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Abstract

This dissertation introduces a novel hierarchical spatiotemporal orientation rep-
resentation for spacetime image analysis. This representation is designed to combine
the benefits of the multilayer architecture of Convolutional Networks (ConvNets)
and a more controlled approach to spacetime analysis. A distinguishing aspect of
the approach is that unlike most contemporary convolutional networks no learning
is involved; rather, all design decisions are specified analytically with theoretical
motivations. This approach makes it possible to understand what information is
being extracted at each stage and layer of processing as well as to minimize heuristic
choices in design. Another key aspect of the network is its recurrent nature, whereby
the output of each layer of processing feeds back to the input. The multilayer archi-
tecture that results systematically reveals hierarchical image structure in terms of
multiscale, multiorientation properties of visual spacetime. To illustrate the utility
of the proposed research, the designed networks has been tested on two spacetime
image understanding tasks, dynamic texture recognition and video object segmenta-
tion. Further, the role of learning in the context of the proposed analytic approach
to network design is systematically explored, thereby yielding a promising hybrid
architecture. Finally, a new, large scale dynamic texture dataset is introduced and

used for evaluation.
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Chapter 1

Introduction

1.1 Motivation

Multilayer representations have long played an important role in computer vision
[116]. For example, standard widely used hand crafted features such as SIFT [110]
can be seen as a shallow multilayer representation, which loosely speaking consists
of a convolutional layer followed by pooling operations. Moreover, before the deep
learning era, state-of-the-art recognition systems typically followed hand-crafted fea-
ture extraction with (learned) encodings followed by spatially organized pooling and
a learned classifier (e.g. [18]), which also is a multilayer representational approach.
Modern multilayer architectures push the idea of hierarchical data representation fur-
ther, via extension to many layers, while typically eschewing hand designed features
in favor of learning based approaches [71, 12, , , 95, 71, , , 169].

Overall, while the literature tackling multilayer networks is very large, with each



faction advocating for the benefits of one architecture over another, major computer
vision research efforts have focused on convolutional neural networks, commonly re-
ferred to as ConvNets or CNNs. These efforts have resulted in new state-of-the-art
performance on a wide range of classification (e.g [95, 169, 71]) and regression (e.g
[199, , 12]) tasks. In contrast, while the history of such approaches can be traced
back a number of years (e.g [59, ]), theoretical understanding of how these sys-
tems achieve their outstanding results lags. Indeed, currently many contributions in
the computer vision field use ConvNets as a black box that works while having a
very vague idea for why it works, which is very unsatisfactory from a scientific point
of view. In particular, there are two main complementary concerns: (1) For learned
aspects (e.g convolutional kernels), exactly what has been learned? (2) For architec-
ture design aspects (e.g number of layers, number of kernels/layer, pooling strategy,
choice of nonlinearity), why are some choices better than others? The answers to
these questions not only will improve the scientific understanding of ConvNets, but
also increase their practical applicability.

Moreover, current realizations of ConvNets require massive amounts of data for
training [90, 95, 100] and design decisions made greatly impact performance [25, 83].
Deeper theoretical understanding should lessen dependence on data-driven design.
While empirical studies have investigated the operation of implemented networks, to
date, their results largely have been limited to visualizations of internal processing
at the different layers of a ConvNet [191, 161, 117].

Overall, there is both strong theoretical and practical motivation for taking a

more analytic perspective on ConvNets than typically has been done to date.



1.2 Contributions

In response to the above noted state of affairs, this dissertation explores more con-
trolled approaches to network realization and takes into account domain priors in
ConvNet design. The main objective of this dissertation is to build on the success
of ConvNets, while addressing their major shortcomings (i.e. lack of interpretability
and heavy reliance on large scale datasets for training). To achieve these ends, the

proposed research makes the following contributions:

e SOE-Net: Design of a purely analytically defined ConvNet architecture, where
no learning is involved given that all network components are designed based
on theoretical considerations. The designed network extracts measurements of

Spatiotemporal Oriented Energy and is therefore dubbed, SOE-Net.

e DTDB: Design, realization and exploitation of the largest currently available
Dynamic Texture DataBase. DTDB is used for analyzing the behavior of ma-
jor classes of spatiotemporal ConvNets, including the proposed SOE-Net, to
identify their strengths and weaknesses. The dataset is also made available to

the research community.

¢ MSOE-two-stream: Design of an improved learning based spatiotemporal
ConvNet architecture via introduction of domain priors into the network’s
design. In particular, based on the outcome of the analysis performed with
DTDB, the most successful learning-based spatiotemporal ConvNet architec-
ture (i.e. the two-stream architecture [162]) is improved via introduction of

the MSOE motion representation [36] to replace the less optimal optical flow;



the resulting architecture is dubbed MSOE-two-stream. Here, MSOE refers to
spatially Marginalized Spatiotemporal Oriented Energy, which is designed to

capture pattern dynamics, apart from spatial appearance.

¢ MSOE-SO-Net: Combination of the proposed analytical approach to net-
work design (e.g. SOE-Net) and the successful two-stream architecture to yield
an analytically defined two-stream ConvNet architecture dubbed MSOE-SO-
Net. Here, the Spatiotemporal Oriented Energy Network (SOE-Net) repre-
sentation is factored into two components: MSOE-Net (spatially Marginalized
Spatiotemporal Oriented Energy Network) for capturing dynamics and SO-Net

(Spatial Orientation Network) for capturing spatial appearance.

e Applications: Validation of the designed architectures via application to two
important computer vision tasks, dynamic texture recognition and video object

segmentation.

e Hybrid-SOE-Net: Analysis of the role of learning in an otherwise completely
analytically defined architecture to identify optimal learning strategies in this

setting, yielding a hybrid (hand-crafted/learned) architecture.

1.3 Dissertation Overview

This dissertation is structured as follows: The present chapter has motivated the need
for a better understanding of convolutional networks and provided a general overview

of the most significant contributions of the research described in this dissertation.



Chapter 2 will provide the necessary background for the rest of the dissertation. In
particular, it will describe current trends in ConvNet design and discuss the role of the
building blocks of typical convolutional networks from both biological and theoretical
perspectives. Importantly, it will also describe efforts made toward ConvNet under-
standing and highlight some critical outstanding shortcomings that remain, thereby
highlighting the contributions made in this dissertation. Chapter 3 introduces the
proposed analytically defined ConvNet architecture, which constitutes the backbone
of this dissertation and sets the stage for the remainder of the document. Chapter 4
introduces the first application tackled in this research, ¢.e. dynamic texture recog-
nition, and demonstrates the representational power of the proposed architecture as
well as the role of each building block with application to dynamic texture recog-
nition. With this baseline established, Chapter 5 further studies the properties of
the defined architecture in comparison to the currently most popular learning-based
networks. This study is enabled via the introduction of a new large scale dataset.
Next, the analytically defined framework advocated in this dissertation is further
tested on the fine grained task of video object segmentation in Chapter 6. The role
of learning is then investigated in Chapter 7 to identify potential ways to realize a
hybrid architecture that takes the best of both worlds. Finally, Chapter 8 provides

a summary of the dissertation with suggestions for future research.



Chapter 2

Background

2.1 Introduction

This chapter gives a succinct description of the most prominent multilayer architec-
tures used in computer vision and discusses the most notable approaches to under-
standing such architectures. Notably, while this chapter covers the most important
contributions in the literature, it will not provide a comprehensive review, as such is
available elsewhere [00]. Instead, the purpose of this chapter is to set the stage for
the remainder of the document by clearly identifying where the contributions of this

dissertation lie in the realm of the most recent literature.

2.2 Multilayer Architectures

Prior to the recent success of deep learning-based networks, state-of-the-art com-

puter vision systems for recognition relied on three separate but complementary
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Figure 2.1: Typical pipeline used in computer vision algorithms prior to the wide
success of deep learning-based networks.

steps (e.g. [17, 48]) as depicted in Figure 2.1. First, the input data is transformed
to a suitable form via a set of hand designed operations (e.g. convolutions with a
basis set). Second, an intermediate level, learning based, local or global encoding
approach (e.g. improved Fisher Vectors, iFV [138]) is used to transform the data
into a representation tuned to the task at hand. The transformations that the input
incurs usually entail finding a compact and/or abstract representation of the input
data, while injecting several invariances depending on the task at hand. The goal of
this transformation is to change the data in a way that makes it more amenable to
being readily separated by a classifier. Third, the transformed data is used to train
some sort of classifier (e.g. Support Vector Machines [31]) to recognize the content
of the input signal.

More recent deep-learning based architectures bring about a different outlook
on the problem by proposing to learn, not only the classifier or intermediate level
encodings, but also all stages of the transformation applied in the input data. This
form of learning is commonly referred to as representation learning [99, 11], which

when used in the context of deep multilayer architectures is called deep learning.



Multilayer architectures can be defined as computational models that allow for
extracting useful information from the input data via multiple levels of abstrac-
tion. Generally, multilayer architectures are designed to amplify important aspects
of the input at higher layers, while becoming more and more robust to less signif-
icant variations. For example, with application to object recognition, exact spa-
tial position of an item may be suppressed to achieve shift-invariance. Such in-
cremental abstraction via multilayer processing has a long history in computer vi-
sion (e.g. [110, 34, 98, 59, ). Most recent multilayer architectures stack sim-
ple building block modules with alternating linear and nonlinear functions. Over
the years, a plethora of various multilayer architectures have been proposed (e.g.
[74, 12, , 13, 75]). However, in the world of computer vision, Convolutional Net-
works (ConvNets) have seen the most success for several reasons as outlined in the

next section.

2.2.1 Convolutional Networks

Convolutional networks are a particular type of neural network that are especially
well adapted to computer vision applications because of their ability to hierarchi-
cally abstract representations with local operations. There are two key design ideas
driving the success of convolutional architectures in computer vision. First, Con-
vNets take advantage of the organized structure of visual data (i.e. the 2D and 3D
structure of images and videos, respectively) and the fact that pixel values within a
neighborhood are usually highly correlated. Therefore, ConvNets eschew the use of

one-to-one connections between all pixel units (i.e. as is the case of most so called



fully connected neural networks) in favor of using grouped local connections. Further,
ConvNet architectures rely on feature sharing and each channel (or output feature
map) is thereby generated from convolution with the same filter at all locations.
This important characteristic of ConvNets leads to an architecture that relies on far
fewer parameters compared to standard fully connected neural networks. Second,
ConvNets also introduce a pooling step that provides a degree of translation invari-
ance making the architecture less affected by small variations in position. Notably,
pooling also allows the network to gradually see larger portions of the input thanks
to an increased size of the network’s receptive field. The increase in receptive field
size (coupled with a decrease in the input’s resolution) allows the network to rep-
resent more abstract characteristics of the input as the network’s depth increases.
For example, for the task of object recognition, it is advocated that ConvNets layers
move from focusing on edges to parts of the object to finally cover the entire object
at higher layers in the hierarchy [191, , 10].

Most ConvNets architectures deployed in recent computer vision applications are
inspired by the successful architecture proposed by LeCun in 1998, now known as
LeNet, for handwriting recognition [100], which in turn was inspired by the seminal
work of Fukushima known as the Neocognitron [59]. As described in key literature
[83, |, a classical convolutional network (depicted in Figure 2.2) is made of four
basic layers of processing: (i) a convolution layer, (ii) a nonlinearity or rectification
layer, (iii) a normalization layer and (iv) a pooling layer. Also, a key component
to the success of such an architecture was the use of the backpropagation algorithm

[150] for relatively efficient learning of the convolutional parameters. Notably, this



algorithm also was foreseen in earlier investigations, e.g. [19, .

Layer 1]—[Layer 2]— ----- ------- —| Layer N

~
~
~
~

- ~

[CIassification/Regression }

[Convolution Rectification | | Normalization Pooling ]

Figure 2.2: Typical ConvNet multilayer architecture with its 4 building blocks.

Although ConvNets allow for an optimized architecture that requires far fewer
parameters compared to their fully connected neural network counterpart, their main
shortcoming remains their heavy reliance on learning and labeled data. This data
dependence is probably one of the main reasons why ConvNets were not widely used
until 2012 when the availability of the large ImageNet dataset [151] and concomitant
computational resources made it possible to revive interest in ConvNets [95].

In fact, with the availability of large scale datasets and powerful computers for
training, the vision community has recently seen a surge in the use of ConvNets for
various applications. The used networks vary from simply stacking convolutional
layers followed by non-linearities such as Rectified Linear Units (ReLU) as done in
AlexNet [95] or VGG [163] to more complex and deeper architectures relying on
dimensionality reduction layers using 1 x 1 convolutions as done GoogLeNet [166] or

additional skip connection as done in the now popular Residual Networks (ResNets)

(71, 78],

10



The significant performance boost brought to various image based applications
via use of ConvNets sparked interest in extending 2D spatial ConvNets to 3D spa-
tiotemporal ConvNets for video analysis. Generally, the various spatiotemporal ar-
chitectures proposed in the literature have simply tried to extend 2D architectures
from the spatial domain, (x,y), into the spatiotemporal domain, (x,y,t). In the
realm of training based spatiotemporal ConvNets, there are three different architec-
tural designs that stand out: LSTM based networks (e.g. [128, 39]), which propagate
information temporally via use of Long Short Term Memory (LSTM) units [75], 3D
ConvNets (e.g. [169, 90]), which replace 2D filters with their 3D counterpart, and
Two-Stream architectures (e.g. [162, 52]), which analyze appearance and motion
information in two parallel pathways.

Importantly, while these networks achieve competitive results in many computer
vision applications, their main shortcomings remain: the limited understanding of the
exact nature of the learned representation, the reliance on massive training datasets,
the lack of ability to support precise performance bounds and the lack of clarity
regarding the choice of the networks’ hyper parameters. These choices include the
filters sizes, choice of nonlinearities, pooling functions and parameters as well as
the number of layers and architectures themselves. Attempts at understanding the
impact of these design choices as well as what is being learned by these ConvNets

are discussed in the next section.
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2.3 Understanding ConvNets

In general, methods aiming at understanding ConvNets can be divided into three
tacks: those that rely on visualizations of the learned filters and the extracted feature
maps, those that rely on ablation studies as inspired from biological approaches
to understanding the visual cortex and those that rely on minimizing learning by
introducing analytic principles into their network’s design. Each of these approaches

will be briefly reviewed in this section.

2.3.1 Understanding ConvNets via Visualization

Although several methods have been proposed in the literature for visualizing the
feature maps extracted by ConvNets, in this section we will focus on the two most
prominent approaches and discuss their different variations.

The first approach to ConvNet visualization is known as a dataset-centric ap-
proach [189] because it relies on probing the network with input from a dataset to
find maximally responding units in the network. One of the earliest approaches falling
under this category is known as DeConvNet [191], where visualization is achieved
in two steps. First, a ConvNet is presented with several images from a dataset and
the feature maps responding maximally to this input are recorded. Second, these
feature maps are projected back to the image space using the DeConvNet archi-
tecture, which consists of blocks that approximately invert the operations of the
ConvNet used. In particular, DeConvNet inverts the convolution operations (i.e.

performs “de-convolution”) via use of the transpose of the learned filters in the Con-
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vNet under consideration. Here, it is worth noting that taking the transpose is not
guaranteed to invert a convolution operation. For “un-pooling”, DeConvNet relies
on recording the locations corresponding to max-pooled responses in the ConvNet
and uses those locations for “un-pooling” or upsampling the feature maps.

Typical visualizations resulting from these methods generally reveal that earlier
layers in the network tend to capture low level features such as oriented bars and
edges, i.e. filters learned at lower layers are similar to oriented bandpass filters. In
contrast, at higher layers features captured progress from simple textures to more
complex objects. Interestingly, these visualizations tend to conserve a high level of
detail from the images that yielded a high response in the network [191]; see Fig-
ure 2 in [191] for sample visualizations. In fact, it seems like these visualization
tend to emphasize the edges of the input images and mainly reveal the part of the
image that is responsible for the high response (i.e. they can be seen as methods
for finding the high contrast points of the input images and mainly reveal the part
that is responsible for high classification results). Motivated by these observations,
other approaches falling under the dataset-centric paradigm proposed even simpler
methods to visualize what a network is learning. Examples include methods that
progressively remove parts from images yielding high responses to highlight what
specific parts are responsible for those high responses [195, |. Some of the con-
clusions that emerged from these approaches are that objects are largely responsible
for recognizing scenes [195] or more generally that object detectors emerge as we
visualize higher layers of the network [196]. However, this conclusion is likely heavily

affected by the fact that most studied networks are trained using large scale object
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recognition datasets.

The second approach to ConvNet visualization is known as the network-centric
approach [189] because it uses the network parameters only without requiring any
additional data for visualization purposes. This approach was first introduced in the
context of deep belief networks [11] and later applied to ConvNets [161]. In this case,
visualization is achieved by synthesizing an image that will maximize some unit’s (or
filter’s) response. For example, starting from the last layer of a network that yields a
class score, S., and an image initialized to random noise, I, the goal is to modify the
image such that its score for belonging to class ¢ is maximized. This optimization

problem is defined in [161] according to

arg max S,(I) — \||1]2, (2.1)
I

where )\ is a regularization parameter. Here, the L regularization is used to penalize
large values. Most other methods falling under this paradigm attempt to solve the
same optimization problem while enforcing different regularization techniques, e.g.
total variation regularization to enforce smoothness and avoid high frequency content
in the synthesized image [I17] or simple clipping of pixels that do not participate
strongly in the filter’s response and thereby only highlight the patterns responsible
for a filter’s activation [189]. Another variant falling under the network centric
paradigm relies on Generative Adverserial Networks (GANs), e.g. [130, |, and
uses the encoding part of the architecture to render an image that will maximize a
certain response in the generator.

Usually, visualizations obtained with network centric approaches suggest that the
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network is learning high level shapes responsible for discriminating various objects
(e.g. eyes, nose and ears when the target class is animals faces); however, the exact
locations of these features does not matter [L61, 117]; see Figures 1 and 6 in [117] for
sample visualizations. The only exception here is seen in the GAN based visualiza-
tion approaches that tend to render more natural images of the target class [130, 129],
as it is optimized to achieve such natural visualizations. Generally, however, these
visualizations imply that the network learns invariances progressively (i.e. it becomes
position agnostic at higher layers), as expected from the use of various pooling op-
erations. However, when this network-centric visualization technique is applied to
invert lower layers, it does not necessarily show that they are learning lower level
features such as edges as opposed to the dataset-centric technique. Instead, when
the network centric approach is applied to visualize lower layers, it is usually seen
that those lower layers retain most of the photographic information present in the
image to be inverted (ie the visualization yields a blurred version of the image to be
inverted) [117].

More generally, a major limitation of visualization approaches to understanding
ConvNets is the subjective nature of the interpretation, which typically is based on

visual inspection by the authors of the method.

2.3.2 Understanding ConvINets via Ablation Studies

Another popular method to shed light on ConvNet capabilities that is being widely
used is the so called ablation study of the network. In fact, most prominent ConvNet

papers (e.g. [25, , , , 50, 33, 84]) include an ablation study in their exper-
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imental section, where the goal is to isolate the different components of the network
to see how removing or adding any given block affects the overall performance.

These ablation studies have the potential to guide ConvNet practitioners toward
“good practices” to achieve higher performance in different applications. For ex-
ample, one of the earliest ablation studies in the context of ConvNets revealed the
importance of proper rectification and normalization even while using randomly ini-
tialized networks [33]. Other work revealed the importance of deeper representations
while using smaller filters at all layers [25, 163]. Yet other studies investigated the
role of pre-training and finetuning as well as the number, location and magnitude
of features. These investigations further highlighted the transferability of features
extracted from ConvNets across tasks [7].

More interestingly, other work proposed to dissect ConvNets to investigate the
impact of each component on the interpretability of the representations learned [10].
This approach relies on a dataset with pixel level annotations, where each pixel is
assigned several “concept” labels that include color, texture, object and scene labels.
Each unit in a ConvNet under consideration is evaluated for its ability to generate a
segmentation mask that matches a certain concept-based segmentation mask L.. In
particular, each feature map, Sj, in the network is converted to a binary mask, My,
where pixels are set to 1 only if their activation exceeds a certain pre-set threshold.
Next, each unit, k, is assigned a score for its ability to segment a given concept, c,

according to

Zd taset ‘Mk n LC|
ol = zdatase (2.2)
Zdataset |Mk U LCl
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where |.| is the cardinality of the set. With this measure, the interpretability of each
unit is defined based on its ability to generate good segmentation masks. This mea-
sure revealed that units in lower layers are able to generate better color or texture
based masks, whereas higher layers generate better object and scene segmentations.
In line with dataset-centric visualization approaches, this observation suggests that
lower layers are learning filters that capture lower level concepts while higher layers
learn more abstract features such as objects parts. This approach also allowed for a
systematic analysis of the effect of various nonlinearities and training strategies on
interpretability and revealed that higher performance does not always yield highly
interpretable units. For example, it was shown that regularization techniques such
as batch normalization non-trivially affect a unit’s interpretability as defined in this
approach. Also, it was found that networks trained on scenes datasets yield more
interpretable units compared to the widely used ImageNet training. Unfortunately,
one of the main flaws of this approach is the fact that their definition of interpretabil-
ity depends highly on the dataset used for evaluation. In other words, ConvNet units
capable of capturing concepts that are not represented in the dataset will yield low
Intersection over Union (i.e. IoU, (2.2)) scores; hence, will be deemed not inter-
pretable by this method, even if the concept is visually interpretable. Therefore,
this method can miss other important aspects revealed by the network components

responsible for higher performance.
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2.3.3 Understanding ConvNets via Controlled Design

Another method to understand ConvNets is to minimize the number of learned
parameters by injecting priors into the network design. For example, some methods
reduce the number of learned filters per layer and include transformed versions of
the learned filters in each layer to model rotation invariances, e.g. [112, |. Other
approaches rely on replacing learned filters with a basis set and instead of learning
filter parameters they learn how to combine the basis set to form the effective filters at
each layer, e.g. [31, 30, , , |. Yet other approaches, push the idea of injecting
priors into their network design even further by either partially or fully hand crafting
their network and adapting it to a given task, which yields especially interpretable
networks, e.g. [18, , 64]. This dissertation falls under this paradigm and therefore
related work aiming at modeling the various building blocks of a ConvNet will be

discussed more thoroughly in the next section.

2.4 Understanding ConvNets Building Blocks

2.4.1 Convolution

The convolutional layer is, arguably, one of the most important steps in ConvNet
architectures. Basically, convolution is a linear, shift invariant operation that consists
of performing local weighted combination across the input signal. Depending on the
set of weights chosen (i.e. the chosen point spread function) different properties of the
input signal are revealed, as illustrated in Figure 2.3. In the frequency domain, the

correlate of the point spread function is the modulation transfer function that tells
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how the frequency components of the input are modified through scaling and phase
shifting [167]. Therefore, it is of paramount importance to select the right kernels
to capture the most salient and important information contained in the input signal
that allows for making strong inferences about the content of the signal. This section

discusses some of the different ways proposed to tackle the kernel selection step.

Convolution

Figure 2.3: Effect of the chosen filter (i.e. the chosen point spread function) on
the output of the convolution operation. (a) The input image is convolved with
a horizontally oriented bandpass filter, thereby highlighting horizontal lines in the
input. (b) The input image is convolved with a vertically oriented bandpass filter,
thereby highlighting vertical lines in the input.

Biological Perspective

Neurophysiological evidence for hierarchical processing in the mamalian visual cortex
provides an underlying inspiration for spatial and spatiotemporal ConvNets. In
particular, research that hypothesized a cascade of simple and complex cells that
progressively extract more abstract attributes of the visual input [$0] has been of
particular importance. At the very earliest stages of processing in the visual cortex,
the simple cells were shown capable of detecting primitive features such as oriented

gratings, bars and edges, with more complicated tunings emerging at subsequent
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stages.

A popular choice for modeling the described properties of cortical simple cells
is a set of oriented Gabor filters or Gaussian derivatives at various scales. More
generally, filters selected at this level of processing typically are oriented bandpass
filters. Many decades later most biological models still rely on the same set of simple
cells at the initial layers of the hierarchy [145, , , 85,0, 57]. In fact, these same
Gabor kernels are also extended to the chromatic [192] and temporal [$5] domains
to account for color and motion sensitive neurons, respectively.

Matters become more subtle, however, when it comes to representing cells at
higher areas of the visual cortex and most contributions building on Hubel and
Wiesel’s work strive to find an appropriate representation for these areas. The HMAX
model is one of the most well known models tackling this issue [115]. The main idea of
the HMAX model is that filters at higher layers of the hierarchy are obtained through
the combination of filters from previous layers such that neurons at higher layers
respond to co-activations of previous neurons. Extensions of this work thereafter
explicitly introduce learning to model filters at higher layers [157, , 85].

Another related, although somewhat different, train of thought suggests that
there exist more complex cells at higher levels of the hierarchy that are dedicated
to capturing intermediate shape representations, e.g. curvature [147, . While
the HMAX class of models propose modeling shapes via compositions of feature
types from previous layers, these investigations propose an approach that directly
models hypercomplex cells (also referred to as endstopped cells) without resorting

to learning. In particular, models falling within this paradigm model hypercomplex

20



cells via combination of simple and complex cells to generate new cells that are able
to maximally respond to curvatures of different degrees and signs as well as different
shapes at different locations.

More closely related to the approach adopted in this dissertation is another body
of research, which advocates that the hierarchical processing (termed Filter —
Rectify — Filter) that takes place in the visual cortex deals progressively with
higher-order image structures [9, 57, ]. Tt is therefore advocated that the same
set of kernels present at the first layer (i.e. oriented bandpass filters) are repeated
at higher layers. However, the processing at each layer reveals different properties
of the input signal given that the same set of kernels now operate on different input
obtained from a previous layer. Therefore, features extracted at successive layers
progress from simple and local to abstract and global while capturing higher order
statistics. In addition, joint statistics are also accounted for through the combination

of layerwise responses across various scales and orientations.

Theoretical Perspective

More theoretically driven approaches are usually inspired from biology but strive to
inject more theoretical justifications into their models. These methods usually vary
depending on their kernel selection strategy.

One way of looking at the kernel selection problem is to consider that objects
in the natural world are a collection of a set of primitive shapes and thereby adopt
a shape based solution [56, 54, 55], in which case, the proposed algorithms start

by finding the most primitive shapes in an image (e.g. oriented edges) using a bank
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of oriented Gabor filters. Using these edges, or more generally parts, the algorithm
proceeds by finding potential combinations of parts in the next layers by looking at
increasingly bigger neighborhoods around each part, where the choice of the combi-
nation is based on the probabilities learned during unsupervised training. In reality,
such a shape based approach is more of a proof of concept where only lower layers
of the hierarchy can be learned in such an unsupervised way, whereas higher layers
need to be learned using category specific images [54].

Another outlook on the kernel selection process is based on the observation that
many training based convolutional networks learn redundant filters. Moreover, many
of the learned filters at the first few layers of those networks resemble oriented band-
pass filters. Therefore, several recent investigations aim at injecting priors into their
network design with a specific focus on the convolutional filter selection. One ap-
proach proposes learning layerwise filters over a basis set of 2D derivative operators
[81]. While this method uses a fixed basis set of filters, it relies on supervised learning
to linearly combine the filters in the basis at each layer to yield the effective layer-
wise filters and it is therefore dataset dependent. Nonetheless, using a basis set of
filters and learning combinations aligns well with biological models, such as HMAX
[145] and its successors (e.g. [158, 85]), and simplifies the network’s architecture,
while maintaining a certain level of interpretability. Also, as learning is one of the
bottlenecks of modern ConvNets, using a basis set also eases this process by tremen-
dously decreasing the number of parameters to be learned. For these reasons such
approaches are gaining popularity in the most recent literature [31, 30, , , ].

Interestingly, a common thread across these recent efforts is the aim of reducing
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redundant kernels with a particular focus on modeling rotational invariance (although
it is not necessarily a property of biological vision). The focus on rotation is moti-
vated by the observation that learned filters often are rotated versions of one another.
For example, one effort targeted learning of rotational equivariance by training over
a set of circular harmonics [182]. Alternatively, other approaches attempt to hard
code rotation invariance by changing the network structure itself such that for each
learned filter a set of corresponding rotated versions are automatically generated ei-
ther directly based on a predefined set of orientations, e.g. [198], or by convolving
each learned filter with a basis set of oriented Gabor filters [112].

Other approaches push the idea of injecting priors into their network design even
further by fully hand crafting their network via casting the kernel selection problem
as an invariance maximization problem based on group theory, e.g. [18, , 30].
For example, kernels can be chosen such that they maximize invariances to small
deformations and translations for texture recognition [18] or to maximize rotation
invariance for object recognition [133]. This approach is most akin to the work
proposed in this dissertation as will be demonstrated throughout the next chapters.

Arguably, the scattering transform network (ScatNet) has one of the most rigor-
ous mathematical definitions to date [1&]. The construction of scattering transforms
starts from the assertion that a good image representation should be invariant to
small, local deformations and various transformation groups depending on the task
at hand. The kernels used in this method are a set of dilated and rotated wavelets,
1y, where ) is the center frequency defined as A = 277r, with 277 and r representing

the dilation and rotation, respectively. The network is constructed by a hierarchy of
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convolutions using various wavelets centered around different frequencies, as well as
various nonlinearities as discussed in the next section. The center frequencies of the
employed kernels are chosen to be lower at each layer.

Loosely speaking both the work proposed in this dissertation and ScatNet fall
under the Filter — Rectify — Flilter paradigm advocated by some biologically
based models [9]. Because these networks are based on a rigorous mathematical
analysis, they also take into account the frequency content of the signal as it is
processed in each layer. One of the direct results of this design is the ability to
make theory driven decisions regarding the different components involved in these

networks.

Discussion

Overall, the ability of human visual cortex in recognizing the world while being
invariant to various changes that are unimportant to the task at hand has been the
driving force of many researchers in this field. Although, several approaches and
theories have been proposed to model the different layers of the visual cortex, a
common thread across these efforts is the agreement on the presence of hierarchical
processing that splits the vision task into smaller pieces. However, while most models
agree on the general choice of kernels at the initial layers, motivated by the seminal
work of Hubel and Wiesel [30], modeling areas responsible for recognizing more
abstract features seems to be more intricate and controversial.

On the other hand, most theoretically driven approaches to convolutional kernel

selection aim at introducing priors into their hierarchical representations with the
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ultimate goal of reducing the need for massive training. In doing so, these methods
either rely on maximizing invariances through methods grounded in group theory
or rely on combinations over basis sets. Interestingly, similar to more biologically
inspired instantiations, it also is commonly observed that there is a pronounced
tendency to model early layers with filters that have the appearance of oriented
bandpass filters. However, the choice for higher layers’ kernels remains an open
critical question.

As previously mentioned, this dissertation argues in favor of methods supporting
the use of the same set of kernels at all layers, even while operating on different input
data at each layer. Notably, the input changes at each layer thanks to the presence
of other nonlinear operations. The most common nonlinearities used throughout a

typical ConvNet architecture and their roles are discussed next.

2.4.2 Rectification

Multilayer networks are typically highly nonlinear and rectification is, usually, the
first stage of processing that introduces nonlinearities to the model. Rectification
refers to applying a pointwise nonlinearity (also known as an activation function) to
the output of the convolutional layer. Use of this term borrows from signal processing,
wherein rectification refers to conversion from alternating to direct current. It is
another processing step that finds motivation both from biological and theoretical
viewpoints. Computational neuroscientists introduce the rectification step in an
effort to find the appropriate models that best explain the neuroscientific data at

hand. On the other hand, machine learning researchers use rectification to obtain
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models that learn faster and better. Interestingly, both streams of research tend to
agree, not only on the need for rectification, but they are also converging to the same

type of rectification.

Biological Perspective

From a biological perspective, rectification nonlinearities are usually introduced into
the computational models of neurons in order to explain their firing rates as a function
of the input [35]. A fairly well accepted model for biological neuron’s firing rate in
general is referred to as Leaky Integrate and Fire (LIF) [35]. This model explains
that the incoming signal to any neuron has to exceed a certain threshold for the cell
to fire. Research investigating the cells in the visual cortex in particular also relies
on a similar model, referred to as half wave rectification [30), , 72].

Notably, Hubel and Wiesel’s seminal work already presented evidence that simple
cells include nonlinear processing in terms of half wave rectification following on linear
filtering [30]. As previously mentioned in Section 2.4.1, the linear operator itself can
be considered as a convolution operation. It is known that, depending on the input
signal, convolution can give rise to either positive or negative outputs. However, in
reality cells’ firing rates are by definition positive. This is the reason why Hubel and
Wiesel suggested a nonlinearity in the form of a clipping operation that only takes
into account the positive responses. More in line with the LIF model, other research
suggested a slightly different half wave rectification in which the clipping operation
happens based on a certain threshold (i.e. other than zero) [122]. More in line with

the approach adopted in this dissertation, other models also took into account the
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possible negative responses that may arise from the filtering operation [72, 73]. In this
case, a two-path half wave rectification is suggested where the positive and negative
incoming signals are clipped separately and carried in two separate paths. Also, in
order to deal with the negative responses both signals are followed by a pointwise
squaring operation and the rectification is therefore dubbed half-squaring (although,
biological neurons do not necessarily share this property). In this model the cells
are regarded as energy mechanisms of opposite phases that encode both the positive

and negative outputs.

Theoretical Perspective

From a theoretical perspective, rectification is usually introduced by machine learn-
ing researchers for two main reasons. First, it is used to increase the discriminating
power of the extracted features by allowing the network to learn more complex func-
tions. Second, it allows for controlling the numerical representation of the data
for faster learning. Historically, multilayer networks relied on pointwise sigmoidal
nonlinearities using either the logistic nonlinearity or the hyperbolic tangent [100].
Although the logistic function is more biologically plausible given that it does not
have a negative output, the hyperbolic tangent was more often used given that it has
better properties for learning, such as a steady state around 0 (See Figures 2.4 (a)
and (b), respectively). To account for the negative parts of the hyperbolic tangent
activation function it is usually followed by a modulus operation (also referred to as
Absolute Value Rectification AVR) [33]. However, recently the Rectified Linear Unit

(ReLU), first introduced by Nair et al. [127], quickly became the default rectification
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nonlinearity in many areas of investigation (e.g. [116]) and especially computer vision
ever since its first successful application on the ImageNet dataset [95]. In particular,
it was shown that the ReLLU plays a key role against overfitting and expediting the
training procedure, even while leading to better performance compared to traditional

sigmoidal rectification functions [95].

f(y)
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fly)

(a) Logistic (b) tanh (c) ReLU

Figure 2.4: Typical nonlinear rectification functions used in ConvNets.

The ReLLU operator, depicted in Figure 2.4 (c), has two main desirable properties
for any learning based network. First, ReLU does not saturate for positive input
given that its derivative is one for positive input. This property makes ReLLU partic-
ularly attractive since it removes the problem of vanishing gradients usually present
in networks relying on sigmoidal nonlinearities. Second, given that ReLU sets the
output to zero when the input is negative, it introduces sparsity, which has the ben-
efit of faster training and better classification accuracy. In particular, for improved
classification it is usually desirable to have linearly separable features and sparse rep-
resentations are usually more readily separable [62]. However, the hard 0 saturation

on negative input comes with its own risks. Here, there are two complementary con-
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cerns. First, due to the hard zero activation some parts of the network may never be
trained if the paths to these parts were never activated. Second, in a degenerate case
where all units at a given layer have a negative input, back propagation might fail
and this result will lead to a situation that resembles the vanishing gradient problem.
Because of these potential issues many improvements to the ReLLU nonlinearity have
been proposed to better deal with the case of negative outputs while keeping the
advantages of ReLLU.

Variations of the ReLLU activation function include the Leaky Rectified Linear Unit
(LReLU) [116] and its closely related Parametric Rectified Linear Unit (PReLU) [70]
and the Concatenated Rectified Linear Unit (CReLU) [159]. A common thread across
these variations is the introduction of modification to the ReLU operator such that
the negative part of the signal is taken into account. This strategy is motivated by
the observation that kernels learned at the initial layers of most ConvNets tend to
form negatively correlated pairs (i.e. filters that are 180 degrees out of phase). This
observation implies that the negative responses eliminated by the ReL U nonlinearity
are replaced by learning kernels of opposite phase. By replacing ReLLU with functions
capable of dealing with the negative signal, the authors were able to demonstrate that
a network designed to encode both parts of the signal leads to a better performance,

while reducing the number of parameters to be learned by removing redundancies.

Discussion

Overall, it is seen that biologically motivated models of neuronal activation functions

have become common practice in today’s convolutional network algorithms and are,
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in part, responsible for much of their success. Interestingly, the broad class of ReLLU
nonlinearities clearly became the most popular choice for the rectification stage from
a machine learning perspective. Notably, the choice of completely neglecting the
negative inputs (i.e. as done in ReLU) seems to be more questionable as evidenced
by the many contributions proposing alternatives to this choice [1 16, 70, 88, 29 ].

Motivated by these observations, which also are in consensus with some biologi-
cal findings [72], this dissertation proposes a rectification strategy which takes into
account both positive and negative parts of the signal as will be discussed in the

next chapter.

2.4.3 Normalization

Multilayer architectures are highly nonlinear due to the cascade of nonlinear opera-
tions that take place in these networks. In addition to the rectification nonlinearity
discussed in the previous section, normalization is another nonlinear block of pro-
cessing that plays a significant role in ConvNet architectures. The most widely used
form of normalization used in ConvNets is the so called Divisive Normalization or
DN (also known as local response normalization). This section sheds light on the role
of the normalization step and describes how it corrects for some of the shortcomings
of the previous two blocks of processing (i.e. Convolution and Rectification). Once
again the role of normalization will be discussed both from biological and theoretical

perspectives.
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Biological Perspective

Normalization was proposed early on by neurophysiologists to explain the phe-
nomenon of light adaptation in the retina [16] and was later extended to explain
the nonlinear properties of neurons in the mammalian visual cortex [72]. Indeed,
from a biological point of view, the need for a normalization step stems from two
main observations [73, 72|. First, although cells responses were proven to be stim-
ulus specific [80], it was also shown that cell responses can inhibit one another and
that there exists a phenomenon of cross-orientation suppression, where the response
of a neuron to its preferred stimuli is attenuated if it is superimposed with another
less effective stimuli [73, 17, 22]. Neither the linear models (i.e. in the convolu-
tion step) nor the different forms of rectification discussed in the previous section,
such as half-wave rectification proposed by computational neuroscientists, explain
this cross-orientation suppression and inhibition behavior. Second, while cell re-
sponses are known to saturate at high contrast, a model relying only on convolution
and unbounded rectifiers, such as ReLLU, will have values that keep increasing with
increasing contrast. These two observations suggested the need for a step that dis-
counts the responses of other stimuli in order to keep the specificity of each cell and
make it contrast invariant while explaining other inhibition behaviors of cells.

One popular model to deal with these issues includes a divisive normalization
block described mathematically as follows

. E
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where F; is the output of a squared, half wave rectified convolution operation, pooled
over a set of orientations and scales, j, and o? is a saturation constant that can be
chosen based on either one of two adaptation mechanisms [72]. In the first case, it
could be a different value for each cell learned from the cell’s response history. The
second possibility is to derive it from the statistics of the responses of all cells. This
divisive normalization scheme discards information about magnitude of the contrast
in favor of encoding the underlying image pattern in terms of relative contrast across
the input responses, Ej;, in the normalization operation, (2.3). Use of this model
seemed to provide a good fit to neuron responses of mammalian visual cortex [73]. Tt

was also shown that it explains well the cross-orientation suppression phenomenon

[17].

Theoretical Perspective

From a theoretical perspective, normalization has been explained as being a method
of achieving efficient coding when representing natural images [114]. In that work,
the normalization step was motivated by findings regarding the statistics of natural
images that are known to be highly correlated and for containing very redundant
information. In light of these findings, the normalization step was introduced with
the goal of finding a representation that minimizes statistical dependencies in images.
To achieve this goal a popular derivation (discussed thoroughly elsewhere [1 14, 113])
starts by representing images using a statistical model based on a Gaussian Scale
Mixture. Using this model and an objective function whose role is to minimize

dependencies, a nonlinearity is derived in the form of
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where z; and r; are the input and output images, respectively, while b, a; and ¢;

T (2.4)

are parameters of the divisive normalization that can be learned from a training
set. Notably, there exists a direct relationship between the definition of the divisive
normalization introduced to deal with redundancies and high order dependencies in
natural images, (2.4), and that suggested to best fit neuron responses in the visual

cortex, (2.3). In particular, with a change of variable where we set y; = z; — Z a;x;,

we see that the two equations are related, subject to the square root differejnce, by
an elementwise operation, (i.e. squaring, with E; = y?), and thereby both models
achieve the goal of maximizing independence while satisfying neuroscientific obser-
vations.

Another way of looking at normalization in ConvNets in particular is to consider
it as a way of enforcing local competition between features [33, |, similar to the
one taking place in biological neurons. This competition can be enforced between
adjacent features within a feature map through subtractive normalization or between
feature maps through divisive normalization operating at the same spatial locations
across feature maps. Alternatively, divisive normalization can be seen as a way of
minimizing sensitivity to multiplicative contrast variation [64]. It was also found, on
deeper network architectures, that divisive normalization was helpful in increasing
the generalization power of a network [95]. A concrete example illustrating the
competition across features enforced by divisive normalization is shown in Figure

2.5.
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Figure 2.5: An example of divisive normalization enforcing local competition across
feature maps. Two different feature maps, E;, are obtained by applying horizontally
and vertically oriented bandpass filters to the same input followed by a ReLU rec-
tification. Divisive normalization, (2.3), is then applied to yield new feature maps,
E;, which better highlight the horizontal and vertical lines in the input thanks to the
local competition across features.
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More recent ConvNets rely on a variation of divisive normalization, referred to as
batch normalization [156]. Batch normalization is another kind of divisive normaliza-
tion that takes into account a batch of the data to learn normalization parameters,

i.e. the mean and variance in the transformation

k) _ plp®)
2(k) — x—[:n], (2.5)
Var[z®)]
with E[z®] being the mini-batch mean calculated as E[z®] = L 37" 2, over the

m samples of the mini-batch, and Var[z™®)] is the variance of the same mini-batch
calculated as Var[z®] = LS (2, — E[lz®™])2,

Batch normalization was first introduced as an improvement to traditional di-
visive normalization with the ultimate goal of reducing the problem of internal co-
variate shift, which refers to the continuous change of the distribution of inputs at
each layer [150]. The changing scale and distribution of inputs at each layer implies
that the network has to significantly adapt its parameters at each layer and thereby
training has to be slow (i.e. use of a small learning rate) for the loss to keep de-
creasing during training (i.e. to avoid divergence during training). Therefore, batch
normalization was introduced to guarantee more regular distributions at all inputs.

This normalization strategy was inspired by general rules of thumb established
for efficient training of ConvNets. In particular, for good generalization performance
in ConvNets it is common practice to enforce that all training and testing set samples
have the same distribution (i.e. through normalization). For example, it has been

shown that networks converge faster when the input is always whitened [100, 83].

Batch normalization builds on this idea by considering that each layer can be con-
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sidered as a shallow network. Therefore, it would be advantageous to make sure that
the inputs keep the same distribution at each layer and this constraint is enforced
by learning the distribution of the training data (using mini-batches) and using the
statistics of the training set to normalize each input. More generally, it is also impor-
tant to remember that, from a machine learning perspective, such a normalization
scheme can also make features easier to classify. For example, if two different inputs
induce two different outputs, they are more easily separable by a classifier if the
responses lie within the same range and it is therefore important to process the data
to satisfy this condition.

In comparison, batch normalization is somewhat similar to divisive normalization
in the sense that they both make the scale of the inputs at each layer similar. How-
ever, divisive normalization normalizes the values for each input by dividing it by all
other inputs at the same location within the same layer. Batch normalization, on the
other hand, normalizes each input with respect to the statistics of the training set
at the same location (or, more accurately, the statistics of a mini-batch containing
examples from the entire training set). The fact that batch normalization relies on
the statistics of a training set may explain the fact that it improves the generalization
power of the representation.

One problem with batch normalization is its dependence on the mini-batch size:
It might not properly represent the training set at each iteration, if it is chosen to be
too small; alternatively, it can have the negative effect of slowing down training, if
it is too big (i.e. since the network has to see all training samples under the current

weights to calculate the mini-batch statistics).
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Discussion

Generally, most of the biologically driven studies investigating the role of divisive
normalization show that models that include it provide good fits to neural data (e.g.
[72,73, 17, 22]). More theoretically driven approaches start from the goal of reducing
redundancies in the input as well as bringing it to the same scale, even while casting
the problem under different forms. Indeed, while early proposals of divisive normal-
ization, e.g. [114], explicitly cast the problem as a redundancy reduction problem,
newer proposals, such as batch normalization [156], are also implicitly enforcing this
operation through whitening of the data at each layer.

Overall, the common thread across the contributions discussed in this subsection
is the fact that they all agree on the important role of normalization in improving
the representational power of multilayer architectures and this point will be further

demonstrated in this dissertation.

2.4.4 Pooling

Virtually any ConvNet model, be it biologically inspired, purely learning based or
completely hand-crafted, includes a pooling step. The goal of the pooling operation
is to bring a level of invariance to changes in position and scale as well as to aggregate
responses within and across feature maps. Similar to the three building blocks of
ConvNets discussed in the previous sections, pooling is also supported by biological
findings as well as more theory driven investigations. The major debate when it
comes to this layer of processing in convolutional networks is on the choice of the

pooling function. The two most widely encountered variations are average and max
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pooling. This section explores the advantages and shortcomings of each and discusses

other variations as described in related literature.

Biological Perspective

From a biological perspective, pooling is largely motivated by the behavior of cortical
complex cells [30, , 73, 21]. In the seminal work of Hubel and Wiesel [30], it was
found that, similar to simple cells, complex cells are tuned to specific orientations. As
opposed to simple cells, however, complex cells exhibit a level of position invariance.
They suggest that this result is achieved through some sort of pooling in which the
responses of simple cells tuned to the same orientation are pooled across space and/or
time.

Some of the early biologically inspired convolutional networks, e.g. Fukushima’s
Neocognitron [59] and the original LeNet network [100], relied on average pooling.
Here, average pooling is defined as taking the average response over some support
region in the input. In these efforts, average pooling followed by sub-sampling is
largely motivated by the findings of Hubel and Wiesel and it is used to decrease
the network’s sensitivity to position changes. On the other hand, the HMAX [1415]
class of networks (e.g. [157, , , 85]) rely on max pooling instead. Here, max
pooling is defined as taking the maximum response over some support region in the
input. Supporters of the max pooling strategy claim that it is more plausible when
the input to the pooling operator is a set of Gabor filtered images (i.e. the typical
model for simple cells). In fact, the authors argue that while a Gaussian scale space

(i.e. similar to weighted average pooling) reveals new structures at different scales
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when applied to a natural image, it causes features to fade away when applied to a
Gabor filtered image.

The behavior of complex cells can also be viewed as a type of cross-channel pool-
ing, which is in turn another method of injecting invariances into the representation.
Cross channel pooling is achieved through the combination of outputs from various
filtering operations at a previous layer. This idea was realized via max pooling across
channels at the second layer of a network, where the output of orientation tuned units
at the previous layer are pooled across orientations to keep the response of only the
maximally responding unit at each spatial position [125].

More recent work investigating center-surround connections in the visual cortex
advocates for the presence of similar cross channel connections but across responses
tuned for the same orientations [I19]. These kinds of connections have been used
in the modeling of some recurrent architectures, thereby showing their relevance for

complex tasks involving grouping [91] and segmentation [107].

Theoretical Perspective

Pooling has been a component of computer vision representational pipelines for some
time, e.g. [110, 34, 98, 59, 20, , |, with the goal of introducing some level of
invariance to image transformations and better robustness to noise and clutter. From
a theoretical perspective, probably one of the most influential works discussing the
importance and role of pooling was Koendrink’s concept of locally orderless images
[92]. This work argued in favor of pooling whereby the exact position of pixels

within a Region Of Interest (ROI), i.e. a pooling region, can be neglected even while
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conserving the global image structure. Currently, virtually all convolutional archi-
tectures include a pooling block as part of its processing stages. As with biologically
motivated models, more theory driven approaches typically employ either average or
max pooling.

Most of the early convolutional architectures relied on average pooling, e.g. [59,

], but it has slowly fallen out of favor in many learning based convolutional
architectures and been replaced by max pooling. This trend has been mainly driven
by small differences in performance. However, the role of pooling in a network
is significant and needs more careful consideration. In fact, early work exploring
pooling demonstrated that the type of pooling plays such a significant role in a
ConvNet architecture that even an otherwise randomly initialized network yielded
competitive results on object recognition, provided appropriate pooling was used [3].
In particular, this work compared average and max pooling and demonstrated that
with a randomly initialized network average pooling yields superior performance.

Other work more systematically compared average and max pooling empirically
and suggested that there exists a complementarity between the two types of pooling
[155]. Yet other work considered the question from a purely theoretical perspective,
examining the effect of average versus max pooling on the separability of extracted
features [15]. The common conclusions across these efforts imply that ConvNets
can benefit from using more than one pooling option throughout the architecture
depending on the input type and the transformations it undergoes. For example,
both of these efforts argue that max pooling is more suitable when the pooled features

are very sparse (e.g. when pooling is preceded by a ReLU).
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More in line with the approach proposed in this dissertation, recent work ap-
proaching their network’s design from a purely theory based perspective, e.g. Scat-
Net [18, ], rely on a form of average pooling. In particular, such networks rely
on a weighted sum pooling operation. These approaches tackle the pooling problem
from a frequency domain point of view; therefore, their choice of average pooling is
motivated by a desire to keep track of the frequency content of the signal. Aver-
age pooling allows these networks to act on different frequencies at each layer while
downsampling the images to increase invariance and reduce redundancies. At the
same time their controlled approach to specifying pooling parameters allows them
to avoid aliasing during the pooling operation.

Another type of pooling that gained popularity in the world of ConvNets is so
called cross-channel pooling, shown in Figure 2.6. Here, pooling is advocated as
a regularization technique that allows for varying the network’s structure during
training as well as for reducing potential redundancies [63, 105]. This pooling strategy
was first introduced as a way to deal with overfitting and correct for the over-complete
representation of ConvNets [105] . In particular, due to the large number of kernels
used at each layer, it was noticed that many networks often end up learning redundant
filters after training. Therefore, cross-channel pooling was introduced to reduce
redundancies at each layer by training the network to learn which feature maps to
combine either using a weighted linear combination [105] or by setting the output to
the maximum across k feature maps on a channelwise basis [63]. Due to the large
number of parameters and repeated operations, this type pooling plays a key role

and will be investigated as a way to deal with overcomplete representation in this
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Figure 2.6: Illustration of the pooling operation applied (left) within vs. (right)
across feature maps.

dissertation.

It is also worth mentioning under this section one last type of pooling, referred to
as global pooling, which takes pooling to its extreme by aggregating measurements
across the entire input domain. Global pooling has been used in some prominent
ConvNet models in an effort to deal with more practical issues relevant to ConvNet
architecture design [69, 105]. For example, it is known that standard ConvNets rely
on convolutional layers for feature learning/extraction and fully connected layers
followed by a softmax for classification. However, fully connected layers entail the
use of a large number of parameters and are thereby prone to overfitting. Many
methods were introduced to deal with overfitting induced by fully connected layers,
perhaps the most widely used of which is dropout [95]. However, an arguably more
elegant way that fits naturally in a convolutional framework is called global average
pooling [105]. It simply relies on aggregating the last layer features across the entire
feature map support. Another practical consideration for the use of global average

pooling is to alleviate the need for using fixed size inputs across an entire dataset to
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fit the fully connected layer’s requirement, as was done in SPP-Net [69].

Finally, although various pooling operations have been successfully used in dif-
ferent ConvNet architectures as discussed throughout this section, it is important
to note here that more recent architectures, known as capsule networks [152], argue
strongly against the pooling operation. In that work, it is argued that pooling leads
to the loss of important information regarding the relative position of extracted fea-
tures with respect to each other and it is therefore not included in the more recent

capsule based architectures.

Discussion

Overall, pooling should be viewed as a way to summarize information from multi-
ple feature measurements into a compact form that preserves the important aspects
of the signal while discarding details. Traditionally, the default functions used in
pooling have relied on either the average or max operators. However, several in-
vestigations revealed a certain complementary between the two showing that more
parameters should be taken into account when choosing the pooling operation. Due
to such observations, recent research has been pushing to extend the idea of train-
ing to include learning the pooling functions and their parameters. However, this
direction entails an increase in the number of parameters to be learned and thereby
more chances of overfitting. Importantly, this approach is to be taken with caution,
as it would likely further obscure our knowledge and understanding of the learned
representations. In complement, pooling parameters can be specified on a theoretical

basis for cases where previous stages of processing have adequate analytic detail and
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this tack is supported throughout this dissertation.

2.5 Summary and Discussion

This chapter has documented the progress made in understanding ConvNets’ out-
standing performance, which also is the main motivation for this dissertation. While
several of the techniques discussed here are taking good steps to shed light on Con-
vNets’ operations, they all leave open critical questions that remain to be answered.
In fact, the review on the different techniques that aim at explaining ConvNets
revealed that the most widely adopted approach relies on visualizations. However,
one of the biggest flaws of visualization based techniques is the fact that they reduce
understanding of a complex and highly nonlinear model to a small set of images
that are open to various potential interpretations. Notably, these visualizations vary
according to the adopted technique (e.g. dataset-centric vs. network-centric) and
usually also depend on the architecture under consideration as well as the training
strategy [10], and more importantly, their interpretation also is highly subjective.
Considering ablation studies, while they allow for isolating parts of a network
to identify components responsible for better performance, it is difficult for them
to elucidate what a network learned as they try to explain ConvNets’ highly in-
tertwined components in isolation. More importantly, in their current application,
ablation studies typically are simply used as ways to glean a few percentage points
in performance without really adding value from an understanding point of view.

Although there are flaws in both visualization and ablation studies approaches
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to understanding ConvNets, they still shed some light on ConvNet shortcomings,
such as the redundancies in the learned filters (e.g. [159]) and importance of certain
nonlinearities (e.g. [33, 25]). These insights were in turn used in more controlled ap-
proaches to ConvNet realization that are less reliant on data, and more importantly,
less obscure (e.g. [18, , 81, 81]). Those same insights were also used as points of
departure for the work presented in this dissertation.

Notably, more controlled approaches to network design are emerging as a promis-
ing direction for future research as they lend deeper understanding of the operations
and representations that these systems employ relative to purely learning based ap-
proaches. In turn, they also have the potential to support more rigorous performance
bounds based on their precise system specifications. Here interesting ways forward

include the following.

e Controlled design of a network’s building blocks as well as the network archi-
tecture itself (e.g. number of layers or filters per layer) via analysis of the input
signal properties (e.g. the frequency content of the signal). This method can
help adapt the architecture’s complexity to the application. Understanding a
signal’s properties as it is processed is the backbone of defining a network in

this dissertation and will be discussed thoroughly in Chapter 3.

e Accompanying controlled approaches to network realization with systematic
studies of other aspects of ConvNets that usually receive less attention due
to the focus on learned parameters. Examples include investigation of various
pooling strategies. The analytical approach to network design proposed in this

dissertation allows for such a systematic analysis as will be shown in Chapters
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4,5 and 7.

Theory driven adaptation of the network’s design to the peculiarities of a task
instead of relying on blind learning. An example for this approach is provided

in Chapter 6 of this dissertation.

Progressively fixing network parameters and analyzing impact on a network’s
behavior. For example, fixing convolutional kernel parameters (based on some
prior knowledge of the task at hand) one layer at a time to analyze the suit-
ability of the adopted kernels at each layer. This progressive approach has the
potential to shed light on the role of learning and can also be used as an ini-
tialization to minimize training time. This approach is investigated in Chapter

7 of this dissertation.
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Chapter 3

An Analytically Defined ConvINet

3.1 Introduction

Chapter 2 introduced ConvNets, highlighted their shortcomings and discussed promi-
nent attempts at understanding ConvNets. That review places the contributions of
the present work in the realm of methods that seek to understand ConvNets via con-
trolled design of their building blocks. This chapter describes the proposed learning
free approach and details the building blocks of the resulting analytically defined

ConvNet.

3.1.1 Motivation

The challenge of extracting useful information (e.g. objects, materials and environ-
mental layout) from images has led to incremental recovery of progressively more ab-

stracted representations. Convolutional networks (ConvNets) provide an interesting
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contemporary example of this hierarchical paradigm yielding state-of-the-art results
on a range of classification and regression tasks, e.g. [99, , , 12]. While such
learning-based approaches show remarkable performance, the exact nature of their
representations often remains unclear and they typically rely on massive amounts of
training data. Deeper theoretical understanding should lessen dependence on data-
driven design, which is especially important when training data is limited. In re-
sponse, this dissertation explores a more controlled approach to network realization.
In particular, a small vocabulary of theory motivated, analytically defined filtering
operations are repeatedly cascaded to yield hierarchical representations of input im-
agery. Although the same operations are applied repeatedly, different information is
extracted at each layer as the input changes due to the previous layer’s operations.
Since the primitive operations are specified analytically, they do not require training

data and the resulting representations are readily interpretable.

3.1.2 Related Work

As was discussed in Chapter 2, previous work pursuing controlled approaches to
hierarchical network realization variously relied on biological inspiration and analytic
principles. Here, we provide a succinct summary of research most related to the
present work.

Most biologically-based approaches mimic the multilayered architecture of the
visual cortex with cascades of simple and complex cells [145, , 85]. Variations of
this underlying approach consider different learning strategies at higher layers [181,

, 0], wavelet based filters [76], feature sparsification [79, , 125], optimizations
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of filter parameters [181, 120] and different pooling strategies [79]. Typically, these
approaches still use learning and leave open questions regarding the theoretical basis
of their designs.

More theoretically driven approaches typically focus on network architecture op-
timization, e.g. the number of filters/layer or the number of learned weights [100, 53].
Other work makes use of predetermined filters at all layers, as learned via PCA [21]
or over a basis of 2D derivatives [¢1]. Two commonalities appear across these ef-
forts. First, they address only a single aspect of their architecture, while assuming
all others are fixed. Second, they rely on learning in optimization.

More closely related to the present work is ScatNet [18]. This network is rig-
orously defined to increase invariance to signal deformations via hierarchical con-
volution with filters of different frequency tunings. In its restricted application to
2D spatial images, ScatNet bases its design on optimization with respect to 2D in-
variances. In contrast, the present approach considers 3D spacetime images, which
leads to a spatiotemporal orientation analysis for extracting varying dynamic sig-
nal properties across levels, including invariance maximization via a multiscale net-
work. Moreover, while the present approach analytically specifies the number of
filters/layer, ScatNet’s choice of wavelets limits it from analytically specifying the

number of filters/layer, which instead are chosen empirically.

3.1.3 Contributions

In the light of previous work, the contributions of the present research are as fol-

lows. 1) A novel processing network, based on a repeated spatiotemporal oriented
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energy analysis, is presented where the layers interact via a recurrent connection so
the output feeds back to the input. The resulting multilayer architecture systemati-
cally reveals the hierarchical structure in its input. Exposed properties progress from
simple and local to abstract and global across layers, but are always interpretable in
terms of the network’s explicit design. 2) At every layer, extracted feature maps are
combined via cross-channel pooling to yield coherent groups based on the employed
filters. This innovation constrains the representation dimensionality while maintain-
ing interpretability and high discriminating power. 3) Every stage of processing in
the network is designed based on theoretical considerations. While the developed
approach is not being advocated as a model of biological visual processing, ties to
biology are established where relevant. This design approach removes the need for
a learning phase, which is not always feasible, e.g., when confronted with modest

datasets.

3.2 Technical Approach

The proposed network architecture is designed to capture spatiotemporal image
structure across multiple layers of processing as shown in Figure 3.1. The input to
the system is a three-dimensional, x = (x,%,t)", spacetime volume, V(x), and the
output is a volume of feature maps, F'(x), that capture the spatiotemporal structure.
Each processing layer, L, is comprised of a sequence of four stages: convolution,
rectification, normalization and pooling. A key novelty of the approach is the re-

peated filtering, whereby the final processing stage of each layer (pooling) feeds back

50



Input 4’[ Convolution H Rectification ]
t

Volume

[ Pooling |

v

7

Normalization ]

Figure 3.1: Overview of the SOE-Net architecture. The same set of operations are
repeatedly applied via a recurrent connection; however, different information, F', is
extracted at each pass as the input changed due to the operations of the previous
pass. Here, the different colored blocks correspond to different feature maps, E,
extracted after the normalization block and obtained from filtering with different
filters at various orientations, 6;, and scales, o;.
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to the initial processing stage (convolution) to yield a subsequent layer of processing,
Ly 1. The entire process is repeated K times, after which the energy remaining in
the signal about to be fed back through has essentially vanished. The final output
of the network, F(x), is the set of feature maps extracted at the K" layer. Notably,
feature maps extracted after each layer can be used depending on the task at hand.
Each layer in the network corresponds to Spatiotemporal Oriented Energy filtering
[180]; therefore, the network is dubbed SOE-Net [(1].

3.2.1 Repeated Filtering

Key to the success of multilayer architectures is their ability to extract progressively
more abstract attributes of their input at each successive layer and thereby yield
a powerful data representation. As a simple example, a degree of shift-invariance
emerges via linear filtering, followed by nonlinear rectification and pooling: The exact
position of the extracted features becomes immaterial across the pooling support. A
similar interpretation becomes more subtle, however, as the entire filter-rectify-pool
block of operations is repeated, especially when using learned filters.

Consider the simple example of Figure 3.2. The left side depicts a sinusoidal
spatial pattern alternately moving rightward and staying static across time. On
the right, the same spatial pattern is moving rightward behind a similarly textured
static picket fence. An initial stage of directional (motion) filtering cannot extract
the difference in the overall dynamic behavior of the two patterns. However, further
directional filtering that operates on the output of the initial layer of filtering can

detect the overall patterns and thereby allows for making the distinction between the
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Figure 3.2: Emergence of abstract features via repeated filtering. (Left) Input syn-
thetic sinusoidal pattern alternately moves right (orientation along z-t diagonal)
and stays static (orientation parallel to time axis). (Right) Same pattern moving
right behind a static picket fence with same spatial pattern (i.e. background motion
viewed between the spaces in a stationary picket fence). SOE-Net is used with fil-
ters tuned to Rightward motion, Static (no motion) and Flickering (pure temporal
change). Layer 1 captures the local rightwardly moving and static portions; but not
the more abstract alternating temporal move-stop pattern of the left input, nor the
fact that the right input maintains the same spatially interleaved moving and static
stripes. Indeed, measurements aggregated over the volumes (shown as histograms on
the right) are the same at this layer. The difference is revealed at Lo after applying
the same filters on the R response of Ly: The move-stop behavior of the left texture
becomes explicit and yields a large F response. In contrast, the constant rightward
motion and picket fence of the right texture yield a large S response. In practice,
more directional filters are applied at each layer; see Section 3.2.2.
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two different dynamic textures. More generally, this example shows how powerful
features can emerge across multiple layers of processing: The exposed properties
progress from simple and local to abstract and global. A more detailed description
of the example provided in Figure 3.2 as well as other real life examples can be found
in Appendix A.

Motivated by these observations, the proposed SOE-Net is designed to extract
progressively more abstract representations of the input signal at each layer, while
maintaining interpretability. To achieve these ends, repeated filtering is employed
via a recurrent connection, whereby the output of layer L4, denoted as Ly, feeds
back to the initial convolutional stage (i.e. convolution with the same filter set) to
yield a subsequent layer of processing, L;.;1. Since the processing at each layer is
defined precisely (see following subsections), it will be interpretable. Also, since it is
applied repeatedly, abstraction emerges. This process is depicted in Figure 3.3 with

an unfolded recurrence, and symbolized as

L1 = Liia (Ly) (3.1)

with Ly = £, (V(x)). Interestingly, biological models have advocated that similar
processing (termed Flilter — Rectify — Filter) takes place in visual cortex to deal

with higher-order image structures [9].
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Figure 3.3: Unfolding the SOE-Net recurrent connection. Local spatiotempo-
ral features at various orientations are extracted with an initial processing layer,
L. C-R-N-S indicate Convolution, Rectification, Normalization and Spatiotemporal
pooling, as detailed in Secs. 3.2.2, 3.2.3, 3.2.4 and 3.2.5, resp., while R and L indicate
rightward vs. leftward filtered data, resp., with symbol strings (e.g. LR) indicating
multiple filterings. A network with only 2 filters (i.e. 2 orientations) is shown for
illustration. Each of the feature maps at layer Ly is treated as a new separate signal
and fed back to layer L;;1 to be convolved with the same set of filters but at a
different effective resolution due to spatiotemporal pooling.

3.2.2 Convolution

Convolution serves to make local measurements revealing salient properties of its
input. Given a temporal sequence of images, local spatiotemporal orientation is of
fundamental descriptive power, as it captures the 1%-order correlation structure of

the data irrespective of the underlying visual phenomena [0, 180, 36]. Also, such
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measures provide a uniform way to capture spatial appearance and dynamic proper-
ties of the underlying structure. Spatial patterns (e.g. static texture) are captured
as the filters are applied within the image plane. Dynamic attributes of the pattern
are obtained by filtering at orientations extending into time.

Based on the above theoretical motivations, in this work convolution is designed
to extract local measurements of multiscale, spatiotemporal orientation. Still, hav-
ing committed to convolution that captures spatiotemporal orientation, a variety of
options exist for specifying an exact set of filters, e.g. Gabor, lognormal, wavelet
or Gaussian derivatives. Here, Gaussian derivative filters are selected for two main
reasons cf. [H8]. First, for any given order of Gaussian derivative, a set of basis fil-
ters that allow synthesis of the response at an arbitrary orientation can be specified.
This property makes it possible to set the exact number of filters used at each layer
on a theoretical basis, rather than experiments or learning. Second, these filters are
separable, which provides efficient implementation. In particular, 3D Gaussian 3"9-
order derivative filters are used, G%(@i, 0;), with 6; and o; denoting the 3D filter
orientation and scale, resp. Given an input spacetime volume, V' (x), a set of output

volumes, C'(x;6;,0;), are produced as

C(x;0;,05) = G8(6:,0,) * V(x), (3.2)

with * denoting convolution. Since 37- order Gaussian filter are used, M = 10 filters
are required to span the space of orientations [58]. The directions, 6, are chosen to
uniformly sample 3D orientations as the normals to the faces of an icosahedron, with

antipodal directions identified. The number of scales, o, is determined by the size of
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the spacetime volume to be analyzed; details are provided in Section 4.2.2.

3.2.3 Rectification

The output of the convolutional stage, C'(x;6;, o), is comprised of positive and neg-
ative responses. Both indicate a contrast change along the direction of the oriented
filters and hence structure along that direction. It is therefore interesting to keep
the distinction between the two responses. Also, in anticipation of the subsequent
pooling stage of processing, it is critical to perform some type of rectification. Oth-
erwise, the pooling across positive and negative responses will attenuate the signal.
By squaring the individual responses, it is possible to consider the results in terms
of spectral energy, e.g. [I80]. Based on these considerations, the present approach
makes use of a nonlinear operation that splits the signal into two paths, as depicted
in Figure 3.4: The first path carries the positive responses, while the second carries
the negative responses, both of which are pointwise squared to relate to spectral
energy measurements to yield
Et(x;0;,05) = (max[C(x; Qi,aj),O])Q (3:3)
B~ (x;6;,0;) = (min[C(x; 6, 0,), 0])° |
Interestingly, biological findings suggest a model for cortical simple cells that
includes a nonlinearity in the form of two half wave rectifications that treat the
positive and negative outputs in two different paths [72]. Similarly, recent ConvNet

analysis also revealed that learned filters tend to form pairs with opposite phases

[159].
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Figure 3.4: Mlustration of the employed two-path rectification.

Beyond physical interpretation (signed energy) and relation to biology, use of
the squaring function at this stage is advantageous as it allows for keeping track of
the frequency content of the processed signal (i.e. doubling the maximum frequency
present). This information plays an important role in specifying the pooling stage
parameters, detailed below. Given that the following processing stages treat the
two paths in the exact same way, in the remainder of this dissertation the + and —

superscripts will be suppressed when referring to energy measurements, E(x;6;,0;).

3.2.4 Normalization

Owing to the bandpass nature of the filtering used in the convolutional stage, (3.2),
the responses are invariant to overall additive brightness offsets. Still, the responses
remain sensitive to multiplicative contrast variations, i.e. the filter response increases
with local contrast independent of local orientation structure. Moreover, the re-

sponses after rectification, (3.3), are unbounded from above, which makes practical
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signal representation challenging. Divisive normalization is a way to correct for these
difficulties. Significantly, it also serves to lessen statistical dependencies present in
natural images via signal whitening [111]. Therefore, the next stage operates via
pointwise division of the rectified measurements by the sum over all orientations to

yield
. E(x:0: o
B(xif.0)) = el
S B f.0,) 4 ¢

m=1

(3.4)

Here, € serves as a noise floor and to reduce numerical instabilities. It is specified
as the standard deviation of the energy measurements across all orientations. Once
again, it is interesting to note that biological modeling of visual processing have em-
ployed a similar divisive normalization, including use of a signal adaptive saturation
constant [72]. Finally, note that features captured at this layer, E (x;0;,0,), are mea-
sures of Spatiotemporal Oriented Energy [180, 36]; therefore, the overall network is

named SOE-Net.

3.2.5 Pooling

Two pooling mechanisms are employed to achieve the desired level of abstraction.
First, spatiotemporal pooling is performed following a frequency decreasing path.
Thus, the same set of filters in the convolution block operate on lower spatiotemporal
frequencies at each subsequent layer thereby revealing new information from the
originally input signal. Second, the feature maps extracted for each layer are linearly
combined, through cross-channel pooling, to capture more complex structures at

each layer while preventing the number of feature maps from exponential increase.
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3.2.5.1 Spatiotemporal Pooling

Spatiotemporal pooling serves to aggregate normalized responses, (3.4), over space-
time. Aggregation provides for a degree of shift invariance in its output, as the exact
position of a response in the pooling region is abstracted. In SOE-Net, spacetime
pooling is implemented via low-pass filtering with a 3D Gaussian, G3p(7), followed
by downsampling, |, (-), where 7 is the standard deviation and 7 is the sampling
period,

Si(x:0:,07) =1 <G3D(fy) x B(x: 6, Jj)) . (3.5)

Here, a key question is how to specify the pooling parameters, v and 77 Typ-
ical ConvNets rely on heuristic choices, as their learning based approach does not
yield enough theoretical insight for a formal answer. In contrast, since the signal
properties of the present architecture have been specified precisely, these parameters
can be specified analytically. First, applying a 3"%- order Gaussian derivative filter,
Gg, with zero mean and standard deviation, o, in the convolution stage greatly
attenuates frequencies w, > %g (i.e. a factor of ~3 beyond the central frequency).
However, given the frequency doubling effect from the squaring in the rectification
stage, consideration must instead be given to n = 2w, as the effective cut-off fre-
quency. Correspondingly, it is appropriate to select the low-pass filter of the pooling
stage with a cut-off frequency w; = an , with 0 < a < 1 to ensure operations on
lower spatiotemporal frequencies at each layer. This implies taking v = % (i.e.

approximating the cut off frequency to be ~3 standard deviations away from the

central frequency).
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To avoid aliasing in downsampling, the sampling theorem is used such that
ws > 2an. Correspondingly, the sampling period is 7 = 62—’:,0 < f < 1. In im-
plementation, a conservative 8 = 0.5 is employed. Notably, use of low-pass filtering

with decreasing frequencies guarantees an energy decay from layer Ly to layer Liiq.

3.2.5.2 Cross-Channel Pooling

Cross-channel pooling serves to aggregate pooled responses, (3.5), across feature
maps. Figure 3.3 unfolds the recurrence to illustrate how once all features maps
from layer L£; have gone separately through the recurrence, the number of feature
maps, Si, for each scale, o;, used in the convolution block is M k_ This situation is
unsatisfactory for two reasons. First, it fails to capture the emergence of common
attributes across feature maps that result from applying the same filter orientation,
0;, to the inputs from L;_;. Second, there is potential for explosion of the represen-
tation’s size as many layers are cascaded. Both of these concerns can be dealt with
by pooling across all feature maps from L that result from filtering with a common
orientation, as illustrated in Figure 3.5.

To formalize pooling across feature maps, recall that beyond the very first layer,
each Sy, derives from input that was itself parameterized by an orientation, #¥~1, from
filtering at the previous layer, £;_;. This dependence is now captured explicitly
by extending its parameterization to Sk(x;6;,0;,60% ). This extension allows the

desired cross-channel pooling to produce the final output of £ as

1

Lk(X; eiao-j) = M Sk(X; 91’70-%01];_1)' (36)
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Figure 3.5: Overview of the employed cross-channel pooling.

In implementation this operation is realized as a 1 x 1 x M convolution with an
averaging kernel. Note that the summation holds vacuously at the very first layer of
processing.

Theoretically, (3.6) can be seen as an oriented energy generalization of the con-
struction for derivatives of multivalued images c¢f. [38, 154, 119], but is novel in the
current context of oriented energy processing. In particular, given a multivalued

function f(x) = [f1(x), ..., far(x)]" with x = (1, ...,2x)" and defining

GC=> Vi)V fu(x), (3.7)

a measure of change along ¥ is given as v' Gv. Note that letting ¥ = &;, with &; the

unit vector along x;, yields

M

olGe = S (Ymye (3.5)

— 6@

Comparatively, in (3.6) the multivalued function is just the set of feature maps
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obtained from a previous layer, L£;_1, that has been differentially filtered and squared
in the convolution and rectification blocks, resp. Thus, Ly(x;6;,0,) captures the
energy along direction 6; taken across the multivalued Sy(x;6;, 05, 051).
Conceptually, the cross-channel pooling, (3.6), produces a set of M feature maps
(one for each filter orientation, #) that capture the amount of structure present in
the previous layer at that orientation, irrespective of the source (i.e. irrespective
of a particular feature map at the previous layer). This approach thereby yields
immediate insight into the nature of the representation, in contrast to alternative
approaches that rely on random cross-channel combinations, e.g. [105]. Reflecting
back on the motivating examples, Figure 3.2, the proposed processing was used to

generate the feature maps, yielding exactly the desired abstractions.

3.3 Summary and Discussion

In summary, this chapter has presented a novel hierarchical spatiotemporal network
for the representation of visual spacetime based on three key ideas. First, a multilayer
repeated filtering architecture is employed. Second, design decisions have been theo-
retically motivated without relying on learning or other empirically driven decisions.
Third, in addition to adding insight into convolution, rectification, normalization
and spatiotemporal pooling, a novel cross-channel pooling has been introduced that
keeps the representation compact while maintaining representational clarity.

The proposed analytical approach has a number advantages in comparison to

most ConvNets. The recurrent architecture systematically exposes hierarchical space-
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time image structure that is understandable in terms of multiorientation, multiscale
properties. The theoretically driven design further makes the operation of each stage
of processing easy to understand. Further, by eschewing learning, the approach does
not rely on training data. In contrast to the current approach, the operation of
learning based ConvNets often remains opaque, even in the presence of strong per-
formance. Moreover, by eschewing parameter learning, the present approach does not
rely on massive amounts of training data and attendant need for extensive compu-
tational resources. Indeed, due to the limitations of learning all system parameters,
typical networks make use of many heuristic choices in their design (e.g. number of
layers and filters). In contrast, these choices are theoretically based in the present
approach.

Owing to the proposed processing architecture’s ability to systematically extract
hierarchical structure in a sample of visual spacetime (e.g. a video), it has potential to
serve as the representational substrate for a variety of visual spacetime understanding
tasks. Two illustrative examples will be provided in Chapters 4 through 6. Further,
the role of learning in conjunction with this analytically defined framework will be

explored in Chapter 7.
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Chapter 4

Application 1: Dynamic Texture

Recognition

4.1 Introduction

Chapter 3 introduced the backbone of this dissertation, which consists of an analyt-
ically defined spatiotemporal ConvNet architecture that is referred to as SOE-Net.
This chapter validates the benefits of the proposed architecture in the context of

dynamic texture recognition.

4.1.1 Motivation

Visual texture, be it static or dynamic, is an important scene characteristic that
provides important information for segmentation into coherent regions and iden-

tification of material properties. Moreover, it can support subsequent operations
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involving background modeling, change detection and indexing. Correspondingly,
much research has addressed static texture analysis for single images (e.g. [106, 28,

, , ]). In comparison, research concerned with dynamic texture analysis
from temporal image streams (e.g. video) has been limited (e.g. [64, 141, 186, 142]).

The relative state of dynamic vs. static texture research is unsatisfying because
the former is as prevalent in the real world as the latter and it provides similar
descriptive power. In fact, many commonly encountered patterns are better described
by global dynamics of the signal rather than individual constituent elements. For
example, it is more perspicuous to describe the global motion of the leaves on a
tree as windblown foliage rather than in terms of individual leaf motion. Further,
given the onslaught of video available via on-line and other sources, applications of
dynamic texture analysis may eclipse those of static texture.

The goal of this chapter is to tackle the challenge of dynamic texture recogni-
tion using the analytically defined ConvNet architecture introduced in Chapter 3 to

evaluate its representational power on a relatively simple yet important task.

4.1.2 Related Work

Although dynamic texture has not been as heavily researched as its static counter-
part, it nevertheless has received some attention from the vision community and the
major contributions tackling this problem are reviewed here.

Broadly speaking, representations used for the task of dynamic texture recogni-
tion can be largely categorized into learned vs. hand-crafted. Those in the former

category rely on either autoregressive [168] or Linear Dynamical Systems (LDS)
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[153]. The more recent trends of research falling under this category, typically rely
on LDS with dictionary learning. Variants of this general framework either propose
different clustering strategies [113, | or different dictionary learning approaches
[67, , ]. The main downside of such approaches is the fact that they are
strongly tied to the learning process. Therefore, such methods are bound to fail at
representing more complex dynamics if they haven’t been previously seen during the
learning phase.

In contrast, hand-crafted approaches to dynamic texture analysis typically eschew
modeling the underlying dynamical system in favor of more directly encoding the
spacetime signal with an attempt to balance discriminability and generalizability.

Such approaches can be subcategorized according to methods treating each frame of

the sequence as a static texture [60, 186], using 3D Local Binary Patterns [194, 144],
reliance on optical flow [139, | and building more directly on spatiotemporal
filtering [30, , 86, , A1]. This last approach is most akin to the work presented

in this dissertation, as it also has at its core the application of spatiotemporal filters
to data streams. In contrast, the proposed approach exploits repeated application of
such filters and combination of their outputs at each layer to extract progressively

more abstract information.

4.1.3 Contributions

In light of previous research, the contributions of this chapter are as follows. 1)
The Spatiotemporal Oriented Energy Network (SOE-Net), resulting from the ana-

lytically defined framework introduced in Chapter 3 is used as a novel approach to
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representation and recognition of dynamic textures (DTs). 2) The task of dynamic
texture recognition is used to validate the role of each building block of SOE-Net
via a detailed ablation study. 3) In empirical evaluation on standard datasets, the
system achieves superior performance to virtually all previously available alterna-
tive DT recognition approaches. 4) The results of the empirical evaluation are used
to identify the shortcomings in the area of DT recognition, which subsequently are

addressed in Chapter 5.

4.2 Technical Approach

4.2.1 Dynamic Texture Recognition Using SOE-Net

The SOE-Net representation, F'(x;6;,0;), extracted after K iterations over SOE-
Net’s recurrent connection, provides a rich hierarchical description of visual space-
time in terms of multiscale spatiotemporal orientation. As such, it has potential
to serve as the representational substrate for a wide variety of spacetime image un-
derstanding tasks (e.g. segmentation, tracking and recognition). As an illustrative
example, dynamic texture (DT) recognition is considered here.

For the specific application of dynamic texture recognition, each input spacetime
volume, V' (x), to be recognized is taken to contain a single pattern. Therefore, the
pointwise extracted feature maps, F'(x;6;,0;), can be aggregated over a region, €2,

that covers the entire spacetime texture sample to be classified to yield a global
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feature vector,

F(0;,05) =Y F(x;0;,05). (4.1)

x€Q
The resulting global feature vector is normalized to yield the overall descriptor
F (6;,0;). To compare the feature distributions of an input query to database entries,
the Bhattacharyya coefficient is used, as it provides a principled way to compare two
normalized distributions kept as histograms.

Notably, while previous work made use of spatiotemporal oriented energies for
dynamic textures [30], it differs from the current work in five significant ways. First
and foremost, previous work did not use repeated filtering, (3.1), for hierarchical
abstraction of image structure. Second, it marginalized appearance information so
that it did not capture purely spatial structure and therefore was less able than
the current approach to capitalize on both appearance and dynamics. Third, it did
not separate the opposite phase responses in rectification, (3.3). Fourth, it did not

employ multiple scales, o, (3.2). Fifth, no cross-channel pooling was involved in

previous work, while it has a key role in the current work, (3.6).

4.2.2 Implementation Details

Convolution with the Gaussian 3" derivatives, (3.2), is realized with separable 13-
tap filters, with M = 10 orientations/scale and o = 1. Multiscale filtering is realized
by applying the same filters across levels of a Gaussian pyramid, with factor of 2
subsampling between levels. The number of scales, |o|, is chosen automatically to

avoid undue border effects depending on the size of the input spacetime volume: The
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coarsest scale is the last such that the filter can fit entirely within the corresponding
pyramid level. Unless otherwise noted, this constraint yields |o| = 2 for all datasets
considered in the empirical evaluation, except Dyntex++ where |o| = 1 due to the
very small size of its videos (50 x 50 x 50). Similarly, the number of iterations over
the network, (3.1), i.e. the number of layers, K, is stopped when the spatiotemporal
support of the signals to be fed back through the recurrence is less than or equal
to the filter size; see Section 4.3 for specifics by dataset. Due to the cross-channel
pooling, (3.6), the output of the convolution block starting from layer 2 is always
M? x |o| feature maps. Also, because the proposed rectification strategy, (3.3), splits
the results of each convolutional block into 2 paths, the effective number of feature
maps after the rectification block is doubled at each layer. Therefore, the dimension,
Dy, of feature vectors extracted after the normalization block of the K™ layer is

Dy = M? x |o| x 2K.

4.3 Empirical Evaluation

In this section, the task of dynamic texture recognition is used to analyze SOE-Net’s
representational power in detail. Later, in Chapter 5, the same task will be used
to analyze SOE-Net in comparison to the currently most popular learning based
spatiotemporal ConvNets.

SOE-Net is evaluated here according to standard protocols on two standard dy-
namic texture datasets, YUVL [30] and Dyntex [I10]. Prior to the work in this
dissertation, YUVL was the largest DT dataset with 610 sequences partitioned in

two different ways. The first partition (basic-level or YUVL1) uses all 610 sequences
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and groups them into 5 classes based on the number of spacetime orientations present
in any given sequence. The second partition (subordinate-level or YUVL2) further
subdivides three of the basic level categories to 6 sub-categories based on the spe-
cific spacetime orientation present in each sequence. This breakdown uses only 509
sequences from the full dataset. In the present evaluation, a third breakdown of the
dataset (YUVL3) is considered where two classes neglected in YUVL2 are reinstated
in order to use all 610 sequences divided into 8 different classes. Dyntex is used in
its 5 main variations: Dyntex-35 has 35 classes with 10 sequences/class [193]; Dyn-
tex-++ has 36 classes with 100 sequences/class [60]; Alpha, Beta and Gamma have
60, 162 and 275 sequences, divided into 3, 10 and 10 classes, resp [11].

The same protocol is used for all datasets. Feature vectors from the last layer
of SOE-Net are input to a Nearest-Neighbor (NN) classifier using the leave-one-
out procedure [153, 30, ]. Although NN is not state-of-the-art as a classifier,
it is appropriate here where the goal is to highlight the discriminative power of
the features without obscuring performance via use of more sophisticated classifiers.
Still, for completeness and fair comparison to previous work, results also are reported

using Nearest Class Center (NCC) and SVM classifiers in Section 4.3.3.

4.3.1 Component-Wise Validation

SOE-Net’s theory based component specifications are now validated empirically. Pri-
marily, classification accuracy on YUVL is used for this goal, as it was the largest
available prior to this dissertation work and is well organized according to pattern

dynamics.
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4.3.1.1 Convolution

The theoretical basis for use of multiscale, spatiotemporally oriented filters, in gen-
eral, and Gaussian derivative filters, in particular, was given in Section 3.2.2. Nev-
ertheless, a choice remains regarding the order of the derivative used. Table 4.1
compares 2" 3" and 4*"-order Gaussian derivatives, in terms of classification ac-
curacy, while using a single layer and scale of SOE-Net. The results show Gé?})) as the
best performer. This choice provides the right balance between tuning specificity and
the numerical stability of relatively low-order filtering. In light of these observations,

all subsequent results rely on 3"%-order Gaussian derivatives.

SOE-Net (3D)

Table 4.1: Comparison of 24, 374 4 order Gaussian derivatives. In this and all
tables of results in this dissertation, bold font is used to indicated top performance.

Also, one could question the benefit of 3D filtering that captures temporal infor-
mation in recognizing dynamic textures over 2D filtering that captures only spatial
appearance. Thus, a 2D version of SOE-Net is used as a baseline comparison. Fur-
ther, a 2D state-of-the-art hand crafted network, originally proposed for 2D texture
analysis, ScatNet [18] is compared. In both cases, 2D frames are supplied to the 2D
networks. Table 4.2 shows the decided advantage of 3D over 2D filtering for dynamic

texture recognition.
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YUVL1 | YUVL2 | YUVL3

ScatNet (2D) [18] | 68.7 69.7 64.8
SOE-NET (2D) 64.0 70.1 60.8
SOE-Net (3D) | 95.6 | 91.7 | 91.0

Table 4.2: Benefits of 3D vs. 2D filtering.

4.3.1.2 Multiple Layers and Scales

Table 4.3 documents the benefits of multiscale filtering, (3.2), at each level of the
proposed network as well as those of multiple layers, (3.1). The results show that
addition of multiple layers and scales consistently improve classification accuracy,
with an increase ranging from ~ 2% to ~ 6% in going from a single layer and scale to
multiple layers and scales. Significantly, the combined multiscale, multilayer results
also outperform the best results previously presented on this dataset of 94% and 90%
for YUVL1 and YUVL2, respectively [36]. (There are no previously reported results
on YUVL3.) These results highlight the pivotal role of the recurrent connection in
the proposed network that allows it to decompose the input signal to reveal novel
information across scales and layers.

Notably, the network instantiation applied to YUVL is limited to 2 layers and
scales due to the small spatiotemporal extent of some sequences in the dataset; see
Section 4.2.2 for how dataset extent determines layers and scales. Based on these
results, all SOE-Net results presented in the remainder of this chapter are based on
feature vectors formed through the concatenation of the last layer’s output at all

scales.
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YUVLI1 YUVL2 YUVL3
Scl Sc2 [Se1,Sc2]|Sel Sc2 [Sel,Sc2]|[Scl Sc2 [Scl, Sc?2
Layer 1 | 91.1 87.5 92.9 90.2 85.3 90.9 84.6 80.8 86.2
Layer 2 | 94.3 919 95.6 89.0 88.2 91.7 86.7 86.9 91.0
Bl | - - 94.0 E 90.0 B -

Table 4.3: Classification accuracy on the YUVL dataset using SOE-Net with mul-
tiple layers and scales. Here, Sc 1 and Sc 2 refer to Scale 1 and Scale 2, respectively.

4.3.1.3 Two Path Rectification

Next, the advantage of the proposed two path rectification, (3.3), is evaluated. Com-
parison is made to two alternative rectification approaches: 1) full wave rectification,
where the positive and negative signals are combined as its input signal is simply
pointwise squared; 2) ReLU rectification, where only the positive part of its input
signal is retained. Table 4.4 shows the benefit of the proposed rectification approach.
It is seen that not only is there value of not neglecting one signal component (i.e.
full-wave outperforms ReLU), but moreover additional benefit comes from keeping

the positive and negative components separate, which suggest their complementarity.

YUVL1 | YUVL2 | YUVL3
Full Wave Rectification 94.2 90.3 89.3
Positive Path (ReLU) 94.2 89.4 88.4
Two Paths 95.6 91.7 91.0

Table 4.4: Benefits of the proposed two path rectification approach.

4.3.1.4 Normalization

Normalization, (3.4), serves to increase invariance to contrast changes. To docu-
ment this advantage, an instantiation of SOE-Net without the normalization block

is compared. The results in Table 4.5 clearly demonstrate the usefulness of this step.
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YUVL1 | YUVL2 | YUVL3
No Normalization 90.6 87.2 82.8
With Normalization 95.6 91.7 91.0

Table 4.5: Benefits of the normalization step.

4.3.1.5 Spatiotemporal Pooling

The theoretical basis for use of a Gaussian filter in spatiotemporal pooling was given
in Section 3.2.5. Here, this choice is validated through comparison to two alternative
pooling approaches [33]: 1) the Gaussian filter is replaced with a simple boxcar filter;
2) the more widely used max pooling is considered. Table 4.6 shows the benefit of the

proposed spatiotemporal pooling approach that outperforms other pooling strategies

by at least 4%.

YUVL1 | YUVL2 | YUVL3
boxcar filter 91.7 87.3 87.0
max pooling 91.6 87.4 85.7
Gaussian filter 95.6 91.7 91.0

Table 4.6: Benefits of the used spatiotemporal pooling approach.

4.3.1.6 Cross-Channel Pooling

SOE-Net’s novel cross-channel (CC) pooling plays a pivotal role in keeping the di-
mensionality manageable. Table 4.7 compares the size of the feature vectors with
and without CC-pooling for |¢| = 1. Note that dimensionality reduction does not
occur until layer 3, as final feature vector output occurs prior to where CC-pooling
would apply and is vacuous at level 1; see Section 3.2.5. To examine the impact of

such striking dimensionality reduction on classification, SOE-Net is compared with
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L1 | L2 L3 L4 L5
SOE-Net (a) | 20 | 400 | 8000 | 160000 | 3200000
SOE-Net (b) | 20 | 400 | 800 | 1600 3200

Table 4.7: Feature dimensions (a) without vs. (b) with CC-pooling.

and without CC-pooling. Here, a dataset with spatiotemporal size big enough to
support 3 layers is needed, as it is the point where dimensionality reduction becomes
apparent. Also, comparing beyond layer 3 is not computationally feasible due to
dimensionality explosion without CC-pooling, even though it is reasonable with CC-
pooling, as done in Sections 4.3.2 and 4.3.3. Since the spatial dimensions of YUVL
only support up to layer 2, two variations of Dyntex (Beta and Dyntex_35) are used
here. Significantly, on both datasets accuracy of SOE-Net with vs. without CC-
pooling is comparable, i.e. 97.7% vs. 96.8% on Dyntex_35 and 95.7% vs. 95.1% on
Beta, although the feature vectors extracted using CC-pooling are an order of mag-
nitude smaller. These results show that CC-pooling keeps network size manageable

while maintaining high discriminating power.

4.3.2 Comparison to a Learned 3D ConvNet

It is interesting to compare the performance of SOE-Net to a learning based 3D Con-
vNet. For this comparison C3D [169] is used for 3 main reasons. 1) C3D is a popular
3D ConvNet trained end-to-end using 3D filters only without any pre-processing of
the input volumes (e.g. to extract optical flow). This architecture makes it the most
similar trained network to SOE-Net that also relies on 3D convolutions on the raw

input volumes. 2) This pre-trained network has shown state-of-the-art performance,
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without any fine tuning, on a variety of tasks, including action recognition, object
recognition and dynamic scene classification, which is similar to dynamic texture
recognition. Indeed, C3D is advocated as a general feature extractor for video analy-
sis tasks without fine tuning (see Sec. 3.3 in [169]). 3) It is not feasible to fine tune a
network with any of the available DT datasets prior to this dissertation due to their
very limited size. Therefore, alternative ConvNets that require such data for fine
tuning prior to testing could not be compared in a meaningful fashion with previ-
ously extant datasets. However, a new dataset introduced in this dissertation allows
for such experiments and detailed comparisons will be presented later in Section 5.4.

For this experiment, C3D features are extracted (FC-6 activations as specified
in [169]) for all versions of the YUVL and Dyntex, except Dyntex++, which is
discarded as the small size of its videos (50 x 50 x 50) precludes application of C3D.
For experiments with the considered Dyntex versions, the relatively large size of the
sequences makes it possible to push SOE-Net to 3 layers on Dyntex_35 and to 5 layers
on Alpha, Beta, Gamma. The results in Table 4.8 show that SOE-Net outperformed
C3D on the majority of cases (five out of seven). The larger performance gaps

between SOE-Net and C3D on the different variations of the YUVL dataset are of

particular note, especially given that SOE-Net uses only 2 layers on YUVL.

YUVL1 | YUVL2 | YUVL3 | Alpha | Beta | Gamma | Dyntex_35
C3D [169] 88.0 89.8 85.5 100 | 96.3 95.0 96.3
SOE-Net 95.6 91.7 91.0 98.3 | 96.9 93.6 97.7

Table 4.8: Comparison of SOE-Net features versus C3D features.
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Significantly, design of YUVL was motivated by interest in building a true dy-
namic texture dataset. Therefore, YUVL groups patterns based on their dynamics,
rather than their static (i.e. single frame) appearance. For example, Figure 4.1
shows frames from four videos belonging to the same category in YUVLI (dominant
motion). These videos are grouped as they all contain a unique dominant motion
direction, even though they look different in a single frame,i.e. their commonality is
revealed through observing them as temporal sequences. Thus, relative performance
on YUVL suggests that SOE-Net is more able to capitalize on dynamic information
than C3D. This aspect of C3D is further investigated using the proposed DTDB
dataset in Section 5.4. Further, SOE-Net either outperforms or is on par with C3D
on datasets that group dynamic textures with more emphasis on visual appearance,
i.e. Dyntex, suggesting that SOE-Net is able to capitalize on appearance information
as well. Overall, these results show that SOE-Net can capture rich, discriminative
information, be it dynamic or static appearance, without reliance on extensive and

costly training.

humans statues bicycles

Figure 4.1: Examples of spacetime textures in the YUVL1 dataset that belong to
the same category (i.e. dominant motion).
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4.3.3 Dynamic Texture Recognition State-of-the-art

Comparison now is made to state-of-the-art approaches designed for dynamic tex-
ture recognition using the currently most widely used DT datasets (i.e. various
breakdowns of Dyntex, as YUVL has received notably less attention). In partic-
ular, SOE-Net is compared to 4 learning based [60, , 67, | and 5 hand-crafted
[185, , , 80, 41] DT descriptors. Following previous research using Dyntex
[185, , , 86, 41, |, evaluation is performed variously using SVM, Nearest
Class Center (NCC) and Nearest Neighbor (NN) classifiers. For SVM, the same
protocol used in previous research is followed, whereby 50% of samples per category
are used for training and the rest for testing.

Table 4.9 shows that SOE-Net outperforms all other approaches on the Alpha,
Beta and Gamma datasets, with sizable margins between ~ 9 — 19% using SVM.
Using NCC, SOE-Net outperforms all other methods by at least 10%. Overall, these
results speak decisively for the high discriminative power of SOE-Net’s descriptors.

Similarly, on Dyntex++ SOE-Net extracts stronger features than all hand-crafted
methods, achieving an accuracy that is 4.5% higher than previous state-of-the-art
approach [185]. Also, under SVM, SOE-Net is on par with state-of-the-art learning
based method, with only marginal difference (= 0.3%). Moreover, using a NN classi-
fier SOE-Net outperforms all other methods, with an accuracy of 95.6% (results not
shown in table, as not reported by others). These results again confirm the discrim-
inative power of the proposed representation. Notably, due to the extremely small
size of the Dyntex+-+ videos, SOE-Net was restricted to only a single scale and 2

layers on this particular dataset.
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Alpha Beta Gamma Dyntex_35 | Dyntex+-+
Method SVM | NCC | SVM | NCC | SVM | NCC | NN | NCC SVM
[60] - - - - - - - - 63.7
. [123] - - - - - 98.6 - -
Learning-based [67] ) ) ) ) ) ] ) 92.8
[112] 87.8 | 86.6 | 76.7 | 69.0 | 74.8 | 64.2 | 99.0 | 97.8 94.7
[185] 84.9 | 83.6 | 76.5 | 65.2 | 74.5 | 60.8 - 97.6 89.9
[184] 82.8 - 75.4 - 73.5 - - 96.7 89.2
Hand-crafted [36] - - - - - - - 96.5 88.8
[194] 83.3 - 73.4 - 72.0 - - 97.1 89.8
[11] - 85.0 - 67.0 - 63.0 - - -
SOE-NET | 96.7 | 96.7 | 95.7 | 86.4 | 92.2 | 80.3 | 97.7 | 93.1 94.4

Table 4.9: Comparison to state-of-the-art methods on dynamic texture recognition.

Finally, on Dyntex_35 SOE-Net performs slightly worse than state-of-the-art us-
ing the NN classifier (a difference of ~1.3%); however, the difference is greater using
the NCC classifier. Interestingly, closer examination of these results reveals that con-
fusions typically occur between slightly different views of the same physical process,
which naturally yield visually very similar dynamic textures. Other confusions arise
from different physical processes, which happen to yield similar visual appearances.
Figure 4.2 shows examples. Overall, the fact that these are the types of confusions
made by the network suggests an ability to generalize across viewpoint, which ar-

guably is more important than ability to make fine grained distinctions between

viewpoints during texture classification as well as other recognition tasks.
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steam1-clupl steam2-clup2 waterboil2-clup curly-hair

(Q) (N) (Q) (N)

Figure 4.2: Misclassification examples on Dyntex_35 using NCC. (Q) is the query
class. (N) is the nearest class in the database.

4.4 Summary and Discussion

In summary, this chapter presented the second contribution of this dissertation where
the principal goal was to validate the capabilities of the analytically defined Con-
vNet (SOE-Net) introduced in Chapter 3. First, the role and advantage of each
of the analytically defined building blocks of SOE-Net were empirically validated
in comparison to popular alternatives used in the field. In addition, the benefits
of SOE-Net as a spacetime representational substrate were shown with application
to the task of dynamic texture recognition, where it extends state-of-the-art on all
previously available datasets. Finally, the study performed in this chapter shed light
on a major shortcoming in the study of dynamic textures in the ConvNets era. This
shortcoming consists in lack of a reasonably sized dataset to allow for an in-depth
analysis of learning based architectures. This shortcoming will be addressed in the

work presented in the next chapter.
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Chapter 5

A New Large Scale Dynamic

Texture Database

5.1 Introduction

Chapter 4 provided an in depth analysis of SOE-Net’s building blocks with appli-
cation to dynamic texture recognition. However, it remains interesting to evaluate
the capabilities of SOE-Net in the face of other more standard learning based ar-
chitectures. This comparison was not previously possible given the lack of datasets
supporting the use of learning based ConvNets for the task of dynamic textures.
This chapter addresses this shortcoming via introduction of a large dual organiza-
tion dataset for dynamic texture recognition that allows for detailed analysis of the

representational power of various networks, including SOE-Net.
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5.1.1 Motivation and Related Work

Dynamic texture research has received relatively less attention compared to its static
counterpart. Dynamic texture research has been hindered by a number of factors. A
major issue is lack of clarity on what constitutes a dynamic texture. Typically, dy-
namic textures are defined as temporal sequences exhibiting certain temporal statis-
tics or stationary properties in time [153]. In practice, however, the term dynamic
texture is usually used to describe the particular case of image sequences exhibiting
stochastic dynamics (e.g. turbulent water and windblown vegetation). This obser-
vation is evidenced by the dominance of such textures in the popular UCLA [153]
and DynTex [1410] datasets. A more compelling definition describes dynamic texture
as any temporal sequence that can be characterized by the same aggregate dynamic
properties across its support region [36]. Hence, under this definition, the dominant
dynamic textures in UCLA and DynTex are the subclass of textures that exhibit
stochastic motion. Another concern with definitions applied in extant datasets is
that the classes are usually determined by appearance, which defeats the purpose
of studying the dynamics of these textures. The only dataset that stands out in
this regard is YUVL [36], wherein classes were defined explicitly in terms of pattern
dynamics.

The other major limiting factors in the study of dynamic textures are lack of
size and diversity in extant datasets. Table 5.1 documents the benchmark datasets
used in dynamic texture recognition. It is apparent that these datasets are small
compared to what is available for static texture (e.g. [27, 32, 131]). Further, limited

diversity is apparent, e.g. in cases where the number of sequences is greater than
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Dataset Variations #Videos | #Sequences #Frames #Classes
Alpha [11] 60 60 >140K 3
Beta [11] 162 162 >397K 10
DynTex [110] Gamma [11] 264 264 >553K 10
DynTex-35 [193] 35 350 >8K 35
DynTex++ [60] 345 3600 >17K 36
UCLA-50 [153] 50 200 15K 50
UCLA-9 [60] 50 200 15K 9
UCLA [153] UCLA-8 [113] 50 92 >6K 8
UCLA-T7 [37] 50 400 15k 7
SIR [37] 50 400 15K 50
YUVLI [30] 610 610 >65k 5
YUVL [30] YUVL2 [30] 509 509 >55k 6
YUVL3 [61] 610 610 >65k 8
Appearance >9K >9K >3.1 million 45
DTDB [65] Dynamics >10K >10K >3.4 million 18
Table 5.1: Comparison of the new DTDB dataset with other dynamic texture

datasets.

the number videos, multiple sequences were generated as clips from single videos.
Diversity also is limited by different classes sometimes being derived from slightly
different views of the same physical phenomenon. Moreover, diversity is limited in
variations that have a small number of classes.

Over the past few years, increasingly larger sized datasets (e.g. [151, 197, 90]) have
driven progress in computer vision, especially as they support training of powerful
ConvNets (e.g. [99, , 71]). For video based recognition, action recognition is the
most heavily researched task and the availability of large scale datasets (e.g. UCF101
[164] and the more recent Kinetics [23]) play a significant role in the progress being
made. Therefore, large scale dynamic texture datasets are of particular interest to

support use of ConvNets in this domain. Also, as previously mentioned, in addition

to describing a dynamic texture based on its appearance, it also is an application
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which allows for a characterization that is purely based on the inherent dynamics of a
sequence independently of a single frame’s appearance. These complementary ways of
describing a dynamic texture make it an especially suitable task to analyze the ability

of a given representation to capture dynamic as well as appearance information.

5.1.2 Contributions

In response to the above noted state of the affairs, the contributions of this chapter
are as follows. 1) A new large scale dynamic texture dataset that is two orders
of magnitude larger than any available is presented. At over 10,000 videos, it is
comparable in size to UCF101 [164] that has played a major role in advances to ac-
tion recognition. 2) Two complementary organizations of the dataset are provided.
The first groups videos based on their dynamics irrespective of their static (single
frame) appearance. The second groups videos purely based on their visual appear-
ance. For example, in addition to describing a sequence as containing car traffic,
the description is complemented with dynamic information that allows making the
distinction between smooth and chaotic car traffic. Figure 5.1 shows frames from
the large spectrum of videos present in the dataset and illustrates how videos are
assigned to different classes depending on the grouping criterion (i.e. dynamics vs.
appearance). 3) The new dataset is used to explore the representational power of
different spatiotemporal ConvNet architectures, including the proposed SOE-Net.
In particular, the dataset is used for an analysis that examines the relative abil-
ities of architectures that directly apply 3D filtering to input videos [169, 61] vs.

two-stream architectures that explicitly separate appearance and motion informa-
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tion [162, 49]. The two complementary organizations of the same dataset allow for
uniquely insightful experiments regarding the capabilities of the algorithms to ex-
ploit appearance vs. dynamic information. 4) As a byproduct of the availability of
a large scale dynamic texture dataset, the analysis of learning based ConvNets is
complemented with a novel learning based two-stream architecture that yields supe-
rior performance to more standard two-stream approaches on the dynamic texture

recognition task. Further utility of the new dataset is documented in Appendix B.
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Figure 5.1: Sample frames from the proposed Dynamic Texture DataBase (DTDB)
and their assigned categories in both the dynamics and appearance based organiza-
tions.
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Figure 5.2: Thumbnail examples of the different appearance based dynamic textures present in the new
DTDB dataset.
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5.2 The Dynamic Texture DataBase (DTDB)

The new dataset, Dynamic Texture DataBase (DTDB) [(5], constitutes the largest
dynamic texture dataset available with > 10,000 videos and =~ 3.5 million frames. As
noted above, the dataset is organized in two different ways with 18 dynamics based
categories and 45 appearance based categories. Figure 5.1 illustrates how videos are
assigned to different classes depending on the grouping criterion (i.e. dynamics vs.
appearance). Table 5.1 compares the new dataset with previous dynamic texture
benchmarks showing the significant improvements compared to alternatives. The
videos were collected from various sources, including the web and various handheld
cameras, which helps ensure diversity and large intra-class variations. Figure 5.2 pro-
vides thumbnail examples from the entire dataset. The remainder of this subsection

provides details on the specification and construction of DTDB.

5.2.1 Dynamic Category Specification

The dataset was created with the main goal of building a true dynamic texture
dataset where sequences exhibiting similar dynamic behaviors are grouped together
irrespective of their appearance. Previous work provided a principled approach to
defining five coarse dynamic texture categories based on the number of spatiotempo-
ral orientations present in a sequence [30], as given in the left column of Table 5.2.
In the present work that enumeration is used as a point departure, but the original
categories are further subdivided to yield a much larger set of 18 categories, as given

in the middle column of Table 5.2. Note that the original categories are subdivided
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in a way that accounts for increased variance about the prescribed orientation distri-
butions in the original classes. For example, patterns falling under dominant orienta-
tion (i.e. sequences dominated by a single spacetime orientation) were split into five
sub-categories: (1) Single Rigid Objects, (2) Multiple Rigid Objects, (3) Smooth
Non-Rigid Objects, (4) Turbulent Non-Rigid Objects and (5) Pluming Non-Rigid
Objects, all exhibiting motion along a dominant direction, albeit with increasing
variance (cf. [97]); see Figure 5.3 for a visual example. At an extreme, the original
category Isotropic does not permit further subdivision based on increased variance
about its defining orientations, because although it may have significant spatiotem-
poral contrast, it lacks in discernible orientation(s), i.e. it exhibits isotropic pattern
structure. See Appendix B for more examples of all categories and a more detailed

accompanying discussion.
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Original YUVL categories DTDB categories

Name/Description Name/Description Example sources
Aperture Problem conveyor belt, barber pole
Underconstrained spacetime orientation || | Blinking blinking lights, lightning
Flicker fire, shimmering steam
Single Rigid Object train, plane
Multiple Rigid Objects smooth traffic, smooth crowd
Dominant spacetime orientation } | Smooth Non-Rigid Objects faucet water, shower water
Turbulent Non-Rigid Objects geyser, fountain
Pluming Non-Rigid Objects avalanche, landslide
Rotary Top-View fan, whirlpool from top
Rotary Side-View tornado, whirlpool from side
. . . . . Transparency translucent surfaces, chain link fence vs. background
Multi-dominant spacetime orientation || | .
Pluming smoke, clouds
Explosion fireworks, bombs
Chaotic swarming insects, chaotic traffic
Waves wavy water, waving flags
Heterogeneous spacetime orientation J Turbulence boiling liquid, bubbles
Stochastic windblown leaves, flowers
‘ Isotropic H + ‘ Scintillation ‘ TV noise, scintillating water ‘

Table 5.2: Dynamics based categories in the DTDB dataset. A total of 18 different categories are defined by
making finer distinctions in the spectrum of dynamic textures proposed originally in [36]. Subdivisions of the
original categories occur according to increased variance (indicated by arrow directions) about the orientations
specified to define the original categories; see text for details. Appendix B provides more examples and a
more detailed discussion.
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Dominant Motion

Bt

‘ Single Rigid Object ‘ Multiple Objects ‘ Smooth Non-Rigid ‘ Turbulent Non-Rigid ‘ Pluming Non-Rigid ‘

Figure 5.3: Example of the finer distinctions made within dynamic textures falling
under the broad dominant motion category. Note the increased level of complexity
in the dynamics from left to right. See Appendix B for more examples.

5.2.2 Keywords and Appearance Categories

The definition of appearance categories derived from a reconsideration of the dynamic
categories. For each category, a list of scenes, objects and natural phenomena that
could contain or exhibit the desired dynamic behavior was brainstormed and their
names were used as keywords for subsequent web search. To obtain a large scale
dataset, an extensive list of English keywords were generated and augmented with
their translations to various languages: Russian, French, German and Mandarin.
A visualization of the generated keywords and their frequency of occurrence across
all categories is represented as a wordle [2] in Figure 5.4. To specify appearance
categories, 45 of the keywords were selected, which taken together covered all the
dynamics categories. This approach was possible, since on-line tags for videos are
largely based on appearance. The resulting appearance categories are given as sub-

captions in Figure 5.2.
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Figure 5.4: DTDB keywords wordle. Bigger font size of a word indicates higher
frequency of the keyword resulting in videos in the dataset.

5.2.3 Video Collection

The generated keywords were used to crawl videos from YouTube [5], Pond5 [3]
and VideoHive [1]. In doing so, it was useful to specifically crawl playlists. Since
playlists are created by human users or generated by machine learning algorithms,
their videos share similar tags and topics; therefore, the videos crawled from playlists
were typically highly correlated and had a high probability of containing the dynamic
texture of interest. Finally, the links (URLs) gathered using the keywords were

cleaned to remove duplicates.

5.2.4 Annotation

Annotation served to verify via human inspection the categories present in each
crawled video link. This task was the main bottleneck of the collection process and

required multiple annotators for good results. Since the annotation required label-
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ing the videos according to dynamics while ignoring appearance and vice versa, it
demanded specialist background and did not lend itself well to tools such as Me-
chanical Turk [1]. Therefore, two annotators with computer vision background were
hired and trained for this task.

Annotation employed a custom web-based tool allowing the user to view each
video according to its web link and assign it the following attributes: a dynamics-
based label (according to the 18 categories defined in Table 5.2), an appearance-based
label (according to the 45 categories defined in Figure 5.1) and start/end times of
the pattern in the video. Each video was separately reviewed by both annotators.
When the two main annotators disagreed, a third annotator (also with computer
vision background) attempted to resolve matters with consensus and if that was not
possible the link was deleted. Following the annotations, the specified portions of all

videos were downloaded with their labels.

5.2.5 Dataset Cleaning

For a clean dynamic texture dataset, a decision was made that the target texture
should occupy at least 90% of the spatial support of the video and all of the temporal
support. Since such requirements are hard to meet with videos acquired in the wild
and posted on the web, annotators were instructed to accept videos even if they did
not strictly meet this requirement. In a subsequent step, the downloaded videos were
visually inspected again and spatially cropped so that the resulting sequences had at
least 90% of their spatial support occupied by the target dynamic texture. To ensure

the cropping did not severely compromise the overall size of the texture sample, any
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video whose cropped spatial dimensions were less than 224 x 224 was deleted from
the dataset. The individuals who did the initial annotations also did the cleaning.
This final cleaning process resulted in slightly over 9000 clean sequences. To
obtain an even larger dataset, it was augmented in two ways. First, relevant videos
from the earlier DynTex [110] and UCLA [153] datasets were selected (but none
from YUVL [30], so that it could be reserved for transfer learning experiments),
while avoiding duplicates; second, several volunteers contributed videos that they
recorded (e.g. with handheld cameras). These additions resulted in the final dataset
containing 10,020 sequences with various spatial supports and temporal durations

(5-10 seconds).

5.2.6 Dynamics and Appearance Based Organization

All the 10,020 sequences were used in the dynamics based organization with an av-
erage number of videos per category of 556 + 153. However, because the main focus
during data collection was dynamics, it was noticed that not all appearance based
video tags generated enough appearance based sequences. Therefore, to keep the
dataset balanced in the appearance organization as well, any category containing less
than 100 sequences was ignored in the appearance based organization. This process
led to an appearance based dataset containing a total 9206 videos divided into 45 dif-
ferent classes with an average number of videos per category of 205+95. The DTDB

dataset is available for download at: http://vision.eecs.yorku.ca/research/dtdb/
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5.3 Spatiotemporal ConvNets Evaluated

There are largely two complementary approaches to realizing spatiotemporal Con-
vNets. The first works directly with input temporal image streams (i.e. video), e.g.
[87, 90, |. The second takes a two-stream approach, wherein the image informa-
tion is processed in parallel pathways, one for appearance (RGB images) and one for
motion (optical flow), e.g. [162, , 19]. SOE-Net, as defined in Chapter 3, is an
example of the first type of approach, albeit one that is learning free. For the sake of
comparison under DTDB, an additional straightforward exemplar is considered for
each class that previously has shown strong performance in spatiotemporal image
understanding. In particular, C3D [169] is used as an example of working directly
with input video and Simonyan and Zisserman Two-Stream [162] as an example of
splitting appearance and motion at the input. In addition, a novel two-stream archi-
tecture that is designed to overcome limitations of optical flow in capturing dynamic
textures is considered in the proposed evaluation. It is worth noting here that SOE-
Net has shown state-of-the-art performance on dynamic texture recognition with
previously available datasets, as shown in Section 4.3. Importantly, in selecting this
set of four ConvNet architectures to compare, it is important to remember that the
goal here is not to compare details of the wide variety of instantiations of the two
broad classes considered, but more fundamentally to understand the relative power
of the single and two-stream approaches. In the remainder of this section, a brief
outline of the compared alternatives to SOE-Net is provided, while additional details

are provided in Appendix B.
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5.3.1 C3D

C3D [169] works with temporal streams of RGB images. It operates on these images
via multilayer application of learned 3D, (z,y,t), convolutional filters. It thereby
provides a fairly straightforward generalization of standard 2D ConvNet processing
to image spacetime. This generalization entails a great increase in the number of
parameters to be learned, which is compensated for by using very limited spacetime
support at all layers (3 x 3 x 3 convolutions). Consideration of this type of ConvNet
allows for evaluation of the ability of integrated spacetime filtering to capture both

appearance and dynamics information.

5.3.2 Two-Stream

The standard Two-Stream architecture [162] operates in two parallel pathways, one
for processing appearance and the other for motion. Input to the appearance path-
way are RGB images; input to the motion path are stacks of optical flow fields.
Essentially, each stream is processed separately with fairly standard 2D ConvNet
architectures. Separate classification is performed by each pathway, with late fu-
sion used to achieve the final result. Consideration of this type of ConvNet allows
evaluation of the two streams to separate appearance and dynamics information for

understanding spatiotemporal content.
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5.3.3 MSOE-two-stream

Optical flow is known to be a poor representation for many dynamic textures,
especially those exhibiting decidedly non-smooth and/or stochastic characteristics
[10, 36]. Such textures are hard for optical flow to capture as they violate the as-
sumptions of brightness constancy and local smoothness that are inherent in most
flow estimators. Examples include common real-world patterns shown by wind blown
foliage, turbulent flow and complex lighting effects (e.g. specularities on water). An
illustrative example with a fireworks sequence is provided in Figure 5.5, showing the
inability of the optical flow representation to capture motion information in such
settings. Thus, various alternative approaches have been used for dynamic texture
analysis in lieu of optical flow [20].

A particularly interesting alternative to optical flow in the present context is ap-
pearance Marginalized Spatiotemporal Oriented Energy (MSOE) filtering [30]. This
approach applies 3D, (x,y,t), oriented filters to a video stream in order to extract
the various spacetime orientation present in any given sequence, while not relying on
any strong assumptions as is the case for optical flow. As a result this representation
is more amenable to representing complex spacetime patterns. To provide an exam-
ple, the MSOE representation is used to extract dynamics from the same fireworks
sequence used earlier. Figure 5.6 shows how to MSOE representation is better able
to capture the various dynamic information present in the sequence. In addition, the
MSOE representation relies on 3D spacetime convolutions as its core operation and
thereby fits naturally in a convolutional architecture. Also, its appearance marginal-

ization abstracts from purely spatial appearance to dynamic information in its output
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Fireworks Extracted optical flow

Figure 5.5: Sample optical flow fields extracted from a fireworks sequence.

Fireworks Extracted MSOE channels

Figure 5.6: Sample MSOE channels capturing 10 directions of motion (only 3 shown
here) extracted from the same fireworks sequence.

and thereby provides a natural input to a motion-based pathway. Correspondingly,
as a novel two-stream architecture, we replace input optical flow stacks in the motion
stream with stacks of MSOE filtering results. Otherwise, the two-stream architecture
is the same, including use of RGB frames to capture appearance. The hypothesis
here is that the resulting architecture, MSOE-two-stream, will be able to capture
a wider range of dynamics in comparison to what can be captured by optical flow,

while maintaining the ability to capture appearance.

5.4 Empirical Evaluation

The goals of the proposed dataset in its two organizations are two fold. First, it
can be used to help better understand strengths and weaknesses of spatiotemporal

ConvNets and thereby guide decisions in the choice of architecture depending on
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the task at hand. Second, it can serve as a training substrate to advance research
on dynamic texture recognition, in particular, and an initialization for other related
tasks, in general. Correspondingly, from an algorithmic perspective, this empirical
analysis aims at answering the following questions: 1) Are spatiotemporal ConvNets
able to disentangle appearance and dynamics information? 2) What are the relative
strengths and weaknesses of popular architectures in doing so? 3) What representa-
tions of the input data are best suited for extracting strong representations of image
dynamics?

Additional analysis addressing questions from the dataset’s perspective is pro-

vided in Appendix B.

5.4.1 What Are Spatiotemporal ConvINets Better at Learn-

ing? Appearance vs. Dynamics
5.4.1.1 Experimental Protocol

For training purposes each organization of the dataset is split randomly into training
and test sets with 70% of the videos from each category used for training and the
rest for testing. The C3D [169] and standard two-stream [162] architectures are
trained following the protocols given in their original papers. The novel MSOE-two-
stream is trained analogously to the standard two-stream, taking into account the
changes in the motion stream input (i.e. MSOE rather than optical flow). For a fair
comparison of the relative capabilities of spatiotemporal ConvNets in capitalizing

on both motion and appearance, all networks are trained from scratch on DTDB to
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avoid any counfounding variables (e.g. as would arise from using the available models
of C3D and two-stream as pretrained on different datasets). Training details can be
found in Appendix B. SOE-Net is also used in this analysis, however no training
is associated with SOE-Net, as all its parameters are specified by design. At test
time, the held out test set is used and the reported results are obtained from the
softmax scores of each learning based network and the last last layer for SOE-Net as
it does not rely on a softmax layer. Note that recognition performance is compared
for each organization separately as it does not make sense in the present context to
train on one organization and test on the other since the categories are different.
However, related transfer learning experiments are reported in Sections B.3.1 and
B.3.2. Moreover, the experiments of Section B.3.2 also consider pretrained versions

of the C3D and two-stream architectures.

5.4.1.2 Results

Table 5.3 provides a detailed comparison of all the evaluated Networks. To begin,
consider the relative performance of the various architectures on the dynamics-based
organization. Here, it is seen that the analytically defined SOE-Net of Chapter 3
is the top overall performer. Also, reference to the confusion matrices (Figure 5.7)
shows only minor confusions between dynamic categories entailing similar appear-
ances (e.g. Chaotic motion and Dominant Multiple Rigid Objects). These results
lends strong support to the merits of well designed architectures over those that rely
heavily on learning.

Of the learning-based approaches (i.e. all but SOE-Net), it is striking that RGB
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DTDB-Dynamics || DTDB-Appearance
C3D [169] 74.9 75.5
Two-Stream [162] 81.5 77.9
SOE-Net [61] | 86.8 | 79.0

Table 5.3: Recognition accuracy of all the evaluated networks using both organiza-
tions of the new Dynamic Texture DataBase.

stream outperforms the Flow stream as well as C3D, even though the latter two are
designed to capitalize on motion information. A close inspection of the confusion
matrices (Figure 5.7) sheds light on this situation. It is seen that the networks are
particularly hampered when similar appearances are present across different dynam-
ics categories as evidenced by the two most confused classes (i.e. Chaotic motion
and Dominant Multiple Rigid Objects). These two categories were specifically con-
structed to have this potential source of appearance-based confusion to investigate
an algorithm’s ability to abstract from appearance to model dynamics; see Figure 5.1
and its corresponding video!. Also of note is performance on the categories that are
most strongly defined in terms of their dynamics and show little distinctive struc-
ture in single frames (e.g. Scintillation and motion Transparency). The confusions
experienced by C3D and the Flow stream indicate that those approaches have poor
ability to learn the appropriate abstractions. Indeed, the performance of the Flow
stream is seen to be the weakest of all. The likely reason for the poor Flow stream
performance is that its input, optical flow, is not able to capture the underlying
dynamics in the videos because they violate standard optical flow assumptions of

brightness constancy and local smoothness.

thttps://www.youtube.com/watch?v=Gj43-hGiso8&feature=youtu.be
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Figure 5.7: Confusion matrices of all the compared ConvNet architectures on the
dynamics based organization of the new DTDB.
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These points are underlined by noting that MSOE stream has the best perfor-
mance compared to the other individual streams, with increased performance margin
ranging from ~4 — 8%. Based on this result, to judge the two-stream benefit we fuse
the appearance (RGB) stream with MSOE stream to yield MSOE-two-stream as the
overall top performer among the learning-based approaches. Importantly, recall that
the MSOE input representation was defined to overcome the limitations of optical
flow as a general purpose input representation for learning dynamics. These results
speak decisively in favour of MSOE filtering as a powerful input to dynamics-based
learning: It leads to performance that is as good as optical flow for categories that
adhere to optical flow assumptions, but extends performance to cases where optical
flow fails. Finally, it is interesting to note that the superior performance offered by
the learning-free SOE-Net shows that there remains discriminatory information to
be otherwise learned from this dataset.

Turning attention to the appearance based results reveals the complementarity
between the proposed dynamics and appearance based organizations. In this case, it
is found that SOE-Net and MSOE-two-stream are the best overall performers, with
the latter slightly better by 1% recognition accuracy. These results attest to the
generally strong representational ability of SOE-Net across both pattern dynamics
and appearance, while the two-stream approach did not show such flexibility.

Considering the performance of individual learned streams as well as the learned
single stream C3D, the dominance of appearance in dataset organization leads to the
best performer being the RGB stream that is designed to learn appearance informa-

tion. Interestingly, C3D’s performance, similar to the RGB stream, is on par for the
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two organizations although C3D performs slightly better on the appearance organi-
zation. This result suggests that C3D’s recognition is mainly driven by similarities
in appearance in both organizations and it appears relatively weak at capturing dy-
namics. This limitation may be attributed to the extremely small support of C3D’s
kernels (i.e. 3 x 3 x 3). Also, as expected, the performance of the Flow and MSOE
streams degrade on the appearance based organization, as they are designed to cap-
ture dynamics-based features. However, even on the appearance based organization,
MSOE stream outperforms its Flow counterpart by a sizable margin. Here inspec-
tion of the confusion matrices (Figure 5.8), reveals that C3D and the RGB stream
tend to make similar confusions, which confirms the tendency of C3D to capitalize
on appearance. Also, it is seen that the Flow and MSOE streams tend to confuse
categories that exhibit the same dynamics (e.g. classes with stochastic motion such
as Flower, Foliage and Naked trees), which explains the degraded performance of

these two streams.

5.4.1.3 Conclusions

Taken together, the results on the DTDB dynamics and appearance organizations
show that the analytically defined SOE-Net provides the best performance in com-
parison to the considered learning-based alternatives. In particular, it had the top
performance on the dynamics organization and was essentially tied for best on the
appearance organization. Notably, these results hold for comparison to both single
stream (C3D) and the two-stream alternatives.

With respect to distinctions amongst the learning-based approaches, two main
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conclusions can be drawn. First, comparison of the different architectures reveal
that two-stream networks are better able to disentangle motion from appearance
information for the learning-based architectures. This fact is particularly clear from
the inversion of performance between the RGB and MSOE streams depending on
whether the networks are trained to recognize dynamics or appearance, as well as the
degraded performance of both the Flow and MSOE streams when asked to recognize
sequences based on their appearance. Second, closer inspection of the confusion
matrices show that optical flow fails on most categories where the sequences break the
fundamental optical flow assumptions of brightness constancy and local smoothness
(e.g. Turbulent motion, Transparency and Scintillation). In contrast, the MSOE
stream performs well on such categories as well as others that are relatively easy for
the Flow stream. The overall superiority of MSOE reflects in its higher performance,
compared to flow, on both organizations of the dataset. These results challenge the
common practice of using flow as the default representation of input data for motion
stream training and should be taken into account in design of future spatiotemporal

ConvNets.

5.5 Summary and Discussion

In summary, this chapter introduced a new large scale dynamic texture dataset
(DTDB) with two complementary organizations (i.e. appearance vs. dynamics based).
This dataset allowed for validation of the superiority of the SOE-Net representation

in the realm of other popular learning based spatiotemporal ConvNets with applica-
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tion to dynamic texture recognition.

In addition, the new DTDB dataset has allowed for a systematic comparison of
the learning abilities of broad classes of spatiotemporal ConvNets. In particular, it
allowed for an exploration of the abilities of such networks to represent dynamics vs.
appearance information. Such a systematic and direct comparison was not possible
with previous datasets, as they lacked the necessary complementary organizations.
The results especially show the power of two-stream networks that separate appear-
ance and motion at their input for corresponding recognition. Moreover, the intro-
duction of a novel MSOE-based motion stream was shown to improve performance
over the traditional optical flow stream. This result has potential for important
impact on the field, given the success and popularity of two-stream architectures.
Also, it opens up new avenues to explore, e.g. using MSOE filtering to design better
performing motion streams (and spatiotemporal ConvNets in general) for additional
video analysis tasks, e.g. action recognition. These observations motivated the explo-
ration of an analytically defined two-stream architecture presented next in Chapter
6.

Finally, the fact that a learning free ConvNet, SOE-Net, yielded best overall
performance on DTDB, further underlines the room for further development with
learning based approaches. An interesting way forward, explored later in Chapter 7,
is to consider a learning enhanced variant of SOE-Net using DTDB and evaluate the

potential benefit it can gain from the availability of suitable training data.
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Chapter 6

Application 2: Video Object

Segmentation

6.1 Introduction

While Chapters 4 and 5 provided an in depth analysis of the performance of the
proposed analytic framework on a classification task, this chapter will push the eval-
uation to a challenging detection task requiring pixel level accuracy. In particular,
this chapter evaluates the analytic approach to ConvNet realization presented in this

dissertation on the task of Video Object Segmentation (VOS).

6.1.1 Motivation

The goal of video object segmentation is to isolate objects of interest (or foreground)

from the background in a given video. Video object segmentation is an important
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and challenging task in computer vision. It can be used in several other application
such as action recognition, object tracking and video editing and summarization.
From a video understanding point of view, video object segmentation is an espe-
cially interesting task given the potential importance of both motion and appearance
information in its solution. Therefore, it is used in this dissertation to further inves-
tigate the relative strengths and weaknesses of the proposed analytical framework to
ConvNet realization.

As previously mentioned, one of the main strengths of ConvNets is their hier-
archical structure, which allows for extracting features that become progressively
more global across the levels of the hierarchy. This progressive information extrac-
tion across layers can be very useful for tasks like object segmentation where global
cues can help identify the overall location of the foreground object, while lower
level cues can help identify finer grained details and hence lead to nicely delineated
segments. In the particular case of video object segmentation, motion and appear-
ance information represent two important and complementary cues. Therefore, the
work presented in this chapter builds on the above noted two observations and pro-
poses a novel two-stream ConvNet architecture for video object segmentation that
is essentially learning free. The proposed architecture builds on the strength of the
hierarchical structure of ConvNets, while not requiring prior supervision or training
data because all building blocks are designed based on theoretical considerations as
outlined in Chapter 3. At the same time, the proposed architecture includes both
an appearance and a motion stream to extract complementary features, which are

especially useful for the task of video object segmentation.

109



In addition to the two-stream architecture, the method proposed here also intro-
duces general motion and appearance based priors to complement the overall two-
stream approach and better tackle the peculiarities of the video object segmentation
task. Also, smooth binary masks are obtained by enforcing temporal consistency

throughout the video.

6.1.2 Related Work

Research in the field of video object segmentation is generally classified into three
main streams, i.e. supervised, semi-supervised and unsupervised, according to the
level of human intervention required. In the following, the focus will be on relatively
recent approaches; reviews of earlier approaches are available elsewhere, e.g. [91].

Supervised approaches in the context of video object segmentation are those
methods that require a human in the loop [3, 177, 46]. In those approaches, groundtruth
information or guiding key strokes and corrections are interactively introduced by
a human to correct for drifting due to mask propagation and errors in the under-
lying algorithms. While such methods achieve impressive results, they cannot be
considered as a complete solution to the VOS problem due to the high level of hu-
man supervision required. Instead, these methods can mainly be used for video
post-production or to help generate groundtruth.

Semi-supervised methods usually only require groundtruth annotations for the
first frame. Some of the methods falling under this category use the initial mask
to learn an accurate foreground/background appearance model, that is then used

to generate a segmentation for the next frames [130, ]. More generally however,
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semi-supervised methods use the initial foreground mask to treat the VOS problem
as a tracking task [171, ]. Although semi supervised methods require less human
intervention, their reliance on an initial foreground mask makes them a sub-optimal
solution given the unrealistic nature of the constraint regarding the availability of an
initial mask.

Although far more challenging, unsupervised methods for video object segmen-
tation are a more interesting direction for VOS research and the work presented in
this dissertation falls under that paradigm. Unsupervised methods do not assume
any level of human supervision. However, these methods usually tackle the VOS
problem by incorporating certain assumptions about the application scenario. Gen-
erally, those methods assume the foreground object to be sufficiently different from
the background (via its appearance, its motion or both) and to appear consistently
throughout the video [135, 93, , , 45, , 77]. To identify the initial location
of objects, unsupervised methods either find motion boundaries using optical flow
[135, 93], use a larger set of object proposals that are then ranked based on appear-
ance cues [102, ] or obtain an initial saliency map to find the particulars of the
scene foreground [15, , 77]. In this work, the saliency map approach is adopted
to directly use the features extracted from the proposed network. Once an initial
estimate is obtained, unsupervised methods usually rely on motion [135], appearance
[102] or both [15, 77] to propagate the initial mask and enforce temporal smoothness.
In the present work, both motion and appearance information are used in synergy
to propagate and correct the initial estimate via a diffusion process over a graph in

feature space, as was done in other popular approaches (e.g. [15, 77]), albeit with
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some modifications that will be specified in the remainder of this chapter.

More recently, with the advent of deep learning, ConvNets also gained popularity
as a tool to solve the VOS problem e.g. [82, ]. These methods, build on the suc-
cess of ConvNets in the image segmentation world [109, 68] by posing the problem as
a pixelwise classification task trained over a labeled dataset. Interestingly, although
such deep learning based methods are highly supervised and require groundtruth
annotations during training, they typically are classified with the unsupervised tech-
niques, in the context of video object segmentation, because there is no human in the
loop. However, reliance on groundtruth data over a large dataset for training is still
a major shortcoming of these methods, especially given the cost of generating labeled
pixelwise data for this task. In complement, the ConvNet architecture proposed here

is completely learning free and therefore does not require groundtruth labels.

6.1.3 Contributions

In light of previous research, the contributions of this chapter are as follows. 1) A
two-stream variant of the SOE-Net architecture introduced in Chapter 3, is presented
with the aim of isolating appearance and motion information to better exploit their
complementarity. 2) To further capitalize on motion and appearance information,
a new set of motion and appearance based priors are introduced and tailored to fit
the task at hand. 3) To demonstrate the capabilities of the proposed algorithm, an
ablation study evaluating the various steps involved in this work is performed as well

as comparisons to state-of-the-art and similar learning based approaches.
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6.2 Technical Approach

The developed approach builds on the complementarity between appearance and mo-
tion information at various stages. First, features based on motion and appearance
information are extracted from a given video using the analytically defined two-
stream ConvNet architecture described in Section 6.2.1. Second, the motion and
appearance features are used to obtain saliency maps identifying the rough location
and shape of the salient objects in the video. Saliency maps are extracted using each
feature separately, then the layerwise results are combined using a new feature selec-
tion method specifically designed for the task of video object segmentation. Those
saliency maps are further refined by introducing priors regarding the general appear-
ance and motion of foreground vs. background regions. Finally, the saliency maps
are converted into binary masks by enforcing temporal smoothness and consistency
throughout the video. The general framework of the proposed method is depicted in

Figure 6.1.

6.2.1 The Two-Stream Spatiotemporal Representation:

MSOE-SO-Net

The employed architecture relies on a modified version of SOE-Net described in Chap-
ter 3. The SOE-Net architecture presented an analytically defined 3D spatiotemporal
network capable of extracting spacetime features at various levels of abstraction ow-
ing to the use of a basis set of 3D kernels in its convolutional layers in a recurrent

fashion. Here, SOE-Net is modified such that motion and appearance information
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Figure 6.1: Video object segmentation framework. Given an input video, motion
(FW ..., F®) and appearance (F©, ... F(12) features are extracted from each
layer of the two-stream network. Here, the superscripts identify the features ex-
tracted from each layer and each stream of the network with the dark and light
green boxes representing the medium and slow motion streams respectively while
the orange boxes correspond to the appearance stream. A saliency map, S, is
computed for each feature, F'Y) VI, using feature contrast. Each saliency map, S, is
used to extract training data for foreground (and background) at each frame, where
the amount of training data is selected based on a rough estimate of the object size.
This operation allows for each pixel in the video to be considered in a two-class
classification problem: ¢ = 1 (foreground) and ¢ = 0 (background). Using the au-
tomatically selected training data, each pixel is assigned a classification score using
its corresponding features, F), via logistic regression to obtain foreground proba-
bility maps P®. The classification scores are combined with the original saliency
maps to obtain the final layerwise saliency maps, SPW. Reliable maps are selected
(red and blue outlines on SP® for motion and appearance features, respectively)
by comparing spatiotemporal centeredness and compactness of the saliency scores.
Priors on background motion, st, and background appearance, bg are used to further
refine the motion and appearance saliency maps. The finally saliency map, MA,
is converted into a binary mask in two steps by enforcing short term redundancy,
B’, and long range similarity, B. Notation along the top of the diagram indicates
the processing steps used to produce the maps; notation along the bottom indicates
specific approach applied for each step, as elaborated in the accompanying text.
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are split into two different streams to better exploit the complementarity between
the two information sources for the task of video object segmentation. The motion
stream relies on a spatially Marginalized Spatiotemporal Oriented Energy represen-
tation for capturing dynamics and is therefore dubbed MSOE-Net. The appearance
stream relies on a Spatial Orientation representation for capturing spatial appear-
ance and is dubbed SO-Net. The combination of the two-streams is consequently

referred to as MSOE-SO-Net.

6.2.1.1 The Motion Stream: MSOE-Net

For the motion stream, the SOE-Net architecture is augmented with an appearance
marginalization block that discounts appearance information to extract features cap-
turing motion alone. The appearance marginalization block follows right after the
convolution block of the original SOE-Net architecture and its role is to combine
all local spacetime responses that are consistent with a single direction of motion
independently of the otherwise underlying structure. Detailed description of this
block is available elsewhere [36]. In addition to introducing a marginalization block,
the proposed motion stream differs from the original SOE-Net architecture in the
following three ways. First, while the new motion stream also relies on oriented
Gaussian derivative filters during convolution, here the sampling of the used orienta-
tions is modified. Specifically, instead of uniformly sampling orientations along the
directions of normals to the faces of an icosahedron as done in SOE-Net, the chosen
orientations in this work correspond to: static (or no motion), flickering motion in

the horizontal and vertical directions, as well as motions in the directions leftward,
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rightward, upward, downward and the four diagonals. These orientations are selected
to better capture potential directions of motions that may be exhibited by objects
moving in typical video object segmentation settings. Notably, previous work that
introduced the marginalization block [36] made use of an additional channel cap-
turing lack of structure (i.e. an unstructured channel) in the input signal. In this
case, however, preliminary experiments demonstrated sub-optimal results when this
channel is considered; therefore, this work does not rely on an unstructured channel
and only relies on the 10 orientations mentioned above. In addition, those orienta-
tions are sampled at two different speeds corresponding to medium (one pixel /frame
movement) and slow (half pixel/frame movement) motions. Sampling for slow mo-
tions is introduced to capture subtle object motions that may be otherwise masked
by faster camera motions. Second, while SOE-Net relied on features extracted after
the normalization block of the last layer in application to dynamic textures, this
work relies on features extracted from all layers, [. Here, the goal is to capture both
low level features that tend to appear in lower layers of the network as well as more
abstract features that become apparent in higher layers. Third, the spatiotemporal
pooling block used in SOE-Net is replaced with a spatial (i.e. 2D) pooling block.
Using spatial pooling is once again motivated by the task of video object segmen-
tation where the goal is to identify the foreground object in all frames of the input
video; therefore, pooling information across the temporal dimension cannot be used

here since that choice would lead to losing information about some of the frames.
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6.2.1.2 The Appearance Stream: SO-Net

For the appearance stream, the original 3D oriented bandpass filters used to ex-
tract spatiotemporal information in SOE-Net are replaced with their 2D counterpart.
Specifically, 2D Gaussian derivative filters are used in the appearance stream, while
leaving the other blocks in the architecture unchanged. Notably, the spatiotemporal
pooling block is also replaced with a spatial pooling block. For the filter orienta-
tions, consistent with the strategy adopted for the motion stream, ten orientations
are uniformly sampled. Also, similar to the motion stream, features from all layers

are used in this task.

6.2.2 Saliency

In the task of object segmentation, the goal is to isolate the object of interest from
the background, which tends to be different (or salient) from the rest of the objects
in the video. Thus, a saliency map S € R”*W>T can be defined to indicate regions
that are likely to contain objects of interest. To support the unsupervised nature
of this work, saliency detection is performed in two steps. First, initial saliency
estimates are obtained based on distance measures in feature space and spacetime.
Second, those initial saliency maps are used as training data to refine the salient

region detection.

6.2.2.1 Saliency Map Initialization: Feature Contrast

The primary goal here is to define a local measure of saliency based on the features

extracted from various layers of the network. A saliency map can be defined using
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feature contrast with the following three cases in mind: (i) two elements with small
spatial distance and similar features are likely to belong to the same object, (ii)
two elements with small spatial distance and very different features are indicative of
elements belonging to two different objects, and (iii) two elements with large spatial
distance and very different features are inconclusive. To satisfy these conditions
when defining the saliency map, a feature contrast based definition [18] that uses
feature difference and the spatial distances is used to construct a single saliency map
from the feature space. This definition is further improved here by exploiting the
fact that humans have the tendency to place objects of interest in the center of an
image [118, 14]. While it is possible to impose a center bias for a salient object
(or border bias for background regions) throughout the video, it is important to
note that objects tend to enter and exit the video near the beginning or end of the
video. Thus, we impose a spatiotemporal center bias in the proposed saliency map
formulation, which accounts for objects that enter and leave the field of view across
time.

Let f; € RY denote the feature descriptor of dimension d for element 7, whose
spatial coordinate is x; € R2. Then, the saliency value for element i at frame t,
S;(t), is defined by calculating the pairwise feature and spatial distances to all other
elements, j, and combining it with a 2D Gaussian, G(t), imposing a spatiotemporal

center prior:

Si(t) = G(xi,t) > ||t — £ e o2, (6.1)
J

where G(x;,t) is a 2D Gaussian-like function adaptive to its temporal location in

the video and || - ||3 is the squared Ly-norm. That is, the squared Lo-norm of the
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distance between features f; and f;, defined as

d
16— €13 = _ (= ) (6.2)
k=1
for feature f; = [f! --- f#T € RY. Similarly, the spatial distance between two

elements is calculated by measuring the spatial distance between their spatial coor-

dinates x; and x;
I = xill5 = (25 — 2:)* + (y; — )7, (6.3)
where x; = [x; y] T
The 2D Gaussian-like function placed at the center of the frame (i.e. x, = (£, %))
is used to impose the center bias that are prevalent in images. To ensure that objects
that enter or exit the frame of view in a video are not penalized by the (spatial) center

bias, the width of the Gaussian-like function, o(t), is altered based on its temporal

location in the video. Thus, a spatiotemporal bias is defined as

G(xi,t) = exp <—% <XUZt)X>2> , (6.4)

where o(t) = % (t — %)2, such that the smallest width of the Gaussian-like function

occurs midway through the video (i.e. %) and the rate of the Gaussian width adjusts

according to the length of the video, T'.
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6.2.2.2 Saliency Map Refinement: Classification

The feature contrast based saliency maps allow for a rough localization of salient
regions. In order to refine the detected salient regions, a self-training based saliency
estimation, which assigns a probability of belonging to foreground to each pixel,
is introduced. In particular, the initial saliency maps are used to isolate confident
salient regions to be used as training data for a foreground model. Similarly, confi-
dent background regions are also identified to train a background model. Using the
features belonging to the regions identified as confident foreground and background
regions a classifier is trained for each layer, [, and is subsequently used to assign
a probability, Pi(l), of belonging to foreground for each pixel, . This approach al-
lows for taking advantage of supervised classification models, while maintaining the
otherwise completely unsupervised nature of the proposed segmentation framework.

To identify training data without resorting to groundtruth information, the initial
saliency maps, SU, as defined pixelwise, i, in (6.1) are used. The simplest approach
to isolate training data is to select a threshold above which pixels are considered
confident salient regions. However, determining the perfect threshold that can be
applied across video frames is a non-trivial task and choosing such a threshold for
the entire dataset is even more daunting. For this reason, an intermediate step
that allows us to adaptively identify training data for each frame is introduced.
Specifically, using the initial saliency maps, an estimate of the object size is obtained

framewise by iteratively thresholding the saliency maps at regularly spaced intervals,
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7, € [0.1,0.9], and calculating the framewise object size, os(t), as

Yt e
dopwe(t)

0s(t) (6.5)

where wy, is a weight defined as the average of saliency values greater than 7, and ay

is the proportion of pixels with saliency values greater than 7. That is,

22 5i(t) - Ls,ty>m, 2. Lsiwy>m,
w(t) = == === and ay(t) = =—, 6.6
) 2ilsiw>mn, ) a-w &6)
1, if Si(t) > 7
where Ig, 4>, is an indicator function such that Ig, 4>, = . In

0, otherwise

essence, this approach calculates the object size as the salience weighted result
summed across all threshold values, rather than relying on a single threshold.

The size of the background, bs(t), can be estimated in a similar manner by consid-
ering its complement. Algorithm 6.1 provides pseudo-code for the resulting approach
to estimating the object size. Using the estimated object size, training data for the
foreground is selected as the most salient pixels up to the estimated object size, 0s(t),
while training data for background is selected from the, bs(t), least salient pixels.

Once training data of the foreground and the background have been obtained,
several classification models could be used (e.g. GMMs, SVM, Logistic Regression,
etc.). Logistic regression is used here for its simplicity and speed. Finally, to ac-
count for outliers that can result from the pixelwise classification results, the saliency
probabilities obtained from the training results, P.(l), and the initial saliency maps

(2

obtained via feature contrast, Si(l), are combined by averaging the two, to obtain the
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final layerwise saliency maps, SPW.

Input : Saliency map, S(t) € R#>*W
Output: Object size, 0s(t) € R, and background size, bs(t) € R
for 7, € [0.1,0.2,...,0.9] do
. . ZZI () >TE
2 Calculate the object size, ai(t) = %,

3 Calculate the weight, w] (t) = Li 50 Is,0y2m

=

2ils;zm,
4 Calculate the background size, al(t) = M,
5 | Calculate the weight, w?(t) = 2 (;SISZ)IZZKT’“,
6 end
7 Calculate the weighted sum of the foreground, os(t) = %’2%@;
8 Calculate the weighted sum of the background, bs(t) = %2%(”;

Algorithm 6.1: Summary description of the employed approach for object
size estimation.

6.2.2.3 Merging Saliency Maps

The proposed approach for saliency estimation uses the features of each layer and
each stream of the network independently to yield layerwise saliency maps, SP®. A
simple approach to merge the layerwise saliency maps in each stream is to average the
corresponding saliency maps. However, given the analytically defined nature of the
proposed architecture, it is easy to imagine that the frequency tunings of the filters
in a given layer in the architecture can encode the peculiarities of a given sequence
more optimally than any other layer. The layers that best encode a given video will
largely vary with the nature of the video, e.g. presence or absence of camera motion
(requiring more or less feature abstraction), background clutter (usually filtered out

in lower layers), object sizes (requiring more or less pooling depending on scale).
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Therefore, in this work, a feature selection method is proposed to identify the layers
of the network that yield the best saliency maps for each video. To do so, measures
to evaluate the quality of a saliency map are introduced. Using these measures the
layers in the network that yield the best saliency maps are identified. The saliency
map quality measures are built around two general observations about video object

segmentation and are dubbed compactness and spatiotemporal centeredness here.

Compactness

It is first noted that foreground objects tend to occupy a small portion of a frame
rather than the entire frame (i.e. they are compact). Thus, a measure to quantify
compactness, Cm®(t), of a saliency map, SP", is defined as the magnitude of its

variance. To obtain the variance the center of mass (,ug ) (1), ,ug(f) (t)) at frame ¢ is first

0, 5 g0,
(P (1), 1) (1)) = (%?;gl)l> %?&gl)yl> (6.7)

for 1 < i < H-W. Next, the variance (Vg(gl)(t),ug(,l)(t)) at frame t is calculated

calculated as

according to

W H
(), v (1) = EWZZ z = u)?,
o V; jq‘ (6.8)
Zi 2 2S¢ — 1y))?).

=1 j5=1
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Now, the magnitude of the variance can be calculated using the Lo-norm

WO = VPO + L) (6.9)

This magnitude is then normalized and the compactness of a saliency map, SPY is

defined as
1 @)

@ I | O S | B
Cm ) = Hax PO

(6.10)

Using this measure, features yielding saliency maps with highly concentrated salient
regions are favored over features with saliency values that are more spatially dis-

tributed.

Spatiotemporal Centeredness

The second measure used is inspired from the image foreground segmentation field
(e.g. [118, 14]), where it is common practice to apply a center bias, which is in turn
motivated by the tendency of humans to center objects of interest while capturing
images. This observation is adapted to the case of video object segmentation via
introduction of a measure of spatiotemporal centeredness. (Note that this same idea
was also used in the definition of the spatiotemporal center bias for initial saliency
estimation, (6.4)). First a measure of spatial centeredness of a saliency map, SPY,

is defined as the distance between the center of mass (6.7) and the center of the
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frame, (

%, %), normalized by the largest distance it can take to yield

(6.11)

Second, to account for the fact that objects can enter the field of view from one
side and exit from the other side as a video sequence progresses (e.g. a sequence cap-
turing a car moving from point a to point b), a temporal weight, «(¢), is introduced
to relax the centeredness assumption near the start or end of the video (i.e. far from
the temporal center). This weight is defined here as a 1D Gaussian-like function in

the temporal direction centered at 7'/2:

a(t) = exp {—%)\ (t - 92} (6.12)

with A being a hyperparameter controlling the width of the Gaussian that is empir-
ically set as A = 6/, such that the Gaussian decays smoothly over the duration
of the video, i.e. 30 = T/2. Multiplying this weight with the spatial centeredness

measure, (6.11), yields a measure of spatiotemporal centeredness.

Combining Centeredness and Compactness

To finally quantify the quality of a saliency map, the measures of centeredness,
Cn®, and compactness, Cm®, are combined by relying on centeredness more heavily
around the temporal center of the video and relying on compactness more heavily

elsewhere. To achieve this result, the temporal weight, «(t), is used to yield a
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combined quality measure

cCO(t) = a(t) CnP )+ (1 — a(t)) CmD(¢). (6.13)

Using this combined measure, the best layers in each stream are selected. In partic-
ular, features yielding saliency quality scores, CC®(t), that are within 10% of the

minimum are selected and combined via averaging.

6.2.3 Binarization

Similar to the saliency estimation strategy described above, the proposed binariza-
tion strategy is also divided into two main steps. First, the saliency maps together
with general domain priors are used to obtain the initial binary estimates. Second,
using this initialization and temporal consistency constraints, the initial estimates

are refined to obtain the final binary masks.

6.2.3.1 Framewise Initialization

To obtain the initial binary mask, estimates of the saliency maps extracted from both
the motion and appearance streams of the analytically defined network are used. In
addition, two general priors regarding the motion and shape of objects in any typical

video object segmentation setting are introduced.

Non-Static Motion Prior

From the motion perspective, the saliency map obtained from the motion stream,

SP™) is complemented with a map measuring the lack of static motion, st, i.e.
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places that are in motion or otherwise dynamic. This measure is motivated by the
observation that foreground objects tend to be the main moving part in the video
and the background is relatively static, or exhibits slower motion structure, in com-
parison. For this purpose, the static channel is directly extracted from the first layer
of the motion stream and its complement (i.e. st = 1 — st), which highlights the
non-static parts of the video, is obtained (Recall that due to normalization in its
definition, 0 < st < 1). To combine the two motion based maps, the same com-
pactness and spatiotemporal centeredness measure, (6.13), introduced to quantify
the quality of a saliency map is employed. Specifically, quality measures CC™ and
CCGY are obtained for the motion and non-static maps respectively and the two

maps are combined as
M(t) = B(t)st(t) + (1 = B(1))SP™ (1), (6.14)

where ((t) is a weight balancing the relative difference between the two maps in
order to give more weight to the best map according to the quality measure; it is

defined as
1

T 1+ eap(—(CCO (1) — CCE(1)))

B(t) (6.15)

Non-Background Appearance Prior

From the appearance perspective, the saliency map obtained from the appearance
stream, SP® | is complemented with a map measuring lack of background appear-
ance attributes, bg. Specifically, general purpose appearance features such as color

are used together with a classifier trained to recognize typical background features
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such as sky, clouds, trees and roads. This classification model is borrowed from
previous work precisely targeting the task of recognizing general background at-
tributes [13], where the classifier was independently trained on background scenes
from the SUN static scene dataset [133]. Using this classifier, a map, bg, indicating
the probability of being background is obtained for each frame and its complement,
i.e. bg = 1 —bg, is used. The two appearance maps SP® and bg are combined to ob-
tain the final appearance saliency map, A(t), following the same procedure outlined
above, (6.14), for merging motion maps.

Finally, the initialization, M A(t), is obtained by merging the appearance and
motion maps in a similar fashion, as depicted in Figure 6.1. At this stage an initial
binary mask, b (¢), can be obtained from M A(t) by estimating the object size using

(6.5) and isolating the foreground object.

6.2.3.2 Temporal Consistency

Once initial framewise estimates are obtained, it is important to enforce consis-
tency throughout the video such that the final binary masks are smooth and consis-
tently highlight the same foreground objects. Following the same principles adopted
throughout this work, the temporal consistency block is based on two general obser-

vations that typically are applicable to the task of video object segmentation.

Short Range Redundancy

First, it is noted that in a short time frame objects do not tend to exhibit drastic

motions and therefore objects shape does not change drastically in a short temporal
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window (even if the object is not rigid). Also, for the same reason, the location of
the objects remains approximately the same within a small window.

Based on this observation, a short term redundancy constraint is introduced.
This constraint enforces binary mask similarity in shape and approximate location
within a small temporal window. In particular, a redundancy score, rs(t), is obtained
for each frame, t, by looking at the frames directly before and after it in the initial

binary mask, b (¢). The redundancy score is defined as

T=t+1

rs(t) =2 > bO(7). (6.16)

BinMask t-1 Redundancy
mask-iter0

Iterate

Figure 6.2: Overview of the process used to enforce short term redundancy. Initial
binary masks are first obtained from the input saliency maps. Next, a pixelwise
redundancy score is obtained by identifying the pixels that appear repeatedly (i.e.
redundant pixels) within a temporal window of size 3. Finally, this redundancy score
is combined with the input saliency maps to clean the saliency maps. The process
is repeated in multiple iterations until the binary masks obtained from the saliency
maps stop changing.
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To correct for short term differences and outliers, the redundancy score, (6.16),
is combined with the initial saliency estimate, M A (¢), via averaging. The entire
process is then repeated in multiple iterations until the estimated salient regions and
corresponding binary masks stop changing, yielding locally smooth binary masks,
b (t), and saliency maps M A" (t). This process is summarized in Algorithm 6.2
and depicted in Figure 6.2. The final result of this processing stage is denoted as B’

in Figure 6.1.

Input : Initial saliency map, M A©® ¢ REXWXT “initial object size estimate
05 and stopping threshold 7

Output: post short term redundancy saliency map, M A" | and binary
mask, b(") € REXWxT

11t=0

2 0Sg;ff = inf

3 while osg4;y > 7 do

4 Obtain initial binary mask from MA@,
5

6

Calculate the redundancy score rs™);
Combine initial saliency estimate with the redundancy score;

7 | Calculate the new object size os(#+1) ;

8 Check the difference between old and new object size estimates:
0saifs = |os" ) — os(1);

9 it=1it +1

10 end

Algorithm 6.2: Summary description of the proposed short term redundancy
constraint.

Long Range Diffusion

Second, it is also noted that while an object’s shape and position can be very different

in a longer time frame, their overall appearance features (e.g. color) usually do
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not change significantly. For this reason, color information is used to propagate
binarization results across long temporal windows. In particular, HSV color features
are extracted from each frame and the pixelwise colors are converted into region based
color features by extracting superpixels [13] and calculating a color histogram fc (with
3 channels and 20 bins per channel) for each region (i.e. superpixel). Using the color

RNXN

features, a pure appearance based similarity matrix, D € is calculated as

e — feill3

g

D(i, j) = exp( ), V(7) € NN(1) (6.17)

with o being a hyperparameter controlling the degree of similarity and NN (7) being
the set of nearest neighbors of superpixel 7 in the feature space, within a temporal
neighborhood of radius r and a spatial neighborhood spanning the entire frame. The
similarity matrix, D, creates a graph over the video in feature space where nodes are
connected based on their similarity in feature space independently of their spatiotem-
poral position. Using the similarity matrix, the initial estimates are propagated via

diffusion as

v = Dyl=b), (6.18)

0) corresponds to the estimates used to initialize the diffusion process.

where v
The diffusion operation, (6.18), is performed in two phases. In the first phase, the
post short term redundancy saliency maps are used for initialization (i.e. the results

obtained after the short term redundancy stage, v = M A() and the radius of the

temporal neighborhood used in the nearest neighbor search is set to r = ry. In the
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second phase, the binary masks obtained after phase 1 are used for initialization and
the temporal radius, r, is set to 7o > r;. The obtained binary masks, B, after phase
2 represent the final results of the proposed algorithm.

Notably, while previous work also relied on a similar diffusion process for long
range temporal consistency, e.g. [15, 77], they usually rely on different appearance
features entailing significant redundancy (e.g. use of both LAB and RGB colors at
the same time in addition to HOG features). In addition, while previous work only
relied on a saliency map for diffusion, in the proposed approach diffusion is also based

on a binary mask, which proved far more beneficial in preliminary experiments.

6.2.4 Implementation Details

Convolution with Gaussian 2"%-order derivatives is realized with separable 5-tap fil-
ters, with 10 orientations as specified in Section 6.2.1. (Preliminary experiments
showed that 2"%-order derivatives yielded better performance than either 3"¢ or 4'h-
order and that complementing the 2"¢-order derivatives with their Hilbert transforms
yielded no benefit). The number of iterations over the network, i.e. the number of
layers, is chosen to maintain a large enough support to obtain a reasonable saliency
map using the adopted feature contrast definition, even while avoiding undue border
effects depending on the size of the input spacetime volume while. These consid-
erations led to using a 4 layer architecture in each stream. Therefore, the final
representation relies on 8 motion features coming from the motion stream (i.e. 4
from the medium speed motion stream and another 4 from the slow motion stream)

and 4 appearance features coming the appearance stream. To impose short term
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temporal consistency, the short term redundancy enforcement process described in
Algorithm 6.2 is repeated in multiple iterations until the difference in the object size
estimated between two iterations is less than 1072. For long term temporal consis-
tency, the diffusion process relies on a radius r = r; = 15 for the nearest neighbor
search in the first phase and a radius ry that spans the entire duration of the video

in the second phase.

6.3 Empirical Evaluation

The proposed algorithm is evaluated on the challenging SegTrack-v2 dataset [103],
which contains 14 videos presenting the different challenges that can be encoun-
tered in the task of video object segmentation. Although 14 videos are avail-
able in SegTrack-v2, it is common practice to ignore the penguin sequence (e.g.
[15, 135, 102]) as its groundtruth is misleading (i.e. it somewhat arbitrarily covers
a couple of penguins only, while the video contains many penguins moving simi-
larly and at the same time). Therefore, this sequence will not be considered in our
experiments.

Since the proposed algorithm is built around two main steps (i.e. 1) video to
saliency map and 2) saliency map to binary mask), two metrics are used to evaluate
the proposed approach to video object segmentation. In particular, the Area Under
the Curve metric (AUC) is used to evaluate the quality of the saliency map and
the Jaccard index (i.e. Intersection over Union; IoU) is used to evaluate the quality

of the binary mask. The following sections present results validating the different
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components of the proposed algorithm.

6.3.1 Component-Wise Validation: Raw Video to Saliency

Map

The first step in the proposed algorithm is to turn the raw videos into saliency maps
(i.e. highlight regions likely to contain the object of interest). Therefore, the first
set of experiments empirically validate the different steps involved in obtaining the

saliency maps.

6.3.1.1 Border-Aware Saliency Estimation and Classification

To obtain layerwise saliency maps, the following three steps are employed: 1) use
the feature contrast definition, (6.1), to identify salient regions across the video
frames, 2) impose a constraint on the location of the objects, (6.4), by attenuating
saliency near frame borders (i.e. convert saliency maps to Border Aware saliency
maps by introducing the spatiotemporal center prior) and 3) use the layerwise fea-
tures to classify salient regions and obtain finer grained saliency maps highlighting
the probabilities of belonging to foreground/background for each pixel. Table 6.1
documents the benefits of each one of those three steps at each layer of the proposed
network. The results show that independently of the layer and modality (i.e. motion
vs appearance), there is always a benefit in adding each component of the proposed
saliency estimation algorithm as evidenced by the results improving from left-to-right
in Table 6.1, with the improvement brought by imposing the border-aware location

prior being especially striking. Based on these results, all subsequent experiments
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M_CC-Fast M_CC-Slow S_CC
FC | FC+LP | FC+LP+C | FC | FC+LP | FC+LP+C || FC | FC+LP | FC+LP+C
Layer 1 | 66.5 69.9 72.4 63.6 68.9 71.4 66.4 70.1 72.6
Layer 2 | 70.9 73.6 75.9 65.2 70.9 73.0 68.9 72.3 73.2
Layer 3 | 74.2 76.2 77.8 68.1 73.7 75.3 72.4 75.1 75.4
Layer 4 | 75.6 76.7 78.1 69.2 74.6 75.8 73.6 75.7 75.2

Table 6.1: Benefits of the different saliency estimation stages proposed at multiple
layers and speeds. Average AUC(%) on the SegTrack-v2 dataset, with the differ-
ent saliency estimation stages proposed, at multiple layers and speeds is used for
comparison. Here, FC refers to Feature Contrast based saliency estimation without
the spatiotemporal center prior applied, FC+LP refers to the introduction of the
border aware Location Prior (LP), (6.4), and FC+LP+C refers to the Classifica-
tion based saliency map refinement introduced in Section 6.2.2.2. Also, M_CC-Fast,
M_CC-Slow and S_CC correspond to features extracted after the cross-channel pool-
ing block of each layer in the medium speed motion stream, slow motion stream and
the appearance stream, respectively.

presented in this chapter rely on saliency maps obtained using all three components.

Notably, these results also highlight the importance of the proposed multilayer
architecture where the quality of the saliency maps improves from one layer to an-
other, with the highest AUC score achieved by the last layer. These results confirm
that the features extracted from the proposed network become more abstract (i.e.
capture progressively more complex features) as we iterate through layers, thereby
allowing higher layers to better localize the object of interest. However, given that
video object segmentation also requires fine grained localization, lower layers, which
focus on lower level features with increased spatial precision, are also important for

these purposes.
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6.3.1.2 Multiple Layers and Speeds

While Table 6.1 highlighted the benefits of the multilayer architecture, here the com-
plementarity of the various layers and modalities is demonstrated. For this purpose,
the saliency maps obtained from the various layers of the network are merged and
the combined saliency maps are evaluated. To assess the benefit of the feature se-
lection strategy introduced in Section 6.2.2.3, it is compared to merging the various
saliency maps via simple averaging. Table 6.2 confirms the complementarity between
the different layers where the results of combining the per modality saliency maps
of all layers via simple averaging are better than taking any layer individually. Im-
portantly, the overall best results were obtained by merging the different modalities
(i.e. motion at various speeds and appearance) using feature selection. These results
demonstrate the importance of both motion and appearance in the task of video
saliency detection and ultimately segmentation. Notably, while the feature selection
strategy brought modest improvement in the quality of the saliency map using the
AUC metric, it still plays a key role in the subsequent steps of processing as will be

demonstrated in the next Section.

Feature Selection | M_CC-Fast | M_CC-Slow | S.CC | All
No 78.5 76.6 77.3 | 78.6
Yes 79.2 75.3 | 79.6

Table 6.2: Benefits of merging the various layers and modalities with vs. without
feature selection is reported in term of AUC (%) on SegTrack-v2. For the sake of
comparison, results of simple averaging across layers and modalities, without selec-
tion, is reported in the second row of the final column.
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6.3.2 Component-Wise Validation: Saliency Map to Binary
Mask

The second step in the proposed algorithm is to convert the saliency maps into a
binary mask (i.e. obtain a fine grained binary mask based on the highlighted salient
regions). Similar to Section 6.3.1 here the different steps involved in obtaining the

binary masks are validated empirically.

6.3.2.1 Framewise Initialization

The proposed binarization strategy falls under the diffusion based paradigm, which
requires an initial framewise estimation and a similarity based diffusion matrix to
impose temporal consistency. Here, the components involved in obtaining the initial
binary mask estimation are evaluated first.

The results reported in Section 6.3.1 documented the key role of classification (in
improving individual saliency maps; see Table 6.1) and feature selection (in merging
the initial saliency maps; see Table 6.2). The importance of those blocks in the
first binarization phase is further confirmed here. In particular, Table 6.3 shows the
benefits of these blocks on the initial framewise binary mask. Notably, these results
specifically highlight the complementarity of the classification block and the feature
selection block, with good improvement obtained when the two blocks are taken
together. More importantly, Table 6.3 shows the key role and validity of the motion
and appearance priors introduced to further refine the initial saliency maps. The
validity of those priors is especially clear considering that they always improve the

overall IoU score independently of the presence of the other building blocks. Finally,
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Classification | Feature Selection | Not-static & Not Bgrd assumption | IoU(%)
- - - 19.4
v - - 33.8
- v - 11.2
- - v 29.3
v v - 37.4
- v v 24.3
v - v 37.7
v v v 40.7

Table 6.3: Performance comparison in IoU(%) highlighting the contributions of the
different components of the algorithm used to merge the various saliency maps to ob-
tain the initial binary mask (i.e. prior to starting the diffusion process). v" indicates
that the corresponding processing block is activated.

the best overall results are obtained in the presence of all building blocks, which

speaks decisively for the usefulness and complementarity of each block.

6.3.2.2 Temporal Consistency

Once the necessary input to initialize the diffusion process is obtained, the next step
in the proposed algorithm is to enforce temporal consistency on the initialization.
Temporal consistency is enforced by imposing short term redundancy on shape and
location first and enforcing long range appearance similarity second. As previously
mentioned in Section 6.2.3.2, long range similarity is imposed by performing diffusion
in two phases. The main difference between the two phases is the fact that phase 2
can see all frames in the video as opposed to phase 1 where a small temporal window
of radius, r, is used. Similar to the previous experiment, the role of the individual
components is assesses here by introducing them one block at a time as summarized

in Table 6.4. Consistent improvements are observed with the addition of each block.
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Short term red | Phase 1 | Phase 2 on Sal phase 1 | Phase 2 on Bin phase 1 | IoU(%)
- - - 40.7
- - 44.1
- - 57.6
63.4
v - 63.5
- v 69.2

AN

NENENE
NENENENE

Table 6.4: Performance comparison in IoU(%) highlighting the contributions of the
different components of the algorithm used to propagate the initial binary mask via
diffusion. v indicates that the corresponding processing block is activated.

Interestingly, long range diffusion plays a key role with an improvement of ~17%
over the initial binary mask. On the other hand, while short term redundancy
alone brings a more modest improvement, i.e. ~4% , it is important to note that
using long range diffusion achieves much better results, ~23%, when short term
redundancy is included. Finally, it is interesting to note that once smooth binary
masks are obtained, allowing a second round of diffusion using those binary masks as
initialization allows for a final boost in the overall performance owing to the improved

initialization in the second phase.

6.3.3 Comparison to state-of-the-art

Finally, comparison is now made to all unsupervised methods for video object seg-
mentation reporting results on the SegTrack dataset (KEY [102], FST [135], NLC
[15]) including the current state-of-the-art method [77]. In addition, comparison is
also made to a state-of-the-art learning based two stream architecture designed for
the task of video object segmentation [32]. Following standard protocol when report-
ing overall video object segmentation results, the IoU metric is used. The results

in Table 6.5 show that the proposed approach achieves competitive results in the
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Video KEY [102] FST [135] NLC [45] Huet al, [77] FSG [82] | Ours
Learning? No No No No Yes No
birdfall 0.490 0.014 0.565 0.649 0.380 | 0.605
bird of paradise 0.922 0.837 0.814 0.937 0.699 | 0.886
bmx 0.630 0.621 0.754 0.847 0.591 0.707
cheetah 0.281 0.396 0.518 0.518 0.596 | 0.469
drift 0.469 0.811 0.741 0.829 0.876 | 0.726
frog 0.000 0.629 0.713 0.832 0.570 | 0.700
girl 0.877 0.441 0.860 0.846 0.667 | 0.736
hummingbird 0.602 0.335 0.624 0.464 0.652 | 0.717
monkey 0.790 0.699 0.823 0.739 0.805 | 0.623
monkeydog 0.396 0.523 0.525 0.381 0.328 | 0.456
parachute 0.963 0.839 0.859 0.937 0.516 | 0.900
soldier 0.666 0.453 0.692 0.800 0.698 | 0.712
worm 0.844 0.705 0.782 0.800 0.506 | 0.752
Average loU 0.610 0.562 0.713 0.737 0.606 | 0.692

Table 6.5: Comparison to state-of the art unsupervised methods for video object
segmentation on the SegTrack dataset.

majority of cases, while it only falls behind the current state-of-the-art by a small
margin. Importantly, it is of particular note that the proposed analytically defined
architecture outperforms by a large margin a two-stream learning based architecture

specifically designed for the task of video object segmentation [32].
6.3.3.1 Qualitative evaluation

Finally, in addition to the detailed quantitative evaluation presented throughout
this empirical evaluation section, Figure 6.3 provides a detailed qualitative evalua-
tion comparing the results obtained using the proposed algorithm (on the left) to
the provided groundtruth (on the right) for examples derived from the SegTrack
dataset. The middle frame from each video is used for illustration here and a
side-by-side comparison for the entire duration of each video is made available at

http://www.cse.yorku.ca/~hadjisma/vos.html/.

140



birdfall

-
bird of paradisc

chectah

drift

bmx

frog;

T P

s

hlulullingi Tircl

monkco

monkeydog

>arachute

soldier

WOLTIL

Figure 6.3: Qualitative evaluation of the presented VOS algorithm on the SegTrack
dataset with our results shown on the left and the groundtruth shown on the right.
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6.4 Summary and Discussion

In summary, this chapter introduced a two-stream variant of the SOE-Net archi-
tecture that was dubbed MSOE-SO-Net and its performance was validated on the
challenging task of video object segmentation. Similar to Chapter 4, the role of
each component of the proposed algorithm was empirically validated. Notably, the
overall conclusions previously made in Chapter 5 with respect to the potential com-
plementarity between the motion and appearance stream were judiciously used in this
chapter with application to video object segmentation that is especially amenable to
showing this complementarity. In comparison to the state-of-the-art, the developed

approach showed strong performance.
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Chapter 7

On the Role of Learning

7.1 Introduction

Previous chapters in this dissertation focused on the description and evaluation of
the analytically defined ConvNet architecture introduced in Chapter 3, under various
settings. However, none of the previously presented evaluations involved learned
components. Therefore, the goal of this chapter is to introduce such components

into the proposed analytic framework to specifically investigate the role of learning.

7.1.1 Motivation

The SOE-Net model introduced in Chapter 3 was designed to be a generic architec-
ture for video understanding. While its efficacy was demonstrated in this dissertation
on different tasks, it remains interesting to evaluate the effect that learning can have

on such an architecture. This investigation is especially compelling given the simi-
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larly generic nature of learned ConvNets, which when trained with a specific dataset
are still able to adapt across various tasks and domains. Indeed, one of the unex-
pected benefits of training multilayer architectures is the surprising adaptability of
the features learned in the lower layers across different datasets and even different
tasks. Many state-of-the art recognition (e.g. [27, , ]) and detection (e.g.
[(61]) systems rely on transfer learning where network parameters are initialized from
models trained with a large scale dataset such as ImageNet [151] and later finetuned
for the specific task at hand. Systematic exploration of transfer learning strategies
even demonstrated that finetuning higher layers only while keeping the lower lay-
ers fixed led to systematically better performance when compared to finetuning the
entire network [188].

The adaptability of features extracted with multilayer architectures suggests that
features extracted at lower levels of the hierarchy tend to be common across different
tasks, thereby making multilayer architectures more amenable to transfer learning.
Similarly, investigations that visualized the filters learned in the lower layers of most
ConvNet architectures (e.g. [191, 165, 159, 10]) revealed the presence of structured
kernels similar to oriented bandpass filters. These findings suggest that it is inter-
esting to pursue the idea of a hybrid architecture whereby some components are
fixed based on analytic principles, while allowing other aspects to be learned and
adapt to the specifics of the task at hand. In addition to reducing the number of
learned parameters, thereby requiring less training data, this strategy also has the
potential to yield more interpretable architectures. Therefore, the work presented in

this chapter aims at investigating the role of learning in the realm of the analytic
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approach to network realization introduced in Chapter 3 and evaluating the relative
benefits of a hybrid architecture involving SOE-Net. The specific targeted task is

dynamic texture recognition.

7.1.2 Related Work

Recent research on ConvNet design made use of the observations mentioned above
regarding the nature of the learned filters in early layers of a ConvNet architecture.
Examples include work learning convolutional filters on networks initialized with
predefined bases sets, e.g. [31, 30, 182, 112, 198], or work including nonlinearities that
model phase information present in such bases, e.g. [159]. Other work more explicitly
aims at designing a hybrid architecture with fixed handcrafted layers defined over
SIFT features, which are locally encoded with Fisher Vectors, and learned layers
composed of fully connected layers [137]. More closely related to the work presented
in this chapter is the hybrid variant of ScatNet [132, 134], which relies on the ScatNet
architecture [18], described earlier in Chapter 2, for lower layers in combination with
learned architectures including local encoding layers and ResNets. While the hybrid
variant of ScatNet explores the benefit of added learned layers, it takes an ad-hoc
approach to selecting the number of ScatNet layers considered as well as the type of
learned layers. In contrast, the work proposed in this dissertation pursues a more
controlled approach to hybrid network design, thereby shedding more light on the

role of learning in a hybrid setting.
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7.1.3 Contributions

In light of previous research, the contributions of this chapter are as follows. 1) A
systematic evaluation of the role of learning with each SOE-Net layer is conducted to
identify optimal points for introducing learning. 2) Consideration is given to various
learned architectures in combination with SOE-Net’s analytically defined layers. The
considered learned architectures include fully connected architectures, depthwise (i.e.
1 x 1) convolutional layers and standard learned 3D convolutional layers as well as
their combinations. 3) An analysis of the learned layers is provided, which sheds
light on their benefits and thereby opens new avenues for future improvements to
the analytic approach. 4) An evaluation of the hybrid architecture with training
data of various sizes is provided to study its stability in the face of limited training

data.

7.2 'Technical Approach

7.2.1 Augmenting SOE-Net with Learning

While SOE-Net’s building blocks are defined analytically based on theoretical con-
siderations, it can nevertheless be augmented with learning capabilities. Here, the
motivation is to add more flexibility to the network, such that it can adapt across
various applications, while still minimizing heavy reliance on learning. Learned com-
ponents can be introduced at various stages throughout the network such as learning
dataset biases via introduction of a learned bias term in the convolutional layers,

learning various filter parameters such as the orientations of the basis set, or aug-
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Figure 7.1: Potential places for augmenting SOE-Net with learning capabilities.

menting the network with fully learned layers by building on the analytically defined
components, e.g. see Figure 7.1. Further, the analytically defined network can be
used as the basis for fine-tuning, analogous to fine-tuning a pretrained network (e.g.
via transfer learning); however, in this case the pretrained network has been analyt-
ically defined and therefore did not itself require (pre)training.

In this work, the focus is on training additional layers attached to the otherwise
analytically defined SOE-Net layers, as is typically done in transfer learning settings
[188], to yield a hybrid network. In particular, after K iterations through SOE-Net’s
recurrence, the output of the last layer is followed by a learning based architecture,
as indicated on the far right side of Figure 7.1. In other words, SOE-Net can be
considered as a replacement for the costly pretraining of a typical learned architecture
that usually requires a very large dataset for video understanding tasks. A systematic

exploration of various learned architectures is considered in this work to identify
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good practices for achieving an optimal hybrid architecture. The particular learned

architectures that are added to SOE-Net are as follows.

Fully Connected Layers

Fully connected layers provide one-to-one connections between all units of any two
consecutive layers and thereby support global computations. They were exemplified
in the earliest artificial neural networks and remain standard as the upper layers in
most contemporary ConvNet architectures, e.g. [99, , 71, , , |, as they

have shown significant success in combination with lower convolutional layers.

Depthwise Convolutional Layers

Depthwise convolutions were first successfully introduced into ConvNets design with
the NiN architecture [105] and since became part of several popular ConvNet ar-
chitectures, e.g. [166, 71, 50]. Similar to the cross-channel pooling block used in
SOE-Net, their main goal is to achieve dimensionality reduction. Depthwise convo-
lutional layers reduce redundancies in the learned filters by learning combinations
along the channel dimension, while otherwise leaving the pixelwise feature maps

untouched.

Learned 3D Convolutional Layers

Learned 3D convolutional layers are used here as the natural substitute for the analyt-
ically defined convolutional layers of SOE-Net that rely on a predefined 3D oriented

basis set.
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7.2.2 Training Details

A variety of complementary training options were considered in augmenting SOE-
Net with learned layers. Specifically, in terms of training strategies, a non-trivial
number of variations were considered to identify the ideal training hyperparameters
for providing a fair comparison across experiments, including various settings of the
learning rate, batch sizes as well as weight decay. Also, different methods to combat
overfitting were considered including variations of dropout ratios, data whitening
and learning rate scheduling. Out of the various tested combinations, the results
reported below are obtained as follows.

After K iterations through SOE-Net the last layer is followed by a global sum
pooling layer in which the extracted features are aggregated over the entire spacetime
volume (except for the case of depthwise convolutions, in which case the learned
layers are introduced prior to global pooling). Subsequently, one of the learned
architectures mentioned above (i.e. fully connected, depthwise convolution or learned
3D convolution) is added. Implementation details for these architectural layers are
provided in Sections 7.3.1 through 7.3.3. Finally, a softmax layer is added to yield
classification.

The network was trained with a mini batch size of 32 for a total of approximately
100 epochs with early stopping in case of overfitting. It was found that using two
different learning rates during training yielded the best results across experiments.
In particular, the learning rate is set to 10~ for the learned layers, whereas a higher
learning rate of 1072 is used for the last softmax layer. The weight decay is set to

5x10~* and the dropout ratio for fully connected layers is set to 0.5 in all experiments.
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More details pertaining to the implementation of each learned architecture evaluated

here are presented in their corresponding sections below.

7.3 Empirical Evaluation

Given that the SOE-Net architecture was thoroughly investigated under the task
of dynamic texture recognition, this application will again be used in this chapter
for the sake of completeness and consistency with the rest of this dissertation. In
particular, the evaluations presented here will rely on the dynamic organization of the
DTDB dataset introduced in Chapter 5. DTDB is chosen here for two main reasons.
First, it is the only dynamic texture dataset that is large enough to support training
based evaluations. Second, it provides a true dynamics based organization allowing
better judgment on the various networks’ abilities to capture pattern dynamics.
Notably, all experiments presented here relied on a reduced resolution version of
DTDB where all sequences have been resized to a spatial resolution of 128 x 171.
During training, centrally cropped clips of size 112 x 112 x 42 are randomly sampled
from each sequence, whereas all clips covering the entire duration of a sequence are
considered during testing. Reliance on the reduced resolution version was necessi-
tated by available computational resources to allow for training different networks
of various sizes under the same input settings. As a point of comparison, a simple
version of training-free SOE-Net is used for a baseline where the extracted features
are used with a simple logistic regression classifier. Importantly, because all learning

based experiments relied on the reduced resolution dataset, a smaller instantiation
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of SOE-Net (i.e. using 4 layers and one scale only, as well as smaller 7-tap filters)
is used here and therefore all results of the hybrid SOE-Net should be compared to

this new baseline.

7.3.1 SOE-Net with Fully Connected Layers

The first natural place to augment SOE-Net with learning capabilities is via the
introduction of additional Fully Connected (FC) layers. The results reported here
were obtained using 2 fully connected layers of size 2048 each. Also, to identify layers
of SOE-Net benefiting the most from introducing learned layers, instantiations of
SOE-Net of various depths (i.e. layers, K) were used in conjunction with a global

sum pooling layer, fully connected layers and a softmax.

No-FC | Learned Parameters || With-FC | Learned Parameters
SOE-Net-1 29.6 - 53.6 ~4.2M
SOE-Net-2 | 62.8 - 66.8 ~5.0M
SOE-Net-3 | 64.1 - 66.9 ~5.8M
SOE-Net-4 | 67.0 - 68.4 ~7.5M

Table 7.1: Augmenting SOE-Net with fully connected layers. Two learned fully con-
nected (FC) layers are introduced following a systematically varied number of ana-
lytically defined convolutional layers. In the first column, SOE-Net-K corresponds
to a K layer SOE-Net. No-FC results are obtained with the learning free SOE-Net,
whereas With-FC are obtained with additional learned FC layers. In this and all
tables of results in this chapter, the reported performance numbers correspond to
dynamic texture recognition accuracy on DTDB’s dynamics organization. Also, the
number of learned parameters is reported in the order of millions of parameters (M),
unless otherwise stated, e.g. ~4.2M corresponds to around 4.2 million parameters.

As can be seen in Table 7.1, the initial strategy for turning the learning free

SOE-Net into a hybrid network via addition of learned fully connected layers, shows
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very high promise and illustrates the benefit of augmenting SOE-Net with training.
However, it is clear that fully connected layers become less useful as we add more
convolutional layers to SOE-Net. For example, using 2 layers of SOE-Net and learned
FC layers is almost equivalent to using 4 layers of SOE-Net without requiring any
learned parameters. Nonetheless, we can see that the system always learns some
useful information by attaching F'C layers to the last layer of SOE-Net, independently
of the number of SOE-Net layers used. It is notable, however, that all improvements
offered by augmenting SOE-Net with learning come at a considerable cost of needing
to learn many parameters (e.g. up to 7.5 million with SOE-Net-4). Still, these
results suggest an interesting way forward to further investigate hybrid architectures
and identify the balance between analytically defined and learned layers for optimal

performance.

7.3.2 SOE-Net with Depthwise Convolutions

Following previous work, e.g. [132, |, this experiment explores the benefits of
using Depthwise Convolutions (DC) as a learned local encoding method that learns
pixelwise combinations over the features extracted with SOE-Net. This strategy
allows for exploring the benefits of learning relationships along the various features
dimensions only (i.e. without directly altering the features along the spatiotemporal
dimensions, as would be the case using standard convolutions). Notably, as opposed
to previous work, i.e. [132 |, no fully connected layers are used at this stage to
avoid confounding variables in the analysis of depthwise convolutions. In particular,

one layer of 1 x 1 convolutional filters is attached to the K" layer of SOE-Net with
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a target reduction in the dimensionality of the extracted features of one order of
magnitude. The resulting feature maps are then followed by a global pooling layer
and a softmax as in the previous experiment. Notably, this experiment was not
performed for a 1 layer instantiation of SOE-Net due to the very small number of
feature maps at layer 1, thereby making such an experiment trivial (i.e. SOE-Net-
1 only has 20 channels, as opposed to SOE-Net-2 for example, which includes 400

channels).

No-DC | Learned Parameters | With-DC | Learned Parameters
SOE-Net-1 | 29.6 - -
SOE-Net-2 | 62.8 - 59.2 ~16K

SOE-Net-3 | 64.1 - 64.1 ~65K
SOE-Net-4 | 67.0 - 60.0 ~258K

Table 7.2: Augmenting SOE-Net with depthwise convolutional (DC) layers. One
layer of depthwise (i.e. 1 x 1) convolutions is introduced on top of a systematically
varied number of analytically defined convolutional layers. In the first column, SOE-
Net-K corresponds to a K layer SOE-Net. No-DC results are obtained with the
learning free SOE-Net, whereas With-DC are obtained with additional learned DC
layers. Notably, here the number of learned parameters is reported in the order
of thousands of parameters (K), e.g. ~258K corresponds to around 258 thousand
parameters.

While the results in Table 7.2 suggest that depthwise convolutional layers are not
as beneficial in the pursuit of a hybrid architecture as fully connected layers, those
results also reveal a rather interesting behavior for the 3 layer instantiation of SOE-
Net. Indeed, while using DC layers lead to a decrease in performance compared to
learning-free SOE-Net, with layer 4 suffering the most, it is notable that SOE-Net-3
results are not similarly affected. This makes layer 3 a potential candidate position
to introduce learned components.

Based on this observation, it is interesting here to visualize the filter weights
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learned at layer 3 for further analysis. To this end the depthwise learned filters are
extracted and the weights representing the contributions of each SOE-Net-3 channel
in the encoding are summed and summarized in a histogram. Given that the learned
filters entail positive and negative weights, two histograms (representing the amount
of times a given channel participates in the encoding positively and negatively) are
generated, as shown in Figure 7.2. These results show that all channels participate
in the encodings to various extents. More importantly, these results show the impor-
tance of capturing negative combinations of channels as evidenced by the prevalence
of learned negative weights across channels. Notably, such negative weights were
also present in the weights learned at other layers. Such negative combinations are
not explicitly modeled in the SOE-Net architecture and this suggests an interest-
ing way forward to improving the analytic definition of SOE-Net by capturing such

combinations.
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Figure 7.2: Analysis of learned depthwise convolutional filters.
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7.3.3 SOE-Net with 3D Convolutional Layers

Next, it is interesting to replace SOE-Net analytically defined layers with Learned
3D Convolutional (L3D) layers. Here, the goal is to identify layers that may benefit
the most from learning. To achieve this goal, SOE-Net layers are slowly replaced
with learned layers starting from the last layer of SOE-Net, thereby going from
a completely learning-free architecture (i.e.[SOE-Net-4, L3D-0]) to a fully learned
network (i.e.[SOE-Net-0, L3D-4]). Each learned layer introduced is set up to match
exactly its corresponding SOE-Net layer both in terms of the number of input and
output channels as well as the filter sizes (i.e. 7 x 7 x 7 kernels are used). Also,
following standard practices in defining learned 3D spatiotemporal ConvNets (e.g.
[169, 23]), each L3D layer is followed by a ReLU rectification and a pooling layer

with a stride of 2.

Accuracy | Learned Parameters
No learned Layers | [SOE-Net-4, L3D-0] 67.0 -
[SOE-Net-3, L3D-1] 68.6 ~4.4M
. . [SOE-Net-2, L3D-2] 68.0 ~5.5M
Replacing SOE-Net with L3D [SOE-Net-1, L3D-3] 612 Y
[SOE-Net-0, L3D-4] 60.8 ~5.8M

Table 7.3: Replacing SOE-Net layers with learned 3D (L3D) convolutional layers.
SOE-Net analytically defined layers are progressively replaced with standard learned
3D convolutional layers. In this case, [SOE-Net- K, L.3D-N] corresponds to a K layer
SOE-Net attached to a N layer L.3D convolutional layers

The results summarized in Table 7.3 demonstrate that learning layers 3 and 4
yield better results in comparison to the learning-free SOE-Net, with the greatest
benefit coming from learning layer 4 alone. Reflecting back on the results of the

previous experiment, the overall outcome of the current experiment further indicate
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the adequacy of introducing learned components after layer 3 of SOE-Net.

Given the superiority of a learning-based layer 4 in comparison to the learning-free
layer of SOE-Net, it is compelling to compare the learned filters to the analytic basis
set. For this purpose, all filters learned at layer 4 are compared to each one of the
10 oriented 3" order Gaussian derivative filters used in SOE-Net, using Normalized
Cross Correlation (NCC). The NCC scores for all learned filters are averaged for each
oriented filter separately, while making sure to treat positive and negative correlations
separately (i.e. positive NCC scores are averaged together and similarly for negative
NCC scores). The results, summarized in the histograms shown in Figure 7.3, reveal
two interesting features of the learned filters. First, it is seen that there exists
almost as many positively correlated filters as negatively correlated ones. This result
suggests the learning of similar filters that are simply out of phase versions of one
another. This observation is in line with previously reported research analyzing the
shape of learned filters, e.g. [159], and speaks decisively in favor of the two-path
rectification strategy adopted in SOE-Net. Second, it is seen that the learned filters
are relatively correlated with the oriented basis set employed in SOE-Net, to various
extents. A closer inspection of the learned filters, as shown in Figure 7.4 depicting
the most highly correlated learned filter with one of the oriented basis filters, further
confirms the presence of an oriented bandpass structure in the learned filters. This
observation further indicates the suitability of using oriented basis sets at higher
layers, as advocated in the design of SOE-Net. On the other hand, the relatively
lower correlation scores suggests a potential way forward, which may involve learning

the specific filter tunings to better adapt to the data.
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Figure 7.4: Visualization of one of the filters learned at Layer 4 in the employed
[SOE-Net-3, L3D-1] architecture. The filters shown depict the most highly correlated
pair with the (top) filter being one of the channels in the oriented basis set used in
SOE-Net and the (bottom) filter being the learned filter with the highest NCC score
when compared to the top filter.
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Figure 7.5: Distribution of the residual error resulting from fitting each filter learned
at layer 4, in the [SOE-Net-3, L3D-1] setting, to a 3"%-order Gaussian derivative filter.

Recall that the orientations of the analytically defined basis filters used in SOE-
Net were set to uniformly sample the set of directions in 3D (Section 3.2.2); however,
the specific orientation of that overall sampling was arbitrarily specified. Therefore,
it is possible that the learned filters correspond to 3D oriented bandpass filters along
different directions and scales than those of the analytically defined basis. To evaluate
this possibility, all of the learned filters were least-squares fit to a 3"¥-order Gaussian
derivative model. The distribution of resulting residuals is shown in Figure 7.5,
which strongly suggests that the learned filters are in fact well modeled as oriented
bandpass filters. This result suggests that the lower correlations shown in Figure 7.3
arise not because the learned filters are not oriented bandpass in nature, but rather
because the learning has selected a different set of orientations and scales from those
that were specified for the analytically defined set.

Overall, these results further emphasize the suitability of oriented bandpass filters
at higher layers of a ConvNet and show the potential role of learning the specific filter

tunings in future instantiations of the SOE-Net model.
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7.3.4 Hybrid SOE-Net

The analysis of hybrid models presented so far considered three potential learned ar-
chitectures in isolation; however, these architectures are usually used in combination
in standard learned ConvNets, e.g. [105, , |. Therefore, it is now interesting to
study the potential benefit of their combination. Based on the results of the previous

experiments, the combined architectures are introduced after layer 3 of SOE-Net.

FC L3D-1 DC | Accuracy | Learned Parameters

- - - 64.1 -

v - - 66.9 ~5.8M

- v - 68.6 ~4.3M
SOE-Net-3 | - - v 64.1 ~65K

v v - 70.0 ~8.8M

v - v 68.3 ~4.4M

v v v 69.8 ~9M

Table 7.4: SOE-Net hybrid architecture. SOE-Net analytically defined layers are
combined with various learned layers to identify the optimal hybrid architecture.
Here, FC, L3D-1 and DC layers rely on the same settings used in the experiments
exploring their use individually as described in Sections 7.3.1, 7.3.2 and 7.3.3, re-
spectively. v* indicates active components.

Table 7.4 presents a detailed analysis of the various combinations considered.
From these results it appears that using fully connected layers in combination with
any other architecture is always beneficial. This observation may be attributed to
the fact the FC layers entail the largest number of learned components. Interest-
ingly, using depthwise convolutions in combination with standard 3D convolutions
does not bring an added value. Overall, combining the spatiotemporal SOE-Net
architecture with a learned spatiotemporal architecture (i.e. using 3D convolutions)

and fully connected layers results in the best hybrid architecture. Motivated by this
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No-FC | Learned Parameters || With-FC | Learned Parameters
L3D-1 68.6 ~4.3M 70.0 ~8.8M
SOE-Net-3 | L3D-12 73.5 ~10.7M 74.2 ~15.6M
L3D-123 | 74.2 ~16.3M 72.5 ~20.4M

Table 7.5: Deeper hybrid SOE-Net. Here L3D-1, L3D-12 and L3D-123 correspond
to adding 1, 2 and 3 Learned 3D convolutional layers following a 3 layer SOE-Net as
well as 2 fully connected layers of size 2048 each.

observation, experiments including more L3D layers attached to SOE-Net-3, followed
by 2 fully connected layers of size 2048 each, were also considered and the obtained
results are summarized in Table 7.5. Here, adding more than one L3D layer (i.e. for
L3D-12 and L3D-123) necessitated the use of smaller tap filters, to minimize border
artifacts, due to the reduction in the resolution of the data caused by the pooling
blocks used in each L3D layer; see Section 7.3.3 for the definition of an L3D layer.
Specifically, filters of size 5 x 5 x 5 and 3 x 3 x 3 are used in L3D layers 2 and 3
respectively, whereas filters of size 7 x 7 x 7 are used in all SOE-Net layers as well
as L3D-1.

The results in Table 7.5 show the benefit of adding more learned layers on top of
SOE-Net. First, it is seen that, in the presence of fully connected layers, adding 2
learned convolutional layers brings a larger improvement in performance compared
to its 3 layer counterpart. This behavior can largely be attributed to the significant
increase in the number of learned parameters in the latter case. Conversely, when no
fully connected layers are used, more learned convolutional layers continue to improve
the overall performance. These results are in line with the observations reported in
Section 7.3.1, which demonstrated that adding more SOE-Net layers makes the fully

connected layers less beneficial. Finally, reflecting back on the overall conclusion of
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Chapter 5, this experiment confirms the benefits of further developments involving

learning based approaches in combination with SOE-Net.

7.3.5 Hybrid SOE-Net with Limited Data

The results of the previous section resulted in the design of a hybrid SOE-Net ar-
chitecture and demonstrated its benefits in terms of overall performance. It is now
interesting to investigate the benefits of this hybrid architecture in terms of its sta-
bility in the face of limited training data. For this purpose, a hybrid architecture
consisting of a 3 layer SOE-Net, 2 L3D layers and 2 FC layers is used, i.e.[SOE-Net-3,
L3D-12, FC-2], as it yielded the right balance between performance and number of
learned components; see Table 7.5. In addition to the settings used in the previous
experiment, where the entire train set is used for training hybrid SOE-Net, here other
settings with decreasing amounts of training data are also considered. Specifically,
X% samples are randomly selected from each class in the training set, while still
using the entire test set for testing. The variations considered include using 75%,
50% and 25% of the entire training set. For comparison, an equivalent fully learned
architecture (i.e. corresponding exactly to the hybrid architecture employed here)
dubbed L3D-Net, is also trained under the same settings. Notably, the number of
training parameters in L3D-Net corresponds to ~17M, which accounts for an increase
of only ~1.4M parameters compared to its hybrid SOE-Net counterpart.

The results, summarized in Figure 7.6, show that hybrid SOE-Net performance
degrades less rapidly compared to L3D-Net. For example, when only 50% of the

data is used for training the performance of hybrid SOE-Net drops by ~9% whereas
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Figure 7.6: Performance of hybrid SOE-Net, using the [SOE-Net-3, L3D-12, FC-2]
setting, compared to its fully learned counterpart with limited training data. Here
comparison is made in terms of overall classification accuracy when using the entire
test set for testing and different amounts of training data presented during training.

L3D-Net performance drops by ~13% under the same settings. These results speak
in favor of hybrid SOE-Net stability compared to its fully learned alternative, even
while the number of learned parameters in the latter is not much larger than the
former, i.e. L3D-Net has only 8% more parameters to learn compared to hybrid
SOE-Net.

To further evaluate the stability of hybrid SOE-Net compared to its fully learned
counterpart, it is important to examine their behaviors during training. Figure
7.7 depicts training versus testing loss curves for the different settings considered
with data collected every 20 iterations during the training process. These results
further confirm the superiority of hybrid SOE-Net when confronted with limited
training data, where it incurs relatively low overfitting independently of the amount
of training data used. On the other hand, dramatic overfitting is observed with

L3D-Net early on during the training process.
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Figure 7.7: Training behavior of hybrid SOE-Net compared to its fully learned
counterpart with limited data. Here training stability comparison is made between
(left) hybrid SOE-Net using the [SOE-Net-3,L3D-12,FC-2] setting and (right) its
equivalent fully learned counterpart. Each plot depicts train (orange) and test (blue)
loss curves with data collected every 20 iterations during the training process. (a)
Corresponds to training with 75% of the data, (b) corresponds to training with 50%
of the data and (c) corresponds to training with 25% of the data.
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7.4 Summary and Discussion

In summary, this chapter presented a systematic exploration of the role of learned
components in the realm of the analytically defined ConvNet presented in this disser-
tation. In particular, the focus in this chapter was on combinations of the analytically
defined model, i.e. SOE-Net, with additional learned architectures. This systematic
analysis yielded a hybrid architecture, which not only demonstrated better perfor-
mance compared to its fully learned counterpart, but also proved more robust when
confronted with scarce training data. These results show high promise for future
work exploring more hybrid variations, including other learned architectures as well

as introducing learning in some components of the SOE-Net model itself.
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Chapter 8

Summary and Conclusions

8.1 Summary and Overall Discussion

The obscure nature behind the success of ConvNets has sparked a significant interest
in understanding their behavior and their learned components, as was throughly dis-
cussed in Chapter 2. Correspondingly, the main goal of this dissertation, introduced
in Chapter 1, was to shed light on the operations of ConvNets in an effort to under-
stand this wide success. To achieve this goal, a controlled approach to network design
was adopted to minimize the number of unknowns and thereby yield a more inter-
pretable ConvNet. Consequently, this dissertation presented an analytic framework
for network realization that is completely learning free and where all components are
designed based on theoretical considerations. The resulting representation is there-
fore readily interpretable in terms of multiorientation, multiscale properties of the

input imagery.
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Overall, the key results that have been presented are as follows.

e This work is the first to propose an analytically defined ConvNet architecture
for spacetime image understanding, SOE-Net. The main features of the pro-
posed architecture, rigorously defined in Chapter 3, can be summarized in five
main points as follows: 1) A small set of theory motivated, analytically defined
filtering operations are employed in cascade to yield a hierarchical representa-
tion. 2) The same set of operations are applied repeatedly via a recurrent
connection; however, different information is extracted at each layer as the
input changes due to the operations of the previous pass. 3) A two-path recti-
fication is used to explicitly capture phase information that is usually learned in
standard ConvNets. 4) Divisive normalization is applied to minimize sensitiv-
ity to multiplicative contrast variations and for practical signal representation.
5) The signal properties and the knowledge of feature map definitions (i.e. as
all other aspects of the network are known) are employed to determine pooling

parameters precisely, both spatiotemporal and cross-channel.

e The proposed analytical framework to network design was thoroughly evaluated
on two different tasks in Chapters 4 through 6, 7.e. dynamic texture recognition
and video object segmentation. The efficacy of the approach was demonstrated
where it yielded state-of-the-art performance compared to its alternatives, even

while considering other learning based architectures.

e [t was demonstrated that analytic principles can be applied with success to

more than one architecture design. In particular, a 3D spatiotemporal ar-
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chitecture, i.e. SOE-Net, was used for a task that relies on capturing pattern
dynamics (i.e. dynamic texture recognition) and a two-stream architecture, i.e.
MSOE-SO-Net, for a task relying on the complementarity between appearance

and motion information (i.e. video object segmentation).

e In addition to the main theoretical contributions, this dissertation also intro-
duced the world’s largest dynamic texture database (DTDB) in Chapter 5 and
provided two different organizations (i.e. appearance and dynamics based).
DTDB has been released to the public. This dataset allowed for uniquely in-
sightful experiments regarding the ability of major classes of spatiotemporal
ConvNets to capture pattern dynamics versus appearance and participated in
better understanding their shortcomings. Also, the availability of such a large
scale and complementary dataset highlighted the importance of adapting the

data to the end task in transfer learning settings, as shown in Appendix B.

e In conjunction with the new database, a new tack on learning based architec-
tures also was proposed via the introduction of the MSOE-two-stream described
in Chapter 5. The use of a new input representation in this network further
highlighted the importance of using theoretically motivated considerations in
filter specification, even when those considerations are used to modify the first

layer representation only.

e While the adopted controlled approach to network design yielded a strong
learning-free model, the value of introducing learned components was also con-

sidered in Chapter 7. That analysis further highlighted the benefits of the pro-
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posed framework, allowing for the design of a robust hybrid architecture taking
the best from both worlds. In addition, the systematic analysis of hybrid archi-
tectures suggested ways to improve the learning-free SOE-Net. Indeed, these
suggestions lead to interesting directions for future research, as discussed in

the next section.

8.2 Future Work

In light of the work presented in this dissertation, several directions for future research

can be considered, as follows.

e From a model learning perspective, the benefit of introducing learned compo-
nents to an otherwise analytically defined ConvNet was documented in this
dissertation via adding learned layers after the analytically defined layers. In
future work, further considerations for learning specific network parameters
within the SOE-Net model itself can be examined. Potential places that can
benefit from this approach include learning specific filter tunings such as filter
orientations and scales as well as additional biases. Also, the analytically de-
fined SOE-Net could itself be fine-tuned to adapt to specific tasks. The results
of such an exploration could lead to directions for introducing further analytic
definitions into the model design, thereby yielding even more interpretable hy-

brid architectures.

e From a network design perspective, it should be noted that all architectures

considered in this dissertation are feedforward. However, it would be interest-
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ing to consider variations that include feedback connections as well. Notably, it
is known that such connections are prevalent in the visual cortex [96]. For ex-
ample, use of feedback connections could be used to produce an even shallower
network, while maintaining performance. Further, use of feedback connec-
tions has been shown to yield especially good performance with applications
involving grouping and attention such as segmentation [39] and detection [160].
Therefore, including such connections is an especially compelling direction for
future work involving the use of the analytic framework presented in this dis-
sertation. For example, it would be interesting to examine the benefit of such

connections with application to video object segmentation.

From the dataset perspective, DTDB with its dual organization can be used
in other tasks involving dynamic texture description. For example, the dual
organization can be used for an attribute based dynamic texture description
task (e.g. pluming vs. boiling volcano or turbulent vs. wavy water flow), as
done in static scene attribute based description [183]. Also, the same dataset
can be used in multi-modal description tasks in which the sound produced by
the texture in motion can be used as well. (Audio tracks are available for many
of the DTDB entries.) In addition, DTDB can be used as a valuable tool for
several other applications beyond dynamic texture description alone. Examples
include dynamic texture synthesis as well as dynamic scene segmentation and
recognition, where dynamic textures constitute the building blocks of such

scenes.
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Appendix A

SOE-Net Visualizations

Figure 3.2 presented in Chapter 3 (reproduced here as Figure A.1 for convenience)
provides visualizations of layerwise processing results of SOE-Net on two different
examples. Here a detailed description of the operations illustrated in the figure is
provided. Snapshots from the corresponding video' as well as additional real life
examples are shown in Figures A.2 and A.3.

Notably, for the sake of clarity in illustration, only a small number of orientations
(3), scales (1) and layers (2) are used in the visualizations. A larger number is used

in practice, as specified in Chapter 3.

!The corresponding video as well as corresponding real life examples can be found at:
https://www.youtube.com/watch?v=1IR76 ADMjJA
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Figure A.1: Emergence of abstract features via repeated filtering. (Left) Input syn-
thetic sinusoidal pattern alternately moves right (orientation along z-t diagonal)
and stays static (orientation parallel to time axis). (Right) Same pattern moving
right behind a static picket fence with same spatial pattern (i.e. background motion
viewed between the spaces in a stationary picket fence). SOE-Net is used with fil-
ters tuned to Rightward motion, Static (no motion) and Flickering (pure temporal
change). Layer 1 captures the local rightwardly moving and static portions; but not
the more abstract alternating temporal move-stop pattern of the left input, nor the
fact that the right input maintains the same spatially interleaved moving and static
stripes. Indeed, measurements aggregated over the volumes (shown as histograms on
the right) are the same at this layer. The difference is revealed at Lo after applying
the same filters on the R response of Ly: The move-stop behavior of the left texture
becomes explicit and yields a large F response. In contrast, the constant rightward
motion and picket fence of the right texture yield a large S response. In practice,
more directional filters are applied at each layer; see Sec. 3.2.2.
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A.1 The Move-Stop Example

The first pair of examples, depicted in Figure A.2, provide visualizations of synthetic
and natural image sequences showing a pattern that alternately moves and then
stops across time. The synthetic input is the same as illustrated on the left side
of Figure A.1. A synthetic example was used in the body of the dissertation for
the sake of clarity with regards to the exact input image composition. The natural
image analogue that is additionally provided here shows that the pattern of results

generalizes to real-world scenarios.
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Figure A.2: Snapshots from the synthetic move stop example (left) as well as its

corresponding real life example, illustrating a fence alternately moving and stopping
(right).

The synthetic example in this pair depicts a vertically oriented spatial sinusoidal
grating that alternates moving rightward one pixel/frame and remaining stationary
in time. It is seen in Layer 1 filter results that when the pattern is in motion there are
relatively large responses in the Rightward channel and small responses in the Static

channel, whereas when the pattern is stationary there are relatively small responses
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in the Rightward channel and large responses in the Static channel. In contrast, there
are only negligible responses in the Flicker channel throughout. (Larger responses
are shown as brighter image intensities.) The aggregate responses for each channel
over the entire spacetime volume, shown as histograms at the right side of the Layer
1 depiction, reflect these response patterns well. Thus, Layer 1 results accurately
capture the local motion of the input pattern. Notably, however, the more global
spatiotemporal pattern of move-stop is not made explicit at this layer of processing.

The illustrated results for Layer 2 are generated by applying the same set of
three filters (Rightward, Static and Flicker) to the Rightward output of Layer 1. In
contrast to Layer 1 results, at Layer 2 it is seen that throughout the entire video there
are large responses only in the Flicker channel. Thus, Layer 2 results capture the
more global move-stop pattern in terms of temporal change (i.e. Flicker). Again, the
aggregate responses shown as histograms at the right side of the Layer 2 depiction
reflect these patterns well.

The natural image example of this pair depicts a vertically oriented bamboo fence
that alternates moving rightward and remaining stationary in time. The pattern of
processing results is exactly analogous to what was found for the corresponding syn-
thetic example: At Layer 1 large responses alternate in time between the rightward
and static filterings as the input pattern moves and stops, respectively. At Layer 2
a large response is found only in the Flicker filtered result, capturing the temporal
change as the fence moves and stops.

Overall, this pair of examples visualize how Layer 1 results capture local pat-

tern structure (e.g. local motion), while Layer 2 captures more global and abstract
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structure (e.g. spatiotemporal arrangement of local motions).

A.2 The Picket Fence Example

The second pair of examples, shown in Figure A.3, provide visualizations of synthetic
and natural image sequences showing background motion as seen through the spaces
in a static picket fence. The synthetic input is the same as illustrated on the right
side of Figure A.1. As before, a synthetic example was used for the sake of clarity
with regards to the exact input image composition. The natural image analogue
that is additionally provided here shows that the pattern of results generalizes to

real-world scenarios.
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Figure A.3: Snapshots from the synthetic picket example (left) as well as its corre-
sponding real life example, illustrating a picket fence moving in front of a static one
(right).

Input 2

The synthetic example in this pair depicts the same spatial pattern as in the pre-
vious synthetic example, but now it moves rightward (1 pixel/frame) behind a static

picket fence with the same spatial pattern. At Layer 1, the locally moving vs. static
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portions of the pattern show as corresponding spatially alternating stripes of strong
responses in the Rightward and Static channels, respectively. In contrast, there are
only negligible responses in the Flicker channel throughout. (Larger responses are
shown as brighter image intensities.) The aggregate responses for each channel over
the entire spacetime volume, shown as histograms at the right side of the Layer 1 de-
piction, reflect these response patterns well. Thus, Layer 1 results accurately capture
the local motion of the input pattern. Notably, however, the more global temporal
consistency of the pattern (i.e. the same interleaved stripes of constant velocity back-
ground motion and stationary foreground fence persists throughout the input) is not
made explicit at this layer of processing. Indeed, the aggregate histogram responses
at this layer are the same for this pattern and the previous move-stop pattern (i.e.
the total amount of local rightward vs. static vs. flicker structure is the same).

As in the previous examples, the illustrated results for Layer 2 are generated
by applying the same set of three filters (Rightward, Static and Flicker) to the
Rightward output of Layer 1. In contrast to Layer 1 results, at Layer 2 the temporal
consistency of the pattern (i.e. the pattern does not change with time) is made
explicit as relatively large responses in the Static filtered results, with all other
responses relatively small. Corresponding results are also shown in the histograms
at the right side of the Layer 2 depiction.

Notably, Layer 2 histograms capture the differences between the move-stop ex-
ample (large Flicker response) vs. the picket fence (large Static response).

The natural image example in this pair depicts a fence that is seen moving right-

ward between the spaces in a similar non-moving fence. The pattern of processing

175



results is exactly analogous to what was found with the corresponding synthetic
example: At Layer 1 large responses alternate in space between the rightward and
static filterings according to the spatial locations of the moving and static fence com-
ponents, respectively. At Layer 2 a large response is found only in the Static filtered
result, capturing the temporal consistency of the global pattern.

This pair of examples thereby reaffirm the ability of SOE-Net to progressively
abstract from simple, local attributes to more abstract, global attributes across lay-

ers.
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Appendix B

Additional Details on DTDB

Definition and Use

This appendix consists of three main sections. Section B.1 provides an in depth dis-
cussion regarding the dynamics and appearance categories specification and thereby
complements Section 5.2.1 of the main document. This section also serves as a guide
to the visualizations and example sequences provided in Figures B.1 through B.5 as
well as the corresponding video!.

Section B.2 provides detailed description and implementation details of the base-
line algorithms used in the paper and thereby complements Section 5.3 of the main
document.

Finally, Section B.3.3 provides extensive results and additional comparisons with
previously reported results using the baseline spatiotemporal ConvNets evaluated in

Chapter 5 and it thereby complements Section 5.4 of the main document.

A corresponding video, which also describes with examples the logic behind the choice
of the 18 and 45 dynamic and appearance categories, respectively, can be found at:
https://www.youtube.com/watch?v=Gj43-hGiso8&feature=youtu.be
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B.1 DTDB Categories

B.1.1 Dynamic Categories Specification

As mentioned in Section 5.2.1, DTDB was created with the main goal of building a
true dynamic texture dataset where sequences exhibiting similar dynamic behaviors
are grouped together irrespective of their appearance. Previous work provided a
principled approach to defining five coarse dynamic texture categories based on the
number of spatiotemporal orientations present in a sequence [36], as given in the left

column of Table 5.2 in the main document, which is reproduced as Table B.1 for

convenience.
Original YUVL categories DTDB categories
Name/Description Name/Description Example sources
Aperture Problem conveyor belt, barber pole
Underconstrained spacetime orientation || | Blinking blinking lights, lightning
Flicker fire, shimmering steam
Single Rigid Object train, plane
Multiple Rigid Objects smooth traffic, smooth crowd
Dominant spacetime orientation 1| Smooth Non-Rigid Objects faucet water, shower water
Turbulent Non-Rigid Objects geyser, fountain
Pluming Non-Rigid Objects avalanche, landslide
Rotary Top-View fan, whirlpool from top
Rotary Side-View tornado, whirlpool from side
Multi-dominant spacetime orientation | | Transpa.rency translucent surfaces, chain link fence vs. background
Pluming smoke, clouds
Explosion fireworks, bombs
Chaotic swarming insects, chaotic traffic
‘Waves wavy water, waving flags
Heterogeneous spacetime orientation 1 Turbulence boiling liquid, bubbles
Stochastic windblown leaves, flowers
‘ Isotropic H J ‘ Scintillation ‘ TV noise, scintillating water ‘

Table B.1: Dynamics based categories in the DTDB dataset. A total of 18 differ-
ent categories are defined by making finer distinctions in the spectrum of dynamic
textures proposed originally in [36]. Subdivisions of the original categories occur ac-
cording to increased variance (indicated by arrow directions) about the orientations
specified to define the original categories; see text for details. Table reproduced from
Table 5.2 for convenience.

The original enumeration of coarse categories [30] is used here as a point of

departure, but the original categories are subdivided to yield a much larger set of
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18 categories, as given in the middle column of Table B.1. The original categories
are subdivided in a way that accounts for increased variance about the prescribed

orientation distributions in the original classes, as follows.

1. Sequences with a globally underconstrained spacetime orientation (i.e. sequences
that cannot be assigned an exact direction of motion because the recovery of
their corresponding spacetime orientation is ambiguous) were split into three
sub-categories starting from: (1) the most simple and typical example of un-
derconstrained spacetime orientation which is the case of aperture problem se-
quences, next are (2) sequences dominated by pure temporal luminance changes
which we refer to as blinking and finally (3) sequences with temporal lumi-
nance changes but tied with some level of spatial structural changes as well,

i.e. flicker. See Figure B.1 for corresponding visual examples.

Underconstrained Spacetime Orientation

r Increased variation/complexity
Aperture Problem Blinking
r v
w
Conveyor belt Blinking lights

\\

-

Barber pole/Stripes Lightning

Figure B.1: Sample finer distinctions made within DTDB’s underconstrained motion
category.
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2. Patterns falling under dominant orientation (i.e. sequences dominated by a
single spacetime orientation) were split into five sub-categories containing: (1)
single rigid objects, (2) multiple objects, (3) non-rigid objects, (4) turbulent non-
rigid and (5) pluming non-rigid objects, all exhibiting motion along a dominant
direction, albeit with increasing variance. See Figure B.2 for corresponding

visual examples.

Dominant Spacetime Orientation

Increased variation/complexity

Single Object Multiple Objects  Smooth Non-Rigid Turbulent Non-Rigid Pluming No;-Rigid

Avalanche

Landslide

Figure B.2: Sample finer distinctions made within DTDB’s dominant motion cate-
gory.

3. Patterns with multi-dominant (but countable/distinguishable) spacetime ori-
entations were split into six sub-categories by making finer grained distinctions
according to an increased number of dominant spacetime orientations. In par-
ticular, the following distinctions are made: (1) simple rotary motions seen from
the top, (2) simple rotary motions seen from the side, (3) two superimposed
motions, i.e. motion transparency or translucency, (4) particles expanding in

various directions i.e. pluming, (5) again particles expanding or diverging in
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different directions but with increased variance, i.e. explosion, and finally (6)
the extreme case of multiple objects all moving in different but distinguishable

directions that we call chaotic motion. See Figure B.3 for corresponding visual

examples.
Multi-Dominant Spacetime Orientation
= e e e mm e e m e e e mm e mm e mm e mm o = = g
| Increased variation/complexity _ I
1 Rotary top-view  Rotary side-view  Transparency Pluming Explosion Cha;tic motion |

LSS

"
Sky clouds Fireworks

4

Fan Tornado Translucent

surfaces

Whirlpool top Whirlpool side Snow fall

Smoke Exploding object || Swarming insects I

Figure B.3: Sample finer distinctions made within DTDB’s multi-dominant motion
category.

4. The next set of sequences are characterized by the composition of multi-dominant
but heterogeneous spacetime orientations. Such patterns are subdivided into
three sub-categories according to an increased level of complexity as (1) wavy
motion, (2) turbulent fluids and (3) stochastic motion. See Figure B.4 for cor-

responding visual examples.
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Heterogeneous Spacetime Orientation

Increased variation/complexity

[

Waves Turbulence Stochastic

Wavy water Boiling water

S

“

Waving flags Soda bubbles Windblown flowers
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Figure B.4: Sample finer distinctions made within DTDB’s heterogeneous motion
category.

5. Finally, the extreme case of sequences falling under the original category isotropic
does not permit further subdivision based on increased variance about its defin-
ing orientations, because although it may have significant spatiotemporal con-
trast, it lacks in discernible orientation(s), i.e. it exhibits isotropic pattern

structure. See Figure B.5 for corresponding visual examples.
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Isotropic Spacetime Orientation

Scintillation

Scintillating water

Figure B.5: Samples from DTDB’s isotropic motion category.

In the end, 58 different keywords were used (i.e. appearance based video tags)
to populate the entire dynamics based organization of the DTDB dataset and that
resulted in DTDB-dynamics containing ~ 10,020 videos divided into 18 different

dynamic categories.

B.1.2 Appearance Categories Specification

Because the main focus during data collection was dynamics, it was noticed that
not all appearance based video tags (or keywords) generated enough appearance
based sequences. For example, sequences with moving airplanes were used as part
of populating the single rigid object dynamic category but taken alone they did
not yield enough (i.e. > 100) appearance based sequences and therefore were not
used in the appearance based organization. The same rule applied to sequences of

shimmering steam (used in the flicker dynamic category) and translucent surfaces
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(used in the transparency dynamic category), among others. Therefore, to keep the
dataset balanced in the appearance organization and provide each category with a
similar amount of training samples, any category containing less than 100 sequences
was ignored in the appearance based organization.

In the end, 45 of the keywords (or appearance based video tags) were selected,
which taken together covered all the dynamics categories to specify appearance based
categories. The 45 selected keywords allowed for a complete and balanced appearance
based organization of the new DTDB dataset with ~ 9206 videos, which is also
complementary to the dynamics based DTDB. Labels beneath the individual images

in Figures B.1 - B.5 are indicative of the appearance categories.

B.2 Spatiotemporal ConvNets Evaluated:

Implementation Details

B.2.1 C3D

The original C3D network with eight convolutional layers (i.e. learned convolutional
filters, with interspersed nonlinear and pooling layers) followed by two fully con-
nected layers and a softmax layer is used and trained on each organization of DTDB
separately. Specifically, C3D with a softmax layer of 18 or 45 outputs is employed
depending on whether the training is performed on the dynamics or appearance ver-
sion of DTBD, respectively. For all experiments, the publicly available code of C3D?

is used with input videos split into non-overlapping 16-frame clips, as described in

2https://github.com /facebook /C3D
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the corresponding original paper [169].

Again, following the procedure described in the original paper for C3D, results
reported in Table 5.3 are obtained by averaging the softmax scores of all the 16-frame
clips of each video in the test set.

Transfer learning results reported in Tables B.2 and B.3 are obtained by apply-
ing the C3D network model, trained on either UCF101, DTDB-dynamics or DTDB-
appearance, densely to 16-frame clips of the input videos in YUVL and YUP-++.
In particular, as mentioned in Section B.3.1, pool5 layer features are extracted from
each 16-frame clip and averaged across the entire video. Notably, although it is com-
mon practice to use fc6 features when using C3D in transfer learning experiments,
preliminary evaluation revealed that for the case under consideration, features ex-
tracted from the last pooling layer of C3D yielded systematically better results than
fc6 and therefore all transfer learning experiments rely on those features. These
feature vectors are then normalized and fed directly to a linear SVM classifier for
recognition on YUVL [36] and YUP++ [30], respectively. Training the SVM classi-
fier is achieved using the standard leave-one-out procedure that is usually adopted
with the YUVL and YUP++4 datasets.

Finetuning results reported in Tables B.4 and B.5 are obtained following the
same procedure described above for the transfer learning experiments. However, in
this case, the C3D model pretrained on Sports-1M is used and finetuned on either
DTDB-dynamics or DTDB-appearance. Additional results obtained by finetuning

on UCF101 are also provided in Section B.3.3 of this appendix.
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B.2.2 Two-Stream ConvNet

In all the experiments with two stream networks, the original Two-Stream network
introduced in [162], where each stream is made of 5 convolutional layers followed
by two fully connected layers and a softmax layer, is used. Similar to the training
of C3D, each stream is trained separately from scratch on each version of DTDB
(i.e. a softmax layer with 18 outputs is used when training on DTDB-dynamics and
45 outputs when training on DTDB-appearance). Here, it is important to note that
these baseline appearance and motion streams involve a similar number of parameters
to be learned to that of C3D (i.e. ~ 88M learned parameters for each stream of the
Two-Stream network and ~ 80M for C3D), which allows for a straightforward and
fair comparison between the two networks. In implementation, the publicly available
code? for two stream networks is used. The RGB stream is trained with mini batches
of randomly selected and cropped 224 x 224 RGB frames at the input as outlined
in the original paper [162]. The same procedure is applied to the flow stream while
replacing the RGB frames at the input with stacks of L = 10 optical flow channels,
yielding an input to the temporal stream of size 224 x 224 x 2L. The optical flow
fields are extracted before training using the standard TVL1 optical flow algorithm
[190].

At test time, the softmax scores of all frames of each video in the test set are
averaged (i.e. similar to what was done for C3D) to obtain the final recognition
accuracy results for each stream as reported in Tables B.2 and B.3.

Also similar to the procedure described in the previous section for C3D’s eval-

3https://github.com/yjxiong/caffe
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uation, results of transfer learning reported in Tables B.4 and B.5 are obtained by
extracting pool5 feature vectors from the RGB and Flow streams as trained from
scratch under UCF101, DTDB-dynamics and DTDB-appearance. These features

are similarly normalized and fed to a linear SVM classifier.

B.2.3 MSOE-two-stream

For the proposed MSOE-two-stream network, the same architecture used for the
original two stream network [162] is employed. However, the use of stacks of optical
flow channels as input to the motion stream is eschewed in favor of using stacks
of appearance Marginalized Spatiotemporal Oriented Energy (MSOE) channels [30].
The MSOE representation was originally proposed in [30] to model dynamic textures
and it relies on 3D, (x,y,t), oriented filters that are applied to an input video along
multiple spacetime orientations to capture motion information along those various
directions. In the MSOE-two-stream, the 2 optical flow channels that represent mo-
tion in the z and y directions are replaced with the MSOE channels that capture
motion in various directions, 0;, and at various speeds, S;. In particular, 3D oriented
3re-order Gaussian derivative filters are used to extract 20 MSOE channels corre-
sponding to: static (or no motion), flickering motion in the horizontal and vertical
directions, as well as motions in the directions leftward, rightward, upward, down-
ward and the four diagonals, all at two different speeds, S;, corresponding to medium
(one pixel per frame movement) and fast (two pixels per frame movement) speed.
To this set an addition measurement is included that captures lack of structure in

the sequences; see [30] for a detailed description and the theory behind the MSOE
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representation.

Similar to what is done in the original optical flow motion stream, where the
2 optical flow channels are stacked along L. = 10 consecutive frames yielding an
input to the motion stream with 2 x L = 20 channels, stacks of the 20 MSOE
channels of I = 10 consecutive frames are used as well. This results in an input to
the MSOE stream with 20 x L = 200 input channels. Replacing optical flow with
MSOE channels leads to the newly proposed motion stream dubbed MSOE stream.
Combination of the MSOE stream with the RGB stream is performed via late fusion
using a linear SVM on the softmax scores of the individual streams as outlined in the
original Two-Stream network [162] and this combination via late fusion leads to the
newly proposed MSOE-two-stream network for dynamic texture recognition. Code
of MSOE-two-stream® is built on top of the original caffe implementation.

The exact same evaluation procedure outlined in the previous section for the stan-
dard two stream networks is adopted for evaluation of the newly proposed MSOE-
two-stream. Notably, with application to the transfer learning experiments, fusion
is performed through the concatenation of the pool5 layers of the RGB and MSOE
streams, as it does not make sense in this context to average those features since they
no longer represent softmax scores; instead, they are features encoding two different
but complementary information sources.

Finetuning results are obtained following the same procedure described for trans-
fer learning experiments, while using an RGB stream model pretrained on ImageNet.

This pretrained stream is then finetuned on DTDB-dynamics and DTDB-appearance

Yhttps://github.com/hadjisma,/
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to obtain the results in Tables B.4 and B.5. Here, it is important to remember that in
the original T'wo-Stream network [162] only the RGB stream was pretrained on Im-
ageNet, while the Flow stream was always trained from scratch on UCF101. Hence,
the same procedure is adopted in the finetuning experiment, whereby only the RGB
stream is finetuned from ImageNet pretraining while using MSOE stream trained
from scratch on either DTDB-dynamics or DTDB-appearance. Finally, similarly
to what was done for C3D, results of finetuning the RGB stream on UCF101 are

provided here.

B.2.4 Training

All baseline learning-based networks’ (i.e. C3D, Two-Stream and MSOE-two-stream)
hyper-parameters (e.g. momentum and dropout) are fixed as released in their respec-
tive original papers. Because the goal of Sections 5.4.1 and B.3.1 was to provide a
fair evaluation of the networks under consideration without obscuring the results
via use of a major confounding variable (e.g. use of the C3D model pretrained on
Sports-1M vs two-stream models pretrained on ImageNet), all the networks were
first trained from scratch on each dataset separately to obtain the results reported
in Tables 5.3, B.2 and B.3. For fair comparison, all networks are trained using the
same mini-batch size (set to 16 to fit GPU memory when using the large input size
of the MSOE stream, i.e. 224 x 224 x 200). Also, all networks are trained for the
same number of iterations (set to 100,000 iterations) and using the same learning
rate schedule starting from a learning rate of 1072 and lowering it two times after

50K and 70K iterations. Importantly, following this training strategy also resulted
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in no network incurring overfitting, as evidenced by only a minor difference between

training and testing errors in all cases.

B.2.5 Finetuning

In all experiments involving finetuning of the learning-based networks the publicly
available pretrained models were used following the same finetuning procedures out-
lined in each network’s original paper. In particular, for finetuning experiments on
C3D the available model as pretrained on Sports-1M is used and finetuned for 20K
iterations starting from a learning rate of 1073 that is lowered every 5K iterations.
For the RGB stream, the available model pretrained on ImageNet is used and the
finetuning procedure described in the original paper [162] is followed. Specifically,
this network is finetuned for 20K iterations starting from a learning a rate of 1072

that is lowered after 14K iterations.

B.2.6 SOE-Net

Following the original SOE-Net implementation presented in Chapter 4, a basis set of
3D third-order Gaussian derivative filters with 10 different orientations and 2 scales
is used. Also, given the relatively large spatiotemporal support of all the sequences
in the DTDB dataset, an instantiation of SOE-Net with 5 layers is used. All SOE-
Net results are based on feature vectors formed through the concatenation of the
last layer’s output at all scales, again, as performed in the original paper [64]. These
feature vectors are then normalized and fed directly to the classifier for recognition,

as outlined in the original paper.
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B.3 DTDB as a Training Substrate

In addition to using DTDB in its two organizations as an analysis tool to under-
stand spatiotemporal ConvNets” strengths and weaknesses, it can also serve as a
training substrate to advance research on dynamic texture recognition and other
related tasks. Therefore, in complement to the analysis provided in Chapter 5, addi-
tional evaluations addressing questions from the dataset’s perspective are presented
here. In particular, the analysis presented here addresses the following questions:
1) Does the new dataset provide sufficient challenges to drive future developments
in spatiotemporal image analysis? 2) Can the dataset be beneficial for transfer
learning to related tasks? And if so, 3) What organization of the dataset is more
suitable in transfer learning? 4) Can finetuning on the proposed dataset boost the
state-of-the-art on related tasks even while using standard spatiotemporal ConvNet

architectures?

B.3.1 Which Organization of DTDB Is Suitable in Transfer
Learning?
B.3.1.1 Experimental Protocol

Transfer learning is considered with respect to a different dynamic texture dataset
and a different task, dynamic scene recognition. The YUVL dataset [30] is used for
the dynamic texture experiments and it is chosen as a representative of a dataset
with categories mostly dominated by the dynamics of its sequences. For the dynamic

scene experiment, the YUP++ dataset [51] is used. YUP++ is the largest dynamic
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scenes dataset with 1200 sequences in total divided into 20 classes; however, in this
case the categories are mostly dominated by differences in appearance. Notably,
YUP++ provides a balanced distribution of sequences with and without camera
motion, which allows for an evaluation of the various trained networks in terms of
their ability to abstract scene dynamics from camera motion. Once again, for fair
comparison, the various architectures trained from scratch on DTDB are used in
this experiment because the goal is not to establish new state-of-the-art on either
YUVL or YUP++. Instead, the goal is to show the value of the two organizations
of the dataset and highlight the importance of adapting the training data to the
application. The conclusions of this experiment are used next, in Section B.3.2, as a
basis to finetune the architectures under considerations using the appropriate version
of DTDB.

For both the dynamic texture and dynamic scenes cases, the relative benefits of
training on the appearance vs. dynamics organizations of DTDB are considered.
Also, comparison to training using UCF101 is considered as a representative of a
similar scale dataset, but one that is designed for the rather different task of action
recognition. Since the evaluation datasets (i.e. YUVL and YUP++) are too small
to support finetuning, features are extracted from the last layers of the networks as
trained under DTDB or UCF101 and used for recognition (as done previously under
similar constraints of small target datasets, e.g. [169]). A preliminary evaluation
comparing the features extracted from the last pooling layer, fc6 and fc7, of the
various networks used, showed that there is always a decrement in performance going

from fc6 to fc7 on both datasets and out of 48 comparison points the performance
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of features extracted from the last pooling layer was better 75% of the time. Hence,
results reported in the following rely on features extracted from the last pool layer
of all used networks.

For recognition, extracted features are used with a linear SVM classifier using

the standard leave-one-out protocol usually used with these datasets [30, , 64].

B.3.1.2 Results

To begin, results of transfer learning applied to the YUVL dataset, summarized in
Table B.2, are considered. Here, it is important to emphasize that YUVL categories
are defined in terms of texture dynamics, rather than appearance. Correspondingly,
it is found that for every architecture the best performance is attained via pretrain-
ing on the DTDB dynamics-based organization as opposed to the appearance-based
organization or UCF101 pretraining. These results clearly support the importance of
training for a dynamics-based task on dynamics-based data. Notably, MSOE stream,
and its complementary MSOE-two-stream approach, with dynamics training show
the strongest performance on this task, which provides further support for MSOE
filtering as the basis for input to the motion stream of a two-stream architecture.
Comparison is now made on the closely related task of dynamic scene recogni-
tion. As previously mentioned, although YUP++ is a dynamic scenes datasets its
various classes are still largely dominated by differences in appearance. This domi-
nance of appearance is well reflected in the results shown in Table B.3. As opposed
to the observations made on the previous task, here networks benefited more from

an appearance-based training to various extents with the advantage over UCF101
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| YUVL-1 [ YUVL-2 | YUVL-3

C3D 61.4 65.4 55.7

RGB Stream 63.6 72.8 60.0

UCF101 based training Flow Stream 84.8 87.3 81.7
MSOE Stream 80.0 80.2 74.4

MSOE-two-stream 80.8 84.5 78.8

C3D 83.3 86.4 83.4

RGB Stream 68.1 75.4 65.0

Dynamics based training Flow Stream 87.7 86.9 83.1
MSOE Stream 89.2 89.3 84.8

MSOE-two-stream 90.7 91.4 87.6

C3D 82.2 85.4 80.9

RGB Stream 67.6 72.8 64.3

Appearance based training Flow Stream 86.7 85.7 81.3
MSOE Stream 87.7 87.3 83.6

MSOE-two-stream 89.8 90.2 86.7

Table B.2: Performance of spatiotemporal ConvNets trained using both organiza-
tions of DTDB on the various breakdowns of the YUVL dataset [30].

pretraining being particularly striking. In agreement with findings on the YUVL
dataset and in Section 5.4.1, the RGB stream trained on appearance is the overall
best performing individual stream on this appearance dominated dataset. Compar-
atively, MSOE stream performed surprisingly well on the static camera portion of
the dataset, where it even outperformed RGB stream. This result suggests that the
MSOE stream is able to capitalize on both dynamics and appearance information
in absence of distracting camera motion. In complement, MSOE-two-stream trained
on appearance gives the overall best performance and even outperforms previous
state-of-the-art on YUP++ [51].

Notably, all networks incur a non-negligible performance decrement in the pres-
ence of camera motion, with RGB being strongest in the presence of camera motion

and Flow suffering the most. Apparently, the image dynamics resulting from cam-
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| YUP++(S) | YUP++(M) | YUP++

C3D 62.5 55.8 58.3

RGB Stream 64.9 54.4 63.5

UCF101 based training Flow Stream 83.6 51.9 68.9
MSOE Stream 74.3 52.7 62.0

MSOE-two-stream 80.1 66.6 74.6

C3D 84.3 71.8 76.5

RGB Stream 81.8 73.7 78.3

Dynamics based training Flow Stream 89.3 64.7 76.8
MSOE Stream 90.0 67.5 78.4

MSOE-two-stream 93.3 81.5 87.7

C3D 85.0 73.7 78.1

RGB Stream 82.0 76.2 79.9

Appearance based training Flow Stream 90.6 65.8 77.0
MSOE Stream 91.0 69.5 79.1

MSOE-two-stream 94.7 83.2 89.6

Table B.3: Performance of spatiotemporal ConvNets trained using both organiza-
tions of DTDB on the Static and Moving camera portions of YUP-+4 and the entire
YUP++ [51].

era motion dominate those from the scene intrinsics and in such cases it is best to

concentrate the representation on the appearance.

B.3.1.3 Conclusions

This evaluation proved the expected benefits of the proposed dataset over reliance on
other comparably sized datasets that are not necessarily related to the end applica-
tion (e.g. use of action recognition datasets, i.e. UCF101 [164] for pretraining, when
the target task is dynamic scene recognition, as done in [51]). More importantly, the
benefits and complementarity of the proposed two organizations were clearly demon-
strated. Reflecting back on the question posed in the beginning of this section, the
results shown here suggest that neither of the organizations is overall better than
another in considerations of transfer learning. Instead, they are complementary and

can be used judiciously depending on the specifics of the end application.
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B.3.2 Finetuning on DTDB to Establish New State-of-the-

art
B.3.2.1 Experimental Protocol

This experiment evaluates the ability of the architectures considered in this study to
compete with the state-of-the-art on YUVL for dynamic textures and YUP-++ for
dynamic scenes when finetuned on DTDB. The goal here is to further emphasize the
benefits of DTDB when used to improve on pretrained models. In particular, we use
the C3D and two-stream models that were previously pretrained on Sports-1M [90]
and ImageNet [151], respectively, then finetune those models using both versions of

DTDB. Finetuning details are provided in Section B.2.5.

B.3.2.2 Results

To begin, consider the results on the YUVL dataset, shown in Table B.4. Here, it is
seen that finetuning the pretrained models using either the dynamics or appearance
organizations of DTDB improves the results of both C3D and MSOE-two-stream
compared to the results in Table B.2. Notably, the boost in performance is es-
pecially significant for C3D. This can be largely attributed to the fact that C3D is
pretrained on a large video dataset (i.e. Sports-1M), while in the original two-stream
architecture only the RGB stream is pretrained on ImageNet and the motion stream
is trained from scratch. Notably, MSOE-two-stream finetuned on DTDB-dynamics
still outperforms C3D and either exceeds or is on-par with previous results on YUVL

using SOE-Net.
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YUVL-1 | YUVL-2 | YUVL-3

State-of-the-art | SOE-Net [6]] 95.6 91.7 91.0

. . C3D 89.1 90.0 895
Dynamics based finetuning i—vremrr oo a7 92.7 90.0
‘ C3D 83.8 87.4 85.4

Apperance based finetuning |—vremmr o a0 91.2 878

Table B.4: Performance of spatiotemporal ConvNets finetuned using both organiza-
tions of DTDB on the various breakdowns of the YUVL dataset [30].

YUP++(S) | YUP++(M) | YUP++

State-of-the-art | T-ResNet [7]] 92.4 81.5 89.0

. . C3D 89.4 80.8 855
Dynamics based finetuning —gremp=rco e o 95.9 845 90.4
. C3D 90.0 82.7 86.3

Apperance based finetuning -rremp-c e S ——g0 g 87.0 91.8

Table B.5: Performance of spatiotemporal ConvNets finetuned using both organi-
zations of DTDB on the Static and Moving camera portions of YUP++ and the
entire YUP++ [51].

Turning attention to results obtained on YUP++4, summarized in Table B.5, fur-
ther emphasizes the benefits of finetuning on the proper data. Similar to observations
made on YUVL, the boost in performance is once again especially notable on C3D.
Importantly, finetuning MSOE-two-stream on DTDB-appearance yields the overall
best results and considerably outperforms previous state-of-the-art, which relied on
a more complex architecture [51].

Interestingly, results of finetuning using either version of DTDB also outperform
previously reported results using C3D or two-stream architectures, on both YUVL
and YUP++, with sizable margins [64, 51]. Additional one-to-one comparisons are

provided in Section B.3.3.
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B.3.2.3 Conclusions

The experiments in this section further highlighted the added value of the proposed
dual organization of DTDB in two ways. First, on YUVL, finetuning standard
architectures led to a notable boost in performance, competitive with or exceeding
previous results obtained using the proposed SOE-Net. Hence, an interesting way
forward, would be to finetune SOE-Net on DTDB to further benefit this network from
the availability of a large scale dynamic texture dataset. Second, on YUP++, it was
shown that standard spatiotemporal architectures, trained on the right data, could
yield new state-of-the-art results, even while compared to more complex architectures
(e.g. T-ResNet [51]). Once again, the availability of a dataset like DTDB could allow
for even greater improvements using more complex architectures provided with data

adapted to the target application.

B.3.3 Further experiments with DTDB

This section provides additional one-to-one comparisons to previously reported re-
sults on both the YUVL and YUP++ datasets using the ConvNet architectures
evaluated in this research. Additional experiments were also performed to compare
finetuning using DTDB to finetuning on the similarly sized UCF101 dataset and
results are reported here. Given that the results in Chapter 5 established the overall
superiority of the MSOE stream over the flow stream for the tasks at hand, the
following results concentrate on the MSOE-two-stream. These comparisons further
highlight the benefit of DTDB’s dual organizations as finetuning substrates.

Tables B.6 and B.7 of this appendix summarize all finetuning results obtained
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on the variations of the YUVL and YUP++ datasets, respectively, and thereby
complement Tables B.4 and B.5. In line with observations made in Section B.3.1,
it is clear here that overall the C3D architecture benefited more from finetuning
compared to the two-stream architecture and this can be attributed to reliance of
C3D on a video dataset in pretraining. In addition, for the two-stream case, only one
of the two streams (i.e. the RGB stream) benefited from a pretrained model, while an
MSOE stream trained from scratch is used, as done in the original two-stream paper
[162]. These results highlight the relevance of the proposed experimental procedure
adopted in this work (i.e. comparisons using architectures trained from scratch), as it
allowed for direct and fair comparisons of the evaluated architectures without being
affected by such confounding variables.

More importantly, comparing finetuning results of YUVL versus YUP++, re-
veals a more notable gap in performance between C3D and MSOE-two-stream for
the YUP++ dataset compared to YUVL. Comparison of the performance of the
finetuned RGB streams on these two datasets sheds light on this situation. In par-
ticular, we see that finetuning the RGB stream was much more beneficial for the
YUP++ dataset. Here it is important to remember the major difference between
these two datasets. While in YUVL classes are determined by differences in dy-
namics, YUP++ on the other hand distinguishes classes mainly based on differences
in appearance. Therefore, pretraining the RGB stream on ImageNet (i.e. an ap-
pearance based dataset), was much more beneficial when the target application was
dominated by differences in appearance.

Notably, the results presented here also compare finetuning on DTDB versus
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finetuning on UCF101. Congruent with transfer learning results reported in Section
B.3.1, finetuning on either versions of DTDB was more beneficial than finetuning on
UCF101. Once again, this further highlights the benefit of DTDB as a finetuning
substrate when the target applications differ significantly from the training data (e.g.
using an action recognition dataset for training when the target task is dynamic scene
recognition).

Finally, comparison to previously reported results on both YUVL and YUP++,

further emphasize the value of DTDB, that helped extend state-of-the-art.

YUVL-1 | YUVL-2 | YUVL-3
C3D 88.0 89.8 85.5
Previously reported results [(4] RGB Stream - - -
MSOE Stream - - -
C3D-scratch 61.4 65.4 55.7
C3D-finetuned 87.0 88.4 85.2
RGB Stream-scratch 63.6 72.8 60.0
UCF101 RGB Stream-finetuned 64.8 73.4 63.0
MSOE Stream 80.0 80.2 74.4
MSOE-two-stream-scratch 80.8 84.5 78.8
MSOE-two-stream-finetuned 81.8 83.6 79.7
C3D-scratch 83.3 86.4 83.4
C3D-finetuned 89.1 90.0 89.5
RGB Stream-scratch 68.1 75.4 65.0
DTDB-Dynamics RGB Stream-finetuned 70.3 76.6 69.9
MSOE Stream 89.2 89.3 84.8
MSOE-two-stream-scratch 89.2 89.3 84.8
MSOE-two-stream-finetuned 91.1 92.7 90.0
C3D-scratch 82.2 85.4 80.9
C3D-finetuned 88.8 87.4 85.4
RGB Stream-scratch 67.6 72.8 64.3
DTDB-Apperance RGB Stream-finetuned 68.6 75.2 68.1
MSOE Stream 87.7 87.3 83.6
MSOE-two-stream-scratch 89.8 90.2 86.7

Table B.6: Detailed performance comparison of spatiotemporal ConvNets, finetuned
using UCF101 and both organizations of DTDB on the various breakdowns of the
YUVL dataset [30].
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YUP++(S) | YUP++(M) | YUP++

C3D 85.4 76.3 84.0

Previously reported results [51] RGB Stream 84.3 68.1 82.0
MSOE Stream - - -

C3D-scratch 62.5 55.8 58.3

C3D-finetuned 86.1 78.0 82.3

RGB Stream-scratch 64.9 54.4 63.5

UCF101 RGB Stream-finetuned 78.8 70.0 76.5

MSOE Stream 74.3 52.7 62.0

MSOE-two-stream-scratch 80.1 66.6 74.6

MSOE-two-stream-finetuned 83.8 75.8 82.4

C3D-scratch 84.3 71.8 76.5

C3D-finetuned 89.4 80.8 85.5

RGB Stream-scratch 81.8 73.7 78.3

DTDB-Dynamics RGB Stream-finetuned 88.9 82.1 85.8

MSOE Stream 90.0 67.5 78.4

MSOE-two-stream-scratch 93.3 81.5 87.7

MSOE-two-stream-finetuned 95.9 84.5 90.4

C3D-scratch 85.0 73.7 78.1

C3D-finetuned 90.0 82.7 86.3

RGB Stream-scratch 82.0 76.2 79.9

DTDB-Apperance RGB Stream-finetuned 90.6 83.8 88.1

MSOE Stream 91.0 69.5 79.1

MSOE-two-stream-scratch 94.7 83.2 89.6

MSOE-two-stream-finetuned 97.0 87.0 91.8

Table B.7: Detailed performance comparison of spatiotemporal ConvNets, finetuned
using UCF101 and both organizations of DTDB on the Static and Moving camera
portions of YUP++ and the entire YUP++ [51].

B.4 Summary and Discussion

While Chapter 5 demonstrated the utility of DTDB as an analysis tool from an algo-
rithm comparison perspective, this appendix further highlighted the shear benefits
of the dataset itself.

From the dataset perspective, D'TDB not only has supported experiments that
tease apart appearance vs. dynamics, but also shown adequate size and diversity
to support transfer learning to related tasks, thereby reaching or exceeding state-of-

the-art even while using standard spatiotemporal ConvNets. Moving forward, DTDB
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can be a valuable tool to further research on spacetime image analysis. For example,
training additional state-of-the-art spatiotemporal ConvNets using DTDB can be
used to further boost performance on both dynamic texture and scene recognition.
Also, the complementarity between the two organizations can be further exploited
for attribute-based dynamic scene and texture description. For example, the various
categories proposed here can be used as attributes to provide more complete dynamic
texture and scene descriptions beyond traditional categorical labels (e.g. pluming
vs. boiling volcano or turbulent vs. wavy water flow). Finally, DTDB can be used
to explore other related areas, including dynamic texture synthesis, dynamic scene
segmentation as well as development of video-based recognition algorithms beyond

ConvNets.
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