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Abstract

One of the key advantages of supervised deep learning over conventional machine
learning is that the learning process of a neural network does not rely directly on
hand-crafted features. There is no denying that the availability of large-scale an-
notated data plays a vital role in the success of deep learning, among many other
others.

On the other hand, given the capacity of deep neural networks, modern deep
learning system is able to approximate complex functions and fit complex distribu-
tions of data of all kinds. As a result, the generalisability of a trained deep neural
network is closely tied with the quality of its training data and annotation. Thus, the
application and success of deep learning system are restrained by two main factors:

e High quality annotation of diverse data is expensive to obtain, both in terms of
time and labour.

e Human annotations are inherently biased, leading to over-fitting and learning
sub-optimal features.

It would be nice if we can 1. extract more useful information with existing valuable
annotations; 2. achieve similar performance with weaker level of supervision, such
as less amount of annotated data or indirect supervision from implicit annotations
that is cheap to obtain.

To this end, our line of works widely explores various computer vision tasks,
including action recognition, action localisation, disentangled representation learn-
ing and novel image generation, across different levels of supervision distinguished
by data scarcity. Our journey begins with fully supervised action localisation with
the aim to better utilise precious annotations. Then we investigate one-shot action
recognition and localisation that aims to learn robust visual descriptors from very
few annotated samples. Finally, we move from discriminative learning to generative
learning with the purpose of exploring unsupervised feature disentanglement and
image generation. In particular, our works can be divided into 4 parts:

We designed and constructed a large-scale RGB-D video dataset of gym activi-
ties to facilitate fully supervised video understanding. Contrary to existing public
datasets, all actions in our dataset have clearly defined boundaries, which contributes
to much less noise in annotation and thus is better fitted for video representation
learning.

We then propose an instance-aware video labeling framework that explore the
synergy of instance-level information and frame-level information. In this endeav-
our, we aim to take full advantage of precious annotations and combine multi-level
information to mitigate the inherent noise in temporal action localisation. Our fu-

ix
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sion method is proven to capture complementary information and better localisation
performance is reported.

After that, we propose a one/few shot action localisation method leveraging
meta-learning concepts, aiming to make better use of very rare and limited data.
We designed a similarity-based action localisation network under the meta-learning
framework that can learn transferable and class-agnostic video descriptors. We also
designed structured representation for time series that takes into account the natu-
ral evolution of actions. As a result, we achieve state-of-the-art performance in both
one/few shot action recognition and localisation.

Further stripping down the strength of supervision, we propose an unsupervised
disentangled representation learning framework that can generate novel images with
desired attributes. Through this unsupervised exploration, our network can learn
structured meaningful features from only implicit cycle and GAN-based constraints.
The reported results are comparable or even better than its fully-supervised counter-
parts.
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Chapter 1

Introduction

Thanks to the rapid advancement in recent years of machine learning, especially deep
learning, we now live in a much more intelligent world where machines can achieve
comparable or even better performance across many tasks in many disciplines, such
as image classification [Simonyan and Zisserman, 2014b], artistic style transfer [Gatys
et al., 2015], image translation [Isola et al., 2017; | Zhu et al., 2017a], game of GO [Silver
et al., 2016] etc.

While artificial intelligence first came to birth around late 1950s [Turing, 2009],
recent success of deep learning applications, both in consumer level or enterprise
level, was only made possible by the achievements in big data and big hardware that
kept in pace with state-of-the-art models and algorithms. There is no denying that
data plays a vital role, almost as important as algorithms, in the huge recent success
of real-world machine learning applications.

1.1  Motivation

Although data are readily available in many areas of our daily life (people uploading
photos and videos, medical imaging generated every day etc.), it has to be extensively
annotated before it can be effectively utilised by most modern algorithms. The an-
notations process can be both time-consuming and labour intensive. For example,
it takes about 30 secs for a person to annotated one image for the purpose of ob-
ject detection, even with a handy annotation tool such as LabelImgl. Imagine how
much resources it require to annotate hundreds of thousands of images just to build
a dataset for training reliable object detectors. Thankfully, people have been dedicate
much resources into dataset building and there exist many public large-scale dataset
to support research activities.

However, despite the fact that many large-scale annotated datasets are being pub-
lished almost every year, existing datasets that are built for research or academic
purposes are often regarded insufficient in real world applications. Possible reasons
include:

1. Domain Discrepancies. E.g. an action detector trained on large-scale action
localisation datasets such as Thumos [Jiang et al., 2014; Soomro et al., 2012a]

1Open-source project at https://github.com/tzutalin/labellmg

1
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or Activity Net [Fabian Caba Heilbron and Niebles, 2015] is not good enough
when applied on surveillance footage, possibly because of different lighting
conditions, view points resolution etc.

2. Subtle difference in tasks. E.g. in facial recognition, we have to constantly deal
with new identities (unknown people) and it is desirable to be able to accurately
classify a give face as unknown or one of the known identities. However, state-
of-the-art algorithms like Face-Net [Schroff et al.,|2015] or ArcFace [Deng et al.,
2019] as well as benchmark datasets like VGGFace2 [Cao et al., [2018a] are not
tailored to handle this real-world requirements.

3. However large the size of existing datasets are, human annotation is inherently
biased, making our learning system to overfit or simply not learn anything
useful. Take action recognition for example, it is very hard to annotate mutually
exclusive classes. We might have running as one class and playing basketball as
another. Clearly running is part of playing basketball. This is also one of the
motivation of the creation of the GADD dataset introduced in Chapter

As a result, cooperates and institutions still resort to building task-specific datasets
when trying to deploy real-world applications. This poses the desire of learning from
data with limited or zero annotations. To this end, we investigate visual representa-
tion learning on various tasks under the setup of data scarcity.

1.2 Contributions

In this thesis, we conducted a line of works that explores different visual repre-
sentation learning problems under different data scarcity setups, starting from fully
supervised learning that require large amount of annotated data, to one/few shot
learning that aims to quickly adapt to new data by learning class-agnostic features,
then finally to unsupervised learning that attempts to capture disentangled represen-
tations by looking at data alone. In this journey, we also explored different learning
paradigm to investigate the impact of data scarcity on learning performance, includ-
ing meta-learning, unsupervised transfer learning.

Specifically, we present four different endeavours that covers various visual tasks
of action recognition, action localisation, disentangled representation learning and
novel image generation.

1.2.2  GADD - RGBD Dataset for Fine-grained Action localisation

In this work, we build a diverse RGBD human action dataset called Gym Activity
Depth Dataset (GADD) that lays the foundation for research on action recognition
and localisation. We choose to adopt gym exercises as the basic action instances in
this dataset because each exercise has a well-defined start and end point, which min-
imises the ambiguity in action localisation annotations. On the other hand, trying
to recognise and localise gym exercises are very challenging tasks because they are
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§1.2 Contributions 3

complex actions that comprise of many basic movements involving all parts of the
body and possibly some object interaction as well (barbell, mat etc.). Different exer-
cises can have the same basic movements as part of the actions, and they can only be
distinguished by the order and the length of the movements. This poses the challenge
of learning long-term temporal dependencies in order to accurately classify different
action instances.

We build this dataset to accommodate many learning tasks. Apart from action
recognition and localisation, it can be used to investigate different contribution of
RGB and depth data, also their collective effective. Although the dataset comes with
frame-level annotation, it is suitable for unsupervised learning tasks such as action
discovery, frame prediction etc.

Compared to GADD, existing datasets either have simple/naive actions classes [Sung
et al., |2011]], or ambiguous action boundaries [Fabian Caba Heilbron and Niebles,
2015], or no multimodal data formats. We use GADD in our next work to explore
the synergy between instance level action information and frame level labels that
achieve state-of-the-art performance in action localisation.

1.2.2 Synergy of Global and Fine-grained Action Information.

In this work we explore fully supervised learning for action localisation, which utilise
all available annotations and multimodal data to extract as much supervision as
possible. Specifically, we utilise the provided annotation at two different levels

1. Action instance level. At this level, annotations are presented as frame blocks,
meaning that for each action instance, a start and end points are given with all
frames in the middle sharing the same label. Using object detection terminolo-
gies, this corresponds to bounding boxes.

2. Frame level. At this level, annotations are presented as a sequence of labels
for each frame in the video. Using image segmentation terminologies, this
corresponds to pixel labels.

With action instance level information, we can capture global dynamics and roughly
determine the location and duration of each action in a video. However, errors occur
more frequently at the action boundaries or when two instances happen very close
to each other in time. On the other hand, learning with frame level supervision pro-
vides more fine-grained local information that can benefit prediction around action
transition period. However, it yields more noisy prediction in the middle of an action
or background. It is obvious that the supervision at this two level can compensate
each other.

We took insight of the above observation and explore the synergy between the
instance-level and frame-level information. As a result, the accuracy for both frame
labeling and action detection are boosted, and state-of-the-art performance is re-
ported. In addition, we designed a robust depth frame representation that combines
surface normal vectors and dynamic images [Bilen et al., 2016a]] to capture short-term
spatial-temporal features.
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1.2.3 Action localisation with Limited Data

In this work, we limit the availability of annotated data and address the challenging
problem of one/few-shot action recognition and localisation. Specifically, we pro-
pose a sequence matching network architecture based on the meta-learning frame-
work. Our insight is that in order to quickly adapt to new classes using only one
sample, our learning system has to learn class-independent features while capturing
the temporal structures of an action. To this end, our sequence matching network
learns similarity features through meta-level supervision. During the process, class-
specific feature are gradually discarded by the network because the network is fed
with randomly chosen new classes for each iteration.

To capture complex structures and actions, we also design a ranking based video
descriptor that learns structured representation of sequences. The insight is that
along the evolution of an action in time, the network should become more and more
confident at its predictions. With our proposed structured video representation, and
the meta-level similarity feature, we achieve superior performance in one/few-shot
action recognition.

Adapting the above action recognition framework to action localisation in a non-
trivial task. For the task of action localisation, we compose a correlation matrix
through sliding window which captures the temporal evolution of similarities of an
unconstrained video. Then a new network in applied on the correlation matrix that
generates frame level predictions. We note that the correlation matrix consists of
only similarity scores, thus it is class-independent and any network learned from the
matrix is able to quickly adapt to new classes.

1.2.4 Unsupervised Frame Synthesis by Feature Disentanglement

In this work, we further strip down the strength of supervision and weakly-supervised
and unsupervised disentanglement and novel image generation. Specifically, we
study the problem of human and face image generation.

For weakly supervised case, we aim to learn disentangled appearance represen-
tation given pose features using unpaired images. Weak supervision is provided by
the given pose information, usually come in the form of joints coordinates. Because
there are no supervision as to what the generated image should look like, we re-
sort to cycle consistency and patch consistency as regularisation terms to train the
network. When a pose from image A is paired with appearance from image B to
generate a novel image, the generated image should retain the same pose and ap-
pearance cue from A and B respectively. Therefore, we propose to further extract
appearance information from the generated image and pair it with the pose of B in
order to reconstruct image B. In addition, we also apply patch consistency around
local patches because they tend to stay consistent no matter how the pose changes.
This combination enables us to learn disentangled appearance representation that
can be paired with arbitrary poses to generate realistic novel images.

For unsupervised case, we no longer have pose information and aim to learn
purely data-driven disentangled representation of both pose and appearance. We
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observe that the predefined attribute-specific cues such as joints coordinates may
carry undesired bias into the system, which will hinder the quality of the generated
images. For example, the use of skeleton or joint coordinates cannot comprehen-
sively describe the shape of a person. Such pose information lack important details
about e.g., thickness of limbs, hair styles etc, resulting in stiff and unnatural looking
generated persons [Esser et al,, 2018|]. Instead, we propose an end-to-end learning
system that generate pose masks from an input image as shape descriptor, which are
then applied back onto the image itself to obtain disentangled appearance features.
Finally, the appearance and shape features are combined to reconstruct the input
image. This self-supervised process does not require any annotation or additional
attribute-specific cues, and the obtained representations are purely data-driven with-
out biases. To accelerate training convergence, we use the pre-trained OpenPose [Cao
et al., 2018b] net as the shape mask extractor and finetune its weights. We show that
our end-to-end unsupervised framework is free of engineering tricks, and can gen-
erate novel image of higher quality.

1.3 Thesis Outline

In remainder of this thesis, we first provide a brief review of the background theo-
ries and techniques that are relevant to our works in Chapter [2, then we present our
GADD dataset, instance-aware video understanding, one/few shot action localisa-
tion through correlation matrix and unsupervised image generation in Chapter 3| {4}
and [6| respectively. Finally, our conclusions are given in Chapter 7]
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Chapter 2

Background

In this chapter, we give introductions to the background theories and models em-
ployed in this thesis. In our works, we mainly utilise neural networks to develop
our frameworks. We have touched a wide range of computer vision sub-disciplines
in our line of works, and therefore we have employed many variations of neural
networks, including CNN, RNN, attention-networks, auto-encoder, GAN etc.

Below, we review the fundamentals of neural networks for sequence analysis,
generative models, meta learning for few-shot recognition and unsupervised disen-
tangled representation learning.

2.1 Sequence Analysis

For a long time after we have marched into the deep learning era, the better choice for
sequence modelling task was RNNs because of their great ability to capture temporal
dependencies in sequential data. Several variants of RNNs such as LSTM [Hochreiter
and Schmidhuber,1997], GRU [Cho et al., 2014b]] have been proposed to capture long
term dependencies in sequences. Further improved by the introduction of attention
mechanism [Bahdanau et al., 2014] that enhanced the modelling capability of long
term dynamics, they have achieved state of art performances in sequence-to-sequence
(seq2seq) modelling tasks.

Recently, deep learning practitioners have been using Temporal Convolutional
Networks (TCN) |Lea et al.| [2017] to better model sequences. The term is a simple
descriptive term to refer to a family of architectures. It eliminate some of the key
drawbacks of RNN like gradient vanishing [Bengio et al. 1994; Hochreiter et al.,
2001] and exploding [Sutskever et al., 2011].

2.1.1 RNN & Attention Networks

In feed-forward neural networks, information only flow forward. Neural networks
where information are fed back to it self through recurrent connections are called
recurrent neural networks (RNNs). RNNs consist of high dimensional hidden states
connected with non-linear activation. These hidden states serve as memory of the
network and the states at time ¢ are conditioned on previous states. Therefore in the-

7
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ory, the states at time t are the summary of all the states in previous time steps. This
structure enables the RNNs to store, remember, and process past complex signals for
long periods of time, which enable the modelling capability of sequential data for
sequence recognition and prediction [Bengio et al.,[1994].

However, challenges such as vanishing and exploding gradient prevent a normal
RNN from effectively modelling long-term dependencies. Some improvements of
RNN have been proposed over the years. We will review major ones like LSTM
[Hochreiter and Schmidhuber, [1997] and attention LSTM [Bahdanau et al., 2014].
In the remainder of this section, we will first explain the fundamentals of vanilla
RNN as well as LSTM, then we explain the attention mechanism, which are widely
adopted and proven to be effective in capturing long time dynamics.

2.1.1.1 RNN & LSTM

We note that RNNs are not limited to only time series. They have been applied suc-
cessfully on non-temporal sequence data [Baldi and Pollastri, 2003; (Oord et al., 2016;
Salimans et al} 2017]. At times, the sequences have implicit or undesired tempo-
ral aspect in many important applications of RNNSs, such as our proposed sequence
matching networks in Section |5.2.1.2
The input to an RNN is sequence and its target/output can also be a sequence.
An input sequence can be denoted as (x(!),x(?),...x(T)) where each data point x*) is
a real valued vector. The inputs are connected to the hidden state via a weight matrix
Wiy. The hidden state has M hidden units hy = (hy,hy,...hy). The hidden state
h; are passed into the next time step via another weight matrix Wy along with the
next input. Formally, the hidden layer defines the state or memory of the network
as:
ty = o3,(01), (2.1)

where 07, (x) is the hidden layer activation function, and
o = Wigxt + Wyghi 1 + by, (2.2)

by, is the bias of the hidden layer. Some common choices of ¢ include ReLU, Tanh and
Softmax etc.

Similarly, the outputs are connect to the hidden state through a weight matrix
and an activation function as well:

Y = 0o (WHOht + bo) (23)

We can see from the above equations that hidden state summaries all the necessary
information about the past states of the network over its entire history. This inte-
grated information can define future behaviour of the network and make appropriate
predictions at the output layer based on the past context.

Figure [2.1| gives an overview of a simple RNN layer and how it can be unfolded
through time. Although the unfolding of RNN is only a visualisation technique, it
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Figure 2.1: Overview of a simple RNN and its unfolded structure through time.

actually provides insights about training an RNN through Back Propagation (BP). As
shown in the figure, a RNN network across multiple time steps can be interpreted
not just as cyclic, but rather as a deep network with one layer per time step with
shared hidden states across time steps. It is made though unfolding visualisation
that the unfolded network can be trained across many time steps using BP. The
algorithm hence got the name Back Propagation Through Time (BPTT), and it was
first introduced by [Werbos et al| [1990]. BPTT has become the standard training
algorithm for all variations of RNNs.

Despite the ability to model sequence dynamics, a simple RNN architecture fall
short in learning to capture long-term dependencies. As the time span grows longer,
RNNs become unable to learn to connect past information. This problem was investi-
gated in depth by [Bengio et al.,[1994] and [Hochreiter et al., 2001], and was found to
be a fundamental limitation of the RNN architecture. The problem is termed vanish-
ing and exploding gradients that will surface when back propagating errors across
many time steps. The term refers to the exponential shrinking (or exploding) of gra-
dients magnitudes as they are propagated through time. This phenomenon causes
memory of the network to ignore long term dependencies and hardly learn the corre-
lation between temporally distant events. It is easy to understand the problem from
the following two aspects:

e Standard nonlinear functions such as sigmoid function have a gradient which
is close to zero almost everywhere.

e The magnitude of gradient is multiplied over and over by the recurrent matrix
as it is back-propagated through time. Depending on the eigenvalues of the
recurrent matrix, the gradient value quickly converge to zero or explode to
infinity. In some cases, it can take as short as 5 ~ 10 steps of back-propagation
for this to happen [Mikolov et al., 2014].

Among many successful attempts to overcome the limitation, LSTM architecture
[Hochreiter and Schmidhuber, 1997] is one of the most famous and widely adopted,
which utilise carefully designed gates and states to mitigate vanishing gradient prob-
lem. LSTM introduces memory cell whose input and outputs are controlled by dif-
ferent gates. These gates control flow of information to hidden neurons and preserve
extracted features (hence memory) from past timesteps. Figure depicts a typi-
cal LSTM cell which includes an input, forget, and output gate and a cell activation
component. Each memory cell contains a node with a self-connected recurrent edge
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h 1 Output Gate

Forget Gate ht-l

Figure 2.2: Architecture of a typical LSTM cell. The cell memory is controlled by

both the input and forget gates, who will dictate how the cell integrate the current

information relative to past information. Similarly, the output is controlled by an
output gate.

with fixed weight of 1, encouraging that the gradient can pass though many time
steps without vanishing or exploding. Because of the gated structure, an LSTM cell
also have the ability to remove or add information to the cell state, therefore it can
capture both long-term dependencies and shor-term ones.

Put formally, the weight update scheme of a LSTM unit can be expressed as
below, where we use i, f, and o to refer to input, forget and output gates respectively.

iy = o(Wyixy + Wyihi—1 + b;) (2.4)
ft = o(Wyrxs + Wighi 1 + by) (2.5)
0r = 0(WxoXt + Wi ft—1 + bo) (2.6)
g = tanh(Wyexy + Wyhi—q + be) (2.7)
ct = fici—1 + 18t (2.8)
hy = ostanh(cy) (2.9)

where ¢ and tanh are activation function of sigmoid and hyperbolic tangent respec-
tively. i;, f; control the degree to which the memory cell accumulate g, and o; decides
the hidden representation with respect to the memory cell. The value of the hidden
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Figure 2.3: Difference between a normal RNN and a attention RNN.

layer of the LSTM at time ¢ is the vector /;, while h;_; is the vector output by each
memory cell in the hidden layer at the previous time.

2.1.1.2 Attention Network

Attention is a very influential idea in modern deep learning development, which
is both powerful and versatile. It has been successfully applied on many vision
tasks such as image captioning [You et al., 2016 Lu et al,, 2017; /Anderson et al.,
2018], visual question answering [Lu et al, [2016} Xu and Saenko, 2016], time series
prediction [Sharma et al), 2015; Liu et al., 2017a] etc.

Attention mechanism was originally proposed for Neural Machine Translation
with seq2seq model [Bahdanau et al., 2014]. In seq2seq model, the input is encoded
into a fixed length context vector, which is then decoded into desired outputs. The
context vector should ideally preserve all relevant information in order to compute
the output. However for long sequences, fixed-length context vector design is inca-
pable to remember all the necessary information in the history, as shown by [Cho
et al., 2014a]. Earlier parts of the sequence are often forgotten resulting in potential
poor performance especially when there exist long-term dependencies. The attention
mechanism was proposed to resolve this problem by allowing the model to automati-
cally attend to relevant parts in history however long in the past they may be, without
having to form these parts as a hard segment explicitly.

Attention mechanism achieves this by encoding the input sentence into a se-
quence of vectors and chooses a subset of these vectors adaptively based on the
current input, instead of just keeping the latest context vector. This frees the encoder
from having to compress all relevant information in a potentially long sequence into a
fixed length vector. Figure 2.3/ show the difference between encoder-decoder models
with a normal RNN and an attention one. The figure clearly illustrates how the at-
tention mechanism aggregates and selects past information using attention weights.

Concretely, we define an input sequence of length Ty as x = (x1,...,x7,), and an
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output length of T, as y = (y1,...,yr,). The output probability is:

p(Yilyi, - -, yic1,x) = g(Yi-1,5i, i) (2.10)

where s; is an decoder hidden state at time i, computed as:

si = f(si—1,Yi—1,¢i) (2.11)

f and g are some non-linear functions. For example, g can be stacked LSTM network
whole f represents a single LSTM cell. Note that compare to a normal encoder-
decoder approach, both the output probability and the hidden state are conditioned
on an additional context vector c¢;, which is a intelligent aggregation of past informa-
tion, computed by

T
Ci = Z(Xl]h] (212)
j=1

where }; is the latent representation obtained through he encoder. The weight «;; for
each £; is calculated using softmax normalisation

exp(eij)

_ TP (2.13)
%0 exp(ei)

ij
where ¢;; = a(si_1, hj) is called an attention module with a represented by a feedfor-
ward network. e;; indicates how strongly connected the input at time j is to the past
outputs.

Intuitively, with attention as such, the decoder decides which parts of the source
sentence to pay attention to through the attention weights . By letting the decoder
selectively look back at past inputs, the encoder is relieved from the burden of having
to encode all information in the input sequence into a fixed length vector, thus the
model as whole can effectively capture long-term dependencies.

2.1.2 3D & Temporal Convolution

TCN uses a 1D fully-convolutional network (FCN) architecture, where each hidden
layer is the concatenation of 1D feature maps obtained from 1D kernel. Convention-
ally, each hidden layer has the same length as the input layer, and zero padding (with
kernelsize — 1) is added to keep the length of subsequent layers consistent. TCN also
uses causal convolutions, where an output at time ¢ is convolved only with elements
from features prior to time t in the previous layer.

When dealing with video data, TCN naturally extends to 3D convolution net-
works [Iran et al., 2015a]. 3D convolutions applies a 3 dimensional kernel to the
input data and the filter moves in all 3 directions, X, y and t. This way, 3D CNNs
extract the visual characteristics from a set of images and they take into account the
order of the images in the video. In essence, it computes spatial-temporal feature
representations of the input sequence. The feature space of 3D CNN can be think of
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Figure 2.4: Difference between 2D CNN, stack-frame CNN and 3D CNN.

a 3 dimensional volume space such as cube or cuboid.

It should be noted that 3D CNN is fundamentally different than stack-frame CNN
in modelling temporal dynamics [Simonyan and Zisserman, 2014a]. Figure |2.4illus-
trate the difference between 3D CNN to 2D and stack-frame CNN. The distinguish-
ing feature of 3D CNN is that the convolutional kernels swipe along the temporal
dimension in a strided fashion. This offers flexibility of how long in time can the
network model the sequence and also stronger modelling capabilities. For example,
with a long input sequence, a stack-frame CNN would have to use huge kernels of
size x X y x t with t being as large as the sequence length to model global dynamics,
resulting in a network that is inefficient and hard to tune. On the contrary, 3D CNN
can use any t while extracting better spatial-temporal features because the kernels
moves in the temporal dimension.

This basic architecture of 3D CNN using normal convolutions can only look back
at sequence history with length that is linear to the depth of the network. As a result,
capturing long term dependencies becomes difficult. Yu et al. proposed dilated
convolution with wider kernels to mitigate this problem. We can formally define
normal discrete convolution as:

Let F : Z%* — R be a discrete function. Let Q), = [—7,7]2NZ? and letk : O, =+ R
be a discrete filter of size (2r + 1)2. The discrete convolution operator * can be
defined as:

(Fxk)(p) = Z F(s)k(t) (2.14)

s+t=p
Similarly, a dilated convolution operator *; with dilation factor I can be defined as:

(Fxk)(p) = ) F(s)k(t) (2.15)

s+Ilt=p

With dilated convolution, we can achieve exponentially expanding receptive fields
by applying the filters with exponentially increasing dilation:

Fii1=F*yki fori=0,1,...n—2 (2.16)

where Fy, Fy,...F,_1 : Z* — R are discrete functions and ko, k1, ...k,—» : Q1 — R are
discrete convolution filters. It is easy to see that the size of the receptive field of each
element in F;  is (22 — 1)x(2*2 — 1). When applying dilated convolution on the
temporal dimension, we can look back at sequence history with length exponential
to the depth of the network, which is illustrated in Figure
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Figure 2.5: Temporal dilated convolution with exponential receptive fields where d
is the dilation factor. We can look further back in history of the sequence to capture
long-term dependencies.

2.2 Few-shot Learning

Modern deep learning succeeds in many data-intensive applications, but it cannot
rapidly generalise from a few examples to perform the required tasks. On the con-
trary, human can easily learn from a few examples mainly because human can effec-
tively utilise prior knowledge. An obvious example is that given only a few photos
of a stranger, a human can identify the same person from a large number of photos
with ease. Even harder, human can still identify a person given only artistically cre-
ated cartoon-like images. This indicates that human are especially good at learning
transferable features that can generalise to unseen data or even to other tasks.

Bridging this gap between machine learning systems and human-like intelligence
to be able to learn from a few examples by learning transferable representations is
one of the core challenge of machine learning research. Therefore, Few Shot Learning
(FSL) is proposed [Fei-Fei et al., [2006; [Fink| 2005]. When there is only one example
available to learn from, FSL is also called one-shot learning. With few-shot learn-
ing, we can avoid collecting large scale dataset, which is labour intensive and cost
inefficient, and also leverage past learned knowledge for better transfer learning.

Two family of methods, among others, have been proven effective for few-shot
learning and are popularly adopted.
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Embedding Learning Based Methods [Vinyals et al., 2016; Koch et al., 2015; |Snell
et al., 2017] It tries to learn a embedding space z; € Z for data samples x; in a training
dataset X = {(x;,y;)} such that similar and dissimilar pairs can be easily identified.
The assumption behind embedding learning based methods is the similarity con-
straints which states that samples of the same class are more similar than sample
from different classes based on some similarity measure in some embedding space.
Therefore, by learning such discriminative embedding space, we can classify a tar-
get data sample based on its most similar samples in a Nearest Neighbour [Altman,
1992] fashion.

Specifically, let us define two functions ¢() and f() that embed a training sam-
ple x!"" and testing sample x!*! respectively. We also define a similarity measure
s(;) which is used to calculate the similarities (or distances) between embeddings
of a target sample f(x!') and every training samples {gx!", |i = 1,2,..., N}
where N*%" is the total number of training samples. Note that function f and g
are usually the same but in some cases using different embedding function for train-
ing and testing samples can offer better classification accuracy [Vinyals et al., 2016;
Bertinetto et al., 2016]. After comparing the data samples, we obtain a set of sim-
ilarity measures, and the target sample can be simply classified as the class as its
nearest neighbour. Another popular family of methods MAML [Finn et al,, 2017,
2018] also falls into this category, although they do not explicitly learn a similarity
measure. MAML achieves embedding learning by combining a meta-learner with
the learner, and directly computing and applying the gradient with respect to the
meta-learning objective. A illustration of using the embedding learning method for
few-shot learning is shown in Figure Because the goal of embedding learning
is to find a latent space that satisfy the similarity constraints, the learning process
does not explicitly involve class information. In other words, the learned embedding
function does not consider any class-specific knowledge and the learned feature are
class agnostic. Hence when the system is presented with samples from previously
unseen classes, the similarity constraint will most likely still hold in the embedding
space, enabling the system to make prediction with as few as one labeled example.

External Memory Based Methods External memory for one-shot learning [San-
toro et al., 2016a; Mishra et al., 2017a] is proposed to let the learning systems mimic
human-like intelligence because we human rely heavily our memory and past expe-
rience to comprehend new things. Prestigious works such as Neural Turing Machine
(NTM) [Graves et al., 2014] and memory networks [Weston et al., [2014; Sukhbaatar
et al., 2015] allow short-term memorisation, and have offered state-of-the-art perfor-
mance in various tasks including rule-based data manipulation, language modelling
and question answering. To a normal learning system, when presented with a new
task and new training data, the model has to be re-trained to incorporate useful in-
formation. Learning with external memory, however, the system can directly utilise
the memorised knowledge from previous tasks through retrieving, adding, and mod-
ifying the memory entries for fast generalisation. Much like a human, the memory
relieve the burden of learning from scratch. Figure illustrate the idea behind
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Figure 2.6: Illustration of employing embedding learning strategy for classification to

address few-shot learning problem. Note that because the class prediction is based

on similarity only, the embedding itself can be class agnostic, thus the learned feature
can be transferred to other tasks.

external memory:.

Formally, we denote the collection of external memory as a matrix M € R?*™
where b is the memory capacity (number of memory slots) and m is the memory
dimension. Given a sample x;, a function f is first used to embed the sample to
a query vector q = f(x) € R™. It is then attended to the memory through some
similarity measure, and the system will decide how to make prediction and update
memory accordingly. For memory retrieval, the memory is address by the query by
a cosine similarity:

h) = 9 M)
M) = g T &1

which is then used to create a read-weight vector w” with elements calculated by
softmanx:

reny - _exp(S(q, Mi(i)))
w' (i) = . (2.18)
g Zjexp(S(q;, Mi(j)))
Then, an associated memory r with q is retrieved by
r=Y w(i)M(i) (2.19)
i

Finally, this retrieved memory is used by the system to make predictions.
For memory update, whether to modify existing slots or create new ones, a write
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Figure 2.7: Illustration of networks with external memory. The memory is updated
by measuring the similarity using training samples. The embedding for a test sample
is obtained by attending’ to these memories.

weight w®, a least-used weight w'* and a update weight w" are first computed:

Wi = @) + (1 ofa)wit, (2.20)

W = YWy W] W (2.21)

Wl (i) = 0 if w?(l) > m(wy,n) 2.22)
1if wi (i) < m(w},n)

where o(a) is a sigmoid function controlled by a: H% ; and we denote function
m(v,n) as the nth smallest element of vector v. According to the equations, the least
used memory is found and set to zero, then memory updates occurs in accordance
with the computed vector of write weights:

M (i) = M1 (i) + P (i)q, Vi (223)

This new knowledge can be written into either a empty slot or the least used one.
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2.3 Generative Models

Generative modelling can be defined as [Bishop) 2006]:

Approaches that explicitly or implicitly model the distribution of inputs
as well as outputs are known as generative models, because by sampling
from them it is possible to generate synthetic data points in the input
space.

A generative model describes how a dataset is generated, in terms of a probabilistic
model. By sampling from this model, we are able to generate new data. Generative
modelling are the counter-part of widely studied discriminative modelling. Take image
generation for example: suppose we have a dataset of flowers, we wish to build a
model that can generate new images of flowers that has never existed in the dataset
but still look genuine as if they were from the dataset. A generative model can
achieve this by learning the rules that governs the appearance of a flower.

This is in fact a very difficult task considering the vast number of different values
that each individual pixels can take in an image and the relatively tiny number of
such arrangements that constitute an legit image of the entity we are trying to sim-
ulate. To put the problem to scale, for a grey-scale image of resolution 128x128 with
8-bit depth, there are in total 256128%128 nymber of all possible arrangements, and
only a tiny fraction among those will be interpreted as flowers by human.

Because of the complexity of the problem, the generative model has to be prob-
abilistic in nature rather than deterministic. We should assume that a given dataset
contain some unknown but intrinsic probabilistic distribution that dictates the char-
acteristics of its images. Therefore, the generative model needs to mimic and con-
verge towards this distribution for it to generate realistic looking images. Compared
to discriminative modelling, generative model does not necessarily care about the
category (or the label) of the data. Instead, it attempts to predict the probability of
seeing an observation.

Since generative modelling is such a broad topic, we confine our discussing to
two of the most popular deep generative models, namely Generative Adversarial
Networks [Goodfellow et al., 2014] and Variational Autoencoders [Kingma and
Welling), 2013].

2.3.1 Generative Adversarial Networks

Generative adversarial networks are one of the most interesting ideas in modern ma-
chine learning. It was originally proposed by [Goodfellow et al., 2014]. Two models
are trained simultaneously in an adversarial process, where a generator tries to cre-
ate images that look real, while a discriminator learns to distinguish fake images
produced by the generator from real images. Both the generator and the discrimi-
nator are approximated by deep neural networks. The two networks are competing
with each other with opposite objectives during training. As a result, the generator
becomes progressively better at creating fake images that look real, while the discrim-
inator becomes better at telling them apart. Note that the networks are getting better

Preliminary version — 7 August 2020



§2.3 Generative Models 19

Training set ZV / —|_A N Discriminator
Fangom T .I L=
=] ¢

Generator Fake image

Figure 2.8: Overview of Generative Adversarial Networks. It generate realistic im-
ages from noise vectors that are usually sampled from a Gaussian distribution.

because of their opponents are getting better as well, which encourage the networks
to work harder to achieve their objectives. This iterative process reaches equilibrium
when the discriminator can no longer distinguish real images from fakes. Figure
gives an overview of the GAN in its simplest form.

To learn the generator’s distribution p, that approximate the real data distribu-
tion pgar,(x), we first sample an input noise variable z from a prior distribution p.(z).
We define the mapping from this noise vector to data as G(z; f;) where G is the gen-
erator parameterised by 6. Similarly, we also define a discriminator as D(x;6;) that
takes an image as input, and its output D(x) represents the probability that x came
from the data distribution rather than p,. D is trained to maximise the probability
of assigning label 1 to real data from the dataset and assigning 0 to data generated
from G. On the contrary, G is simultaneously trained to fool the discriminator to
maximise the likelihood of fake data. We can represent this adversarial process as a
two-player minimax game with value function V(G, D):

mGin max V(G,D) = Ey p,0log D(X)] + E. ., (5 [log(1 — D(G(z)))] (2.24)

The generator and discriminator are learned jointly by the alternating updates of
parameters through gradient descent. The generator is fixed while performing one
(or a few) iteration(s) of SGD on the discriminator using the real and the generated
images. Then the discriminator is fixed when updating the generator. The following
diagram summarises the data flow and the training process of GAN.

Since the original GAN framework was introduced, many improvements were
proposed for faster convergence or more stable training etc. One simple improve-
ments is to change the loss function for the generator from E. _,_(,)[log(1 — D(G(z)))]
to —IE._,, (;[log D(G(z))]. This modification was used in the original GAN pa-
per [Goodfellow et al.,|2014] to mitigate the issue with diminishing gradient. During
the training process, it is usually easier to distinguish the generated images from real
ones in early stage, which makes V(G) = E.,_(,)[log(1 — D(G(z)))] to approach 0
quite quickly, resulting in very slow or even stalled optimisation.
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Figure 2.9: Training process of GAN. Generator and discriminator are updated alter-
natively using their respective objectives.

A more fundamental improvement for GAN is Wasserstein GAN [(WGAN) [Ar-
jovsky et al.,|2017]], which is based on the observation that the supports of ps,, and
pg in many real world datasets” distribution often lies on low dimensional mani-
folds, which are almost certainly going to be disjoint in the low dimensional space.
Therefore it is always capable to find a discriminator that can separates real and fake
samples perfectly, which will lead to instability and mode collapse of GAN train-
ing [Arjovsky et al,, 2017]. WGAN addresses this problem by using 1-Wasserstein
Distance (Earth Moving Distance) instead of KL Divergence to measure how close
two distributions are. This translate to the following modified objectives:

D(x)] - E D(G(2))] (2.25)

zrp;(z) [

mgn mgx Vwcan(G,D) = B paasa (%) [

Other than the change in objective function, the author also proposed other changes
compared to original GAN:

e Weight clipping. After the gradient update on the discriminator, clamp the
weights to a small fixed range, [—c, c].

e It is recommended empirically to use RMSProp optimiser on the discriminator,
rather than a momentum based optimiser such as Adam.

Other works proposed WGAN with gradient penalty (WGAN-GP) [Gulrajani et al.,
2017] to get around the engineering hack-like weight clipping. Instead of applying
clipping, WGAN-GP penalises the model if the gradient norm moves away from its
target norm, which is set to 1.

Similar to WAGN, LSGAN [Mao et al., 2017] also propose to use different ob-
jective functions. The key difference for LSGAN is the loss function is set up to use
L2 loss instead the log loss in original GAN or the L1 loss in WAGN, and it does
not need the problematic weight clipping. Formally, the objectives of LSGAN can be
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expressed as:

min Visgan (D) = Expy, 0 [(D(X) = 1)°] + .y () [(D(G(2)))’] (2.26)
min Viscan(G) = By, () [(D(G(2)) = 1)7] (227)

=E..,.
For its simplicity, we employ LSGAN training strategy in all of our experiments in
Chapter 6]

2.3.2 Variational Autoencoders

Variational Autoencoders (VAEs) [Kingma and Welling, 2013]] are powerful gener-
ative models just as GANs, with diverse applications ranging from generating fake
human faces [Hou et al 2017], to producing purely synthetic music [Roberts et al.,
2017]. It neatly integrate unsupervised deep learning and variational Bayesian meth-
ods together.

From a application perspective, VAEs naturally offer the advantage of being able
to control the generated image in a desired, specific direction. For example, we can
tell VAE to generate image of digits with thicker lines the tilt the digit a little. This is
because that VAE is a Latent Variable Model where each value in the learned latent
representation corresponds to a specific feature of the generated results.

In standard autoencoders, the network learns to generate compact latent repre-
sentations in order to reconstruct the input well, but the space it learns may not
be continues, making it harder to interpolate the space in order to generate novel
images. A VAE on the other hand, provides a probabilistic description for the ob-
servation in latent space, i.e. it learns a probability distribution for each latent vari-
able rather than learning a single value, which is essentially enforcing a continuous,
smooth latent space representation. Take face generation for example, an normal
autoencoder would learn that the smile factor for the face in Figure is 0.99, how-
ever, it is often desirable to represent a attribute as a range of possible values (a
probability distribution). This way, when decoding the latent representation, we can
randomly sample from the distribution to generate novel images, like the face with
a sad expression but still look like the same person. Formally, let’s suppose there
exists some hidden variable z which generates an observation x. A VAE would like
to like to infer z based on the observation of x. According to Bayes rule, z can be
computed as:

) — PXI2)p(2)
p(zh) = P2RT (2.28)
where
px) = [ pixl2)p(z)dz (229)

However, the integration turns out to be intractable because it needs to be evaluated
over all possible configurations of latent variables. We therefore need to approximate
this posterior distribution by applying variational inference. This is how VAE got its
name.
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Figure 2.10: Overview of a Variational Autoencoder. Compared to a normal autoen-
coder, VAE learns a distribution (means and variances) instead of the feature vector
itself.

Let’s approximate p(z|x) by another distribution q(z|x) which we define to have
a tractable distribution. All we need to do is to tune the parameter of g such that it
is very similar to p. KL divergence is a natural choice for measuring the difference
between two probability distributions. To ensure that g(z|x) is similar to p(z|x), we
can minimise the KL divergence between the two, which is calculated as:

KL(q(z[x)[|p(z|x)) = E[log(q(z[x))] — E[log(p(x,2))] +log p(x) (2.30)

By Jensen inequality, we can derive that minimising the above KL divergence is
equivalent to maximising the following:

max E, ;) log p(x|z) — KL(g(z}x)||p(2)) @31)

The first term can be interpreted as the reconstruction likelihood while the second
term ensures the approximated distribution g is close to the true prior distribution
p. Please observe that this maximisation aligns well with graphical representation in
Figure We can approximate the g by an encoder to generate the latent repre-
sentation z of the input x, then use a decoder who approximate p to map z back to a
reconstructed image X. The loss function of VAE can be written as:

L(x,%) + ) _KL(q;(z|x)||p(z)) (232)
]

where j indicates each variable in the latent space.

As we are computing a probability distribution g(z) for the latent variables rather
than variables values directly, the encoder model of a VAE will output parameters de-
scribing a distribution for each dimension in the latent space. Normally, we assume
that the prior follow a Gaussian distribution, so the outputs from the encoder is two
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Figure 2.11: Reparameterization trick when training VAE. It avoids the random pro-
cess of sampling from a distribution.

vectors describing the mean and the variance. The decoder model will then generate
a latent vector by sampling from these learned distributions and proceed to develop
a reconstruction model from the realizations. However, the training process using
gradient decent with back propagation does not allow random sampling. Therefore,
we leverage the reparameterization trick that introduces an additional random variable
input € sampled from a unit Gaussian distribution. Then e is shifted by the latent
distribution mean p and scaled by the latent distribution variance ¢. This process
is illustrated in Figure We can see now gradient descent can be applied as it
would in any other networks.

So far, VAEs are trained to perform reconstruction. To use it as a generative
model, we simply sample from the learned latent representation and decode. By
sampling one variable at a time with others fixed, we can see which latent variables
corresponds to which attributes in the image, thus we control the generated image
to have certain desired features.

2.4 Summary

In this chapter, we introduced some theoretical foundations and background knowl-
edge that are related to works in later chapters. They include:

e Sequence analysis. Temporal convolution and 3D CNN; RNN and its varia-
tions.

e One(few) shot learning. Embedding learning based learning methods and
memory augmented networks.

o Generative modelling. GANs and VAEs as well as their variations and exten-
sions.
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Chapter 3

GADD - RGBD Dataset for
Fine-grained Action localisation

We build a new RGBD video dataset called Gym Activities Depth Dataset (GADD)
for complex activity analysis. While action recognition is a challenging and interest-
ing task on its own, action detection takes the problem one step further and finds
itself of great importance in many real world applications. Our GADD dataset is
specifically designed to study the problem of sequence labeling and action detection,
and can also be adapted to suit the investigation on action recognition. Unlike most
existing RGBD datasets that only contain one action per video, the videos in our
dataset consist of a sequence of consecutive actions. Such scenarios are commonly
seen in the real world problems and localising actions becomes more challenging in
this dataset. Figure shows some sample frames from the GADD dataset. The
dataset contain over 800 RGBD videos, each 1-2 minutes long at 30 frames per sec-
ond, with at least 12 action instances inside each video. There are mainly 2 features
of our dataset that makes it challenging for sequence labeling and action detection
compared to existing ones:

o A wide range of action instance length, ranging from 1.5s for the shortest ones
to over 15 seconds for longer ones. This poses a strict requirement on scalability
for the detector or the labeling network.

e Some action instances contain other actions as a components. This may confuse
the detector or labeling network if it is not capable of modelling longer-term
dynamics.

These two features of the dataset will be explain in detail later in the Chapter.

3.1 Existing Datasets

Most commonly used large-scale action datasets are designed for understanding RGB
videos [Soomro et al.,|2012b; Kuehne et al., 2011} Karpathy et al., 2014]. The datasets
that are available in depth data are often small in size and typically built for recogni-
tion or detection task only. The early RGB-D datasets from Microsoft [Yu et al., 2014;

25
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Wang et al., 2012a}bj Li et al., 2010a; |Yuan et al.,|2009; Tian et al., 2012] have relatively
low resolution and consist of simple actions. Recent RGB-D datasets include more
complicated and challenging movements, such as CAD-60 [Sung et al,, 2011], CAD-
120[Koppula et al., [2013], Office Activity [Wang et al., 2014a] and RGBD-HuDaAct
[Ni et al., 2013b]. Very recently, a new dataset aimed for data-driven algorithms
called NTU RGB+D[Shahroudy et al., |2016] is introduced. It is by far the largest
dataset with 56880 depth sequences containing over 4 million frames. However, they
are mostly for the recognition task and include only one or a few simple actions per
video. KSCGR dataset[Shimada et al., 2013] is a cooking RGBD dataset containing a
sequence of actions. However, the dataset is relatively small and focuses on specific
actions involving only two arms. Therefore, we build our own RGB-D dataset for
action detection and labeling in this work, which consists of realistic and complex
gym exercise and workout activities.

3.2 Dataset Description

We provide a thorough description of the dataset in this section.

3.2.1 Actions

Our dataset contains 22 different action classes (23 with background class) of gym
workout exercises (push up, KB swing, lunge twist, etc.). A full list of all the exercises
and their sample frames are shown in Figure In addition, the mapping from class
ID to class name is given in Table Four of these classes require the subject to use a
tool, therefore human-object interaction is included in the action sequences. The rea-
son for choosing gym workout exercises is that all of the actions are well-defined and
constrained. Compared to other dataset that contain actions such walking, running,
playing basketball, our actions have clear and easily identified starting and ending
points instead of a vague transition between actions. This is crucial for the proper
evaluation of detection tasks where temporal localisation is the main challenge. Also,
action such as Jumping Burpee contains Push Up as its components.

3.2.2 Subjects

There are in total 25 subjects participated in the video recording process. Different
subjects are randomly assigned with different actions to perform. Once actions are
determined, they perform all of them in a row (e.g. 3 push-ups followed by 4 roman-
twist), thus creating an action sequence. Each subject are assigned at least 4 different
action classes and they are asked to repeat each one at least 3 times, making the total
count of action instances greater than 12 in every videos captured.
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ID Class Name

1 Push Up

2 Sit Up

3 V-Sit-Up

4 Roman Twist
5 Burpee

6 KB Swing

7 Dead Lift

8 BW Squat

9 Thruster

10 Mountain Climb
11 KB Lunges
12 Leg Raise

13 | Single Leg Bridge on Hip
14 Bird Dog

15 Rotated Plank
16 Hip Extension
17 Lunge Twist
18 High Knees
19 Heel to Glute
20 Lower Side Step
21 World’s Best Stretch
22 Side Squats

Table 3.1: ID-to-Name Mapping for GADD dataset.

3.2.3 View Points

We set up cameras from 4 different angles when recording every videos. They are
separated in a 180°spread, at roughly about 0°, 60°, 120°and 180°respectively. Be-
cause the subject will be constantly moving, the angles relative to the subject will
change during filming. The four different views are separated far enough, which
creates large pose variation in the dataset. In the detection and sequence labeling
task, we assume the location of the cameras are unknown and no calibrations are
preformed on the depth maps from different angles. The purpose of creating 4 dif-
ferent view points is to increase data variability and encourage higher robustness of
the action representations.

Figure 3.2/ show the the RGB and depth frames from 4 different view points with
4 different performers.

3.2.4 RGBD Sensor and General Setup

Here we explain the whole setup for capturing actions, as well as some background
movements that repeatedly occur.
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Figure 3.3[shows the top view of the entire filming setup. The 4 Kinect sensors are
separated evenly across a 180°span. Each camera simultaneously capture RGB and
depth frames at 30 frames per second. All four cameras are not calibrated or synchro-
nised, so the RGB and the depth video captured by each camera are independent.
Because Kinect captures raw 24-bits RGB pixel and 16-bits depth pixel values with-
out compression, the data cannot be written to disk in time thus the RAM, which
serves as buffer, will be filled up. On the devices we use to capture the videos, the
RAM can last about 2 minutes before being fed up. That is why each of our video
only contains 12-15 action instances and lasts less than two minutes.

Every performer starts by standing roughly in the middle. When all 4 cameras
are capturing, the person is then told to start doing gym exercises. The performer
are given a list of actions to perform beforehand. Generally, it is expected that the
person will repeat each action 3 time before moving on to the next, except for some
really short actions which they are asked to repeat 5 times. However, we do not
enforce this rule strictly, people are allowed improvise as they see fit. The goal is to
contain at least action instances per video. Please note that some of the actions is
actually an extension of other actions as explained in Section which makes it
especially challenging because the recognition algorithm may make false predictions
if not observing enough of the action.

3.2.5 Data Formats

We collected the data using Microsoft Kinect v2, and recorded the RGB and depth
maps for each frame. After filming all the actions, we manually label each actions by
its start and end frame numbers. Each video sequence has three components: Depth
frames, RGB frames and its action annotations.

e Depth Frames. We strive to preserve the depth details as much as possible so
that 3D surface information are kept intact. Each depth frame is of resolution
512x424, with each pixel value representing the distance between a real world
point and the Kinect camera plane. The depth value is the unit of mm, and
is quantized using 16 bit unsigned integer. Therefore, each depth frame is a
512x424 1 channel uintl6 png image. We applied some light pre-processing by
applying median filter on the depth information provided by the Kinect sensor
to filter out small noises (unwanted holes etc.) caused the imperfection of the
sensors. No further pre-processing was done to keep the depth information as
original as possible.

e RGB Frames The native resolution of the RGB frame coming from the Kinect
sensor is 1920x1080. We figured that it is unnecessary to use HD RGB frames
for action recognition and detection, while at the same time HD images takes
up much disk space. Therefore each RGB frames is firstly compressed using
JPEG, then we center crop each frame to 1080x1080 to retain its aspect ratio, and
resized the cropped part to 270x270. At the end, each RGB frame is a 270x270
3 channel uint8 jpg image.
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e Video Annotations For the annotation, we record the annotated class and
frame indices of every action instances. Associated with every videos, a label. txt
file is created containing the the following information: The first numbers of
each row are the action label (a number between 1 to 22) that indicated the ac-
tions performed in the video. Within each row, from the second number to the
end are the start and end frame indices of each occurrences of the action. Note
that different actions in different video are repeated different times (normally
3 times), so not all lines in the label. txt file have the same length. We can
see form the example annotation file below that that the video have action 1, 2,
8 and 12 in it, and action 1 is present from the 67th frame to the 103rd frame,
and then again from 104th frame to 135th frame etc. This type of annotation
essentially labels every frames to an action class.

1 67 103 104 135 136 169
2 402 464 465 528 529 558
8 761 797 798 840 841 878
12 1111 1189 1190 1270 1271 1336

3.2.6 Pre-processing of Frames

For each RGB frame, we capture at native Kinect resolution of 1920x1080. However,
we do not need such high resolution frames for action recognition and localisation.
Therefore, we center crop the original frame to 1080x1080 to keep the aspect ratio,
and resize to 270x270 resolution. The resulting RGB frames are 270x270 uint8 RGB
images.

Similarly for depth frames, which are captured in native Kinect resolution of
512x424, we first center crop them to 424x424, and then resize to 227x227. After
crop and resize, we apply median filter on all depth frames to fill up small holes
and reduce the noise induced by the depth sensor. The resulting depth frames are
227x227 uint16 single channel images.

3.3 Benchmark

Table 3.2 summarizes the performance of mainstream methods on GADD dataset as
baselines for temporal action localization.

3.4 Conclusion

In this chapter, we present a RGB-D gym activity dataset called GADD to facilitate
research on action recognition and action localisation. All the actions in the dataset
have distinct start and end points which define a clear boundary between actions or
action/background. The dataset is challenging for two main reasons:
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RGB Depth
Methods mAP@0.5 mAP@0.7 || mAP@0.5 mAP@0.7
multi-stage CNN [Shou et al.| 31.5 239 28.8 23.7
TCN [Dai et al., 2017] 40.7 36.4 37.1 35.5
Instance-aware [Yang et al.,[2018] 44.3 40.6 45.8 40.9
PGCN [Zeng et al., 2019] 57.2 54.2 55.3 54.1

Table 3.2: Temporal action localization baseline performance on GADD dataset. This
table covers major action localization methods from 2016 to 2019. Mean Average
Precision score on IoU 0.5 and 0.7 are reported.

1. The duration of action differs significantly, ranging from 2 seconds to 30 sec-
onds. This tests the ability of the localisation algorithms to handle multi-scale
instances.

2. Some actions include other shorter actions as their components, meaning the
pattern of movements are repeated in multiple different actions. This tests
the ability of the localisation or recognition algorithms to effectively aggregate
long-term temporal information.
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01 Push Up

02 it Up

03 V-5it-Up

04 Roman
Twist

13 Single
Leg Bridge
on Hip

14 Bird Dog

15 Rotated
Plank

16 Hip
Extension

05 Burpee 09 Thruster
06 KB Swing 10 Mountain
Climb
07 Dead Lift 11 KB Lunges
08 BW Squat 12 Leg Raise
17 Lunge 21 World's
Twist Best Stretch
18 High 22 Side
Knees Squats
19 Heel to
Glute
20 Lower
Side Step

Figure 3.1: List of actions in the GADD dataset
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Figure 3.2: RGB and depth frame from 4 viewpoints with 4 different performers.
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Figure 3.3: Filming setup.
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Chapter 4

Synergy of Action Detection and
Sequence Labeling

Understanding complex activities from videos is a fundamental problem in com-
puter vision and has a wide range of applications in surveillance, human-computer
interaction and personal robotics [Herath et al., 2016]. Much progress has been made
in the key tasks involved in activity analysis, including action classification [Wang
and Schmid, 2013} Karpathy et al., |2014; Bilen et al., 2016a; |Simonyan and Zisser-
man, 2014a} Tran et al., 2015a; Donahue et al., 2015; Wang et al., 2017d]], detection [Ni
et al., 2016} Yeung et al., 2015b; Shou et al.; [Yuan et al., 2017], sequence labeling [Ye-
ung et al., 2015a; Singh et al.| 2016} Ma et al., 2016; Shou et al., 2017 ?] and activity
prediction [Koppula et al., 2013} Koppula and Saxenal 2016], etc.

While most existing works focus on parsing activities in RGB videos, multi-modal
analysis have attracted relatively less attention. However, recent advances in depth
sensors (e.g., Kinect) enable us to efficiently obtain dense 3D measurements of dy-
namic environments, especially with indoor settings. Exploiting such multi-modal
videos for activity understanding has promising prospect as they provide rich infor-
mation about the object poses and shapes, and are less sensitive to object appearance
and lighting condition [Wang et al., 2012a; Oreifej and Liu, 2013; Ni et al., 2013a;
Shahroudy et al., 2016 Lillo et al., 2016

Despite the progress in video-based action recognition, it remains a challenging
task to fully parse complex activities that consists of a sequence of different actions
in long video sequences. A key step towards understanding such activities is to
produce a detailed frame-wise action labeling, which receives much less attention
than other tasks in activity understanding (e.g., action classification or detection).
Previous work typically focus on predicting action class labels for each frame without
explicitly reasoning action instances in the sequence [Yeung et al., 2015a; |Lillo et al.,
2016; ?; Yuan et al., 2017; Shou et al., 2017]. Nevertheless, such category-level frame-
wise labeling strategy is limited in encoding more global constraints at the action
instance level, which tends to produce inconsistent frame-level labeling for the entire
sequence.

In this work, we propose to incorporate action instance information into detailed
action labeling of complex activities in long videos by fusing the frame-level and

33
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Figure 4.1: Dense sequence labeling & Detection. Each frame has an action class
label, a set of consecutive frames forms an action instance. Note that several action
instances can repeat right after each other.

instance-level action predictions. Here sequence labeling is performed in an online
fashion, with prediction being made based on local observations and sequence his-
tory, while detection seeks action instances based on the spatio-temporal patterns of
the full actions. As they capture complementary information at both instance and
frame level, our approach exploits the synergy between these two subtasks, and can
thus handle arbitrary long videos with consistent performance in parsing multiple
action instances. We also note that action classification techniques are not suitable
for labeling tasks because in labeling, the total video length and the action duration
are unknown.

We design a deep neural network pipeline using both RNN and CNN to perform
frame-level action labeling for complex videos with multi-class action instances. Our
network consists of two interdependent modules for detection and labeling respec-
tively. The action labeling module is a recurrent network based on the long short-
term memory (LSTMs) [Donahue et al 2015], while the detection is performed by a
stack-frame CNN [Karpathy et al., [2014], which takes a set of sampled frames and
predicts action scores for every generated action proposal. To achieve consistent la-
beling, we integrate the predictions from the action detection module with an LSTM
network for a refined sequence labeling results. Both the networks are built on a
short-term video representation that integrates RGB with depth cues, which pro-
vides the geometric information from the raw depth and its normal map. Finally, the
representation is further enhanced by employing dynamic images [Bilen et al., 2016a;
Fernando et al., 2015a].

We adopt a stage-wise training and inference approach to integrate action predic-
tions from two sub-networks.

To evaluate our method, we utilise the GADD dataset described in the previ-
ous Chapter. It is specifically designed for sequence labeling and action detection
with dense frame level labels. Unlike existing RGBD action recognition or detection
datasets, videos in GADD include more complex activities, typically defined by a
continuous sequence of actions. Also, the proposed method is tested on the Kitchen
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Scene Context dataset (KSCGR) [Shimada et al., 2013] and compare with several base-
line methods. Our network outperforms all the baseline methods and has proved to
be beneficial to both the subtasks.

Our main contributions are two-fold:

1. We design a novel video representation that integrates short-term spatio-temporal
patterns of both and RGB and depth information using dynamic images.

2. We develop a novel fusion method that explores the synergy between the two
subtasks of action instance detection and frame-level action labeling, which
results in better overall performance for both tasks.

4.1 Related Work

4.1.1  Action Recognition & Video Representation

Depth Based Some of the famous video descriptors are STIP[Laptev,[2005], HOG|Dalal
and Triggs, 2005], HOG3D|Klaser et al., 2008], optical flow and trajectories|Wang

et al| 2013][Wang and Schmid, 2013]. However, most of the interest points based
methods cannot be easily applied to depth sequences due to lack of textures in depth
images. Recent effort in action recognition in depth videos developed alternate meth-
ods.

For example, early work in depth-based action recognition typically use hand-
crafted depth features, e.g., [Li et al) |[2010b]. Recently, [Wang et al., 2012b|] extract
human skeleton from depth, then track the joints as the action features using the
skeleton tracking algorithm [Shotton et al 2013} Taha et al., 2015]. The main draw-
back of the estimated skeletons is that they can be noisy in a clutter scenes or under
occlusion. Some holistic approach have also been proposed. In [Yang et al., [2012],
the entire depth sequence is summarised into one Depth Motion Map (DMM) by
accumulating the difference between frames, then HOG features are computed using
the DMM. The main draw back of this method is that it fails to consider the temporal
ordering, which we argue is vital in action recognition. Unlike it, the temporal dy-
namics is explicitly considered in [Oreifej and Liu, 2013|], where the histograms of 4D
normal vectors are computed evenly divided spatio-temporal cells. However, such a
representation is sensitive to the noise in temporal gradients.

An alternative approach to depth-based action modelling relies on dense repre-
sentations. In [Wang et al., 2012a], the authors use randomly sampling strategy to
compute the occupancy patterns in the spatio-temporal volume of depth sequences.

Deep Network Based Recently, deep network based representations have been
widely adopted in activity analysis of RGB videos[Herath et al., 2016] due to its
robustness. Both [Karpathy et al., 2014] and [Simonyan and Zisserman, [2014a] use
stacked frames as input and relies on the CNN network itself to extract temporal
information. Many others resorts to the LSTM network to learn an action represen-
tation [Yue-Hei Ng et al., 2015; Donahue et al., 2015]. [Veeriah et al., 2015] modifies
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the LSTM internal gates and propose Derivative of States (DoS) to get a video rep-
resentation that emphasises the motion salience. In terms of representing temporal
dynamics, it is natural to extend the powerful 2D CNN into 3D domain, by extending
the input and every convolutional kernel to 3D. Following this idea, [Ji et al., 2013]
and [Iran et al., 2015a] propose 3D convolutional neural network. Another series of
work [Fernando et al., 2015albj Bilen et al., 2016a] aims to summarise the complex
temporal dynamics into one compact image, which can be used by 2D CNNs for
recognition. [Wang et al., 2017a] extends this idea to optical flow images, further
improves recognition accuracy.

4.1.2 Action Detection & Sequence Labeling

Most action detection approaches aim to localise instances of a specific action class
based on classifying generated action proposals. For example, [Ni et al., 2014] com-
bines dense trajectories and frame level CNN features to detect actions from sliding
window proposals. Such strategies have been improved by effective methods of gen-
erating high quality action proposals as in [Yu and Yuan, 2015]. To capture temporal
dynamics, LSTM networks have been widely used in representing action instances.
Singh and Shao [Singh et al., 2016|] propose an LSTM on top of a multi-stream CNN to
model the dynamics for each proposal. [Yeung et al.,2015b] use LSTM and reinforce-
ment learning technique to progressively observe the video and refine its prediction
on where to look next and when to make a decision. Other methods use structured
representations to model the details of action instances. [Yuan et al., 2017] improves
detection accuracy by explicitly finding the start, middle and end key frames of an
action. Actions are commonly accompanied by objects, [Ni et al,, 2016] build on
this idea and propose detecting interactional objects and body parts using an ob-
ject parsing network. They then extract motion features like HOF and trajectories
on the parsed segments. RGB-D information has also been used in action detec-
tion literature [Ni et al., [2013a; |Shahroudy et al., 2016]. [Ni et al., [2013a] extracts
3D spatial-temporal context of the actions using both grey scale and depth images.
Shahroudy et al. [Shahroudy et al., 2016] extract human body part from depth data
and propose a part-aware LSTM network for recognition and detection. However, it
is challenging for those methods to produce a consistent parsing of long videos with
consecutive actions from multiple classes.

A more detailed approach to understanding complex activities in videos is through
sequence labeling. One key challenge here is to achieve temporal consistency in the
labeling. To better model temporal dynamics, Yeung et al. [Yeung et al., 2015a] pro-
pose an attention based MultiLSTM model with multi-label loss that intelligently
select input frames and produce multiple outputs for a range of frames. [Shou et al.,
2017; ?] utilise temporal convolution features and deconvolution operations to extract
high level temporal dynamics for end-to-end sequence labeling. Lillo et al. [Lillo
et al., 2016] decompose a complex action into atomic actions and propose a pose
based method to detect atomic actions. Ma et al. [Ma et al., 2016] designed a novel
ranking loss to enforce the monotonicity of prediction scores, which encodes the ac-
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tivity progression constraint. By contrast, we integrate the detection with sequence
labeling to achieve more consistent results. In addition, our work focus on learning
action labeling from densely labeled videos, while some recent work [Huang et al.,
2016; Papoutsakis et al., 2017] take unsupervised or weakly supervised approaches.

It is also appropriate to briefly review the methods of object detection since action
detection can be seen as the temporal version (1d) of object detection. Recently, a line
of works [Girshick et al., 2014} |Girshick, [2015; [Ren et al., 2015] have demonstrated
near real-time high accuracy object detection in the wild. [Girshick et al., 2014] adopts
a multi-stage detection pipeline. First extract region proposal on the input image,
then compute CNN feature on each proposal and finally classify each region using
linear SVMs. [Ren et al.,2015] improve the proposal generation process by applying a
Region Proposal Network (FPN) on the convolution feature maps that enable enable
end-to-end training. This way, full-image convolution features are shared to allow
very fast region proposals. Such techniques may be adopted for action detection
by extending the methods along time dimension using 3D convolution like [Shou
et al.], but due hardware limitations, it is not feasible for longer actions. Single
Stage Detectors [Liu et al., 2016a] (SSD) achieves even faster speed by removing the
proposal generations stage. Instead, they use fixed prior boxes as anchors and they
only require one forward pass during inference to predict boxes. Also, the speed is
invariant to the number of object instances.

4.2 Methodology

We now address the problem of labeling in the complex videos that comprises a
sequence of action instances from multiple action classes. We aim to integrate global
information from action detection to achieve consistent labeling for parsing complex
activities. To this end, we design an instance-aware action labeling system which
consists of three components: 1) a frame-wise labeling LSTM, 2) an action detection
system to acquire global information at instance level, and 3) a fusion network that
integrate both local and global information for consistent sequence labeling.

A good frame representation is the basics in almost all video understanding tasks.
In the proposed labeling framework, we employ a novel video representation that in-
tegrates short-term spatio-temporal patterns of both and RGB and depth information
utilise the techniques of dynamic images [Bilen et al., 2016a} Fernando et al., 2015al.
Therefore, we first introduce the frame representation in this section, then we de-
scribe each model component in detail.

4.2.1 Frame Representation

Our labeling and detection task requires capturing spatio-temporal patterns of the
sequence at multiple granularities. To this end, we adopt a local frame representa-
tion that encodes the short-term temporal dynamics for the frame-level labeling and
detection tasks. Specifically, we first compute a dynamic image feature and a single-
frame feature, and then fuse them by concatenating their CNN representations.
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Dynamic Images We represent the short-term spatio-temporal patterns by explor-
ing the concept of dynamic images [Bilen et al., 2016a] based on rank pooling [Fer-
nando et al., 2015b]. The original dynamic image (DI) aims to summarise the tem-
poral evolution of a video with a single image representation. Specifically, it learns
a video representation by exploiting temporal ordering of the frames. Given a video
sequence {x1, x2..x7}, the method associates a score S; with each frame, which is
defined by a linear SVM: S (v, u) = uT . v; where v; is the locally aggregated feature
up to the tth frame: v; = % YL 1¢(x:), and u is the parameter vector of the SVM. The
linear SVM needs to satisfy the ranking constraint, which ensures that for any two
frames x;, and x;:

Sp(vp,u) < Sy(vg,u), Vp<gqg (4.1)

We refer the reader to [Fernando et al., 2015b] for the details of the SVM learning
process. Once the SVM is trained based on the temporal ordering supervision, the
weight vector u that characterize the SVM is used as the video descriptor.

In this work, we use an efficient approximation of dynamic images, which designs
a fast rank pooling strategy. Concretely, the fast DI is computed as follows,

d= i[2(T—t+1) —(T+1)(Hr — Hi_1)] x¢ 4.2)
t=1

where the coefficient H; = Y. _; 1. This fast approximation is essentially a weighted
sum of the input frames. As in [Bilen et al., 2016a]], we compute the dynamic images
directly on the frame pixels, and the resulting d is a array of the same shape as the
input frames features.

Figure [4.2| illustrates how we implement the dynamic images to get a frame rep-
resentation. The DIs is applied to encode the local temporal windows centered at
the video frames of interest. Our preliminary empirical study shows the DI is more
effective to capture the short-term dynamics than being applied to long sequences.
We therefore choose to use n = 7 frames centered at the frame f; to construct the
dynamic images at frame f;. This way a dynamic image summarises the local mo-
tions over approximately a quarter of a second. As is shown later in the experiments
section, we pre-compute such features for all frames for all experiments to use.

Single-frame Features We use slightly different single-frame features depending
on the input is RGB or depth videos. For RGB videos, the single-frame feature is
the raw RGB image. For depth videos, we also compute 3D surface normal map
in addition to the raw depth frame. The normal vectors is able to better describe
the surface shape [Oreifej and Liu| 2013]. Formally, the normal vector N at a point
(x0,y0) on a surface z = f(x,y) is given by

_9f of
L (43)
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Figure 4.2: Representation for frame f;. We use a window of n frames centered at the
f+ to compute dynamic image. The dynamic image summarise the short term motion
cue around f;.

We first apply median filter to the depth images, removing most of the noisy edges
and filling in holes in the raw depth. Then we calculate numerical gradient by cal-
culating finite difference on every point both horizontally and vertically, obtaining a
two-channel matrix corresponding to % and % respectively. We use the two channel
matrix as the gradient normal map.

CNN-based Feature Fusion Given the dynamic image and single-frame features,
we now develop a feature representation for the local temporal window of m consec-
utive video frames adopting a late fusion strategy that uses a two-stream CNN [Si-
monyan and Zisserman, 2014a]]. As the DI and single frame features possess the same
shape as the input images, we can easily concatenate them and feed into a CNN for
late fusion. Instead of relying on optical flow which is often noisy and expensive to
compute, we use a stream of CNN to extract fc7 feature from the DI, which is more
effective for capturing the short-term dynamics. A second stream of CNN computes
the fc7 features from the single-frame feature, and we concatenate these two features
together to represent the frame. Figure 4.2 gives an overview of the frame represen-
tation. It should be noted that to represent a video segment, we simply stack such
frame representations as the input to CNN, as depicted in Figure

4.2.2 Frame-wise Action Labeling

To predict frame-wise action labels, we build an LSTM-based recurrent neural net-
work on top of our frame representation. The RNN allows us to encode the long-term
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Figure 4.3: Overview of Sequence Labeling. We stack two layers of LSTM on top of
the CNN feature to encode long-term temporal information.

dynamics of the activities so that our prediction exploits both current and history ob-
servations.

Specifically, at each given time step, we first compute the local frame represen-
tation described in Section as the input to the LSTM units. Please note that
the computation of dynamic images exploits current, future and past observations to
capture more context information. Our RNN consists of two layers of stacked LSTM
with 512 hidden states, and the hidden representation of the top layer units are used
to generate the probability of action classes through a softmax layer. We refer the
reader to [Graves et al 2013; Donahue et al., 2015] for the detailed equations of the
LSTM units.

Figure |4.3| shows an overview of the sequence labeling network.

To handle action labeling for general video sequences, we use the stateful LSTM
to accommodate inputs that contain multiple instances and of variable lengths. The
stateful LSTM accepts input of the current frames, but inherits the hidden state values
from its previous iteration. This way, there is no need to specify the sequence length
when initializing LSTM units. More importantly, in complex and long videos, a
RNN with large temporal unroll step is not optimal because multiple actions with
different patterns may be present within one temporal unroll and weights update.
With stateful LSTM, the time unroll step can be set to be much smaller than the video
length yet still capture long-term dynamics because of its state-inheritance nature.
After all frames of a video are processed, the LSTM layer will reset its hidden state
to make ready for the next video.

4.2.3 Action Detection with CNNs

We consider the task of action detection in the context of understanding complex
activities, which typically involves a set of consecutive action instances from multiple
classes. To efficiently localise these actions, we develop a two-stage detection method
based on the Stack-frame CNN network [Shou et al.]. Our detection pipeline takes a
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video as input, and first generates a pool of generic action proposals using an efficient
CNN with binary output. We then learn a second CNN to classify the proposals into
multiple classes. Both networks have the structure of stack-frame two-stream CNN
that takes the stacked frame representation as input. The fc7 features of the two
streams are concatenated and fed into a linear SVM for the final output. Figure
shows the overview of the detection module.

Action proposal generation . We reduce the search space for the action detection by
first filtering out background and misaligned candidate windows. To achieve this,
we build a CNN-based binary classifier, which is then applied to the input video
sequence in a sliding window manner. The filter CNN predicts an actionness score
for each window in its exhaustive search. The actionness score is the probability of
the window being an action instance. Specifically, we evenly sample k = 10 frames
and stack them together as the input to the CNN for each window. Our network
uses the backbone of AlexNet [Krizhevsky et al., 2012] for efficiency, and shares
the structure of the AlexNet except the input and output layers. Our network takes
input that has 10 channels, and predict the probability of the window being an action
instance.

We generate a pool of action proposals by removing the windows with probabil-
ities lower than a threshold. We validate the threshold to strike a balance between
speed and accuracy. In this work, it is empirically set to 0.8, which results in a 95%
reduction in the number of windows and still maintains a recall rate of 1 with 0.5
IoU threshold.

Action instance classification . For each candidate window that passes the filter
CNN, a multi-class CNN is used to predict the action label and its confidence scores.
We further apply the non-maximum suppression (NMS) with a threshold of 0.3 to
generate the final detection outcomes.

Concretely, we evenly select k = 10 frames from each sample window and stack
the frame representations. Note that each dynamic image is computed using 5 con-
secutive frames centered at the frame of interest. By doing so, the actual frames used
to obtain the video representation extends slightly beyond the windows itself, giving
it extra context information [Girshick et al., 2014].

4.2.4 Instance-Aware Action Labeling Network

We now integrate the frame-wise action labeling module with the action detection
module to achieve more consistent parsing of the input videos. The action labeling
network captures rich context at the frame and category level while the detection
module extracts instance-level information for the action units. In this work, we refer
a instance as a complete sequence of any defined action classes in the dataset. The
goal of the detection module is to extract such instances from unconstrained videos.
By combining the frame labelling network and the detection module, a novel two-
stage labeling process is used to exploit the synergy between those two modules.
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Figure 4.4: Overview of action detection module. We first compute the frame repre-

sentation on 10 evenly sampled frames in the window. We then apply the two-stream

stack-frame CNN. Note that in the process of obtaining dynamic images, frames out-
side the proposed window is used, which provides extra context information.

Our first stage trains the detection module to generate a set of temporal bounding
boxes, each box is associated with an action class label and a confidence score. We
then use the detection results to compute a Frame Label Prior matrix (FLP). Specif-
ically, let the detected actions of class | be a set of N; temporal windows, denoted
by {(s},el,cl) 5\21, where s/, el are the start and end frame index, and c! is the con-
fidence score. For each action class, we select top M = 10 windows with highest
confidence scores and sort them according to the scores. Denote the total number of
action classes as L. At each time step t, we define a label prior matrix D; of size M
by L as follows,

Dy(m, 1) = ¢, L(t € [s},,€5,]) (4.4)

In the second stage, we design a two-branch fusion network to integrate the de-
tection outcomes with the frame-wise action labeling task. Using the FLP matrix as
input, we construct a convolution branch to encode the matrix into a feature vector
containing the action instance information. Our convolution branch has two con-
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Figure 4.5: Two branch labeling network. The detection output around frame at time

t (dark grey) is encoded using a small convolution network. The encoded instance

cue is concatenated with the frame-level feature extracted by LSTM for prediction.
Frame level features is computed according to Sec

volution layers followed by a fully connected layer with 64 output neurones. The
output is concatenated with the hidden vector of the top-layer LSTM for the frame
label prediction.

Figure illustrates the structure of fusion network. During the prediction of
frame label at time ¢, a slice of the array FLP around time t serves as input to a
convolution branch. We jointly train the instance-aware labeling network end-to-end
to obtain the final labeling prediction, and to ensure the CNN branch learns how to
correctly extract action instance knowledge from FLP.

4.3 Experiments

We evaluate our instance-aware sequence labeling method on the RGB and depth
videos in the GADD |3|and the Kitchen Scene dataset KSCGR [Shimada et al., 2013].
We first describe the experiment setup and evaluation metrics in Sec. Then, we
report the results on sequence labeling with comparisons to several strong baseline
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methods, which is the focus of this paper. Finally, we show through an ablation
study that not only detection can help improve labeling, but labeling can boost de-
tection performance as well, indicating that action detection and sequence labeling
are mutually beneficial.

4.3.1 Data Preparation and Evaluation

Dataset Split & Training details For both datasets, we split the dataset into two
training sets TR1 and TR2 as well as a test set TST. For the training of the fusion
network, we use TR1 training set to learn the detection system first and TR2 training
set to train the instance-aware labeling model.

For the stack CNN in action detection system, we train the network on TR1 and
adopt the Adam optimiser with base learning rate is 0.0001 and batch size 256. For
the frame-wise LSTM labeling network, we use the SGD optimiser with a base learn-
ing rate 0.01 and batch size 1. This is also trained on TR1. Then we apply the trained
detection CNN and frame-wise LSTM on TR2 to obtain the detection and labeling
results, which are used to train the instance-aware labeling net on TR2. For this
network, we use the Adam optimiser with base learning rate 0.00001 and batch size
1.

Evaluation Metrics We employ two different evaluation metrics for the task of se-
quence labeling. One is accuracy which reflects the frame level performance (how
many frames are correctly labeled). The other is f-score which is calculated with
precision and recall. The f-score reflects the class specific instance level performance.
For the task of action detection, we compute the intersection-over-union (IoU)
between the predicted temporal windows and the ground truth and consider the
detection is correct if IoU> 0.5. We then use the average precision to report the
results on each class and the mean average precision (mAP) for overall performance.

4.3.2 Evaluation on Sequence Labeling

We show the results of sequence labeling in Table and Table for RGB and
depth video respectively. We compare the performance of the basic LSTM model,
three state-of-the-art methods [Yeung et al., 2015a; [Singh et al., 2016; Ma et al., | 2016]
and our fusion LSTM model based on the same video representation. To put our
instance-aware fusion method in context, we also implemented a naive smoothing
method (majority voting) for comparison.

First, we note that by modelling the long-term dynamics with the basic LSTM,
we witness significant improvements compared to the traditional CNN. Attention
LSTM performs slightly better than basic LSTM, thanks to its attention mechanism
that is capable of focusing on relevant frames and capturing longer-range dynamics.
By introducing temporal consistency constraints [Singh et al., 2016; Ma et al., 2016],
it also achieves slightly better performances. However, our instance-aware LSTM
network fused with detection can effectively model global dynamics, outperforming
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Figure 4.6: Comparing different sequence labeling results. Black is background, Green
is an action, and Red is false prediction. First row: ground truth. Second row:
labeling results with CNN only. Third row: labeling results with added LSTM. Forth
row: attention LSTM labeling results. Fifth row: instance-aware labeling results.
Sixth row: Smoothing applied on basic LSTM results. Video 1 and Video 2 illustrate
how joint prediction can help improve accuracy by considering global information at
instance level. Video 3 shows a failure case due to poor-quality detections.

Accuracy(%) | f score
CNN 76.32 0.72
LSTM 78.45 0.74
Attention LSTM|Yeung et al., 2015a] 80.27 0.74
Bi-LSTM[Singh et al.,2016] 79.88 0.75
RankingLoss LSTM[Ma et al., 2016] 80.75 0.76
LSTM (with smoothing) - 80.33 0.73
Ours (instance-aware) 83.78 0.81

Table 4.1: Comparing sequence labeling accuracy and F-score of our proposed
method against other state-of-the-art methods on RGB videos on GADD. Noticeable
improvement can be seen in both evaluation metrics.

the other state-of-art methods consistently. The fusion of detection and sequence la-
beling generates a noticeable improvement in both accuracy and F-score, indicating
the synergy between action detection and sequence labeling. Moreover, comparing
the last two rows in the table, we can see moderate improvements on accuracy but
large jumps in f-score. This clearly indicates that our instance-aware labeling method
works more effectively for action instances, while naive smoothing methods that treat
every frames equally are prone to errors. Although naive smoothing operation can
improve accuracy to some extent, most improvements is happening within back-
ground frames. When applying such operation on complex sequences, it will blur
the instance boundaries, leading to no improvements or even worse results in f-score.

Figure visually shows the labeling results with and without the use of the
proposed instance-aware technique. Figure gives a detailed class-by-class com-
parison on the f-score induced by the fusion of action detection. We can see that our
joint method outperforms the basic LSTM across all the action classes.

Concretely, we can make several observations from Figure First, by compar-
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Accuracy(%) | f score
CNN 78.86 0.69
LSTM 81.25 0.78
Attention LSTM[Yeung et al.,[2015a] 81.36 0.77
Bi-LSTM][Singh et al., 2016] 81.87 0.79
RankingLoss LSTM[Ma et al, 2016 82.03 0.79
LSTM (with smoothing) 82.13 0.78
Ours (instance-aware) 84.56 0.86

Table 4.2: Comparing sequence labeling accuracy and F-score of our proposed
method against other state-of-the-art methods on Depth videos on GADD. Notice-
able improvement can be seen in both evaluation metrics.

ing the third row to the second, we can see that the basic LSTM mainly corrects the
short chunks of false prediction inside an action, which produces a smooth label-
ing outcomes. Second, from the forth row, we observe that the behavior of attention
LSTM has large variations: while it does capture longer-term dynamics, it also seems
to attend to irrelevant frames. In contrast, as shown by the difference between the
third and fifth row, by fusing the detection results, our method effectively corrects
false predictions within the interior of action instances, as well as during the transi-
tion between non-action (background) and action, where the frame features can be
ambiguous. Furthermore, in comparison with the sixth row, it is evident that the pro-
posed instance-aware method can handle false predictions more adaptively. Naive
smoothing methods are ineffective when a set of consecutive frames are predicted
falsely.

The performance improvement of our method is likely due to the instance aware-
ness introduced by our method. Within a complexity action sequence, the frame
level prediction inferred by short term dynamics can easily make mistakes as the
basic movements of human limbs that form a complex action are likely to appear in
some other actions, which causes confusion with local information only. The prob-
lem can be alleviated by joint prediction with more global contextual information
from sequence history and action instances. What’s more, the frame labels during
the transition between non-action and action are ambiguous in nature. If a correctly
detected window has high IoU for an action instance, it can facilitate labeling of the
frames during transition. However, it is noteworthy that combining detection results
of poor quality can sometimes lead to deteriorated results, as shown in Video 3 in
Figure [4.6]

We also report our sequence labeling performance on the KSCGR dataset in Ta-
ble which summarizes the accuracy and F-score for action labeling with compar-
isons to baselines. For completeness, we also include several state-of-the-art methods
using RGBD as input. It is shown that our method outperforms baseline methods
and achieve better or comparable results against state-of-the art methods. This in-
dicates that our improvement over existing methods is consistent across different
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Figure 4.7: Per-class F-score of sequence labeling on GADD. After applying fusion
with detected action instances, we witness performance gain on all the action classes.

datasets.

4.3.3 Ablation Study
4.3.3.1 Effect of Depth Video Representations

To validate our design of depth video representation introduced in Section
we compare frame-based sequence labeling accuracy against depth representations
in Table Here we predict the frame label based on a local window centered
at each frame as shown in Figure We can see that using depth alone leads
to poor performance while dynamic images achieves reasonable results on its own.
Combining depth with dynamic image (DI) boosts the labeling performance slightly
(by 1.11%), and adding surface normal cues further improve the accuracy (by 1.71%).
A pixel value of a depth image only indicate how far a point is from the camera
plane, but surface normal describes the curvature around a small area. The results
shows the temporal information from dynamic images and the spatial information
from 3D surface normal vectors are indeed complementary to each other. Therefore,
we use the depth+DI+3D norm as our frame representation for all of our detection
and labeling experiments.

4.3.3.2 Effect of Instance-aware Fusion

While we have already demonstrated that our fusion method can significantly im-
prove labeling performance in Figure .7, we now demonstrate that the labeling out-
comes can help boost detection performance as well.
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accuracy(%) | f score
Doman and Kuai[Shimada et al., 2013] - 0.74
TAT-Action|Ni et al.,[2014] - 0.79
Ni[Ni et al., [2016] - 0.86
Depth+DI+Norm 61.3 0.58
LSTM 70.2 0.71
Instance aware (Depth) 74.0 0.74
Instance aware (RGBD) 78.5 0.84

Table 4.3: Sequence labeling accuracy and F-score on KSCGR. Our instance aware

model, using only depth data as input, achieves comparable result with those using

RGB or RGBD data input. When combine the results of both RGB and Depth inputs,
our method output performs all baseline methods.

Representation Accuracy(%)
depth alone 36.60
DI alone 76.04
depth+DI 77.15
depth+3D norm 66.90
depth+DI+3D norm (stack input) 78.86
depth+DI+3D norm (with LSTM) 81.25

Table 4.4: Sequence labeling accuracy with different depth representations. The com-
bination of depth, dynamic image and 3D norm achieved the best result.

Table and shows the mAP scores and after re-weighting the detection score
with labeling results on GADD and KSCGR datasets respectively. We can see that
there is a significant improvement in the overall mAP. When the detection system
localises the action instances, their class labels can be noisy due to lack of long-term
temporal context. On the other hand, the action labeling can provide more stable
results regarding the action class for each frame. By fusing them together, we are
able to reduce the false positives from incorrect action classes and achieve better
performance.

Video modality | mAP @0.5 | with SL @0.5 || mAP @0.7 | with SL @0.7
RGB 39.98 44.38 33.55 40.62
Depth 35.59 45.81 31.70 40.89

Table 4.5: Mean Average Precision for action detection for RGB and depth videos on
GADD. The IoU threshold is set to 0.5 and 0.7 during evaluation.

Figure [4.8] and 4.9 shows detailed class-by-class improvement on the average pre-
cision induced by the fusion of sequence labeling. Figure shows the typical
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Figure 4.8: Per-class average precision of action detection on GADD. By the fusion
with sequence labeling, we witness performance gain on all the action classes.

Video modality | mAP @0.5 | with SL @0.5 || mAP @0.7 | with SL @0.7
RGB 36.1 43.8 25.5 31.2
Depth 32.3 38.2 219 26.3

Table 4.6: Mean Average Precision for action detection for RGB and depth videos on
KSCGR. The IoU threshold is set to 0.5 and 0.7 during evaluation.

precision recall curves of detection from several action classes. The left panel shows
three action classes with highest PR curves and the three with lowest ones. The
right panel demonstrates the improvement from fusion for two typical action classes,
which is evident.

4.4 Conclusion

In this chapter we have presented an instance-aware fusion approach for dense ac-
tivities labeling in complex videos, which combines the frame level information from
LSTM with instance level information from action detection. By exploring the syn-
ergy between action detection and sequence labeling, we saw consistent improve-
ments on both sequence labeling and action detection tasks over strong baselines
methods on GADD and KSCGR datasets.

What’s more, we propose a novel depth video representation which utilises dy-
namic images and 3D surface normal, and explore the synergy between action de-
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Figure 4.9: Per-class average precision of action detection on KSCGR. By the fusion
with sequence labeling, we witness performance gain on all the action classes.

tection and sequence labeling. We design an LSTM + CNN fusion network to jointly
solve two problems, leading to better performances in both tasks.
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Figure 4.10: Precision Recall Curve on GADD. Left: The graph shows three ac-

tion classes with high-quality detection and three classes with low-quality detection.

Right: The graph shows the effect of sequence labeling fusion on detection for two
action classes. Refer to Table 3.1] for the class names used in this figure.
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Chapter 5

Few-shot Action localisation

As discussed in Chapter [4 temporal action localisation, which jointly classifies action
instances and localises them in an untrimmed video, is a key task in video under-
standing. Due to a wide range of applications such as video surveillance and video
analytics [Poppe, 2010; Herath et al., 2016], it has been an active research topic in re-
cent years [Lillo et al., 2016; Ni et al., 2016; Singh et al., 2016; |Yeung et al., 2016; Shou
et al.; Xu et al., 2017; Girshick, 2015; Yuan et al., 2017; [Zhao et al., 2017; Shou et al.,
2017; ?; \Gao et al., 2017; Ma et al., 2016; Xiong et al., 2017; Dai et al., 2017]. While
early attempts relied on handcrafted video features [Poppe, 2010; Karaman et al.,
2014; Wang et al 2014b} Lillo et al., 2016], deep neural network based approaches
have made significant progress [Donahue et al,, 2015; Karpathy et al.,, 2014; |Shou
et al; Xu et al,, 2017; Yeung et al., 2016; |Shou et al., 2017] and reported the state-
of-the-art performance due to data-driven spatiotemporal feature representations,
effective end-to-end learning strategies, and the availability of large-scale action/ac-
tivity datasets [Soomro et al., 2012a; Jiang et al., |2014; Fabian Caba Heilbron and
Niebles, 2015].

Most existing deep network based action localisation methods, however, adopt
a strongly supervised learning strategy that relies on a large amount of annotated
video data, which are costly to collect [Karpathy et al., 2014; Kay et al., 2017].
While transfer learning or model pretraining may mitigate this problem to some
extent [Shou et al., 2017; [Carreira and Zisserman, 2017} [Xu et al., 2017], it remains
challenging to handle novel action classes and adapt learned network models to a
new scenario with high data efficiency. By contrast, human beings require little su-
pervision in the process of learning new concepts, yet achieve very good generalisa-
tion. We are capable of learning new action classes and localising their instances from
only a few examples of each class [Frey and Gerry, 2006; |D., 2007]. Part of the reason
for the fast and flexible learning ability is that we can integrate past experience into
interpreting the new information. Therefore, it is much desirable to incorporate such
an efficient learning strategy into action localisation for more flexibility and better
generalisation when annotations are scarce and costly to obtain.

To this end, in this chapter, we consider a one(few)-shot learning scenario of
action localisation; given one (or a few) example of new action classes, typically one
per class, our goal is to detect all occurrences of each class in an untrimmed video.
This problem falls into the regime of one-shot learning and presents the challenge of

53
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Representation for Example Video
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2222222 e 33333333 - frame labels

Figure 5.1: Example-based action localisation problem setup. Inputs are a few exam-

ple videos and an untrimmed test video, after encoding and computing correlation,

frame labeling are obtained by comparing correlations. Finally, frame labeling are
combined into action instances.

how to rapidly adapt to new classes with minimum supervision.

While one-shot learning has been extensively studied in the context of visual
recognition [Andrychowicz et al., 2016; |[Li and Malik| 2016; Ravi and Larochelle,
2017; Santoro et al., 2016b; |Vinyals et al., 2016; |Finn et al., 2017; Mishra et al., 2017b],
few studies address the challenge of learning from a few instances to detect spa-
tiotemporal patterns, such as actions, in videos. To tackle this problem, we develop a
novel meta-learning strategy that integrates the task-level prior knowledge on match-
ing video sequences into learning action localisation. The key ideas of our one-shot
learning strategy are an intuitive, structured representation of action videos suitable
for matching (partial) sequences and a similarity metric that allows us to transfer the
labeling of action examples to action proposals in the untrimmed video. Figure
shows an example of our one-shot action localisation pipeline.

Specifically, we propose a new Matching Network architecture based on the meta
learning framework. Our method takes as input a few examples per action class and
predicts a dense temporal labeling of a test video in terms of action instances. In
contrast to the classification network in [Vinyals et al. 2016], our localisation net-
work first generates a sequence of action proposals in a sliding window manner and
predicts their action labels through three network components, as follows. The first
component, a video encoder network, computes a segment-based action representation
for each action proposal and reference action, which maintains the temporal struc-
ture of actions and allows for accurate localisation. The action proposals are then
compared with every reference action by the second network component, a similar-
ity network, which generates a set of correlation scores at each time step. Based on
the correlation scores within a time window, the third component, a labeling network,

Preliminary version — 7 August 2020



§5.1  Related Work 55

predicts the action class label (as one of the foreground classes or the background)
for the proposal in each time step.

Since all the network components are differentiable, our localisation network can
be trained in an end-to-end fashion. We evaluate our approach on the Thumos14 and
the ActivityNet dataset and report significantly better performance than the state-of-
the-art methods while using only a small training set. Our ablative studies also
demonstrate the efficacy of every model components in our architecture.

Our main contributions in this chapter are three-fold:

e We introduce an one(few)-shot action localisation problem that addresses the
novel task of detecting action instances given only one (or a few) annotated
video examples per class;

e We propose a meta-learning approach to the action localisation problem based
on the Matching Network framework, which is capable of capturing task-level
prior knowledge;

e We develop a structured representation of action videos for matching that en-
codes the temporal ordering information and produces more accurate localisa-
tion results.

In the remaining of this chapter, we first review the existing algorithms of one-
shot(meta) learning and non-fully supervised video understanding techniques in
Section Then we present our one-shot action recognition network in Section
which lays the foundation for the one-shot action localisation task that we aim to
address. After that, we show how to adapt the recognition network to localisation
by introducing a meta-level localisation module. Finally, experimental results and
conclusions are shown in Section [5.3|and [5.4| respectively.

5.1 Related Work

5.1.1 One-shot Learning and Meta Learning

Modern techniques for one-shot learning tend to utilise the meta-learning frame-
work. Meta-learning techniques are applied on a set of datasets, with the goal of
learning transferable knowledge among datasets.

Some approaches train a meta-learner that learns how to update the parameters
of the learners” model, usually a deep neural network [Andrychowicz et al., 2016;
Li and Malik, 2016; |[Ravi and Larochelle, 2017]. The meta-learner learns an update
rule that will guide the learner to quickly adapt to each individual tasks. MAML
[Finn et al., 2017] combines the meta-learner and the learner into one, by directly
computing gradient with respect to the meta-learning objective. In [Santoro et al.,
2016b], a memory-augmented neural network is trained to learn how to store and
retrieve memories. Also tries to retrieve past memories, TCML [Mishra et al., 2017b|
treats each individual dataset as a sequential input, and use temporal convolution to
automatically discover learning strategies.
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Metric learning methods are also employed by many one-shot learning algo-
rithms that generate good results. Deep siamese networks [Koch et al., 2015] train
a convolutional network to embed examples so that samples in the same class are
close while samples in different classes are far away. [Vinyals et al., |2016; Shyam
et al., | 2017; Snell et al., 2017] refine this idea by introducing recurrence and attention
mechanisms.

In this chapter, our method follow the framework of matching network [Vinyals
et al., 2016], using correlation to classify given videos, and adapt it for the example
based action detection problem.

5.1.2 Semi or Weakly Supervised Video Understanding

Fully supervised action localisation problem has been extensively studied [Lillo et al.,
2016; N1 et al) 2016; Singh et al., 2016 Yeung et al. 2016; Shou et al} [Xu et al.,
2017; (Girshick, 2015; Yuan et al| 2017 |[Zhao et al, 2017} [Shou et al., 2017; ?; |Gao
et al., 2017; Ma et al., 2016; Xiong et al., |2017; Dai et al., 2017]. To capture temporal
dynamics, LSTM networks have been widely used in representing action instances.
[Singh et al., 2016} |Yeung et al.,, 2016; Ma et al., 2016] use LSTM in addition to CNN
to better model the temporal dynamics each proposal. In this work, we use LSTM
to encode finer temporal details into the encoding vector of the video. 3D CNN
and temporal convolution have proven to be effective in capturing spatial temporal
features, and is reported to achieve state-of-the-art results for both action recognition
and action localisation tasks. [Tran et al.,[2015b; |Shou et al.; Xu et al., 2017} Shou et al.,
2017} |Carreira and Zisserman| 2017, ?]. However, 3D network is hard to train and
require a large amount of data [Carreira and Zisserman, 2017]. Other methods use
structured representations to model the details of action instances. Yuan et al. [Yuan
et al., 2017; Zhao et al., 2017]] improves localisation accuracy by explicitly finding the
start, middle and end stage of an action. In this paper, we also employ a structured
representation of the video, but we do not explicitly model different stages of an
action.

Action localisation has been studied in other non-fully supervised setup by a few
works. [Bojanowski et al., 2014; [Huang et al., 2016] proposed some weakly super-
vised action labeling methods using only the action order information. Untrimmed-
Nets [Wang et al., 2017b|] employs a different type of weak supervision by using only
untrimmed videos without annotations during training, and a attention based mod-
elling method is proposed under such weak supervision. [Soomro and Shah, 2017]
uses no supervision at all and formulate the unsupervised action detection problem
as a Knapsack problem. They propose a supervoxel-based pipeline that first discover
actions and then spatial-temporally localise them. Unlike these problem setups, we
aim to address the example-based action detection problem, which can be formu-
lated as one-shot action localisation. The one-shot aspect of the problem restrict us
from using any pre-trained networks.
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5.2 Methodology

An overview of our one-shot action localisation net is shown in Figure The core
component of it is the one-shot recognition network, which we will explain first.
Then we explain how it can be easily adapted for action localisation. Finally, we
introduce the loss functions and how to train the model.

Labeling Network
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Figure 5.2: Overview of the one-shot localisation System. We use sliding window to
swipe over the untrimmed test video with the stride equal to the segment length. For
each window, we compute correlations with all reference examples. By concatenating
correlations with every example at every time step, a correlation matrix is obtained.
In the end, a FC network is applied on the correlation matrix over a certain time
span to make segment level classification of fore/background. On the places of
foreground, action classification is done through comparing correlations. We use
different window sizes for multi-scale predictions.

5.2.1 Matching Network for Few-shot Action Recognition

We propose a meta-learning strategy to learn a structured representation of action
instances and a matching similarity metric of actions that enable us to classify every
action candidate in the untrimmed video based on the action examples and their
class labels.

5.2.1.1 Video Encoder

Our matching-based action localisation relies on good alignment between the candi-
date and the reference videos. To achieve accurate alignment, we intend to maintain
the temporal structure of action videos in our action representation. To this end, we
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Figure 5.3: The video encoder. It uses temporal-segment two-stream network to
encode the video into a structured representation. The final encoded vector for the
video is the concatenation of the LSTM output for each segment.

develop a segment-based video representation with ranking LSTM to encode each
action instance as a fixed-length sequence of video segment features.

More specifically, given a target video x;, we evenly split the video into S seg-
ments. Each segment is first encoded by a two-stream temporal segment network [Fe-
ichtenhofer et al 2016; Simonyan and Zisserman), 2014a; Wang et al., 2016], denoted
as ¢, that generates an initial encoding vector ¢(x;s) for the s-th segment where
s =1,---,5. The temporal segment structure allows us to generate a finer-grained
or partial alignment between two video sequences, e.g., a reference example and a
query video. To capture the temporal context, we add an additional LSTM network
layer that takes as input the sequence {¢(x;5)}>_;, and produces the final encoding
of the query video as

{g(xis) o1 = LSTM({(xi) }o1) (5.1)

The structure of our video encoder is illustrated in Figure The LSTM layer is
trained with a ranking loss to enhance the temporal order structure, which we will
explain in detail in Sec The overall representation of the target video is formed
by concatenating the encoding vectors of all the segments.

5.2.1.2 Similarity Network for Matching Actions

Given the video representation, we now turn to the task of classifying the query
video clip into one of the action classes with example videos or the background.
Inspired by the Matching Network architecture [Vinyals et al., 2016], we compute
a correlation score between the action candidate and each action example using a

Preliminary version — 7 August 2020



§5.2 Methodology 59

similarity network. The overview of the Similarity Network is shown in Figure

Formally, we refer to the dataset of action examples and their labels as the support
set and denote it as {X = {(x;, ;) }$*t where c is the number of classes and k is
the number of examples per class. The similarity network first applies full context
embedding [Vinyals et al., 2016] for each individual examples x; with respect to the
entire support set. Specifically!, let ¢(x;) be the encoding vector of example x;, we

define the Full Context Embedding (FCE) ¢’(x;, X') as

—
g’(xi,X) = h;+ hi—l—g(xi) (5.2)
- = — -
h ir Ci= LSTM(g(XZ'), h i—1, C 1'_1) (53)
o <— —
hi,ci=LSTM(g(xi), hit1, € i+1) (5.4)

where the FCE uses a bi-directional LSTM and treats the g(x;) as an input sequence.
The FCE vector ¢'(x;, X') is the summation of outputs of ith step of the LSTM in
both directions, and the original g(x;). The full context embedding encodes the
dataset context and enriches the representations of action examples. Please note
that the choice of bi-directional LSTM is necessary in FCE. Obviously, the order of
different training examples x; in a dataset should not convey any information because
there are no temporal relations between each individual examples. Therefore a bi-
directional LSTM is employed: by adding the outputs from both directions, the effect
of the temporal order of x; is mitigated.

Now given an target video £ and its encoding vector g(%), the similarity network
computes the cosine distances between it and all the representations of the examples:

A 8(2)"g'(xi, X)
d(x,x;) = (5.5)
(%) = [T o )
Based on the distances, the original matching network uses an attention mecha-

nism and voting strategy to classify the test data into one of classes in the support
set [Vinyals et al., 2016]:

) =) a(2,x)y; (5.6)
i=1
where a(£%, x;) is the softmax attention of test sample £ to the examples x;:

a(%,x;) = 188 @A) / Y gD (50)) (5.7)
j

Matching network provides a non-parametric nearest-neighbour like approach for
one-shot learning. In this way, we can achieve one-shot action recognition.

However, we note that, as the support set is only composed of action classes
(foreground), such classification method is not applicable to the localisation task, in
which we also have to distinguish foreground from background. Therefore, in our

For simplicity and readability, we drop the subscript s.
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Figure 5.4: Similarity Network. All example videos along with a test video are

the inputs for the similarity network. The similarity network applies FCE on each

encoding vectors of example videos. The FCE is parameterised by a bi-directional
LSTM.

one-shot action localisation architecture, we use the similarity network to compute
the correlation scores, and design a separate labeling network to infer the class labels
(including background) of each proposal. Details of the localisation structure and
the labeling network are described in Sec

5.2.2 Meta-network for Few-shot Sequence Labeling

Given a few typical examples from a set of new action classes, our goal is to locate
all the instances of these classes in an untrimmed video. Specifically, we develop a
labeling network on top of the recognition network describe above. When combined,
the whole framework takes as input the examples of new action classes and predicts
a dense labeling of the test video for localising action instances of these classes.
The one-shot localisation framework adopts a dense sliding-window approach to
generate a sequence of action proposals, and assign a class label to each of these
proposals. Using our video encoder, a fixed length video representation consisting of
multiple segments is obtained for each window. The same process is applied on the
example video as well. At each time step, a correlation score between each pair of the
proposal and the reference examples is computed by the Similarity Network. Then,
the correlation scores at every time step are concatenated to form a correlation score
matrix, which captures how the similarity between the example and the untrimmed
test video changes through time. Finally, the labeling network predicts the classes of
every action proposals based on the correlation scores in a local temporal window.
The whole framework of one-shot action localisation that combines Video Encoder,
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Similarity Network and Labeling Network is illustrated in Figure

Specifically, Our action localisation network uses the sliding-window strategy to
generate action proposal with a fixed stride step. In this work, we set the stride
size equal to the segment length used in the video encoder. For each window, we
obtain an encoding vector and compute correlation scores with the example videos
as discussed above. Formally, we denote the length of each window as I, the number
of segments in each window as S, and the length of the test video (number of frames)
as N. Then the segment length, also the stride size, is é and the number of window
is NS/I. Let £, denote nth window proposal, £, = {f—1)i/s " ** f(n—1)1/5+1}, where
n € [1, °]. For each window we have:

coriz, = § (xi, X)Tg(%n) (5.8)

By concatenating cor; ¢, for each i and n, we obtain a correlation matrix. Window
length [ indicate the scale under which we are searching. With different /, we can get
correlation matrix for multiple scales, thus can obtain multi-scale predictions.

The labeling network is applied directly on the correlation matrix. Similar to Eq
where classification is done through comparing cosine distances, we compare
different rows of the same column of the correlation matrix by applying a fully con-
nected neural network on the correlation matrix over a short temporal span, and
output a probability distribution over foreground and background via sigmoid ac-
tivation. The fully connected network slides over the correlation matrix along the
time dimension, determining fore/background for every proposal. On the proposals
which the labeling network determines to be foreground, Eq[5.6|is applied to predict
an action label, which is shown in the upper part of Figure

Our labeling network is applied over a certain time span, in order to capture
the contextual information and to reduce frequent label switch between fore/back-
ground. Note that the correlation matrix contains both information about specific
action classes, and whether a proposal belongs to the background or foreground.
For example, if the correlation with one example are much higher than that with
the others, then the proposal most likely belongs to foreground and has the same
action label as the example; If the correlations with all examples are relatively low,
then it probably belong to the background. The labeling network learns these criteria
through training.

Also note that the labeling network is, in a sense, independent to the action
classes, as it is applied on the correlation matrix rather than the feature represen-
tation of each videos. This means that criteria it learned should be class-agnostic
and applicable to input videos from any classes. This property makes it suitable for
one-shot prediction. One can think of the correlation as an operation that filters out
irrelevant video-specific information, and left behind only relevant similarity infor-
mation. The task of the labeling network is only to determine whether there are any
outstanding correlations at a specific location. Therefore, we can directly apply the
trained network to other previously unseen classes and still expect a good perfor-
mance. One can also understand this from another perspective: the encoder learned
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through find the nearest sample will capture meta-level (class-agnostic) knowledge,
so the output vectors (correlation matrix) are in meta-level as well. Therefore, any
network applied only on top of the correlation matrix should also learn meta-level
knowledge as well.

Post-processing In the post processing stage, we combine multi-scale proposal-
level predictions to obtain a single frame-level predictions for the test video, and
group adjacent frames of the same label to obtain action instances. Specifically, we
employ three steps of post-processing.

1. We map the proposal prediction to its central segment and each frame in the
segment share the same probability distribution as the segment;

2. We combine multi-scale prediction into one: Each frame has a probability dis-
tribution for each scale. We add the probabilities from every scales and choose
the highest one and the corresponding class as the confidence score and the
final prediction for the frame.

3. We group adjacent frames of the same label to get predicted action windows.
The confidence score for the predicted window is the average score of every
frames in that window. This post-processing step essentially achieves the Non-
maximum Suppression (NMS) for the localisation.

5.2.3 One-shot Model Learning

Our localisation system is designed for one-shot action localisation, the correspond-
ing meta-learning formulation should be employed in the training of the model.
Every component of the system is differentiable and the system can be trained end-
to-end. However, to get better initialisation and performance, we pre-train the video
encoder and the similarity network with action recognition objective. In the remain-
der of this section, we first present the meta-learning formulation employed in this
work, than the overall loss function for the localisation system. Finally, we present
the the model pre-training using slightly different loss functions.

5.2.3.1 Meta Learning Formulation

In meta-learning, the model is trained in a meta-phase on a set of training tasks,
and is evaluated on another set of testing tasks [Vinyals et al., 2016} Santoro et al.,
2016b; [Finn et al., 2017]. Formally, we define 7Tcts—train to be the collection of the
meta-training tasks: Treta—train = {X, X, L(X, X,0)}. Each task consists of its own
training set X = {x;,y;}, test set £ = {%;,9;} where y is the ground truth label for
classification task, or a real value for regression task, and some loss function £ to
measure the performance of the meta-learner depending on the system parameters
6. Similarly, we can define the meta-testing tasks as Tieta—test = {X, X,L(x,X,0)}.
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The goal of meta learning is to find the model that minimise the meta-test loss across
a distribution over the meta-test tasks:

0" = argmin()lETN’Tmem—test [E(T’ 9)] (59)

During training, the test loss on X of sampled tasks T ~ Tyeta—train is served as the
training loss to the meta-learner. For each training set X in 7yet4,r4in, if only one or a
few samples are presented, then the problem is known as one(few)-shot learning.

5.2.3.2 Optimisation for the Localisation System

The FC network in Figure outputs a score Fy(n) for each segment indicating
whether it belongs to foreground or not. Using the segment level mask M}, as ground
truth for fore/background, we can compute the localisation loss function as the bi-
nary cross entropy:

NS/I

Lie = —— Y [M:logF,
I NS E_l[ n log Fo(n) (5.10)

+ (1= M, log(1 — Fy(n)))]

We also compute classification loss at every segments whose ground truth is fore-
ground:
NS/I

Ly = ———
cls NS =

[M;,10g Py (Jn|2n, X)) (5.11)

where 7 is given by Eq Note that during testing, we only further classify the

segments who are predicted to be foreground into action classes. However during

training, we compute classification loss on every ground truth foreground segments.
Using the meta-learning framework, we can have the final training loss for the

one-shot localisation task as:

Lioe + Lcls] (512)

eta—train [

L=Er.7,

5.2.3.3 Pretraining for Video Encoder & Similarity Net

The video encoder and the similarity network contain most of the trainable param-
eters in the system, including the two-stream temporal segment network, the LSTM
layer and the FCE module. They serve as the backbone of the localisation system.
Therefore, the overall performance can be improved with proper model pretraining.
We pretrain the video encoder and the similarity network under the action recog-
nition task to get better initialisation. During the pretraining stage, only trimmed
action instances are used, thus we are only concerned with the classification loss:

Lcls,s = 10g Py (ﬂs ‘fs; X) (5.13)

where 7 is again given by Eq % is the test action instance and X is the collection
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of all example videos. With the model pretraining, we can also take advantage of the
LSTM in the video encoder by employing ranking loss [Ma et al., 2016] to incorporate
better temporal structures into the encoding vectors g(x;) given in Eq Formally,
the ranking loss is:

Lmnk,s = max(O, PZ - P:y) (5.14)
pi=@0)" 9 (5.15)

g = J 5.16

= _

where 7, is the predicted probability distribution and § is the ground truth label.
In other words, pg and p; J are the predicted probability with respect to the ground
truth label 7 at segment s, and the past maximum predicted probability respectively.

The intuition of ranking loss is to encourage the classifier to make more confi-
dent prediction as it is presented with more and more of the video content. The
loss incurs a penalty when the prediction confidence drops at the sth segment com-
pared to the highest confidence among past segments. This encourages the network
to make monotonic increasing predictions, which in turn, encourages the encoding
vectors of different segments {g(x;s)}5_; to be more discriminative to each other.
The ranking loss can improve the temporal structure of the final encoding vector, i.e.
the concatenation of {g(x;5)}5_;.

Under the meta-learning framework, we can write the final training loss for the
pretraining of the video encoder and the similarity net as:

L= IETNﬂ,e,,,,,m,-n{Z[Lcls,s + Lrank,s]} (5.17)
s

5.3 Experiments

5.3.1 Datasets & Preparation

We use the Thumos14 [Jiang et al., 2014] and ActivityNet 1.2 [Fabian Caba Heilbron
and Niebles, 2015] datasets to evaluate our one-shot action localisation algorithm.
Thumos14 dataset has 1010 video of 20 classes in its validation set for action detec-
tion, and uses UCF-101 [Soomro et al., 2012a] as its trimmed training data. We do not
use the Background Set during training. ActivityNet has 4819 untrimmed training
videos containing 100 classes. There are 1.54 action instances in each video on aver-
age and no trimmed videos as additional data, so we cropped the action instances in
the untrimmed video as the training data for the video encoder.

The one-shot problem setup requires that the classes during testing must not be
present during training. Thumos14 contains 20 classes from UCF-101, so only the
other 81 classes in UCF-101 are used during training the encoder. We denote the
two splits of UCF-101 as UCF-101-81 and UCF-101-20. After training the encoder,
we use a small part of Thumos14 validation set (contain 6 classes) to train the fully
connected network with the features extracted by the video encoder, and use the
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remaining 14 classes in the test set to test our one-shot localisation network. The
two splits of Thumos14 validation set and test set are denoted as Thumos-val-6 and
Thumos-test-14.

Similarly for activity net, we split the 100 classes into 80-20 splits. Our one-shot
action localisation network is trained on videos containing only the 80 classes in the
training set, denoted by ActivityNet-train-80, and is tested on the other 20 classes in
the validation set, denoted by ActivityNet-val-20.

Model pre-training We split the UCF-101-81 dataset into 10000 small datasets each
containing 5 example videos of 5 different classes and 1 test video belonging to one
of the 5 classes. For each small dataset, the 5 action classes, 5 example videos and
1 test video are all randomly chosen. The 5 action classes are randomly assigned
labels from 0-4. Same operation is applied for ActivityNet. We train the one-shot
video encoder and the similarity net under the meta-learning setup on all such small
datasets.

Training for localisation We split the Thumos-val-6 dataset and UCF-101-20 into
small datasets in a similar manner. We randomly choose one video from Thumos-
val-6, and pair it with 5 examples UCF-101-20 to form a small dataset. The examples
are chosen from the mutual classes of UCF-101-20 and Thumos14-6. All such datasets
are used for training the one-shot action localisation network. The 5 examples are
randomly assigned labels from 1-5, with 0 represent background. Same operation is
applied for ActivityNet. At this stage, the parameters of the video encoder are fixed,
only the fully connected network are updated.

Testing for localisation During the meta-testing stage, the setup is identical to that
of meta-training stage, only now we use Thumos-test-14. We pair a randomly chosen
video in Thumos-test-14 with 5 examples from the mutual classes with UCF-101-20.
As can be easily seen, there are a large number of different combinations of the 5 ex-
amples (random classes, and random sample within each class), and the localisation
performance is dependent on the example videos chosen. To get a reliable test re-
sults, we randomly sample 1000 different datasets from each of the 14 test classes and
calculate mAP across all these datasets. Same evaluation setup is use for ActivityNet.

Training details During training of the encoder as well as the FC network, the ini-
tial learning rate is set to be 0.001 and decrease by a factor of 5 once the training loss
stop decreasing. To prevent including too many backgrounds during training, we
only use the cropped clips of the untrimmed videos where the ratios of background
and foreground frames are between 0.5:1 and 1.5:1 . Also, to ensure all such clips
have the same length, we repeat multiple instances of shorter clips to make its length
the same as longer ones. The segment ground truth and segment mask are repeated
accordingly.
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mAP mAP
Heilbron et al. [Caba Heilbron et al.,2016] | 13.5 || Ours@1 13.6
Yeung et al. [Yeung et al., [2016]] 17.1 || Ours@5 | 14.0
Yuan ef al. [Yuan et al., 2017 17.8 || Ours@15 | 14.7
S-CNN [Shou et al.| 19.0 || CDC@1 6.4
S-CNN + SST [Buch et al., 2017] 23.0 || CDC@5 6.5
CDC [Shou et al., 2017 233 || CDC@15 | 6.8

Table 5.1: Comparison of our one-shot localisation method with state-of-the-art meth-

ods on Thumos14. The left half are the results under full supervision, the right half

are results for one-shot setup. @n means n examples per class are used during train-
ing. The IoU threshold is set to 0.5 for all comparisons.

mAP@0.5 | Average mAP
TCN [Dai et al., [2017] 374 23.5
R-C3D [Xu et al., 2017 - 26.8
Wang et al. [Lin et al., 2016] 42.2 14.8
Lin et al. [Lin et al., 2017] 489 32.2
Xiong et al. [Xiong et al.,[2017] 411 24.8
CDC [Shou et al., 2017] 43.8 22.7
Ours@1 22.3 9.8
Ours@5 23.1 10.0
CDCe1 8.2 2.4
CDC@5 8.6 2.5

Table 5.2: Compare our one-shot localisation method with state-of-the-art methods

on ActivityNet. The Upper half are the results under full supervision, the lower

half are results for one-shot setup. @n means n examples per class are used during
training.

5.3.2 Evaluation

To demonstrate the effectiveness of our approach, we make a comparison with one of
the state-of-the-art action detection method under the one-shot setup, showing that
a method which works well with a lot of training data will perform poorly with very
little data. In addition, we include the results of other state-of-the-art methods under
full supervision to put our method in context.

We see from Table and that, although there is still a performance gap
between one-shot and fully supervised action detection, our method significantly
outperforms the state-of-the-art method when tested in one-shot setup®. Fully su-
pervised method like CDC requires a large amount of data to obtain meaningful

%In the comparison of one-shot performance, we train the CDC network from scratch, as opposed to
using the pre-trained model on Sports-1M in the paper, because the one-shot setup forbids us of using
any pre-training.
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Figure 5.5: A portion of the correlation matrix with its corresponding video frames

and predictions. Test video contains multiple instances of GolfSwing, one of which

is similar to the HammerThrow example video. Green is the ground truth action,

black is background and blue is another action class. On the last row, red is false

predictions. A relationship between visual similarity and correlation scores can be
observed.

representations where are ours can benefit from a few.

Under the meta-learning setup, the labels are randomly changed for each action
class for every iteration during training, which forces the feature representation of
our video encoder to decouple from the labels. This way the video encoder can
treat new action classes just as any other classes, thus achieving fast adaptation
from only one sample. The class-independent property of the parameters learned
from meta-learning are particularly desirable since the matching network employs a
non-parametric approach for classification. However, for existing methods, when a
sample changes its ground truth label from one iteration to another, it can confuse
the network, preventing the model from learning discriminative features effectively.
Also, from only one or a few samples, the network suffers from heavy over-fitting.

Figure visualise the correlation matrix and the classification criteria learned
by the FC network. We can see that the FC network will output background when all
correlations are relatively low, or when there is no outstanding correlation. Correct
predictions can be made through comparing correlations most of the time, which
indicates that the feature representation of our one-shot video encoder is discrimi-
native. However, false predictions do appear around the action boundaries. Also,
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different time steps of the same action may express resemblance with different ex-
amples (blue part in Fig[5.5), which will lead to false predictions.

5.3.3 Ablation Study
5.3.3.1 Effect of the Similarity Net

We conduct an ablative study and evaluate the one-shot performance where the sim-
ilarity network is replaced by binary SVM classifiers. To show more context, we also
show the performance achieved using Dynamic image [Bilen et al., 2016a]. The result
is shown in Table which demonstrates the vital role of the similarity network in
learning effective representations for the one-shot localisation.

mAP
Dynamic image [Bilen et al.,[2016a] + Binary classifier | 4.4
Our encoder + Binary classifier 6.0
Our encoder + Similarity net 13.6

Table 5.3: Comparison between the similarity network and a binary linear SVM clas-
sifier with the same video encoder.

The reason for the the significant drop with a simple SVM classifier is that it is not
trained to capture similarity, but rather extracting class-dependent features, whereas
the similarity network is class independent. The cosine distance layer in the similarity
network (see Figure masks all parameters in the network from the actual classes,
thus giving the network the ability to adapt to new classes very quickly.

5.3.3.2 Effect of Temporal Alignment

In this work, a finer level of alignment is obtained through the segment-based video
representation of the encoder, as well as the ranking loss LSTM. Here we show that
such structured representation has the benefit of improving localisation performance.
Below is the comparison one-shot recognition and localisation performance under
different alignment schemes, shown in Table and respectively. This demon-
strates the critical role of our alignment for the localisation task and its effectiveness
in learning discriminative feature representation, respectively. Also, the recognition
results show that our alignment does not sacrifice the feature representation capacity.
The results for the first row in the table is obtained by doing classification separately
on each segments, and then combine the prediction of every segments. Such late fu-
sion technique are known to boost classification accuracy [Simonyan and Zisserman,
2014a; Wang et al., 2016]. However, on the second and third row, the results shown
are the accuracy using the concatenated vector of all segments. In this comparison,
the accuracy with and without ranking loss are practically identical, proving that
feature alignment property hinders very little the expressive power of the represen-
tation.
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Alignment Scheme accuracy (%)
TS + prediction pooling 58.0
TS, w/o ranking loss 57.5
TS, with ranking loss 574

Table 5.4: One-shot recognition accuracy under different alignment scheme. TS refers
to the temporal-segment two-stream network depicted in Figure

Alignment Scheme mAP | accuracy
No alignment 7.8 -

TS, w/o ranking loss | 12.9 57.5
TS, with ranking loss | 13.6 57.4

Table 5.5: One-shot detection mAP and one-shot recognition accuracy under different

alignment scheme. In the table, No alignment means not employing segment-based

representation, nor ranking LSTM. TS refers to the temporal-segment two-stream
network depicted in Figure

We can also see from the Table a good alignment is critical in our algorithm.
With segment-based representation, the finer temporal structure allows for more ac-
curate localisation. Although most of the alignment property is gained through the
temporal segment structure of the encoder, ranking loss also provides a noticeable
performance boost, as it encourages the features from different segment to evolve
over time, discriminating features from different segments, thus improved the struc-
tured representation. In the third column, the accuracy with and without ranking
loss are practically identical, indicating that with feature alignment we can also learn
an expressive representation.

5.3.3.3 Validity of the Video Encoder

As explained in Section the video encoder employs the temporal-segment
two-stream structure. Specifically, the architecture of the CNN is what we call mini-
VGG, which follows the architecture of the VGG-16 network, but with only a quarter
of the convolutional kernels, resulting in a significantly smaller network size. The
main reason of employing such architecture is to reduce the memory requirements
without causing too much performance degradation. Table shows the encoder
performance of the fully supervised action recognition task on the UCF-101 dataset as
well as the number of parameters. Although our encoder is not the best performing
one, it is much more efficient with only slight performance drop. More importantly,
the segment-based encoder is critical in our localisation system, as shown before.
Our encoder is well matched with dynamic image and two-stream network, with
only about one tenth of the parameters. compared to two-stream fusion network,
we achieve a reduction of parameters of 27 times with only 4% performance loss.
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Accuracy(%) | # parameters
two-stream network[Simonyan and Zisserman), 2014a] 82.9 ~27.5M
dynamic image [Bilen et al.,|2016b] - 76.9 ~36.1M
two-stream fusion [Feichtenhofer et al.,2016] 85.2 ~97.3M
temporal-segment network (VGG16)[Wang et al.,[2016] 85.7
temporal-segment LSTM (ResNet)[Ma et al., 2017a] 86.2
my encoder (mini-VGG16) - 81.3 ~3.6M

Table 5.6: Video encoder performance comparison for fully supervised action recog-
nition. Our encoder performs reasonably well with only a fraction of the network
size compared to other widely used encoders.

More importantly, the segment-based encoder is critical in our localisation system,
as shown before.

5.3.4 Scalability of Method

We further test our method using slightly altered setup:
1. Using more samples per class.

2. Using larger number of classes.

mAP@1 | mAP@5 | mAP@15
Ours 13.6 14.0 14.7
CDC 6.4 6.5 6.8

Table 5.7: Comparison of our few-shot localisation and CDC method on Thumos14
for different number of samples per class. @n means n examples per class are used
during training. The IoU threshold is set to 0.5 for all comparisons.

mAP | 5-way | 20-way
Ours | 13.6 13.5
CDC 6.4 5.5

Table 5.8: Additional results on 20-way one-shot action localisation performance.

Table shows the results comparison of using 1, 5 and 15 samples per class
between ours and CDC. Noticeable performance jumps can be seen for our methods
as the number of sample increases while only small improvements are observed
for CDC, which indicates a good scalability of our approach w.r.t. the number of
samples. On the other hand, Table shows localisation results with more number
of classes in each datasets. We notice that the performance of our method is nearly

Preliminary version — 7 August 2020



§5.4 Conclusion 71

unaffected by the increase of number of classes while CDC witness a slight drop. We
believe this is due to the fact that our network learns class-agnostic features through
similarity learning and thus is robust against number of classes.

5.4 Conclusion

In this chapter, we present a one-shot action localisation system that employs meta
learning concept and adopts a similarity based classification strategy. We develop
the correlation matrix representation and train a labeling network on the meta-level
to characterise how the correlations evolve over time. This enable us to distinguish
between example classes and to detect background as well, which is crucial to the
localisation task but lacking in previous one-shot learning methods. Our network
is trained under the meta-learning framework so that it can quickly adapt to new
classes with just one(few) training samples. We also develop a structured represen-
tation of action videos for matching that encodes the temporal ordering information
and can benefit to more accurate localisations.
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Chapter 6

Frame Synthesis by Feature
Disentanglement

How to automatically, without any supervision, learn and decompose the character-
istics of an object in the world is an ultimate goal in computer vision. Conversely,
learning to synthesise components from different objects and generate novel images
is also very challenging. This problem has attracted an extraordinary amount of inter-
ests recently due to rapid progress in deep generative models [Kingma and Welling,
2013; |Oord et al., 2016} |Goodfellow et al., 2014]].

While a variety of generative frameworks have been proposed, the generative ad-
versarial network (GAN) [Goodfellow et al., [2014] and its variants [Arjovsky et al.,
2017;Radford et al., 2015} |Gulrajani et al.,|2017] have arguably become most prevalent
due to high-quality images they can produce. Through different learning strategies
on such models [Mirza and Osindero} 2014; Isola et al., 2017; Ma et al.,[2017b; Zhang
et al} 2017], the well-trained latent representation of images are able to synthesise
novel images with desirable properties according to the external inputs on latent
space. Unfortunately, these methods need laborious labeling, pairing or other super-
vision signals to enforce the network to memorise the mapping. More importantly,
their performance are far from satisfactory in this task. At the same time, unsuper-
vised disentangling methods [Chen et al., 2016 |Higgins et al., 2017; Hu et al., 2018]]
currently are only able to be applied in very naive datasets. It is impractical to apply
unsupervised learning to disentangle all the characteristics.

In this Chapter, in order to generate realistic and novel object images by lever-
aging as little supervision as possible, we narrow down components to the most
prominent two properties of an object: appearance and shape. Learning a latent rep-
resentation that properly disentangles those two factors from images, however, still
remains a challenging task. Previous attempts [Ma et al., [2017b; Isola et al,, 2017;
Villegas et al., 2017b; Fan et al., 2018; Siarohin et al., 2018; Dong et al., 2018] to this
task have always resorted to paired data (e.g., two images with the same appearance
but different poses) in order to obtain ground-truth supervision on what generated
images should look like. While in limited scenarios where the paired information
is easy to acquire [Villegas et al., [2017b], obtaining paired data is often expensive,
time-consuming and may require extra complex operations [Chan et al., 2018].

73
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Weakly-supervised Disentanglement A more general learning strategy is to use
unpaired data, which has been successfully applied to many image-to-image transla-
tion tasks [Zhu et al.,[2017a};|Choi et al., 2017} |Liu et al., 2017b; Bousmalis et al., [2017;
Liu and Tuzel, 2016 Taigman et al., 2016; Kim et al. 2017; Pumarola et al., |2018a;
Yi et al} 2017; |Lee et al,, 2018]. However, these methods have limited capacity in
learning disentangled representations in appearance and pose space. For instance,
CycleGAN [Zhu et al., 2017a] and GANimation [Pumarola et al., 2018a]] both as-
sume rough alignment of the input and generated images and thus are unable to
independently capture the spatial transforms required by controlling the pose factor.
Recent works [Ma et al., 2018b; |[Esser et al., 2018] strive to learn such a disentangled
representation by decomposing the task into pose and appearance representation
learning. Nevertheless, they require both original image and the corresponding pose
information as input to decouple the pose and appearance information. As such
pose information is critical to defining their body ROI regions or appearance patches,
their networks do not learn to extract appearance information independently, which
are rather restrictive. We consider such unpaired disentangle frameworks requiring
external attribute-specific cue such as joint coordinates as weakly supervised disen-
tanglement.

Unsupervised Disentanglement Although a few attempts [Esser et al., 2018; Ma
et al.,, 2018b; Raj et al.,, 2018; Han et al., 2018; Wang et al., 2018; Pumarola et al.,
2018b|] have managed to address this problem using only unpaired data by lever-
aging the recent success of unpaired image to image translation algorithms, they
always require explicit attribute-specific cue as additional inputs, such as human
skeleton [Esser et al 2018; Pumarola et al., 2018b], joint heatmaps [Ma et al., 2018b]],
body segmentation [Raj et al., 2018; Mo et al., 2018], cloth patches [Han et al., 2018;
Wang et al., 2018] or a combination of several cues [Dong et al., 2018], in order to
individually control the two properties of the generated images and looking realistic
at the same time. While these explicit attribute-specific cues can provide valuable
supervision information, they are fixed and manually defined, thus exposing two
limitations:

1. Complex pre-processing and heavy engineering tricks are often employed in
order to utilise the attribute-specific cues. Examples include: convert joint coor-
dinates to heatmaps using 2D Gaussian noise [Villegas et al., 2017b]; patching
white circles of specific radius around each joints locations [Ma et al., 2017b)
2018b]; carefully drawing stickman [Esser et al., 2018; Pumarola et al., 2018b];
and manually crop or warp appearances patches around every body parts [Ma
et al., 2018b; [Esser et al., 2018]. Not only do those pre-processing severely
limit the flexibility of their methods, they also impose strong prior feature rep-
resentations rather than learning from data. In other words, using explicit
attribute-specific cues limits the network’s ability of leaning plausible disen-
tangled representations in shape and appearance space.

2. The predefined attribute-specific cues inevitably carry undesired bias into the
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system, which will hinder the quality of the generated images. For example,
artificially defined human poses such as skeleton or joint coordinates cannot
comprehensively describe the shape of a person. Such shape information lack
important details about e.g., thickness of limbs, hair styles etc, resulting in
stiff and unnatural looking generated persons [Esser et al., 2018]. Another
example is that body segmentation obtained with human parsing [Gong et al.,
2017, 2018] often focus on types of apparels rather than the underlying human
structure, restricting the use case to only a few specific types of apparel [Mo
et al., 2018]. Therefore, usage of the attribute-specific cues absent of further
refinements may result in ill-suited representations for image translation task.

Therefore, we argue that the most general learning strategy is to extract more plausi-
ble data-driven disentangled representations for appearance and shape respectively
through unsupervised learning. We consider such unpaired disentangle frameworks
not requiring any external attribute-specific information as unsupervised disentan-
glement.

In the remaining of this chapter, we first review the literature related to image-
to-image translation and disentanglement. Then we present our proposed weakly-
supervised disentanglement framework in Section 6.2.1)and the purely unsupervised
framework that do not require any external attribute-specific cues in Section [6.2.2}
After that, we analyse the experimental results and demonstrate the capabilities of
the two frameworks. Finally, we draw conclusions.

6.1 Related Work

6.1.1 Image to Image Translation

Promising results have been accomplished under supervised setting when input-
output images are paired exactly. The most successful supervised method is the
Pix2pix framework [Isola et al., 2017; Wang et al., 2017c|], which applies a conditional
discriminator [Mirza and Osindero, [2014] on image patches to generate high quality
images. However, the problem becomes more challenging with no available paired
data.

In the context of unpaied image to image translation, many works have also
been proposed. CycleGAN [Zhu et al| [2017a]] first introduced cycle consistent in
this context, where the mapped image must be able to translate back to the same
input image via a reverse mapping. Building on top of this idea, DiscoGAN [Kim!
et al.,|2017] and UNIT [Liu et al., 2017b] propose to discover and utilise cross domain
relations for better generation, assuming there exists a shared cross-domain latent
space. Pumarola et al. [Pumarola et al., 2018a] and Perarnau et al. [Perarnau et al.,
2016] also enforce cycle consistency on latent space for controlled image generation,
such that the conditional vector can be extracted from the translated image [Chen
et al., 2016]. Moving beyond just two domains, [Zhu et al., 2017b; Choi et al., 2017; Lee
et al., 2018] learn to translate images across multiple domains. Using exemplars and
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feature masks, Ma et al. [Ma et al, 2018a] is able to do many-to-many mapping in a
controlled manner. This is similar in essence the patch consistency introduced in our
method. In this work, we adapted cycle consistency with disentangled representation
to achieve controlled human and face generation.

6.1.2 Conditional Transfer for Appearance and Shape

As a branch of Image-to-Image, conditional transfer for appearance and shape is
a more specific but also more challenging problem, because the target object often
possess large spatial variations.

A major limitation in previous image translation methods, whether they are
paired or unpaired, [Zhu et al., 2017a;|Choi et al., 2017; |Liu et al., 2017b; Bousmalis
et al., 2017; Liu and Tuzel, 2016; Taigman et al.,2016; Kim et al., 2017; Pumarola et al.,
2018a; |Yi et al., 2017; Lee et al., 2018] is that they can not manipulate attributes inde-
pendently to generate novel images, severely restricting their use case to image with
the same spatial structures. When spatial structures differs dramatically between
inputs and outputs, as is the case in human image translation, they often produce
unpleasant results cluttered with visual artefacts (See Figure and [6.15). As a
consequence, we can not directly apply similar methods on the task of conditional
appearance and shape transfer. Instead, we resort to learning disentangled represen-
tations to manipulate image attributes and achieve realistic generation results.

A fair amount of works have been proposed to tackle unpaired appearance and
shape transfer [Esser et al., 2018; Ma et al., 2018b; [Raj et al., 2018; Han et al., 2018;
Wang et al., 2018; Pumarola et al., 2018b], some of which also strive to extract dis-
entangled representations. However, they all rely on some type of additional infor-
mation such as joint coordinates [Esser et al., 2018} Pumarola et al., 2018b; Ma et al.,
2018b] or stand-alone cloth patches [Han et al., 2018; Wang et al., 2018]. We argue
they only managed to address the task in a weakly-supervised manner. Mo et al. [Mo
et al} 2018] took a different approach by exploring domain-specific information, and
propose instance-aware transfer using human parsing masks. However, their model
can only be applied on specific types of clothes and needs to be retrained for other
apparels, making it unpractical.

6.1.3 Disentangled Representation

Learning disentangled representation has been a pursuit of machine learning re-
searchers. With the recent developments of generative models, many methods are
able to discover factors of variation other than those relevant for classification. Math-
ieu et al. [Mathieu et al., 2016] utilises a set of labeled observations to discover other
factors that are independent to the label through cross-domain image translation and
reconstruction. [Yim et al., 2015; Peng et al.,|2017; Liu et al., 2018] use images of dif-
ferent styles to learn a disentangled factor that control the style. Taking advantage of
the temporal coherence and the rich pairwise information in videos, [Denton et al.,
2017;|Villegas et al., 2017aj Baddar et al.|, 2017; Tulyakov et al, 2017] attempt to factor
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Figure 6.1: The problem setup of the weakly-supervised approach. We aim to learn

disentangled appearance and pose representations to be able to control each aspect

of the generated image. The inputs are a human image that provides appearance

information; and a joint keypoints heatmap that represents pose. The outputs are

novel yet realistic images with the desired attributes. There are no ground truth
images to guide the generation process.

the video into temporal stationary and temporal varying components, or content and
motion. The above works all try to acquire other factors of variation with the help of
a given factor, such as the styles of the image or the poses of the frames. It is more
challenging to acquire disentangled representations in an unsupervised manner. The
method by [Hu et al., 2017] manages to automatically discover different factors by
mixing and unfolding latent representations. We absorb inspirations from [Hu et al.,
2017] but focus on mixing the appearance and pose features in our paper.

6.2 Methodology

6.2.1 UNet with Cycle and Patch Consistency

In this work, our goal is to generate realistic images based on the input of pose and
appearance images in a weakly supervised fashion: we do not necessarily require
ground-truth images to guide our training but we need an explicit pose cue input in
order to learn an independent appearance representation. We then propose a condi-
tional image generator for realistic image generation using the learned disentangled
latent representations. The network is trained only from unpaired image data, which
only requires an original image and a new pose as inputs in order to generate a target
image with desirable appearance and pose. Figure |6.1|illustrates our problem setup
and motivation.

To this end, we develop an encoder-decoder network consisting of three com-
ponents: an appearance encoder module that extracts the appearance cues and a
pose encoder represents the target pose from a pose input, while their outputs are
fed into a decoder network to produce the desirable target image. To learn the net-
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Figure 6.2: The overview of the network.

work from unpaired image data, we design a novel generating loss that integrates
an image-level cycle consistency constraint based on pose annotations and an image-
level adversarial loss, as well as a patch-level consistency loss. Our main insight is
that such a dual-level loss enables the learning process to implicitly align the data
and disentangles the appearance representation from the pose.

Later in Section We demonstrate the capability of our proposed method
on two distinct datasets, one of human bodies (DeepFashion) and the other of faces
(CK+). We obtain interesting and convincing results on both datasets, with favourable
comparisons to the state-of-the-art approaches.

Formally, let us denote by I? € RH*Wx3 the RGB image with the height and
width being H and W, respectively, and by p* € RM'*? the corresponding pose
vector, where N, is the number of the 2D key-point coordinates (x,y). With the
superscript a, the appearance [” and pose p* are supposed to describe the same
object (e.g., , the same person or face). Our task is thus to learn a generator G(I°, p?)
where the appearance and pose are not necessary corresponded to the same object
during model training, i.e., @ # b. The core of our method is how to extract the
disentangled representation z? from the appearance image that is independent to the
pose feature z;,. Once the disentanglement is achieved, we can combine the extracted
feature z! with any other pose to deliver novel images. As discussed before, we do
not have ground truth information to guide the generation process, thus how to train
our model requires specific network design, which is the topic of this section.

6.2.1.1 Architecture Design

We first present the details of our adversarial network including a Generator and
a Discriminator, then we exploit two types of consistencies to further enhance the
training of our model. The overview of the network is shown in Figure
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Generator Our generator network consists of three main modules: an Appearance
Encoder E., a Pose Encoder Ey, and an Image Decoder D;. The Appearance En-
coder E; takes I? as input, and obtains the feature z{ as output through stacked
convolutional layers. Similarly, the Pose Encoder E, derives the feature map zg of
p? also by a set of convolutional layers. The concatenation of z¢ and zg will be
fed to the Decoder D; for image generation, namely, we attain the mixed image by
I"* = Dy(Ec(I"),E,(p?)). Ideally, I"* should present the same appearance charac-
teristic as I? but under the pose of p’. Specially, the generated image I** should
reconstruct I itself when a = b.

In particular, for the pose stream, we apply the UNet-like skip connections be-
tween the layers of the encoder and decoder following [Ronneberger et al., 2015]. We
also utilise residual connections in the appearance encoder and decoder to preserve
high frequency information.

Discriminator To teach the generator to output photo-realistic images, we follow
the GAN [Goodfellow et al., 2014] framework and use a discriminator C,! (called
unconditional discriminator) on I’ for adversarial training between the generated
images and real ones. Besides, we define another discriminator C,,; (called condi-
tional discriminator) on pairs of the appearance and pose images. The conditional
discriminator is critical to get around the shortcut problem [Hu et al., 2017], namely
preventing the case when [*? contains little pose information from p”. We will discuss
this more in Eq. [6.2)later.

Cycle Consistency Cycle consistency has widely been proved successful in un-
paired image-to-image translation [Zhu et al} 2017a; [Liu et al., 2017b; Pumarola
et al} 2018a; |Choi et al., 2017]. Here, we take advantage of this in our framework
for enhanced training. By re-encoding the generated image I’ with the appearance
encoder, we hope to extract the same appearance features as I*. To do so, we further
encourage our model to reconstruct the image [* by mixing the appearance feature
of the generated image I?’ with its associated pose feature from p“.

Patch Consistency Although there is no ground-truth image to guide the gener-
ation for 1%, we do have the fact that I?? should resemble I* locally around every
keypoints because they have the same appearance characteristics. Therefore, we ex-
tract K small patches around each keypoint position on both I’ and %, and then
resize them to the same spatial dimensions. We denote by x/* and x7 the ith resized
spatial patches of the generated and input images, respectively. The difference be-
tween {x?’,i = 1.K} and {x7,i = 1..K} will be minimised by our patch-consistent
loss which is explained in detail in Eq.

6.2.1.2 Model Training

Motivated by the discussions above, we apply three losses: the adversarial loss that
enables the photo-realistic generation; the cycle consistency loss that further enhances

1 As the discriminator is basically a binary classifier, we use the C notation here to avoid namespace
collision with the image decoder
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the network training; and the patch consistency loss that allows local refinement of the
generated images. We describe them separately below.

Image Adversarial Loss Various extensions such as WGAN [Arjovsky et al., 2017]
and WGANGP [Gulrajani et al., 2017] have been proposed since the original GAN
framework [Goodfellow et al., 2014]. Here, for the simplicity, we use the original
GAN in this study. As discussed in Section[6.2.1.1) we make use of two discriminators
for adversarial training. For the unconditional one, we define

Ly, = log(1— Cy(I™)) +1log(Cu(1%)), (6.1)

where the generated image [’ = D;(E;(I*), E,(p")). Note that our generator should
not only be able to hallucinates new images I°> when a # b, but also to reconstruct
I* when a = b. To further enforce this property, we manually sample the appear-
ance and pose pairs of the same object, and train our network by the unconditional
adversarial loss every n iterations.

For the conditional discriminator, we define

ﬁZZi = log(1 — Ccond(Pbr Iuh)) +10g(Ceona (p*, 1)) (6.2)

Unlike the unconditional loss, the discriminator in Eq. [6.2|additionally takes the pose
as the input. As introduced by [Hu et al., 2017], disentanglement learning usually
faces the short-cut issue where the pose feature of p” is completely covered by the
appearance feature of I and the network simply learns an identity mapping between
I* and . Using the conditional loss, we are able to alleviate this problem, as the
comparisons between fake and real samples are conditional on the pose images. In
other words, we encourages that I’ # I when p* # p"

Cycle Consistency Loss The generated image I* can also be fed to the appearance
encoder again to reconstruct the original image I?. We achieve this by feeding the
pose p* and image " to the generator defined in Section and enforce the
output to be close to I by minimising the ¢; loss as

Lege = |II" =T, ©3
where [* = Di(Ec(I°), E,(p)).

Patch Consistency Loss Given the resized keypoint patches {x?’,i = 1.K} and
{x?,i =1.K} from I?* and I, respectively, we compute the following ¢; loss by

Eputch = Z | |x? - x?le/ (64:)

1

Note that the L1 loss encourages pixel-wise similarities between the two patches,
which is not always guaranteed due to the different spatial structures between them.
However, we find that this loss works well in our experiments. The patch consistency
encourages visual similarities between patches regardless of the locations they are

Preliminary version — 7 August 2020



§6.2 Methodology 81

drawn from their respective images. Therefore, by minimising this loss the network
are trained to obtain better disentangled representations.

The patches are extracted based on the keypoints coordinates given by the pose
vector. Therefore by encouraging the two patches to be the same, the loss Ly is
guiding the network to extract appearances information from the relevant locations
from I” based on p®, and apply them onto the correct locations on [¢ based on p’. As
a result, the appearance features are independent to its original structure.

Full Loss. Putting above losses altogether, we attain the full loss as

L= )\1 end + )\ZEZdU + A3£cyc + /\4£patch/ (65)

adv

where Ay, Ay, A3 and A4 are hyper-parameters to control the weights of the four com-
ponents, namely the conditional and unconditional adversarial loss, cycle and patch
consistency loss respectively. The encoders E. and E, the decoder Dy, and the dis-
criminators D, and C,,g are trained by

arg min max L. (6.6)
EC,EPIDI Dunrccund

Similar to [Villegas et al, |2017b], the pose images are obtained by computing the
grey-scale heat map from the 2-D keypoint coordinates. More specifically, we add
Gaussian noises around each position to diffuse the pose spatially, which we find can
further facilitate the network training.

6.2.2 Learning Disentangled Representations by Shape Mask Refinement

In this work, we aim to automatically infer better appearance and shape features
from two randomly chosen images only, and generate novel image accordingly. To
this end, we propose an end-to-end unsupervised network integrating prior knowl-
edge of human pose detection, to automatically extract disentangled representations
of both appearance and shape. Here we confine the target object to only humans.
The human pose prior is adaptively refined with our training objectives, producing
a more comprehensive shape descriptor. We argue that the learned shape and ap-
pearance descriptors, compared to explicit attribute cues, produce cleaner feature
representations and are better suited for the task of human shape and appearance
transfer. Also, not requiring any extra information input makes our network more
flexible and widely applicable. Figure illustrates our problem setup and moti-
vation. Our goal is to generate novel realistic images based on two input images
that respectively supply the desired appearance and shape conditions. We achieve
this in an unsupervised manner where neither the ground truths of the output nor
attribute-specific cues (e.¢. human skeletons). The model we learn is able to auto-
matically disentangle shape from appearance, and thus can generate images under
arbitrary combination of them.

Specifically, our proposed method explores cycle consistency and adversarial
training to simultaneously encourage independence and high expressive power of
the learned features. The network consists of three components: A shape encoder
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Figure 6.3: The problem setup of the unsupervised approach. We aim to learn disen-
tangled appearance and shape representations from only randomly chosen images.
There are no ground truth images nor any attribute-specific cues to guide the dis-
entanglement and generation process. Left: Existing methods. The challenge is to
learn disentangled appearance features given an image and its corresponding shape
representation. We call this weakly-supervised disentanglement. Right: The problem
setup of our approach. The challenge is to learn disentangled appearance and shape
representations given only an image, without any task-specific cues. We call this
unsupervised disentanglement. The output in this figure is a novel image generated by
our framework.

that generates a set of masks corresponds to different body parts; An appearance en-
coder that capture appearance characteristics based on the shape masks; And finally
a image decoder that takes the concatenated input of appearance features and shape
masks to generate realistic images with desired attributes.

We demonstrate the capability of our proposed method on two different datasets:
DeepFashion [Liu et al., 2016b] and Market1501 [Zheng et al., 2015]. We obtain con-
vincing results on both datasets, which are shown in Section with favourable
comparisons to the state-of-the-art approaches.

Formally, let us denote by I, I* € RF*"W>3 the two RGB images of the height H
and width W. We suppose the shape and appearance representations for image I* to
be z% and z%, respectively, and define the features z? and z% of I” similarly. Our task is
thus to learn an image decoder Dj(z?%,z%) that combines the appearance from [* with
the shape of I” to produce a novel image ["* when a # b. The core of our method is
how to encourage the disentanglement between the shape and appearance features,
thus we can expect a realistic looking mixed image if we retain either of them but
freely alter the other. As discussed before, we strive to address the problem with no
external supervision, hence how to train our model requires specific network design,
which is the topic of this section. We first present details of the network, then define
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Figure 6.4: The overview of the network.

the objective functions and explain our training strategy.

6.2.2.1 Architecture Design

The network consists of four modules: 1. a shape encoder E; that generates a set
of shape masks; 2. an appearance encoder E, that encodes appearance contents
attended by the shape masks from E;; 3. an image decoder D; that generates photo-
realistic images based on the concatenation of the shape and appearance features; 4.
a feature classifier that learns to classify whether the given appearance and shape
features are from the same image or not.

The overview of the network is shown in Figure We generate 14 masks of size
16x16 for each input image, z;; € R'®*1¢, i =1 ... 14. The output of the appearance
encoder E, is a vector of length 32. All 14 output vectors are then concatenated to
form a single vector of length 448. In order to concatenate this appearance vector
with shape masks for decoding, we tile this vector to the same spatial dimension as
the masks, and concatenate along the channel axis.

Shape and Appearance Encoders The shape encoder E; is a convolutional network
that down-samples the input image I and emit a set of m masks {z{, i = 1..m},
where the value of each pixel in z{; is within [0, 1]. These masks serve dual purposes:
one to filter local regions of the input images and the other one to provide conditional
shape input to the image decoder D;. Particularly for the first purpose, each of the m
masks is first resized spatially and broadcasted along channels to match the size of
the input image, and then is applied to the input image by element-wise multiplica-

tion, thus resulting in m filtered images. All these filtered images are passed through
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the appearance encoder E, (also a down-sampling convolution network) to deliver m
appearance feature vectors, namely, z; = {z{ |, z{ ,...2; ,, }- It should be noted that, the
fusion of the shape and input images prior to the input of the appearance encoder
makes our method clearly distinct from those conventional approaches [Pumarola
et al., 2018b; [Esser et al., 2018] where the encoding processes of both attributes are
independent to each other. We contend that, the spatial-attended fusion is reasonable
and efficient, as the shape mask should be naturally combinative to the raw image
content and the filtered image could focus more on the meaningful regions of the
person.

Image Decoder The shape and appearance representations zs and z, are concate-
nated as input to the image decoder D; for image decoding. As is shown in Fig-
ure we simultaneously decode reconstruction image [* = D;(z% 2%) and generate
novel image ["* = Dj(z!,z%) using their corresponding features. The reconstructed
[ is associated with an reconstruction loss to satisfy the cycle consistency, while the
novel [ is used to compute the colour consistency loss. Details are explained in
Section

Feature Classifier Another core assumption of our method is that the distributions
of the shape masks extracted from different persons should be consistent and identi-
cal. This assumption is crucial, as it enables the transferring ability of the pose from
one person to another. To do so, we propose a feature classifier C; which takes as in-
put the concatenation of the shape and appearance representations, and determines
if they are from the same person. For instance in Fig we have the true pair [zZ, z%]
and the false one [z%,z4]. The classifier will output 1 when a = b and 0 otherwise.
We then train the classifier and the encoder in an adversarial way to make close the

distributions of the shape masks z and z!.

6.2.2.2 Model Training

Motivated by the discussions above, we apply three losses: the reconstruction loss
that trains the network to generate photo-realistic images; the feature adversarial loss
that ensures universal representative ability of the shape mask; and the colour consis-
tency loss that encourages consistent appearance transfer. Below we describe them in
details.

Reconstruction Loss Conventional pixel-wise reconstruction loss such as L1-norm
enforces exact alignments between two images. This yet is too rigorous for our frame-
work because certain minor granularity is inevitably lost if we attempt to disentangle
shape from appearance. Therefore, we adopt the image perceptual loss [Chen and
Koltun, 2017; Johnson et al., |2016|] instead to constrain the reconstructed image to be
perceptually the same as the original. Formally, the reconstruction loss is:

Lr =Y ¢l |P(I") — Dr(Di(z5,25)) | 1 (6.7)
X
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where ® is the VGG [Simonyan and Zisserman, 2014b|] network used to compute the
perceptual similarities measured at the kth layer, and ¢, controls its weight.

Feature Adversarial Loss We impose this loss via an adversarial training between
the feature classifier C; and the shape/appearance encoders E; and E,. The fea-
ture classifier is trained to correctly classify whether its inputs are from the same
image or not, while the encoders are trained to fool the classifier. We employ the
LSGAN framework [Mao et al 2017] to update the networks because of its simplic-
ity and fast convergence. We leave the application of other GAN variants such as
WGANGP [Gulrajani et al., 2017] in the future work. Specifically, we update the
feature classifier with

Lago(Cr) = (Cp(2L,28) —1)* + (Cs(28, 20))? (6.8)
Conversely, we update encoders to output features that can "fool” the classifier:

Lago(Es, Ea) = (Cp(28,25) — 1) + (Cf (28, 25))? (6.9)

Colour Consistency loss We add this regularisation term to our framework to en-
sure the appearance statistics remain unchanged when transferred to other shapes.
In particular, we enforce colour consistency between the filtered patches? of the gen-
erated image and those of the original image. Let us define x, to be the nth pixel
in the ith image patch Iz, ;, we can then calculate the mean y and variance ¢ of that
sample by ; = Y nr x4,/ N and 0; = ¥z (xy — #;)?/ N where N is the total number of
pixels in the image.
We then impose colour consistency by minimising the squared difference of the
colour statistics: .
Lo= Y (™ — ) + (o' — ot ) (6.10)

1

where m is the number of shape masks.

Full Loss Putting above losses altogether, we attain the full loss as
L=MLRrR+ ALy, + A3Lc (6.11)

where Ay, A; and A3z are hyper-parameters to control the weights of the three compo-
nents. We sample mini-batches of randomly chosen image pairs (17, I°) to train our
network.

2In our case, we refer Iz as the i-th image patch, as opposed to the conventional definition of image
patch’, which often refer to a cropped part.
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6.3 Experiments

In the experiments section, we present extensive experiments to prove the effective-
ness of both the proposed weakly-supervised and unsupervised methods. We note
that the two methods are fundamentally different with incomparable experimental
setup, thus we choose to separate the experiments for each method into independent
subsections of Section and respectively. Despite the difference in methods
and implementation, the evaluation metrics are the same, which will be explained in
Section

6.3.1 Evaluation Metrics

For the task of image translation or generation, the goal is to evaluate the realism
and diversity of the generated images. Two main metrics are Structural Similarity
Score (SSIM) [Wang et al.,|2004] and Inception Score (IS) [Salimans et al., 2016].

SSIM score indicates the perceived quality of a target image against a reference
image. It requires two images as a pair in order to the compute the similarities
between them. Unlike traditional metrics such as PSNR or MSE, SSIM is a perception-
based model that considers image degradation as perceived structural information
with the observation that the pixels have a strong inter-dependencies especially when
they are spatially close. SSIM score is measured on local image patches. Let x;, y;
denote the ith patch of image X and Y, the SSIM score is calculated as:

(Znuxiy]/i + Cl)(zaxiyi + CZ)
(3, + py, + 1) (0%, + 07, + c2)

SSIM(X,Y) = E; (6.12)

where p, and pi, are the averages of patches, 0, and o, are the variances, oy, is the
covariance of the two corresponding patches. ¢; and c; are two variables to stabilise
the division with weak denominator. In our experiments, we use the built-in skimage
function skimage.measure.structural_similarity() to get the measurements.

IS score is introduced in [Salimans et al., 2016] as a way to evaluate generative
models, as there were no objective way to measure the quality and diversity of the
generated images other way visual evaluation. The computation of IS involves the
use of a pre-trained deep neural network model to classify the generated images.
The probability distribution across the set of pre-trained classes are summarized in
to the inception score. The score is a refection of two aspects of the image:

1. Image quality: can the image be classified into one of the classes?
2. Image diversity: is a wide range of objects being generated?

As a result, IS is not ideal in the task addressed in this chapter, because we are
only aiming to generate person images given some pose and shape cues. Diversity
is actually a undesired feature in such conditional image generation task. Also,
depending on the pre-trained model used, "person" may not be a class in that model.
We include this evaluation metric just to give more context to the reader.
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6.3.2 Weakly Supervised Image Generation

In order to show the versatility of the proposed method, we test the network on two
distinct datasets: DeepFashion [Liu et al., 2016b|] for human images and CK+ [Lucey
et al., 2010] for faces.

For DeepFashion, we use the In-shop Clothes Retrieval Benchmark of DeepFash-
ion which contains 52712 of in-shop clothes images. The dataset offers various differ-
ent clothes on many different persons. All back-view images are filtered out because
it is hard to distinguish between back-view and front-view based on pose images.
Including back-view ones will result in training instability. We use OpenPose [Cao
et al., 2017] to extract poses for each image prior to training our network because
the pose keypoints are not given for this dataset. We configure Openpose to use the
COCO model, which outputs 18 keypoints. For CK+, the dataset has 10701 frames
of different facial expressions performed by different persons. Every frame is FACS
coded and comes with 68 landmarks annotation. This being a video dataset, image
pairs of the the same person in different facial expressions are available. However,
we do not exploit such paired information and treat each frame as an independent
image.

6.3.2.1 Implementation Details

The network is optimized using Adam optimizer [Kingma and Ba, 2014] with initial
learning rate of 0.0001, f; = 0.9 and B, = 0.999. The learning rate is decreased
by 10% every 2000 iterations. The batch size is set to 16 primarily due to hardware
limitations. We update the generator and the discriminators alternately on every
step. Also the hyper-parameters in Eq. are simply set to 1, which we find to be
good enough. This also indicates the simplicity of the model because little parameter
tuning is required.

6.3.2.2 Appearance & Pose Transfer

We show that we can swap the appearance of an image to other appearances that we
desire while leaving the pose untouched, or vice versa. The results also demonstrate
the disentangle ability of our network.

The upper part of Figure shows the same appearance applied on different
poses while the lower part shows the same pose with different appearances on Deep-
Fashion. Similar image manipulation results on CK+ dataset are shown in Figure
It can be observed that we are capable of arbitrarily pair appearances and poses and
generate desired images that are hard to distinguish from real images.

DeepFashion It can be seen from the DeepFashion results, the network has learned
to identify different body parts, so that it put different clothing on the correct place
in the generated images, such as shirts, jeans and hats etc. In the lower part of Figure
it is more obvious that the appearance features of the person are successfully
disentangled no matter what the pose is.
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Figure 6.5: Image Manipulation Results on DeepFashion. The pose images and the

appearance images are all randomly chosen. Images of upper body, whole body, side

view, male and female are mixed together to show the robustness of our method.

Upper: same appearance with different poses; Lower: same pose with different ap-
pearances.

CK+ The results are more interesting on CK+ dataset. The pose here is defined
by the 68 facial landmarks. One of the attributes of the facial landmarks is that
they not only define the facial expression, but also define the shape of eyes, nose,
mouth, jawline etc and their relative positions. As a result, in addition to possessing
the same expression defined by the landmarks, the generated face often look like
their siblings from the original image rather than the exact same person. Such effect
can be observed from upper part of Figure This effect also indicates that the
appearance features get extracted and transferred to the new faces because otherwise
such resemblance would not exist. It can also be observed that the clothing around
the collar area also get transferred to the generated images.

Because our network disentangle the appearance features from the spatial struc-
tures, there is no need of facial alignments, which is quite an important operation in
many other face synthesis methods [Pumarola et al., 2018a]]. Actually, we purpose-
fully introduce spatial displacement during the testing of our model by randomly
crop the appearance images as well as the landmark images. As is shown in the
upper right part of Figure the 3 landmark images are of different scales and in
different locations. Nonetheless, all the resulting images not only have the correct
expressions, but also the correct scales and locations correspondingly. This proves
that our method is robust to spatial displacements.

Naturally, if the faces are all aligned and we only aim to manipulate the ex-
pressions, i.e. generating images using the landmarks and appearance of the same
person, the results are even better. The lower part of Figure 6.6/shows the expression
manipulation of the same person. As can be seen from the figure, the results looks
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Figure 6.6: Image Manipulation Results on CK+. The landmark images and the ap-
pearance images are all randomly chosen. Upper: Unaligned face generation; Lower:
Aligned face generation.

sharp and vivid. On the left side in the lower of Figure we can generate nearly
the same face based on the landmarks no matter how the conditional appearance
changes; while the right side shows a natural progression of the expression, in line
with the conditional landmarks.

6.3.2.3 Understanding The Disentangled Latent Features

With the disentangling capability of our network, we can visualise latent representa-
tions of appearance and pose simply by setting their complementary components to
zero at the decoding stage. Figure [6.7|and Figure [6.8| shows the visualization of the
appearance and pose on DeepFashion and CK+ respectively.

From the upper parts of both Figure |6.7|and Figure the shape of bodies and
faces can be barely identified. Instead, the visualisation shows prominent texture
patterns such as hair, decor figures on the cloth and noses. On the other hand, The
lower parts of the both figures clearly show human bodies and faces, but with blank
textures. This is further proof that we achieve feature disentanglement.

It should be noted on Figure it seems that providing only landmarks is suf-
ficient for face generation. This is because landmarks provides rich information re-
garding the shapes of eyes, nose jawline etc. Therefore landmarks alone can dictate
what the face should look like to some extent. Also the faces has less variation than
human poses, thus the network simply generates an ‘average’ face when setting the
appearance cues to all zeros.

6.3.2.4 Compare to other State-Of-The-Art

To put the performance of our method into context, we compare it with two state-
of-the-art methods, one of human image generation [Ma et al., 2018b] and the other
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Figure 6.7: Visualise appearance and pose latent features on DeepFashion.

of face synthesis [Pumarola et al., 2018a]. To the best of our knowledge, there are no
existing methods that are proposed in the same problem setup as ours. Therefore,
we chose to compare the methods that have the most similar problem setup to ours,
so that the comparisons are most relevant. We also tweak the experimental setup of
[Pumarola et al., 2018a]] slightly for a more direct comparison.

Visual Comparison Figure (a) compares our results with that in [Ma et al.,
2018b] on DeepFashion. The problem setup in [Ma et al., 2018b] is similar to ours
regarding the use of only unpaired data. However, pose information is required
during testing in their method, whereas we do not need such information. It can be
seen from the figure that although the generated images in [Ma et al., 2018b] looks
sharper, especially around the face area, our method performs better in transferring
the appearance to other poses. For example, details such as the the grey jacket with
a white shirt inside on the woman and the pattern on the chest of the man can still
be observed in the generated images. On the contrary, such details are lost in [Ma
et al., 2018b] as the textures are very plain in their results.

Figure (b) shows the results on CK+. We adapted the method in [Pumarola
et al.,, |2018a] by changing the AU codes to the landmark images. Although GANi-
mation achieves stunning results in facial expression manipulation using AU codes,
it performs poorly in the case of using landmarks. This is because AU codes only
provide high level semantic information while landmarks enforce more constrains
and also contain much subtle variations. In the case shown in Figure (b), where
the face area are not cropped out and the landmarks are not aligned, our method per-
forms much better: the generated faces are of the correct expression and the location.
The disentangled representation of our network is vital in applying the appearance
onto other spatial structures, whereas the attention mask, which plays a critical role
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Figure 6.8: Visualise appearance and pose latent representation on CK+.

in [Pumarola et al,, 2018a], limits their ability for large spatial transformations.

Quantitative Comparison For quantitative comparison, we choose to use the SSIM
score proposed in [Wang et al.,[2004] and Inception Score (IS)[Salimans et al., 2016]
to compare the quality and the diversity of the generated images in regards of the
ground truth. We compare our method with BodyROI7[Ma et al., 2018b] because
their experimental setup is most similar to ours. We also compare with the adapted
version of [Pumarola et al., 2018a]] in the case of unaligned faces. An ablation study
is conducted and the results are shown in the Table [6.1]l It can be seen that the Patch

CK+ GANimation[Pumarola et al., [2018al] Ours Ours | Ours
no patch | no Dy, | full
SSIM 0.21 0.22 0.34 0.51
DeepFashion BodyROI7[Ma et al., 2018b] noO;;tsch n(glgs (?Eﬁs
umn
SSIM 0.614 0.462 0.505 | 0.618
IS 3.228 3.237 3.089 | 3.364

Table 6.1: Quantitative Comparison and Ablation Study.

Consistency is critical in our method. Actually, the patch loss trains the network to
disentangle the appearance from pose, because the loss encourage two patches of the
same body part (or landmark) to be the same even though they are cropped from
different locations. Without patch consistency, the disentanglement capability are
mostly lost and our method performs very similar to that of [Pumarola et al.,2018al.
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Figure 6.9: Results comparison on DeepFashion and CK+. (a) We can see that our

method better preserves appearance cues from the original image. (b) It is obvi-

ous that our results are more realistic and the faces are correctly aligned with the
conditional pose

6.3.3 Unsupervised Image Generation

In this section, we demonstrate the unsupervised disentanglement ability of the pro-
posed method which can be applied more generally to randomly selected image.
More importantly, we show that the learned data-driven representations offer su-
perior performance than manually defined ones, such as the joint coordinates used
in the previous section. We first evaluate the results on conditional person image
generation in Section Then we explain and visualise the disentangled rep-
resentations learned by our network. After that, we present both qualitative and
quantitative comparisons with current state-of-the-art algorithms, showing that we
achieve favourable results against other weakly or even fully-supervised methods.
Finally, an ablation study is conducted.

Regarding the proposed unsupervised disentanglement and image generation
method, we confine the target object to humans, thus we selected two datasets of
human images, DeepFashion [Liu et al., 2016b|] and Market1501 [Zheng et al., 2015].
Similar to the experiments on the weakly supervised method, we also use the In-shop
Clothes Retrieval Benchmark of DeepFashion. Following the previous protocol [Esser
et al., 2018, we filter out invalid images with no person present, and then randomly
select 32988 images for training and 8245 images for testing. Note that back/side
view images are all included for the experiments. For Market1501 dataset, it contains
322,668 images collected from 1501 persons. Each image is of spatial size 128x64.
Joining the prior practice [Esser et al., 2018], we randomly utilise 9399 images for
training and 3810 images for testing.
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Figure 6.10: Appearance and shape transfer results on DeepFashion. The input im-
ages are all randomly chosen. Images of upper/whole body, side/front/back views,
are shown here to demonstrate the robustness of our method. In each block, the
appearance is inferred from the upper-left image, while shape is inferred from the

upper-right one.
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Figure 6.11: Appearance and shape transfer results on Market1501. In each block,
the appearance is inferred from the upper-left image, while shape is inferred from
the upper-right one.

6.3.3.1 Implementation Details

The network is optimised using Adam optimiser [Kingma and Ba) 2014] with initial
learning rate of 0.0001, 1 = 0.9 and B> = 0.999. The learning rate is decreased by 5%
every 2500 iterations, also, learning rate for the shape encoder E; is further modified
by a factor of 0.1. The batch size is set to 12 primarily due to hardware limitations.
We update the generator(E;, E, and Dj) and the classifier (Cf) alternately on every
step. The hyper-parameters in Eq[6.1T]are set to be:

M =001, Aa=1, A3 =1 (6.13)

We initialize the shape encoder network with pretrained weights of OpenPose net
[Cao et al] 2017] for stable training and fast convergence. The full details of the
network structure is given in the appendix.

6.3.3.2 Appearance & Shape Transfer

We show that the proposed network can independently control the appearance and
shape of an image based only on two conditional images, each providing cues for
one of the attributes.
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Figure 6.12: Demonstration of model stability. Upper: same appearance paired with
different shape; Lower: same shape with different appearance. We can see the de-
sired image attributes are well-preserved and consistent in both cases.

Figure shows the image generation results on DeepFashion, where a mixture
of upper/whole body images from side/front/back views are presented to show the
robustness of our method. We can see the generated image preserves the conditional
shape while being consistent with the appearance in colour. Even some detailed
shape characteristics are successfully preserved during the transfer process. For ex-
ample, in the second block of Figure it can be observed that the hair style in
the generated image is as natural as in the original one. Also the details around the
corner of the cloth are well preserved. Similar image manipulation results on Mar-
ket1501 dataset are shown in Figure To demonstrate the stability of our model,
transfer results using the same appearance image with multiple shape images (and
the reverse) are shown in Figure It is obvious that both the shape and appear-
ance remain consistent and well-aligned with the conditional image across different
generation results, proving good stability of the model.

6.3.3.3 Understanding The Disentangled Representation

As explained above, we use pre-trained OpenPose net as our shape prior, and adap-
tively refine the generated shape masks. The shape masks not only guide the ap-
pearance encoder to encode local patterns, but also serve as shape conditions for the
image decoder. Figure [6.13| shows the details of shape mask refinement, as well as
illustrate the positive effect it gives to image generation. We can see from Figure[6.13
(a) that shape masks changed dramatically after refinement. Although some back-
ground noise got encoded into the refined masks, they conform around the input
shape much more tightly than the original ones, e.g., we can clearly see that the bot-
tom left mask focuses on the lower legs and shoes while the original one only roughly
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Figure 6.13: Visualisation of the learned shape masks. (a) shows the original masks

obtained with pretrained OpenPose net, and the final refined masks using our

learned model. What shown here are essentially z;,. (b) better visualise the learned

shape masks by decoding z;; with all-zero appearance features. (c) demonstrates

the advantages of our learned masks over fixed stickman inputs employed in [Esser
et al., 2018]. Comparison is carried on image reconstruction results.

indicates their location. Such mask refinement offer noticeable improvements in the
quality of the generated images, as shown in the two reconstructed images on the
right side. Figure (b) shows better visualisation of the learned shape represen-
tation. In our framework, the shape encoder E; generates a set of 14 masks, each
focusing on a different body part. To better visualise the combined effect of all the
masks, we decode images by setting the appearance features to all zeros, thus obtain
clean shape visualisations of shape representation, which is shown in bottom row of
(b). It is obvious that our network nicely preserve the input shape, including even
small details such as hats (first column) and shoes (third column). Figure (¢
demonstrates the advantages offered by learning shape representations over using
explicit shape cues. Comparing the reconstruction results between ours and [Esser
et al., 2018|], our images exhibits much more details and are hardly distinguishable
to the original ones. Because our learned shape masks conforms to the input human
contour, details like the gaps between arms and torso are well preserved.

6.3.3.4 Compare with Current State-Of-The-Art

To the best of our knowledge, our proposed method is the first unsupervised end-
to-end framework that achieves automatic disentanglement and image generation
without heavy pre/post-processing. We compare with three methods that are closest
to ours: BodyRol [Ma et al., 2018b], UPIS [Pumarola et al., 2018b] and V-Unet [Esser
et al., 2018|], where they also achieve unpaired image translation, but weak super-
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Figure 6.14: Visual comparison with current state-of-the-arts on DeepFashion. Zoom
in for details.

vision (joint coordinates) are provided. To put the performance of our method into
context, we also compare with supervised (paired) image translation methods, specif-
ically PG2 [Ma et al., 2017b], DeformableGan [Siarohin et al., 2018] and SGWG
. As a general baseline, we also compare with pix2pix [Isola et al., 2017].
Experimental results shows that we compare favourably against all current state-of-
the-arts, even supervised ones.

Visual comparisons are shown in Figure and Figure for DeepFashion
and Market1501 respectively. We can see that we generate the most visual pleasing
and realistic results with well-preserved details. We also conduct quantitative com-
parisons evaluated with SSIM and IS score. Results on both datasets are reported in
Table suggesting superior performance of our methods.

6.3.3.5 Ablation Study

We argue that the two most important contributing factors to our superior perfor-
mance is a learned more plausible shape representation and clean disentangled features en-
couraged by feature adversarial and colour consistency loss. We conduct an ablation
study to verify their claimed effects. Figure[6.16|shows results using three model vari-
ations. In the above figure, base model is the bare-bone network using fixed shape
encoder trained with perceptual reconstruction loss only. The results indicates that,
without feature disentanglement, the appearance contain much information about
its original shape, yielding significant visual artefacts and incoherent human images.
After adding the feature adversarial loss and colour consistency loss to encourage
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Figure 6.15: Visual comparison with current state-of-the-arts on Market1501.

disentanglement, results are noticeably better with different appearance patterns in
the correct places. The performance are further improved by employing adaptive
shape refinement in our full model. Refined shape offer much more details, such as
body curvature, hair styles etc.

6.4 Conclusion

In this chapter, we have developed two realistic novel image generation methods
that are suitable in weakly-supervised and unsupervised setups respectively. We
demonstrate the effectiveness of both methods on different datasets of human bodies
and faces. Experiments show that our methods can generate realistic results with the
desired attributes. At the same time, our method are robust to spatial displacements
like shifts, scale difference etc.

Surprisingly, our unsupervised framework that learns disentangled latent repre-
sentations of appearance and shape through online mask refinement, out perform
the weakly supervised method and even some fully supervised methods. Experi-
ments results reports superior performance quantitatively and visually against many
state-of-the-arts, including the supervised ones. Compared to existing methods us-
ing fixed shape cues, our learned shape representation encodes finer details, yielding
more realistic images.
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DeepFashion = Market1501
Methods SSIM IS SSIM IS
pix2pix[Isola et al., 2017] 0.692 3249 0.183 2678
PG2[Ma et al., [2017b] 0.762 3.090 0.253 3.460
DSCF|[Siarohin et al., 2018] 0.761 3.351 0.290 3.185
SGWGIDong et al., 2018] 0.793 3.314 0.356 3.409
UPIS[Pumarola et al,2018b] 0.747 2.97 - -
BodyROI7[Ma et al., 2018b]  0.614 3.228 0.099 3.483
VUnet[Esser et al., 2018] 0.786 3.087 0.353 3.214
Ours 0.844 3.096 0.626 2.48

Table 6.2: Quantitative Comparison using SSIM and IS score. Following [Esser et al.,
2018] and [Dong et al., 2018], the SSIM score is calculated using reconstructed im-
ages in the test set. The first block are supervised methods using paired data; middle
block are weakly-supervised methods requiring explicit shape inputs. Our unsuper-
vised method achieve the highest score against all current state-of-the-art methods,

including supervised ones.
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Figure 6.16: Ablation study results comparing the performance of base model (B),
base model with feature disentanglement (B+D), and our full model using both dis-
entanglement and shape mask refinement (B+D+R).
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

The overall goal of this thesis was to learn robust visual representations under pro-
gressive data scarcity. We argue that while new large-scale annotated datasets were
constantly being published, they are not well suited for real-world applications.
Therefore, there exists a growing desire for learning from limited supervision. To this
end, we explore several computer vision tasks under different data scarcity setup:

In Chapter 3, we build a RGBD human action dataset called GADD that consists
of gym exercises. The dataset posses desirable properties such as well-defined action
boundaries, complex temporal structures of action instances and multimodal data
format, it is therefore able to accommodate research on action recognition, localisa-
tion, unsupervised action discovery, RGB and depth fusion etc.

In Chapter {4} we fully explore the precious annotations available of a dataset to
try to achieve better performance in action localisation. Specifically, we explore the
annotations in both action instances level and local frames level and propose a fusion
method that combines the supervision from the two levels. We utilise both our own
GADD dataset and other public dataset to evaluate our fusion method, which is
proven to boost action localisation accuracy.

In Chapter 5| we use limited data and address the challenging task of one/few-
shot action localisation. In order to quickly capture the temporal dynamics of new
action classes from just a few samples, we propose to learn similarity-based video
descriptor which is independent on action classes. Classification is then carried out
by comparing similarities between the test action instance and the few available train-
ing data. Our method achieve state-of-the-art performance in both one-shot action
recognition and localisation.

In Chapter [6| we strip down as much supervision as possible and aim to learn
disentangled visual representations and generate novel images in an unsupervised
manner. First we utilise pre-extracted pose information and try to infer disentangled
appearance features. We propose the combination of cycle consistency and patch
consistency to learn such features through image generation. Then we moved one
step closer to purely unsupervised learning by discarding the pre-extracted pose
information. We propose an end-to-end framework that automatically extract disen-
tangled representation for both pose and appearance. Surprisingly, our unsupervised

101

Preliminary version — 7 August 2020



102 Conclusions and Future Work

framework even generates more realistic images than some fully supervised (paired)
methods.

Overall, we explored alternatives of learning with limited annotations and narrow
the performance gap between supervised and weakly supervised learning for the
tasks of action recognition, localisation, feature disentanglement and novel image
generation.

7.2 Future Work

For the fully supervised action localisation framework, the current pipeline is divided
distinctively into a detection part and a frame labeling part, which is inefficient and
unscalable. It would be worth investigating how to combine faster-rcnn [Ren et al.,
2015] or SSD [Liu et al.,[2016a] like detection modules into our fusion network to form
an end-to-end framework. Apart from that, it would also be interesting to replace
our current labeling network with a more advanced seq2seq model, which has been
proven to be effective for sequence labeling. Also, as a different way of incorporating
instance information, graph convolution is a worthy candidate to explore long-term
dependencies.

For the one-shot action localisation work, the main limitation is scalability, as
shown in Figure and We think it has not been explored in depth how to
augment a similarity based learning system with external memories and we believe
it might offer better scalability. Also, in order to meet real-world one-shot task re-
quirements, it is interesting to see the ont-shot performance when the meta-training
is applied on more different dataset (higher domain discrepancy) than the evaluation
dataset. For example, training on Thumos 14 dataset and then test on ActivityNet.

For the unsupervised disentangle project, we would like to continue with the
journey of learning from limited annotation, we would like to go further to unsu-
pervised disentanglement of shape and appearance. Specifically, instead of using
pretrained OpenPose Net, which is trained on a closely related task (pose estima-
tion), we would like to explore pretrained models on other general and unrelated
task, such as image semantic segmentation [Long et al 2015]. Moreover, we believe
it would be beneficial to add more task-specific constraints to the shape masks (e.g.
total variation regularisation) so that they conform to the contours of the body limbs
and contain less noise.

Going forward, we would like to combine our research results to tackle more
challenging problems of video synthesis. We want to borrow ideas like modelling
instance information and the disentanglement framework to create realistic synthetic
videos.

Generally speaking, we would dedicate our efforts toward unsupervised and
transfer learning, with the hope to alleviate the burden of data annotation.
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