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ABSTRACT

Active learning (AL) has recently gained popularity for deep learning (DL)
models due to efficient and informative sampling, especially when the models
require large-scale datasets. The DL models designed for 3D-HPE demand
accurate and diverse large-scale datasets that are time-consuming, costly and
require experts. This thesis aims to explore AL primarily for the 3D hand
pose estimation (3D-HPE) task for the first time.

The thesis delves directly into an AL methodology customised for 3D-HPE
learners to address this. Because predominantly the learners are regression-
based algorithms, a Bayesian approximation of a DL architecture is presen-
ted to model uncertainties. This approximation generates data and model-
dependent uncertainties that are further combined with the data representat-
iveness AL function, CoreSet, for sampling. Despite being the first work, it
creates informative samples and minimal joint errors with less training data
on three well-known depth datasets.

The second AL algorithm continues to improve the selection following a
new trend of parametric samplers. Precisely, this is proceeded task-agnostic
with a Graph Convolutional Network (GCN) to offer higher order of repres-
entations between labelled and unlabelled data. The newly selected unlabelled
images are ranked based on uncertainty or GCN feature distribution.

Another novel sampler extends this idea and tackles encountered AL issues,
like cold-start and distribution shift, by training in a self-supervised way with
contrastive learning. It shows leveraging the visual concepts from labelled
and unlabelled images while attaining state-of-the-art results.

The last part of the thesis brings prior AL insights and achievements in a
unified parametric-based sampler proposal for the multi-modal 3D-HPE task.
This sampler trains multi-variational auto-encoders to align the modalities
and provide better selection representation. Several query functions are
studied to open a new direction in deep AL sampling.
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INTRODUCTION

The four years of this thesis are placed in the times of ongoing development
of the Deep Learning (DL) field. This branch of Machine Learning (ML) has
enabled artificial intelligent (Artificial Intelligence (Al)) systems to surpass
humans in various types of tasks. While the first concepts of neural networks
as ensembles with hidden layers date from the 1980s Rumelhart et al. (1986),
it was not until 2006 that Hinton et al. (2006) proposed layer-wise training
of similar models for deep belief networks. This greedy-learning algorithm
has shown to be theoretically promising, especially with the uprising of large
public datasets like ImageNet (2009) Deng et al. (2009).

However, the starting practical milestone of DL is widely recognised in Kr-
izhevsky et al. (2012) for the image classification task. The work of Krizhevsky
has standardised the Convolutional Neural Networks (CNNs) as a robust dif-
ferentiable shared structure (with pre-defined concepts from the neocognitron
Fukushima (2004)) for state-of-the-art visual learnt representations. Moreover,
the proposed open-source framework has enabled current researchers further
to extend the CNNs to various computer vision applications. Also, this may
not have been possible without the scalability and deployment of Graphical
Processing Units (GPUs) training and testing.

These recognisable pillars of DL consolidate the area of study for this thesis
with a focus on computer vision applications. Although the technical and
deployment advancements have contributed tremendously, the extension to
other ML tasks has been enabled with the apparition of dedicated datasets.

To form a dataset, there are several steps to consider. A team has first to
address the purpose or the scope of gathering the data. Then, under this
objective comes a planning stage where the acquisition and annotation parts
are configured together with the remaining parameters. Once established, the
data acquisition process can start within a specific observing environment with
a corresponding capturing system. With each acquired data, the annotation
system can provide meta-data or targeted information in alignment with the
objective. The annotation system may consist of a human oracle (in a manual
procedure), an automated label generator or a semi-automated combination
of those. Finally, the dataset culminates with a testing and validation stage.
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This step assures that the gathered data and the registered corresponding
information fit the initial planning and purpose.

Prior to the work conducted in the thesis, there has been a substantial
disparity between the papers that focus on DL algorithms and the ones that
extend the research in datasets. It is a common trend that a trail of new
algorithms would appear while outputting incremental performance with
the release of a new dataset. In many cases, this behaviour would neglect
the datasets” quality, which would further become reference benchmarks for
many applications. Taking the image classification task, the ImageNet dataset
has been widely recognised for great complexity and class diversity. However,
several issues have been reported with class mislabelling. This aspect has
been widely observed in other datasets as well Northcutt et al. (2021).

From another perspective, a variety of datasets tend to constitute, in time,
redundant data regarding the advanced learning capabilities of newer DL
models. This behaviour has been shown gradually in datasets like MNIST
LeCun and Cortes (2010), CIFAR-10/100 Krizhevsky (2012), SVHN Goodfel-
low et al. (20131) and many more. The advanced DL models achieved a great
level of generalisation over these datasets, encouraging researchers to extend
their pipelines to real-world environments. As a result, the gaps between
standard benchmarks, real-world scenarios, and specific DL architecture have
drastically increased. E.g., assuming that specific models can generalise well
on public data does not simply guarantee the same convergence over newly
acquired datasets. In assisting to bridge this gap, researchers have started
since 2016 to revisit classic ML approaches like Active Learning (AL).

AL, in standard practice, can be defined as a recurrent dataset formation
containing the learning algorithm (also known as learner) in the loop. Keeping
the learner is to find the most informative and meaningful samples from
where it could further improve. This mainly defines the objective of AL.
Therefore, the key ingredient of AL stands on developing the selection func-
tion strategy (broadly known as sampler). If the AL tracks the optimal data
for the learner’s performance, then it is expected to reduce the number of
required samples considerably. As a matter of fact, AL can also be applied for
pruning the available data, even before the annotation process. Reducing the
labelling effort presents a clear advantage compared to unguided sampling,
and this may be supportive in the planning stage of the dataset formation.
In the majority of cases, the annotation stage is known to be laborious, time-
consuming and expensive. To limit the noise and error deviations from ideal

ground truth, experts must provide high-quality labels. Taking these condi-
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tions, several applications have included AL as an essential part of creating
and updating their datasets.

Apart from computer vision, domains that have benefited from the AL
strategies vary from medical imaging and Augmented Reality (AR) for edu-
cation to Natural Language Processing (NLI’) and the automotive industry.

Companies like NVIDIA Haussmann et al. (2020), Tesla, and Waymo have
been adding AL in their pipelines to find and interact with the failures of
the perception systems. Data efficiency through active learning has mitigated
the effect of the long-tail distribution that occurs in automotive recording
systems. From another perspective, medical applications rely on credence to
arrive at clinical decisions. Here, AL plays the role of a decision refiner with
the human(oracle)-in-the-loop advantage Budd et al. (2021).

In NLP, tasks like identification, completion and recognition adopted a
more effortless extension to large-scale datasets by integrating AL. Moreover,
specific measurements and uncertainties introduced with the selection strategy
allowed further insights from the "black-box" caveat of DL models Luo et al.
(2021). Education and practical training through AR has recently revolu-
tionised classical teaching. These immersive technologies offer students an
interactive and valuable experience while reducing material and physical
costs. The range of tasks, however, is constrained by the simulated environ-
ment. Together with this simulator, DL-based infrastructures are deployed
with AL to assist the user in 3D scene reconstruction, Simultaneous Loc-
alisation and Mapping (SLAM) and pose estimations Jesionkowska et al.
(2020).

Following the application domain, the thesis centres the focus of AL
strategies on vision tasks. Linked to the AR for educative purposes, but
not limited to it, 3D Hand Pose Estimation (3D-HPE) is the primary task
to be investigated. Therefore, the research topic of the thesis stands at the
congregation of AL and 3D-HPE. Before delving into the motivation of this
topic, it is supportive of addressing the objective and area of the 3D-HPE
problem.

Estimating the pose is fundamental in human-machine interaction nowadays.
Therefore, a robust model of the human is needed to map the locations of
the body, head and hand. In this model, the kinematics and postures have
to be realistic and contain all the Degree(s) of Freedom (DOF) a human can
express. For hand pose estimation, the taxonomy established in the survey
from Erol et al. (2007) follows the 27-bone structure of the hand. This hand
structure consists in 21 joints of interest, where the root is considered at the
fixed base of the palm. Six of the joints, from the palm, have two DOF while
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the rest of the joints to the fingertips only one each. Thus, by determining the
coordinates of the joint locations between the moving bones, the location of
the hand can be reconstructed.

The 3D-HPE assumes an annotated hand model where all the distributed
key points, commonly taken from joints, have the 3D plane coordinates.
Training a learning algorithm to identify these locations from an environment
defines the paradigm of 3D-HPE.

In terms of environment, the inputs usually are recorded RGB or depth
image frames from a camera-sensor system. Although RGB or grey cameras
are relatively cheap and easy to deploy for acquisition, the annotation and the
pose estimation can present several challenges. For setting up the accurate 3D
hand ground truth, external sensors with control systems or hand modelling
are required Hsiao et al. (2016); Kato and Takemura (2016). Despite this, fur-
ther refinement of the oracle from the RGB/grey data would still end in noisy
annotations. While overcoming external perturbations like lighting, noise or
brightness variations, depth cameras have become a principal component in
strengthening the quality of annotations and input data. Therefore, nowadays,
datasets often get formed from multi Red Green Blue and Depth (RGB-D)
camera systems Moon et al. (2020); Nie et al. (2019).

3D-HPE is at the base of diverse human-computer interaction (HCI) ap-
plications. Along with the education field mentioned before, the entertain-
ment industry has gained another level of interaction, beginning with Mi-
crosoft’s Kinect depth sensor for games. Recently, the technology evolved
to AR/Virtual Reality (VR) goggles and consoles that surround the user in
a modelled reality, commonly referred to as meta-verse. This is an ongoing
extension domain of real-world applications. Games, video-conferencing,
AR shopping and real estate viewing are just a few of them to date. When
referring to the robotics industry, domestic or industrial, the 3D-HPE plays
an even bigger role where learning algorithms must produce precise motions,
actions and gestures. Domestic robots would require to exert several hand-
object actions for activities like ironing or cleaning. On the industrial side,
robots are heavily used in manufacturing, and the control systems should
produce robust manipulations. This is also the case in the medical area, where
surgical robots are successfully supervised on diverse operations.

Recognising the relevance of both AL and 3D-HPE research areas, the
thesis tackles for the first time the interactions and challenges that these
communities have recently faced. Throughout the thesis, AL and 3D-HPE
will be treated in a combined manner with parallel investigations in the AL

sampling strategies. For simplicity, some of the AL proposed framework will
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be deployed in a task-agnostic manner. This will allow an undemanding
experimental flow on tasks such as image classification.

After the introduction of the thesis’s topic and research area, the next
sections will further elaborate on the derived motivations together with the
roadmap of the upcoming chapters.

1.1 MOTIVATION

Previously and over the timeline of the thesis, DL. has become more and
more dominant as ML solutions to a wide range of applications. In definition,
DL forms representation learning functions with the deep innovative archi-
tectures of neural networks. The most successful stories have started with
the deployment of supervised training on CNNs Krizhevsky et al. (2012); Si-
monyan and Zisserman (2015). This, together with the ongoing development,
is due to three main factors: large-scale datasets; efficient GPUs computa-
tion for training and testing; open-source code and optimal frameworks for
implementation like Caffe, Tensorflow, and Pytorch.

DL models come with great scalability showing that with more data, bet-
ter concepts are learned, and as an outcome, the performance gradually
improves. In particular, the CNNs produce better visual concepts than stand-
ard Computer Vision (CV) feature descriptors. This is due to the numerous

shared parameters of the spatial kernels over the entire dataset.

3D-HPE with the DL breakthrough. State-of-the-art models for 3D-HPE
prior to CNNs were constituent of random forests pipelines (Tang et al.
(2014); Tang et al. (2013)). Although both types of architectures can easily
adapt to large datasets, the CNNs-based ones have been dominating in per-
formance and deployment since 2015 (Baek et al. (20181); Chang et al. (2018);
Oberweger and Lepetit (2017); Oberweger et al. (2015); Ye et al. (2016)). As a
learning objective for 3D-HPE, most of the methods follow an error minim-
isation procedure between predicted key points and the ground truth of the
hand’s position. Thus, the estimator can be interpreted as a highly non-linear
regression function over these key points. In this context, the "black-box"
behaviour of a trained CNN will limit any possible confidence measurement to
unseen data. Moreover, after visual qualitative evaluation of predicted poses,
back-tracking over the model’s decision chain becomes even more challenging.

To address these two issues, specific to 3D-HPE, the thesis proposes a
universal Bayesian approximation to DL models so that confidence measure-
ments are generated to both seen and unseen data. This Bayesian adaptation
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is inspired by Kendall and Gal (2017), where two types of uncertainties are
captured from the model during training and testing. The uncertainties are
measured for each input image through standard deviations of the predicted
hand skeleton. To bring more insights into unseen data, one set of uncer-
tainties will quantify hard or noisy samples, and another will evaluate the

model’s capability to improve further.

Lack of data representativeness for 3D-HPE. DL solutions are data-hungry
also in the context of 3D-HPE. Therefore, from a dataset perspective, several
RGB, depth and synthetic benchmarks have been widely explored. ICVL
Tang et al. (2014), MSRC Sharp et al. (2015), and NYU Tompson et al. (2014)
are some of the most popular datasets at the beginning of this thesis. It was
recognised within the research community that depth-based datasets are still
limited to global data distribution, given the variety of camera viewpoints
and occluded possibilities. Consequently, synthetic hand-shapes can broadly
fill this gap, however, they often present unrealistically articulations. This
denotes that the DL. model will learn inconsistent samples.

Researchers have addressed these shortcomings by extending the dataset
sizes to over 2 million real samples. The first proposed was BigHand2.2M
Yuan, Ye, Stenger, Jain and Kim (2017), followed later by InterHand2.6M
Moon et al. (2020). Both datasets have been acquired samples from multiple
viewpoints and with a high degree of articulation and hand shapes. Through
the Hands In the Million challenge (Yuan, Ye, Garcia-Hernando and Kim,
2017a), which combined data of BigHand2.2M and First-Person Hand Action
dataset (Garcia-Hernando et al., 2018), a study has been elaborated proving
that most of the methods successfully generalised on the testing set Yuan
et al. (2018). Acknowledging the advancements of the 3D-HPE methods, it
was previously concluded that the systems still do not generalise enough for
real-time applications Supancic et al. (2015).

On this matter, then the main concern arises in how many samples are
required to increase robustness for 3D-HPE in the wild. An interesting ex-
periment presented in Yuan, Ye, Stenger, Jain and Kim (2017) evaluates the
performance of an estimator on randomly sampled subsets at different ratios
of BigHand2.2M. The experiment shows little to no error when training even
with a 16th of the entire dataset; this results in a lot of redundancy within the
samples.

This thesis focuses on addressing these points through AL sampling. Many
AL selection functions combine representativeness between the data with

the model’s uncertainty evaluation. Similarly, a novel sampler is explicitly
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designed for 3D-HPE. It also includes the two types of uncertainties investig-
ated and generated previously. The AL strategy aims to find which subsets
of data can be more informative and simultaneously produce close accuracy
to full dataset training.

AL for data efficiency. For DL, more data implicitly assumes better per-
formance. For 3D-HPE, exploring diversity through viewpoints, articulations
and hand shapes is a good strategy for better generalisation of the model.
However, as it was noticed with BigHand2.2M, learning solutions may find
some sequences of data repetitive or with marginal gain in the pose estima-
tion. Classically, AL has been seen as an online learning environment where
both the model and the oracle interact with live data in a loop. In this manner,
first, the sampler selects new data, then the oracle labels it, and finally, the
model is updated with the new data. This strategy is unachievable in the context
of DL where models require a lengthy time to update many parameters.

In this thesis, AL is re-defined for DL to facilitate the large learning models.
This area has been named Deep Active Learning (DAL), and it keeps the same
focus on creating the most suitable samplers. However, the selection is made
in an offline fashion where batches of images are stored from an unlabelled
pool of data. This strategy can even be transferable to a data efficiency task
for pruning the current labelled set in regard to a pre-trained model.

Limitations of DAL So far, the motivations have converged to a DAL frame-
work for 3D-HPE by integrating two types of uncertainties and representat-
iveness evaluation. This framework assumes an initial labelled training set
from which the model can learn and further improve. The training set is
often constituted from uniformly sampled data of the unlabelled pool. With
no prior information regarding the pool of data and the model’s ability to
discriminate, the AL selection could be negatively influenced by the initial set.
This shortcoming has been previously referred to as the ‘cold-start” problem
Maltz and Ehrlich (1995); Schein et al. (2002). For DAL, the effect of “cold-start’
may even be detrimental when highly parameterised models are optimised.

Another limitation that DAL can pose is the distribution shift. This effect
usually occurs when a new batch of data is added to the training set after
an AL selection cycle. As a consequence, the re-trained model may shift its
objective function from the current minima. The AL sampler’s decision would
implicitly be affected if this predominantly relies on the model’s uncertainty.

To address these challenges, typically for AL, and refine the selection, the
thesis diverges to a more simple vision task, specifically, image classification.
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New AL frameworks will be designed in a task-agnostic way so that their
acquisition functions can further expand to 3D-HPE. Both solutions will
evaluate dependencies within the data while mitigating the effects of "cold-
start’” and distribution shift.

1.2 PROBLEMS TO ADDRESS AND INVESTIGATE

The problems to address in this thesis fall in the DAL research area with a
distinct interest in the 3D-HPE task. Therefore, these can be summarised as
questions accordingly:

1. “Given a DL-based 3D hand pose estimator, how can the learner
reach minimal error with AL when meaningful real sampled data
are provided?”

2. “How can the acquisition function in DAL customise its selection in a

more informative and task-aware manner?”

3. “How can self-supervision help AL in dealing with the "cold-start” prob-
lem and distribution shift? Can the unlabelled examples be leveraged

to improve the initial visual concepts of the learner?”

4. Hand pose estimators that approached multi-modalities during training
have been the most successful. “How do these modalities influence the
performance gain in the context of DAL?”

The first question is drawn from the lack of representativeness between the
large-scale datasets of hand poses and the DL architectures. As a solution,
AL is proposed for the first time on the 3D-HPE task.

The second question comes from the demand for better AL selection
functions for DL models. A recent trend has opened a new direction of
research where dedicated parameterised samplers can boost the diversity for
DAL in the acquisition process. Thus, more investigations are derived from
this approach.

Following the same trend in DAL, the third question revisits the standout
caveats of this field. It aims to tackle the ‘cold-start” problem and the distribu-
tion shift by increasing the visual representativeness with self-supervision
over the entire available data.

The last question from the list revisits the first one but under a multi-
modal learning setting. A new AL strategy is adapted to find the most
informative sets of modalities from a teacher network. The teacher network
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Figure 1.1: Roadmap of the thesis chapters parallelised between AL and 3D-HPE.

acts like a visual representation guide to the learner, so it can achieve greater

generalisation with less number of samples.

1.3 THE ROADMAP OF THE CONTRIBUTIONS

In an attempt to answer the previous questions, the thesis unfolds three

main contributions in the next chapters, followed by the current and future

work. Figure 1.1 displays the two flows of research where AL methodologies

intertwine with 3D-HPE and other vision tasks. The coloured blocks frame

the contributions to the corresponding chapters as follows:

Chapter 3:

It proposes for the first time to date the 3D-HPE task for depth image
inputs under the AL framework.

An approximation of Bayesian hand pose estimators is suggested to ex-
tract uncertainty measurements from the regression-type architectures.

It presents a novel AL sampling method that incorporates both pre-

dicted skeletons and their corresponding uncertainty variances.

It systematically evaluates the AL sampling cycles for both standard
and the Bayesian approximated models on three well-known 3D-HPE
benchmarks: BigHand2.2M (Yuan, Ye, Stenger, Jain and Kim, 2017),
ICVL (Tang et al., 2014) and NYU (Tompson et al., 2014).

The proposed solution consistently outperforms the counterpart com-
petitive baselines quantitatively.
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Chapter 4:

o It follows the new trend of parameter optimised AL samplers, and it

shifts the objective of its selection in a task-agnostic way.

It deploys a Graph Convolution Network (GCN) architecture as a
sampler to model the long-range dependencies within the features
space while trying to separate between labelled and unlabelled extrac-
ted features. It aims to propagate better informativeness for the learner
and assist the selection criteria. This also addresses the limitation en-
countered in Variational Adversarial Active Learning (VAAL) (Sinha
et al.,, 2019), a Variational Auto-Encoders (VAE)-based AL sampler,
where its training is disconnected from the learner.

Two selection criteria are studied along with the GCN sampler: one, data
representative and another, uncertainty based. A further investigation
into their suitability according to each vision task is presented.

It evaluates the GCN sampler with its two selection criteria on four
challenging image classification datasets, the same 3D-HPE benchmarks
from Chapter 3 and a synthetic-generated face expression dataset.

After these qualitative experiments and a qualitative study, the task-
agnostic proposal shows consistent improvement over all the other AL
techniques to date. This also enables developers to decide on the final
selection criteria depending on their application.

Chapter 5:
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¢ It puts the AL task in a self-supervised perspective. Therefore, the

learner is wrapped in a key-query contrastive learning pipeline. The
self-supervised architecture has similarities to one of the most recent
methods, MoBY (Xie et al., 2021), however, it is trained jointly with the
end task.

It addressed the main issues of DAL, the “cold-start” problem and the
distribution shift.

The Self-supervised learning (SSL) pipeline trains with both labelled
and unlabelled so that enriched features can further optimise a data
representative (geometric) AL selection. This proposed AL procedure is
identified as MoBYv2AL.



* It tackles quantitative experiments mainly for image classification. Due
to the nature of the SSL, it creates a high-performance gap on four

datasets.
Chapter 6:

¢ It adopts the multi-modal input learners, in particular for 3D-HPE,
for the AL problem. With the availability of more camera sensors and
systems, multi-modal datasets have become a standard nowadays. Thus,
a strong interest in making these systems more efficient needs to be
addressed.

¢ For sampling, it upgrades the concepts of VAAL to multi-modality. Dis-
tinctively, the VAE sampler is trained in a unified generative framework
with a product of experts as in Yang et al. (2019). This sampler, denoted
as MVAAL, creates a shared latent space between the modalities. In
exchange, this offers combined high-level representations for better
decisions in the sample query process.

¢ It deploys several other baselines together with MVAAL for three multi-
modal hand datasets: STB (Zhang et al., 2017), RHD (Zimmermann and
Brox, 2017), and FreiHand (Zimmermann et al., 2019).

¢ It demonstrates through performance tests that the multi-modal learner
benefits from different AL subsets of data. This motivates pursuing new
future AL solutions or dealing with the learner more structurally.

In the end, Chapter 7 brings together all the findings and concludes with
future work. The chapter reiterates the relevance of the enclosed research and
its impact on the AL community. To assist other researchers, this part also
shares certain limitations of this thesis.

A list of appendices is gathered after the main chapters. The highlights of

these are accordingly:

* Appendix A conducts an initial qualitative analysis of the two uncer-
tainties described in Chapter 3.

¢ Appendix B adds supplementary information to the parameter settings
of the GCN sampler from Chapter 4. It also displays the type of data
used in the experiments.

* Appendix C specifies the published works that founded this thesis.
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In the next Chapter 2 of this thesis, a theoretical background is encom-
passed to solidify the understanding of the chapters listed above. This present-
ation brings the reader closer to the AL field and to the methodologies
approached throughout the next sections.
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BACKGROUND

The theoretical background is divided into four main parts:

¢ The first section 2.1 delves into the AL core principles. It presents the
standard strategies and the selection methods, from classic ones to

recent DAL approaches.

* Section 2.2 goes through the complementary theory of the methods

designed in the next chapters.

¢ The third section defines 3D-HPE, the main application analysed for AL.

It further details the progression of state-of-the-art DL architectures,

¢ The final part, 2.4, brings the dataset engineering structure for the cur-
rent hand pose estimation datasets. This is essential for AL, especially

in optimising and adding data.

2.1 ACTIVE LEARNING
2.1.1  Definition

The goal of AL consists in finding the most informative data for a given ML
model. It is fundamental as well to achieve higher performance with less
amount of data. Therefore, AL can be seen as a cyclical process, composed of
four main elements: input data space (labelled /unlabelled dataset); learner (
learning model / algorithm); query function (acquisition method / sampler);
oracle ( human-machine annotator). Each component can be defined as
follows:

* The input data space is the observing environment from which instances
are sampled. This can be through single or multiple instances. The data
space is used by all the other elements of AL.

* A machine learning model defines the objective of the application and it

is dependent on the supervised input data.

* The role of the query function, being at the core of AL, is to select hard
samples from where the learner can effectively improve.

33



¢ The last part consists of the oracle, which contribution is to correctly
annotate the previously selected samples. This will bring new samples

to the labelled set, suitable for the learner.

The cyclical process starts from the input data space. First, instances are
sampled and labelled if there is no prior data available. After this, the learner
updates its function and parameters by supervised training on the labelled
data. Then, new instances are selected from the input distribution according
to the query function. Finally, the new queries are sent to the oracle for
labelling so that the learner can start training again. In the majority of cases,
the learner is actively used in the selection process.

2.1.2  Scenarios and categorisation

According to the survey from Settles (2009), AL has been identified in working
under three scenarios. These can be appropriate depending on the type of
learner and its dynamic with the input space.

Membership synthetic sampling is one of the first scenarios that initiated
AL. It relies on randomly selecting data that was generated through a mem-
bership rule. Therefore, to avoid misrepresentation, similarly to Lang and
Baum (1992), the quality of the samples should be analysed before selection.
Although the randomness might yield in inefficient samples, this scenario
would still be suitable where the annotation is difficult and noisy. Moreover,
this scenario can be further improved if the membership rules are well estab-
lished within the input space (Schumann and Rehbein, 20109).

In an attempt to address the randomness in the selection, the second
scenario proposes a selective sampling for streams of inference (Cohn et al.,
1994). The stream behaviour assumes that the learner is continuously exposed
to instances and the AL decides whether to label or discard. On the other
hand, the query function should be relatively simple and produce immediate
decisions. Furthermore, the learner should be able to update its parameters
with the newly selected samples to maintain the stream.

In the scenario where the learner cannot be trained online, the input
instances are gathered in a pool of data. This is commonly referred as the
pool-based scenario (Lewis and Gale, 1994). Like in the stream-based case, a
query function is deployed, however, its process can use the entire pool over a
longer time frame. Thus, batches of new instances are selected to be labelled
with each cycle.

One way of categorising AL is by its selection principle of the query

function. This can be broadly separated between functions that explore uncer-
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tainty and others that use data representativeness. Another category fuses the
measurements from both uncertainty and representativeness for its selective
decision.

On the one hand, at the base of uncertainty sampling (Lewis and Gale,
1994) lies the concept of finding the least certain samples. This primarily
tackles the most challenging samples for the learner. It will likely favour
distribution outliers and areas close to decision boundaries.

On the other hand, the main principle of representative or geometric
(density-weighted) (Settles and Craven, 2008) methods is sampling in clustered
(dense) areas with the expectation of separateness. The instances from the
underlying distribution are useful to increase the representativeness of the
learner as a whole. The caveat in over-sampling from uncertain areas is the
distribution shift. This may occur especially in the pool-based scenario where
the update of the parameters happens over sets of data. Despite this, the
density-weighted methods can implicitly overcome this issue.

More recently, depending on the structure of the AL sampling, this can
be designed as a selective function, an ensemble, a dedicated sampler or as an
entire framework. An AL function frequently uses a simple ranking criterion
of certain measurements. From here, the structure can be extended to an
ensemble of learners, also called query-by-committee (OBC) (Seung et al.,,
1992). These are trained altogether and derive their selection with a voting
rule. With the popularity of DL training, researchers have shifted the AL
selection as a loss minimisation problem for parameterised models. For
example, these samplers would inherit uncertainty either by predicting the
loss of the learner (Yoo and Kweon, 2019) or when trained in an adversarial
manner (Sinha et al., 2019). The final structure can be viewed as a framework
where the aforementioned ones are combined between them (Kim et al., 2021)
or with other methodologies like SSL (Gao et al., 2020).

2.1.3 Initial selection methods

Some of the first selection criteria have come from both density-based and
uncertainty-based methods. Both could produce immediate decisions over
the instances so that they can also act in the stream-based scenario.

When referring to uncertainty sampling, there are simple and effective
methods for classification like the least confident (Culotta and McCallum,
2005), margin sampling (Scheffer et al., 2001) and highest entropy (Shannon,
1948). Although these methods require the posterior probability from the
classification task, for regression models, Cohn et al. (1996,7) showed that the
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uncertainty can be measured through variances of the estimated distribution
output.

Despite the lack of popularity compared to the uncertainty ones, there have
been a few initial selection methods from the representativeness category.
These have benefited from the QOBC structures of Naive Bayes (McCallum
and Nigam, 1998) or nearest-neighbour learners (Fujii et al., 1998) while
identifying similarities in the data space. Also, one of the first notable methods
to use clustering for avoiding outliers and for propagating information was

proposed later on by Nguyen and Smeulders (2004).

2.1.4 Deep Active Learning

Since 2015, AL have started to be revisited for DL. models like CNNs. Given
the nature of these models, this has been addressed under the pool-based
scenario. Moreover, the need for AL has come with the high demand for
data that CNNs require. This new direction of research has been commonly
referred to as DAL. A comprehensive survey of the most notable works has
been gathered in Ren et al. (2020). A typical DAL pipeline aims to achieve a
targeted accuracy with real new data in a cost-effective manner. Figure 2.1
illustrates a common cycle of the DAL methods.

This thesis founds its methodologies within DAL. Therefore, throughout

the chapters, relevant literature progress will be presented of this research.
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2.2 THEORETICAL FOUNDATIONS OF THE PROPOSED ACTIVE LEARNING

METHODS

Each of the following subsections will present the background theory behind
the AL methodologies presented in this thesis. The succession follows the

order of the methods in the next chapters.

2.2.1 Uncertainties for vision applications

In Chapter 3, the AL proposal identifies two types of uncertainty that can
interact with a DL model for 3D-HPE. Kendall and Gal (2017) have been elab-
orating these uncertainties before within the CV field. Thus, this subsection
will highlight the theoretical findings.

To extract the two uncertainties, a Bayesian model is constructed. Such a
model assumes a prior distribution N(0, I) over all its parameters ©. For a set
of inputs and outputs (X, Y), the Bayesian model consists of a regression func-
tion £, specific to the 3D-HPE task. The posterior over the parameters can be
expressed with Bayesian inference as p(O/X,Y). Then, under a noise variation
o, the likelihood is represented as a Gaussian p(yIf® (x)) = N(£f°(x), 02)

Although the formulation of the Bayesian DL. model might be straight-
forward, the challenge still stays in finding the marginal probability p(Y|X)
during inference. This is essential in evaluating the posterior. In Gal and
Ghahramani (2015), a Bernoulli approximation with Dropout variational
inference is proposed to shift the averaging over the intractable parameters
to an optimisation of a simple distribution. Therefore, the posterior is fit-
ted with a Kullback-Leibler (KL) divergence minimisation over q(©), the
simple distribution. The variational inference is mimicked for the Bayesian
approximation by adding Dropout layers after every layer with parameters.
Performing stochastic passes at testing time, with activated Dropout, is sim-
ilar to sampling from the approximated posterior. This minimisation has been
identified in Jordan et al. (1999) from a mixture of two Gaussians with a zero

mean to one of them:
K

£ p) = — 3 logplyi6x) + P, (2.1)

i=1
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with K number of keypoints, © approximated parameters, dropout probability
p and 1 parameters of the simple distribution. The log-likelihood for a mean

square error regression loss can be written as:

. 1 - 1
—1ogp(yilf®(xi)) ~ 5oz llyi— £9(xi)||* + 7 log o?, (2.2)

where o captures the outputted noise. Conversely, this predictive variance
expresses the amount of noise inherited in the data.

If the observation noise o is a function with every input x (Nix and Wei-
gend, 1994), instead of a constant, then it can be considered as an aleatoric
uncertainty oq1(x), a data-dependent noise variance. The mean square loss
can be rewritten as:

1
f(xi)|)* + 5 log car(x)?,  (2.3)

Lregresslon xy)=—v Z 20_ 2 ly:i —
This uncertainty, however, is not captured from the variational inference to
the model. As a matter of fact, the aleatoric uncertainty, in practice, is learnt
with the model as a separate parameter due to its attenuation in the loss
function.

To observe the noise behaviour of the model, the same Bayesian modelling
is applied with Dropout sampling during testing. If M variational inferences
are considered, an epistemic uncertainty oep, a model-dependent variance, can

be approximated from the predicted posterior ¥:

(2.4)

Mz
<>

1 M
~ 02— (—
V&) m
m=1 m=1
In this manner, both uncertainties can be integrated with a Bayesian approx-

imation of a DL model, with an invasive structural change of Dropout layers.
Further elaboration for 3D-HPE is presented in section 3.3.

2.2.2  Graph Convolutional Networks

The AL methodology from Chapter 4 is hardly linked with one of the most re-
cent DL architectural proposals GCN. Although this architecture is addressed
to assist the sampling of unlabelled data, in this section, a fundamental
understanding is discussed.

Over the years, structured graphs G have been an easy and convenient way

of representing the data. The instances from the data space are assigned

38



as nodes 'V while the relationships between them are represented as edges €.
Furthermore, the weighting between these connections can be stored in an
adjacency matrix. The nature of updating the graphs stands on whether the
propagation of the nodes is directed or undirected.

The GCN proposed by Kipf and Welling (2017) is an efficient and simplified
version of spectral graph convolutions. The spectral graph theory (Rowlinson,
1996) was initially designed for eigenvalues and eigenvectors, but more
recently, this has been investigated for the CNNs features in (Bruna et al,,
2014). As presented by Kipf and Welling (2017), the graph G(V, &) takes
feature representations as nodes and their descriptive connections in an
adjacency matrix A. The transition function from one convolutional layer to

another can be expressed as a non-linear function:
f(Hy, A) = o(AH W), (2.5)

where H; is the output of the previous layer, Wy is the matrix of weights for
the 1 layer and o a non-linear activation function.

When constructing the adjacency matrix for the feature nodes, computa-
tionally, it is inefficient because of two aspects. The first is that for each node,
the multiplication is with its neighbours but not with itself. Therefore, a solu-
tion to overcome this is simply adding an identity matrix to the computed
adjacency one A = A + L. The second major flaw that commonly creates
issues during training is the lack of normalisation. In Kipf and Welling (2017),
a symmetric normalisation redefines the propagation rule by multiplying
with the degree matrix D of the adjacency matrix:

f(Hy, A) = o(D ZAD ZHW,). (2.6)

Following these graph definitions, the GCN can be formed by stacking
convolutional layers intertwined with the propagation rule.

One effect that was observed as a result of deep GCN (more than two layers)
is over-smoothing (Zhao and Akoglu, 2020). The message passing spreads
long-range dependencies between the node features, and then the next layers
continue to smooth by centring the initial discriminative representations even
more. For the datasets analysed, CORA, CiteSeer, and PubMed, it was shown
in Chen, Lin, Li, Li, Zhou and Sun (2020) that two is the optimal number of
layers. When measuring the mean average distance, the performance would
drop for GCN configurations of 3 or more layers.
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2.2.3  Self-supervised learning

In Chapter 5, SSL is at the root of the proposed AL framework. Since its
relevance to the method, this section presents its concepts, directions and
achievements. SSL, initially considered as pretext learning, is a relatively
new ML direction that relies on supervisory signals to learn properties of
the unobserved input data during training. Therefore, it is seen as a subset
of unsupervised learning where annotations are not available. However,
compared to unsupervised learning, the aim of SSL is to facilitate with
pretext understanding the downstream task.

The first concepts and applications of SSL have been noticed in the NLP
domain, where there is a large dictionary of words. Research works like
Joulin et al. (2016); Mikolov et al. (2013); Pennington et al. (2014) have greatly
benefited in building up the corpus of words with SSL. It is just recently that
the application domain expanded to CV. This was possible by associating the
SSL as an Energy-based function (EBF).

In principle, an EBF tracks the compatibility between an observed input
and its proposed prediction. For small energy, there is high compatibility,
while it is expected high energy in case of incompatibility. Two directions have
been considered to model the EBF: joint embedding and contrastive learning.
Generally, the joint embedding maps the EBF through two almost identical
networks. The input and its proposed prediction are passed separately, and
their outputted vectors are used to compute the energy. A disadvantage of
this approach is the mode collapse when the joint pipeline produces identical
output embeddings during training. In an attempt to deal with mode collapse,
joint embedding adds regularisation techniques. For solutions like BYOL
(Grill et al., 2020), an asymmetric pipeline is presented together with a strong
variation of data augmentation. SimSiam (Chen and He, 2021) or SWAV
(Caron et al., 2020), on the other hand, make use of virtual target embeddings
coming from similar groups.

Another way of dealing with mode collapse is contrastive learning, sugges-
ted as the second direction of SSL. Here, the EBF is expecting pairs of positive
and negative inputs. In the majority of cases, negative inputs are considered
far in the features space, while positive examples are likely augmented ver-
sions of the observed input. In proposals like SimCLR (Chen, Kornblith,
Norouzi and Hinton, 2020) or MoCo (He et al., 2020), a noise-contrastive
estimation, InfoNCE (Oord et al., 2018), is optimised as a loss function.
Moreover, integrating dictionaries in MoCo and MoBY (Xie et al., 2021) to

compute the loss over time has helped to improve the visual representations.
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In terms of achievements, SSL is evaluated as an up-and-coming area
of research. The visual concepts learnt with SSL have started to produce
high accuracy for tasks like image classification, object detection or image
segmentation (Xie et al., 2021). In some cases, it has even over-passed the full
supervised training (Goyal et al., 2021), making it very efficient in handling

large-scale datasets.

2.2.4 Variational auto-encoder and Product of Experts

The methodology from the final chapter 6 is inspired by the cross-modality
solutions introduced to 3D-HPE by Cross-Modal Spurr et al. (2018), and
AlignMM Yang et al. (2019). Both works use generative algorithms with
frameworks based on the VAE architectures. These solutions tackle multiple
modalities and utilise the domain translation between them to achieve state-
of-the-art results. This further motivated the AL approach in sampling for
3D-HPE. Thus, in this part, it is supportive to briefly detail the VAE model
and further delve into the methodology of AlignMM.

The VAE, part of DL generative models, aims to reduce the dimensions of
the feature representation by reconstructing the input images. The VAE, ar-
chitecturally, is composed of neural networks with an encoder and a decoder
design. Compared to auto-encoders, the VAE adds regularisation to avoid
over-fitting and maintain a good generative latent space. Therefore, the inputs
are encoded as a distribution over the latent space and sampled points from
the latent distribution are decoded to compute the reconstruction error. The
regularisation term is done with variational inference, similar to the Bayesian
approximation. A KL divergence is computed with the reconstruction loss by
aligning to a normal distribution the latent mean and variance.

AlignMM is an extension of the Cross-Modal generative method for multi-
modal 3D-HPE. Considering x from some modality and y the output from a
target modality, the multi-modal VAE estimates it by maximising the evidence
lower bound (ELBO). If z is the latent variable, then the ELBO is:

Lero(xy;0, ) = Ez-q, logpe(ylz) — BKLD(q4 (zIx)|lp(z)), (2.7)

where KLD is the KL divergence, 3 is the disentangling factor from Higgins
et al. (2017), p(z) the Gaussian prior and the encoder - decoder probabilit-
ies q¢ (z/x), po(ylz). When adding a second modality w, the ELBO can be

extended as:
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LeLo (x, W;y, w; Oy, Ow, bxw) = Ez-q,, , 10gPo, (ylz)+
?\WEZN%X’w logpe,, (W|z)—
BKLD(q g, (zlx, w)[p(z)), (2.8)

with Ay regulating parameter for the reconstruction from w to y. If the en-
coder takes inputs only from x, this can be simplified to Le 1o (X; y, W; Oy, Ow, dx).

In order the align the two latent spaces, another KL divergence is minimised
between q¢,, and q4,. The new combined loss for the zjoint joint latent
space is:

L ((I)X,W/ cI)X/ GYI ew) = LELBO (xr W,' YI W,' eY/ eW/ (I)X,W)+
Lerso(xy, w; Oy, Ow, bx)—

BjointKI—D(qd)x,w (Z)'oint|xr W) ” qd by (ZX|X)- (29)

The embedding in the same space for z;,int and z, might be suitable for two
modalities, but if they increase, the joint encoder qg,,,, is challenging to learn.
As a solution, Product of Experts (PoE) () alternative is proposed for aligning
the latent spaces. The PoE comprises of the two Gaussian distributions q(z|x)
and q(z|lw). The final objective function with the shared decoders can be

rewritten as:

L(bw, dx, eyr Ow) = LeLBO (X, W; y.w; 9y/ Ow, Px, Gw)+
Lero (XY, W; Oy, Ow, Ox)+
Lerso(w;y, w; Oy, Ow, dw)

(2.10)

Explicitly, the joint objective with the product of Gaussian experts G*(zy, zw)

1S:

L((bw/ bx, ey/ ew) = Ezjo-mt~G*(zx,zw) 10gpe(y, W|Zjoint)+
Ez~q4, 108 Po (Y, WIZx)Ez,~ g4, 108 Po (Y, Wizw)—
B(KLD(qq (zxx)|lp(z)) + KLD(q¢ (zwlw)|[p(z))). (2.11)

In case of more than two modalities, other KL divergences would be added to
force all the latent spaces into a joint one. Apart from the joint reconstruction
loss, the authors of AlignMM integrated dedicated losses and tricks for
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the 3D-HPE task. However, this defies the purpose of the multi-modal AL
sampler.

2.3 3D HAND POSE ESTIMATION
2.3.1  Definition

Given a detected area of a hand from an input space, the 3D-HPE task is
defined as the process of mapping and localising in 3D coordinates the shape
and structure of the hand with a ML algorithm. For a clearer explanation of
the mapping process, a skeleton model of the hand is initially proposed with
all the kinematic parameters. Most of the recent state-of-the-art solutions that
come from DL have adopted the skeleton model studied in Erol et al. (2007).

This kinematic hand model is formed by following the 21 skeleton joints
that have some DOF. These joints follow the medical name location and
correspondence to each finger. Thus, six joints are describing the palm, one
root at the carpals and five metacarpophalangeal (MCP), and three more
joint locations corresponding to each finger: proximalcarpophalangeal (PIP),
distalcarpophalangeal (DIP) and tip.

Breaking down to the 3D coordinates for each joint, these are calculated
by referencing the location to the recording device. The depth information
can be extracted directly from the acquisition system in the case of depth
camera sensors. However, this is not the case when using RGB cameras,
where the depth information must be modelled differently ( stereoscopic
cameras, time-of-flight sensors etc.).

Moving into the challenges of 3D-HPE, several have been identified:

* occlusions, including self-occlusion - the camera projections will lack of

meaningful information when overlapping with joints occurs;

¢ real-time processing for each frame - a system to run the ML model fast

enough;
¢ lighting variation - typical issue for RGB inputs;

¢ the last, but not the least, mapping highly dimensional non-linear
functions.

DL models and datasets from better-capturing systems have addressed these
issues to a great extent.
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2.3.2 Categories

There are several criteria that 3D-HPE models can be classified. With the
great availability of sensors and depth cameras, starting with the Microsoft
Kinect from 2011, depth-based models (Oberweger et al., 2015; Ye et al., 2016)
have become the echelon due to their robustness to noise and illumination
variance. Previously, the datasets and models tackled the RGB environment
primarily (Ge et al., 2019; Tang et al., 2015; Zimmermann and Brox, 2017).
More recently, the 3D-HPE task benefits from multi-camera systems with one
or two modalities, RGB-D (Simon et al., 2017). Therefore, a clear distinction
between these models stands on the input space type.

Following the taxonomy from Erol et al. (2007), the 3D-HPE solutions can
be classified according to the minimisation objective into generative (detection-
based) (Baek et al., 2018b; Chang et al., 2018; Tang et al., 2015) , discriminative
(regression-based) (Chen, Wang, Guo and Zhang, 2020; Oberweger and Le-
petit, 2017; Oberweger et al., 2015; Rad et al., 2018) and hybrid combination
of both (Baek et al., 2019; Ge et al., 2019; Sanchez-Riera et al., 2018; Yang et al.,
2019; Ye et al., 2016). In principle, the generative models aim to minimise
generated poses through regions or heat maps, while the discriminative ones
direct the objective through the regression of features or key points.

Depending on their architectural design, these DL. models can also be cat-
egorised as hierarchical, structured, multi-stage, 2D/3D and residual. Hierarchical
models split the estimation of the hand into multiple parts, either on joints
or on fingers and palm (Guo et al., 2017; Ye et al., 2016). Multi-stage and
structured methods are conceptually similar as both aim to propagate initial
guidance for estimation. The key difference is that structured models (Chen,
Wang, Guo and Zhang, 2020; Oberweger and Lepetit, 2017; Oberweger et al.,
2015; Tang et al., 2014; Xiong et al., 2019) rely initially on hand kinematic
constraints. In contrast, the multi-stage ones (Baek et al., 2019, 2018b; Guo
et al., 2017) add similar constraints or specific modules to improve the first
hand estimation. The architecture for the residual methods is founded on
the ResNet (He et al., 2016) CNNs. This has been one of the best solutions in
capturing visual representation due to the residual blocks. Models that have
adopted this architecture are Baek et al. (2019); Chang et al. (2018); Chen,
Wang, Guo and Zhang (2020). Finally, the 2D /3D category designs the DL
model either with 2D (Oberweger et al., 2015; Xiong et al., 2019; Ye et al,,
2016) or volumetric CNNs (Chang et al., 2018; Huang et al., 2018).
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2.3.3 Deep Learning solutions

Multiple DL solutions for 3D-HPE have existed throughout the past years.
On their achievements, the mean joint error performance has decreased to 7
mm for depth-based datasets like NYU (Tompson et al., 2014) or ICVL (Tang
et al., 2014).

At the time of developing the AL algorithm from Chapter 3, the hierarch-
ical spatial attention with Particle Swarm Optimisation (PSO) proposed by
Ye et al. (2016) was one of the top methods. Therefore, this has motivated
an initial deployment of it as the learner to the AL pipeline. Further on, due
to its architectural complexity, the method from Chapter 3 approached a
more simple design from a previous state-of-the-art, DeepPrior (Oberweger
et al., 2015). In this section, the mentioned hand pose estimators are presen-
ted, together with the current state-of-the-art volumetric residual network
V2VPoseNet (Chang et al., 2018).

The work of Ye et al. (2016) proposes a hierarchical model by starting from
a network that produces feature maps for the palm area and by continuing
with two cascaded networks for each finger. One of the cascaded networks
identifies the PIP joints and the other the DIP and the fingertip. The training
starts with the palm network, and the other ten CNNs are trained sequentially.
Moreover, spatial attention modules that take the previous feature maps,
rotation and space transform are added between the cascaded networks
to achieve viewpoint invariance. For the final refinement, partial PSO is
applied at each network to maintain the kinematic constraints. The method
adopts a regression-based minimisation where all the networks output the
3D coordinates to their targeted joint(s).

One of the first works to achieve state-of-the-art in 3D-HPE with CNNs is
DeepPrior (Oberweger et al., 2015). It consists of two parts: the first contribu-
tion is by investigating several feature extractors, including a hierarchical one
as in Ye et al. (2016); the second stands on introducing a bottleneck for hand
constraints before the last regression layer. The bottleneck is initialised with
Principal Component Analysis (PCA) of hand poses. The design of the CNN
feature encoders is a classic combination of one to three convolution layers
and max pooling. For the objective, DeepPrior also follows a discriminative
minimisation loss to the 3D joint coordinates.

V2VPoseNet (Chang et al., 2018) has been the consistent state-of-the-art
solution from benchmarks like ICVL, NYU, MSRC (Sharp et al., 2015) to
challenges like Hands in a Million 2017 (Yuan, Ye, Garcia-Hernando and

Kim, 20174). Its success mainly comes from breaking the highly non-linear
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regression to a voxelised space and applying 3D (volumetric) residual CNNs.
Therefore, the first step is to create from the 2D depth image the 3D map of
hand voxels. This map will set up the boundaries of the hand location. The
second step consists of a 3D stacked hourglass architecture (Newell et al.,
2016) that generates 3D heat maps with joint location likelihoods.

The 3D voxelised space is created with a pre-trained DeepPrior++ network
(Oberweger and Lepetit, 2017). This provides a good reference point to
threshold the 3D areas of the hand. V2VPoseNet transforms the hourglass
architecture with 3D convolutions, pooling and up-sampling layers. To this
extent, the architecture encloses a large number of parameters, but the key is
to keep the 3D voxelised space relatively small (at 44x44x44).

2.4 DATASETS FOR HAND POSE ESTIMATION
2.4.1 Dataset Engineering

Dataset engineering is a particular essential field required by ML scientists.
Without a robust and elaborated collection of data, the ML algorithms may lie
just in a concept or hypothetical phase. As described in the introduction, data-
set engineering generally assumes four stages: planning, acquisition, annotation
and evaluation.

Depending on the planning, the data acquisition may include steps such
as generation and augmentation, especially if real data is unavailable or a
synthetic environment is proposed. Furthermore, the data acquisition may be
refined with data cleaning or optimisation tools either to discard noisy data
or to integrate an AL selection pipeline.

The annotation process might be even more challenging than the acquisition
stage, however, in the planning phase, automatic systems may come in hand.
Outsourcing to third parties like Amazon Mechanical Turk has also been a
frequent option for large-scale datasets with certain risks like confidentiality
and labelling quality. The next sections will detail the data engineering
process for the 3D-HPE datasets used in this thesis.

2.4.2  Depth image datasets
The depth-based 3D-HPE benchmarks that were commonly evaluated at

the start of this thesis are ICVL (Tang et al., 2014), BigHand2.2M (Yuan, Ye,
Stenger, Jain and Kim, 2017) and NYU (Tompson et al., 2014). Therefore, in
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the next chapter, these benchmarks are tackled with AL selection techniques
for the first time.

ICVL has been one of the first milestones for depth-based hand datasets.
In this regard, it has the lowest number of frames between the three of
them, totalling 17,604. Despite this, the annotation is done effectively with 3D
tracking (Melax et al., 2013) and a second manual refinement. This, however,
yields approximate coordinates, and, as a result, it trains the models with
unnatural poses. Another drawback of ICVL is the limited articulation and
viewpoint space. During the acquisition process, the ten subjects are recorded
with Intel’s Creative interactive gesture camera.

Published in 2014, the NYU hand dataset comprises 72,757 training images
and a testing set of 8,252. Although the dataset is gathered from only two
subjects, the hand poses are recorded with 3 Microsoft Kinect cameras with
three viewpoints (frontal, left and right side). Compared to ICVL, the images
have double the resolution at 640x480, and they are available in RGB-D
format. The annotation follows similar stages to ICVL of hand tracking and
a PSO refinement. Another advantage of NYU consists in providing more
accurate annotations with one of the first CNN that takes multi-resolution
inputs and generates heat maps for pose recovery.

The first real large-scale hand dataset with an automatic annotation sys-
tem is BigHand2.2M. It was published in 2016, and since then, it has been
integrated into several hand pose challenges like "Hand in a Million 2017"
(Yuan, Ye, Garcia-Hernando and Kim, 2017b). During the acquisition stage,
ten subjects were recorded with complete coverage of camera viewpoints and
a wide range of articulations. The camera in BigHand2.2M is Intel’s RealSense
SR300 with the same resolution as NYU. The annotation stage is somehow
combined with the acquisition process. This is because the subjects have
attached to their hands six 6D magnetic sensors that are further connected to
a trakSTAR tracking system (Yuan, Ye, Stenger, Jain and Kim, 2017). As it is
stated in the name, BigHand2.2M consists of 220,000 images for each subject.
In terms of training and testing, the authors proposed a split of 9 subjects for

training and one for testing.

2.4.3 Multi-modal datasets
In Chapter 6, the AL methodology investigates multi-modality for 3D-HPE.

To fit this goal, three well-known RGB-D datasets are approached: STB (Zhang
etal., 2017), RHD (Zimmermann and Brox, 2017) and FreiHand (Zimmermann
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et al., 2019). These datasets have at least the colour and depth modality so
that the learner can simulate the AL training and sampling.

Moving on the STB dataset, it contains 18,000 stereo image pairs with
frontal camera viewpoint. Each hand articulation is framed in six different
background scenarios with 640x480 pixels. The articulation space is also
limited in 12 sequences with 1,500 frames each. For the annotation process,
however, it is done manually with the help of the stereo and depth cameras
setup. Part of the dataset contains post-processed segmentation images. This
can be used either for a hand segmentation task or as a separate modality.

While the STB dataset presents real hand images, RHD provides rendered
synthetic data from 20 subjects performing 39 different actions. This allows
them to generate 41,258 and 2,728 training and testing images with 320x320
resolution. Regarding annotation, RHD, as STB, also creates segmentation
maps, detailing them to palms and fingers. So far, it has not been shared the
process of finding the 21 key points. An assumption is that the generator
already contains the hand models, and the corresponding joint locations are
referenced to the 3D synthetic studio.

The last multi-modal 3D-HPE dataset tackled in this thesis is FreiHand.
Compared to the previous two datasets, it is one of the most recent, and
it is the single one to include object interaction and occlusion. In addition,
FreiHand gathers 130,240 training images from four camera viewpoints and
3,960 images to evaluate. Although depth maps are not available, any of the
four viewpoints can be seen as a separate modality. Moreover, FreiHand can
provide the 224x224 RGB images, their segmentation mask and the synthetic
hand model of MANO (Romero et al., 2017). The annotation process is semi-
automatic by fitting the MANO model in the multi-view system. The fitting
network also produces confidence scores so that an oracle can manually assist

the annotation process.
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ACTIVE LEARNING FOR BAYESIAN 3D HAND POSE
ESTIMATION

3.1 COURSE OF OBJECTIVES WITH JUSTIFICATION

This chapter focuses on answering the first problem from the Introduction:

“Given a DL-based 3D hand pose estimator, how can the learner
reach minimal error with AL when meaningful real sampled data

are provided?”

Firstly, the question arises from a lack of exploratory research of AL for
3D-HPE. This initial curiosity is even more sustained by the recent data-
demanding DL algorithms.

Secondly, as mentioned in section 1.1, with the advancements of the DL
models, a gap has been gradually set up between the models and the repres-
entativeness of the datasets. This comes after, at the time of publishing the
largest depth-based dataset, BigHand2.2M (Yuan, Ye, Stenger, Jain and Kim,
2017), it was shown that models suffer little to no precision when trained
with fractions of the entire dataset. Even though DL models are known to
improve with more data, this process becomes extremely inefficient when
data annotation is commonly noisy, tedious and expensive.

Finally, AL is proposed to optimise the data sampling, but part of the ques-
tion is to know how. Before addressing this, it is important first to understand
the task by deploying a standard DL architecture. In the majority of cases, the
3D-HPE is presented in a discriminative manner with a final regression to the
joint coordinates. One main disadvantage is that the predicted posterior does
not provide any confidence information with its estimation. Therefore, in
the first part, a Bayesian approximation is presented for the 3D-HPE learner,
similarly to Kendall and Gal (2017), so that two types of uncertainties can
be modelled. The two uncertainties, aleatoric and epistemic, represent the
variances of the data-dependent and model-dependent samples, respectively.

This Bayesian adaptation also facilitates the investigation and proposals of
AL selection function. Because it is the first approach for AL, classification-
based selection functions are not transferable to the regression task. One
of the other ways of sampling data apart from random sampling is with
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the state-of-the-art geometric function CoreSet (Sener and Savarese, 2018).
CoreSet uses the latent space distribution to sample images far from the
annotated centroids in Euclidean space. The novel method presented in this
chapter, CKE, extends the limitations of CoreSet in calculating the distances
according to the epistemic variances. CKE combines in this manner the
representativeness of the data together with the level of uncertainty that
each data impacts the space. Furthermore, the learner integrates the aleatoric
uncertainties in its loss function to attenuate the influence of difficult or noisy
samples.

In a first attempt of modelling the aleatoric and epistemic uncertainties,
the learner deployed was following the hierarchical spatial attention CNN
from Ye et al. (2016). However, due to the training complexity of evaluating
11 networks with each AL cycle, the architecture of the learner changed to a
single deep CNN as in DeepPrior (Oberweger et al., 2015). This simplifies
the experimental research in finding the optimal AL selection strategy. In
Appendix A, an extension of the two uncertainties concerning the initial
learner supports the transferable insights to DeepPrior.

In summary, the next sections go through a literature review 3.2, the CKE
methodology with the Bayesian approximation 3.3 and culminate with a
thorough set of experiments for depth-based 3D-HPE datasets 3.4.

3.2 RELEVANT LITERATURE
3.2.1 3D Hand Pose Estimation

The first comprehensive review in hand pose estimation that established
the current taxonomy is published in Erol et al. (2007). Together with the
deep learning popularity and easy access to depth camera sensors, 3D-HPE
has gained a deep interest in the computer vision community. Earlier state-
of-the-art methods favoured combination of discriminative (random forest
(Tang et al., 2014) or CNN-based(Oberweger et al., 2015)) and generative
solutions Baek et al. (2018b) as in (Oberweger and Lepetit, 2017; Ye et al,,
2016). Due to the past concepts from Charles et al. (2017), volumetric rep-
resentations as V2VPoseNet (Chang et al., 2018) managed to out-stand by
compensating for the high non-linearity in direct regressions. These recent
works (Chang et al., 2018; Wan et al., 2018; Xiong et al., 2019) have obtained
impressive results with average 3D joint errors below 10 mm on datasets like
NYU (Tompson et al., 2014), ICVL (Tang et al., 2014) or BigHand2.2 (Yuan,
Ye, Stenger, Jain and Kim, 2017). While tackling uncertainty exploration and
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A Bayesian DeepPrior
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Figure 3.1: Schematic diagram showing the end-to-end pipeline of the AL method.
The depth image of the hand is pre-processed and fed to the
Bayesian DeepPrior Network. This network is trained to minimise
the objective function given in Equation 3.2. The aleatoric and epi-
stemic uncertainties of a sample that we obtain from M number of
Monte Carlo Dropouts are passed on to the selection criteria for
querying unlabelled examples. The selection method is highlighted
in the Algorithm 1. The switches in the Figure are present to indic-
ate the activation of Dropout in different Bayesian approximations.

data representatives of the model, for simplicity and efficient analysis, the
standard DeepPriorOberweger et al. (2015) architecture is deployed. Even
though the accuracy is lower than current arts due to relatively lesser model
parameters, the AL method is generic, thus, the insights obtained can be
easily transferred to deeper and generative models.

3.2.2  Bayesian Deep Learning

Recently, there have been several investigations in quantifying and repres-
enting uncertainty in CNNs. A novel approach is to approximate variational
inference in a Bayesian implementation (Gal and Ghahramani, 2015) for image
classification (Gal and Ghahramani, 2016). Furthermore, the types of uncer-
tainties (aleatoric or epistemic) and the ways to employ these uncertainties
in both regression and classification tasks are presented in Kendall and Gal
(2017); Kendall et al. (2018). The novel approximation of Bayesian (Gal and
Ghahramani, 2016) for deep learning by using the Dropout layers(Srivastava
et al., 2014) reduced the computational complexities of the naive Bayesian
Neural Network implementation. An analysis of uncertainty for the active
learning framework is presented in Zeng et al. (2018). However, the eval-
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uation is conducted on a small-scale dataset such as MNIST (LeCun and
Cortes, 2010) classification. In contrast, the approach in this chapter analyses
a more difficult and large-scale experimental setup.

Another recent work on image classification Beluch Bcai et al. (2018) pro-
posed ensemble-based active learning and demonstrated outperforming the
Dropout Bayesian approximationGal and Ghahramani (2016). Again, the
experiments are constrained on small-scale scenarios. On these premises, the
methodology analyses the exploration of both data and model-dependent
uncertainties similar to Kendall and Gal (2017), but for the large-scale and
more challenging problem 1.e. 3D-HPE. Furthermore, this will integrate the
risk measurement concerns presented in Osband (2016) through the aleatoric

uncertainty.

3.2.3 Active Learning Methods

This branch of machine learning was explored in the need for informative
datasets that are, in most cases, model-dependent. With the advances in deep
neural networks, the research community began to approach the classical
approaches despite the lack of integration in online training (an essential
part of the active learner methodology). The most common scenario used,
pool-based sampling, limits the live model refinement by performing offline
training Gal et al. (2017); Sener and Savarese (2018); Sinha et al. (2019); Yoo
and Kweon (2019). On the other hand, pool-based active learning opened a
new direction of research for deep neural networks (Gal and Ghahramani,
2016). This has evaluated with what minimum percentage of the training
set the model can achieve the same accuracy as the entire one. A theoretical
approach has been explored in Buyu and Vittorio (2017) over the human pose
estimation problem by actively collecting unlabelled data from the heat-map
output of the Convolutional Pose Machines (CPMs). However, the proposed
methodology is driven independently from the output as it relies directly
on the predicted hand skeleton. In terms of pose estimation, a practical
application of active learning for hands has been conducted in Hsiao et al.
(2016), where KD-trees are applied to guide the camera movement to a more

informative viewpoint.
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3.3 METHODOLOGY

This section starts with formulating the 3D-HPE problem as a Bayesian ap-
proximation inspired by Kendall et al. (2015); Kendall and Gal (2017) for
semantic segmentation and depth regression. A framework (similar to Kend-
all et al. in Kendall and Gal (2017)) is adopted to model the two uncertainties:
aleatoric and epistemic. These two statistics characterise the important but
complementary aspect of the model when trained from data. In particular,
aleatoric uncertainty captures uncertainty due to noisy training examples,
which can not be eradicated from the model even if there is plenty of training
examples. Whilst, epistemic uncertainty quantifies the ignorant aspect of the
model parameters, which can be addressed with the availability of training
examples. For an AL application, the aleatoric uncertainty plays a key inform-
ative role in avoiding annotating noisy samples when acquiring new data.
Moreover, these uncertainties would also balance hard samples from which
the current learner can’t further improve. Besides, the epistemic variance
helps the AL sampling method in indicating relevant unseen data for the
learner. Given the parameters inferred from the Bayesian hand pose estimator
in the second part, an acquisition method is investigated, commonly known
as a sampler in the AL scheme, by enclosing the uncertainty variances. Hence,
the contribution relies on the analysis of the Bayesian 3D-HPE approximation
(comprises the learner component in AL), together with a novel selection
mechanism. Figure 3.1 summarises the proposed pipeline.

3.3.1 Bayesian 3D Hand Pose Estimator

3.3.1.1 3D Hand Pose Estimator

In classification tasks, uncertainty is estimated by the posterior probability
of a class. However, the 3D-HPE, a regression problem, maps hand (depth)
images to 3D coordinates of the hand joint locations. The method to regress
the skeleton coordinates, along with modelling the mentioned uncertainties,
is described in this part. The inputs to the hand pose estimator are cropped
images centred on the hand region. Reducing the potentially cluttered or
noisy areas in the depth scene motivates the main advantage of this practice.
For annotated ground truths, the hand skeletons are formed following Erol
et al. (2007) by 21 volumetric joints. With this information, common practice
to tackle the translation of different palm sizes is to set the origin to the root
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palm and normalise the UV coordinates with the distance from it to the index
finger MCP.

In order to topologically evaluate the regression uncertainties, a standard
DeepPrior (Oberweger et al., 2015) architecture is designed. This comprises a
convolutional feature extractor and a dense regression. Given x € RW*", a
2D cropped hand image with w width and h height is inferred through the
CNN, together with its corresponding ground-truth y € R?'*3. Structurally,
the feature extractor is composed of three block groups of convolution, max
pool and LeakyReLU activation. The flattened output of the feature extractor
is regressed in the end by 2 dense layers (Figure 3.1). For simplicity, the final
PCA layer is excluded from the initial design of Oberweger et al. (2015), and
it directly predicts the normalised UVD joint coordinates § (description of
the pipeline in Fig. 3.1). Finally, the parameters are optimised by Stochastic
Gradient Descent (SGD) to minimise the mean squared error (MSE). The

objective function is as below:
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where, 1 is the data size, © represents model parameters and K is the number
of joints.

3.3.1.2 Bayesian DeepPrior

The Bayesian DeepPrior is described here in detail. As stated before, unlike in
the classification model, it is not straightforward to model the uncertainties in
the regression model. In order to make the DeepPrior a probabilistic model,
Dropout (Srivastava et al., 2014) is introduced on its layers similar to Gal
and Ghahramani (2016).

A Bayesian Neural Network (BNN) sets a normal distribution © ~ N(0, I)
on its weight parameters as prior. To approximate the posterior distribution
over the weights f(0|x,y), a KL divergence is minimised of a variational
inference distribution q(®) and its posterior: KL(q(®)||f(Olx,y)). To minimise
the KL divergence loss, Monte Carlo (MC) Dropout is applied during the
variational inference, and the MSE of joint location’s prediction is optimised.
This minimisation is equivalent to the KL divergence approximation as
detailed in Section 2.2.1. Once the Dropout is kept active over the entire O,
the Bayesian approximation can be obtained of the posterior’s mean and

variance.

54



As stated in Osband (2016), the uncertainty variance of the BNN consists
of the Bayes risk rather than a systematic uncertainty. Therefore, the outputs
of the final dense layer are learnt together with the aleatoric uncertainty by
balancing the MSE objective function during training as well. Specifically, an
aleatoric variance is allocated for each hand joint coordinate. Hence, the new
objective function to model such uncertainties is defined as in Kendall and
Gal (2017):

Lg(x,y;© li( i

i=1

) . 1
e %y — Fixll + E%k), (3-2)

N \

with the logarithmic variance o = log 62, and 62, the aleatoric variance.
Thus, the learnt numerically-stable logarithmic tracks the noise present in the
data.

To summarise, by applying MC Dropout, a Bayesian DeepPrior is obtained,
and it generates a mean value for each joint coordinate. After variational
inferences, we also evaluate its epistemic and learnt aleatoric variances. For

M times passes of a sample, the epistemic uncertainty is estimated as below:

< LS (LS g 63)

m= m=

M=
<

Finally, the combined variances for a predicted skeleton § can be expressed

as: ] M M
~ %—( Z Ym> +— D Gar,. (3-4)
m=1 m:]

In the experiments section 3.4.2, a study on the number of M vs the mean
joint error stabilisation is presented.

From an architectural perspective, the Bayesian DeepPrior contains Dropout
layers after every convolutional and dense layer. In practice Kendall et al.
(2015); Kendall and Gal (2017), it has been shown that this model may suffer
from strong regularisation. Thus, similarly to Kendall et al. (2015), different
variants where Dropout is applied to designated locations are analysed. These
probabilistic variants of Bayesian DeepPrior are simulated through switches
in the proposed pipeline3.1 accordingly:

¢ A - only to all convolutional layers;
* B - centrally to the last convolutional layer and the first dense layer;

¢ C - throughout the entire DeepPrior architecture.
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To fine-tune the design of the Bayesian DeepPrior architecture, a cross-
validation study is performed on the NYU Hand dataset Tompson et al.

(2014) in section 3.4.2.

3.3.2 Active Learning Framework

In this section, the AL process is described for DL together with the proposed

acquisition function adapted for the Bayesian DeepPrior, CKE.

3.3.2.1 Pool-based Active Learning Strategy

As AL has gained stronger interest in DL, a pool-based scenario has become
a standard methodology to overcome the data-greedy models with their slow
training process (Settles, 2009). Therefore, the pool-based active learning con-
siders a scenario with an initial annotated set s° and an available unlabelled
dataset Upo01. The goal is to find the least amount of L annotated subsets
s',s?...st C Uy 001 so that the targeted mean squared joint error is achieved.
Given an acquisition function A, this can be summarised under the following
equation:

2

minmin A(Lg;s',s%...s" C Upoot)- (3.5)

L L

In the next section, the function A is formulated to suit the Bayesian DeepPrior
architecture.

3.3.2.2  Combination of Geometric and Uncertainty Acquisition Function (CKE)

Acquisition functions have been extensively developed for classification tasks
(Gal et al., 2017; Pinsler et al., 2019) due to their probabilistic output. However,
in regressions, for AL, statistics have to be derived like in Buyu and Vittorio
(2017); Kendall and Gal (2017) or a separate data analysis through task-
invariant methods has to be developed (Sener and Savarese, 2018; Sinha et al.,
2019; Yoo and Kweon, 2019). The benefit of the Bayesian approximation is
that the epistemic and aleatoric uncertainties can be used to filter out the
unlabelled pool of data. Apart from the uncertainty variances, the geometric
acquisition function CoreSet (Sener and Savarese, 2018) is revised under the
Bayesian methodology.

In principle, CoreSet treats the minimisation of the geometric bound
between the objective functions of the annotated set s and of a repres-
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entative subset s from the unlabelled examples. The bounding between the
two losses applied in this context can be expressed as:

Lo (xi,yi €5) = Lp(x;,¥; € %) < Ovs) +o(\ﬁs), (56)

where s is the fixed cover radius over the entire data space and B is the
budget of samples to annotate. It has been shown in Sener and Savarese (2018)
that this risk minimisation can be approximated through the k-Centre Greedy
optimisation problem Wolf (2011). As it relies on A, the 12 distances between
samples of posterior distribution define the selection principle adapted from
CoreSet under the following scope:

arg maxmin A(¥i, ¥;), (3.7)
ies J€s°
where ¥, §; are predicted skeletons corresponding from the initial subset s°
and the available unlabelled pool s.

Considering the Bayesian DeepPrior architecture, the CoreSet solution is
extended by including the epistemic variance in the distance computation
from equation 3.7. Moreover, the estimated 3D coordinates are averaged after
M MC Dropout inferences. Therefore, when evaluating min; 0 A(¥1,¥j),
their corresponding standard deviations 6p, and Oep; are subtracted so that
closer uncertain centres are highlighted. Implicitly, 6ep, and Gep; extend these
minimum pairwise distances (min; 0 A(¥1,¥;)) the maximum distance from
the unlabelled is computed. Finally, to the subset s° the furthest uncertain
samples are added for annotation. The impact of the epistemic uncertainty
variance is adjusted with a parameter n. This number of steps is repeated
according to a budget.

This adapted combination between the k-Centre Greedy algorithm and the
epistemic variances as CKE. The pseudo-code from Algorithm 1 presents the
steps for selecting a subset Bypip, given a budget B. Furthermore, in Figure 3.2
the data selection stages are conceptually represented for both CoreSet and

CKE. It can be denoted that CKE benefits of the Bayesian model uncertainty

2
ep

proposed solution identifies hand poses furthest from the labelled centres

62, when minimising the global geometric cover ys. In this manner, the
and with the highest epistemic uncertainty deviation. Moreover, the new
objective function with learnt aleatoric uncertainties (see Equation 3.2) drops
the noisy samples making the estimations more robust. On these premises, it
is considered that the AL method for Bayesian DeepPrior is superior to the
standard approach.
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Figure 3.2: Conceptual comparison between the sampling techniques: Corset (Sener

and Savarese, 2018) vs CKE. The blue dots represent the annotated
samples in the hand skeleton space, while the red ones are to be selected.
Each sample’s uniform distribution defines the circle radii in the CKE

process stages.

Algorithm 1 CKE

1: Input: labelled set x; € s®, unlabeled pool x; € Upo01, query budget B,

corresponding epistemic variances Gep; and Gep;
Initialise s C Upoo1
repeat
Adypi = minjcqo A(Yi + 38epy, §j + 3 Oep;)
arg,; = arg minjeso A(f’i - ga'epir f’j - %6€Pj)
b = arg max; ., Adupi(argm;)
Subtb = 8° U {b}
until sy, =B+ s°
Return: Bypipb = Sublb \SO

e PN U A wN
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3.4 EXPERIMENTS
3.4.1 3D Hand Pose Estimation Datasets

To perform the Bayesian DeepPrior architectural choice together with CKE, a
reiteration of the depth-based datasets is presented. Although the annotation
process can be challenging to deploy automatically under noisy environments,
there has been a detailed cumulative expansion of the hand data acquisition
process. Therefore, the experiment section approaches three well-known
hand datasets: ICVL (Tang et al., 2014), NYU (Tompson et al., 2014) and
BigHand2.2M (Yuan, Ye, Stenger, Jain and Kim, 2017).
ICVL. This is one of the earliest depth-based hand datasets. It consists of a
total number of 17,604 with 16 joint annotations. Thus, it is divided between
16,008 training and 1596 testing images. While there are ten different subjects
used in the acquisition process, ICVL (Tang et al., 2014) still lacks a high
articulation degree under a single frontal viewpoint. However, the annotation
process has been done with 16 hand joints tracking and manual tuning by
keeping a relatively low labelling noise.
NYU. Created from 2 subjects, NYU has 72,757 training images and an 8,252
testing set. This benchmark has been created similarly to ICVL, but only
two subjects were considered. It also presents various hand articulations and
rotations at a 640x480 frame size. The hand skeleton is mapped on 36 joint
locations. In this analysis, training and testing are done only on the frontal
viewpoint, as in ICVL.
BigHand2.2M. It is the largest depth-based hand pose dataset, with 2.2
million of frames from 10 different hand models. The 21 key-point annotations
have been automatically generated through the attached sensors. Compared
to the two other datasets, BigHand2.2M (Yuan, Ye, Stenger, Jain and Kim, 2017)
has a holistic viewpoint perspective with complex hand gestures. However,
it shares the same image resolution as NYU. From a practical perspective,
it is decided to uniformly sub-sample BigHand2.2M every ten frames. This
filtering is applied due to numerous redundant frames from the continuous
acquisition process. Moreover, in Yuan, Ye, Stenger, Jain and Kim (2017), it has
been shown that with a sixteenth of the dataset, the average error increases
only by 3 mm compared to training with the entire set. Therefore, in the
experiments, 251,796 samples will be used for training and 39,099 for testing.
For all the datasets, the number of joints is standardised to 21 3D locations.
A pre-trained UNet (Ronneberger et al., 2015) is deployed to detect hands
and centre-cropped them to the dimension of 128 x128.

59



Bayesian DeepPrior variants ‘ A ‘ B ‘ C
NYU Testing MSE [mm] ‘ 22.48 ‘ 22.94 ‘ 22.65

Table 3.1: Ablation evaluation of Bayesian DeepPrior

3.4.2 Bayesian DeepPrior Architecture

Ablation Studies on Architecture. To approximate a BNN using MC Dro-
pout as described in Section 3.3.1.2, three probabilistic variants are proposed
by dropping out different combinations of layers. These three strategies are as
follows: A - convolutional feature extractor; B - centrally, on the last convolu-
tion and first dense layer; C - throughout the entire DeepPrior and evaluated
the performance on NYU data set. The comparison of the performance on
these configurations is summarised in Table 3.1. Accordingly, when applying
MC Dropout only on the feature extractor (A), it yields the best perform-
ance. This is because in C, Dropout brings too much regularisation, while
B locks low-level features in the first convolutional layers. The observed
trend is similar to one reported in the Bayesian SegNet (Kendall et al., 2015).
Adaptive Moment Estimation (Adam) (Kingma and Lei Ba, 2015) optimiser is
deployed with a learning rate of 1073, a batch size of 128 and a total number
of M = 70 MC Dropouts. These parameters remain constant for all three
setups. Throughout all of the upcoming experiments, the maintained Bayesian
DeepPrior is the variant where Dropout is present after the convolutional
layers.

After identifying the optimal configuration of Dropouts, the number of

variational inferences M has been varied under the same hyper-parameters
setting. It was observed that increasing the value of M does not impact the
performance, however, it adds computational complexity. Lowering the value
of M to 40 does not impact the performance. Hence, this value is kept for the
rest of the experiments.
Bayesian DeepPrior vs Standard DeepPrior. To demonstrate the effectiveness
of the Bayesian DeepPrior approach, a quantitative comparison is conduc-
ted against the standard DeepPrior baseline proposed in Oberweger et al.
(2015). The average MSE is evaluated for both train and test sets of the
three compared benchmarks. The performance comparison is summarised in
Table 3.2.

The Bayesian DeepPrior brings a clear advantage over Standard by yielding
the lower testing error on all three benchmarks. This shows how effectively
it can generalise over all testing sets, while the standard DeepPrior over-fits
the training sets. In addition to the performance improvement, the Bayesian
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Hand Dataset DeepPrior | Bayesian DeepPrior
ICVL train | 7.1633 7.5261
test 10.6233 10.0988
NYU train | 4.7034 7.7566
test 25.0754 22.4838
BigHand2.2M tram | 127731 7-7566
test 22.2353 21.4649

Table 3.2: Bayesian DeepPrior vs DeepPrior - averaged MSE [mm]

Hand Dataset aleatoric var | epistemic var
ICVL train 1.057 0.004
test 1.016 0.0039
NYU train 1.169 0.0142
test 1.512 0.0066
BigHandz.2M train 1.964 0.0132
test 2.1594 0.0174

Table 3.3: Averaged epistemic and aleatoric variances at x10~2 on ICVL, NYU and
BigHand2.2M

DeepPrior also generates uncertainty metrics for the hand poses.

Epistemic and Aleatoric Uncertainties. For every coordinate of the hand
skeleton, the BNN estimates their aleatoric and epistemic deviation. Table 3.3
enlists the average of both uncertainties for all three benchmarks. The values
are in the range of o to 1. This is due to the normalised UVD coordinates of
the hand joints.

As deducted in Kendall et al. Kendall and Gal (2017), higher aleatoric
variances are consistently obtained than the epistemic ones. Hence, the noise
present in the hand data tends to overcome the model’s learning capability.
Apart from BigHand2.2M, the testing set’s epistemic variance seems lower
than that of the training set. Furthermore, it can be noticed an increased
aleatoric variance on BigHand2.2M compared to the other sets. A reason for
it could be the noise during annotation.

3.4.3 Active Learning Evaluation
AL has shown to be an effective tool (Sener and Savarese, 2018,?; Sinha et al.,

2019) in acquiring representative data for a learning model. Given the pro-
posed Bayesian DeepPrior architecture, the CKE query method was presented
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Figure 3.3: Empirical comparison I: Quantitative analysis of the proposed CKE
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method with Bayesian DeepPrior against the other methods applied
on the standard version. Evaluated datasets: ICVL (Top), BigHand2.2M
(Middle) and NYU (Bottom).
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in Section 3.3.2.2. While the pipeline gets an advantage from reducing the
noisy samples through learnt aleatoric variances, CKE gathers both geometric
and epistemic information regarding new unlabelled poses. AL selection
baselines used for both Bayesian and standard DeepPrior architecture are
presented accordingly:

Random sampling: The typical approach of annotating data just by uniformly
sampling the unlabelled pool Uy, o1.

Uncertainty sampling: Although for 3D-HPE regression, there is no confid-
ence measurement like in classification tasks, this method is applied only to
the evaluated epistemic uncertainties. The unlabelled examples are inferred
through the Bayesian DeepPrior, and their epistemic variances result after 40
MC Dropouts. For each predicted skeleton, all the corresponding epistemic
deviations are summed up and the topmost uncertain hand poses are selected
for annotation.

CoreSet: It is one of the current state-of-the-art geometric acquisition function.
Also, it has been widely used due to its task-agnostic properties relying either
on the model’s extracted features or on the output space. In this evaluation,
CoreSet is directly applied to the predicted skeletons of both labelled and
unlabelled sets.

CKE: This is the proposed method that extends the CoreSet functionality
by including the epistemic deviations in the risk minimisation between the
loss of the newly selected samples and the loss of the available labelled set.
The approached baselines have been state-of-the-art in AL at the time of
the proposed method. Other, more recent methods will be presented in the
following chapters.

3.4.3.1  Quantitative Results of Selecting Methods

In this part, the three hand pose datasets are evaluated (ICVL, NYU and
BigHand2.2M), under the pool-based scenario. A quantitative comparison
is performed between the random sampling and CoreSet on the standard
DeepPrior learner followed by CKE, the proposed selection method, on the
Bayesian 3D-HPE. This follows the standard pool-based protocol, where
there is a large pool, Uy 01 of unlabelled data. A small size initial set seed

annotations s°

are made available for the first offline training of the target
model. After this, the same practice is followed as in Beluch Bcai et al. (2018);
Yoo and Kweon (2019) to randomly create a smaller pool s C Uy, 01. Thus,
the selection methods are efficiently deployed on s under the budget B. This
loop is systematically repeated over ten stages. As a quantitative metric, the

performance is measured in averaged MSE. Also, due to the variation in the
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initial selected set s° and new random subsets s, the results are averaged over
five trials and also it computes the standard deviations.

For NYU and BigHand2.2M, the budget (B) is set similarly to the seed
annotations s® at 1000 samples. Whereas, for ICVL, due to its smaller size, it
is set at 100. The intermediate subset s size used for AL selection is set to 10%
of the entire U, o1 which results in 20,000 of BigHand2.2M; 7,276 of NYU;
and 1,601 of ICVL. In the CKE query function, the most informative samples
were yielded when the uncertainty influence parameter was set to = 0.3.

Figure 3.3 compares the performance of the proposed method with the
default baseline (random sampling) and one of the state-of-the-art methods
(CoreSet) in three different challenging data sets. Referring to the same figure,
it can clearly be seen that the proposed method consistently outperforms the
existing state-of-the-art. Specifically, after ten AL passes, the lowest averaged
MSE is achieved on every benchmark accordingly: 12.17 mm for ICVL, 23.48
mm for NYU and 25.21 mm for BigHand2.2M. This demonstrates how effect-
ive the Bayesian AL is in obtaining maximum accuracy with fractions of the
entire datasets.

Similarly, Figure 3.4 illustrates the performance of the existing selection
methods and the proposed sampling technique CKE when applied with
the Bayesian DeepPrior. Comparing the performance of CoreSet when the
learner is DeepPrior (Figure 3.3) vs when the learner is Bayesian DeepPrior
(Figure 3.4), it can be noticed the improvement of the averaged MSE on
every dataset. This trend is followed even in the random sampling technique.
Hence, this demonstrates that modelling aleatoric and epistemic uncertainties
while training learners in the AL framework is effective.

3.4.3.2  Qualitative comparison

The sampling methods are also evaluated qualitatively. The baselines (random
and CoreSet) are compared against the proposed CKE function. To this end,
the predicted 3D hand skeletons are extracted on the NYU test set and track
their structural representation in the first two initial stages as well as in the
last two AL stages. For comparison, three different poses are evaluated in the
top, middle and bottom rows of Figure 3.5. In the left part, it can be observed
that CKE, under the Bayesian DeepPrior learner, generates 3D hand poses
quite closer to the ground truth from the early stages. In contrast, the other
two methods failed to do so. These characteristics are equally visible even in
highly articulated poses, as shown in the last row.

From a qualitative perspective, the relevance of the epistemic and aleatoric
uncertainty values are also evaluated in the context of 3D joint error locations.
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The last two columns of Figure 3.5 depict these uncertainties. The extended
variance present at the fingertips (proportional to the radius of the circle)
can be interpreted as high acquisition noise. Moreover, the occluded poses
(middle and last row) have bigger circles showing that the model is less
confident in such cases. This happens when there are not sufficient training
examples in such extreme poses and occlusions. A more powerful estimator
trained on annotated examples with such extreme poses and occlusion needs

to be deployed to overcome this.

3.5 CONCLUSIONS AND LIMITATIONS TO ADDRESS

In this chapter, the first work of AL applied to the 3D-HPE task was presented.
This method combines the most successful approaches at the time, uncertainty
with MC Dropout and CoreSet, in an effective and state-of-the-art manner.
Therefore, the pose estimator DeepPrior is approximated as a BNN while
deriving its model and data-dependent uncertainties. It has been shown
through qualitative and quantitative evaluation how the two uncertainties
play a critical role in the AL scheme.

Furthermore, by combining the geometric sampling from CoreSet, the
proposed sampling technique, CKE, is suitable for the Bayesian DeepPrior
infrastructure. Under the pool-based scenario, the lowest 3D joint errors are
achieved with the least amount of data for three well-known datasets. This
chapter demonstrates the lack of representativeness and redundancy that
can be present when gathering a 3D hand dataset. Therefore, a Bayesian
approximation with the CKE acquisition method may help build a holistic
and model-refined dataset while saving considerable annotation time.

While conducting the experiments with the three datasets, certain lim-
itations of the methodology were encountered. One of them refers to the
Bayesian approach and the way of extracting uncertainties. As mentioned
above, the uncertainties are obtained after multiple MC Dropout inferences
and averaging of a single input. This process adds an intense computational
effort, which scales up with more complex architectures.

Another drawback consists of the intrusive architectural requirement of the
Bayesian approximation. This requirement assumes that Dropout layers can
be integrated easily in diverse DL models. However, it may not be necessary
the case, and CKE limits its functionality. Other limitations concerning the
performance of CKE are due to the 'cold-start” effect of the initial training set.
CKE as CoreSet fully relies on describing the 12 space with the quality of the
representations. Poor posteriors or latents of the learner will constrain the
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diversity of selection. Some of those limitations are going to be addressed in
the next chapters.
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SEQUENTIAL GCN FOR ACTIVE LEARNING

4.1 COURSE OF OBJECTIVES WITH JUSTIFICATION

In this Chapter, some of the previous AL limitations are investigated by

asking:

“How can the acquisition function in DAL customise its selection

in a more informative and task-aware manner?”

To shift the entire attention to AL, this Chapter proposes to ease the
systematical sequential experiments of the pool-based scenario for other
applications. The first and most convenient task is image classification. It has
also been the first approached task in terms of DAL (Gal et al., 2017). The
DL models also have fewer parameters, and this makes the experiments run
faster.

By taking this advantage, however, the proposed AL methodology should
be task-agnostic so that its selection can be transferred to the 3D-HPE task.
The modular aspect of the AL method makes it independent of the learner’s
architecture. This approach encourages surpassing the limitations of CKE,
which has been specifically designed on the predicted 3D hand skeletons.

The majority of the previous works (Abel and Louzoun, 2019; Beluch Bcai
et al., 2018; Cai et al., 2017; Cortes and Vapnik, 1995; Gal et al., 2017; Gao
et al.,, 2018; Wu et al., 2019) also integrate both the selection method and
the learner together. Unlike these works, this Chapter proposes a parametric
sampling methodology that is trained separately from the learner. This makes
it task-agnostic, similarly to Sinha et al. (2019); Yoo and Kweon (2019).

GCN (Bronstein et al., 2017; Kipf and Welling, 2017) is a powerful tool to
induce higher-order representations of nodes by performing message-passing
operations between the neighbouring nodes. To answer the above question,
the objective is to exploit the strength of GCN to discard redundant unlabelled
samples for effective labelling. Thus, all the available data are represented in
the form of a graph. Each node encodes an image description, and the edges
give an idea of the similarities. In the beginning, a few examples are randomly
annotated as before. These labelled examples act as seeds to propagate the
labelled data information to the neighbouring nodes and identify unlabelled
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look-a-like examples. Then, the parameters of the graph are learnt to minimise
the binary-cross entropy between labelled and unlabelled examples.

As a first selection criterion, the examples are sorted based on the confid-
ence scores through an uncertainty sampling approach. The labels of the most
uncertain are queried and passed to both learner and sampler for another
AL cycle. This enables the identification of unlabelled data manifolds which
are redundant to the labelled examples. Recently, VAAL (Sinha et al., 2019)
trained a VAE (Pu et al., 2016) in an adversarial manner to map images to a
latent space where labelled vs unlabelled examples better discriminate. How-
ever, this method ignores the neighbouring relations between the examples
and also there is no such mechanism for message passing.

As a second selection criterion, the node information from the GCN is
gathered and distributed as in CoreSet (Sener and Savarese, 2018). An ad-
vantage over CoreSet is that the GCN representations add the propagated
information between all the samples, and they also inherit uncertainty in the
feature space.

The structure of this Chapter follows the previous one where the literature

review is succeeded by the methodology and the list of experiments.

4.2 RELEVANT LITERATURE
4.2.1  Model-based methods

Recently, a new category of methods has been explored in the AL paradigm
where a separate model from the learner is trained for selecting a sub-set of
the most representative data. This method is based on this category. One of the
first approaches (Yoo and Kweon, 2019) attached a loss-learning module so
that the loss can be predicted offline for the unlabelled samples. In Sinha et al.
(2019), another task-agnostic solution deploys a VAE to map the available data
on a latent space. Thus, a discriminator is trained in an adversarial manner
to classify labelled from unlabelled. The advantage of the proposed method
over this approach is the exploitation of the relative relationship between
the examples by sharing information through message-passing operations in
GCN.

4.2.2  GCN in Active Learning

GCN (Kipf and Welling, 2017) has opened new AL methods that have been
successfully applied in Abel and Louzoun (2019); Cai et al. (2017); Gao et al.
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(2018); Wu et al. (2019). In comparison to these methods, this AL method
has distinguished learner and sampler. It makes the approach task-agnostic
and also gets benefits from the model-based methods mentioned just before.
Moreover, none of these methods is trained sequentially. Wu et al. (2019)
proposes K-Medoids clustering for the feature propagation between the la-
belled and unlabelled nodes. A regional uncertainty algorithm is presented
in Abel and Louzoun (2019) by extending the PageRank Page et al. (1999)
algorithm to the AL problem. Similarly, Cai et al. (2017) combines node uncer-
tainty with graph centrality for selecting the new samples. A more complex
algorithm is introduced in Gao et al. (2018) where a reinforcement scheme
with multi-armed bandits decides between the three query measurements
from Cai et al. (2017). However, these works (Cai et al., 2017; Wu et al., 2019)
derive their selection mechanism on the assumption of a GCN learner. This
does not make them directly comparable with this proposal where a GCN is
trained separately for a different objective function than the learner.

4.2.3  Uncertainty-based Active Learning methods

As mentioned in Section 3.2, earlier techniques for sampling unlabelled data
have been explored through uncertainty exploration of the CNNs (Gal et al.,
2017; Houlsby et al., 2011; Kirsch et al., 2019; Pinsler et al., 2019). With the
rise of GPU computation power, Beluch Bcai et al. (2018) ensemble-based
method outperformed these variants. Despite this, querying in this manner

is not advisable for some applications.

4.2.4 Geometric-based Active Learning methods

Although there have been studies exploring the data space through the repres-
entations of the learning model (Har-Peled and Kushal (2005); Kontorovich
et al. (2016); Tsang et al. (2005)), the first work applying it for CNNs as
an AL problem, CoreSet, has been presented in Sener and Savarese (2018).
The key principle depends on minimising the difference between the loss
of a labelled set and a small unlabelled subset through a geometric-defined
bound. Furthermore, this baseline is represented again in the experiments as

it successfully over-passed the uncertainty-based ones.
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Figure 4.1: The diagram outlines the proposed pipeline. Phase I: Train the learner to
minimise the objective of downstream task from the available annotations,
Phase II: Construct a graph with the representations of images extracted
from the learner as vertices and their similarities as edges, Phase III:
Apply GCN layers to minimise binary cross-entropy between labelled and
unlabelled, Phase IV: Apply uncertainty sampling to select unlabelled
examples to query their labels, Phase V: Annotate the selection, populate
the number of labelled examples and repeat the cycle.

Phase 11

4.3 METHOD

In this section, GCN-based sampler is described in detail. First, the learners
are discussed in brief for the image classification and regression tasks under
the pool-based active learning scenario. Two novel sampling methods are
proposed in the second part: UncertainGCN and CoreGCN. UncertainGCN
is based on the standard AL method uncertainty sampling Settles (2009)
which tracks the confidence scores of the designed graph nodes. Furthermore,
CoreGCN adapts the highly successful CoreSet Sener and Savarese (2018) on
the induced graph embeddings by the sequentially trained GCIN network.

4.3.1 Learner

In Figure 4.1, Phase I depicts the learner. Its goal is to minimise the objective
of the downstream task. Both the classification and regression tasks are con-
sidered this time. Thus, the objective of this learner varies with the nature of
the task.

Classification: A DL model M maps a set of inputs x € X to a discriminatory
space of outputs y € Y with parameters 0. One of the renowned architectures,
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ResNet-18 (He et al., 2016) is taken as the CNN model due to its relatively
higher performance in comparison to other networks with comparable para-
meter complexity. Another model, VGG-11(Simonyan and Zisserman, 2015)
has also been deployed in Appendix B. A loss function £(x,y; 0) is minim-
ised during the training process. The objective function of the classifier is
cross-entropy, defined as below:

Ny
1
LSc(x,y;0) = N E yilog(f(xi,yi;0)), (4.1)
i=1

where Ny is the number of labelled training examples and f(x;,yi; 0) is the
posterior probability of the model M.

Regression: To tackle the 3D-HPE, the same DeepPrior Oberweger et al.
(2015) architecture from Chapter 3 is selected as model M. Similarly, the 3D
hand joint coordinates are regressed from the hand depth images. Thus, the
objective function of the model changes as in Equation 4.2. In the Equation, ]
is the number of joints to construct the hand pose.

N, J
1 1
Lhi(x,y;0) = N E (T E lyi; _f(xi,j/Yi,j}e)Hz)/ (4-2)
i—1 5=

In order to adapt the method to any other type of task, the learner just needs
to be modified. The remaining pipeline remains the same, detailed in the
following sections.

4.3.2  Sampler

Moving to the second Phase from Figure 4.1, a pool-based scenario is adapted
for AL. This follows the same principles presented in the previous Chapter,
Section 3.3 and from the recent methods Beluch Bcai et al. (2018); Sener and
Savarese (2018); Sinha et al. (2019); Yoo and Kweon (2019).

To review the scenario, from a pool of unlabeled dataset Dy, an initial
batch is uniformly sampled for labelling Dy C Dy. Without loss of generality,
in AL research, the major goal is to optimise a sampler’s method for data
acquisition, A in order to achieve minimum loss with the least number of
batches Dy,. This scope can be simply defined for n number of AL stages as
follows:

minmin A(Ln(x,y;0)[Do C--- C Dy CDy). (4-3)

n Loy
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Figure 4.2: This Figure simulates the sampling behaviour of the UncertainGCN
sampler at its first three selection stages. A toy experiment is run just
by taking 100 examples from the ICVL (Tang et al., 2014) hand pose
dataset. Each node is initialised by the features extracted from the learner,
and the edges capture their relation. Each concentric circle represents
a cluster of strongly connected nodes. Here, a group of images having
similar viewpoints are in a concentric circle. Considering two annotated
examples as seed examples in the centre-most circle, in the first selection
stage, the algorithm selects samples from another concentric circle which
is out-of-distribution than selecting the remaining examples from the
innermost circle. Similarly, in the second stage, the sampler chooses
images residing in another outer concentric circle which are sufficiently
different from those selected before.

The aim is to minimise the number of stages so that fewer samples (x,y)
would require annotation. For the sampling method A, the heuristic relation
between the discriminative understanding of the model and the unlabelled
data space are brought together. This is quantified by a performance evalu-
ation metric and traced at every querying stage.

4.3.2.1  Sequential GCN selection process

During sampling, as shown in Figure 4.1 from Phase II to IV, one of the con-
tributions relies on sequentially training a GCN initialised with the features
extracted from the learner for both labelled and unlabelled images at every
AL stage. As stated before, similar to VAAL (Sinha et al., 2019), this meth-
odology considers a model-based approach where a separate architecture is
required for sampling. The motivation for introducing the graph is primarily
in propagating the inherited uncertainty on the learner feature space between
the samples (nodes). Thus, message-passing between the nodes after applying
convolution on the graph induces higher-order representations of the nodes.
Finally, the GCN will act as a binary classifier deciding which images are
annotated.

Graph Convolutional Network. The key components of a graph, § are
the nodes, also called vertices V and the edges £. The edges capture the

relationship between the nodes and are encoded in an adjacency matrix
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A. The nodes v € R(™*N) of the graph encode image-specific information
and are initialised with the features extracted from the learner. Here, N
represents the total number of both labelled and unlabelled examples, while
m represents the dimension of features for each node. After applying 1,
normalisation to the features, the initial elements of A result as vector product
between every sample of v i.e. (S = v?v)-,{i,j} € N). This indexes the
similarities between nodes while falling under the same metric space as the
learner’s objective. Furthermore, from S, the identity matrix I is subtracted
and then it is normalised by multiplying with its degree D. Finally, the self-
connections are added back so that the closest correlation is with the node
itself. This can simply be summarised:

A=D"(S—D)+L (4-4)

To avoid over-smoothing of the features in GCN (Kipf and Welling, 2017),
a two-layer architecture is adopted. The first GCN layer can be described as
a function fé(A, V;01) : RNXN ) RmXN _y RhXN where h is the number
of hidden units and ©; are its parameters. A rectified linear unit activation
Nair and Hinton (2010) is applied after the first layer to maximise feature
contribution. However, to map the nodes as labelled or unlabelled, the final
layer is activated through a sigmoid function. Thus, the output of fg is a
vector length of N with values between o and 1 (where o is considered
unlabelled and 1 is for labelled). The entire network function can further be
written as:
fg = 0(@2(ReLU(O A)A). (4.5)

In order to satisfy this objective, the loss function will be defined as:

Ny
1
Lg(V,A;07,0,) = N ;log(fQ(V/A}@h@Z)i)_
N (4.6)
A
“NoN 2 los(1—f5(V,A;01,02)1),
i=N+1

where A acts as a weighting factor between the labelled and unlabelled cross-
entropy.

UncertainGCN: Uncertainty sampling on GCN. Once the training of the
GCN is complete, the selection step can start. From the remaining unlabelled
samples Dy, their confidence scores fg(vi; Dy) can be drawn as outputs
of the GCN. Similarly to uncertainty sampling, UncertainGCN selects the
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unlabelled images with confidence depending on a variable sy qrgin. While
querying a fixed number of b points for a new subset Dy, the following

equation is applied:

Di = Dy Uarg max|smargin — fg(vi; Du)l- (4-.7)

i=1-b
This stage is repeated as long as Equation 4.3 is satisfied. In Section 4.4,
an analysis for the choice of sy qargin is provided, knowing the confident
unlabelled scores should be closer to o. Algorithm 2 summarises the GCN

sequential training with the UncertainGCN sampling method.

Algorithm 2 UncertainGCN active learning algorithm

: Given: Initial labelled set Dy, unlabelled set Dy, and query budget b

1
2: Initialise (xr,yr), (xu) - labelled and unlabelled images
3: repeat
& 0 < f(xr,yr) > Train learner with labelled
5: V= [vr,vy] + f(xg Uxy;0) > Extract features for labelled and
unlabelled
6: Compute adjacency matrix A according to Equation 4.4
7: O+ fg(V,A) > Train the GCN
8: fori=1—=bdo
9 D; = D; Uargmax;|smargin — fg(v; Du)| > Add nodes
depending on the label confidence
10: end for
11 Label yy given new Dy

12: until Equation 4.3 is satisfied

CoreGCN: CoreSet sampling on GCN. To integrate geometric informa-
tion between the labelled and unlabelled graph representations, a CoreSet
technique (Sener and Savarese, 2018) is approached during the sampling
stage. This has shown better performance in comparison to uncertainty-based
methods (Wu et al., 2019). Sener and Savarese (2018) shows how bounding
the difference between the loss of the unlabelled samples and the one of the
labelled is similar to the k-Centre minimisation problem stated in Wolf (2011).

In this approach, the sampling is based on the 12 distances between the
features extracted from the trained classifier. Instead of that, CoreGCN makes
use of the GCN architecture by applying the CoreSet method to the features
represented after the first layer of the graph. The sampling method is adapted
to this mechanism for each b data point under the Equation:

D = D1 Uarg max min 6(f]9 (A,vi;0q), fé (A,v;;01)), (4-8)
ieDy J€PL
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where 8 is the Euclidean distance between the graph features of the labelled
node v; and the ones from the unlabelled node v;.

Finally, given the model-based mechanism, the proposed sampler is task-
agnostic as long as the learner produces a form of feature representation. In
the following section, we will experimentally demonstrate the performance

of our methods quantitatively and qualitatively.

4.4 EXPERIMENTS
4.4.1  Implementation details

Hyper-parameters setting.For most of the experiments, ResNet-18 He et al.
(2016) is set as learner due to its high accuracy and better training stability in
comparison to the other contemporary architectures.

Moving to the training parameters, the batch size is set at 128. The models
are optimised with SGD that has a weight decay 5 x 10~* and momentum
0.9. At every selection stage, the model is trained for 200 epochs, starting
with a learning rate of 0.1 and decreasing it to 0.01 after 160 epochs. These
hyper-parameters are kept the same throughout all experiments. Similarly,
the acquisition function (sampler) is approximated by the GCN trained
sequentially. The chosen 2-layers GCIN has a Dropout rate of 0.3 to avoid over
smoothing (Zhao and Akoglu, 2020). The objective function is binary cross-
entropy per node. The value of A = 1.2 gives more importance to unlabelled
points. For optimisation, Adam (Kingma and Lei Ba, 2015) is picked with
a weight decay of 5 x 107% and a learning rate of 1073. The nodes of the
graphs are initialised with the features of the images extracted from the
learner network with the latest model parameters. And these features are
projected to the dimension of 512. Such initialisation connects the learner
with the acquisition function (sampler). Ablation studies were run to select
these hyper-parameters which are presented shortly.

In the uncertainty-based sampling method, according to Equation 4.7, the
Smargin variable has to be configured. From the ablation studies, it was
observed that UncertainGCN selects the most informative samples when
Smargin €quals 0.1. This is intuitively correct as unlabelled samples with
scores further from o.1 will be selected.

Compared methods. The performance of the selection mechanism is evalu-
ated against four comparable and state-of-the-art techniques:

Random: The most common practice is to uniformly sample b points for each
subset of the entire unlabelled data set.
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CoreSet(Sener and Savarese, 2018): The purpose of this method is to find b
unlabelled samples that will act as new centres while the now reduced radius
will cover the entire feature space from the learner.

VAALSinha et al. (2019): This work is considered one of the closest to the
presented method. VAAL trains a VAE with both labelled and unlabelled

samples to learn a discriminative subspace in an adversarial manner.

Learning Loss(Yoo and Kweon, 2019): It proposes to minimise an additional
loss by learning the loss of the learner. The top samples with the highest loss
will be sent for labelling

FeatProp(Wu et al., 2019): This GCN-based algorithm is chosen for compar-
ison because it achieves the best performance on citation datasets against the
recent AL frameworks for graphs (Abel and Louzoun, 2019; Cai et al., 2017;
Gao et al., 2018). FeatProp first computes a distance matrix from the input
features and then applies k-Means clustering. Consequently, it selects the un-
labelled samples closer to the centroids. As this method expects pre-defined
input features, in this scenario, FeatProp is still deployed as a sampling
technique because it requires pre-defined input features. Furthermore, new
features are generated with the ResNet-18 model at every selection stage.
Datasets and experimental settings. The proposed GCN method is tested
on four challenging image classification benchmarks: CIFAR-10 (Krizhevsky,
2012), CIFAR-100 (Krizhevsky, 2012), FashionMNIST (Xiao et al., 2017) and
SVHN (Goodfellow et al., 2013b). Each dataset has different properties and
presents new challenges for the AL framework. CIFAR-10 consists of 50,000
images for training and 10,000 for testing. There are 5,000 samples for each
of the 10 object categories. CIFAR-100 is constructed in a similar fashion
with the exact size of the training and testing set. The difference is in the
data distribution’s granularity as 100 classes are categorised (500 images
corresponding to each class). The SVHN dataset represents 10-digit classes in
73,257 train images and 26,032 test images.

Finally, FashionMNIST contains training and testing sets of 60,000 and
10,000, respectively, with annotations of 10 greyscale clothing designs.

For every dataset, all training images are assumed as unlabelled (Dy) in
the beginning. The initial labelled set Dy will be formed of 1,000 random
sampled images for the CIFAR-10, SVHN and FashionMNIST experiments.
Because of the fine-grained structure of CIFAR-100, during the first AL stage,
2,000 will be selected for labelling. These experiments are conducted along
10 stages, while at every stage the same number of queries will be produced
by the proposed acquisition functions (1,000 b points for the 10-class datasets
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and 2,000 for CIFAR-100). Similarly to the works in Beluch Bcai et al. (2018);
Yoo and Kweon (2019), before selection, a randomly selected subset Ds C Dy
is created from the unlabelled images to avoid the redundancy occurrence
common to those datasets. The Ds size will be 10,000 for all the AL stages in
every experiment.

Evaluation Metrics. The mean average accuracy is computed for the 5 trials
on test sets for every classification dataset.

4.4.2  Quantitative comparisons

Firstly, ResNet-18 is trained and tested using the entire training set for all the
classification benchmarks. For CIFAR-10 and CIFAR-100, a classification rate
of 93.09% and 73.02% is obtained, respectively. On the other two data sets,
the learner yielded 93.74% on FashionMNIST and 95.35% on SVHN.

Figure 4.3 (top) shows the performance of UncertainGCN and CoreGCN
against the other four existing arts on the CIFAR-10 dataset under the spe-
cified experiment settings. The solid line of the representation is the mean
averaged accuracy, while the faded colour shows the standard deviation after
the 5 trials. The GCN-based mechanism with the two sampling techniques
surpasses random sampling and VAAL at every selection stage by at least
4%. After 10,000 labelled examples, the CoreGCN achieves state-of-the-art
with 90.7%, the highest reported value in the literature at the time, (Sinha
et al., 2019; Yoo and Kweon, 2019) under this configuration. The perform-
ance obtained with a fifth of Dy brings an important factor to the research
community in whether labelling 40,000 more images is needed for a 2.4%
gain. UncertainGCN comes close to CoreSet achievements over the testing
set, but it is limiting in the latter stages due to the selection from confused
feature-space areas. This aspect is demonstrated in the qualitative analysis.

Following the quantitative study on CIFAR-100 Figure 4.3 (bottom), it
indicates that the proposed selections can scale to a more diverse dataset
maintaining their state-of-the-art results. With 40% of labelled data, 69%
accuracy is achieved by applying CoreGCN (4% less than from the entire
dataset). Once again, the GCN capacity of passing information within the
feature domain helps the active learning sampling furthermore. Compared to
CIFAR-10, VAAL shows a better trend against random sampling, but it still
falls under the presented performances. The reason is that the VAE might
require a larger batch of queries (1,000 more) to differentiate. On the other
side, although Learning Loss outperforms VAAL on the other datasets, for
CIFAR-100, the mean averaged performance is similar.
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Figure 4.3: Quantitative comparison on CIFAR-10(Top) and CIFAR-100(Bottom)
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Figure 4.4: Quantitative comparison on FashionMNIST(Top) and SVHN(Bottom)
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Continuing with the image classification analysis on FashionMNIST and
SVHN, the performance progressions are illustrated in Figure 4.4. The chal-
lenge in those datasets consists in the high accuracy already obtained from
the initial random set Dy. This happens due to the ResNet-18"s discrimin-
atory capability and because of the saturation within the data space. In the
FashionMNIST experiment, apart from VAAL, Learning Loss and FeatProp,
all of the proposed methods follow similar curves over-passing random at
every query stage. This shows that there are no apparent differences between
the UncertainGCN and CoreGCN performances for greyscale data, especially
with low-complexity features. The same behaviour is noticed for the SVHN
dataset. The mean averaged accuracy plateaus after 6,000 labelled points
around 92.5% for CoreGCN, while CoreSet and UncertainGCN follow up
in the next stages. In this set of experiments, the GCN-based selection ap-
proach exceeds in terms of mean averaged accuracy the existing model-based
methods like VAAL and Learning Loss.

From all datasets, it is clear that the FeatProp method, designed for GCN
learners, is not suitable in image classification tasks. The accuracy shows
promising results for the first selection stages, but then it gains minimal
improvement on CIFAR-10, CIFAR-100 and FashionMNIST, falling behind
random sampling. A similar plateauing effect can be noticed in Wu et al.
(2019) on the PubMed dataset. Overall comparisons demonstrate the clear
superior performance of the proposed method compared to the contemporary
arts in DAL.

4.4.3 Qualitative comparisons

Ideally, the selection method aims to uniformly sample from all the classes at
the initial annotation stages. Once the learner becomes more confident, the ac-
quisition function should explore more samples from uncertain areas. Because
in this AL framework, the exploitation factor is fixed to either 1,000 or 2,000,
the exploration aspect is observed through t-distributed stochastic neighbor
embedding (t-SNE) van der Maaten and Hinton (2008) representations.

The embeddings are computed from the ResNet-18 CIFAR-10 features of
both labelled and unlabelled samples for the first and fourth query stage.
In Figure 4.5, the t-SNE algorithms clusters the images of the 10 categor-
ies for both CoreSet and UncertainGCN. From an exploration perspective,
UncertainGCN targets out-of-distribution samples and areas where features
are hardly distinguished. The selected nodes have label confidence values
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CIFAR-10 feature distribution - CoreSet [first stage] CIFAR-10 feature distribution - UncertainGCN [first stage]
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CIFAR-10 feature distribution - CoreSet [fourth stage] CIFAR-10 feature distribution - UncertainGCN [fourth stage]
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Figure 4.5: Exploration comparison on CIFAR-10 between CoreSet and Uncer-
tainGCN at the first (Top) and fourth (Bottom) AL selection stage
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CIFAR-10 feature distribution - CoreSet [first stage] CIFAR-10 feature distribution - CoreGCN [first stage]
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CIFAR-10 feature distribution - CoreSet [fourth stage] CIFAR-10 feature distribution - CoreGCN [fourth stage]
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Figure 4.6: Exploration comparison on CIFAR-10 between CoreSet and CoreGCN at
the first (Top) and fourth (Bottom) AL selection stage
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higher than sy argin = 0.1. The reason is to select the least confident un-
labelled samples that are found closer to 1. Furthermore, the uncertainty
is inherited by the GCN binary classifier through its inability to correlate
the multi-class nodes to the annotation information. As mentioned in the
quantitative part, Figure 4.5 (bottom-right) shows the concentrated uncertain
areas of this method. Since at first stages, the features are concentric, the
GCN will sparsely spread the messages between the nodes.

In Figure 4.6, the qualitative investigation is continued for the CoreGCN
acquisition method. It can be observed that starting at the first selection stage,
CoreGCN avoids over-populated areas while tracking out-of-distribution
unlabelled data. Compared to UncertainGCN, the geometric information
from CoreGCN maintains a sparsity throughout all the acquisition stages.
Consequently, it preserves the message passing through uncertain areas while
CoreSet keeps sampling closer to cluster centres. This brings a stronger bal-
ance in comparison to CoreSet between in and out of distribution selection

with the availability of more samples.

Comparison with CoreSet (Sener and Savarese, 2018). Concluding from the
qualitative analysis, it can be stated that the features distributed through
GCN training tend to get propagated in uncertain areas when new samples
are selected with CoreGCN. However, this mechanism is not present in the
CoreSet method while making it more variant to the feature representations.
Therefore, the accuracy of CoreSet might decrease when changing the learner
whilst CoreGCN will maintain its robustness with the GCN re-training (i.e.
Figure 4.8).

4.4.4 Ablation studies

In this part, it is investigated the impact of the GCN hyper-parameters and
its uncertainty-based selection variables on the performance. Furthermore,
given the current AL framework, the effect of using different features can be
studied by changing the learner’s architecture from ResNet-18 to VGG-11
(Simonyan and Zisserman, 2015).

While varying the architectural parameters of the GCN binary classifier, a
poorer selection was encountered with the increase of the Dropout rate from
0.3 to 0.5 or 0.8. However, when changing the size of the hidden units to 256
and 512, the UncertainGCN sampling was not affected on CIFAR-10. This
might require further optimisation for different datasets, although robustness

is being shown.

85



86

80

75

70

65

60

55

Accuracy (mean of 5 trials)

50

80

75

70

65

60

Accuracy (mean of 5 trials)

Testing accuracy on CIFAR-10 UncertainGCN margin Smargin

—*— Smargin = 0.05

- Smargin = 0.1
*— Smargin = 0.2
-

Smargin = 0.3
Smargin = 0.4

1000 2000 3000 4000 5000
Number of labelled images

Testing accuracy on CIFAR-10 GCN loss weighting factor A

A=14

1000 2000 3000 4000 5000
Number of labelled images

Figure 4.7: UncertainGCN tuning parameters




ResNet-18
VGG-11

Figure 4.8: Learner comparison [Resnet-18 vs VGG-11] - 4,000 CIFAR-10 labelled
images [mean averaged accuracy on 5 trials]

The main principle in UncertainGCN is focused on uncertainty sampling.
In section 4.3.2.1, the parameter sy, qrgin Was defined to tune according to
the GCN binary classification. Given the expected scores of o for confident
unlabelled samples, the uncertain ones that yield scores closer to 1 are
targeted. Figure 4.7 (top) confirms that by showing the best accuracy when
Smargin 18 0.1. Another key parameter in both UncertainGCN and CoreGCN
query functions is A, the loss bias between the labelled and unlabelled data
points. In Figure 4.7 (right), the mean averaged accuracy on CIFAR-10 slightly
improves in the first stages when the bias is shifted to the unlabelled loss by
20%.

In Figure 4.8, the architecture of the learner for CIFAR-10 experiment is
changed to VGG-11 for analysing how the acquisition functions are affected
in terms of accuracy up to the fourth sampling stage. In training the VGG-11
network, the same training hyper-parameters were kept as in ResNet-18. The
proposed methods present robustness to this change, however, settings were
left the same. Hence, these methods surpass all state-of-the-art at this early
stage. This also demonstrates how the batch size and the feature represent-
ation play an important role in the performances of the other baselines. A

representation of all selection stages is present in the Appendix B.

4.4.5 Sub-sampling of Synthetic Data

Unlike previous experiments of sub-sampling real images, the GCN-based
method is applied to select synthetic examples obtained from StarGAN (Choi
et al., 2018) trained on RaFD (Langner et al., 2010) face expressions manipula-
tions. Although Generative Adversarial Networks (GANs) (Goodfellow et al.,
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Figure 4.9: Performance comparison on sub-sampling synthetic data to augment real
data for expression classification

2014) are closing the gap between real and synthetic data (Ravuri and Vinyals,
2019), the synthetic data and their associated labels are not yet suitable to
train a downstream discriminative model. Recent study (Bhattarai et al., 2020)
recommends sub-sampling the synthetic data before augmenting to the real
data. Figure 4.9 shows the performance comparison of random selection vs
UncertainGCN in 5 trials. From the experiments, the AL method outperforms
the random selection by obtaining higher accuracy with less variance. The
mean accuracy drops when the ratio of synthetic examples increases due to a

large portion of GANs-synthetic examples being noisy (Bhattarai et al., 2020).

4.4.6 3D Hand Pose Estimation

The main task tackled in this thesis is revisited with the GCN sampler.
This demonstrates once again the AL framework’s adaptability to different
computer vision tasks. Therefore, facing the same regression problem, only
random sampling and CoreSet(Sener and Savarese, 2018) are chosen as
baselines. Moreover, the latter has also shown greater performance in image
classification than VAAL(Sinha et al., 2019), Learning Loss(Yoo and Kweon,
2019), and FeatProp(Wu et al., 2019). From an implementation standpoint,
the fast-learning DeepPrior architecture defined in Oberweger et al. (2015) is
also approached here. For all the experiments, the 3D-HPE is trained with
the Adam (Kingma and Lei Ba, 2015) optimiser and a 1073 learning rate
over 128 batches. As in the previous Chapter, the images are pre-processed
by centring and cropping with a hand detection algorithm based on U-Net
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(Ronneberger et al., 2015). Furthermore, the baselines are evaluated on the
same benchmarks: ICVL (Tang et al., 2014), NYU (Tompson et al., 2014), and
BigHand2.2M(Yuan, Ye, Stenger, Jain and Kim, 2017). At every AL selection
stage, the averaged testing set performance is measured through MSE in mm.
All the other AL settings are kept as in Section 3.4.3.1.

After the ten selection stages, CoreGCN yields the lowest joint errors for
all datasets, while UncertainGCN follows or outperforms CoreSet. Therefore,
CoreGCN obtains a 12.3 mm error for ICVL, 27.2 mm for NYU and 28 mm
for BigHand2.2M. Under the aforementioned settings, the main differences
between the new methods and the other baselines can be observed on ICVL
where UncertainGCN drops the error below 14 mm at only 300 annotated
samples. Summing up, it is shown that the proposed AL framework can also
effectively save the annotation time in the 3D-HPE.

4.5 LIMITATIONS AND CONCLUSIONS

In terms of computational efficiency, it can be acknowledged that the para-
meters of the GCN grow in the quadratic order to the number of nodes.
This presents certain limitations which may be tackled either through prior
sub-sampling of the unlabelled pool (as in this Chapter) or through inductive
learning for sub-graphs (GraphSAGE (Hamilton et al., 2017), GraphSAINT
(Zeng et al., 2020)).

As the GCN sampler is a parametric method, the number of the parameters
was evaluated in comparison to VAAL and Learning Loss at the first query
stage (as they fall within the same AL category). For selecting samples with
VAAL, a VAE and a discriminator need to be trained in an adversarial manner.
Thus, the total number of parameters for VAAL architecture is 23,115,204.
Although it claims efficient sampling speed, the GCN sampling technique
requires only 82,307. On the other hand, the Learning Loss module with
123,905 parameters has to be trained together with the learner affecting the
overall training time. Moreover, specific DL architectures have to be deployed
for this method where its complexity varies with the dimensions of the
multi-features. Conclusively, the GCN-based sampler can be faster in certain
scenarios when compared to the other model-based algorithms. All these AL
frameworks scale up in terms of complexity with more labelled images.

Exclusively to the 3D-HPE and some image classification (SVHN and Fash-
ionMNIST) experiments, for all the AL baselines, the averaged performances
do not have smooth curves with every new labelled set. This effect happens
due to the distribution shift that the AL selection might cause. It is also highly
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correlated with the “cold-start” problem, which further shifts the objective
after each exploration.

Despite these shortcomings to be overcome, this Chapter presented a
novel parametric methodology for AL using GCN. Through comprehensive
experiments, both quantitatively and qualitatively, the proposed selection
variants, UncertainGCN and CoreGCN, produced highly competitive res-
ults for several tasks. This highlighted the task-agnostic behaviour where
informativeness was maximised by GCN high-order representations. When
extending to other tasks, it would be beneficial for developers to derive sim-
ilar qualitative analyses 4.4.3 of the representations at different AL cycles.
This would also help in deciding the configuration of the GCN and the type
of the selection function (either uncertainty or geometric-based).
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LEVERAGING UNLABELLED DATA FOR ACTIVE
LEARNING SELECTION

5.1 COURSE OF OBJECTIVES WITH JUSTIFICATION

The third set of questions from the Introduction:

“How can self-supervision help AL in dealing with the “cold-start’
problem and distribution shift ? Can the unlabelled examples be
leveraged to improve the initial visual concepts of the learner?”

is planned to be answered in this chapter.

With the success of recent model-based AL samplers (Agarwal et al., 2020;
Caramalau et al., 2021; Kim et al., 2021; Sinha et al., 2019; Yoo and Kweon,
2019), the increase of representativeness from both labelled and unlabelled
samples has been shown to be a promising direction. Although the GCIN-
based sampler modelled the propagation of the feature representations, these
representations are still bound to the learner’s capability to discriminate at a
specific stage. In an attempt to overcome this pool-based scenario constraint,
SSL is approached in the context of AL.

SSL methods Berthelot et al. (2019); Caron et al. (2021); Grill et al. (2020); He
et al. (2020); Xie et al. (2021) have made tremendous progress in generating
discriminative representations of the images. Some of the methods have even
come close to supervised methods in generalization (Chen, Fan, Girshick and
He, 2020; Grill et al., 2020; Xie et al., 2021). One of the earliest AL works in
this direction Gao et al. (2020) employed consistency loss between the input
image and its geometrically augmented versions along with the objective
of downstream tasks. However, this method limits augmentation methods
in the primitive form. Similarly, Bengar et al. (2021) introduced contrastive
learning in AL, but the self-supervised method and end-task objective are
optimised in multi-stage form. This makes the model sub-optimal, affecting
the features’ representativeness during selection. Simple random labelling
overpasses any AL criteria for this method. Thus, the existing works in this
direction still show explicit limitations.

To address all the above issues, a novel component, MoBYvz2, is introduced
in the AL pipeline of this chapter. This component optimises the loss of
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both the downstream task and a self-supervised loss jointly, as shown in
Figure 5.1. The self-supervised loss is inspired by MoBY (Xie et al., 2021),
which inherits the strength of two popular SSL methods: MoCo (He et al.,
2020) and BYOL (Grill et al., 2020). MoBY is chosen because it addresses
other previous methods’ computational complexities and shortcomings such
as SImCLR (Chen, Kornblith, Norouzi and Hinton, 2020) or BYOL (Grill
et al., 2020). MoBYv2AL, the proposed SSL AL framework, has two branches
(as shown in Figure 5.1), one updates with gradient (query encoder) and
another with momentum (key encoder). The parameters of the momentum
encoder are updated in slow-moving average with query one. Moreover, the
memory bank of keys from the momentum encoder keeps long dependencies
with several mini-batches. Apart from minimising a contrastive loss, another
advantage consists in the asymmetric structure of BYOL that captures dis-
tances from mean representation. MoBYv2 culminates the AL selection with
the concept-aware function, CoreSet. For clarification, MoBYvz2 is the self-
supervision in the semi-supervised pipeline of the learner, and MoBYv2AL
consists of the entire AL framework with CoreSet selection.

5.2 RELEVANT LITERATURE
5.2.1 Self-supervised Learning

For the past years, a new pillar, SSL, has arisen in unsupervised environments
with linked goals to AL. Learning generalised concepts from large-scale data
is critical for further expansion to various vision applications. SSL can be
divided in two approaches: consistency-based (Berthelot et al., 2019; Caron
et al.,, 2021; Sohn et al., 2020; Tarvainen and Valpola, 2017) and contrastive
energy-based (Chen, Kornblith, Norouzi and Hinton, 2020; Chen, Fan, Gir-
shick and He, 2020; Grill et al., 2020; He et al., 2020; Li et al., 2021; Xie et al.,
2021).

Consistency regularisation looks to preserve the class of unlabelled data
even after a series of augmentations. For example, both MixMatch (Berthelot
et al., 2019) and DINO (Caron et al., 2021) sharpen the averaged pseudo-
labelled predictions. Conversely, contrastive learning generally demands pairs
of positive and negative examples while optimising the similarity/contrast
between them. Dual networks are usually deployed to evaluate these losses
either within the batch (as in SimCLR (Chen, Kornblith, Norouzi and Hinton,
2020)) or within a dictionary of keys (for methods like MoCo (He et al., 2020),
MoBY (Xie et al., 2021)). Because contrastive learning is foundational to this
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Figure 5.1: SSL-AL training framework under the proposed MoBYv2 config-
uration. The query feature encoder plays two roles: to map the
features to the task discriminator for classification; to capture con-
trastive visual representation with the asymmetry of the query
and key modules. For unlabelled data, the blue lines show the
back-propagation of contrastive loss and its exponential moving
average (dashed). The green lines also include the cross-entropy
loss during training when the annotation is available.

proposal, these techniques are revised in Section 5.3.

5.2.2 AL with self-supervision

In the beginning, SSL. and AL evolved in parallel for DL. Only recently,
these fields have merged to further progress data sampling. Although SSL
brings better visual constructs, there is still the question of which labelled
information to allocate. By leveraging the unlabelled data behaviour, CSAL
(Gao et al., 2020) firstly integrated MixMatch in the AL training and selection.
The method proposed here follows a similar strategy, but it learns with end-
to-end training contrastive representations. Despite this, CSAL is included in
the SSL-based experiment as it is directly comparable.

Two new works tackle contrastive learning either in acquiring language
samples, CAL (Margatina et al., 2021), or by adapting the sequential SSL
SimSiam (Chen and He, 2021) in Bengar et al. (2021). CAL is task-dependent
on NLP, and in Bengar et al. (2021), the multi-stage AL selection has no
effect against random sampling. To this extent, these works are omitted in

the experimental analysis.
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5.3 METHODOLOGY

The methodology approaches DAL as in the previous chapters. For simplicity,
the primary task for the learner is image classification as in Chapter 4. As
mentioned before, standard AL requires an online environment where the
task learner selects and optimises simultaneously. A large unlabelled pool
of data Dy, is considered again, from which the initial subset is uniformly
selected and labelled S{ << Dy. Let (x",yt) € S? be the available images
and their corresponding classes. The learner is again a DL model comprising
of a feature encoder f and a class discriminator g. The objective loss for
the learner is the categorical cross-entropy defined as Lciassification =
— Y s y" - logg(f(x")).

Following the AL objective, the exploration-exploitation trade-off is decided
in conjunction with the classification performance. Thus, the exploitation
rate is set through a budget b across Dy/ S guided by a selection criteria.
Consequently, the new sampled subset S! is labelled for re-training the
learner. The exploration factor is expressed by the number of stages S---N that
repeats this loop according to the targeted performance. While the exploration
cycles may be limited, in this proposal, the primary focus is on exploitation.

5.3.1 Contrastive Semi-supervised Learning framework

5.3.1.1 Self-supervised Learning method MoBY

This Section briefly re-introduces the key aspects of the contrastive learning
techniques combined in MoBY (Xie et al., 2021). These are constituents to the
MoBYv2 SSL proposal.

The goal of self-supervised learning aligns with the AL problem, where
there is plenty of unlabelled data and a costly annotation procedure. However,
the former tends to learn generalised visual representation in aid of the
objective task. For contrastive learning, the main approach to obtaining these
representations is by analysing the similarity (dissimilarity) within the data
space. From the most successful works (Caron et al., 2021; Chen, Kornblith,
Norouzi and Hinton, 2020; Grill et al., 2020; He et al., 2020; Xie et al., 2021),
the contrastive learning process can be broadly formed of these main parts:
data augmentation with or without dual encoder, feature-vector projections,
similarity approximation by a dedicated loss function.

The self-supervision framework is designed according to MoBY (Xie et al,,
2021). This method combines two innovative prior works MoCo (He et al.,
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2020) and BYOL (Grill et al., 2020) on visual transformers (Dosovitskiy et al.,
2020; Wu et al., 2020).

MoCo (He et al., 2020) pioneers contrastive learning by addressing the
similarity between an image and a specific dictionary of samples. To deploy
the loss, positive examples are required through data augmentation of the
input query together with the other negative keys from the dictionary. The
self-supervision training pipeline consists of two feature encoders and two
Multi-Layer Perceptron (MLP) projectors for mapping the query and the keys.
Consequently, the keys are permuted in a large memory bank, while the
positive examples are inferred through the online encoder. The gradient over
the dictionary of keys needs a slower update. Thus, a gradual momentum
update is implemented.

BYOL (Grill et al., 2020), on the other hand, has a different approach to
contrastive self-supervision. It simplifies MoCo by relying only on positive
examples. In this way, the memory bank can be discarded. The InfoNCE
(Oord et al., 2018) loss is also replaced with a 12 loss, given the new setting.
The contrastive learning strategy of BYOL is indirectly obtained through
batch normalisation. To achieve this, further modifications are proposed.
Thus, the architecture of the dual encoders is asymmetric in regard to MoCo,
and BYOL adds a prediction module to the projector of the online encoder.
Following only positive examples, the inputs to the two networks are strong-
augmented versions of the same image. Finally, BYOL preserves the common
mode from the data and inherits contrastive learning when passing a slow
exponential moving average from the online to the momentum encoder.
MoBYv2 intuitively explores the contrastive learning strategies from both
MoCo and BYOL and aligns the self-supervision with MoBY (Xie et al., 2021).
The combined pipeline is depicted in 5.1.

From a design perspective, the asymmetric dual encoders are adopted
from BYOL, as shown in Figure 5.1. The top branch culminates with a
discriminator g4 to match the outputs from the bottom. Despite this, both
branches consist of the same feature extractor architecture followed by an
MLP projector (f'q,f{< for query and key, respectively). Distinctively from
MoBY, the CNNs are brought as feature encoders. Moreover, for optimisation,
the MLP projectors and the query discriminator are reduced to a single layer
with batch normalisation and ReLU activation.

The asymmetric pipeline helps to mimic the contrastive learning principle
of BYOL. However, to include the concepts from MoCo, the objective is
minimised with an adapted version of InfoNCE loss. In this case, the memory
bank for the queue of keys still needs to be kept. The contrastive loss is
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defined as a sum of InfoNCE from two augmented versions of a query {q, q'}
and of an other key image {k, k'}:

exp(q-k'/1) exp(q - k/1)
L ontrastive — —lo 7 —lo m 7 ’ 1
contrastive = 108 T Covplq-ky/m) 8 TTpexpla’ kw7

where m is the size of the memory bank and 7 is the adjusting temperature
Wu et al. (2018). During training, the online query encoder branch is updated
by gradient while the key encoder takes the slow-moving average with
momentum. With this combined design, the preservation of both MoCo and
BYOL representation concepts is ensured. On the one hand, the asymmetric
structure indirectly finds discrepancies from the average image with moving
average and batch normalisation. On the other hand, the contrastive loss with
the queue of different keys maintains the direct distinctiveness between the
images.

The standard SSL techniques, MoCo, BYOL, and MoBY, demand the su-
pervision stage where the pre-trained models are fine-tuned for the task
objective. Such multi-stage pipelines seem ineffective in AL (Bengar et al.,,
2021). In the next Section, the framework of MoBY is extended to minimise
both the self-supervised objective and downstream task objective jointly.

5.3.1.2 Semi-supervised Joint Objective

A final step to clarify before presenting the joint training procedure is data
augmentation. MoBY derives the augmentation strategy from BYOL, where
the inputs suffer strong transformations. In the MoBYv2 proposal, an alterna-
tion between strong and weak augmentation is chosen, similar to MoCov2
(Chen, Fan, Girshick and He, 2020). This change boosted the performance of
its predecessor (He et al., 2020). This was also observed in experiments that
using only strong augmentations can affect the optimisation of the task-aware
branch. The weak augmentations comprise of horizontal flips and random
crops. In addition, the strong transformations include colour jitter (on bright-
ness, contrast, saturation, hue), Gaussian blur, grayscale conversion and pixel
inversion (solarise). From Equation 5.1, {q, k} can be referred to as the weak
transformations of query and key, and {q’, k'} their corresponding stronger
versions.

With all these elements in place, the learner from the existing AL pipeline
is substituted with the query encoder, and it is trained jointly with the
entire MoBYv2 pipeline. Starting from the first cycle, the available labelled
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samples (x',yl) € S? and the remaining unlabelled x'* € Dy are considered
as queries and keys. A strong augmentation is marked as {ih,i%}, while a
weak is represented with {)‘(5, X]I;}. When training, the labelled and unlabelled
batches are alternated with each inference. Therefore, only the contrastive loss
is back-propagated for the data without annotation according to Equation
5.1. In this context, given the pipeline from Figure 5.1 for this contrastive loss
Ly (q, q’;k, k/), {g,k} and {q/,k/} can be obtained so:

contrastive

!/

(9,9} =gq (£ (Fq ({5, %51)), (5.2)
{k, k') = fy (fi (R, %) (5.3)

Here, fq, f are the query and key feature encoders, followed by their project-

ors f:q, f, and the asymmetric query discriminator g.

L
contrastive’

Similarly, £ the contrastive loss, can be computed for the la-
belled images. In addition, the categorical cross-entropy, Lc1assification, iS
also minimised with the output from the task discriminator. Once computed,
both the contrastive and the classification loss are back-propagated. Therefore,

the combined loss, adjusted by a scaling factor A¢, can be expressed as:

L _ L
Lcombined = Lclassification + )\CLcontrastive‘ (5.4)

While the contrastive loss is computed continuously regarding the classifica-
tion loss, we decide to reduce its influence over the gradients with A = 0.5.
Finally, the exponential moving average and the queue of keys are updated
on the bottom branch for both labelled and unlabelled samples.

Up to this point, the MoBYv2 SSL method has been presented in reference to
the learner of the AL pipeline. The distinguishable parts from its predecessor
MoBY (Xie et al., 2021) are as follows: CNNs encoders; less number of layers
for projectors and query discriminator; smaller key dictionary; different sets
of augmentations inspired from MoCov2. Moreover, the training and setting
of MoBYv2 is proposed with semi-supervision under a joint objective, while
MOoBY is solely trained with contrastive loss.

5.3.2 Unlabelled samples selection
For selection, it is important to emphasise that this proposal minimises the

self-supervised loss inspired by MoBY. With this, the end-task objective
jointly enriches the visual representations of the data compared to the DAL
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strategies presented in the previous chapters. Consequently, AL selection
methods that rely on the learner’s data distribution will perform better.

CoreSet (Sener and Savarese, 2018) has been proven to be effective in
such a scenario, and it is supported in all the previous experiments. To this
extent, for selection, this geometric method is combined with MoBYvz2. Briefly,
CoreSet aims to find a subset of data points where a constant radius bounds
the loss difference with the entire data space. This technique is approximated
with k-Centre Greedy algorithm (Wolf, 2011) in the euclidean space of the
feature encoder outputs f(x).

5.4 EXPERIMENTS
5.4.1 Experiment settings

Baselines. Random has a uniform selection at every stage, and it does not
require extra processing steps. MC Dropout (Gorriz et al., 2017) creates a
Bayesian approximation of the learner, and it samples data in regard to the
modelled uncertainty. DBAL (Gal and Ghahramani, 2016) extends the same
strategy but tracks uncertainty with entropy. From more recent methods
that deploy dedicated modules to sample in the AL strategy, the baselines
approached are Learning Loss (Yoo and Kweon, 2019), VAAL (Sinha et al,,
2019), CoreGCN (Caramalau et al., 2021) and CDAL (Agarwal et al., 2020). The
module in Yoo and Kweon (2019) learns to approximate the cross-entropy loss.
VAAL pre-trains a VAE to discriminate between labelled and unlabelled data.
CoreGCN is the GCN sampler with CoreSet from the previous chapter. The
AL method proposed here, MoBYv2AL, follows CDAL in tackling the visual
representation quality. Distinctively, CDAL captures contextual diversity
information from repetitive spatial classes. The standard CoreSet selection is
also added, which also influenced the of CDAL.

Datasets. For the quantitative evaluation, the same classification bench-
marks from Chapter 4 are tested: CIFAR-10, CIFAR-100 (Krizhevsky, 2012),
SVHN (Goodfellow et al., 201342) and FashionMNIST (Xiao et al., 2017).

Models. In 5.3.1, it was mentioned that different CNNs are used for feature
encoders. To show that MoBYv2AL is robust to architectural changes, VGG-
16 (Simonyan and Zisserman, 2015) opts in the CIFAR-10/100 quantitative
experiments and ResNet-18 (He et al., 2016) for SVHN and FashionMNIST.

Training settings. Training runs for 200 epochs at every selection stage,
and the batch size is kept at 128. The dictionary size for the keys m is set up
as in MoBY at 4096. In experiments, it was noticed that the contrastive and
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cross-entropy loss converge together after 200 epochs. The learning rate starts
at 0.01, and it follows a schedule for the queue encoder and task discriminator
that decreases ten times at 120 and 160 epochs. However, the momentum
scheduler update is kept in the key bottom branch (gradual momentum
increment from 0.99). In the contrastive loss, for both queues, the temperature
parameter is fixed to o.2.

AL settings. Under the exploration-exploitation trade-off, the budget is
characterised as an exploiting factor while the exploration is captured in
the number of selection cycles. The initial random-sampled labelled dataset
varies between the CIFAR-10/100 and SVHN /FashionMNIST experiments.
For CIFAR-10/100, 10% (5000) of the entire training set is considered as
labelled and the rest as unlabelled data. The budget is limited to 5% (2500)
samples for selection and this cycle is repeated 7 times. In the second set of
experiments, the method is tested in a more restrictive environment with a
starting set of 1000 labelled and similar fixed budget. Despite this, the explor-
ation is expanded to 10 cycles reaching 10000 labelled data. As a performance
measurement, in the AL framework, averages of 5 trials testing accuracy are
evaluated. These training and AL settings for CIFAR10/100 have been used
in other AL works like VAAL (Sinha et al., 2019) and CDAL (Agarwal et al.,
2020). Therefore, in the next experiments, these are comparatively included

together with the other state-of-the-art baselines.

5.4.2 Quantitative experiments

CIFAR10/100. To maintain a fair comparison, in Figure 5.2, the performance
charts obtained by CDAL (Agarwal et al., 2020) and VAAL (Sinha et al,,
2019) are reported instead of re-running them. All methods use VGG-16
for the feature encoder. MoBYv2AL has a considerable advantage with the
proposed SSL framework in the CIFAR-10/100 experiments from the first
selection stage. The performance starts with a considerable gap from the
other baselines due to the semi-supervised training scheme presented in
5.3.1.2. This shows the inherited contribution of the unlabelled contrastive
representations in the query encoder.

In both CIFAR-10 and CIFAR-100, 20% testing accuracy is gained over
standard learning (62% and 28% on CIFAR-10/100). This justifies the import-
ance of the joint training framework from MoBYv2.

The SSL pipeline’s more refined visual representations direct helpful in-
formation to the CoreSet selection method. Thus, a gradual increase is present
in Figure 5.2, where after 7 cycles, with 40% labelled data, MoBYv2AL
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achieves 89.6% mean accuracy on CIFAR-10 and 63.1% on CIFAR-100. An-
other observation in the CIFAR-10 experiment is that the AL performance
saturates faster than in CIFAR-100. This effect occurs due to a large initial
labelled pool in relation to the complexity of the task. MoBYv2 exploits more
contrastive information, and it limits the exploratory potential in the next
stages.

SVHN/FashionMNIST. From Figure 5.3, it can be deducted as well, that
MoBYv2AL balances the exploration-exploitation trade-off when the initial
labelled set is relatively low to the number of classes. The dark dashed line
displays the supervised baseline training on the entire labelled set. While
on CIFAR-10/100 and FashionMNIST, MoBYv2AL reaches comparable per-
formance, by the end of the cycles, on SVHN, it surpasses after the sixth one
(95%). Here, the relevance of the strong/weak augmentations is emphasised
by enriching the discrete data distribution. Furthermore, greyscale data (as in
FashionMNIST) can also benefit from the proposed AL framework. In Figure
5.3,the same results are kept of the previous experiments of UncertainGCN
and CoreGCN. Even under these settings, MoBYv2AL outperforms with a
noticeable consistent margin: for SVHN and FashionMNIST a gap of at least
2% - 3%.

Table 5.1: Comparison with the SSL-AL method CSAL on CIFAR-100 with a
WideResNet-28 learner

SSL-AL method vs percentages of labelled ‘ 10% ‘ 15% ‘ 20% ‘ 25% ‘ 30%

CSAL 63.76 | 67.13 | 69.28
MoBYv2 68.24 | 68.49 | 68.57

58.1
67.66

70.08

70.11

Comparison with other SSL-AL. MoBYv2AL leverages unlabelled data
for contrastive learning in the AL framework. In the previous experiments,
this amount of data was equal to the available labelled samples. Therefore,
at every AL cycle, this size increases with the newly selected data. Another
recent SSL-AL baseline CSAL (Gao et al., 2020), however, deployed the con-
sistency measurements from MixMatch (Berthelot et al., 2019) on the entire
unlabelled data. It can be identified that MoBYv2AL over-exploits as CSAL
the captured representation under these conditions. These two methods are
compared on CIFAR-100 in Table 5.1 while the feature encoder is adjusted
to WideResNet-28 (Zagoruyko and Komodakis, 2016). In this experiment,
MoBYv2AL maintains the initial performance gain, but it is affected to some
extent by saturation.

Imbalanced dataset experiment. Apart from SVHN, all the previous ex-

periments have a uniform distribution over the classes. This rarely occurs
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during real-world acquisition scenarios. Therefore, an imbalanced CIFAR-
10 unlabelled set is simulated. Each of the ten classes has originally 5000
training examples. 5 of the classes are reduced to 500 images (resulting in a
pool of 27500). The learner contains a ResNet-18 encoder, and it is trained
with an initial set of 1000 labelled examples. MoBYv2AL is applied together
with the other baselines for 7 cycles. Figure 5.4(top) presents the ability of
MoBYv2AL to outperform the previous methods even in possible real-world
environments. Investigation of long-tail distributions is still part of future
work.

Testing performance on CIFAR-10 imbalanced
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Figure 5.4: CIFAR-10 imbalanced dataset experiment(Top); Mitigating the distribu-
tion shift with MoBYv2(Bottom)
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5.4.3 Distribution shift discussion

In DAL, the cyclical process of re-training the learner with the new labelled
data may result in optimising to different local minima. Therefore, the explor-
ation and exploitation of the AL method will be affected by this distribution
shift at every stage. During experiments, this is commonly shown through
jaggy curves (especially for uncertainty-based methods like MC Dropout
(Gorriz et al., 2017), DBAL (Gal and Ghahramani, 2016) or UncertainGCN. To
address this known issue (Kirsch et al., 2021), MoBYv2AL is analysed on the
entire CIFAR-10 training set when providing 1000 and 2000 samples.

The dark blue bars of each class in Figure 5.4 (bottom) level the corres-
ponding classification accuracy with the first 1000 random samples. Tracking
the performance of the entire set challenges the learner to prefer certain
classes. Another set of images is selected with MoBYv2AL. Consequently, the
resulting accuracy is displayed by the cyan bar.

It can be clearly observed that the minima shifted in a different direction,
where only some classes improved at the expense of the others. To mitigate
this shift, this Section investigates what impact the unlabelled samples have
in the end-to-end semi-supervised training. These samples play a key role
in building up the dictionary of keys. The first insight is that the CoreSet
selection on MoBYv2 data representation targets primarily high contrastive
samples. This effect can be controlled by customising the unlabelled set
deployed in training the learners.

To this extent, the proposed solution is to use the unlabelled data with the
lowest contrastive loss. In 5.4 (bottom), with green bars, the performance of
this mechanism is displayed. From an initial 1000 set accuracy (dark blue),
there is an effective linear increase for all ten classes. This behaviour is
consistent throughout all the previous quantitative experiments as well.

5.4.4 SSL modules variation and Ablation Study

The proposed design of MoBYv2AL is investigated with a set of ablation
experiments and by varying its SSL module. Table 5.2 swaps in the end-to-
end training pipeline the original version of MoBY (Xie et al., 2021) and the
preceding SSL state-of-the-arts, MoCovz (Chen, Fan, Girshick and He, 2020)
and BYOL (Grill et al., 2020). Apart from MoBY, the learner did not converge
on any selection cycle with the other SSL. modules. Thus, the setup of large
batches and specific training conditions (low learning rates, cosine scheduler)
and learners can hardly adapt to this semi-supervision configuration.
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For MoBYv2, the weak-augmented inferences to the learner stabilise its
performance in regard to the original version. Furthermore, this method

distances by 4% class accuracy with each AL cycle.

Table 5.2: Variation of SSL pipeline. Average testing performance (5 trials) on
CIFAR-10 for 3 AL cycles with ResNet-18 encoder

SSLmodel / No. of labelled 1000 2000 3000

MoCov2 11.62+.9 | 11.92+.6 | 12.89+.6
BYOL 12.32+.7 | 11.72+.4 | 11.47+.2
MoBY 62.62+.4 | 72+.5 | 76.43%.1
MoBYv2 63.06+.5 | 76.04+.6 | 80.63+.3

Table 5.3: Ablation study of MoBYv2. Average testing performance (5 trials) on
CIFAR-10 for 3 AL cycles with ResNet-18 encoder

MoBYv2 / No. of labelled 1000 2000 3000
w /o Discriminator 60.44+.4 | 72.53+£.8 | 77.89+.3
w/o MLP Projector 58.57+.6 | 71.96+.5 | 77.02+.6

w/o Strong Augmentation | 47.7+.4 58+.5 | 64.85+.5

MoBYv2 63.06+.5 | 76.04+.6 | 80.63+.3

One can argue that the SSL framework comprises several building blocks,
and its implementation can deter developers. While there is significant domin-
ance of MoBYv2 in AL selection, the motivation is continued by the relevance
of each part in Table 5.3. In the ablation evaluation, the queue Discriminator
and the MLP projectors are removed. As a result, a continuous accuracy drop
is noticed. Projecting more prominent features and simulating the asymmetry
brings the advantage of contrastive learning in MoBYv2. Moreover, strong

augmentations also play a crucial role in the SSL pipeline.

5.4.5 Selection function analysis

The proposed pipeline, MoBYv2AL, can easily adapt to multiple selection
methods. Here, the choice of CoreSet from section 5.3.2 is quantitatively
motivated. Therefore, MoBYv2 is re-evaluated on CIFAR-10/100 benchmarks
in Figure 5.5. The selection of the new budget is varied between random, max-
imum class entropy and CoreSet. Intuitively, the effect of selecting unlabelled
examples with high contrastive loss is also analysed.

In both benchmarks, sampling with random or max entropy benefits the
less MoBYv2AL pipeline. On the other hand, a representativeness-oriented
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Different selection functions for MoBYv2 on CIFAR-10
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Figure 5.5: Quantitative evaluation with different selection functions for CIFAR-10
(Top), CIFAR-100 (Bottom)

method like CoreSet suits the hypothesis better. When sampling with high
contrastive loss, repetitive examples were detected from some specific classes.
This can be explained by higher contextual variance in that category. Spe-
cifically, on CIFAR-10, animal classes (cat, deer, dog), with stronger patterns,
were preferred than the vehicle ones (car, truck, ship).

For a better visual analysis, a toy-set experiment was simulated with the
first five classes from SVHN. Here, t-SNE (van der Maaten and Hinton, 2008)
representations are taken from the MoBYv2AL query encoder outputs of
unlabelled data. In Figure 5.6, the samples marked with crosses construct the
new labelled set. The selection behaviour of the Max Entropy and CoreSet can
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Figure 5.6: Qualitative AL selection analysis on MoBYv2. t-SNE representations
at the first selection stage for five classes of SVHN

be interpreted as expected: on the left side, the uncertainty-based technique
tracks the most class-variant images; CoreSet, on the right side, samples both
in and out-of-distribution according to the Euclidean space.

Table 5.4: Multi-stage SSL-AL vs Jointly end-task AL.Testing performance on
CIFAR-10 with ResNet-18 encoder

MoBYv2 1000 2000 3000

Multi-stage semi-supervised | 34.8+.1 | 34.96+.2 | 35.09+.1

Jointly with end-task 63.06+.5 | 76.04%.6 | 80.63+.3

Table 5.5: Semi-supervised learning comparison. Testing performance on CIFAR-10
with ResNet-18 encoder

SSL method ‘ Supervised ‘ MoCov2 ‘ BYOL ‘ DINO ‘ MoBYv2
CIFAR-10 Test Acc ‘ 90.08 ‘ 76.7 ‘ 77.89 ‘ 81.2 ‘ 88.62

5.4.6  SSL results and multi-stage AL

MoBYv2 SSL for the AL strategy is designed in a joint manner with the
end task. Despite this, the recent work Bengar et al. (2021) that proposes
contrastive learning with SimSiamChen and He (2021) adopts multi-stage
learning for the learner. The pipeline proposed fails to sample better than
random in the AL paradigm. In Table 5.4, MoBYvz2 is tested with the multi-
stage training (self-supervised contrastive learning and second task fine-
tuning) for CIFAR-10. It can be observed that the performance suffers in the
context of the end task, where limited labelled examples are used. Similarly
to Bengar et al. (2021), a minor improvement is also noticed when adding
more selected data with CoreSet.

109



To this extent, in Table 5.5 the entire training set is used during fine-tuning.
This experiment is re-iterated for SSL cross-validation with MoCov2 (Chen,
Fan, Girshick and He, 2020), DINO (Caron et al., 2021) and BYOL (Grill
et al., 2020). Even in this multi-stage setting, MoBYv2 is superior to the other
state-of-the-art SSL.

5.5 CONCLUSIONS, LIMITATIONS AND FUTURE WORK

In this chapter, it was presented an SSL. model-based AL framework for
image classification. The main contributions lie in the task-aware contrastive
learning pipeline. MoBYv2AL retains the higher visual concepts and aligns
them with the downstream task. The end-to-end training is efficient and
modular, allowing diverse learners and sampling functions.

Through the experiments conducted, it was shown that the SSL could
mitigate the "cold-start’ problem by leveraging the visual feature information
from the unlabelled samples as well. Under this configuration, a solution for
the distribution shift effect was proposed by enforcing the unlabelled samples
with the lowest contrastive loss in training the SSL.

It was demonstrated with a clear gap in state-of-the-art results on four
datasets. The method showed robustness even in simulated class-imbalanced
data pools. Mimicking the real-world scenarios, MoBYv2AL should be tested
in the long-tail distribution scenario for future work.

While this method has been successful for the image classification task,
its modular capability can easily be transferred to other tasks. This would
also be part of future work, however, some limitations could be encountered.
One of the limitations is firstly in regard to the data augmentation process
in the case where the input data are not RGB/greyscale images. Another
limitation some may consider is the computational and hardware complexity
of doubling the initial learner architecture.

In the context of the targeted task of this thesis, 3D-HPE, a thorough
investigation of the data augmentation should be established before adapting
MoBYv2AL. One of the pioneering self-supervision works in this direction is
presented for monocular RGB 3D-HPE by Spurr et al. (2021). Here, the authors
define the negative and positive examples according to the articulation space
and weak augmentations, respectively.

Finally, part of the future work will also have to investigate the saturation
nature that MoBYv2AL may have at the initial training stage. Uncertainty-
based AL selection techniques applied adaptively may balance the exploration-
exploitation trade-off in the saturation case.
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MULTI-MODAL VARIATIONAL AUTO-ENCODER FOR
ACTIVE LEARNING

6.1 COURSE OF OBJECTIVES WITH JUSTIFICATION

This chapter extends the 3D-HPE task to multi-modal inputs, which is a
currently popular topic. Keeping the tackled limitations and converging the
previous AL insights, the final question is addressed:

““How do these modalities influence the performance gain in the
context of DAL?”

In the attempt to answer the question, the upcoming sections bring back
the 3D-HPE task as primarily for AL. From Chapter 3, it was denoted that
architectural constructs like Bayesian approximations may not be efficiently
feasible for sampling. Although it can provide meaningful uncertainties and
competitive AL selection function like CKE, parametric samplers are still
less intrusive and easier to be deployed like in Chapter 4 and Chapter 5.
Therefore, this chapter follows the same trend of DAL, and it proposes a
VAE-based generative sampler for multi-modal AL.

Since the DL expansion to 3D-HPE, depth-based datasets (Tang et al., 2014;
Tompson et al., 2014; Yuan, Ye, Stenger, Jain and Kim, 2017) have been tackled
in the beginning while providing the most performing models with accurate
and realistic hand articulations (Chang et al., 2018; Oberweger and Lepetit,
2017; Xiong et al., 2019; Ye et al., 2016). It was observed that as these models
attained averaged MSE of 6-7 mm and even fitting to the annotation noise
(Yuan, Ye, Garcia-Hernando and Kim, 2017b), other researchers from the
3D-HPE community have started to tackle once again single RGB inputs. This
is due to the capacity of DL models to escalate the highly non-linear function
in pose reconstruction. The majority of the state-of-the-art (Baek et al., 2019;
Ge et al,, 2019; Spurr et al.,, 2018; Yang et al., 2019) on this direction have
integrated at least another modality to compensate for the limitations of the
RGB input (in terms of illumination variation, background environment and
occlusion). This trend continuously motivates the proposed interest in AL
together with the rise of powerful cross-domain DL architectures like CLIP

(Radford et al., 2021) and Perceiver (Jaegle et al., 2021).
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Another motivation for promoting the multi-modal approach stands on
the availability of new 3D-HPE datasets that provide at least two modal-
ities. From these, the most well-known are STB (Zhang et al., 2017), RHD
(Zimmermann and Brox, 2017), FreiHand (Zimmermann et al., 2019) and
InterHand2.6M (Moon et al., 2020). In order to keep the AL selection research
efficient, only the first three datasets are considered in the experiment sec-
tion. InterHand2.6M as in BigHand2.2M (Yuan, Ye, Stenger, Jain and Kim,
2017) is formed from continuous large sequences with 30 frames per second.
This would slow the runtime of the experiments, and the issue of sample
redundancy would still have to be addressed.

Moving to the VAE-based AL sampler, its concepts are inspired from
VAAL and Chapter 5. MoBYv2AL makes use of the SSL to improve the visual
concepts by leveraging the unlabelled, whereas the multi-modal sampler
aims to bring a better latent representation than the learner with a VAE.
Distinctively from VAAL, however, the generative framework is not trained
in an adversarial manner but with a combination of modality reconstructions
and 3D-HPE regression objective. The poor performance for AL selection of
VAAL was denoted in Chapter 4 due to two reasons: one is linked to the
lack of representativeness between the sampler and the learner; the second
consists of the uncertainty that the adversarial discriminator creates between
labelled and unlabelled while making it unaligned to the one from the learner.

With the above motivations and mentioned prior issues, this chapter pro-
poses MVAAL, a Multi-modal Variational Auto-encoder AL sampler, where
multiple modalities are trained for an aligned VAE latent space similarly
to AlignMM (Yang et al., 2019). The reason for aligning the modalities is
to provide a shared space from which the selection function can provide
informative sets of images to the learner. Moreover, the objective of MVAAL
is aligned with the learner so that the latent space is skewed towards the end
task. To validate this proposal, AL selection is applied with various samplers
on the aligned latent space obtained with the PoE approximation. Although
this work is part of ongoing research, promising results are shown in the
experiment section for all the multi-modal datasets STB, RHD and FreiHand.

Summarising the next sections, related works 6.2 are discussed within
the multi-modal AL and 3D-HPE research areas, followed by the proposed
methodology and the experimental section. The methodology will shortly
present the structure of the learner 6.3.1 and the MVAAL sampler 6.3.2 with
each selection criteria in detail. The experiment Section 6.4 will qualitatively
analyse the reconstructed hand poses from MVAAL, and it will conclude
with the numerical AL evaluation on the three multi-modal 3D-HPE datasets.
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6.2 RELEVANT LITERATURE
6.2.1  Multi-modal 3D-HPE

The initial works that combined RGB with other modalities for 3D-HPE
appeared together with the proposed datasets STB, RHD and FreiHand.
However, monocular RGB state-of-the-art has just recently outperformed
these benchmarks with the algorithms from Ge et al. (2019) and Baek et al.
(2019). Both algorithms use 3D mesh reconstruction and masking to improve
and transform the 2D pose estimation from RGB. Apart from some architec-
tural choices, the key difference stands in the way of creating the 3D hand
mesh. Baek et al. (2019) proposed to use the MANO synthetic model (Romero
et al., 2017) to infer the articulation, while Ge et al. (2019) claims to generate
more realistic synthetic hand model with GCN.

Noting that these pose estimators integrate the second modality as a
functional part of their network design, MVAAL looks for learners with
multiple inputs design. The works that leveraged depth information or
other inputs and used generative networks between these modalities are
Cross-Modal (Spurr et al., 2018), Depth-Regulariser (Cai et al., 2018) and
AlignMM (Yang et al., 2019). Depth-Regulariser consists actually of two
separate networks with a shared hand pose layer. The first network does pose
estimation from RGB, and the second generates depth maps from the pose
layer. The shared layer, however, still requires pose annotations. To overcome
this constraint, Cross-Modal creates the shared latent space by alternating
between RGB and depth modalities. This alternation might be ineffective,
and the shared latent space can get misaligned. Incrementally, AlignMM
addresses this issue and proposes an alignment with PoE for a unified and
generalised VAE framework that can support more than two modalities. This
motivated the derivation of MVAAL's strategy and sampling from AlignMM
(Yang et al., 2019).

6.2.2 Multi-modal AL

AL for multi-modality has barely been explored over the past years. Although
multi-modal data starts to be widely available to multiple areas of research
from automotive (Haussmann et al., 2020) to medical (Budd et al., 2021), there
are still concerns about how optimal this data is in relation to the new DL
architectures like residual CNNs (He et al., 2016; Zagoruyko and Komodakis,

2016) or transformers (Dosovitskiy et al., 2020; Wu et al., 2020). The first
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multi-modal AL framework was proposed for autism therapy in child-robot
interactions (Rudovic et al., 2019). This application shows how essential AL
can be when engagement estimation has to be transferred to other children so
that more personalised data is attributed accordingly. Modalities are gathered
from pose networks, sounds and watch accelerometers for majority voting of
the engagement. The AL framework trains a Reinforcement Learning (RL)
policy with a Q-function to provide the set of modalities with the highest
engagement for labelling.

Still in the medical field, the only other work that treats multi-modality
for AL is MMFN-AL (Gao et al., 2021). This method is applied for liver
fibrosis diagnosis on four modalities, one ultrasound and three shear wave
elastography. The AL sampler is task-aware and uses the identical feature
encoders as in the learner, but compared to MVAAL, it just concatenates the
latent space from all the modalities. In terms of selection criteria, random
sampling is used against the uncertainty-based methods of highest entropy
(Shannon, 1948) and from MC Dropout (Gorriz et al., 2017). Despite the lack
of multi-modal integration in the latent space, MMFN-AL shows distinctive
performance with MC Dropout against random, but for single modality
reference. The main concerns can be observed when comparing selections
in the multi-modal experiment. It is observed that the AL function, MC
Dropout, performs as well as random. Therefore several query functions will
be approached and tested with MVAAL in the following sections.

6.3 METHODOLOGY

The proposed multi-modal AL pipeline for 3D-HPE is presented in detail here.
Firstly, the learner’s architecture is discussed, which follows a multi-modal
version of DeepPrior++ (Oberweger and Lepetit, 2017). Secondly, where
the main contribution lies, the MVAAL sampler is theoretically explained
together with its corresponding query functions.

6.3.1 Multi-modal 3D-HPE learner

For 3D-HPE, the DL solutions can broadly be divided between generative and
discriminative. On the one hand, the generative models assume to have an
architecture that commonly reconstructs heat maps with normal distribution
intensity around the joint locations. On the other hand, discriminative models
break down the high-order representations by regressing directly to joint
coordinates. There are many advantages and disadvantages to both categories,
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however, for simplicity, and to ease the computational runtime, the network
architecture of the learner is chosen to be discriminative.

The hand pose estimator is designed following the DeepPrior++ architec-
ture. Thus, the feature encoder adopts a ResNet-18 (He et al., 2016) design.
Although the authors of DeepPrior++ proposed a deeper residual network,
ResNet-50, it was experimentally noticed that the performance is marginal
compared to the ResNet-18 backbone.

Therefore, given m modalities, the learner is composed of m ResNet-18
feature encoders, each expressed as a function f, (Xm ) (xm the input modality
m). To fuse the m latent spaces, a concatenation is applied before regressing
to the 3D joint coordinates. The regression is mapped by a discriminator with
three fully-connected layers.

Before moving to the AL sampler, it is important to discuss the modalities
and the pre-processing used for the three datasets, STB, RHD and FreiHand.
For clarity and uniformity within the datasets, only m = 2 modalities are
used from each dataset. Specifically, the modalities applied from STB and
RHD are colour and depth, while in the FreiHand case, the inputs are colour
and segmentation maps. Other modalities like heat maps and point clouds
can also be extended in this pipeline (as in AlignMM (Yang et al., 2019)).

To assist the 3D-HPE several pre-processing steps are applied to both inputs
and annotations. Firstly, the 3D coordinates are normalised, making the hand
input scale invariant. Moreover, training to a normalised number offers
better convergence stability over the discriminator’s parameters. Secondly,
it was shown in prior works (Oberweger and Lepetit, 2017; Ye et al., 2016)
that having the palm root key-point as a reference makes the estimation
translation invariant.

Instead of deploying a hand detector, a centre crop is applied to the images
according to the key point ground truths. Apart from this, a normalisation of
the pixel values and a re-scaling to 128 x 128 are the final transforms to the

modalities.

6.3.2 MVAAL

The aim of the MVAAL sampler, similarly to MoBYv2AL, is to diversify
the data representations with features from both labelled and unlabelled
data. This has shown to be effective in increasing the representativeness of
the learner, an essential requirement to AL sampling. In order to achieve
this, VAE architectures are chosen instead of a contrastive learning siamese
pipeline (as in MoBYv2AL). The motivation is derived from the successful
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Figure 6.1: The proposed AL pipeline: the multi-modal 3D-HPE learner (Top);
MVAAL sampler (Bottom) with selection functions (Right); Two
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MVAAL constitutes of the pre-trained multi VAE with the PoE
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the new labelled subset that was assigned to the learner after each
AL cycle.
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3D-HPE arts of Cross-Modal (Spurr et al., 2018) and AlignMM (Yang et al.,
2019) where the VAE architectures have increased the performance in the
cross-modal setting. Another advantage of the VAE, in the context of AL
is that the training can be done on the whole pool of data as no labels are
required. Therefore, the training can be efficiently done offline, out of the AL
cycle. Below, MVAAL will be detailed with the task-aware discriminator and
its selection methods.

6.3.2.1 Aligned latent space for multiple modalities

Given m = 2 modalities x7,x2, the multi-modal VAE follows the encoder
architecture of the learner with ¢y, and ¢, parameters. The pre-processed
inputs can be encoded by q¢, and qg4,, to the latent spaces zy,,zx,. For
reconstructing the images, the architectures of the encoders are mirrored to
two decoders with the parameters 0y, 0y,, respectively ( where y; and y>
are the corresponding target modalities).

These two VAEs can be treated separately, unidirectional, and trained by
maximising the ELBO:

Lero(x1;¥1;0y,, bx;) = Ez-q,, logpe,, (y1lzx,)—
BKLD(qg,, (zx, [x1)[Ip(2x,)), (6.1)

for the first modality, where KLD is the KL divergence, 3 is a latent space
reconstruction parameter (Higgins et al., 2017) and p(zy,) is the Gaussian
prior on the this space. However, the goal is to align the two modalities
under a shared latent space while being able to generate from one mod-
ality to another. Following AlingMM, MVAAL extends the PoE alignment
proposal to multiple separate decoders. The generative nature of these de-
coders results in a relation between the posteriors of both joint and single
modalities. In Wu and Goodman (2018), it was shown that the joint pos-
terior is proportional to the product of individual ones q(zjointX1,X%2) o
P(Zjoint)-q(ZjointlX1)q(Zjoint/X2). This has been obtained by approximating
the true posteriors for each modality while containing them in the family of
the variational counterparts.
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The joint objective with the product of two Gaussian experts (PoE) G*(zy, , zx, )

is:
Lvae(dxy, Oxi/ 0y, 0y,) = Egy 1 ~G* (24, 24, ) 108 POy, 0y, (Y1, ¥2[Zj0int)+

Bz ~dan, 108 Py, 0y, (¥1,Y202x) Bz, ~qy4,, 108 Doy, 0,, (Y1, Y212, ) —

BIKLD (qgy, (2, 1x1)[[P(2)) + KLD (4o, (2, Ix2) [P(2)):
(6.2)

The product of the two Gaussian experts results in a Gaussian as well.
Therefore, for the two means i, and covariances Xi,X;, (of the two
modalities) the resulted joint mean and covariance are:

o p2y ] 1
Hjoint = (271 + g) (g + g) (6.3)
RPN
Zjoint = (21 1+§2 (64)

The final module of MVAAL is the pose discriminator integration in the
loss function Ly ag so that the representations are directed to the joint
reconstruction. The pose discriminator architecture replicates the one from
the learner. The inputs for this module are the joint means, u}omt, of the
annotated data as its loss minimises with 12 norm of the 3D hand coordinates.

In terms of training, as mentioned before, the multi-modal VAE is optim-
ised once and independent from the learner. To keep MVAAL task-aware,
however, with every AL cycle and new annotated subset, the pose discrimin-
ator is trained. Thus, it automatically fine-tunes the VAE at the same time.
The common objective can be expressed as follows:

LMVAAL = LVAE + L3oge- (6.5)
This practice has also proven effective in the MoBYv2AL pipeline.

6.3.2.2  Selection methods for MVAAL sampler

Once MVAAL is trained with the task discriminator, the AL selection of
unlabelled data can start. Here, two query functions are analysed, one that
tracks uncertainties and another that uses geometric distances.

Similarly to the GCN sampler proposal in Chapter 4, the uncertainty-based
selection deploys a binary discriminator to distinguish between the PoE
representations from labelled and unlabelled data. This is composed of two
fully-connected layers and takes as inputs equal batches of labelled and
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unlabelled representations from MVAAL. In the end, the trained uncertainty
discriminator ranks the most uncertain unlabelled samples as UncertainGCN.
The geometric selection deploys the CoreSet method as in all the previous AL
frameworks (CKE, CoreGCN and MoBYv2AL) again. Both these selections
have shown significant improvements to various datasets, further motivating

their integration into this work.

6.4 EXPERIMENTS
6.4.1  Quantitative experiments

MVAAL is evaluated quantitatively in a pool-based DAL scenario. As in
previous chapters, the learner starts training with an initial pool of annotated
examples. Then, AL is applied, in this case, MVAAL training and selection,
to the unlabelled pool so that a new fixed batch (by a budget) is annotated.
In preparation for the experiments on the three multi-modal datasets, STB,
RHD, and FreiHand, some details regarding the training and the AL settings
will enfold.

6.4.1.1 Learner and MVAAL training settings

The 3D-HPE learner is trained for 100 epochs with a batch of 32, and it is
optimised with Adam (following a learning rate scheduler from o0.0o01 and
reducing by ten times at 40 and 60 epochs). The regression minimises the
normalised 3D coordinates with MSE loss.

MVAAL has its initial pre-training on 140 epochs, and the batch size is
equal to the learner. It is also optimised in the same way, but the learning
rate starts at 0.001, and it has a scheduling protocol when the loss plateaus.
Specifically, to the VAE, the 3 parameter is set at 0.5 in Equation 6.2. For the
fine-tuning of the pose discriminator, the settings are kept the same, however,
the number of epochs is reduced to 60 (the combined loss converges rapidly

on the subsets of new annotated data).

6.4.1.2 AL settings and Baselines

AL deploys the pool-based scenario where each training set is considered
unlabelled. Thus, the three pools of data are 15,000, 41,258 and 32,560 for
STB, RHD and FreiHand, respectively. During the experiments, it was noticed
that all datasets present sample redundancies, therefore, before the selection
process, random filtering is applied to create subsets. From these, the AL
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selection is effectively made. The reduced subsets are 7,000, 10,000 and 8,000
(for the corresponding dataset STB, RHD and FreiHand). The exploration is
performed over five AL cycles with a budget equal to the initial training set
of 10% from each dataset. The experiments are conducted over five trials to
offer a stable averaged MSE of the 3D joint coordinates.

In terms of baselines, apart from random sampling and the two selection
functions on MVAAL, ranking the uncertainty on the discriminator trained
with features from the learner is also investigated. Moreover, the standard
CoreSet is added as a known competitive baseline. Both these baselines
demonstrate, in an ablative way, the motivation of using MVAAL with the
PoE.

6.4.1.3 AL quantitative evaluations

Initially, the multi-modal learner is trained on every dataset using the entire
sets. Measured in mm, the averaged MSE obtained are 12.19 for STB, 15.25
on RHD, and 40.38 mm for FreiHand. As a confirmation that the multi-
modal pipelines benefit the second modality, an RGB-based learner was
trained on RHD. The error increased to 19.59 mm in this case, attesting to the
multi-modal hypothesis.

Moving to the multi-modal experiments with MVAAL, in Table 6.1, the
STB dataset is evaluated on five cycles. From all three datasets, STB has
already been saturated in testing performance by state-of-the-art hand pose
estimator (Baek et al., 2019; Ge et al., 2019). It can be noticed that random
sampling and uncertainty sampling when the discriminator is trained on the
concatenated learner’s features, reaches an error deviation of 3 mm at 50%
annotated images. All the other AL query functions fail to provide better
informativeness than a simple random selection.

Table 6.1: Quantitative AL results on STB dataset. Averaged joints MSE over 5
trials. % of annotated data

AL selection method | 10% 20% | 30% | 40% | 50%

Random sampling | 21.68 | 21.69 | 19.89 | 18.91 | 15.9

Feature Uncertainty 21.68 | 2038 | 19.62 | 17.85 | 15.62

Discriminator

PoE Uncertainty 21.68 | 1972 | 19.93 | 19.38 | 17.39

Discriminator
CoreSet 21.68 | 19.06 18.99 | 17.76 | 15.76
CoreSet on PoE 21.68 | 20.1775 | 20.67 | 17.77 | 16.84
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Conversely, RHD and FreiHand present more challenging articulations and
viewpoints, making it harder to reach lower errors. Tables 6.2 and 6.3 show the
obtained results under the mentioned settings. For both RHD and FreiHand,
it can be noticed that the lowest errors are from the selected datasets with
the PoE discriminator. At 50% annotated dataset, MVAAL attains MSE with
differences of 3 mm and 5 mm for RHD and FreiHand, respectively. The
other selection methods yield relatively close results. On FreiHand, the gap
is significant enough in regard to random. However, on the RHD dataset, the
gain of AL sampling is still debatable, as in the STB experiment.

Table 6.2: Quantitative AL results on RHD dataset. Averaged joints MSE over 5
trials. % of annotated data

AL selection method | 10% | 20% | 30% | 40% | 50%

Random sampling | 33.78 | 25.65 | 21.74 | 19.91 | 18.49

Feature Uncertainty
o 33.78 | 25.55 | 21.48 | 19.91 | 18.495
Discriminator

PoE Uncertainty 33.78 | 25.39 | 21.63 | 19.9 18.3

Discriminator
CoreSet 33.78 | 26.59 | 22.95 | 20.79 | 19.29
CoreSet on PoE 33.78 | 26.52 | 22.28 | 19.67 | 18.92

Table 6.3: Quantitative AL results on FreiHand dataset. Averaged joints MSE
over 5 trials. % of annotated data

AL selection method | 10% | 20% | 30% | 40% | 50%

Random sampling | 59.99 | 54.72 | 50.61 | 48.75 | 46.7

Feature Uncertainty
. 59-99 | 53.76 | 50.32 | 47.64 | 46.02
Discriminator

PoE Uncertaint
Y 150.99 | 54.01 | 48.45 | 46.79 | 45.86

Discriminator
CoreSet 59-99 | 53-38 | 49-73 | 46.91 | 45.37
CoreSet on PoE 59.99 | 53 | 50.75 | 47.95 | 45.3

Because the gains of the AL methods are not convincing enough, mainly
for STB and RHD, the last experiment in Table 6.4 deploys MVAAL from
two modalities to a 3D-HPE learner trained only with RGB images. The
experiment is conducted on RHD, but only the PoE discriminator, CoreSet
and random sampling are used for comparison. Here, an interesting trend is
shown. CoreSet manages to find a better subset of data initially but flattens
the performance at later stages (likely due to lack of diversity). The PoE
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Original Depth map

Figure 6.2: Depth-maps reconstructed with the multi-modal VAE at different train-
ing points.

discriminator has a poor selection in the beginning by generating highly
uncertain poses. Despite this, with more cycles, it manages to reach a relatively
low MSE with just a 2 mm deviation from the whole dataset training accuracy,
19.59 mm. In MMFN-AL (Gao et al., 2021), the methodology was proposed
in a similar mono-modal setting, and a MC Dropout selection came to the

same results and conclusions.

Table 6.4: Quantitative AL results on RHD dataset. RGB Single Modality. Aver-
aged joints MSE over 5 trials. % of annotated data

AL selection method | 10% | 20% | 30% | 40% | 50%

Random sampling 39.1 | 29.12 | 25.38 | 23.14 | 23.02

CoreSet 59.99 | 28.26 | 24.75 | 23.32 | 24.08

PoE Uncertainty 59.99 | 29.76 | 24.72 | 22.84 | 21.54

Discriminator

6.4.2 MVAAL Qualitative Analysis

Qualitative observations were drawn to validate the pre-training of the multi-
modal VAE. Although the combined loss converges smoothly and flattens
after 50 epochs, it was noticed, according to Figure 6.2, that the reconstruction
continues to improve. In this regard, keeping this qualitative evaluation
throughout the training is recommended.

Figure 6.3 displays the original and reconstructed versions of four sets
of RGB-D images from the RHD dataset. It can be observed that in the
majority of cases, the images are reconstructed to a course level. Specifically,
the background, hand shape and colour fit the originals. The depth map
reconstruction between the two modalities is more robust due to the extra
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Figure 6.3: Multi-modal VAE reconstructed modalities from the PoE

two channels that the RGB decoder needs to upscale. Conclusively, the
quality of the reconstructions suits the proposed pipeline while attesting to a

meaningful, aligned latent space.

65 FUTURE WORK AND CONCLUSIONS

The proposed multi-modal AL method is still in a concept phase where
future development would be required. This development will have to ad-
dress the limited performance that multi-modal AL provides in regard to
random sampling. The hypotheses of MVAAL would need to be tested and
ablated against the other state-of-the-art AL function. This would apply only
when an AL baseline would produce consistent performance gaps compared
to random selection. Changes in the learner’s pipeline and estimating the
influence of each modality will be the upcoming parts of this research.

The presented SSL pipeline from chapter 5 and the GCN sampler from
chapter 4 can be complementary modules to MVAAL. Therefore, the multi-
modal learner can be designed according to MoBYv2AL, where the 3D-HPE
regression loss is trained with the contrastive loss. As mentioned before, an
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investigation of the different types of augmentation should be performed for
each modality. As another possible training scheme, each modality can be
seen as a negative example to each one if a separation between the modality
domains is desired for the SSL. In terms of sampling, MVAAL may integrate
the feature representations from MoBYv2AL (which are tackling the cold-start
problem) and for future work, a new GCN sampler could be proposed.

Despite the limits in performance, MVAAL has shown to be a promising
AL framework. The aligned latent space between all the modalities provides
a unified representation to guide a better AL selection. As in MMFN-AL,
the multi-modal AL pipeline with the uncertainty discriminator achieves a
minimal error at 50% dataset when the learner uses only the RGB modality
(with a 2 mm difference to training with the entire RHD dataset). With the
high demand of DL architectures and multi-modal datasets, the approach of
AL in optimising the data becomes even more relevant.

124



CONCLUSIONS AND FUTURE WORK

This chapter aims to gather all the contributions and achievements presented
in the thesis. It also provides insights and the impact that it has on the AL
research community. With a primary focus on 3D-HPE and other vision tasks,
the methods presented achieve breakthrough results in sampling informative
and customisable data for the DL architecture. Despite this, the encountered
limitations and difficulties are discussed here as well. The chapter ends with
a reflection on future work and a statement from the author.

7.1 CONTRIBUTIONS AND ACHIEVEMENTS OF THE THESIS

The overall goal of the thesis is to find efficient ways of sampling real data
with AL. Apart from the methods themselves, the main contribution is that
it pushes the research for the first time to the DL methods, exclusively to
the 3D-HPE application. After a first attempt at solving the informativeness
of the unlabelled data to the learning algorithm, the thesis diverges with a
focus on the AL methodology as a universal solution. Therefore, dedicated
samplers are investigated with trainable parameters to assist the learner in
providing meaningful new data. The last part of the thesis integrates the
previous methods and achievements back to 3D-HPE but in a multi-modal
input form.

In Chapter 3, AL is approached for the first time to the 3D-HPE task where
the learners are CNNs. To deal with the fact that the majority of the pose
estimator is discriminative (regression-based), one of the contributions is
the Bayesian approximation to these models so that confidence can be ob-
tained with the posterior. The confidence measures are expressed as per-joint
variances comprised of aleatoric (data-dependent) and epistemic (model-
dependent) uncertainties. Through qualitative analysis, it was shown that the
produced uncertainties are representative to the hand poses from all the data-
sets. Moreover, it investigated the ideal structure of the Bayesian DeepPrior
learner that in the end, showed an improved overall pose estimation against
the standard architecture. The second set of contributions is in regard to
the AL method and sampling. The two uncertainties play a critical part in
deploying the presented method, CKE. Thus, the geometric AL function
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CoreSet includes during the cluster distance computation the corresponding
epistemic uncertainties. As the main set of achievements, CKE has shown
to produce lower average MSE on all three depth datasets than its direct
comparative baseline, CoreSet. This is done in the context of AL where this
performance is obtained with less amount of annotated subsets.

The Chapter 4 of the thesis approaches the AL problem from the sampler’s
perspective rather than the previous Bayesian approximation of the learner.
Therefore, it proposes a novel task-agnostic parameterised method that takes
advantage of higher order representations from a GCN. It was shown that
the pool-based AL methodology could be applied to both classification and
regression tasks in the context of DL. Two selection criteria have been studied,
one that ranks uncertainty (UncertainGCN) and the other that integrates
representativeness with CoreSet (CoreGCN). Both, through comprehensive
experiments, have produced highly competitive results for over eight datasets,
specifically, four for image classification, three for the 3D-HPE task and one
for synthetic sampling.

Chapter 5 extends the GCN sampler and addresses some of the faced
issues like the "cold-start” problem and the distribution shift. The method-
ology presents an SSL model-based AL framework for image classification.
It uses for the first time the contrastive learning insights to DAL. The main
contributions lie in the pipeline MoBYv2AL, which leverages visual repres-
entation from all the data and aligns the objective with the downstream task.
Following the same modular and parameterised trend of the GCIN sampler,
MoBYv2AL can also be used in other applications.

The AL quantitative experiments have shown that the proposed meth-
odology pushes the performance with a large margin for all four datasets.
Even from the initial AL cycle, leveraging the representations from the un-
labelled helps to solve the ‘cold-start” problem. For a smooth increment in
performance with each labelled subset, a solution was proposed to tackle
the distribution shift. Particularly, less contrastive unlabelled samples were
promoted in the semi-supervised re-training with each AL cycle. Still on the
performance, certain experiments like SVHN or the imbalanced CIFAR-10
have demonstrated that MoBYv2AL can surpass the full dataset training
baseline.

Although the work in Chapter 6 is still in progress, certain insights and
directions have been deducted. The main contribution, however, is in the
approach and application of AL for multi-modal 3D-HPE. It remains an
unexplored research area with just two identified AL works (Gao et al., 2021;
Rudovic et al., 2019). A generative AL sampler is proposed, MVAAL, that
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successfully aligns the shared latent space of a multi-modal VAE as a PoE.
This unified pipeline, inspired by AlignMM (Yang et al., 2019), leverages
visual reconstructive representations from both labelled and unlabelled im-
ages. Furthermore, the aligned latent representations are combined with
the learner’s objective in a task-aware manner. In the end, several selection

functions are evaluated in an AL setting for three multi-modal hand datasets.

7.2 LIMITATIONS AND CHALLENGES

Several limitations have been encountered during the investigation of the
proposed methods. These will be revised in this section.

The first AL method that approached the 3D-HPE task, CKE, has been
conducting experiments on three depth-image datasets. The Bayesian approx-
imation approach of extracting the uncertainties has been shown to have a
tedious computation. These uncertainties were generated and obtained as
same-batch averages of multiple MC Dropout inferences. This intense com-
putational effort has been reduced for the DeepPrior architecture by finding
the optimal number of variational inferences. If the methodology is applied
to other learners with a larger set of parameters, the computational cost will
have to be mitigated by powerful hardware configurations. CKE also has
an intrusive requirement of adding Dropout layers after every layer with
parameters. AL developers may find themselves restricted to architectural
changes of the learner.

Computational complexity is an ongoing limitation to the other proposed
methods, the GCN sampler, MoBYv2AL and MVAAL. The GCN sampler
with its corresponding adjacency matrix grows in the quadratic order to
the number of nodes. The pool of data for selection should be acquired
to fit the computational requirements. For the MoBYv2AL framework, the
proposed design doubles the number of parameters with the targeted learner.
On the other hand, MVAAL can be trained offline and separately from the
learner. Fine-tuning can be applied with the new labelled examples for the
discriminator loss. Thus, it is more optimal from a computational perspective
than the other methods.

Some other met limitations of DAL from the GCN sampler have been
addressed by MoBYv2AL ('cold-start” problem and the distribution shift).
However, MoBYv2AL as CKE has architectural constraints and expects to
have all the SSL building blocks despite the size of the learner.

Throughout the development of the proposed AL methodologies, the
biggest challenge has been the deployment and the numerous runs of the
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experiments. Finding the most optimal unlabelled samples is not a straight-
forward process. As a set of good practices, starting with some reasonable
hypotheses and analysing the selections qualitatively on toy datasets has
helped tremendously. If these stages were successful, scaling up to other
datasets and monitoring the average performance would become easier to

deploy.

7.3 FUTURE WORK

All the chapters follow a sequential research roadmap. From CKE to the GCN,
SSL and VAE samplers, the active learning methodologies try to improve
and expand the informativeness to the learner incrementally. Furthermore,
discovered challenges on the way are also complementary overcome (like
‘cold-start” or distribution shift) and kept with the parallel progress of 3D-HPE
(to multi-modal pipelines). Following the limitations discussed previously,
future work is still to be considered for the presented methods.

Although CKE has shown remarkable performance on the depth-based
hand datasets, it will be interesting to evaluate the sampling in the multi-
modal setup as in Chapter 6. Continuing with the GCN sampler, the extensive
experiments have covered several applications and scenarios. In future work,
the GCN architecture should address the scalability issue with a better-guided
procedure rather than just a random pre-sampling.

For MoBYv2AL, the SSL-based sampler from Chapter 5 has obtained con-
sistent performance with a large margin for the image classification experi-
ments. Its modular query-key encoders can also be transferred to other tasks,
as shown in Xie et al. (2021). As 3D-HPE is the main application in the thesis,
MoBYv2AL will be adapted in future works. Thus, particular challenges will
have to be investigated, like the effects of the data augmentation and how the
contrastive loss converges with the memory bank of the new keys. Further-
more, the saturation nature that MoBYv2AL may have at the initial training
stage will have to be investigated. For a better exploration-exploitation trade-
off, likely uncertainty-based AL selection techniques combined with the
contrastive visual representations may have more substantial potential.

The work presented in Chapter 6, MVAAL, is still at a concept stage and
has been part of the current and future research. The multi-modal learner
itself has shown to have a robust performance despite the proposed AL
selections. This effect of the multi-modal sets has been shown in Gao et al.
(2021) as well. The further directions should continue to analyse the learner’s
integration of the modalities and redefine the objective according to the
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informativeness of each modality. MVAAL, as a unified AL methodology, is
promising, and its hypotheses and insights will be tested on the learner again
with the mentioned changes.

In terms of AL, all the pool-based scenario experiments have been run on
public pre-annotated datasets. As part of future works, the proposed method-
ologies will be tested in real-world scenarios, especially in the situation of
long-tail data distributions.

7.4 STATEMENT FROM THE AUTHOR

Active learning has been demonstrated to be an essential research direction,
especially in deep learning. Optimising the data and re-enforcing learners
with representative examples are just two of the key elements of active
learning. Multiple domains like medical and automotive have significantly
benefited from the machine or human-in-the-loop systems. This has saved
time, costs, and effort during data acquisition and annotation. Moreover, it
has assisted developers and researchers with various expertise to understand
better the decisions of a highly parameterised learning algorithm. In the
author’s realisation, this work will continue to propagate ripples of insights
and achievements to both deep active learning and computer vision fields.
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ACTIVE LEARNING QUALITATIVE ANALYSIS FOR 3D
HAND POSE ESTIMATION

This Appendix aims to display and briefly discuss some of the selection
analysis conducted for the CKE algorithm from Chapter 3. The analysis is
conducted on a version of the BigHand2.2M dataset where for every ten
samples, one is selected. This results in a dataset of 220,000 images. Even
though the dataset is drastically reduced, the viewpoint and articulation
space is still diverse enough.

The first experiment, represented in Figure A.1, runs a simulated experi-
ment where the unlabelled pool of data has samples uniformly distributed
from camera angles. The initial labelled set is also uniform, having the same

number of images from every angle.
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Figure A.1: Qualitative AL selection. Comparison between entropy uncertainty
and CoreSet according to viewpoint and articulation distributions
on BigHand2.2M

The distribution of selected images is analysed at 20% and 60% annotated
data. The images shown are the top selected poses by either uncertainty
sampling (top) or CoreSet (bottom). It can be clearly denoted that uncertainty
sampling on the Bayesian approximation selects samples from difficult view-
points, as it is shown on the side peaks. This behaviour is kept consistent to
the last AL cycle. As the model converges to hard out-of-distribution samples,
at later stages, the new sets show easy front poses (Figure A.1 top right).
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On the bottom side, CoreSet, displayed in blue, chooses more frontal
samples than the uncertainty estimation. This confirms one of the discussed
hypotheses, where the learner converges quicker at first AL cycles. Gradually,
the method starts to pick more complex examples, showing a camera angle

distribution closer to uniform.

Figure A.2: Qualitative AL selection. CKE selected samples according to view-
point and articulation distributions on BigHand2.2M

The second experiment brings the proposed method, CKE, into perspective
in the distributions from Figure A.2. As in the previous experiment, the other
sampling techniques are used, and the distributions are shown at 20% and
60% annotations. Distinctively from the previous experiment, articulation
distributions are added to the viewpoint ones. To use the highly diverse
BigHand2.2M, the entire sub-sampled set is used as an unlabelled pool. The
initial training set is randomly selected (distribution displayed with grey).

In the four representations, the distributions overlap, and similar beha-
viours as in Figure A.1 are observed. Thus, the uncertainty sampling (red)
targets outliers from the first selection stage, while CoreSet (blue) follows the
initial unlabelled set distribution. The proposed CKE method (green) demon-
strates an expected behaviour. At 20%, it has a close trend to CoreSet, but at
60%, the epistemic uncertainty pushes to select samples at intersections with
uncertainty sampling. In this analysis, CKE adapts dynamically to expand

the exploration of CoreSet.
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EXTENDED EXPERIMENTS FOR THE GCN-BASED
SAMPLER

This Appendix expands the list of experiments from Chapter 4. As in
MoBYv2AL (Chapter 5), it simulates a CIFAR-10 imbalanced dataset selection,
followed by a set of ablation studies and some qualitative representations.

B.1 CIFAR-10 IMBALANCED DATASET

Although, before selection, the unlabelled samples are randomised to a subset,
the dataset is still relatively balanced for each class distribution. However, this
is only sometimes the case where there is no prior information related to the
data space. Therefore, an imbalanced CIFAR-10 is simulated in a quantitative
experiment.

Beforehand the 50,000 training set was considered unlabeled, given 5,000
samples for each of the ten categories. The dataset is custom so that 5 of the
ten classes contain 10 % of their original data (500 samples each). Therefore,
the new unlabelled pool is composed of 27,500 images. The experiment
architecture and settings are similar to the one on the full scale.

Testing accuracy on CIFAR-10 imbalanced
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Figure B.1: Quantitative results - CIFAR-10 imbalanced dataset

Figure B.1 shows the progressions of the presented baselines. The proposed
methods, UncertainGCN and CoreGCN, out-stand once again the other
model-based selections like VAAL and Learning Loss. UncertainGCN scores
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2% more than those methods with 80.05% mean average accuracy at 10,000
labelled samples. Meanwhile, CoreGCN achieves 84.5% top performance
together with CoreSet. Thus, the geometric information is more useful in

scenarios where the dataset is imbalanced.

Testing accuracy on CIFAR-10 GCN Hyper-parameters
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Figure B.2: Ablation studies - CIFAR-10 GCN Hyper-parameters tuning

B.2 ABLATION STUDY - GCN PARAMETER SEARCH

While varying the architectural parameters of the GCN binary classifier, a
poorer selection was encountered with the Dropout rate increase from 0.3
to 0.5 or 0.8. However, when changing the size of the hidden units to 256
and 512, the UncertainGCN sampling was not affected on CIFAR-10. This
might require further optimisation for different datasets, although robustness
is being shown.

B.3 VGG-11 LEARNER FOR CIFAR-10 IMAGE CLASSIFICATION FOR 3

SELECTION STAGES

In Figure B.3, the architecture of the learner is modified from the CIFAR-
10 experiment to VGG-11 (Simonyan and Zisserman, 2015). In training the
VGG-11 network, the same hyper-parameters were kept. The proposed meth-
ods present robustness to this change whilst the GCN settings were left
unchanged. Hence, all state-of-the-art were surpassed at this early stage. This
also demonstrates how the batch size and the feature representation play an
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Testing accuracy on CIFAR-10 VGG-11
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Figure B.3: CIFAR-10 Learner VGG-11 - 3 selection stages

essential role in the performances of the other baselines. The most affected
baseline in this context is CoreSet.

Seed labelled images Selected images Unlabelled images

CIFAR-10

ICVL

Figure B.4: Extended qualitative analysis on labelled /unlabelled images at the last
selection stage for CIFAR-10, ICVL and RaFD

B.4 EXTENDED QUALITATIVE ANALYSIS ON THE AL METHOD

In Figure B.4, the qualitative analysis is extended by visualising the initial,
the unlabelled and the last selected samples from CIFAR-10, ICVL and RaFD.
The last selection stage for CIFAR-10 and ICVL is the 10th, while the synthetic
RaFD experiment is the 4th. The seed-labelled images are acquired randomly
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before the first selection stage. The RaFD seed examples are from the entire
training set as the AL selection is applied on StarGAN-generated images. For
all three benchmarks, the selected examples were evaluated with the proposed
AL method, UncertainGCN. Although the seed-labelled samples for CIFAR-
10 are randomly selected, the top query images from the "cat" class consist
of difficult examples. On the other hand, the remained unlabelled images
present distinguishable features, easy for the learner to predict. However,
in the ICVL dataset case, the selected samples show closer and easier hand
articulations compared to the initial labelled set. This is because of the highly
complex set that was used as seed examples. The unlabelled images might
have a lack of representativeness in the learner’s perception after all the 10
sampling stages. Finally, in the RaFD synthetic sub-sampling process, it can
be clearly denoted that the noisy images were left unlabelled. These present
more artefacts than the selected group.
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PUBLICATIONS OF THE AUTHOR

The following appendix lists the references and the key ideas from all the
works published in the course of the PhD. These publications are also the

founding pillars of the content of this thesis:

Caramalau, R., Bhattarai, B., and Kim, T.-K. (2021), Active Learning for
Bayesian 3D Hand Pose Estimation, in ‘Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vision (WACV)’, pp.

3419-3428, .

¢ Introduces a Bayesian approximation for 3D-HPE to model uncertain-
ties on regression-based learners. The Bayesian framework is designed
as part of the active learning selection process. A novel sampling mech-
anism is proposed that combines both data representations from the
learner and its corresponding model-dependent uncertainty. Moreover,
a data-dependent uncertainty further helps the pose estimator to bal-
ance out difficult or noisy examples. The contributions are tested and
concluded on three depth hand datasets by providing the lowest joint
errors with less data.

¢ Chapter 3 is based on this paper.

Caramalau, R., Bhattarai, B., and Kim, T.-K. (2021), Sequential Graph Con-
volutional Network for Active Learning, in ‘Proceedings of the IEEE/CVF

conference on computer vision and pattern recognition (CVPR)’, pp. 9583—

9592, .

¢ Presents a novel pool-based AL method that incorporates a sequential
GCN. The advantage of this method is that it obtains higher-order rep-
resentation through message passing between labelled and unlabelled
examples. This helps in increasing the informativeness during the selec-
tion stage either by classic uncertainty sampling or by geometric data
distributions. The method is task-aware and modular, allowing it to be

easily deployed to various applications.

¢ Chapter 4 is based on this paper.
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Caramalau, R., Bhattarai, B., Stoyanov, D., and Kim, T.-K. (2022), MoBYv2AL:
Self-supervised Active Learning for Image Classification, to be presented at
‘The 33rd British Machine Vision Conference (BMVC)'.

¢ Introduces an AL method that addresses prior known issues in the
pool-based selection: the cold-start problem and distribution shift. This
is being overcome by leveraging the visual concepts of the unlabelled
examples in an end-to-end self-supervised training pipeline. The contri-
bution lies in the AL framework MoBYv2AL that promotes contrastive
learning with end-task classification objectives. It makes use of prior
concepts of two popular contrastive learning techniques, MoCo and
BYOL. Furthermore, the MoBYv2AL deploys CoreSet to benefit the
enriched representation for more informative subsets. The method
achieves state-of-the-art to date on four classification datasets.

¢ Chapter 5 is based on this paper.
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