to assess feature quality, we eval-
uate each method without using any spatial regularization
(such as e.g. Local Offset Matching [10], joint warp estima-
tion [31], or MRFs with geometric potentials [39]).*

Dataset. We evaluate our approach on the PF-PASCAL
dataset [10] which contains pairs of images which have
been fully annotated with keypoints for 20 object classes.
Each method is evaluated with a set of 1000 object propos-
als per image, generated with the Randomized Prim (RP)
method [25]. Following [11], performance is reported on
the fest partition, which comprises 302 image pairs.

Evaluation. We report results under the standard PCR
(probability of correct regions) and mloU@Fk (mean inter-
section over union of the best £ matches) metrics introduced
in [10]. PCR aims to capture the accuracy of overall as-
signment, while mloU@F£ reflects the reliability of match-
ing scores. Following the common practice on this dataset,
keypoint matching is assessed by reporting PCK@a with

4The development of effective spatial regularization methods forms an
important, but orthogonal line of research to the focus of our work.

lisa
Method PCK | Method PCK
Thewlis et al. [34]  14.4 | ResNet50-HC [12]  64.0
AnchorNet [27] 56.3 | SCNet-A [11] 66.3
VGG16 [10] 62.3 | Ours w/o conf. 60.6
gCNN [31] 62.6 | Ours 66.5

Table 1. Keypoint matching performance on PF-Pascal report-
ing PCK@0.1 for our method and existing approaches.

the misalignment sensitivity threshold « set to 0.1. All eval-
uations are conducted using the public implementation pro-
vided by the authors of [1 1].

Results. The region matching results are shown in Fig-
ure 6. First, we observe that our approach significantly
outperforms previous representations trained with a compa-
rable amount of supervision: AnchorNet [27], the method
of Thewlis et al. [34], and VGG16 [32]. Second, we see
that, interestingly, our self-supervised features perform on
par with the model SCNet-A of [ 1] which is in fact fully
supervised with keypoint annotations. These observations
are encouraging also due to the fact that our representation
was trained only on rigid classes while the PF-Pascal dataset
also contains a large portion of the non-rigid ones.

Results for keypoint matching are present in Table 1.
Similar to region matching, we observe improvements over
other approaches trained with comparable level of super-
vision. Furthermore, our results are again on par with the
fully supervised SCNet-A [11]. We observe a decrease in
matching performance with Ours w/o conf. which validates
the importance of the proposed instrospection mechanism.

4.3. Few-shot keypoint detection

In section 4.1 we have observed that the learned features
often correspond to distinctive object parts. Those do not
necessarily have a semantic meaning, as demonstrated in
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Figure 7. Keypoint prediction on Pascal3D. We report the area
under the PCK-over-alpha curve as a function of the number of
training annotations.

[34], but they can still be used as anchors that facilitate the
detection of semantic parts. Following [34], in this section
we tackle the task of semantic keypoint detection where our
learned representation as well as competitors is used as in-
put features for a keypoint predictor. The keypoint detec-
tion performance then serves as an estimate of how well the
respective representations encode the geometrical structure
of visual categories. We depart from [34] and we consider
a significantly more challenging setting with out-of-plane
rotations and large appearance variations.

Furthermore, an important feature of successful geomet-
ric representations is how well they facilitate transfer of in-
formation from a very limited number of annotated samples.
Hence, here we consider keypoint detection with few-shot
supervision where a training set of object keypoint annota-
tions is gradually extended with new training samples while
monitoring the performance on a held-out test set.

Dataset. We use the keypoint annotations from the origi-
nal Pascal3D dataset [40]. The few-shot keypoint predic-
tors are trained on the “train” set of Pascal3D and evalu-
ated on the held-out “val” set. Following common practice
[38], knowledge of a ground truth bounding box as well
as the depicted object’s class is assumed during both train-
ing and testing. The task is evaluated using the probabil-
ity of correct keypoint measure (PCK) introduced in [43].
A keypoint prediction is regarded as correct if its distance
from the corresponding ground truth annotation is lower
than o x max{w, h}, where w, h are the object bounding
box dimensions and « controls the sensitivity of the mea-
sure to misalignments. For each class, PCK corresponds to
the ratio between the number of correct predictions and the
total number of keypoint annotations. Similar to the PCR
metric, we integrate the measure over all possible « values
and report the average over the 12 Pascal3D object classes.

Keypoint predictor. Our keypoint predictor consists of a

512-channel 3 x 3 convolutional layer with stride 1 followed
by batch normalization, ReLU and a final 3 x 3 convolu-
tional layer with stride 1 terminated by the sigmoid activa-
tion function. Each channel of the final layer then serves
as a response map of the corresponding keypoint class. The
loss minimizes the weighted /5 distance between the ground
truth heatmap and the corresponding prediction as proposed
in [38]. The evaluation process alternates between train-
ing the keypoint detector, evaluating its performance and
adding a new set of training annotations consisting of an
equal number of randomly sampled images per class. For
each round, the detector is trained for 3 epochs making sure
that at least 500 training steps are performed for each epoch.
Detector parameters are initialized with the model from the
previous round. The experiment is run three times with dif-
ferent random seeds and we report an average over PCKs.

Results. Results of the few-shot detection experiments are
reported in Figure 7. Our method surpasses all the com-
pared approaches when a small percentage of the training
annotations is available, and in particular the methods of
[27], [34], and [31], while performing on par with the best
competitor on this task (VGG16 [32]) when the full training
set is used. Similar to the semantic matching experiments
section 4.2, we observe significant drop in performance of
the method from [34]. Ours w/o conf. obtains similar re-
sults to the proposed method. This is likely due to the fact
that the detection dataset does not contain a large quantity
of background clutter because the evaluated instances are
always cropped using a tight ground truth bounding box.

5. Conclusions

In this paper, we have presented a self-supervised
method that can pre-train features useful to reason about the
geometry of object categories in tasks such as part localiza-
tion and semantic matching. The method combines the ro-
bustness of recent approaches such as AnchorNet with the
geometric prior induced by invariance to synthetic image
transformations. This allows to train features that excel at
these geometric tasks using only images with class-level an-
notations. We have shown that these features outperform all
other pre-training methods in semantic matching and part
localization. In the case of the first task, our features per-
form on par with a fully-supervised approach.
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Appendix

In the supplementary material below, we present an ab-
lation study of the components of our method (appendix A).
In appendix B, we also provide details of the weakly super-
vised method that produced the bounding box annotations
used to train our model.

A. Ablation studies

In addition to the results reported in sections 4.2. and
4.3. of the paper, we report additional ablation experiments
that validate the contribution of the proposed components
of our method.

In order to show the improvements over the base ar-
chitecture that was used to initialize our network, we also
compare against the resSc features from the version of the
pretrained ResNet-50 model, the filters of which were di-
lated as explained in section 3.6. in the paper (ResNet-50-
dilated).

Furthermore, to provide an extended comparison with
alternative matching loss formulations, a flavour of our
method, abbreviated as Contrastive, implements the con-
trastive loss formulation from [5].

We also test three more methods that assess the sensitiv-
ity of the proposed approach to the utilized dataset. We
include results for our method trained with ground truth
bounding box labels (Ours-GTbox), rather than the weakly
supervised detections used in the original formulation, to
enable an assessment of the method’s robustness to the us-
age of imperfect bounding box annotations. Another varia-
tion of our method, Ours-NODbox, does not use any bound-
ing box annotations. Finally, Ours-nonrigid uses all 20
PASCAL categories for training as opposed to the original
training setup that used images of the 12 rigid classes.

All variants were evaluated on both the semantic match-
ing and keypoint prediction tasks. The results of the seman-
tic matching experiments are reported in fig. 8 while fig. 9
contains the results of the few-shot keypoint prediction task.

The results indicate that for both semantic matching and
keypoint detection the performance of the ground-truth su-
pervised setup is on par with the proposed weakly super-
vised setup. This shows that, with the inclusion of the prob-
abilistic introspection mechanism, the method has good
robustness to annotation noise. The performance of our
method trained with the non-rigid categories is on par with
the rigid case for proposal matching. We observe a decrease
in performance for the keypoint detection task. This is be-
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Figure 8. Ablation study on PF-Pascal. The region matching
performance of several variants of our method (see appendix A for
details of each variant).
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Figure 9. Ablation study on the few-shot keypoint detection
task on Pascal3D. We report the area under the PCK-over-alpha
curve as a function of the number of training annotations for sev-
eral variants of our method. For details of each variant see ap-
pendix A.

cause the few-shot detection dataset consists of only rigid
classes and adding the non-rigid ones to the training set
makes the features less specialized for the final task. The
variant which trains features via the contrastive loss gives
lower performance.

A.1. Keypoint detection - detector validation

In section 4.3. in the paper, we reported results for a
keypoint detector with a design closely related to that of
[38]. In order to validate the implementation of the detec-
tor, we provide a comparison against the results of the fully



Figure 10. Region matching examples for pairs of motorbike (top) and duck (bottom) images. From left to right: source and target images,
HOG with NAM matching [10], ours, SCNet-A [ 1]. We show correctly matched boxes, color-coded according to matching score (red:

higher, blue: lower).

supervised detector from [38]. When using all available an-
notations and the Resnet-50-HC descriptors, the mean PCK
(o = 0.1) over the 12 rigid classes of the Pascal3D test set
is 54.7. This is on par with the best single-model result from
[38] (53.3 PCK), validating our keypoint predictor as a rep-
resentative proxy for evaluating the quality of our feature
baselines.

B. Weakly supervised detections

Here we give details of the weakly supervised detector
used to provide bounding box annotations for our method,
as discussed in Sec. 3.6 of the paper. We use the vgg—-£-
based model described in [2], which is trained using Edge-
Box proposals[47] and the image-level labels of the Pascal
VOC 2007 detection dataset [8]. To produce bounding box
predictions for the ImageNet dataset, we follow the multi-
scale evaluation technique described in [2], averaging pre-
dictions over five scales and flipped copies of each scale.
To form our training set, we then select top scoring box for
each class label present in the image. In order to maintain
a high quality of box annotation, we do not include boxes
whose scores fall below the median detector score of the
given class (the median is computed after filtering scores
which fall below the noise score threshold of 0.001 given in
the public implementation® of [2]).

C. Qualitative results

Additional qualitative results for the semantic matching
task ok PF-Pascal are present in fig. 10. We show the match-
ing regions for two example pairs, for the method of [10],
ours, and the fully-supervised method of SCNet-A.
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Abstract. Object detection and instance segmentation are dominated
by region-based methods such as Mask RCNN. However, there is a grow-
ing interest in reducing these problems to pixel labeling tasks, as the
latter could be more efficient, could be integrated seamlessly in image-
to-image network architectures as used in many other tasks, and could
be more accurate for objects that are not well approximated by bounding
boxes. In this paper we show theoretically and empirically that construct-
ing dense pixel embeddings that can separate object instances cannot be
easily achieved using convolutional operators. At the same time, we show
that simple modifications, which we call semi-convolutional, have a much
better chance of succeeding at this task. We use the latter to show a con-
nection to Hough voting as well as to a variant of the bilateral kernel
that is spatially steered by a convolutional network. We demonstrate that
these operators can also be used to improve approaches such as Mask
RCNN, demonstrating better segmentation of complex biological shapes
and PASCAL VOC categories than achievable by Mask RCNN alone.

Keywords: Instance embedding, object detection, instance segmenta-
tion, coloring, semi-convolutional

1 Introduction

State-of-the-art methods for detecting objects in images, such as R-CNN [21,20,49],
YOLO [47], and SSD [40], can be seen as variants of the same paradigm: a cer-
tain number of candidate image regions are proposed, either dynamically or from
a fixed pool, and then a convolutional neural network (CNN) is used to decide
which of these regions tightly enclose an instance of the object of interest. An
important advantage of this strategy, which we call propose & verify (P&V), is
that it works particularly well with standard CNNs. However, P&V also has sev-
eral significant shortcomings, starting from the fact that rectangular proposals
can only approximate the actual shape of objects; segmenting objects, in par-
ticular, requires a two-step approach where, as in Mask R-CNN [25], one first

* Equal contribution
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emi-convolutiona
1) Input image 2) translation invariant 3) position sensitive 4) Instance
pixel embedding embedding

Fig. 1. Approaches for instance segmentation based on dense coloring via convolu-
tional pixel embeddings cannot easily distinguishing identical copies of an object. In
this paper, we propose a novel semi-convolutional embedding that is better suited for
instance segmentation.

detects object instances using simple shapes such as rectangles, and only then
refines the detections to pixel-accurate segmentations.

An alternative to P&V that can overcome such limitations is to label directly
individual pixels with an identifier of the corresponding object occurrence. This
approach, which we call instance coloring (IC), can efficiently represent any
number of objects of arbitrary shape by predicting a single label map. Thus
IC is in principle much more efficient than P&V. Another appeal of IC is that
it can be formulated as an image-to-image regression problem, similar to other
image understanding tasks such as denoising, depth and normal estimation, and
semantic segmentation. Thus this strategy may allow to more easily build unified
architectures such as [29,27] that can solve instance segmentations together with
other problems.

Despite the theoretical benefits of IC, however, P&V methods currently dom-
inate in terms of overall accuracy. The goal of this paper is to explore some of
the reasons for this gap and to suggest workarounds. Part of the problem may
be in the nature of the dense labels. The most obvious way of coloring objects is
to number them and “paint” them with their corresponding number. However,
the latter is a global operation as it requires to be aware of all the objects in
the image. CNNs, which are local and translation invariant, may therefore be
ill-suited for direct enumeration. Several authors have thus explored alternative
coloring schemes more suitable for convolutional networks. A popular approach
is to assign an arbitrary color (often in the guise of a real vector) to each ob-
ject occurrence, with the only requirement that different colors should be used
for different objects [17,6,30]. The resulting color affinities can then be used to
easily enumerate object a posteriori via a non-convolutional algorithm.

In this paper, we argue that even the latter technique is insufficient to make
IC amenable to computation by CNNs. The reason is that, since CNNs are
translation invariant, they must still assign the same color to identical copies
of an object, making replicas indistinguishable by convolutional coloring. This
argument, which is developed rigorously in sec. 3.6, holds in the limit since in
practice the receptive field size of most CNNs is nearly as large as the whole
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image; however, it suggests that the convolutional structure of the network is at
least an unnatural fit for IC.

In order to overcome this issue, we suggest that an architecture used for IC
should not be translation invariant; while this may appear to be a significant
departure from convolutional networks, we also show that a small modifica-
tion of standard CNNs can overcome the problem. We do so by defining semj-
convolutional operators which mix information extracted from a standard con-
volutional network with information about the global location of a pixel (sec. 3.1
and fig. 1). We train the latter (sec. 3.2) so that the response of the operator is
about the same for all pixels that belong to the same object instance, making
this embedding naturally suited for IC. We show that, if the mixing function is
additive, then the resulting operator bears some resemblance to Hough voting
and related detection approaches. After extending the embedding to incorpo-
rate standard convolutional responses that capture appearance cues (sec. 3.3),
we use it to induce pixel affinities and show how the latter can be interpreted
as a steered version of a bilateral kernel (sec. 3.4). Finally, we show how such
affinities can also be integrated in methods such as Mask RCNN (sec. 3.5).

We assess our method with several experiments. We start by investigating the
limit properties of our approach on simple synthetic data. Then, we show that our
semi-convolutional feature extractor can be successfully combined with state-of-
the-art approaches to tackle parsing of biological images containing overlapping
and articulated organisms (sec. 4.2). Finally, we apply the latter to a standard
instance segmentation benchmark PASCAL VOC (sec. 4.3). We show in all such
cases that the use of semi-convolutional features can improve the performance
of state-of-the-art instance segmentation methods such as Mask RCNN.

2 Related work

The past years have seen large improvements in object detection, thanks to pow-
erful baselines such as Faster-RCNN [49], SSD [40] or other similar approaches
[12,47,36], all from the propose € verify strategy.

Following the success of object detection and semantic segmentation, the
challenging task of instance-level segmentation has received increasing attention.
Several very different families of approaches have been proposed.

Proposal-based instance segmentation. While earlier methods relied on
bottom-up segmentations [20,10], the vast majority of recent instance-level ap-
proaches combine segment proposals together with powerful object classifiers.
In general, they implement a multi-stage pipeline that first generates region
proposals or class agnostic boxes, and then classifies them [31,22,8,44,11,45,34].
For instance DeepMask [44] and follow-up approaches [45,9] learn to propose
segment candidates that are then classified. The MNC approach [11], based on
Faster-RCNN [49], repeats this process twice [11] while [34] does it multiple
times. [24] extends [11] to model the shape of objects. The fully convolutional
instance segmentation method of [33] also combines segmentation proposal and
object detection using a position sensitive score map.
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Some methods start with semantic segmentation first, and then cut the re-
gions obtained for each category into multiple instances [28,4,39], possibly in-
volving higher-order CRF's [3].

Among the most successful methods to date, Mask-RCNN [25] extends Faster
R-CNN [49] with a small fully convolutional network branch [42] producing seg-
mentation masks for each region of interest predicted by the detection branch.
Despite its outstanding results, Mask-RCNN does not come without shortcom-
ings: it relies on a small and predefined set of region proposals and non-maximum
suppression, making it less robust to strong occlusions, crowded scenes, or objects
with fundamentally non-rectangular shapes (see detailed discussion in sec. 3.6).

Instance-sensitive embeddings. Some works have explored the use of pixel-
level embeddings in the context of clustering tasks, employing them as a soft,
differentiable proxy for cluster assignments [57,23,17,14,43,30]. This is reminis-
cent of unsupervised image segmentation approaches [51,18]. It has been used
for body joints [43], semantic segmentation [1,23,6] and optical flow [1], and,
more relevant to our work, to instance segmentation [17,14,6,30].

The goal of this type of approaches is to bring points that belong to the same
instance close to each other in an embedding space, so that the decision for two
pixels to belong to the same instance can be directly measured by a simple
distance function. Such an embedding requires a high degree of invariance to the
interior appearance of objects.

Among the most recent methods, [17] combines the embedding with a greedy
mechanism to select seed pixels, that are used as starting points to construct
instance segments. [6] connects embeddings, low rank matrices and densely con-
nected random fields. [30] embeds the pixels and then groups them into instances
with a variant of mean-shift that is implemented as a recurrent neural network.
All these approaches are based on convolutions, that are local and translation
invariant by construction, and consequently are inherently ill-suited to distin-
guish several identical instances of the same object (see more details about the
convolutional coloring dilemma in sec. 3.6). A recent work [27] employs position
sensitive convolutional embeddings that regress the location of the centroid of
each pixel’s instance. We mainly differ by allowing embeddings to regress an
unconstrained representative point of each instance.

Among other approaches using a clustering component, [52] leverages a cov-
erage loss and [59,53,54] make use of depth information. In particular, [54] trains
a network to predict each pixel direction towards its instance center along with
monocular depth and semantic labeling. Then template matching and proposal
fusion techniques are applied.

Other instance segmentation approaches. Several methods [44,45,35,26]
move away from box proposals and use Faster-RCNN [49] to produce “center-
ness” scores on each pixel instead. They directly predict the mask of each object
in a second stage. An issue with such approaches is that objects do not neces-
sarily fit in the receptive fields.

Recurrent approaches sequentially generate a list of individual segments. For
instance, [2] uses an LSTM for detection with a permutation invariant loss while
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[50] uses an LSTM to produce binary segmentation masks for each instance.
[48] extends [50] by refining segmentations in each window using a box network.
These approaches are slow and do not scale to large and crowded images.

Some approaches use watershed algorithms. [4] predicts pixel-level energy
values and then partition the image with a watershed algorithm. [28] combines
a watershed algorithm with an instance aware boundary map. Such methods
create disconnected regions, especially in the presence of occlusion.

3 Method

3.1 Semi-convolutional networks for instance coloring

Let x € X = REXWX3 he an image and u € 2 = {1,...,H} x {1,..., W} a
pixel. In instance segmentation, the goal is to map the image to a collection
Sx = {S1,..., 5k, } C 22 of image regions, each representing an occurrence of
an object of interest. The symbol Sy = 2 — U S, will denote the complemen-
tary region, representing background. The regions as well as their number are a
function of the image and the goal is to predict both.

In this paper, we are interested in methods that reduce instance segmentation
to a pixel-labeling problem. Namely, we seek to learn a function @ : X — £
that associates to each pixel u a certain label @,(x) € £ so that, as a whole,
labels encode the segmentation Sx. Intuitively, this can be done by painting
different regions with different “colors” (aka pixel labels) making objects easy
to recover in post-processing. We call this process instance coloring (IC).

A popular IC approach is to use real vectors £ = R as colors, and then re-
quire that the colors of different regions are sufficiently well separated. Formally,
there should be a margin M > 0 such that:

|Py(x) — Py (x)]| <1—M, Fk:u,veSy,

Yu,v € (2 : 1
Y {H@u(x) —&,(x)| > 1+ M, otherwise. M)

If this is the case, clustering colors trivially reconstructs the regions.

Unfortunately, it is difficult for a convolutional operator @ to satisfy con-
straint (1) or analogous ones. While this is demonstrated formally in sec. 3.6, for
now an intuition suffices: if the image contains replicas of the same object, then
a convolutional network, which is translation invariant, must assign the same
color to each copy.

If convolutional operators are inappropriate, then, we must abandon them in
favor of non-convolutional ones. While this sounds complex, we suggest that very
simple modifications of convolutional operators, which we call semi-convolutional,
may suffice. In particular, if @,(x) is the output of a convolutional operator at
pixel u, then we can construct a non-convolutional response by mixing it with
information about the pixel location. Mathematically, we can define a semi-
convolutional operator as:
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where f : £Lx 2 — £’ is a suitable mixing function. As our main example of such
an operator, we consider a particularly simple type of mixing function, namely
addition. With it, eq. (2) specializes to:

W, (x) = & (x) + u, P, (x) € L =R (3)

While this choice is restrictive, it has the benefit of having a very simple inter-
pretation. Suppose in fact that the resulting embedding can perfectly separate
instances, in the sense that ¥, (x) = ¥,(x) < 3k : (u,v) € Sg. Then for all the
pixels of the region Sj we can write in particular:

Vu e Sk:  Du(x)+u=cg (4)

where ¢, € R? is an instance-specific point. In other words, we see that the effect
of learning this semi-convolutional embedding for instance segmentation is to
predict a displacement field ®(x) that maps all pixels of an object instance to
an instance-specific centroid c;. An illustration of the displacement field can be
found fig. 2.

Relation to Hough voting and implicit shape models. Eq. (3) and (4)
are reminiscent of well known detection methods in computer vision: Hough
voting [15,5] and implicit shape model (ISM) [32]. Recall that both of these
methods map image patches to votes for the parameters 6 of possible object
occurrences. In simple cases, # € R? can be the centroid of an object, and
casting votes may have a form similar to eq. (4).

This establishes, a clear link between voting-based methods for object detec-
tion and coloring methods for instance segmentation. At the same time, there
are significant differences. First, the goal here is to group pixels, not to recon-
struct the parameters of an object instance (such as its centroid and scale).
Eq. (3) may have this interpretation, but the more general version eq. (2) does
not. Second, in methods such as Hough or ISM the centroid is defined a-priori
as the actual center of the object; here the centroid ¢; has no explicit meaning,
but is automatically inferred as a useful but arbitrary reference point. Third,
in traditional voting schemes voting integrates local information extracted from
individual patches; here the receptive field size of @,(x) may be enough to com-
prise the whole object, or more. The goal of eq. (2) and (3) is not to pool local
information, but to solve a representational issue.

3.2 Learning additive semi-convolutional features

Learning the semi-convolutional features of eq. (2) can be formulated in many
different ways. Here we adopt a simple direct formulation inspired by [14] and
build a loss by considering, for each image x and instance S € § in its seg-
mentation, the distance between the embedding of each pixel © € S and the
segment-wise mean of these embeddings:

LW|x,S) = Z Z

SES uES

,;' LAY (5)

uesS
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Fig. 2. Semi-convolutional embedding. The first two dimensions of the embedding
@, (x) are visualized as arrows starting from the corresponding pixel location u. Arrows
from the same instance tend to point towards a instance-specific location cy.

Note that while this quantity resembles the variance of the embedding values
for each segment, it is not as the distance is not squared; this was found to be
more robust.

Note also that this loss is simpler than the margin condition (1) and than
the losses proposed in [14], which resemble (1) more closely. In particular, this
loss only includes an “attractive” force which encourages embeddings for each
segment to be all equal to a certain mean value, but does not explicitly encourage
different segments to be assigned different embedding values. While this can be
done too, empirically we found that minimizing eq. (5) is sufficient to learn good
additive semi-convolutional embeddings.

3.3 Coloring instances using individuals’ traits

In practice, very rarely an image contains exact replicas of a certain object.
Instead, it is more typical for different occurrences to have some distinctive
individual traits. For example, different people are generally dressed in different
ways, including wearing different colors. In instance segmentation, one can use
such cues to tell right away an instance from another. Furthermore, these cues
can be extracted by conventional convolutional operators.

In order to incorporate such cues in our additive semi-convolutional formu-
lation, we still consider the expression ¥, (z) = 4 + @, (x). However, we relax
®,(x) € R? to have more than two dimensions d > 2. Furthermore, we define @
as the pixel coordinates of u, u, and u,, extended by zero padding:

i = [uyuy0...0] €R™ (6)

In this manner, the last d — 2 dimensions of the embedding work as conventional
convolutional features and can extract instance-specific traits normally.
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3.4 Steered bilateral kernels

The pixel embedding vectors ¥, (x) must ultimately be decoded as a set of
image regions. Again, there are several possible strategies, starting from simple
K-means clustering, that can be used to do so. In this section, we consider
transforming embeddings in an affinity matrix between two pixels, as the latter
can be used in numerous algorithms.

In order to define the affinity between pixels u,v € {2, consider first the

Gaussian kernel
%u(x) — %(X)H2>
5 .

K (u,v) = exp < (7)

If the augmented embedding eq. (6) is used in the definition of ¥, (x) = u+®,,(x),
we can split @,(x) into a geometric part #9(x) € R? and an appearance part
@2 (x) € R?2 and expand this kernel as follows:

[(u+ @%(x) — (v + %(X))IP) exp (_ 125 (%) — ¢$(X)II2> '

2 2
(8)
It is interesting to compare this definition to the one of the bilateral kernel:

[ ) exp (- 1600 ¢z<x>|2> |

K (u,v) = exp (-

5 5 (9)

Kpi(u,v) = exp <—
The bilateral kernel is very popular in many applications, including image fil-
tering and mean shift clustering. The idea of the bilateral kernel is to consider
pixels to be similar if they are close in both space and appearance. Here we have
shown that kernel (8) and hence kernel (7) can be interpreted as a generalization
of this kernel where spatial locations are steered (distorted) by the network to
move pixels that belong to the same underlying object instance closer together.
In a practical implementation of these kernels, vectors should be rescaled
before being compared, for example in order to balance spatial and appearance
components. In our case, since embeddings are trained end-to-end, the network
can learn to perform this balancing automatically, but for the fact that (4)
implicitly defines the scaling of the spatial component of the kernel. Hence, we
modify eq. (7) in two ways: by introducing a learnable scalar parameter o and
by considering a Laplacian rather than a Gaussian kernel:

I (x) — lva(X)H) .

(10)

K, (u,v) = exp (

o
This kernel is more robust to outliers (as it uses the Euclidean distance rather
than its square) and is still positive definite [19]. In the next section we show an
example of how this kernel can be used to perform instance coloring.

3 In the bilateral kernel, a common choice is to set ®%(x) = x, € R*® as the RGB
triplet for the appearance features.
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3.5 Semi-convolutional Mask-RCNN

The semi-convolutional framework we proposed in sec. 3.1 is very generic and
can be combined with many existing approaches. Here, we describe how it can
be combined with the Mask-RCNN (MRCNN) framework [25], the current state-
of-the-art in instance segmentation.

MRCNN is based on the RCNN propose € verify strategy and first produces

a set of rectangular regions R, where each rectangle R € R tightly encloses an
instance candidate. Then a fully convolutional network (FCN) produces fore-
ground /background segmentation inside each region candidate. In practice, it
labels every pixel u; in R with a foreground score logit s(u;) € R. However,
this is not an optimal strategy for articulated objects or occluded scenes (as
validated in sec. 4.2), as it is difficult for a standard FCN to perform individual
foreground /background predictions. Hence we leverage our pixel-level transla-
tion sensitive embeddings in order to improve the quality of the predictions
s(u;).
Extending MRCNN. Our approach is based on two intuitions: first, some
points are easier to be recognized as foreground than others, and, second, once
one such seed point has been determined, its affinity with other pixels can be
used to cut out the foreground region.

In practice, we first identify a seed pixel uy in each region R using the MR-
CNN foreground confidence score map s = [s(u1),...,s(ug|)]. We select the
most confident seed point as us = argmax;<;<|p s(u;), evaluate the steered bi-
lateral kernel K, (us,u) after extracting the embeddings ¥, for the seed and
v, of each pixel u; in the region, and then defining updated scores §(u;) as
$(u;) = s(u;) + log K, (us,u;). The combination of the scores and the kernel is
performed in the log-space due to improved numerical stability. The final per-
pixel foreground probabilities are obtained as in [25] with sigmoid(§(u;)).

The entire architecture —the region selection mechanism, the foreground
prediction, and the pixel-level embedding —is trained end-to-end. For differ-
entiability, this requires the following modifications: we replace the maximum
operator with a soft maximum over the scores ps = softmax(s) and we ob-
tain the seed embedding ¥, as the expectation over the embeddings ¥, under
the probability density ps. The network optimizer minimizes, together with the
MRCNN losses, the image-level embedding loss £(¥|x,S) and further attaches a
secondary binary cross entropy loss that, similar to the MRCNN mask predictor,
minimizes binary cross entropy between the kernel output K, (us,u;) and the
ground truth instance masks.

The predictors of our semi-convolutional features ¥, were implemented as
an output of a shallow subnetwork, shared between all the FPN layers. This
subnet consists of a 256-channel 1x1 convolutional filter followed by ReLLU and
a final 3x3 convolutional filter producing D = 8 dimensional embedding ¥,.
Due to an excessive sensitivity of the RPN component to perturbations of the
underlying FPN representation, we downscale the gradients that are generated
by the shallow subnetwork and received by the shared FPN tensors by a factor
of 10.
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3.6 The convolutional coloring dilemma

In this section, we prove some properties of convolutional operators in relation
to solving instance segmentation problems. In order to do this, we need to start
by formalizing the problem.

We consider signals (images) of the type x : {2 — R, where the domain (2 is
either Z™ or R™.% In segmentation, we are given a family x € X of such signals,
each of which is associated to a certain partition Sx = {S1,...,Sk,} of the
domain (2. The goal is to construct a segmentation algorithm A : x — Sy that
computes this function. We look in particular at algorithms that pre-process
the signal by assigning a label @,(x) € £ to each point u € {2 of the domain.
Furthermore, we assume that this labeling operator @ is local and translation
invariant® so as to be implementable with a convolutional neural network.

There are two families of algorithms that can be used to segment signals in
this manner, discussed next.

Propose & verify. The first family of algorithms submits all possible regions
S, C £2, indexed for convenience by a variable r, to a labeling function &, (x) €
{0,1} that verifies which ones belong to the segmentation Sy (i.e. ¢,.(x) =1 <
Sy € Sx). Since in practice it is not possible to test all possible subsets of {2, such
an algorithm must focus on a smaller set of proposal regions. A typical choice
is to consider all translated squares (or rectangles) S, = [—H, H]™ + u. Since
the index variable u € {2 is now a translation, the operator @, (x) has the form
discussed above, although it is not necessarily local or translation invariant.

Instance coloring. The second family of approaches directly colors (labels)
pixels with the index of the corresponding region, i.e. ®,(x) = k < u € Si. Dif-
ferently from P&V, this can efficiently represent arbitrary shapes. However, the
map P needs implicitly to decide which number to assign to each region, which is
a global operation. Several authors have sought to make this more amenable to
convolutional networks. A popular approach [17,14] is to color pixels arbitrarily
(for example using vector embeddings) so that similar colors are assigned to pix-
els in the same region and different colors are used between regions, as already
detailed in eq. (1).

Convolutional coloring dilemma. Here
we show that, even with the variants dis- T
cqssed above, .IC cannot be approached * S, 7 S . N S 7 S S
with convolutional operators even for
cases where these would work with P&V.

We do so by considering a simple 1D example. Let x be a signal of period 2
(i.e. Tyt2 = ) where for u € [—1, 1] the signal is given by z,, = min(1—u, 14+u).

» U

4 We assume that the domain extends to infinity to avoid having to deal explicitly
with boundary conditions.

® We say that @ is translation invariant if @, (x(- — 7)) = ®,_-(x) for all translations
T € £2. We say that it is also local if there exists a constant M > 0 such that x,, = x,/
for all |u —u'| < M implies that &, (x) = &, (x).
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Fig. 3. Experiment on synthetic data. An instance segmentation pixel embedding
is trained for a synthetic training image consisting of a regular dot pattern (a). After
training a model on that image, the produced embeddings are clustered using k-means,
encoding the corresponding cluster assignments with consistent pixel colors. A stan-
dard convolutional embedding (c) cannot successfully embed each dot into a unique
location due to its translational invariance. Our proposed semi-convolutional operator
(d) naturally embeds dots with identical appearance but distinct location into distinct
regions in the feature space and hence allows for successful clustering of the instances.

Suppose that the segmentation associated to x is § = {[—1,1] + 2k, k € Z}. If
we assume that a necessary condition for a coloring-based algorithm is that at
least some of the regions are assigned different colors, we see that this cannot
be achieved by a convolutional operator. In fact, due to the periodicity of x,
any translation invariant function will assign exactly the same color to pixels
2k,k € Z. Thus all regions have at least one point with the same color.

On the other hand, this problem can be solved by P&V using the proposal set
{[-1,1] + u,u € 2} and the local and translation invariant verification function
&, (x) = [z, = 1], which detects the center of each region.

The latter is an extreme example of a convolutional coloring dilemma: namely,
a local and translation invariant operator will naturally assign the same color
to identical copies of an object even if when they are distinct occurrences (c.f.
interesting concurrent work that explores related convolutional dilemmas [38]).

Solving the dilemma. Solving the coloring dilemma can be achieved by using
operators that are not translation invariant. In the counterexample above, this
can be done by using the semi-convolutional function @, (z) = u + (1 — xy)Zy.
It is easy to show that @, (z) = 2k colors each pixel u € Sy, = [—1,1] 4+ 2k with
twice the index of the corresponding region by moving each point u to the center
of the closest region. This works because such displacements can be computed
by looking only locally, based on the shape of the signal.

4 Experiments

We first conduct experiments on synthetic data in order to clearly demonstrate
inherent limitations of convolutional operators for the task of instance segmen-
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Fig. 4. Sample image crops (top) and corresponding ground-truth (bottom) from the
C. Elegans dataset.

Table 1. Average precision (AP) for instance segmentation on C. Elegans
reporting the standard COCO evaluation metrics [37]

AP AP APg 5 APo.75 APs AP
Ours 0.569 0.885 0.661 0.511 0.671
MRCNN [26] 0.559 0.865 0.641 0.502 0.650

tation. In the ensuing parts we demonstrate benefits of the semi-convolutional
operators on a challenging scenario with a high number of overlapping articu-
lated instances and finally we compare to the competition on a standard instance
segmentation benchmark.

4.1 Synthetic experiments

In sec. 3.1 and 3.6 we suggested that convolution operators are unsuitable for
instance segmentation via coloring, but that semi-convolutional ones can do.
These experiments illustrate this point by learning a deep neural network to
segment a synthetic image xg where object instances correspond to identical
dots arranged in a regular grid (fig. 3 (a)).

We use a network consisting of a pretrained ResNet50 model truncated after
the Res2c layer, followed by a set of 1x1 filters that, for each pixel u, produce
8-dimensional pixel embeddings @, (xg) or ¥,(zs). We optimize the network
by minimizing the loss from eq. (5) with stochastic gradient descent. Then, the
embeddings corresponding to the foreground regions are extracted and clustered
with the k-means algorithm into K clusters, where K is the true number of dots
present in the synthetic image.

Fig. 3 visualizes the results. Clustering the features consisting of the posi-
tion invariant convolutional embedding @, (zg) results in nearly random clus-
ters (fig. 3 (c¢)). On the contrary, the semi-convolutional embedding ¥, (xg) =
&, (rs)+u allows to separate the different instances almost perfectly when com-
pared to the ground truth segmentation masks (fig. 3 (d)).

4.2 Parsing biological images

The second set of experiments considers the parsing of biological images. Or-
ganisms to be segmented present non-rigid pose variations, and frequently form
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Fig. 5. Instance segmentation on Pascal VOC 2012. Each pair of rows visualizes
instance segmentations produced with method, together with the corresponding semi-
convolutional embeddings

clusters of overlapping instances, making the parsing of such images challenging.
Yet, this scenario is of crucial importance for many biological studies.

Dataset and evaluation. We evaluate our approach on the C. Elegans dataset
(illustrated fig. 4), a subset of the Broad Biomedical Benchmark collection [41].
The dataset consists of 100 bright-field microscopy images. Following standard
practice [56,58], we operate on the binary segmentation of the microscopy images.
However, since there is no publicly defined evaluation protocol for this dataset,
a fair numerical comparison with previously published experiments is infeasible.
We therefore compare our method against a very strong baseline (MRCNN) and
adopt the methodology introduced by [58] in which the dataset is divided into
50 training and 50 test images. We evaluate the segmentation using average
precision (AP) computed using the standard COCO evaluation criteria [37].
We compare our method against the MRCNN FPN-101 model from [25] which
attains results on par with state of the art on the challenging COCO instance
segmentation task.

Results. The results are given in table 1. We observe that the semi-convolutional
embedding ¥, brings improvements in all considered instance segmentation met-
rics. The improvement is more significant at higher IoU thresholds which under-
lines the importance of utilizing position sensitive embedding in order to precisely
delineate an instance within an MRCNN crop.
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Table 2. Instance-level segmentation comparison using mean APr metric at
0.5 IoU on the PASCAL VOC 2012 validation set

SDS [22] PFN [35] DIN [3] MNC [11] FCIS [33] R2-10S [34] DML [17] R. Emb. [30] BAIS [24] MRCNN [26] Ours

43.8 58.7 61.7 63.5 65.7 66.7 62.1 64.5 65.7 69.0 69.9

Table 3. Average precision (AP) for instance segmentation on PASCAL
VOC 2012 reporting the standard COCO evaluation metrics [37]

AP AP APy 5 APg.75 APs APy AP
Ours 0.412 0.699 0.424 0.107 0.317 0.538
MRCNN [26] 0.401 0.690 0.412 0.111 0.313 0.525

4.3 Instance segmentation

The final experiment compares our method to competition on the instance seg-
mentation task on a standard large scale dataset, PASCAL VOC 2012 [16].

As in the previous section, we base our method on the MRCNN FPN-101
model. Because we observed that the RPN component is extremely sensitive
to changes in the base architecture, we employed a multistage training strat-
egy. First, MRCNN FPN-101 model is trained until convergence and then our
embeddings are attached and fine-tuned with the rest of the network . We fol-
low [25] and learn using 24 SGD epochs, lowering the initial learning rate of
0.0025 tenfold after the first 12 epochs. Following other approaches, we train on
the training set of VOC 2012 and test on the validation set.

Results. The results are given in table 2. Our method attains state of the art on
PASCAL VOC 2012 which validates our approach. We further compare in detail
against MRCNN in table 3 using the standard COCO instance segmentation
metrics from [37]. Our method outperforms MRCNN on the considered metrics,
confirming the contribution of the proposed semi-convolutional embedding.

5 Conclusions

In this paper, we have considered dense pixel embeddings for the task of instance-
level segmentation. Departing from standard approaches that rely on translation
invariant convolutional neural networks, we have proposed semi-convolutional
operators which can be easily obtained with simple modifications of the convo-
lutional ones. On top of their theoretical advantages, we have shown empirically
that they are much more suited to distinguish several identical instances of the
same object, and are complementary to the standard Mask-RCNN approach.

Acknowledgments. We gratefully acknowledge the support of Naver, EPSRC
AIMS CDT, AWS ML Research Award, and ERC 677195-1DIU.
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Semi-convolutional Operators for
Instance Segmentation

Appendix

A Ablation studies

Sec. 4 in the paper quantitatively compares the proposed method to existing
approaches. In this section, we conduct additional experiments that analyze the
contribution of the proposed semi-convolutional operators. In order to do so, we
tested several modifications of our method: NoSteer suppresses the proposed
steerable component of the pixel-wise embedding (¥, (z) = ¢,(z)). Bilateral
keeps the steerable component, but concatenates it with the dynamic part rather
than combining the two via addition (¥, (z) = [¢y(x); u(x)]) effectively creating
a soft-bilateral filter. Finally, LinearMap learns a linear transformation M that
maps the pixel locations u(z) to a higher dimensional space and sums the result
with the dynamic part of the embedding (¥, (z) = ¢, (x) + Mu, M € RI*2).
The results on the C. Elegans and Pascal VOC datasets are in tables 4 and 5
respectively.

Results show that for the C. Elegans dataset the performance drops below the
baseline for all considered modifications. For PASCAL-VOC, the soft-bilateral
loss performs similarly to the steerable embedding. This shows the value of
the semi-convolutional approach when small, flexible and overlapping object

instances are present.
IMRCNN [25] Bilinear NoSteer LinearMap Ours
AP@0.5-0.95 0.559  0.557  0.544 0.535 0.569
AP@0.5 0.865 0.865 0.836 0.830 0.885
Table 4. Ablation study on the C. Elegans test set comparing different modifi-
cations of our method.

Metric IMRCNN [25] Bilinear NoSteer LinearMap Ours
AP@0.5-0.95 0.401 0411 0.409 0.411 0.412
AP@0.5 0.690 0.695 0.695 0.693 0.697

Table 5. Ablation study on the PASCAL VOC 2012 validation set comparing
different modifications of our method.

B Alternative Instance Coloring approach

In Sec. 3.5 in the paper, we extended MRCNN [25] with the proposed semi-
convolutional embedding in order to improve its performance. Here, we describe
and evaluate an alternative approach that makes use of our embedding and
can be regarded as a variant of the Instance Coloring (IC) methods. While
the extended MRCNN focused on class-specific instance segmentation, here we
consider a simpler problem of class agnostic segment proposal generation. This
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task was chosen because our embedding is class-agnostic and hence we cannot
trivially produce class-specific groupings of pixels.

In order to simplify our pipeline, we re-use the pixel-wise semi-convolutional
instance embeddings ¥, produced by the semi-convolutional MRCNN model
which was benchmarked in Sec. 4.3. The embedding tensors, each corresponding
to a particular FPN layer, were first bilinearly upsampled to a common spa-
tial resolution and later concatenated along the channel dimension in order to
produce a robust multiscale pixel-wise semi-convolutional representation .

The ensuing grouping mechanism is a two-stage process. First, candidate
masks are generated by performing KMeans clustering for various different num-
bers of estimated centroids producing a set of regions {S;}, where S; C /9.
Here, 29 = {u | pf9 > 7} is a subset of image pixels u € 2 with their
foreground probability pf9 higher than a threshold 7 = 0.5. The foreground
probability predictions p/9 = 1 — pb9 were obtained by utilizing “background”
class predictions p%9 of a DeepLabv2 model [7] pre-trained using the semantic
segmentation annotations of the Pascal VOC 2012 training set.

In the second stage, we compute an “objectness” score o(S) € [0, 1] for each
candidate S. The latter is a variant of a normalized cut measure [51] weighted by
the average probability of the candidate representing a foreground region. More
formally:

Z(u V)ESXS G'zjzv'u
o(S) = p'(S) : - (11)
E(r,k)GSXQ sz’\,[k
N _ 1 : : _ I AR
Here G, , = ﬁ’ where G, , is a gaussian kernel G, , = exp (—7>
’ eg,.\/ deg, Og

with a variance o, that measures similarity between a pair of semi-convolutional
embeddings ¥, and ¥, normalized by the product of the roots of the per-pixel
degrees deg, and deg,,, where deg, = > -, G . The average foreground prob-
ability pf9(S) is defined as p/9(S) = ﬁ > ues PLY.

The final set of segmentation candidates is then obtained by filtering out du-
plicates using the standard greedy non-maximum-suppression algorithm (NMS)
[13] with the overlap threshold set to 0.6. For the NMS algorithm, we have
empirically observed that approximating each mask with a bounding box and
computing overlaps in this bounding box space gives better results than calcu-
lation of the overlaps directly in the mask space.

Segment proposal evaluation. We compare our method against state-of-the-
art techniques for object proposals on the VOC validation set (1,449 images).
We provide an evaluation under the COCO criterion i.e. we report average recall
across thresholds ranging from 0.5 to 0.95 for 10 predicted proposals.

Results. Results are reported in table 6. Encouragingly, our method approaches
the performance of existing techniques such as Deep-Mask or Sharp-Mask that
are designed for the proposal detection task. However, we observe that our group-
ing pipeline still lags [24] by a considerable margin. While it was not the primary
focus of this work, we believe that this gap can be closed by incorporating our
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Method ARQ@10
Selective Search [55] 7.0
MOG [46] 18.9
Deep-Mask [44] 30.3
Sharp-Mask [45] 33.3
BAIS [24] 47.8
Ours 29.3

Table 6. Segmentation proposal on the PASCAL VOC 2012 validation set.
Comparison of segmentation proposal methods using the COCO evaluation criterion
(average recall at IoU thresholds from 0.5 to 0.95) [37].

approach into a more robust proposal pipeline. This is a direction that we hope
to explore in future work.
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Capturing the Geometry of Object Categories
from Video Supervision

David Novotny, Diane Larlus, and Andrea Vedaldi

Abstract—We propose an unsupervised method to learn the 3D geometry of object categories by looking around them. Differently
from traditional approaches, this method does not require CAD models or manual supervision. Instead, using only video sequences
showing object instances from a moving viewpoint, the method learns a deep neural network that can predict several aspects of the 3D
geometry of such objects from single images. The network has three components. The first is a Siamese viewpoint factorization
network that robustly aligns the input videos and learns to predict the absolute viewpoint of the object from a single image. The second
is a depth estimation network that performs monocular depth prediction. The third is a shape completion network that predicts the full
3D shape of the object from the output of the monocular depth prediction module. While the three modules solve very different task, we
show that they all benefit significantly from allowing networks to perform probabilistic predictions. This results in a self-assessment
mechanism which is crucial for obtaining high quality predictions. Our network achieves state-of-the-art results on viewpoint prediction,
depth estimation, and 3D point cloud estimation on public benchmarks.

Index Terms—monocular pose estimation, monocular depth estimation, point-cloud estimation, geometry reconstruction

+

INTRODUCTION

is flat). However, statistical reconstructions are still possible

A remarkable ability of human vision is to reliably esti-
mate the 3D geometry of the visible objects, even from
single images. Reproducing this capability in artificial vision
systems has important and varied applications, such as
helping robots to interact with their surroundings, driving
autonomous cars through complex environments, or auto-
matically lifting 2D movies to three dimensions.
Nowadays, mature techniques such as structure-from-
motion (SfM) [1] and stereo vision [2] allow to reliably re-
construct the geometry of a particular scene given several im-
ages of it seen under sulfficiently different viewpoints. Such
images may be extracted as the frames of a video sequence
captured by a moving camera, or collected from multiple,
independent cameras looking at the same scene, famously
including the example of unconstrained photos captured by
tourists [3]. These reconstruction algorithms are sufficiently
mature to be used in industrial applications. However, the
human visual system is arguably capable of solving a sig-
nificantly more complex reconstruction problem than these,
namely estimating the geometry of a scene from a single
image of it. While recovering geometry from multiple views
is a matter of exploiting well defined geometric properties
of the optical system formed by two or more cameras, the
single-view case is inherently ill-posed. A single image is
in fact insufficient to uniquely infer the shape of the objects
contained in it (e.g. it is not possible to distinguish between
an image of a 3D scene or the image of a photo of it, which is

e D. Novotny is with the VGG, University of Oxford, UK, and NAVER
LABS Europe, Meylan, France.
E-mail: david@robots.ox.ac.uk
e D. Larlus is with NAVER LABS Europe, Meylan, France.
E-mail: diane.larlus@naverlabs.com
o A. Vedaldi is with the VGG, University of Oxford, UK.
E-mail: vedaldi@robots.ox.ac.uk

provided that one can exploit the regularity of the geometric
patterns that exist in the visual world.

An important source of regularity in 3D reconstruction,
and image understanding in general, is the existence of ob-
ject categories. The reason is that objects of the same category
usually have similar 3D shapes and share a common object-
centric coordinate frame. Thus, identifying an object in an
image provides a strong constraint in the reconstruction
process, significantly reducing uncertainty. However, doing
so requires to model and learn the distribution of possible
3D shapes of the objects of a given category, which is a
significant challenge in its own right.

Most approaches to learning 3D categories make use
of high quality but expensive supervision. CAD models
have been used to fully supervise models to recognize the
object viewpoint and 3D shape from a single image [4],
[5]. Alternatively, standard image datasets such as PASCAL
VOC [6], augmented with additional annotations such as
object segmentations and keypoints [7], have been used
as a supervisory signal. Whether synthetically generated
or manually collected, these annotations have helped to
overcome the significant challenges of learning 3D object
categories, by making available to the learner ground-truth
information about viewpoint, geometry, or both.

In this paper, we aim at significantly lowering the level
of supervision required to learn the 3D geometry of object
categories. In particular, we propose an unsupervised method
(Fig. 1) that replaces synthetic or manual supervision with
motion. Humans understand visual scenes by experiencing
them from different angles, as these diverse viewpoints
provide very strong cues on the geometry of specific object
instances. They can then generalize such cues to properties
of object categories in general. Our goal is to mimic such
interaction and learn the 3D geometry of object categories
using videos and no manual annotations.
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Fig. 1. We propose an architecture to learn the 3D geometry of object
categories from videos only, without manual annotations. Once learned,
the network can predict i) viewpoint, ii) depth, and iii) a point cloud, all
from a single image of a new object instance.

In order to automatically generate a supervisory signal
from videos, we apply SfM to individual video sequences
obtained from moving cameras looking at various instances
of a certain object category. As mentioned above, SfM per-
forms well for reconstructing individual object instances,
but it is insufficient to learn the shape of such objects in
general. Thus, the key challenge is to integrate sequence-
specific 3D reconstructions into a global geometric model
of the object category. This has to be done in a sufficiently
robust manner due to the significant level of noise in the StM
reconstructions. To overcome this challenge, we propose
three key innovations.

The first innovation is viewpoint factorization, a new
method to automatically learn to align video sequences of
different object instances. Existing approaches to viewpoint
alignment [8], [9] try to match 3D shapes by matching
corresponding 3D features. We propose instead to learn a
network that estimates, given a single image at a time, the
absolute viewpoint of the object in the image. The network is
trained in a Siamese configuration so that the relative motion
between two images, which can be estimated using SfM,
is reconstructed by composition of the absolute viewpoints
estimated by the network. In other words, the relative
viewpoint is factorized by the network in the product of two
absolute viewpoints. We show that this training mechanism
implicitly and globally aligns different objects instances
while being simpler and more robust than alternatives.

The second innovation is an architecture that can gener-
ate a complete point cloud for a given object from only
a partial reconstruction obtained from monocular depth
estimation. This is based on a shape representation that
predicts the support of a point probability distribution in the
3D space, akin to a flexible voxelization and a corresponding
space occupancy map.
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The third innovation is a technique that allows neu-
ral networks to express uncertainty. More precisely, our
networks are designed to automatically predict probability
distributions associated to their outputs, which allows them
to learn from noisy annotations in a principled manner. We
show that, when this mechanism is used, the networks train
in a more robust manner.

All three contributions are leveraged by our proposed
architecture, a deep network composed of three modules
(Fig. 2). The first module estimates the absolute viewpoint
of objects. This aligns different object instances to a com-
mon reference frame where geometric relationships can be
modeled more easily. The second module estimates the 3D
shape of an object from a given viewpoint, producing a depth
map. The third module completes the depth map to a full 3D
reconstruction in a globally-aligned reference frame. Com-
bined and trained end-to-end without manual annotations,
from video sequences alone, these components constitute
our VpDR-Net network, which can jointly estimate the
viewpoint, the depth and the 3D reconstruction of any new
object instance from a single image.

This article is an extension and archival version of our
previous work [10]. It is organized as follows. Sec. 2 reviews
relevant literature. Sec. 3 presents the architecture as well
as the training strategy of VpDR-Net. Sec. 4 proposes a
novel probabilistic framework for improving the robustness
of the VpDR-Net learning process. Sec. 5 shares the learning
details. Sec. 6 validates our method empirically and sec. 7
summarizes and discusses our findings.

2 RELATED WORK

Capturing the geometry of an object category comprises sev-
eral subtasks, such as predicting the viewpoint, the depth,
and the 3D model of a novel object instance from a single
image. This section discusses relevant prior works in these
areas.

2.1 Viewpoint estimation

The vast majority of viewpoint estimation methods requires
full supervision. Most methods are trained with manual
pose annotations [11]-[17]. Full supervision can also be ob-
tained by levering CAD models [14], [18], [19]. In particular,
[19] automatically generates viewpoints together with ren-
dered images. This requires to have 3D object models readily
available. Both types of approaches rely on an expensive
source of supervision. Less supervised, the approach of [20]
produces a relative camera pose estimation but takes pairs
of images as input.

Only few works have trained models for viewpoint
estimation with videos sequences [8], [9]. In order to do
so, [8] leverages a generative graphical model to discover
object parts while [9] first reconstructs a 3D model per video
sequence and then aligns these models.

The task of aligning point clouds is far from trivial.
Most existing methods are highly sensitive to noise (see
a review in [21]) and require high quality reconstructions.
More robust to noise, [22] still requires to match objects of
the same shape. Sedaghat et al. [9] solve the shape alignment
problem using an appropriate global description of the point



clouds together with a global search strategy based on the
pairwise alignment of these point clouds. We depart from
this strategy by implicitly aligning point clouds as a part of
the training of our Siamese viewpoint factorization network.

2.2 Monocular depth estimation

Depth estimation has been tackled with a large variety of
approaches including structure from motion, shape-from-X,
or multi-view stereo. In this work, we focus on monocular
(i.e. single-view) depth estimation.

Many methods have cast monocular depth estimation as
a supervised learning problem, predicting the depth of each
pixel using models that have been trained on large datasets
annotated with pixel-level ground-truth depth [23]-[25].
Saxena et al. [26] propose a patch-based approach that
estimates the 3D location and orientation of local planes to
explain each patch, leveraging a dataset of laser scans for
training. The predictions are then combined together using
an MRE. Liu et al. [25] use a convolutional neural network to
learn the weights of the terms of the random fields. Ladicky
et al. [23] incorporate semantics into their model to refine
the pixel depth estimation. The approach of Karsch et al.
[27] retrieves whole depth images from a training set.

More recently, deep learning architectures have been suc-
cessfully trained for this task. Eigen et al. [24] use a two scale
deep network trained with pixel-level depth values. Some
works have combined deep architectures with random fields
[28] or considered different losses [29], [30].

All these approaches require high quality, pixel aligned,
ground truth depth maps at training time. Recently, several
works have tackled the problem of learning depth from
incomplete or no supervision. Training with image stereo
pairs is addressed in [31], [32]. Zhou et al. [33] further
decrease the level of supervision and learn a depth and ego-
motion predictor from unconstrained video sequences.

In this work, we train a neural network architecture
for this task using the supervision provided by the recon-
structions automatically obtained with an SfM algorithm. In
order to cope with the noise in the output of SfM, we devise
specific training mechanism including robust probabilistic
losses. Our depth predictions are then used to initialize the
ensuing 3D shape completion step.

2.3 3D shape prediction

The ability of recovering 3D geometry from a single image
is a long standing and challenging problem. Many class-
agnostic approaches have been proposed such as shape from
shading [34], [35] or from silhouette [36], [37]. Yet, knowing
the category of the object to reconstruct allows to leverage
useful prior information.

Methods that use a 3D model of the target object go
back to the seminal works of Roberts [38] and Lowe [39].
They recently regained popularity with the availability of
datasets of 3D CAD models [4], [15]. In one line of research,
methods estimate the 3D shape of objects by retrieving and
aligning the most similar 3D model from a CAD library
[40]-[43]. Other approaches leverage these 3D models to
train a network to directly predict the 3D shape of an object
in a fully supervised fashion. These methods differ in the
type of representation used for the predicted 3D shape. [44],
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[45] predict a voxel occupancy grid. [46] alleviates the high
memory footprint of the voxel-based methods by processing
only the voxel grid cells that are predicted to have non-zero
occupancy. The approaches from [47]-[49] predict surfaces
instead of voxel grids. More related to our approach, [50]
learns a variational auto-encoder which outputs a point
cloud approximating the surface of an object depicted in
a single input image. Yang et al. [51] propose a novel deep
point cloud predictor that iteratively folds an initial fixed
grid of 3D points. All these methods require handmade 3D
CAD models at train time.

2.4 Data-driven approaches for category specific 3D
reconstructions

Structure from motion (SfM) [1], [52], [53] can produce
high quality 3D reconstruction by matching features across
different views of the same instance. Matching between dif-
ferent instances of a category is much more challenging, and
SfM methods generally have difficulties handling the intra-
class variations. To overcome this issue, some approaches
combine SfM with manual annotations [36], [54], such as
keypoints [7], [55] to estimate a rough 3D geometry of
objects for unordered sets of images from the same class.

More recently, deep networks have been combined with
low-level geometry cues in order to learn category spe-
cific shape predictors. Rezende et al. [56] learn 3D struc-
tures from various levels of supervision, where the lowest
level comprises multiple views of an object. Similarly, [57]
exploits multi-view segmentation masks and depth maps
while [58], [59] use object silhouettes. All these works as-
sume knowledge of the ground truth camera viewpoint. In
this work we do not need any additional annotations as we
leverage motion cues.

3 PROPOSED ARCHITECTURE

We propose a single Convolutional Neural Network (CNN),
VpDR-Net, that learns a 3D object category by observing it
from a variable viewpoint in videos and with no supervision
(Fig. 2). The key insight is that, while videos do not solve
the problem of relating the 3D shape of different object
instances, they at least provide powerful if noisy cues about
the 3D shape of the individual instances.

At training time, VpDR-Net takes as an input a set of
K video sequences S', ..., S% of an object category (such
as cars or chairs), where a video S = (f}, ..., fx:) contains
N® RGB or RGBD frames f{ € REXWXC (where C = 3
for RGB and C = 4 for RGBD data) and learns a model
of the 3D category. VpDR-Net, illustrated in Fig. 2, has
three components: i) a predictor ®,,(ff) of the absolute
viewpoint of the object implicitly aligning the different object
instances to a common reference frame (sec. 3.1.2); ii) a
monocular depth predictor ®gepen (ff) (sec. 3.2) and iii) a shape
predictor ®pq(ff) that extends the depth map to a point
cloud capturing the complete shape of the object (sec. 3.3).
Learning starts by preprocessing videos to extract instance-
specific egomotion and shape information (sec. 3.1.1).

At test time, VpDR-Net takes a single image as input and
can estimate simultaneously the viewpoint, the depth map,
and the 3D reconstruction of the object contained in it.



3.1 Viewpoint prediction module
3.1.1

Video sequences are pre-processed to extract from each
frame f} a tuple (K,,gt,D’) consisting of: (i) the camera
calibration parameters K7, (ii) the camera pose g; € SE(3),
and (iii) a depth map Di € RH*W associating a depth
value to each pixel of f{. The camera pose gi = (R:,T})
consists of a rotation matrix R € SO(3) and a translation
vector T} € R3. We use the convention that g transforms
world-relative coordinates pyonqa € R> to camera-relative
coordinates, i.e. Peamera = g Pworld-

We extract this information using off-the-shelf methods:
the structure-from-motion (SfM) algorithm COLMAP for
RGB sequences [60], [61], and an open-source implemen-
tation [62] of ORB-slam?2 (OS) [63] for RGBD sequences. The
information extracted from RGB or RGBD data is qualita-
tively similar, except that the scale of SfM reconstructions is
arbitrary.

Preprocessing

3.1.2 Intra-sequence alignment

Methods such as SfM or OS can reliably estimate camera
pose and depth information for single objects and indi-
vidual video sequences, but are not applicable to different
instances and sequences. In fact, their underlying assumption
is that geometry is fixed, which is true for single (rigid)
objects, but false when the geometry and appearance differ
due to intra-class variations.

Learning 3D object categories requires to relate their
variable 3D shapes by identifying and putting in correspon-
dence analogous geometric features, such as the object front
and rear. For rigid objects, such correspondences can be
expressed by rigid transformations that align occurrences of
analogous geometric features. The most common approach
for aligning 3D shapes, also adopted by [9] for video se-
quences, is to extract and match 3D feature descriptors.
Once objects in images or videos are aligned, the data can be
used to supervise other tasks, such as learning a monocular
predictor of the absolute viewpoint of an object [9].

One of our main contributions, described below, is to re-
verse this process by learning a viewpoint predictor without
explicitly matching 3D shapes. Empirically (sec. 6), we show
that, by skipping the intermediate 3D analysis, our method
is often more effective and robust than alternatives.

Siamese network for viewpoint factorization. Geometric
analogies between 3D shapes can often be detected in image
space directly, based on visual similarity. Thus, we propose
to train a CNN @, that maps a single frame i toits absolute
viewpoint Gi = ®,(ff) in the globally-aligned reference
frame. We wish to learn this CNN from the viewpoints
estimated by the algorithms of sec. 3.1.1 for each video se-
quence. However, these estimated viewpoints are not abso-
lute, but valid only within each sequence; formally, there are
unknown sequence-specific motions k' = (R!,T") € SE(3)
that map the sequence-specific camera poses g; to global
poses gi = gih'. Note that h' composes to the right: it
transforms the world reference frame and then moves it to
the camera reference frame.

To address this issue, we propose to supervise the net-
work using relative pose changes within each sequence, which
are invariant to the alignment transformation h’. Formally,
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the transformation A’ is eliminated by computing the rela-
tive pose change of the camera from frame ¢ to frame ¢":

91D = gh k' (W) Mg Tt =g (g )

Expanding the expression with ¢/ = (R!, T7), we find
equations expressing the relative rotation and translation

(BT = R (R ¢))
o — Ru(R) T} =T}, — Ry(R)) " Ty ®)

Egs. (2) and (3) are used to constrain the training of a Siamese
architecture, which, given two frames ¢ and ¢/, evaluates the
CNN twice to obtain estimates (Ri,T}) = Pyp(ff) and
(R, TY) = ®yp(ff). The estimated poses are then com-
pared to the ground truth ones, (R:, T}) and (R%,,T%), in a
relative manner by using losses that enforce the estimated
poses to satisfy egs. (2) and (3):

Cr(R, T Ry, T}) = | In Ry (Riy) T P 4)
KT(RLTZ’ Z tlf) = ”T;Slt’ - Ttlt’”Q (5)

where In is the principal matrix logarithm and
Riy = Ri/ (B
i T7

Ry = Ry(B)", )
e =14 — =T — z”tTZ @)
Discussion. While this CNN is only required to correctly
predict relative viewpoint changes within each sequence, since
the same CNN is used for all videos, the most plausi-
ble/regular solution for the network is to assign similar
viewpoint predictions (Ri, T,}) to images viewed from the
same viewpoint, leading to a globally consistent alignment
of the input sequences. Furthermore, in a large family of
3D objects, different ones (e.g. SUVs and sedans) tend to be
mediated by intermediate cases. This is shown empirically
in sec. 6.

3.1.3 Scale ambiguity in StM

For methods such as SfM, there is an additional ambiguity:
reconstructions are known only up to sequence-specific scal-
ing factors A* > 0, so that the camera pose is parametrized
as gi(\Y) = (R, \'T}). This ambiguity leaves eq. (2) un-
Changed, but eq. (3) becomes:
B t’tTZ = X( - t’tTZ) = T’t =\ ti’t'

During training, the ambiguity can be removed from
loss (5) by dividing vectors T},, and T}, by their Euclidean
norm so \* is not required to learn ®,,,. Yet, s important
for depth prediction, so we estimate it as well. To do so, we
note that, given a pair of frames (¢,%') from sequence S?,
one can estimate the sequence scale as

i

(T = BT
,

£ ®)
I — Ry, T7 N

This expression allows to conveniently estimate A\’ as a
moving average during the training iterations, as sample
values of )\;t, can be computed for free when training ¢,),.
Note that A’ = 1 for OS sequences with metric depth.
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3.1.4 Architecture

The viewpoint estimation branch ®,, of our network is
a convolutional architecture. Its lower part is shared be-
tween the viewpoint and the depth prediction branches.
It is a variant of ResNet-50 [64] with some modifications
to improve its performance as viewpoint predictor. First, in
order to decrease the degree of geometrical invariance of the
network, we replace all 1 x 1 downsampling filters with full
2 x 2 convolutions. We then add bilinear upsampling layers
that first resize features from three different layers of the
architecture (res2c, res3c, res4d) into fixed-size tensors and
then sum them in order to create a multiscale intermediate
image representation which resembles hypercolumns (HC)
[65]. An extension of Fig. 2 that illustrates these layers
responsible for the computation of the HC multiscale rep-
resentation can be found in Fig. 3.

The upper part of @, is specific to the viewpoint predic-
tion branch. HC is followed by 3 modified 3 x 3 downsam-
pling residual layers that produce the final viewpoint pre-
diction. While the standard downsampling residual layers
do not contain the residual skip connection due to different
sizes of the input and output tensors, here we retain the skip
connection by performing 3 x 3 average pooling over the
input tensor and summing the result with the result of the
second 3 x 3 downsampling convolution branch. We further
remove the ReLU after the final residual summation layer.
Fig. 4 contains an overview of the viewpoint estimation
module together with a detailed illustration of the modified
downsampling residual blocks.

3.2 Depth prediction branch

An estimation of the viewpoint of an object is already
a powerful geometrical cue allowing to relate it to a 3D

3x3 Downsampling residual block

=T

s
3

Batch Normalization

. - g2
. 2
- 35xd6x256 iy,

Hypercolumn descriptor (HC)

Fig. 4. The architecture of ®.p. Left: the layers of ®y,. Right: detail of
the 3x3 downsampling residual block.

scene. In this section, we describe the second branch of our
network, a depth prediction module that estimates the 3D
structure of the part of the object that is visible in the image.

Monocular depth prediction. The depth predictor module
P yeptn of VpDR-Net takes individual frames ft’ and outputs
a corresponding depth map D, = Peptn(f7), performing
monocular depth estimation. The depth map D, is the
same size as the input image and gives, for each pixel, an
estimation of its distance from the camera.

In order to learn ®gepi, a standard approach is to min-
imize a distance metric between the predicted depth D,
and the ground truth D,. Recently, [30] proposed to use
the BerHu loss - a reversed version of the Huber loss
which adaptively sets the cut-off threshold where the loss
transitions from the ¢; into the {5 part. Note that although
VpDR-Net does not use this type of loss, here we describe
the approach of [30] as it is later used as a non-probabilistic
baseline we compare against.

Architecture. The architecture of ®gepn shares the early
HC layers with the viewpoint factorization network ®,.
The remainder of the pipeline is based on the state-of-
the-art depth estimation method of [30]. More precisely,
the network is composed of two standard residual blocks,
two 2x2 up-projection layers similar to the ones from [30],
leading to a 64-dimensional representation of the same size
as the input image. These layers are followed by a 1x1
convolutional filter that predicts the depth map D;. This
is illustrated in Fig. 5.
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3.3 Point-cloud completion branch

Given any image f of an object instance, its aligned 3D
shape can be reconstructed by estimating and aligning its
depth map using the output of the viewpoint and depth
predictors of sec. 3.1.2 and 3.2. However, since a depth
map cannot represent the occluded portions of the object,
such a reconstruction can only be partial. In this section we
describe the third and last component of VpDR-Net, whose
goal is to generate a full reconstruction of the object, beyond
what is visible in the given view.

3.3.1 Partial point cloud

The first step is to convert the predicted depth map D F =
Pyeptn (f) into a partial point cloud

aHW}a ﬁj£K71 UA]' 3

d;

Pr={p;:j=1,...

where (u;, v;) are the coordinates of a pixel j in the depth
map D ¢t and K is the camera calibration matrix. Empir-
ically, we have found that the reconstruction problem is
much easier if the data is aligned in the global reference
frame established by VpDR-Net. Thus, we transform ﬁf
into a globally-aligned point cloud as pr = g*lﬁf, where
G = ®yp(f) is the camera pose estimated by the viewpoint-
prediction network.

3.3.2 Point cloud completion network

Next, our goal is to learn the point cloud completion part of
our network ®p that takes the aligned but incomplete point
cpuld ]5]9 and produces a complete object reconstruction
C. We do so by predicting a 3D occupancy probability
field. However, rather than using a volumetric method that
may require a discrete and fixed voxelization of space, we
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propose a simple and efficient alternative. First, the network
®pq predicts a set of M 3D points S =(81,...,8u) € R>*M
that, during training, closely fit the ground truth 3D point
cloud C'. This step minimizes the fitting error:

Loal( S’ |C| Z min — Smlly - 9)

The 3D point cloud S provides a good coverage of the
ground truth object shape. However, this point cloud is
conservative and distributed in the vicinity of the ground
truth object. Thus, while this is not a precise representation
of the object shape, it works well as a support of a proba-
bility distribution of space occupancy. In order to estimate
the occupancy probability values, the network <I>pd(]5fG )
predicts additional scalar outputs

Om ={ceC: vm' : 18m = cll2 < [|8m: — cll2}] / |C]

proportional to the number of ground truth surface points
¢ € C for which the support point 3,, is the nearest neigh-
bor. The network is trained to compute a prediction Om of
the occupancy masses 6;, by minimizing the squared error
loss £5(6,6) = Z,A,/l[ (6, — 07,)%. Here, raising 8, to the
power of v < 1 prevents overweighting the support points
with excessive probability masses which often correspond
to “sinks” for the distant outlier points. Furthermore, 97,
can be interpreted as a probability of at least one surface
point being present in the vicinity of s,,,. We set v = 1/3 in
our experiments.

Given the network prediction (3,6) = <I>pc1(PfG ), the
completed point cloud is then defined as the subset of
points C that have sufficiently high occupancy, defined
as: C, = {8m € S b > 7} where 7 is a confidence
parameter. The set C'; can be further refined by using e.g. a
3D Laplacian filter to smooth out noise.

Architecture. The point cloud completion network @, is
modeled after PointNet [66], originally proposed to seman-
tically segment a point clouds. Here we adapt it to perform
a completely different task, namely 3D shape reconstruc-
tion. This is made possible by our model where shape is
represented as a cloud of 3D support points S and their
occupancy masses 0.

Differently from ®,, and ®geptn, the point cloud comple-
tion network @, is not convolutional but uses a sequence
of residual fully connected layers to process the 3D points
in Pf , after appending an appearance descriptor to each
of them. A key step is to add an intermediate orderless
pooling operator to remove the dependency on the order
and number of input points.

In more details, the network starts by appending to each
3D point p; € 15]9 C R? an appearance descriptor a; and
processes this input with an MLP with an intermediate
pooling operator:

(5,0) = Ppa(PF) = MLP, | pool MLP1 (p;, a;)

1<i<|PE|
The intermediate pooling operator, which is permutation
invariant, removes the dependency on the number and
order of input points PfG . In practice, the pooling operator



uses both max pooling and sum pooling, stacking the results
of the two.

For the appearance descriptors, recall that each point p;
is the back-projection of a certain pixel (u;,v;) in image f.
To obtain the appearance descriptor a; we reuse the HC
features from the core architecture and sample a column of
feature channels at location (u;, v;) using bilinear sampling.
Note that, following [67], the fully connected residual blocks
contain leaky-ReLUs with the leak factor set to 0.2. A dia-
gram depicting ®,q can be found in Fig. 6. The architecture
is configured to predict M = 10* points S.

Point cloud sub-sampling. During training the incomplete
point cloud pr is downsampled by randomly selecting
M = 10* points based on their depth prediction confidence
as estimated by ®gepm. This allows the network to implicitly
discard background points (as these are assigned low confi-
dence by depth prediction). Due to this reason, at test time,
the point cloud sub-sampling is also used with M = 10%.

4 PROBABILISTIC LEARNING
4.1 Motivation

In the previous section we have presented a basic version
of our VpDR-Net network. Although such architecture can
be expected to converge and subsequently perform well in
standard fully-supervised settings, note that our supervi-
sory signal can contain a significant amount of noise as it
is obtained automatically by applying 3D reconstruction to
RGB or RBGD images with the COLMAP [60] and ORB-
slam?2 [63] algorithms respectively. Typically, reconstruction
methods fail for transparent regions or around specularities.

Hence, one of our key contributions, which is described
in this section, consists of allowing our VpDR-Net to ex-
plicitly express this uncertainty in the ground-truth and
subsequently use it in order to: (1) obtain more robust
training losses; and (2) enable our model to predict the
degree of reliability of the predictions.

In order to do so, we present a generic probabilistic
framework where, rather than directly predicting the target
values, we instruct our network to predict parameters of a
distribution that approximates the predicted values. Once
our regressor predicts such parameters, the actual output
value corresponds to the mean of the predicted distribution
(i.e. the most likely value of the distribution), while the
variance of the distribution defines how concentrated is the
probability mass around the most likely value, hence can be
interpreted as a degree of uncertainty.

In what follows, we present a probabilistic extension of
the architecture and original training losses described in the
previous section.

4.2 Probabilistic predictions for viewpoint estimation

Due to intrinsic ambiguities in the images or to errors in
the SfM supervision (caused for example by reflective or
textureless surfaces), the viewpoint prediction branch of our
network is occasionally unable to predict the ground truth
viewpoint accurately. We found beneficial to allow the net-
work to explicitly learn these cases and express uncertainty
as an additional input-dependent prediction.
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Recall that the viewpoint prediction branch ®,,, predicts
an absolute viewpoint §; = ®y,(ff) for an input frame f7,
where the viewpoint is composed of a translation compo-
nent TZ and a rotation component Rl

For the translation Part we modify the network to pre-
dict the absolute pose T} as well as its associated confidence
score 0. We then model the relative translation as a Gaus-
sian distribution with standard deviation or = UT, + O
and our model is now learned by minimizing the negatlve
log-likelihood L7 which replaces the loss {7:
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Lr=—-In——— —=T).
4 " (27702)% exp( 20%)
The rotation component is more complex due to the non-
Euclidean geometry of SO(3), but it was found sufficient to

assume that the error term (4) has Laplace distribution and
optimize

(10)

Lr= nCiRexp( %),JR:JR:/ JrURi’ (11)
where Cr = or(1 — exp(—op'T)) is a normalization term
ensuring that the probability distribution integrates to one
on the interval of attainable values of £ € [0, 7].

Note that this definition of the loss not only allows
to predict the degree of uncertainty, but it also allows to
increase the robustness of the training. This is because by
optimizing the losses L and Lr instead of i and /7, the
network can discount gross errors by dividing the losses by
a large predicted variance.

Modification of the architecture. On top of the use of
different losses, the network architecture is slightly modified
to predict confidence scores. The hypercolumns module
remains unchanged. The upper part of ®,, is updated to
predict four values Tt , th O and o5 Qi instead of two. The
confidence scores O and o i are predlcted as the output
of a soft ReLU units fo ensure pos1t1v1ty

4.3 Probabilistic predictions for depth estimation

Estimating depth from a single image is inherently ambigu-
ous and requires comparing the image to internal priors
of the object shape. Additionally, our supervisory signal
is automatically generated from the SfM reconstructions,
leading to annotation errors, as discussed in sec. 4.2.

Similar to pose, we allow the network to explicitly learn
and express uncertainty about depth estimates by predicting
a posterior distribution over possible pixel depths. For ro-
bustness to outliers, we assume a Laplace distribution with
negative log-likelihood loss

WH ~=1 s
2 2 .\t .
Lp = E —lnAi exp _M . (12)
j=1 204, 0d;

where d; is the noisy ground truth depth output by the
reconstruction algorithm (COLMAP or ORB-slam2) for a
given pixel j, dj and G4, are respectively the correspond-
ing predicted depth mean and standard deviation. Due to
a heavy presence of outliers in our ground truth depth
data, we selected the Laplace distribution because it is a
straightforward extension of the robust ¢; regression loss.



Fig. 7. Data augmentation. Training samples generated leveraging
monocular depth estimation (ours, top) and using depth from ORB-
slam2 (baseline, bottom). Missing pixels due to missing depth in red.

An alternative approach consisting of extending the /3 loss
into a Gaussian distribution (as done in sec. 4.2) was not
considered because the ¢; loss is known to be more robust
to outliers than ¢;. We have not used an equivalent of the
Laplacian distribution for viewpoint prediction due to the
fact that its generalization to higher dimensions leads to
non-trivial distributions [68]. .

The loss £ depends on the relative scale At. For RGBD
images and the ORB-slam2 algorithm A = 1. For RGB
images and SfM, M is estimated as explained in sec. 3.1.3.

Modification of the architecture. As before, the architecture
of ®gepm shares the early HC layers with the viewpoint
factorization network ®,,,. The remainder of the architecture
is slightly extended with a second 1x1 convolutional filter
that predict the confidence maps 64, to complement the first
1x1 convolutional filter predicting the depth map ﬁt.

5 TRAINING THE MODEL

The two previous sections described our network in detail,
including the architecture of its three modules, respectively
responsible for the prediction of an absolute viewpoint, a
depth map, and a point cloud. These sections also discussed
appropriate losses to train the network. In particular, sec. 4
described how to equip the network with a probabilistic
introspection mechanism by training it with probabilistic
losses. In this section, we describe implementation details
that were found to be crucial for successfully training this
network. First, we show how we perform data augmenta-
tion for these geometric prediction tasks (sec. 5.1) and we
then provide technical details for reproducibility (sec. 5.2).

5.1

As viewpoint prediction with deep networks benefits sig-
nificantly from large training sets [19], we increase the
effective size of the training videos by data augmentation.
This is trivial for tasks such as classification, where one can
translate or scale an image without changing its identity.
The same is true for viewpoint recognition if the task is to
only estimate the viewpoint orientation as in [17], [19], as
images can be scaled and translated without changing the
equivalent viewpoint orientation. However, this assumption
is not satisfied if, as in our case, the goal is to estimate all 6
DoF of the camera pose.

Inspired by the approach of [69], we propose to solve
this problem by using the estimated scene geometry to
generate new realistic viewpoints (Fig. 7). Given a sample frame
together with its global pose and depth map i.e. a triplet
(i, g%, DY), we apply a random perturbation to the view-
point (with a forward bias to avoid unoccluding too many

Geometry-aware data augmentation
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pixels) and use depth-image-based rendering (DIBR) [70] to
generate a new sample (f?, g¢, D%), warping both the image
and the depth map, and computing the new global pose.

Sometimes the depth map D} produced by the ORB-
slam?2 algorithm contains too many holes to yield satisfac-
tory DIBR results (fig. 7, bottom); we found preferable to
use the depth ﬁ% = Dgeptn(f¢) estimated by our network
which is less accurate but more robust, containing almost
no missing pixels (fig. 7, top).

5.2 Learning details

The VpDR-Net network is trained with stochastic gradient
descent with a momentum of 0.0005 and an initial learning
rate of 1072. The weights of the losses were empirically set
to achieve convergence on the training set.! When possi-
ble, convolutional filters were initialized with the ResNet50
weights pretrained on the ImageNet classification task. Note
that, for the motorbike category where the dataset mostly
contains extremely zoomed-in frames, we altered the pre-
dicted relative translations T,f,t = Tj — i,tT ¥ from eq. (7)
to use the ground truth provided rotation Ri,t’ instead of
the predicted R;t,. In practice, this greatly improved the
convergence speed for this category.

Better convergence was observed by training VpDR-
Net in two stages. First, ®gepm and Py, were optimized
jointly, lowering the learning rate tenfold when no further
improvement in the training losses was observed. Then,
®p is optimized after initializing the bias of its last layer,
which corresponds to an average point cloud of the object
category, by randomly sampling points from the ground
truth models.

Training minibatches were formed by first sampling a
video sequence from a uniform distribution and then ran-
domly picking an image from the sequence twice in order to
obtain the final image pair. The batch size was set to 8 image
pairs. In order to boost the invariance to input image noise,
we blur each training image with a Gaussian filter who's
variance is randomly sampled from the interval (0, 1].

6 EXPERIMENTS

In this section, after introducing the datasets we use in our
experimental evaluation (sec. 6.1), we assess our approach
on the three geometric inference tasks: viewpoint estimation
in sec. 6.2, depth prediction in sec. 6.3, and point cloud
prediction in sec. 6.4.

6.1 Datasets

Throughout the experimental section, we consider three
datasets for training and benchmarking our network.
FreiburgCars (FrC) [9] is a set of RGB video sequences
with the camera circling around 52 different models of cars.
The length of videos ranges from 30 seconds to 2 minutes.
Each video has been subsampled to roughly 1000 frames.
The Large Dataset of Object Scans (LDOS) dataset [71]
contains RGBD sequences of man-made objects. We consid-
ered the bike, chair, and motorbike categories. We used 126,

1. The exact values of the loss weights are: w(L7) = w(LR) = 0.001,
w(Lp) = 0.01, w(lye(S)) = 1000, w(ls) = 1, where w(L) is the
weight set for the loss L.



object class  test set manual annot. method ler lec | e%el I e}d T APep 1T AP,
Yes VPNet + Pascal3D 12.45 1.26 20.35 0.24 0.77 0.74
car Pascal3D  No VPNet + aligned LDOS 49.62 3229 85.45 0.84 0.15 0.00
No VpDR-Net (ours) 29.57 7.29 62.30 0.65 0.41 0.91
Yes VPNet + Pascal3D 21.63 4.14 39.61 0.48 0.45 0.82
Pascal3D  No VPNet + aligned LDOS 55.55 41.06 90.94 0.88 0.18 0.00
chair No VpDR-Net (ours) 33.70 14.23 57.61 0.72 0.35 0.34
Yes VPNet + Pascal3D 49.09 8.06 81.57 0.90 0.18 0.00
LDOS No VPNet + aligned LDOS 40.18 0.60 86.95 0.81 0.24 0.27
No VpDR-Net (ours) 27.80 0.46 55.13 0.58 0.46 0.46
Yes VPNet + Pascal3D 21.74 2.64 34.95 0.43 0.56 0.98
Pascal3D  No VPNet + aligned LDOS ~ 140.21 5845 128.37 0.99 0.00 0.00
. No VpDR-Net (ours) 68.67 11.88 92.09 1.05 0.08 0.52
motorbike
Yes VPNet + Pascal3D 70.24 5.77 98.06 1.03 0.04 0.00
LDOS No VPNet + aligned LDOS ~ 132.77 1.38  113.09 0.95 0.00 0.01
No VpDR-Net (ours) 31.35 0.57 60.06 0.59 0.41 0.26
Yes VPNet + Pascal3D 23.76 3.09 46.29 0.59 0.43 0.95
Pascal3D  No VPNet + aligned LDOS ~ 114.51 3725 124.36 1.02 0.00 0.01
bi No VpDR-Net (ours) 81.84 24.35 91.27 1.15 0.00 0.05
icycle
Yes VPNet + Pascal3D 56.72 6.67 92.86 0.99 0.12 0.00
LDOS No VPNet + aligned LDOS  112.06 1.39 106.92 0.95 0.00 0.00
No VpDR-Net (ours) 51.25 0.77 76.26 0.81 0.11 0.14
TABLE 1

Viewpoint prediction. Angular error e, and camera-center distance e. for absolute pose evaluation, and relative camera rotation error e?{l and
translation error e%¢! for relative pose evaluation. AP, and AP, evaluate absolute angular error and camera-center distance of the pose
predictions taking into account the associated estimate confidence values. VpDR-Net trained on unconstrained video sequences, is compared to
VPNet-unsupervised trained on the same video sequences, aligned with the method of [9] (VPNet + aligned LDOS), and a fully-supervised VPNet
(VPNet + Pascal3D). 1 (resp. |) means larger (resp. lower) is better.

77, and 102 videos for the chair, motorbike and bike classes
respectively. The average length of each video is 2383 frames
which corresponds to 79.5 seconds.

The Pascal3D dataset [15] is a standard benchmark for
pose estimation [17], [19]. For this dataset, we consider the
four previously mentioned categories: cars, bikes, chairs
and motorbikes. Following standard practice [17], [19] we
only use non-truncated and non-occluded images from each
category. We use the “train” set for training some of our
baseline networks and for estimation of the global align-
ment transform 7o (see sec. A and 6.2 for details) and
the held-out “val” set for evaluating performance of all the
considered approaches.

For viewpoint estimation, Pascal3D already contains
annotations. For LDOS, there are no such absolute view-
point annotations. To generate ground truth annotations for
evaluation, we manually aligned 3D reconstructions of 10
randomly-selected videos for each category and used 50
randomly-selected frames for each video as a test set.

For depth estimation, we evaluate on LDOS as it contains
high quality depth maps which provide a suitable ground
truth. We use the same 50 randomly selected frames from
our pool of test videos, similar to the viewpoint estimation.

For point cloud reconstruction, we use FrC and LDOS.
Ground truth point clouds for evaluation are obtained by
merging the SFM or RGBD depth maps from all frames of
a given test video sequence, picking 3 - 10* points using
random subsampling and farthest point sampling for FrC
and LDOS respectively. The point clouds were then post-
processed with a 3D Laplacian filter. For FrC, five videos
were randomly selected and removed from the train set,
picking 60 random frames per video for evaluation. For

LDOS the pose estimation test frames are used, i.e. the 50
frames extracted from the 10 test videos of each category.

6.2 Pose estimation

First, we evaluate the VpDR-Net viewpoint predictor on
the Pascal3D benchmark [15]. Unlike previous works [17],
[19] that focus on estimating the object/camera viewpoint
represented by a 3 DoF rotation matrix, we evaluate the full
6 DoF camera pose represented by the rotation matrix R
together with the translation vector 7T'.

Adjusting the Pascal3D annotations. In Pascal3D, the
camera poses are expressed relatively to the whole scenes
instead of the objects themselves, so we adjust the dataset
annotations. We crop every object using bounding box an-
notations after reshaping the box to a fixed aspect ratio,
and resize the crop to 240 x 320 pixels. The camera pose
is adjusted to the cropped object using the P3P algorithm
to minimize the reprojection error between the camera-
projected vertices of the ground truth CAD model and the
original projection after cropping and resizing.

Absolute pose evaluation. We first evaluate absolute cam-
era pose estimation using two standard measures: the angu-
lar error e = 272 || In R*RT || between the ground truth
camera pose ™ and the prediction R, as well as the camera-
center distance ec = ||C' — C*||, between the predicted
camera center C' and the ground truth C*. Following the
common practice [17], [19] we report median er and ec
over all pose predictions on each test set.

Note that, while object viewpoints in Pascal3D and our
method are internally consistent for a whole category, they
may still differ between them by an arbitrary global 3D sim-
ilarity transformation. Thus, the two sets of annotations are
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Fig. 8. Viewpoint prediction. Qualitative comparison between our VpDR-Net and the baseline VPNet architecture trained on Freiburg Cars / LDOS
aligned with the method from [9] (VPNet-unsupervised). For each of the 4 considered object classes, the five most confident viewpoint predictions
are visualized (sorted by the predicted confidence from left to right). Each predicted viewpoint is used to align the Pascal3D ground truth CAD

model with the corresponding image.

L

Fig. 9. Monocular depth prediction. Visualization of the predicted depth and confidence for different input images of the 4 considered classes.
Depth maps are filtered by removing low confidence pixels. Lighter color corresponds to more confident regions.

ler  lec  Lef! ler! TAP., 1AP
Test set: LDOS - chair
VpDR-Net (ours) 27.80 0.46 55.13 0.58 0.46 0.46
VpDR-Net-NoAug  28.35 0.51 55.46 0.61 0.46 0.38
VpDR-Net-NoDepth 31.60 0.53 60.79 0.66 0.41 0.33
VpDR-Net-NoProb  68.74 0.83 85.78 0.89 0.05 0.06
Test set: Pascal3D - chair
VpDR-Net (ours) 33.70 14.23 57.61 0.72 0.35 0.34
VpDR-Net-NoAug  33.96 15.26 67.12 0.79 0.37 0.29
VpDR-Net-NoDepth 35.34 18.78 68.68 0.85 0.30 0.14
VpDR-Net-NoProb  63.13 56.72 86.15 1.08 0.03 0.00
TABLE 2

Viewpoint prediction. Different flavors of VpDR-Net with removed
components to evaluate their respective impact. All variations of
VpDR-Net were trained on the LDOS videos of the chair class.
1 (resp. ) means larger (resp. lower) is better.

aligned by a single global similarity 7 before assessment.
The method for estimating 7 is detailed in sec. A.

Relative pose evaluation. To assess methods with measures
independent of 7 we also evaluate: (1) the relative rotation
error between pairs of ground truth relative camera motions
R}, and the corresponding predicted relative motions Ry
given by ¢! = 272 ||In R}, R, || r and (2) the normalized
relative translatlon error e‘el = ||Ttt/ — T}:/||2, where both
Ttt/ and T};, are />-normalized so the measure is invariant
to the scaling component of 7. We report the median errors
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Fig. 10. Monocular depth prediction. Cumulative RMS depth recon-
struction error for the LDOS data, when pixels are ranked by the pre-
dicted pixel-wise confidence.

over all possible image pairs in each test set.

Pose prediction confidence evaluation. A feature of our
model is to produce confidence scores with its viewpoint
estimates. We evaluate the reliability of these scores by
correlating them with viewpoint prediction accuracy. In
order to do so, predictions are divided into “accurate”
and “inaccurate” by comparing their errors eg and ec to



thresholds (set to eg = % following [17], [19] and ec = 15
and 0.5 for Pascal3D or LDOS respectively). Predictions
are then ranked by decreasing confidence scores and the
average precisions AP, and AP, of the two ranked lists
are computed.

Baselines. We compare our viewpoint predictor to a strong
baseline, called VPNet, trained using absolute viewpoint
labels. VPNet is a ResNet50 architecture [64] with the final
softmax classifier replaced by a viewpoint estimation layer
that predicts the 6 DoF pose gi. Following [17], rotation
matrices are decomposed in Euler angles, each discretized
in 24 equal bins. This network is trained to predict a softmax
distribution over the angular bins and to regress a 3D vector
corresponding to the camera translation T'. In order to attach
a confidence measure to these predictions, empirically we
found that it was beneficial to use the average softmax value
across the three max-scoring Euler angles.

We test both an unsupervised and a fully-supervised
variant of VPNet. VPNet-unsupervised is comparable to
our setting and is trained on the output of the global cam-
era poses estimated from the videos by the state-of-the-art
sequence-alignment method of [9]. In the fully-supervised
setting, VPNet is trained by using ground-truth global cam-
era poses provided by the Pascal3D training set.

Quantitative results. Table 1 compares VpDR-Net to the
VPNet baselines. First, we observe that our baseline
VPNet-unsupervised is very strong, as we report eg =
49.6 error for the full rotation matrix, while the original
method of [9] reports an error of 61.5 just for the az-
imuth component. Nevertheless, VpDR-Net outperforms
VPNet-unsupervised in all the cases. The most significant
difference in performance can be observed for the motorbike
and bicycle classes. Here, the primary reason for the perfor-
mance drop of VPNet-unsupervised is the inability of the
alignment method from [9] to cope with an absence of the
ground plane which is the case for the bicycle and motorbike
point clouds. This shows the advantage of the proposed
viewpoint factorization method compared to aligning 3D
shapes as in [9]. Furthermore, the unsupervised VpDR-
Net significantly reduces the gap with fully-supervised
VPNet. We also observe that the confidence scores esti-
mated by VpDR-Net are significantly more correlated with
the accuracy of the predictions than the softmax scores in
VPNet-unsupervised, providing a reliable self-assessment
mechanism. A qualitative comparison between VpDR-Net
and the VPNet-unsupervised baseline are shown in Fig. 8.

Ablation study. We evaluate the importance of the different
components of VpDR-Net by turning them off and mea-
suring performance on the chair class. In Table 2, VpDR-
Net-NoProb replaces the robust probabilistic losses £ and
L1 with their non-probabilistic counterparts /g and /7,
and confidence predictions are replaced with random scores
for AP evaluation. VpDR-Net-NoDepth removes the depth
prediction and point cloud prediction branches during train-
ing, retaining only the @, subnetwork. VpDR-Net-NoAug
does not use the data augmentation mechanism of sec. 5.1.

We observe a significant performance drop when each of
the components is removed. This confirms the importance
of all contributions in the network design.

Additional experiments. We conducted more comparisons

Method ‘ AVP (4 bins) per object class

chair  bicycle  mbike car
VpDR-Net (ours) 16.6 239 30.1 33.4
VPNet-unsupervised [9] 12.7 24.5 19.8 294
3D-DPM [73] 6.1 439 31.8 36.9
Vps & Kps [17] 25.1 59.4 61.1 55.2
TABLE 3

Joint viewpoint prediction and object detection on Pascal3D reporting
the AVP measure on the validation set. 3D-DPM and Vps & Kps are
fully supervised approaches while our VpDR-Net and the
VPNet-unsupervised baseline do not require manual annotations.

to the state of the art on the unaltered Pascal3D dataset,
reporting the Average Viewpoint Precision (AVP) measure
on the validation set as in [15]. Since AVP requires an object
detector, we use the same set of RCNN [72] detections as
in [17]. In order to estimate 7, we use the ground truth
annotations from the training set. Due to the additional
noise brought by the global alignment 7 we report results
for the coarsest level of 4 orientation bins.

The results are summarized in Table 3. VpDR-Net out-
performs VPNet-unsupervised on 3 out of 4 classes while
being comparable to the fully supervised 3D-DPM [73] on 3
out of 4 classes as well.

6.3 Depth prediction

We evaluate the monocular depth prediction module of
VpDR-Net and in particular its ability to self-predict the
quality of its prediction. These experiments are conducted
on the test set of LDOS, since FrC does not contain ground-
truth depth annotations.

The depth prediction VpDR-Net is compared against
three baselines: VpDR-Net-Rand uses VpDR-Net to esti-
mate depth but predicts random confidence scores. BerHu-
Net is a variant of the state-of-the-art depth prediction
network from [30] based on the same ®gepin subnetwork as
VpDR-Net (but dropping @, and ®,,). Following [30], for
training it uses the BerHu depth loss and a dropout layer,
which allows it to produce a confidence score of the depth
measurements at test time using the sampling technique
of [74]. Finally, BerHu-Net-Rand is the same network, but
predicting random confidence scores.

Quantitative results. Results are presented in Fig. 10, for the
three LDOS categories. This figure shows the cumulative
root-mean-squared (RMS) depth reconstruction error, after
sorting pixels by their confidence as estimated by the net-
work. We observe that, by fitting better to inlier pixels and
giving up on outliers, VpDR-Net produces a much better
estimate than alternatives for the vast majority of pixels on
all considered classes. Our confidence mechanism is more
effective in the case of motorbike and bicycle classes which
is probably caused by the lower reliability of the ground
truth signal obtained by using the IR depth sensor in a
suboptimal outdoor setting.

Qualitative results. Fig. 9 shows qualitative results. In the
case of chair, motorbike and bicycle depth predictions, we
can observe higher uncertainty on the metallic surfaces (e.g.
bicycle frames and legs of chairs) or areas lying on the
boundaries of the objects. This is expected since the depth
sensor provides erroneous signal in these cases. Similarly for



I mDpe T mVIoU
Object class chair bicycle mbike car chair bicycle mbike car
dataset LDOS LDOS LDOS FrC LDOS LDOS LDOS FrC
Aubry et al. [41] 0.49 0.69 0.84 041 0.04 0.04 0.04 0.21
VpDR-Net-Fuse (ours) 0.25 0.28 037 0.23 0.14 0.12 0.13 0.29
VpDR-Net (ours) 0.25 0.32 0.40 0.23 0.14 0.12 0.13  0.29
VpDR-Net-Py 0.43 0.53 071 0.56 0.09 0.09 0.05 0.11
VpDR-Net-S 0.39 1.23 0.44 0.70 0.11 0.09 011 0.16
VpDR-Net-Chamfer 0.19 0.23 032 024 0.10 0.07 0.08 0.20
TABLE 4

Point cloud prediction. Comparison between different variants of VpDR-Net and the method of Aubry et al. [41].

the depth estimation of cars, the main modes of uncertainty
can be observed on the specular areas (e.g. the bodywork)
which is the case where ground truth providing multi-view
stereo algorithm often fails.

6.4 Point cloud prediction

In this last set of experiments, we evaluate the point cloud
completion module of VpDR-Net. The evaluation was con-
ducted on the test sets of FrC and LDOS by comparing the
predicted point clouds to the ground truth ones which were
obtained as explained in sec. 6.1.

Evaluation measures. We use two evaluation measures:
(1) the voxel intersection-over-union (VIoU) measure that
computes the Jaccard similarity between the volumetric
representations of C and C, and (2) the normalized point
cloud distance of [75]. We average these measures over the
test set leading to mVIoU and mD,,.;. The normalized point
cloud distance of [75] is computed as

Dy (C,0) —cll+ = |C| me lé — ¢l

\ C

ceC ce

For the VIoU measure, a voxel grid is setup around each
ground truth point-cloud C' by uniformly subdividing C’s
bounding volume into 30° voxels.

The point clouds are compared within the local coordi-
nate frames of each frame’s camera (whose focal length is
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Fig. 11. Point cloud prediction. For every input image of an unseen object instance (left), ground-truth point cloud reconstruction using the full
video sequence (top) and VpDR-Net point cloud prediction (bottom). For each reconstruction we show three different angles for better visualization.
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assumed to be known). Furthermore, since the SfM recon-
structions are known only up to a global scaling factor, we
adjust each point cloud prediction C from the FrC dataset by
multiplying it with a scaling factor ¢ that aligns the means
of C' and C. Note that ¢ can be computed analytically with:

(= MCMC , where

He = ﬁ > e, ec Cm is the centroid of the point cloud C'.

Baselines. VpDR-Net is compared against the approach
of Aubry et al. [41] using their code. [41] is a 3D CAD
model retrieval method which first trains a large number
of exemplar models which, in our case, are represented by
individual video frames with their ground truth 3D point
clouds. Then, given a testing image, [41] detects the object
instance and retrieves the best matching model from the
database. We align the retrieved point cloud to the object
location in the testing image using the P3P algorithm.

For our VpDR-Net, we evaluate several different flavors:
the original VpDR-Net that predicts the point cloud C,
VpDR-Net-Fuse which further merges C with the predicted
partial depth map point cloud Pf, VpDR-Net-Py which
only predicts the partial point cloud Pf, VpDR-Net- S that
predicts the raw unfiltered and untruncated point cloud S
and finally VpDR-Net-Chamfer which removes the density



predictions 6 and replaces lpcl(S' ) with a Chamfer distance
loss as explained in [50].

Quantitative results. Table 4 shows that our reconstructions
significantly outperform [41] on both metrics for both LDOS
and FrC. Fusing the results with the original depth map
produces a denser point cloud estimate and improves the
results for some classes. The drops in performance by pre-
dicting solely the raw and partial point clouds ﬁf and S
emphasize the importance of the point cloud completion
and density prediction components respectively. The Cham-
fer distance loss brings marginal improvements in D, but
a significant decrease of VIoU due to the inability of the
network to represent and discard outliers. Furthermore, as
in [50], we have observed that the network tends to predict
an average model of the object category with a limited
amount of shape variation.

Qualitative results. Qualitative results are shown in Fig. 11.
We can observe that in the case of chair and motorbike
reconstructions, which are the classes with a large number
of training videos and relatively clean ground truth point
clouds, the reconstructions exhibit a large amount of details
that allow to distinguish different geometric styles (e.g. an
enduro vs a chopper). For the car reconstructions, where the
number of training videos is lower and the ground truth
point clouds are noisy due to erroneous SfM multi-view
stereo depth, our model trades off statistical sensitivity for
increased smoothness of the predictions.

7 CONCLUSION

In this work, we have considered the problem of predicting
the 3D geometry of an object from a single image. We
have demonstrated that motion cues can replace manual
annotations and synthetic data for learning the geometry
of object categories, and that the learned model success-
fully generalizes to new unseen instances, predicting the
viewpoint, the depth and the shape of that new instance.
Learning from motion cues is enabled by two innovations,
a new image-based viewpoint factorization method and a
new probabilistic shape representation, which we leveraged
in a single neural network that simultaneously performs the
three prediction tasks. As a third innovation, we have also
demonstrated that allowing predictors to explicitly express
uncertainty leads to significantly more robust learning. We
validated our approach on four object categories demon-
strating performance superior to existing approaches.
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APPENDIX A

In this section, we detail the procedure from sec. 6.2 that
estimates the global alignment transformation 7. Given
a set of ground truth camera poses g = (R;,T;) and
the corresponding predictions §; = (R;,T;), we want to
estimate a global similarity transform 7¢ = (Rq, T, sa),
parametrized by a scale s € R, translation T € R3 and
rotation R¢ € SO(3), such that the coordinate frames of g}
and §; become aligned.

In more detail, the desired global similarity transform
satisfies the following equation:

Ri(RGX +Tg) +s¢Ty = REX +T) ; VX (13)

i.e. given an arbitrary world-coordinate point X € R3, its
projection into the coordinate frame of g; (the right part
of eq. (13)) should be equal to the projection of X into the
coordinate frame of §; after transforming X with Rq, Tg
and scaling the corresponding camera translation vector TZ
with s¢ (the left side of eq. (13)). Note that for LDOS data
T corresponds to a rigid motion and s¢ = 1. Given 7, the
adjusted camera matrices g} St for which ¢ Aad]u“ ~ g are
then computed with

3 = (RiRq, RiTg + saTy).

In order to estimate 7¢, X is substituted in eq. (13)
with X = Cf = —R:TTr, ie. X is set to be the center
of the ground truth camera g; which is a valid point of the
world coordinate frame. After performing some additional
manipulations, we end up with the following constraint:

1 1 A
Vi: —RgCH+ —Tg=Cy, (14)
SaG Llel

where C; = ,RZT T; is the center of the predicted camera
gi- Given the corresponding camera pairs {(g;, g;)}~ ; the
constraint in eq. (14) is converted to a least squares mini-
mization problem:

argmin Z
R Ta,saq j—
and solved using the UMEYAMA algorithm [76].

For Pascal3D we estimate 7 from the held-out training
set and later use it for evaluation on the test set. For LDOS,
due to the absence of a held-out annotated training set, we
estimate 75 on the test set.

2

RGc + 7TG - C (15)
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Summary and future work

Within the chapters of this thesis we addressed different topics related to unsu-
pervised learning of object categories from incomplete supervision. This final
chapter presents conclusions of our work and suggests future research direc-

tions.

9.1 Seeking the limit of supervision

In chapter 3, we sought to find an amount of supervision that saturates the per-
formance of a deep network. We did so on the task of object part detection since
parts are often hypothesized to be visually shareable among object categories.
Furthermore, learning object parts facilitates understanding of the structure of
object classes which is one of the main goals of this thesis.

Our main observation was that deep networks possess strong generaliza-
tion capabilities that allow them to learn successful part detectors by visiting
a relatively limited number of examples. In more detail, the saturation point
of the performance of a deep “eye” and “foot” keypoint detector was reached
after observing roughly 20% and 30% of the annotated training examples re-
spectively. This suggests that deep networks can solve different types of object

understanding problems by being fed with an annotated dataset of a sufficient
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164 9.2. Webly-supervised part learning

and, crucially, finite size. Moreover, this finding validates the hypothesis that
certain object parts are mostly defined by their appearance which motivates
their usage for representing the structure of object categories without the need
of manual annotations.

Chapter 3 also contributed with a dataset of object parts that was later used
e.g. for analysis of salient regions that deep classifiers attend to [Fong and

Vedaldi 2017].

Future work. An interesting extension would be seeking the limit of supervi-
sion for a different task where annotations are more expensive. For instance,
6-DoF pose estimation or 3D shape prediction from chapter 8. Another task that
would tremendously benefit from a more efficient generation of annotations is
the correspondence estimation. The existing learned solutions are either super-
vised by less reliable outputs of SIM systems [Yi et al. 2016] or by an optical flow

obtained with expensive depth and ego-motion sensors [Choy et al. 2016a].

9.2 Webly-supervised part learning

Chapter 4 addresses learning of semantic object parts from noisy web supervi-
sion. In order to do so, a weakly-supervised object detector that leveraged a
novel geometry-appearance embedding was proposed. The geometric part of
the embedding was formed by a feature map attached to the intersection-over-
union kernel which was, for the first time, proven to be positive-definite.
Another important contribution was the introduction of weakly supervised
anchors. These were shown to be an excellent mid-level representation applica-
ble for other tasks related to understanding the geometry of object categories.
This was verified empirically on the semantic part matching and part-based

image categorization tasks.

Future work. The proposed approach from chapter 4 was essentially a shal-
low classifier trained on top of a feature map derived from pre-trained deep

features. An evident extension is to define an end-to-end trained architecture
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that contains an intermediate layer of geometry-aware non-sematic features that
supports an ensuing detector of semantic parts. More specifically, this is achiev-
able by attaching D&D penalties from chapter 4 to a deep region detector such
as Faster R-CNN [Ren et al. 2015].

Another drawback, that deserves rectification, is the dependence of the pro-
posed pipeline on user-specified textual queries that denote the names of the
learned object parts. This can be alleviated with a fully-automated solution that

mines the names from e.g. WordNet [Chen et al. 2013; Miller 1995].

9.3 Learning geometry-aware representations

Inspired by the performance of the anchor-based detector from chapter 4, in
chapter 5 we revised weakly-supervised learning of geometry-aware represen-
tations. Additional motivation was given by preceding related works [Long et al.
2014; Ham et al. 2016] that, on the semantic correspondence task, observed lower
performance of deep features compared to hand-engineered alternatives.

Proposing a new deep architecture, termed AnchorNet, chapter 5 demon-
strates that using its features in combination with off-the-shelf matching algo-
rithms [Ham et al. 2016; Kim et al. 2013b] yields state-of-the-art performance on
the semantic matching task and a novel cross-category semantic matching task.
This showed the positive effects of the newly introduced discriminability and
diversity optimization objective.

After the publication of [Novotny et al. 2017b], several other works that learn
geometric features of object categories emerged. Differently from the Anchor-
Net, a significant portion of them proposed learning of embeddings equivari-
ant with the geometric transformations of input images [Thewlis et al. 2017a;
Thewlis et al. 2017b; Rocco et al. 2017]. Hence, in chapter 6 we shed light on
learning geometric features using the equivariance constraint.

Firstly, we observed that existing formalizations [Thewlis et al. 2017a; Thewlis
et al. 2017b] lack robustness to background clutter and self-occlusions. Seeking

to address this drawback, the proposed probabilistic introspection framework
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allowed to simultaneously learn a feature descriptor and detector. Such inclu-
sion of the feature detector among the set of network outputs allowed to discard
hard examples during training, achieving better specialization of the trained
descriptors to important foreground patterns.

The benefits of probabilistic introspection were demonstrated in several ways.
At the time of submission, state-of-the-art performance was obtained on the
semantic matching task among methods that leverage similar amount of su-
pervision. Compared to a leading fully-supervised approach [Han et al. 2017],
our geometry-aware features performed on par. Futhermore, following [Thewlis
et al. 2017a], we also quantitatively evaluated on a few-shot keypoint detection
task. Similar to semantic matching, the proposed method yielded results supe-
rior to existing alternatives.

Interestingly, it has been observed that the activation patterns of the intro-
duced representation were sparse and resembled keypoint localizers. This in-
dicated that there is a strong relation between learning keypoint detectors and
learning embeddings for matching.

The idea of learning unsupervised keypoint detectors from [Novotny et al.
2017a] was later re-visited for learning face landmarks in [Thewlis et al. 2017a;
Thewlis et al. 2017b]. In general, the proposed AnchorNet architecture helped
to increase the interest in the field of unsupervised learning of geometry-aware

features [Wiles et al. 2018; Zhang et al. 2018; Jakab et al. 2018].

Future work. Following one of the principal applications of keypoints, it would
be beneficial to explore the usage of the geometry-aware representation for category-
specific 3D shape estimation. Existing pipelines either rely on synthetic datasets
[Chang et al. 2015] or manually annotated keypoints [Kar et al. 2015a]. Such
reconstruction of a category shape from a set of images, that could be inexpen-
sively mined from e.g. a web search engine, would enable truly scalable 3D
shape learning.

Regarding the methodology, an interesting alternative for unsupervised fea-

ture learning is multi-image matching [Zhou et al. 2015b; Zhou et al. 2015a;
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Wang et al. 2017]. Unfortunately, the ample memory consumption of such meth-
ods prevents their use beyond collectively matching tens of features per im-
age across a few thousands of images. Hence, it would be interesting to ex-
plore whether some of the intuitions proposed in chapters 5 and 6 can be mixed
with the collective alignment framework in order to extend it to significantly
larger datasets.

Finally, designing self-supervised features for other kinds of geometry-related
tasks is another potential research direction. Probably the most appealing ap-
plication would be the classic single-scene matching. Similar to probabilistic
introspection, DeTone et al. [2017] recently introduced a novel feature descrip-
tion/detection system. Despite promising quantitative results, the architecture
requires ground truth interest point locations. A successful adoption of the
annotation-free probabilistic introspection can overcome the difficulty of acquir-

ing dense annotations for the task.

9.4 Semi-convolutional operators

Similar to chapters 5 and 6, in chapter 7 we focused on learning deep archi-
tectures that output dense pixel-wise embeddings. Our goal was investigating
their usage for detecting instances of object categories within images, effectively
addressing the instance segmentation task.

Chapter 7 first compared two groups of existing approaches, Propose & Verify
(P&Vs) and Instance Coloring (IC). It was theoretically demonstrated that existing
IC approaches are unsuitable for the instance segmentation task mainly due
to the translation invariance of the convolutional operators they rely on. A
potential resolution of this problem, in form of novel translation equivariant
semi-convolutional operators, was then proposed.

After enhancing existing instance segmentation architectures with the semi-
convolutional component, state-of-the-art performance was attained on the Pas-
cal VOC dataset and on a dataset of images of articulated organisms. An ad-

ditional analysis conducted on synthetic data further clearly demonstrated the
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benefits of extending convolutional operators to their semi-convolutional alter-

natives.

Future work. One of the biggest flaws of the proposed approach was its re-
liance on the Mask R-CNN detector which, to some extent, defeats the stated
advantages of the IC methods. A desirable future goal is thus to remove the
initial detector and propose a grouping algorithm that would directly convert

the dense embedding field into a set of segmentation masks.

9.5 Learning 3D object categories by looking around
them

Our final goal was understanding the 3D geometry of object categories. A human-
inspired approach consisting of inferring a 3D structure of an object category

by observing it in a set of videos was proposed in chapter 8. More in partic-

ular, VpDR-Net, a novel deep network for viewpoint, depth and point cloud

prediction, was proposed.

The utilized dataset of videos was further enriched with additional supervi-
sory data obtained using an off-the-shelf structure-from-motion method. In or-
der to remove the inter-scene ambiguity from the SfM viewpoints, we designed a
novel viewpoint factorization network that implicitly aligned individual recon-
structions into a common coordinate frame. Furthermore, the network simul-
taneously learned a monocular pose predictor. Benchmarking this viewpoint
branch on Pascal 3D, VpDR-Net attained results superior to the best previous
comparable method [Sedaghat and Brox 2015].

The viewpoint branch and monocular depth predictor were later seamlessly
integrated into a 3D shape prediction branch. Proposing a novel depth comple-
tion network that represented the output 3D shapes as a probability distribu-
tion supported by a flexible voxel grid, VpDR-Net outperformed other existing

methods on the task of monocular 3D shape prediction.
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At the time of publication of [Novotny et al. 2017c], VpDR-Net was the first
unsupervised single-view 3D reconstruction approach fully trained and tested

on real image data. The scientific community appreciated our work by selecting

[Novotny et al. 2017c] among 12 best papers of ICCV 2017.

Future work. The related future research directions are twofold. First, due
to SfM which rigidly reconstructs the training videos, our method is applicable
only to rigid object categories. Hence, an extension that is capable of addressing
the non-rigid category reconstruction problem would be a desirable contribu-
tion.

Second, it would be convenient to drop the SfM preprocessing step as it
introduces another level of complexity. Here, combining the VpDR-Net with
the video-supervised monocular architecture of Zhou et al. [2017] would be a

meaningful first step.

9.6 Probabilistic learning

Our final contribution was designed to alleviate the difficulties arising from
supervising algorithms in a weak manner or using noisy ground truth data.
Specifically, a novel probabilistic learning framework for simultaneous uncer-
tainty prediction and robust learning was proposed.

In chapter 6, this contribution takes form of a novel probabilistic introspec-
tion mechanism. At test time, it allows to predict a soft confidence map that
serves as a detector of salient features. During training, the confidence map
weights training annotations according to their difficulty. We have empirically
demonstrated quantitative improvements over existing alternatives on the cor-
respondence estimation task. Qualitatively, it was discovered that the confi-
dence map conveniently segments out image regions corresponding to object
categories.

In a similar spirit, chapter 8 proposed to explicitly model and identify out-

liers in noisy ground annotations coming from an off-the-shelf SfM algorithm.
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This was done by altering standard regression architectures to output probabil-
ity distributions supported by the continuous space of possible outputs. An ab-
lation study where a probabilistic monocular pose estimator attained improved
accuracy over its non-probabilistic variant demonstrated an increased robust-
ness of the training process. The ability of a successful self-assessment was
shown on a monocular depth prediction benchmark which, compared to pre-
vious methods, revealed better correlation between the predicted confidences
and the actual ground-truth error.

The probabilistic framework was received well by the scientific community.
In particular, follow-up applications of the proposed approach include deep
SLAM [Bloesch et al. 2018], optical flow [Ilg et al. 2018], odometry [Wang et al.
2018] or video-supervised SfM [Klodt and Vedaldi 2018].

Future work. In chapter 6, it was qualitatively demonstrated that the confi-
dence maps of the feature descriptors attend to instances of object categories.
This observation suggests that the introduced probabilistic introspection learn-
ing paradigm can be exploited to address the semantic segmentation task. In the
future, we can thus envision replacing the matching task from chapter 6 with a
different auxiliary objective that leads to a similar segmentation effect.
Secondly, we would like to enhance the learning formulation. Currently, a
downside of the probabilistic losses is their inability to distinguish between the
errors caused by the incapability of the model to properly minimize the training
loss, and the errors introduced due to the noise in ground truth annotations. Re-
vising the formulation such that it disentangles the aforementioned error modes

can then lead to an additional improvement in performance and robustness.
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