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Abstract

One of the obstacles that hinder the development of Artificial Neural Net-
works (ANNs) is the heavy computational cost of the training process.
In an attempt to address this problem, I proposed a lightweight model
named Parallel Circuits (PCs), with an emphasis on modularity. One of
the key inspirations for the proposed model is the human retina, which
consists of various cell types that only respond to particular visual stim-
uli. Similarly, conventional ANNs with high redundancy are decomposed
into semi-independent modules, which is deemed to provide more efficient

learning, both in terms of speed and generalizability.

Owing to the benefits of having fewer connections, the PC models were
empirically shown to be considerably faster, especially when implemented
in larger models. I also pursued the ability of automatic problem de-
composition, and discovered that diversifying the learning process in each
circuit strongly benefits the generalization of the proposed model. PC was
shown to be advantageous in term of sparsity, which is highly correlated

to modularity.

DropCircuit, a regularizer that targets circuits, was introduced to further

enhance their specialities. Together with PCs, DropCircuit outperformed



models with dense connectivity in several experiments. The circuit-level
DropCircuit also exhibited better performance compared to conventional
DropOut in conjunction with both PC and non-PC configurations, demon-

strating the benefits of modularity.

The modularity was further enhanced by imposing a set of biologically in-
spired constraints. Circuits are modelled as either excitatory or inhibitory
types with contrastive properties. Modified PC networks were shown to
discover sparse and part-based representations, showing further improve-

ment in generalization.
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Nomenclature

ANN Artificial Neural Network

DL Deep Learning
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PC  Parallel Circuit
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Chapter 1

Introduction

1.1 Research Background

1.1.1 Vegetation Classification

Throughout many years of development, agriculture management has been trans-
forming a great deal, from the basic experience-driven cultivation in the early ages of
history to large-scale, uniform treatment during the industrial age. In particular, pre-
cision agriculture (PA) is considered as the most significant advancement in the past
decades, which shifted the whole sector into site-specific management [37]. Decisions
are taken based on the observations of multiple field variables, at much finer scales.
Aside from crop-yield-related measurements, numerous analyses are now within the
reach of agriculture practitioners, yielding them richer information to deal with un-
resolved problems of the past (e.g. nutrition value, environmental safety practice).
The task of classification various vegetation species (i.e. vegetation classification
(VC)) plays an important role in a wide range of applications [144]. In today’s
site-specific management, it supports the monitoring of negative phenomena such as
invasive species (e.g. weeds), soil degradation (i.e. the decline in soil condition), or

desertification (i.e. the phenomenon in which fertile land losing its body of water,



becoming desert). In the context of this work, the task is critical to the research
of underutilized crops, whose information is either limited or fragmented. Through
proper identification, a better understanding of crop habitats and their geographical
distribution could be extracted, revealing the possibility of cultivation.

In the past, traditional VC approaches such as map interpretation or in-situ in-
vestigation were both time- and labour-consuming [169]. Technological developments
have been producing a vast amount of data (e.g. aerial and satellite imagery) and,
inevitably, new challenges. Remotely sensed data, for instance, are acquired from mul-
tiple sources which are differentiated by various characteristics that determine their
strengths and weaknesses. To date, these materials are considered as the primary
resources for such classification tasks, providing specular observations of different
scales, features, or visiting frequencies. However, remote sensing data thus requires
comprehensive correlation to guarantee consistency [169]. Furthermore, the surplus
of data also creates enormous overhead for the process, leading to the fact that tradi-
tional approaches (e.g. in-situ investigation, paper work) are no longer feasible, not to
mention the lack of consistency stemming from their manual procedures. Therefore,
it is necessary to develop automated processes that are capable to handle tasks in
high volume and without much human interpretation.

Early works on incorporating Artificial Intelligence (Al) into the VC task are
known as knowledge-based approaches, which attempt to encapsulate knowledge from
experts of the field into computer-readable form. However, they face many challengers
for the conversion, as human beings are subjective in expressing their own knowledge

and modern problems involve a great variety of situations that sometimes have never



been experienced before [80]. Machine Learning (ML) models, on the contrary, mine
a large set of data while trying to identify which features may be relevant. Such
approaches possess the capability to derive the correlation between patterns and pos-
sible outputs. Therefore, owing to their capability of automating the whole process,

they have become the dominant choice of the field.

1.1.2 Deep Learning

In order to select a model for building the vegetation classifier, a review on the
past implementations of standard ML approaches in the field was conducted. To
validate the comparison, in Chapter 3, experiments were conducted on a satellite
imagery dataset that was specially designed for the area of interest. Eight different
models were investigated, namely Naive Bayes, Support Vector Machine, ANN, Radial
Basis Function network, Deep Belief Network, Decision Tree, Random Forest and
AdaBoost.M1. The results demonstrated the relative superiority of ANN approaches,
which were then selected for the classification task.

I further investigated the current trends in ANNs, a ML approach that was in-
spired from biological neural network, structuring into layers of nodes. The work
primarily focused on the design of network topology (i.e. the architecture). The
investment in depth (i.e. the number of layers), termed as Deep Learning (DL),
is undoubtedly the most fruitful trend in both industry and academia, which has
continuously broken records for different tasks in recent years [175]. However, its
actual efficiency remains controversial and is the subject of much debate. Typically,

DL enjoys many advantages in learning hierarchical representations (i.e. higher-level



features are built from lower-level features). In contrast, observations of extremely
deep models have indicated a skip-through effect (i.e. layers providing minor to no
contributions towards learning) on many layers [153]. The high degree of redundancy
implicitly calls into question the necessity of using extremely deep networks.

Wider networks (i.e. having more nodes or feature maps at each layer) still prove
their advantages with respect to certain aspects, especially in the effective flow of gra-
dients across layers and the ease of boosting through parallelism. However, networks
with excessively wide layers face multiple difficulties in optimization, caused mainly
by the enormous number of parameters involved [173].

Whilst going to extremes of either width or depth does not necessarily result in
the desired outcome, modularity has been shown to be a rising star in the field with
multiple successes. However, past modular networks tend to require much human
intervention (i.e. tailoring) or involve similar components in a sequential regime [155].

There are only a few works that explore the adoption of submodules in parallel. [29]

1.2 Motivation

The research study in this thesis is motivated by the challenges of ensuring food
security. Reports claim that the world population is extremely dependent on the main
crops, such as wheat, maize, and rice. Among 7000 species being cultivated, these
three crops alone make up more than half of the world demand [48]. Therefore, it is
important to seek alternative (i.e. underutilized) crops that help prevent catastrophic
famines caused by various phenomena (e.g. droughts, floods, or diseases). However,

most of the underutilized crops have not attracted much attention from academia



and industry. The lack of investment has resulted in not only knowledge gaps but
also fragmented data that prevent further investigation.

Toward ANNS, it is inevitable that depth is the most fruitful investment in both
industry and academia. However, it is still debatable whether wide networks would
be a better trade-off, as they are more favorable to parallel paradigm and capable of
having similar generalizability to existing deep models. Different from conventional
studies that attempted to prove the ability of reproducing the generalizability of deep
models, the work reported in this thesis emphasizes on computational expense, as the

superiority of wider models.
1.3 Objectives

The initial objective of this study is to conduct a study on vegetation classification.
However, as the project evolved, the primary goal switched towards constructing
optimal neural network architecture. This can be formulated by the following sub-

objectives:

Study the tasks of vegetation classification to design the application.

Conduct the case study over remote sensing imagery, within Malaysia region.

e Propose and analyze network architecture that reduces the expense on compu-

tation, supporting width over depth.

Promote modularity in the proposed models.



1.4 Research Scopes

The project attempts to support these studies by closing the knowledge gap of under-
utilized crops. The role of vegetation mapping in specific area is vital, especially in
efforts to cultivate in unfamiliar territories. Thus, a case-study within Malaysian re-
gion was conducted, in which the objective is to build a model for classifying different
crop species based on satellite imagery.

In this thesis, the primary focus is on the algorithm behind the mapping process.
Instead of building a complete standalone solution, the design and optimization of the
underlying models are emphasized, which in turn would be beneficial for the feasibility
of the project. The work specifically explored the area of Artificial Neural Networks
(ANNs), in which the gap of computational cost is identified and tackled. Due to
the fact that vegetation datasets are costly in term of computational resources, the
findings on model optimization are instead, evaluated on standard Machine Learning

datasets.
1.5 Proposed Approach

From both literature and preliminary experiments, the problem of computational
complexity in ANN models was highlighted, especially in larger models. In fact, var-
ious attempts have been made to tackle these problems from different perspectives
[88, 42, 176, 129]. However, multiple gaps in past studies were identified. First, many
approaches require additional or specially configured hardware, which usually im-

poses extra expense or work overhead. Second, in our everyday lives, we experience



different sorts of parallel processing. Such parallelism is beneficial in many cases,
especially when facing multiple similar tasks. However, the trending deep networks
which involve a massive sequential computation do not favour this regime. Being tied
to the same parameter budget, wider but shallower networks provide a better envi-
ronment for the parallel concept. However, wide networks have never beaten their
deep counterparts in terms of preference, owing to the fact that DL is capable of
discovering more interesting features. Finally, in deep networks with narrow layers,
modules are stacked sequentially with similar characteristics to study progressive rep-
resentations (i.e. based upon previous components). Modularity, which is represented
by the variation between subcomponents, is thus rarely acknowledged with studies
of independent features (hard coding might be an exception). Because modularity is
implicitly included in parallel processing, it is logical to expect more efficient learning

from boosting this property.

1.5.1 Parallel Circuits

Parallel Circuits (PCs) are the focal point of this thesis. The proposed architecture
is inspired from paradigms in nature that favour parallelism and modularity, such as
the human retina or brain. Instead of confronting the learning algorithm, this work
tackles the optimization of network design. In particular, the proposed approach
isolates different parts of the networks to form circuits, eliminating (i.e. pruning) the
inter-circuit connections to force them to work semi-independently. This solution is

based on two main hypotheses:

1. A pruned network should result in a speed gain, or at least in lower-



ing the computational cost. Various neural network implementations rely
on the matrix computations that may explode if their dimensions becomes too
large. Isolating the network into circuits would convert the large matrix op-
eration into a combination of similar but smaller sub steps and thus, ease the
computation. The reduced number of weight connections would also lower the

memory requirement.

2. Modularity of the semi-dependent circuits should be beneficial to
the generalizability of the model. Useful knowledge is memorised in the
network weights. By removing some of its connections, the network is expected
to experience a loss in capacity to certain extent, which might harm the model
accuracy. However, modularity, which originates from the semi-independent
processing of circuits, would produce more distinctive learning between them.
Based on the divide and conquer theory, it is expected to achieve the ability
of automatic problem decomposition, thus compensating the losses from the

pruning process and even further improving the generalizability.

Initial (i.e. proof-of-concept) experimental results, as shown in Chapter 5, clearly
demonstrated the advantages of PC over the baseline (i.e. fully connected) mod-
els under particular circumstances. There was a significant boost in training speed,
whereas the reduction in accuracy was very modest. However, these improvements
were observed to be restricted to considerably large networks. In fact, the proposed
architecture exhibited significant variability in performance (of both speed and ac-

curacy) when implemented in smaller networks. Although it is simple to generalize



the reduction in computational complexity as a function of circuit count, the exper-
iments, in contrast, showed that performance did not closely follow the estimation.
In fact, the training speed improvements were influenced by multiple dependencies,
especially circuit-related hyper-parameters and thus, cannot be expressed as linear
functions of the complexity.

Attempts were made to explain the failures in smaller networks by two main
points. First, after destroying connections and forming circuits, there is a certain
amount of additional overhead, as the subcomponents do not function completely
independently. At particular points, they need to communicate before processing
further. Because the sizes of the original (i.e. pre-pruned) networks are quite modest,
the reduction in complexity would not be sufficient to compensate for the overhead.
In other words, the networks need to be sufficiently wide for the speed boost to
become noticeable. However, I believe my achievement is valuable, as the trending
research is tending towards much larger networks. Second, I identified the issue
of variability in accuracy within the second hypothesis. In an attempt to further
investigate the causes, a set of experiments was conducted on model sparsity (i.e. the
degree in which the network parameters are scattered throughout their ranges). The
motivation for the evaluation of sparsity was to measure the differences in learning
across circuits. Higher sparsity forces fewer network components to be active at the
same time, creating variation (or specialisation) in learning that benefits modularity.
The results showed that although the sparsity could be boosted, owing to the PC
architecture alone, the degree of sparsity is still insufficient for the automatic problem

decomposition property. Furthermore, this work attempted to improve the sparsity



by introducing penalty terms into the cost functions. However, even with better
conditions, most of the enhanced models were unable to surpass the original fully
connected network, except for a set of experiments on varying the coefficient of the

sparsity constraints.

1.5.2 DropCircuit

Although the attempts to boost network sparsity did not work as well as expected, the
result contributed to a valuable discovery. In particular, the PC approach performs
significantly better when each circuit is treated as a single unit and by creating
diversity among them (e.g. in this case, feeding them with different parameters:
penalty weight). In literature, DropOut has notable effect on preventing the co-
adaption of nodes, by simply disabling different nodes during training [163]. Inspired
from both the previous findings and the DropOut concept, I scaled DropOut up
to circuit level in the pursuit of specialized learning, called DropCircuit. Following a
similar regime, DropCircuit treats each circuit as a single, unified unit and deactivates
them in a random pattern.

Experiments were conducted to verify the efficiency of the proposed regularizer
(see Chapter 6), in comparison with different DropOut-PC combinations as well as
the baseline fully connected networks. A remarkable improvement was observed in
which better accuracy was obtained regardless of network size, which was impossible
in the set of experiments using PC alone. Furthermore, in the context of fusion with
PC architecture, it was shown that that the proposed modification of DropOut (i.e.

DropCircuit) worked better than the original DropOut.
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1.5.3 Constrained Network

Despite the great success of DropCircuit implementations (at shown in Chapter 6),
they resulted in a negative side-effect on the sparsity of the models. Owing to the
importance of modularity, it is necessary to preserve the sparsity by seeking for al-
ternative penalty terms. The proposed modification was inspired by implementations
of Non-Negative Constrained (NNC) network that penalise the negative weights in
networks, resulting in a capability to learn distinctive and part-based features [26, 76].
There exists similarities between these studies and other research on nature-inspired
constraints. However, the NNC network studies consistently treated all of the nodes
by the same constraints. It worths mentioning that in biological brains, there are
inhibitory and excitatory parts containing contrastive properties. Loosely defining
parallel circuits as high-level and repeating brain modules and following the DropCir-
cuit regime, a set of constraints is proposed, in which discriminate circuits into two
distinctive types: inhibitory and excitatory. In general, these types of circuits are
correlated with the main types of neurons in the brain, being constrained to produce
either negative or positive output connections, respectively.

Experiments were conducted, as reported in Chapter 7, to compare between pro-
posed constrained PC, the original (i.e. unconstrained) model, and the constrained
model in the literature. It is important to note that all of the implementations were
combined with DropCircuit, to emphasise the objective of being more compatible
with it, compared with the conventional penalty. The results in Chapter 7 clearly

demonstrates the dominance of my work, showing identically clear features and sparse
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weights compared to the referenced constrained models, with even better accuracy.
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1.6 Research Framework
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Figure 1.1: Research Framework
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1.7 Research Significance

The research in this thesis has demonstrated the importance of modularity in design-
ing ANN models. On one hand, large and densely connected models contain much
higher computational complexity than models that are constructed from a pool of
semi-connected subnetworks. On the other hand, although a portion of the general-
ization power is expected to be lost through the pruning process, it could be recovered
by effective learning that benefits from the diversity among circuits.

The key contributions of my research are stated as follows:

1. a new dataset for the task of vegetation classification, which is collected inside

Malaysian territory;

2. experiments comparing different standard classifiers on the new dataset, sup-

porting the model selection;

3. an efficient, modular architecture called PC, which was proved to provide signifi-

cant speed gain without harming the accuracy or requiring additional hardware;

4. proof-of-concept experiments showing the advantages of PC models on five
datasets obtained from University of California Irvine (UCI) machine learning

repository;

5. experiments investigating the sparsity of PC models, discovering the importance

of diversifying the learning process in a circuit-wise fashion;

6. a novel circuit-level regularizer, DropCircuit, that eliminates the variability in
performance of PC models, by diversifying the learning in individual circuits.
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7. experiments that demonstrate the benefits of implementing DropCircuit on PC

models, evaluated on MNIST and four of dataset used in (4).

8. a set of biology-driven constraints for PC models that cope well with DropCir-
cuit whilst preserving model sparsity, including the separation of excitatory and

inhibitory classes.

9. experiments proving the effectiveness of the constrained model, as well as prov-
ing my biologically inspired constraints are superior to those of similar works

in the literature which do not differentiate the two types.

1.8 Overview

The remainder of this thesis is organised as follows: Chapter 2 provides a brief back-
ground on VC, including its roles and challenges as well as its developmental history.
Chapter 3 reviews several standard machine learning approaches for the task. It also
includes a description of my dataset and a preliminary benchmark on this particular
problem. Chapter 4 reports the current trends in network design, focusing on the
debates on the merits of width and depth. Chapter 5 is the focal point of my the-
sis, which introduces the novel PC architecture with implementation designs. The
chapter presents a proof-of-concept experiment and another investigation on its spar-
sity. Chapter 6 introduces DropCircuit, a modular regularizer to further improve the
performance of the PC model. Chapter 7 reports a set of biologically inspired con-
straints that help preserve sparsity. Finally, Chapter 8 summarises the main findings

and contributions of the thesis.
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Chapter 2

Vegetation Classification

2.1 Crop Management

2.1.1 A Brief History of Crop Management

Throughout human history, agriculture has been considered as one of the key eco-
nomic sectors and the main source of livelihood. Prior to the emergence of agriculture,
human societies were based on hunting and gathering. The advent of cultivation is a
remarkable milestone in the history of human beings, allowing them to settle down
in one place instead of leading nomadic lives. The productivity of intensive farming
surpasses that of hunting and gathering, allowing the feeding of a greater density of
population. Furthermore, excessive production leads to accumulation for off-season
usage, thereby boosting prehistoric trading. In fact, agriculture is the backbone of the
entire economic system. Its activities provide not only food but also fibre, medicine,
fuel, and a vast variety of products that are essential for daily life or other economic
sectors. Agricultural demand has been growing day by day, proportionally to the
human population, with our quest for a better quality of life. Over 7000 plant species
are cultivated by human beings, and yet only three of these (i.e. maize, wheat, and

rice) supply half of the worlds demand [48]. Global food security is extremely depen-
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dent on these main crops. With more than 7 billion people on Earth today, it is a
fact that any yield loss, even of a very modest amount, may lead to severe damage
at the individual, community, or even societal level [160]. Therefore, by studying the
potential of underutilised crops, it is possible to find alternative supplies that can
provide more flexible solutions to ensure the food security.

In order to meet the increasing demand with limited available resources, agri-
culture practitioners have to rely on cultivation techniques (i.e. crop management).
By definition, crop management is the task of controlling and directing crop produc-
tion; it enables the provision of useful products at reasonable prices, but with an
acceptable margin of profit for farmers [160]. Initially, crop management attempted
to successfully nurture the desired plant only. Through centuries of development,
it has been maturing, striving to acquire the maximal crop yield or to improve the
nutritional value of crops, while minimising the environmental impact. In the early
days, most of the work was done manually and on a much smaller scale. Solutions
were based on one’s own experiences or passed down from generation to generation.
One such example was the recognition that higher yields could be achieved in soil
that contains a generous amount of manure and water. Knowledge obtained in the
hunter-gatherer era allowed early farmers to determine which crops was best suited
to each season. However, from time to time, wild crops were replaced by selectively
breeding species. During the industrial age, with the wide introduction of large ma-
chinery, direct interaction between farmers and their plants has been sharply reduced,
and larger fields have become the basic management unit. Intensive farming with ad-

vanced practices, such as crop rotation and artificial fertilizer, also contributes to the
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massive improvement in yield rate, while allowing the soil to relax between seasons.
In this era, uniform treatment is applied to the entire field simultaneously, resulting
in a significant cut in human labor and time consumption. However, as a trade-off
within this cultivation strategy, the treatments (of manure or herbicide) would be
inefficiently applied [109]. This waste might result in not only financial problems but
also a series of environmental issues.

Agriculture has transformed dramatically during recent decades, owing to the
rapid technological development [121]. Innovations in computing, positioning, as well
as monitoring by remote sensing have enabled the implementation of new analytical
approaches. However, the most significant movement has been the shift towards pre-
cision, or so-called site-specific management [37]. Precision agriculture (PA) provides
rich and timely information which enables farmers to effectively manage their fields,
especially at finer scales. Decisions are made based on decision support systems that
analyse the observations and measurements of field variables. Detailed investigation
could help in estimating the fields potential productivity as well as detecting different
plant stressors. Aside from crop yield, farmers have to manage the nutritional value
and the safety of products, as well as considering the guidelines on the use of agricul-
tural chemicals to minimise the environmental impacts. Information on soil, climate,
or plant conditions (e.g. moisture, nitrogen levels, pH, and rainfall) are always in
high demand owing to the emergence of these extra concerns. By adopting advanced
positioning techniques (e.g. GPS), PA practitioners create precise spatial maps of a

collection of field variables, which are crucial for this type of micro management.
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2.1.2 The task of Vegetation Classification

Multiple analysis techniques have been introduced to satisfy the numerous require-
ments coming from PA, ranging from the identification of spectral signatures of plant
species, water, or soil to the measurement of their thermal radiation. Among these,
VC is one technique that has been actively investigated in both academia and indus-
try in recent decades [18]. This trend can be explained by the fact that VC plays
an important role in a wide range of applications, especially in modern cultivation
practices [144]. For example, Xiao and Moody attempted to identify soil degradation
and desertification areas based on VC analyses, and Yang et al. utilised VC to aid
their crop yield prediction system [167, 171]. VC is also a vital component in systems
that monitor invasive species (i.e. weeds), which have attracted much interest since
the introduction of remote sensing resources. By keeping track of invasive species
spreading direction and their status, one could implement appropriate techniques to

partially control them or eliminate the threat entirely.

2.2 Vegetation Classification

2.2.1 Vegetation Classification Based on Remote Sensing

In the past, the task of VC was heavily dependent on field-based investigations and
traditional methods such as field surveys, map interpretation, or literature reviews
(169, 149, 83].These methods inevitably exhibit many limitations at larger scale. They
suffer from being subjective, time consuming, and excessively expensive. The funda-
mental cause is that the majority of works are conducted through manual procedures

which lack consistency. Remote sensing has been shown to be able to provide more
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timely and economical solutions to the problem [149]. Unlike traditional approaches,
remote sensing investigations are capable of overcoming the issues of high cost and
inconsistency, providing observations over a large area of interest and enabling auto-
mated processing [89]. These methods are advantageous for problematics task such
as providing multiple observations at different scales or investigating data obtained
over decades. Numerous research studies have been conducted on both global and
regional scales, such as [113, 82]. A more complete list can be found in [111]. Some
studies have extended the implementation of remote sensing into marine ecosystems,
as shown in the works of [161, 162] or in the review of [133]. Moreover, remote sensing
methods can be easily integrated with Geographic Information Systems (GIS) for the
simultaneous processing of different coordinated data.

Owning to the rapid development of technology, remote sensing has become a
dominant approach for both scientific research and real-life applications (e.g. map
making and disease tracking). Studies have claimed that remote sensing data such as
aerial photographs or multi spectral satellite imagery are now the primary sources for
vegetation mapping, and these implementations have achieved mixed success [169].
For instance, a combination of helicopter-based and aerial photos was utilised to iden-
tify the distribution of Melaleuca quinquenervia, an aggressive species being targeted

for eradication [105].

2.2.2 Data Characteristic

In the studies mentioned above, remotely sensed data are mostly acquired from mul-

tiple sources. Each source has its own advantages as well as limitations. In general,
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people mostly characterise a remote sensing material based on its resolution. O’Neill
and Dalsted defined the resolution of particular dataset as the quality of images or
other spatial material [115]. In fact, there are four primary types of resolutions:
spatial, temporal, spectral, and radiometric resolutions.

According to a number of studies, there are trade-off effects between the above
criteria. Tsai and Chen stated that high spatial resolution imagery can provide data
with the finest detail but at the same time, is only able to acquire within a limited
wavelength band [148]. In contrast, high-spectral-resolution data may involve up to
hundreds of signal channels but is relatively coarse in terms of spatial resolution. This
limitation can be explained by the signal-to-noise ratio (SNR), which is affected by
the calibration of sensors. Typically, the signal reflected from a target must have a
sufficiently high SNR to be observed by the satellite. The ratios increase when ob-
serving either over larger area (i.e. lower spatial resolution) or over broader band (i.e.
lower spectral resolution). A signal of simultaneously optimal spatial and spectral res-
olution would result in a low SNR and thus, would not be detectable. Furthermore,
acquiring data of higher resolution (of any type) typically leads to a sharp increase
in data volume. However, the data volume has to be balanced with the transmission
capacity. An increase in one type of resolution would be compensated by decreases

in the others.

2.2.2.1 Spatial resolution

Spatial resolution is a term referring to the quality or fineness of the spatial detail

over a display unit (e.g. pixel) [115]. This is likely the first attribute that comes
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Material Approximate Range of | General Level of Plant Discrimi-
Spatial Resolution (m) nation
Common satellite | 30 (Landsat) Separation of extensive masses
images 20 (SPOT Multispectral) | of evergreen versus deciduous
10 (SPOT Panchromatic) | forests
Small satellites > 1 (Panchromatic) Recognition of large individual
> 3 (Multispectral) trees and of broad vegetative
types
Airborne  multi- | > 0.3 Initial identification of large indi-
spectral scanners vidual trees and stand-level char-
acteristics
Airborne video > (0.04 Identification of individual trees
and large shrubs
Digital frame | > 0.04 Identification of individual trees
camera and large shrubs

Table 2.1: Spatial resolution ranges and level of recognition of some specific remote
sensing materials

to mind when evaluating any dataset, particularly in mapping or classifying appli-
cations. Higher resolution provides better detail of each object, making it easier to
discriminate. In 2006, Navulur proposed a rough guideline to define spatial resolution
[112]. A dataset could be categorised based on a parameter termed the Ground Sam-
pling Distance (GSD): low or coarse resolution for GSD of 30m or greater, medium
resolution for GSD of around 2-30m, high resolution for GSD in the range of 0.5-2m,
and very high resolution for pixel sizes less than <0.5m. The guidelines are summed
up in Table 2.1. Although Landsat satellites are the sources that have the longest
history and widest usage in the field of earth monitoring, their acquisition data are
of medium or coarse resolution only [169]. It is worth mentioning that this intrin-
sic resolution can be degraded by many other factors, including improper focusing,

atmospheric scattering and target motion.
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2.2.2.2 Temporal resolution

Temporal resolution refers to the frequency of acquiring data from the same area, or
the period of time for completing one entire orbit cycle. For remote sensing mate-
rial, especially satellite imagery, the data is acquired autonomously and regardless
of climate condition. Thus, there might be many unusable data, owing to negative
effects of phenomena such as cloud or rain [115]. An appropriate temporal resolution
will increase the opportunity to acquire high-quality (i.e. cloud-free) images from the
sensors. A temporal resolution of one day is advantageous for vegetation mapping
at multiple investigation scales [169]. As a typical example, it is possible to study
large-scale dynamics of environmental changes or to monitor the growth and distri-
bution of particular plants. However, for these applications, sun-synchrony is another
important criterion for the data acquisition. The sun shading differs throughout the
day. A scene may be completely different if is not captured at similar time of the
day. A previous study has also shown that the period of interest usually has a very
limited window [169].

Regarding temporal resolution, we could categorise datasets into either multitem-
poral or single-date. Multitemporal data are acquired on more than one day, season,
or year. This type of data has been used in many vegetation discrimination tasks
[101, 106, 140]. There have been debates on whether using single-date or multitem-
poral classification would yield better results. In particular, Langley et al. performed
a comparison of both approaches [89]. They indicated that multitemporal data had

not been widely collected for their area of interest (i.e. semi-arid environment), and
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claimed that such data would improve the accuracy, but they failed to prove their
hypothesis. However, multitemporal data analysis requires additional correlation pro-

cessing of the data to ensure consistency.

2.2.2.3 Spectral resolution

As mentioned above, a particular sensor is only capable of acquiring a fixed range
of wavelength. Spectral resolution is the attribute that represents the intervals over
which it can define a fine representation [115]. Based on this measurement, there are
two main types: multispectral and hyperspectral.

Multispectral datasets usually consist of two to four bands. They have been used
in many studies of different scales, from the regional to local level [103, 146, 166].
However, they still exhibit a number of limitations. According to Tsai and Chou,
the medium spatial but limited spectral resolution are the two factors that make it
very difficult to implement multispectral materials in species-level classification [149].
They are not specialised in any of the two resolutions, thus providing insufficient
information for the tasks. In fact, data with fewer than four bands are commonly
used for evaluating plants’ health status rather than classifying them.

Hyperspectral material involves hundreds to thousands of bands in fine quality.
For example, the Hyperion satellite has 220 channels, providing much better coverage
ranging from visible to infrared wavelengths [148]. In a series of studies, Tsai and
Philpot attempted to discriminate invasive plants in wetlands by analysing the in-situ
hyper-spectral data [150, 147]. However, owing to the large number of bands captured,

the data volume and dimensionality are usually very high [148]. Current hyperspectral
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technology still has quite low ground resolution, limiting its performance in mapping

tasks at small scale, which require high precision.

2.2.2.4 Radiometric resolution

Radiometric resolution refers to the ability of distinguishing the differences in inten-
sity, or the number of grey levels between pure black and pure white. The higher it
is, the more easily the system can observe or discriminate objects of the same colour,
or from the same wavelength. For example, Landsat sensors can acquire data within

256 levels, whereas Tkonos-2 can measure up to 2048 grey levels.

2.2.3 Current Issues of Vegetation Classification Based on
Remote Sensing

According to [149], accurate spatial information is vital for developing conservation
or restoration strategies. However, increasing the accuracy of terrestrial vegetation
analysis is a continuing challenge [125]. One of the most fundamental problems is the
surplus of data. The number of species under observation is extremely high, especially
when conducting mapping on a large scale. This is due to the fact that vegetation
has to respond to a variety of climate conditions or natural disturbances. Throughout
millions of years of existence, evolution has diversified them into an enormous number
of species and habitats [169]. Each has its own spectral range and their features are
visible within only this particular set of wavelengths. Observations thus require the
use of appropriate sensors to acquire target plant information. In particular, vegeta-
tion data is usually captured in the red and near-infrared regions, because plants are

very sensitive to illumination in this domain. Owing to the diversity of vegetation
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species, finding a particular sensor which can satisfy all the requirements alone is
considered impossible. In fact, some of the observation areas are very dense with ob-
jects of contrasting spectral characteristics. Researchers have to combine data from
many sources, which requires an enormous amount of work. In general, as mentioned
in [149], PA practitioners are facing two main struggles. On one hand, reducing the
feature dimensions is critical as it enables us the use of a much simpler description
of each species. On the other hand, because the vegetation databases involve differ-
ent measurement techniques, it is necessary to derive a global metric for the sake of
consistency. The vast data, both in terms of quantity and dimensionality, are chal-
lenging for the development of an appropriate information extraction framework to
discriminate them.

In remote sensing applications, the sensor (or satellite) could be considered as
the key device of the whole process [169]. Selecting the appropriate devices is vital
in order to maximise the efficiency of data collection. Apart from the spectral range
mentioned above, there are many other criteria, such as the mapping objective, image
cost, and occlusion. The mapping objective refers to the target of interest and the
expected detail level. For species-level observations, it is compulsory to have high-
resolution data at hand. Aerial and multispectral remote sensing data is insufficient
to produce a high-quality result with high confidence. However, it is not always true
that the accuracy of vegetation mapping would be proportional to the resolution. In
contrast, when performing tasks on a larger scale, high-resolution materials are not
always required, owing to resource redundancy. Not all of the information is useful for

the interpretation, to say nothing of noise. For example, Gougeon and Moore stated

26



that very-high-spatial-resolution data may cause difficulties for their forestry analysis
[64]. Fortunately, some successful studies have proposed alternative approaches to
overcome the above problem. Tolpekin et al. conducted a study on a contextual
classification approach and achieved some success in improving object identification
from low-resolution dataset [143]. Franklin et al. successfully improved the classifi-
cation accuracy by adding image texture into context [50]. [34, 128] indicated that
an alternative source with hyper-spectral imagery could improve the results (i.e. in-
vestment in spectral rather than spatial resolution). High cost is another important
factor that prevents the use of these materials. Finer resolution imagery may be
very expensive and thus, the cost needs to be considered accordingly for the sake
of feasibility. Better data benefits the analysis accuracy in exchange for higher ex-
pense. Occlusion is another problem due to the fact that remote sensing materials are
collected from above. There is a high probability that information of ground-based
objects or lower canopies will be missed by capturing devices [165], particularly for
dense areas. The climate conditions at the capture time also lead to the same issue,
particularly cloud coverage which hide many features of the area of interest. In order
to achieve a cloud-free image, we have to choose a sensor of appropriate traveling

cycle, or combine multiple sources.

2.2.4 The Introduction of Machine Learning into Vegetation
Classfication

As mentioned above, VC is a vital part of multiple monitoring applications. Mapping

in such applications requires the interpretation of both in-situ and remote sensing
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data [27, 49]. Recently, much attention has been paid to complex land use, in which
various types of landscape need to be characterised. However, the huge amount of
diverse, inconsistent data has become a challenge for classical methods. Automated
classification is an alternative technique that ensures the process to be objective and
reusable for similar problems [41].

Expert systems (i.e. knowledge-based approaches) pioneered the trend of incor-
porating Artificial Intelligence (AI) into the process of VC. They act as a mechanism
to hard-code the human knowledge into computer-usable form (i.e. in more formal
language). Based on this, machines are able to derive their own reasoning through
logical interference rules. However, these systems used to face a problem, so called the
‘knowledge acquisition bottleneck’ [80], which can be attributed to two main reasons.
First, the process is time consuming as it requires the interaction of both the field
experts and knowledge engineers over a long period. Second, most of the experts are
capable of expressing knowledge subjectively (i.e. inconsistently), and some struggle
to describe concepts with sufficient complexity. It is challenging to restructure these
precious resources into sufficiently explicit forms to be used by computer applications.
As mentioned in [63], the real challenge in Al is to deal with tasks that seem easy for
humans to perform but difficult to formally abstract. In fact, the issues in building
up expert system have already been recognised by many image analysis applications.

The difficulties with handcrafted knowledge leads to the emergence of a new need:
the ability of the machine to acquire knowledge by itself, through learning from the
raw data, i.e. Machine Learning (ML). Enslin et al. emphasised that it is a rising
trend in the field to apply ML approaches to GIS-supported analysis [45].
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2.3 Conclusion

This chapter briefly described the development of agriculture throughout our history,
from basic cultivation to modern site-specific management. It highlighted the impor-
tance of VC in a wide range of applications, which motivates our research presented
in this thesis.

The chapter also provided detailed insight of remote sensing data, which have
been considered as the primary source for the VC tasks. Multiple properties that
differentiate them were reviewed, as well as the challenges faced by VC. We concluded

by discussing the importance of automating the process by utilising ML.
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Chapter 3

Comparison of Standard Machine
Learning Approaches - A Case
Study in Malaysian Region

This chapter focuses on standard ML approaches, summarising their current imple-
mentation in land cover analysis applications. In addition to the review, a benchmark

was conducted over Malaysian region to support the selection of the classifier.

3.1 Related Works

3.1.1 Overview

In the development of VC, several classifiers have been applied to both research and
practice. In their remarkable review, Xie et al. categorised the commonly used al-
gorithms into two groups: traditional and improved classifiers [169]. The traditional
category includes classical algorithms, both supervised and unsupervised. Among
the supervised classifiers that are based on statistical distributions, the most popular
approach is the Maximum Likelihood Classifier (MLC) [135]. However, MLC is re-
stricted by the assumption that the data has to follow Gaussian distributions, which is

not necessarily true in complex cases [169]. The model accuracy is heavily dependent
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on how well the data fit this assumption [170]. Unsupervised classifiers, however,
are widely used in thematic mapping, especially vegetation cover mapping. These
approaches have advantages in automatically converting raw data into useful infor-
mation, as descriptors [151]. K-means and ISODATA are two typical examples for
this group [169]. However, they also possess a significant drawback. As unsupervised
classifiers do not have a mechanism for assigning new instances into existing classes,
the whole process has to be repeated whenever new data points are introduced [21].
The result may be very different from; even members of predefined clusters might
also be shifted away.

Improved classifiers refer to modern models such as Decision Tree (DT), ANN
or Fuzzy Logic [169]. These classifiers usually exhibit better performance compared
with the traditional group, especially when dealing with a high volume of data or
complex problems [47, 108]. Many studies have been focused on improving the data
extraction process. For example, combinations of expert knowledge and ancillary data
have resulted in great improvements in accuracy [56, 132]. Peddle et al. performed
a comprehensive comparison of three classifiers: ANNs, Evidential Reasoning and
MLCs [120]. In their experiment of classifying alpine forest, ANN was proved to be
superior. Hepner et al. also recommended using ANNs in a remote sensing context,
because it is not dependent on any assumption of data distribution [71].

In this preliminary benchmark, we focus on the improved classifier category and
implement eight different algorithms, namely Naive Bayes (NB), Multi-layer Percep-
trons (MLP), Radial Basis Function networks (RBF) , Deep Belief Networks (DBN),
Decision Trees (DT), Random Forests (RF), AdaBoost.M1 (AB) and Support Vector
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Machines (SVM). Most of these classifiers have been considered in different compar-
isons [19]. We arrange them into three sets of classifiers, i.e.: Neural Network family
(MLP, RBF, and DBN), Decision Tree family (DT, AB, and RF), and baseline (NB
and SVM). The first two are our main research focus, whereas the last one is primarily

for reference purposes.

3.1.2 Baseline and Reference

NB is a classifier that learns the conditional probability of each attribute, given a
particular class label [53]. However, NB is based on the assumption that all of the
attributes must be conditionally independent which is, unfortunately, unrealistic for
most real-life problems. Owing to this limitation, NB has never been widely used in
the field of remote sensing. A comparison of multiple Bayesian classifiers, including
NB, was conducted by Solarez and Sanz [136]. They evaluated the classifiers with
respect to a remote sensing classification task, and as expected, NB exhibited limited
generalizability compared with its counterparts.

SVMs represent a set of ML algorithms that were first introduced by Vapnik
in 1995 [152]. Since then, SVMs have been implemented in many real-life problems,
ranging from hand writing recognition to text categorisation. Recently, some works on
land cover classification attempted to reveal the capabilities of SVMs with regards to
remote sensing tasks [81, 180]. These studies shown that SVMs should be considered
as competent classifiers within the same league as popular models such as MLC, DT,
or ANN. In a similar study, Pal and Mather performed a brief comparison of SVM,

MLC, and ANN for two land cover analysis problems [117]. Significantly, one of them
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was to classify seven plant species from ETM+ data. They pointed out that SVM
could achieve a better result than both MLC and ANN, especially when dealing with

smaller training sets.

3.1.3 Artificial Neural Networks

By combining and alternating data features, some studies have already achieved
promising improvements in classification tasks. In particular, Tso and Oslen suc-
ceeded in using both spectral and contextual data to set up a fundamental framework
(Hidden Markov Models) for unsupervised learning [151]. The pooling of multiple
data sources is especially favoured by ANNs and has been widely studied in the field.
In 1999, Hilbert and van den Muysenberg created a model to characterise forests with
22 environmentally related features, separated into three categories (i.e. climate, soil,
and terrain) [72]. They trained a classical MLP and reported that it was far supe-
rior compared to MLC. However, multiple ecological variables (e.g. Ellenberg values
including water and nutrient availability, light, temperature, and pH) were used in
another study by Ejrnees [44]. A combination of both feature collections was also
seen in [177, 21]. In a different application, Patra et al. proposed a semi-supervised
MLP approach and compared it with three other classifiers in a change detection task
[119]. Experiments showed that MLP easily outperformed standard techniques and
obtained results comparable to state-of-the-art records.

Despites the popularity of MLPs in the field, they still exhibit several limitations
such as slow convergence, the possibility of getting stuck in local minima, and the

over-fitting problem [16]. RBF networks have been introduced as one of the alterna-
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tive approaches to address the problem. Unlike MLPs, RBF networks contain only
one hidden layer and each hidden node is associated with a particular kernel function.
In spite of their simplicity, RBF networks have been shown to (1) have a fast training
process, (2) deal well with nonlinear problems, and (3) be robust against missing
regions. However, Bruzzone and his colleagues pointed out that the model accuracy
is quite sensitive to the estimation of the kernel function’s centre and width [17]. The
work of Bastos et al. could be considered as one of the pioneering attempts to apply
RBF networks in the field [3]. According to their study, with appropriate configura-
tion, RBF networks exhibited better accuracy than the popular MLC, especially in
small training sets. In [17], a new approach for selecting RBF kernel functions was
introduced and evaluated in a land cover analysis application. The proposed method
was shown to have a lower error rate than the classical RBF networks as well as other
commonly used classifiers such as MLPs or K-nearest neighbours. Recently, Yang
et al. developed a regression model using RBF networks, aiming to relate between
different vegetation indices and agronomic parameters [172]. They empirically proved
the superiority of RBF networks over traditional methods.

The motivation behind the implementation of DBNs is mainly its capability to
learn robust features automatically [24]. When dealing with small datasets, most of
the classifiers mentioned above are proved to be sufficiently feasible by only utilising
the raw features. However, with the increasing trend in both the number of samples
and feature dimensions (i.e. the training set suffers from larger variance and noisier
descriptions), studying features with higher levels of abstraction is necessary. DL

approaches learn simple features at the lower layers, whereas latter layers are built
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on top of the learned layers and could abstract features of considerable complexity
[96]. The hidden nodes are components of Restricted Boltzmann Machines (RBMs),
which in turn are the basic components of DBNs. The study of Chen et al. on
aircraft detection could be considered as one of the pioneering works in this research
area [24]. Recently, Qi et al. conducted a thorough investigation of DBNs within
the application of urban land cover analysis [102]. They studied the performance of
different DBN variants and compared them with some common classifiers, including
SVMs and MLPs. In their experiments, DBNs outperformed the traditional MLPs
in almost every category, and showed a considerable advantage over SVMs in terms

of overall accuracy.

3.1.4 Decision Trees

According to Safavian and Landgrebe, DTs are known for their capability of breaking
down complex problems into simpler tasks [127]. In particular, a DT consists of one
root and a number of internal or terminal nodes, called splits and leaves respectively.
As explained in [52], the tree recursively divides the data set (complete at the root
node) into many subdivisions (branches). Unlike MLCs, DTs are nonparametric and
do not require any assumption pertaining to the input data. In addition, they are
said to be capable of revealing the nonlinear (or oddly, irrelevant) relationships be-
tween input instances in a natural manner. Owing to their simple tree structure, DT's
are typically fast and easy to interpret, providing useful insights into the underlying
reasoning. Towards land cover applications, DTs have already been implemented in

many studies which utilise remote sensing resources. The model is well suited for
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consistent, easy data sets (such as Earth science applications with explicit classifica-
tion structure), enabling the construction based on the user expertise only [52]. For
example, Running et al. designed a DT-based strategy for global classification of
vegetation from NDVI values [125]. In 1998, DeFries and his colleagues proposed a
global land cover classification by applying DT to Landsat images [41]. Friedl and
Brodley attempted to follow a similar approach with Advanced Very-High-Resolution
Radiometer data [52], showing the advantages of DTs over traditional MLCs. Similar
findings comparing DTs and MLCs were reported in [57] and especially in [130].

In recent years, there has been a trend to use a combination of using multiple
classifiers (i.e. ensemble) rather than one single model [58, 15]. Complex models such
as ANNs or SVMs have advantages in gaining better generalization but suffer from
lengthy training periods as well as strong dependence on fine tuning of parameters.
Weaker but faster classifiers such as DTs are more desirable for ensemble classifica-
tion, most probably owing to their lower computational complexity [22]. In general,
ensemble classifiers generate several single classification units and decisions are made
upon (either weighted or unweighted) popularity votes. The unit classifiers are con-
structed in a manner that fosters significant diversification amongst themselves. Nu-
merous approaches were introduced with respect to this property, including different
sampling in training sets, feature dimensions, target classes, or injecting randomness
directly into the models [43]. In particular, Boosting and Bagging can be considered
as the two methods that attract the most interest for both research and practical
applications. In this work, we implement AB and RF, which are two typical rep-
resentatives for the groups, respectively. They have shown excellence in the field,
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exhibiting better accuracy and robustness to noise than traditional single classifiers
[13, 43]. According to Breiman, RFs consist of a number of DTs, where each tree
is generated with a random subset of features and instances (i.e. Bagging) from the
original training set [14]. In the end, each would cast a vote towards one of the classes
and the final ensemble output is typically obtained by a simple majority function. In
a few ecological applications which implemented RF's, the performance was competi-
tive with the best available classifiers and superior to most of the common methods
(122, 91]. A typical RF study in this field is the work of Gislason et al. [59], in which
they investigated the performance of RFs over multisource remote sensing datasets.
RFs had a comparable result with other ensemble approaches but was significantly
faster. Furthermore, Pal pointed out simplicity as an advantage of RFs over SVMs,
while they show equal accuracy in a VC problem [116]. In an attempt to improve
the performance of RFs for classification of hyperspectral data, Ham et al., claimed
that the accuracy is related to the diversity within the ensemble and proposed a new
approach to enhance it [68].

AB is another ensemble classifier that was introduced by Freund and Schapire
[51]. In general, AB is a binary classifier that performs large-margin classification
by iteratively summing the weighted output of a number of weak learners [9]. There
have been multiple attempts to compare AB and RF. In the field of remote sensing,
these include the works of Chan and Paelinckx [23], Chan and Canters [22] on ecotype
mapping, and the study of Wei et al. on tree and vehicle classification [159]. These
studies share the same findings: (1) both RF and AB exhibited better overall accuracy

than common methods such as MLPs, (2) RFs are slightly better than ABs with
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regards to accuracy, and have faster training speed.
3.2 Methodology

The objectives of the following section are defined as follows:
e Design the plant dataset for the benchmark.
e Introduce the experiment framework, including the evaluation metrics.

e Investigate the capabilities of the reviewed classifiers and discuss their perfor-

mance.

3.2.1 Dataset Creation
3.2.1.1 Data Source

As mentioned in [32], many studies tend to use medium-resolution datasets for local
and national scale analysis, because significant patterns could be recognised efficiently
within this level. However, it is also true that remote sensing data is expensive,
especially at this level of detail [65]. Data availability and quality are not always
guaranteed, as rural and developing areas are generally not sufficiently profitable to
justify the required coverage. As a consequence, medium-resolution datasets, not to
mention higher-resolution ones, may be impractical for larger scales (i.e. regional or
global). Lower-resolution resources are actually more preferable in these cases.
Recently, GoogleMaps (GM) has been proposed as an alternative source for many
remote sensing applications, ranging from meteorology analysis and land cover clas-
sification to decision support for tourism [156, 54, 77]. In the work of Bernabe et al.,
it was indicated that high-resolution satellite images of many areas around the world
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could be retrieved from GM without any expense [11]. In addition, many application
interfaces as well as external libraries have been developed to assist the processing
of retrieved GM data. The interactive mapping of GM represents a significant step
forward in the field, as its application program interface (API) enables end users to
freely access the satellite data and achieve clearer understanding of the areas of in-
terest, significantly improving the functionality of applications [77]. Although much
work still needs to be done to guarantee the quality of crowd-sourced features, labels
or markers overlaid on the GM images could be an impressive boost for the evaluation
of land cover classification [41, 31].

With regards to the project, I decided to collect data from GM owing to three

main points:

1. T am tackling underutilised crops with fragmented resources; it is obvious that
high-resolution or specialised materials are not always obtainable. GM provides

us high-resolution imagery without any expense.

2. GM contains data obtained from multiple sources, which eases the difficulties

facing specialised remote sensing data.

3. The main focus is on classification logic; processed data from GM is highly

usable, which saves the cost of raw data correlation.

3.2.2 Data Sampling

The area of interest lies within the boundaries of Malaysia and external regions that

are close to the border. The dataset consists of five sets of RGB images, corresponding
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Age Density Pattern Terrain

(a) Immature (b) High

(f) Low (g) Uniform

Figure 3.1: Examples of opposing properties

to five different plants, namely palm, rubber, coconut, durian, and mango. Each set is
further divided into four subcategories with opposing properties, i.e.: age (immature
vs. mature), density (low vs. high), pattern (uniform vs. difform) and terrain (plain
vs. mountain). All images are of size 512x512 pixels and of .JPEG file type, as shown
in Figure 3.1.

For each category, 10 different samples were selected to populate the set (i.e.
five images for each opposing description). Moreover, these samples were selected
from scattered locations to maximise the diversity within each group, which partially
mirrors the properties of data acquired from heterogeneous remote sensing sources.
The ground-truth images are divided into two types: region-based and plant-based,
corresponding to the two types of classification as described in Figure 3.2. Both types

are converted into binary images for easier interpretation. Plant-based ground-truth
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consists of circular dots with different radii aiming to have the smallest fit of the tree
canopy. In contrast, region-based images identify the tree area by accepting more
errors, considering the small areas between trees as plant regions as well. In this
experiment, results are restricted to the plant-based ground-truth, which in turns
ignores the rubber subset. Because the space between rubber trees is very narrow
and their canopies always overlap with that of others, it is infeasible to discriminate
individual plants.

As the primary focus is the comparison between various classification algorithms,
I extracted the simplest feature dimension, i.e.: colour intensity. Distinct training—
testing sets were created for each plant. For each image (in grey-scale), 200 random
pixels are selected in such a way that both classes, plant (of interest) and nonplant,
are equally presented. Following this approach, it is expected to avoid the class
imbalance as this can lead to a bias towards the majority class. At each selected
location, three different convolutions were applied, with the sizes of 7x7, 9x9, and
11x11 pixels. As filter size increases, more contextual information can potentially
be extracted from neighbouring pixels. These sizes were chosen so that each window
would cover at least half of any plant canopy inside our sample images (constrained
by the selected zoom level). The same convolution approach is applied to create the
testing set. However, instead of sampling from multiple images, one random image is
selected from the dataset (of 512x512 pixels) as the validation set. Due to the fact
that the experiment is application-oriented, evaluation over an entire image (or an
entire area on the map) is more meaningful, compared to over a set of discrete points.
As the consequence, the validation set is much bigger than the training set, which is
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Dimension

Train sample Test sample 7 TOx9 [ 11x11 Class
7800 65536
(39 images, (1 image) 49 | 81 121 | (Plant / Non-Plant)

200 points each)

Table 3.1: Specification of the dataset of each plant

(b) (c)

Figure 3.2: Original image (a) Plant-based ground-truth (b) and Region-based
ground-truth (c)

different from conventional cases. The specification of the VC dataset is presented

Table 3.1.

3.2.3 Classifier Implementation

For simplicity, the majority of the experiments were conducted using the Weka plat-
form, an open source collection of data mining algorithms [67]. In particular, NBs,
SVMs, RBFs, DTs, RFs, and ABs were evaluated under Weka’s default configuration.
For MLPs, I implemented a Matlab model of two hidden layers, with 100 nodes each.
This is because ANNs typically require heavier computation, and thus a Java-based
platform such as Weka is unsuitable for the task. DBNs were built based on the
work of Hinton and Salakhutdinov [74], and its parameters were selected according

to Hinton’s hints on RBMs [73].

42



The experiments were conducted on a system with Intel Xeon Processor E5420 @

2.50 GHz and 8 GB of RAM.

3.2.4 Validation

Each classifier was trained on an identical dataset generated from one specific match
(plant, window size). The accuracy was based their performance against a randomly
chosen image of the corresponding plant subset. For validation, the Fj score (weighted

by the population of each class in the testing image) is used and being defined as:

2 2 X Recall x Precision  Class population
1 p—

Class

3.1
Recall + Precision % Total population (3.1)

F score, a harmonic mean of recall and precision, is chosen as the validation metric to
ensure the fairness of the classification. It is the fact that attention was paid only on
the Plant class (i.e. Non-Plant class has limited meaning/insight towards agriculture)
whilst the population of Non-Plant samples used to outnumber the other by a large
margin. Therefore, a weighted F} is implemented instead of plain F.

In addition, Anderson’s 10 criteria of a good VC, as indicated in his study, was

revisited, especially [1]:

1. The accuracy of interpretation for the several categories should be approxi-

mately equal.

2. Repeatable or repetitive results should be obtainable from one interpreter to

another and from one time of sensing to another.

3. The classification system should be applicable over extensive areas.
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4. The classification system should be suitable for use with remote sensor data

obtained at different times of the year.

3.3 Experiments Results

3.3.1 Traditional Classifier

As expected, NBs was the fastest classifier among the eight candidates. Regardless
of the complexity of the dataset, the training time was always less than 0.3s, with
an average of 0.175s. This record was not matched by any other classifier. In terms
of accuracy, it achieved an average F} score of 0.717. However, NB was actually one
of the most unstable classifiers. Its performance varied significantly, with the highest
and lowest Fj scores of 0.868 and 0.45, respectively. By observing the 7x7 subsets
of Durian and Palm, it is obvious that NB exhibited the largest variance between
the Plant versus Nonplant categories, demonstrating biased classification (see Table
3.2). In particular, for the Palm dataset, the Plant class exhibited a true positive
(TP) rate of 100%, whereas the true negative (TN) rate (for Nonplant) was only
6.3%. In fact, none of the three filter size had a TN rate over 10%, and the average
Fy for the group was only 0.539. Further evidence could be found in the Durian set
with contrasting figures, where 94.5% of the Nonplant class was correctly classified,
whereas the coressponding result of the Plant class was only 14.8%.

In the experiment, SVMs exhibited relatively poor performance, as evidenced by
the fact that it fell in the lower half of the ranking for half of the tests. On average,
SVM achieved an F; score of 0.7218 (i.e. 4" overall place) and 70.94s with regards to

training time. Even though this duration is much shorter than some of the classifiers
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Naive Bayes Nonplant | Plant | F-measure
T 0.807 0.437 0.836
Coconut 9%x9 0.780 0.666 0.768
11x11 0.695 0.694 0.697
X7 0.945 0.148 0.842
Durian 9%x9 0.817 0.730 0.802
11x11 0.809 0.470 0.666
T 0.626 0.792 0.696
Mango 9%x9 0.846 0.308 0.814
11x11 0.894 | 0.211 0.868
<7 0.063 1.000 0.450
Palm 9%x9 0.084 0.932 0.582
11x11 0.094 0.925 0.584

Table 3.2: Biased classification of Naive Bayes (bold indicates examples)

(e.g. MLPs and DBNs with 1859.36s and 7058.49s, respectively), SVMs lagged far
behind compared with the other classifiers on the list (e.g. RBFs with only 2.78s).
Moreover, SVMs exhibited biased classification, particularly in the Palm dataset. In

all three filter sizes, the TN rate was approximately 10%, whereas the TP rate was

close to 100%.

3.3.2 Neural Network family

MLP is the second most time-consuming algorithm, with the best record of 762.97s
and in the worst case up to 3317.32s (see Table 3.3). In term of accuracy, MLP
finished with a slightly low score (0.7209, 5 overall) but it did rank in the top three
in some particular setups, especially in the Coconut dataset.

RBF networks are said to outperform MLPs in terms of both speed and accuracy.
Indeed, the amount of time required for RBFs to finish training was only 2.78s on

average, showing much improvement compared with 2009.27s for MLPs. However,
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with respect to accuracy, RBFs were shown to be superior to MLPs in only one third
of the tests. RBF's ranked last with 0.6661 on average. Compared to other classifiers
outside the ANN family, RBFs tend to be weaker in terms of both speed and accuracy.
RBF networks also exhibited biased classification, especially in the same datasets that
NBs found problematic (i.e. Durian and Palm). The ratios between TP to TN were
99.6% to 24.8% and 12.1% to 93.9% for Palm and Durian (7x7) respectively. Having
said that, the differences between the Plant/Non-plant classes were not as large as
for the NBs.

The most significant observation one can first derive from the benchmark of DBNs
is that they took an impressively long time to complete the training phase. In partic-
ular, an average of approximately 7058.49s was recorded, three times longer than that
of MLPs (2009.27s) and thousands times longer than most of the other classifiers. In
spite of the lengthy training of DBNs, their accuracy was undoubtedly ranked as the
best. With an average Fj score of 0.7459, DBNs were the champions of our experi-
ments, followed by RFs with 0.7368. In almost every dataset, DBNs remained in the
top three. Especially in the Coconut dataset, DBNs took the lead for the first two

filter sizes and finished as the runner up in the largest (i.e. 11x11) set.

3.3.3 Decision Tree family

With an average score of 0.7013 and an training duration of 2.77s, DTs could be
considered as a fairly poor choice. In fact, although they rarely exhibited outstand-
ing results, DTs showed relatively good results in the hardest dataset (i.e. Palm).

Achieving an F} score of 0.5767 for this particular plant, DTs took the 2°¢ place after
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Duration NB MLP | RBF DBN

<7 10.07 | 1029.95 | 1.90 | 6951.01
Coconut 9%x9 | 1.39 | 762.97 | 3.73 | 7181.94
11x11 | 1.34 | 767.6 | 5.51 | 7183.68
77 1094 | 2198.78 | 2.32 | 6236.34
Durian 9x9 | 1.11 | 2303.08 | 2.91 | 6507.06
11x11 | 1.07 | 2361.55 | 2.85 | 6252.5
<7 | 1.11 | 1876.27 | 1.47 | 6401.95
Mango 9%x9 | 1.34 | 1584.65 | 2.88 | 6492.80
11x11 | 1.33 | 1643.84 | 3.29 | 6563.55
<7 |1.62 | 3088.84 | 1.90 | 9315.56
Palm 9x9 | 1.88 | 3317.32 | 3.27 | 7898.96
11x11 | 2.17 | 3171.39 | 4.32 | 7716.53

Table 3.3: Problem of lengthy training time in the ANN family (the longest training
duration is indicated in bold)

DBNs. In particular, in the 9x9 subset, DTs eventually took the lead with 0.599.

With regards to RFs (see Table 3.4), the ensemble technique of DTs has been
proved to be a competitive candidate, given its qualities in terms of both speed and
accuracy. They achieved an average training period of 1.41s (i.e. 3" place after
NBs and ABs). In terms of accuracy, RFs exhibited an average score of 0.7368 (i.e.
274 place after DBNs) and took the lead for two setups (i.e. Durian and Mango
sets, both of 11x11). However, their performance on the Palm dataset was quite
disappointing. With an average score of 0.5443, they took the 4'" place among the
eight compared approaches. In addition, presumably inherited from DTs, RFs are
bias-free, regardless of the Plant/Nonplant ratios in the testing sets.

On the contrary, ABs showed fairly modest performance with moderate accuracy

2nd

but fast training speed (3'® in terms of accuracy and in terms of speed). Sig-

nificantly, unlike the other two members of the DT family, ABs exhibited bias in
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Dataset RF AB
<7 | 0.872 | 0.825
Coconut 9%x9 | 0.817 | 0.759
11x11 | 0.768 | 0.657
<7 | 0.849 | 0.859
Durian 9%x9 0.814 | 0.819
11x11 | 0.693 | 0.667
77 | 0.728 | 0.721
Mango 9%x9 | 0.797 | 0.810
11x11 | 0.870 | 0.888
<7 | 0.569 | 0.686

Palm 9%x9 | 0.529 | 0.456
11x11 | 0.535 | 0.560
Average 0.737 | 0.726

Table 3.4: Comparison of the performance of RF and AB (better accuracy indicated
in bold)

classification, though it was not as pronounced as with NBs.

3.4 Discussion

As mentioned above, NB relies on the assumption of independence between the at-
tributes. However, in the experiment, each attribute is the colour intensity of neigh-
bouring pixels. By feeding them to the classifiers, it is expected that the relationships
between pixels to be revealed as the process progressed, thus totally contradicting this
assumption. As expected, in terms of overall performance, NBs failed in our experi-
ment.

Across individual experiments, one of the most common problems is the biased
classification (i.e. between Plant and Nonplant classes), which violates Andersons
second criterion for a good vegetation classifier. This issue was particularly prominent

in NBs, RBFs, ABs, and SVMs (i.e. four out of the eight classifiers being considered).
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In some extreme cases, the accuracy was nearly 100% for the biased class and less than
5% for other. In consequence, the evaluation metric suffered significantly from this
phenomenon. In particular, if the biased plant is of the majority class but not of our
interest (e.g. of the Non-plant class and we are trying to locate the plant of interest),
we achieve a classifier with high score (owing to weighting) but which is practically
unusable. In my experiments, attempts were made to overcome this problem by
creating balanced training sets with equal counts for each class. However, it is believed
that the main culprit lies not within sample count but within the sampling technique.
In the dataset, especially for nature sites with inter-cropping between plant species,
noise occurs frequently and it is difficult to obtain a good (i.e. clear, noise-free)
sample of the plant. Furthermore, as the seed coordinates were picked randomly,
there was a high probability that the whole tree canopy was not included in the
patch, and that there was a mixture of tree canopy, either of same or different species.
Therefore, owing to the random sampling technique, the generalization was greatly
reduced. However, preprocessing and feature extraction techniques help decrease this
ambiguity. Working purely in the grey-scale domain is not an effective way to deal
with noisy vegetation datasets, although it is considered to be necessary in this study
to assess the raw potential of different classifiers. In unreported experiments, it is
confirmed that using simple edge detection and enhancement techniques can indeed
further improve the accuracy results.

Among the eight classifiers being evaluated, RFs and DBNs were shown to be the
best candidates for the task. It should be emphasised that neither of them suffers

from the biased classification mentioned above. In particular, DBNs are the most
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accurate classifier, with a leading average Fj score of 0.7459. However, they suffered
from a serious problem with respect to training speed. RFs lagged slightly behind
with a score of 0.7368, but was ssignificantly faster than DBNs. RF is a nonparametric
model, which is only concerned with the number of trees. Simply put, the more trees
RF has, the better it performs, but it has to trade off performance for complexity.
Additionally, owing to its random nature, RF shows little to no potential for further
studies in the problem domain. On the contrary, there is an increasing trend of using
DBN and DL in general, which have the capability to discover features on different
levels of abstraction. Therefore, I decided to implement ANN variants as the chosen

vegetation classifier.
3.5 Summary

In this benchmark study, several common approaches for the task of VC were re-
viewed, particularly reporting their current implementations in the field of remote
sensing. A new dataset with regards to the area of interest (i.e. Malaysian territory)
was proposed for the validation of these models. Overall, the results have showed
the superiority of RFs and DBNs over other classifiers. RFs proved their superiority
over ABs, which is an interesting finding, given that the two approaches are among
the main competitors within the ensemble category. However, DBNs clearly demon-
strated their potential in spite of lengthy training. Based on these lines of evidence,

I have selected the ANN family, represented by DBN, as the classifier for the system.
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Chapter 4

A Study on Neural Network
Design

4.1 The Hype of Representation Learning

Representation learning, often equated with DL, is an emerging research area in the
field of ML [5]. The empirical success of DL has contributed to many breakthroughs in
various problems, especially in perceptual domains such as computer vision or audio
processing. In some particular tasks, DL dramatically improved the state-of-the-art
result and eventually achieved human-level performance [175, 28].

Many research studies argue that the main driver of its phenomenal success is the
ability to derive better representations from the raw data. As mentioned in Chapter
2, classical approaches showed limited success in converting raw data into an or-
ganised, usable form (i.e. representation). In order to overcome this problem, they
were fed with handcrafted features, which is both time- and labour-intensive. Owing
to the emerging need for automated processing, robust models have become more
preferable with their capability of building up the reasoning autonomously (i.e. ML

approaches). Fortunately, the past few years have brought a surplus in data volume,
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along with the introduction of more efficient algorithms and more powerful hardware.
These foundations have leveraged the hype, making it feasible to learn directly from
raw data, without much human interference in the process [126]. However, for many
classical (early) ML models, their performance is heavily constrained by the represen-
tation of input data [63]. One possible explanation is that these models are restricted
to exploring only the direct mapping from the input (i.e. raw) representation to the
output. For example, upon being given an image, logistic regression may point out
the correlation between each pixel and different outcomes but hardly yield any useful
prediction. Many models perform very well with the right types of features but it is
challenging to produce such representation. For those tasks in which humans have
an advantage (e.g. digit recognition), we could easily break down the problem and
abstract the critical features (e.g. dots, strokes) from experience. However, it is diffi-
cult for machines to define them in terms of raw pixel values. In general, classical ML
approaches exhibit many weaknesses in encapsulating raw data into those meaningful
features for the sake of better accuracy.

To address the problem, as mentioned in [63], it is a useful practice to expand the
learning, not only in direct input—output mapping but also in forming immediate,
higher representations on top of raw input, termed as DL. This new approach is
claimed to (1) usually produce better accuracy than handcrafted representations,
(2) be more robust to various tasks with limited human intervention. Briefly, a
deep model is a composition of multiple progressive transformations, each of which
is built on top of simpler representations in the previous layers. The increasing
level of abstraction plays an important role in DL. More abstract representations

52



are potentially empowered with better generalizability whilst showing resistance to
irrelevant local variations. Unlike conventional kernel machines which struggle when
the functions involve varied phenomena (e.g. functions with more wrinkles, objects
under different shading), deep models suffer less from such smoothness constraints
[5].

In spite of these successes, the research on DL is still far from complete. Deep
networks face many problems, both old and new (e.g. vanishing gradients, diminishing

feature reuse, degradation, and lengthy training time):

e Vanishing gradients: One of the most challenging problems is that of van-
ishing gradients, which is exacerbated by increasing depth [8]. The term refers
to the phenomenon by which error gradients attenuate significantly as they are
propagating backwards. With the gradient magnitude approaching to zero, the
evolutions in earlier layers become stuck and saturated. It was proved in [66]
that the gradients themselves are smaller after travelling only one layer from
the output and their variance also decreases along the path. The issue is be-
lieved to originate from the back-propagation algorithm rather than the ANN
itself. The gradient computation of conventional activation functions, such as
the hyperbolic tangent or sigmoid function, compresses a large range of input
to a very narrow region that is usually close to zero. Therefore, the propagation
to early layers, which includes the repetitive multiplications of tiny gradients
with small weights, results in a rapid vanishing of the gradient magnitudes. For

further insight into the issue, the reader is referred to the detailed analysis by
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Glorot and Bengio [60].

e Diminishing feature reuse: In contrast to the vanishing problem, this term
refers to the washing out of information when propagating forwards, which has
the similar cause (i.e. repetitive multiplication) [78]. The issue prevents later

layers from utilising the features that are computed at earlier layers.

e Degradation: In [164], Kaiming et al. identified a problem in which test
accuracy saturated and degraded quickly as more layers were stacked in the
model. According to the authors, as opposed to the commonly held explanation,
overfitting was not seen as the actual cause, because it happens when the model
fits the training set too well, whereas they observed that training errors were also
increasing. The authors referred to this problem as the degradation problem

and claimed that the difficulty in optimization is in fact the main cause.

e Long training time: Heavy computational overhead is a well-known problem
for ANNs, which has become a serious concern as networks have become in-
creasingly deeper and larger [66]. The state-of-the-art networks involve a very
large number of nodes and connections, which is problematic not only for model
implementation but also for optimising parameters. In fact, the computation in
both the forwards and backwards phases scales linearly with the network depth
[78].

The trends in ML are undergoing a shift from feature engineering to network engineer-
ing [168]. Traditional handcrafted features become infeasible in large-scale applica-

tions, most probably owing to the dependency on human intervention. Recent models
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tend to be more flexible, with the capability to be transferred between different tasks
which, in turn, lessens the importance of problem-specific features. Transfer learning,
for example, is an approach that creates a learner for a target domain by transfer-
ring knowledge from another model trained on a related domain [118]. One typical
application is to build a cross-language system (e.g. translator). A model trained on
a widely supported language (e.g. English) would be transferred into similar systems
of other languages which have fewer labelled data (i.e. uncommon domain) [99].
Recent efforts by neural network researchers have been accelerated in multiple
directions, from efficiently enlarging current models to introducing novel architectures.
New activation functions, with reduced tendencies to saturate, such as ReLU [61]
and softsign [10], were introduced as alternatives to traditional functions such as the
sigmoid and hyperbolic tangent. DL has become increasingly feasible with the support
of specialised hardware systems (e.g. multicore central processing units (CPUs),
graphics processing units (GPUs) , and high-performance computing). The hype
in DL is expected to enjoy a steady increase in the coming years, in both industry
and academia. In this work, my interest is in drawing representational power from

network structural design, which involves several arguably controversial opinions.

4.2 To Go Deep or Wide?

4.2.1 Deep Networks

Deep networks have been around since the 1980s, but these model were rarely used ow-
ing to infeasibility of optimization. In particular, networks introduced by Ivakhnenko

in 1971 were described to be eight layers deep [84]. Fukushima’s Neocognitron made
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Figure 4.1: Evolution of Depth and Error in ImageNet Competition
Year Models Deepest path | Error Rate (%)
2012 AlexNet [88] 8 15.3
2013 Optimised AlexNet [174] 8 11.7
2014 VGG [46] 19 7.3
GoogLeNet [142] 22 6.7
2015 ResNet [164] 152 3.6
2016 | Ensemble of ResNets and Inceptions N/A 3.0
2017 Dual Path Network [25] 131 3.4

Table 4.1: Details of ImageNet Winning Models
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its first appearance in 1980 but with many similarities to modern deep architectures
[55]. Actually, as argued in [63], the models of the 1980s worked quite well but were
too computationally expensive for the hardware available at that time. The year
2006 was thus the beginning (or revival) of the DL era, when Hinton and colleagues
introduced a breakthrough paradigm for training deep networks, thereby ending the
criticism of their inefficient training [74]. From that point onwards, multiple models
and algorithms were introduced, strengthening the superiority of deep networks over
shallower counterparts. Around 2008, the trending research was on unsupervised pre-
training [7]. Experiments showed that it helped to start supervised training closer to
better local minima. Convolutional Neural Networks (CNNs), have become extremely
popular in multiple domains (e.g. speech recognition [178], natural language process-
ing [35]), and especially in computer vision with the notable success of AlexNet in
2012 [88]. In the ImageNet annual competition (i.e. one of the most competitive
datasets in research), AlexNet is the pioneering deep model with only eight layers,
which successfully improved the state-of-the-art record of 26.1% to 15.3%, details
could be seen in Figure 4.1 and Table 4.1. Since then, progressively deeper CNNs
have been investigated (e.g. VGG - 19 layers, GoogleNet - 22 layers) and have con-
tinuously broke the record (e.g. 6.7% in 2014) [46, 142]. A year later, the champion
was Residual Network (ResNet) with a phenomenal depth of 152 layers. The latest
competition (i.e. 2017) announced the final winning result of only 3.4% testing error,
obtained with an ensemble of 98- and 131-layer deep networks.

In the breakthrough 2015 paper of ResNets, apart from the winning 152-layer
model, the Microsoft Research team successfully trained an enormous 1202-layer net-
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Figure 4.2: Illustration of (a) ResNet and (b) DenseNet blocks

work [164]. Despite the success from the perspective of training convergence, the
model did not surpass the result (in terms of test accuracy), which they obtained
with a shallower network of 110 layers. In fact, Highway Networks were the pioneer-
ing work on skip connections and the first to introduce a model with 100-layer depth
[139]. ResNets followed the idea with only the identity shortcut. Motivated by the
degradation problem, whereby performance degrades when stacking more layers in the
network, the ResNet authors hypothesised that by stacking identity mapping layers
on top of a learned shallow model, the resulting network should not produce any addi-
tional errors compared with the original one. Similarly, proposed model implemented
a residual structure in which each micro-block involves both multiple nonlinear layers
and an identity shortcut mapping the input straight to the element wise addition at
the end. Therefore, once early blocks sufficiently fit the data, extended layers would
simply bias their weights to embody identity pathways.

In late 2016, Huang et al. proposed DenseNet which was one core component
of the winning model of ImageNet 2017 [78]. DenseNet produces comparable results
to the state-of-the-art ResNet but was proved to be more computationally efficient
[25]. Typically, DenseNet uses skip connections to bridge all layers directly together

(see Figure 4.2 for comparison with ResNet). However, in order to preserve the feed-
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forward nature, only paths that connect the current layer and its subsequent layers
are allowed. Similar to ResNet, DenseNet takes advantage of shortcuts to enjoy the
extra features learned in previous layers. In contrast to ResNet which uses summation
as a merging function, DenseNet concatenates the incoming data [78]. In this way,
it is said to produce the final decision based on the information learned at all layers.
However, the obvious weakness of this approach is that the joint feature maps may
grow linearly when the network goes deeper. This causes the number of parameters
to explode, leading to enormous memory consumption. For this reason, the DenseNet
feature maps used to be very narrow. Despites the above problem, feature reuse, as

emphasised in the paper, is the key property of DenseNet that leads to its efficiency.

4.2.2 Wide Networks

e Complexity: Shallow networks are usually not expressive enough to encap-
sulate complex concepts [6]. The expressive power of a model is argued to be
strongly correlated with network depth [66]. As mentioned above, the advan-
tage of having multiple layers is that the network can learn features at various
levels of abstraction. Deep models seem to be better at generalizing because
they learn all the intermediate features between the raw data and output. How-
ever, standard shallow ANNs, such as MLPs, with single but sufficiently large
hidden layers can theoretically approximate any function [94]. Increasing the
width of networks is thus generally believed to improve accuracy significantly
[134, 40]. However, this is also their main weakness. Fitting so well means that

they become better at memorisation rather than generalization (i.e. more prone
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to over-fitting). In other words, a very wide network may memorise all the pos-
sible input—output pairs but would not be able to make any proper prediction
on unseen data. However, when being put into practice, shallower networks are
harder to train compared to corresponding deeper networks, especially when be-
ing constrained by a parameter budget (which explodes exponentially to achieve

similar generalizability) [173].

In fact, under similar parameter bounds, in the literature we can observe two
contrasting trends: deep networks with narrow components and shallow net-
works with very wide layers. Contrary to conventional ResNets, the authors in
[173] proposed an approach using networks that were wider rather than deeper.
They observed that thin (bottle-neck) blocks are more favoured in the origi-
nal version and tried to address the problem of identifying how wide the block
should be. However, as shown in [40], the benefits of investing in widening a
network decrease rapidly. Dauphin and Bengio tracked the number of errors
removed per additional hidden unit (return of investment). They found that it
would reach a plateau and even level off from that point onwards, which contra-
dicts the arguably common expectation that it would at least remain constant.
Despite that, the authors in [173] succeeded in training a competitive model
with only 16 layers that outperforms all the deep (i.e. 152 layers) counterparts

in the original ResNet paper.

Gradient flow: In contrast to deep networks, shallower networks are believed

to provide more efficient gradient propagation, of both the forward and back-
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ward directions [78]. Therefore, these networks enjoy an advantage in execution
and convergence speed. They are also less prone to the vanishing gradient prob-
lem, as there are fewer multiplication steps in computing the gradient at earlier

layers.

Effective training: Although recent breakthroughs in training very deep net-
works (e.g. more than 1000 layers) are remarkable achievements, whether deep
networks are superior to wider (and shallower) models is still controversial.
Since the introduction of VGG and AlexNet, many studies believed that deep
networks with tiny kernels are the key to increasing the learning capability
[25]. On the contrary, Veit et al., for instance, have denied the importance of
very deep layers in ResNet [153]. They stated that the very deep architectures
contradict the design principle found in biological systems, whereby a complex
concept can be captured within just a few layers. Significantly, on a trained
network, the authors experimented by removing random individual layers, and
surprisingly found that the operation had a very modest effect on the perfor-
mance. Instead, ResNet behaved smoothly corresponding to the number of
layers being removed or shuffled, showing a loose connection between the paths
as well as an ensemble-like characteristic. However, the study also pointed out
the role of effective paths, which turn out to be the shorter paths in the model.
The experiments also showed that the magnitude of the gradient decreases pro-
portionally to the path length, with the result that long paths did not contribute

much towards the learning (i.e. the vanishing gradient problem).
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The identity shortcuts which allow the gradient to flow freely in the network
are, at the same time, its weakness. ResNet is believed to be biased towards the
identity pathways rather than the non-linear side. There is no guarantee that
data would go through the residual block which means learning nothing valu-
able. As a consequence, it is possible that many blocks do not contribute much
towards the final decision, showing a degree of redundancy. The statement
is further strengthened through the investigation of Highway networks [139],
which are the original form of ResNet, and where the probability of choosing
the identity path is proven to be higher. Larsson et al. [90] proposed Frac-
talNet, which is an alternative approach to ResNet, where they argued that
the residual structure does not contribute much to the training of very deep
networks, but rather the actual path length does. Instead of stacking similar
blocks together, FractalNet emphasises modularity and introduces an approach
to transform and enlarge networks that generates a fractal architecture (i.e.
modularly enlarges the networks in both depth and width). Notably, in their
experiments, the deepest column extracted from their model alone yielded very
competitive results compared to the original ResNet. As mentioned above, the
more effective paths in ResNets tend to be the shorter paths, whereas the per-
formance of this deepest column (path) in FractalNet proves that it trains very

deep networks more effectively.

Implementation: Stacking up modules in a sequential fashion in ResNet does

not bode well for parallelization and the utilization of GPU computation. There-

62



fore, wider components allow models to be more computationally effective by

employing parallel computation solutions.

4.2.3 Multibranch Architecture

As stated by Xie et al., although improving performance by increasing capacity (both
width and depth) is quite common, there are few methods that improve accuracy
without creating extra complexity [168]. The study introduced an architecture based
on the split-transform-merge strategy of Inception models [142], with an emphasis on
simplicity, called ResNeXt. The authors argued that stacking modules in a simple
vertical fashion reduces the choice of optimization. Thus, they split each module
into subcomponents before aggregating at the end. This strategy has actually been
adopted by several other studies [28, 155], which however required additional effort
for augmentation or tailoring at each path (e.g. special preprocessing and pyramid
resolution). As a result, ResNeXt achieved better accuracy compared to an equally
large ResNet. In addition, the authors introduced cardinality, a new hyper-parameter
to represent the number of subcomponents (i.e. transformations). The experiments
showed that it is a better and more robust approach to improving accuracy by en-

larging networks, rather than expanding only depth and width.

4.3 Conclusion

DL has contributed to multiple frontiers, achieving the state-of-the-art record in var-
ious different tasks. This chapter briefly reported the concept and the motivation

behind it, as well as some of the current challenges in the field. In short, learning
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different representations with increasing levels of abstraction is the key to the success
of DL. Although DL achieved superhuman performance in a number of tasks, the
research on DL is still far from completed, with multiple unresolved problems.

In addition, as discussed, the trend in DL research is moving towards network
engineering, but the designing of better architectures is still a challenge. This chapter
focused on the debate between the width and depth of the network, and the question
of in which of these it is more beneficial to invest. Different opinions supporting both
sides were reported together with recent advances and evidence. To sum up, within
a parameter budget, a wider (and thus shallower) network provides a quicker answer,

whereas the deeper counterpart enjoys better accuracy.
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Chapter 5

Parallel Circuits

5.1 Motivations

In Chapter 4, DL was shown to be one of the most phenomenal research directions in
AT today. The accuracy of DL models far surpasses classical approaches in multiple
domains. Efforts in enlarging trainable networks, especially in terms of depth, have
been paying dividends, but numerous studies have been conducted simultaneously
to push forwards many frontiers [90]. In Chapter 3, I have compared various ML
approaches over our specific VC datasets and proved that DL was the best candidate.
Thus, this research is centred on DL or ANNSs in general.

The contribution is motivated by the debates on network design, and directly by

the problems I faced in the preliminary benchmark, particularly:

e Reduce computational expense: A serious problem was observed in the
preliminary experiments, highlighting the fact that DL (and ANN approaches
in general) took thousands of times longer than other models to finish train-
ing (see Chapter 3). Therefore, one of the primary research motivations was

to address the lengthy training time of DL models. In addition, the under-
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lying computation of DL is famous for the optimization of a massive number
of parameters (see Chapter 4). Such tasks suffer from not only difficulties in
fine-tuning but also heavy overheads of time and resources. In the scope of this
work, I attempt to tackle the problem of computational expense rather than

only the training duration.

Algorithm over hardware: In the literature, there are a number of studies
proposed to speed up the training, at both the hardware and algorithmic levels.
The hardware-based solutions vary, ranging from GPU-accelerated computing
[88] and distributed computing [42] to highly specialised hardware architectures
such as field-programmable gate arrays [176] or neuromorphic computing [129].
However, the approaches that take advantage of modifications of learning al-
gorithms tend to reduce the computational complexity. For example, Cong
and Xiao modified the computation in convolution operations [36]. Jaderberg
et al. [85] addressed the redundancy in feature maps, and Shi and Chu [131]
attempted to remove the nonbeneficial zero operands. A combination of both
types can be seen in [110], which traded the precision in arithmetic computation
for speed. However, the former approaches usually require extra expenses and
tailored implementations to match with the special components. Therefore, I

decided to develop the solution without introducing any additional components.

Supporting parallelism: Many research studies have been carried out to
reduce the overhead. Hardware accelerators are one straightforward research

avenues direction that have shown a lot of success. Taking advantage of GPU
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computing with large tensors can speed up the computation by one or two orders
of magnitude. The capabilities of computer hardware are no doubt increasing
enormously, but the main computational power would be mostly drawn from
parallelism techniques such as multi GPUs, multicore CPUs, or cluster comput-
ing. Unfortunately, the majority of state-of-the-art models (e.g. GoogLeNet,
ResNet, DenseNet) are inherently sequential (i.e. each subsequent update re-
quires the models to finish the computation on the current layer). As stated
in [4], the current fashion in training (i.e. sequential with very deep networks)
is becoming less efficient day by day. Parallelism is almost inevitable in DL.
On one hand, the surplus of data, which is one of the main drivers to DL, is
growing dramatically. On the other hand, it has been empirically shown that
larger models could yield better performance. It is a fact that the capacity of a
given hardware component (e.g. memory, CPU), or even a single computer is

limited and would not be sufficient to fit either the model or data alone.

Width over depth: There is still much debate over whether investing in width
or depth would return more benefit. However, by its nature, a wider network
would cope more efficiently with parallelism-based solutions owing to the ease
of distributing the workload (i.e. simultaneously processing samples with nodes
on separated devices). Deeper networks, in contrast, usually consist of very
narrow components for the sake of complexity, which obviously does not favour
parallelism. Nevertheless, from the results shown in [40], it has been proved

that there exists wide networks with similar generalizability to their deeper
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counterparts. However, one of the main critiques against wide networks is the
difficulty in optimization. Usually, to achieve the same level of accuracy, wide
networks require exponentially more components (or parameters). Therefore,
in [40], as mentioned above, these wide networks are created by mimicking (i.e.

approximating) the pre-trained deep networks, not by learning from scratch.

Despite the ground-breaking achievement of ResNets and its variants, the most
effective guidelines for building these deep models have not yet been entirely de-
termined. The literature has shown that the current models are not so efficient,
as shown in Chapter 4. In ResNet particularly, a considerable proportion of
residual modules do not contributes toward the final decision [153]. Therefore,
it has been shown that deeper paths have little influence on the learning, while
highlighting a degree of redundancy. Although later studies such as [90] pointed
out that they could train the deepest path efficiently, the performance of very
deep networks did not surpass that of the shallower models. In other words,

over-investment in depth did not pay the dividends.
In general, the proposed model would:
1. Favour width more than depth to support the concept of parallelism and
to reduce the degree of redundancy.
2. Not be limited to imitation approaches (i.e. mimicking pretrained models).

3. Not discourage the investment in depth as it has many helpful benefits
apart from the the narrow components. In fact, this would explode the
model complexity, and thus an alternative solution to refine the model is
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necessary.

e Modularity Recent research efforts on enlarging both the depth and width of
networks have shown a continual improvement in different tasks. However, a
gradual trend towards modularity is becoming more notable and showing much
potential. Modularity also plays a significant role in parallelism, and thus it is

expected to encourage this property in the model.
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5.2 Parallel Circuits

Inspired by one of the nature’s solutions for heavy workloads, an alternative, more

lightweight architecture was proposed, i.e. PC.

5.2.1 Biological Inspiration

The evidences for parallelism is revealed in various biological structures. For example,
the human retina consists of multiple cell types, perceiving different perspectives of
our surrounding (e.g. three types of cone cell correspond to three spectral regions in
spectrum band or the rod cell is sensitive to low light levels) [157]. The projection
of visual signals from our retina to our brain is also organised into various parallel
routes. Each receptor is wired to a dedicated subcortical area, associated with a
different visual feature (e.g. contour, brightness, colour, or motion direction) that
processes simultaneously [62]. In fact, brain organisation, in general, seems to be
guided by principles of parallelization and modularity. Although the advantages of
these principles have long been discussed in both biological [123] and artificial domains
[124], a complete understanding of how to implement them effectively remains elusive.
This probably explains why these principles are not commonly found in competitive

ANN benchmarks.

5.2.2 Definition

To form a PC architecture, a standard fully connected network (e.g. MLP) is divided
vertically (i.e. layer by layer), forming a series of independent subnetworks called

circuits. In general, Parallel Circuit ANNs (PCANNs) may consist of circuits with
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Figure 5.1: Tllustration of ANN (a) without and (b) with PC architecture. Discarded
connections are depicted as red dashed lines.

different widths and depths (refer to Figure 5.1 for a simplified diagram of a PCANN).
It is worth mentioning that these circuits share the same input and output layers.
In other words, the division is only applied to hidden layers. Thus, compared with
MLPs with the same number of nodes, PC models reduce the number of connections
in hidden layers by a factor of k, where k is the number of equal-sized circuits being
used.

According to the definition of PC, for circuit &, the input sum for the hidden node

1 over layer [ is computed as follows:
niﬂ_l
Zhp = brp Y Yy Wkl (5.1)
J

where nﬁ;l is the number of hidden nodes in layer [ — 1 of circuit k, ykéfl represents

the output of node 7 in circuit k£ and layer [ — 1, wk%_l

represents the weight of the
connection from node j in layer [ — 1 to node ¢ in layer [, in circuit k, and bké refers to

the bias of node i in layer [, in circuit k. The first hidden layer is actually a special
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case, as all circuits share the same input layer (I = 0). Therefore,
yl? = ?/2? == yk? = x; (5.2)

The input for the output layer of nodes (referred to as ‘out’) is equivalent to a hidden

layer that concatenates the last hidden layers of all circuits (penultimate layer or PL).

Yot = (zg)L,sz,...,z,fL) (5.3)

Considering the case of a PCANN with two circuits, where the weight matrix for the

last layer L is W and its input is X, we have at L:

X = [X17X2] (54)

W = [Wy, Wy (5.5)

where [ , ] refers to horizontal concatenation. The element wise addition at L is then:
WTX = (W, Wo] " [X1, Xo] = WX, + W X, (5.6)

Thus, by splitting the network into two circuits, and performing the sum of element-
wise additions of distinct weight matrices, it ensures that the concatenation of infor-
mation coming from both circuits is done correctly, allowing the discrete computation
of each circuit up to the last layer. Therefore, Eq. 5.1 for the output layer could be

rewritten as:

ll:L
out __ jout PL outPL
=00 ) D g X (5.7)
ko J
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5.2.3 Hypotheses

In a two-hidden-layer network, denote the number of nodes in the input layer, output
layer, 1%, and 2" hidden layers as I, O, H,, and H,, respectively. Then, the number

of free parameters (ignoring bias) are:

]XH1+H1XH2+H2XO (58)

For each circuit in a k-circuit model:

H H H, H
Ix?+?x?+7x0 (5.9)

Multiply by k, the total number of parameters is:

H, x H
]><H1+%+H2><O (5.10)

Based on Eq. (5.10), it is clear that the reduction in the number of connections
takes place between the hidden layers. This fact also defines a crucial assumption of
PCANNS, that the network should have at least two hidden layers. Otherwise, there
would be no benefit (i.e. reduced complexity) from the subdivision of the networks .

In general, the research on PC architecture is centred on two main hypotheses:

1. Speed boost: It is reasonable to expect speed gains from the fact that PCs
use fewer connections compared with the original fully connected networks. In
addition, it is clear that PCs would be more optimised for parallel processing

as the inter-circuit communication is highly restricted.

2. Generalizability boost: It is probably more controversial to hypothesise that
PC architectures are advantageous in terms of generalization. In [104], a re-
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ported ANN training protocol was characterised by problem decomposition (re-
peatedly switching between multiple goals, each with several subgoals), leading
to the emergence of modularity. Provided that modularity is already achieved
through the independence of PCs, I conversely hypothesise that this architec-
ture should exhibit the property of automatic problem decomposition. More-
over, and in accordance with the divide and conquer principle, this automatic
problem decomposition can further be hypothesised to improve generalization

[36).
5.2.4 Learning Algorithm

There is no significant change in the control flow of the backpropagation (BP) algo-
rithm (see Algorithm 1). In the forward phase, each training sample is pushed into
the circuits through the shared input layer. As circuits are independent except for
the input and output layers, most of the circuit computation can be entirely paral-
lelised and performed separately. The forward phase stops as soon as information
reaches the last hidden layer (penultimate layer - PL). To compute the final output,
each circuit contributes its last hidden layer as part of the input for the output layers
activation functions. Theoretically, there would be a concatenation operation before
entering the last layer (see Eq. (5.3)). However, the parallel pipeline was maintained
by multiplying each circuit with an associated submatrix and aggregating at the end
(see Eq. (5.7)).

In the backward phase, the computed error and gradient of the whole network is

duplicated to each circuit in such a way that they are seen as individual networks.
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From that gradient, the delta values for both weights and biases are computed layer
by layer for the updates. Similar to the forward phase, this process could be entirely

parallelised across circuits.

Algorithm 1: Gradient Descent on Parallel Circuits
input: number of circuits n
weight matrix of reference MLP model W
bias vector of reference MLP model b

begin
/* initialise */
for each circuit ¢ do
for each layer k do
wF «— initialise as weight matrix of size |W¥||/n
L b¥ <— initialise as bias vector of size ||b*]|/n

w +— initialise as weight matrix of size |[W“||
bt «— initialise as bias vector of size ||b“||

/* main */
for each training batch z° do
/* propagate forward */

for each circuit « do
input for first hidden layer z"? +— 2"
propagate across k layers

calculate output of last hidden layer a?"

i
input for output layer x°* «— concat(al")
output aout « h(bout + Wout l,out)

/* propagate backward */
calculate error term E
for each circuit + do

imaginary output error term E; <— E

backpropagate

update
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5.3 Related Works

The idea of parallelism is not new in the field of neural networks. Although past
studies involve some form of modularity and parallelisation, they do not implement
the exact type of parallel architecture we proposed. In fact, my approach might be
interpreted in different ways. On one hand, it is closely related to techniques in
cluster computing. Node parallelism [145], network parallel training [39] or vertical
partitioning [141] are similar approaches that slice the network vertically, whereby
each subnet is handled individually by a processing element (PE) of the cluster. Be-
cause the training sample is processed by all PEs in parallel, communication between
them is necessary, which thus creates some extra overhead. Significantly, these models
maintain the networks total connections and speed up processing by simultaneously
updating these subnets weight matrix. In contrast, my approach eliminates some
of the inter-circuit connections, reducing the computational load and consequently
increasing the speed of training and classification.

On the other hand, the PC approach could be viewed as a form of pruning. In
the literature, this technique has been widely used to simplify large networks, by
identifying and removing redundant nodes and/or connections [20]. This pruning
phase is typically followed by a retraining step to ensure the model can adapt to the
reduction [69]. The proposed approach interprets the solution differently. It actually
did pruned the network, but not to eliminates weak nodes. As mentioned previously,
I believe that one of the advantages of my approach pertains to automated problem

decomposition, whereby each circuit learns to specialise on a subcomponent of the
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given problem. My ‘model pruning’ separates circuits, forcing them to work semi-
independently. Typically, both standard pruning techniques and my approach aim to
reduce the computational cost without having a negative effect on generalization. In
fact, it was argued in [79] that pruning techniques are not always practical and can
often only be done through a computationally expensive process of trial and error.
However, this does not apply to our PC architecture, as the pruning is applied prior
to the training.

Some notable exceptions include CNNs [93, 87], which also draw inspiration from
the visual system’s highly parallel nature. One crucial difference from this approach
is that it does not enforce weight sharing, but instead, focus on the semi-independent
learning across circuits. However, these studies support the hypothesis with respect
to modularity and generalizability. In fact, the approaches described in [107, 30] are
more closely related to my assumption. Mitra and his colleagues created an ensemble
of deep CNNs with model averaging [107]. Their computational unit was a column
(deep CNN), which was designed to be independent, and where each column handled
a duplicate of the training sample or a version distorted by different filters. For the
work on the Lidar dataset [30], they implemented a hybrid approach involving ANNs,
SVMs and RBFs. The key aspect of their design was that they structured the ANNs
to process information in parallel before feeding into to SVMs for a final decision.
The same training data was used for all ANNs but it underwent different encodings.
In general, these findings show that we can improve generalization by dividing models
into modules. However, these modules should work independently (or at least semi-

independently) in order to specialise on different feature dimensions. One crucial
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difference between my work and [107] is that I attempt to unify the architectural
and training details of this modular approach into a single architecture consisting of
semi-independent PCs with shared input and output layers.

Both the motivation and underlying concepts of ResNeXt [142] are closely related
to my PCs. We differ in two main points. First, ResNeXt aims at exploring another
dimension (i.e. cardinality) when the returns from width and depth investment start
to level off, whereas my work tackled lengthy training times. However, both studies
have the same focus on the effective use of parameters. ResNeXt improves accuracy
without increasing complexity, whereas I trimmed the model without harming its
performance, not to mention that it is expected for an accuracy gain through more
effective learning. Lastly, this work approached more general model, MLP, instead of

ResNet to ensure the gain in generalization is rooted in the architecture.

5.4 Proof of Concept

5.4.1 Methodology

The experiments reported in this section are designed to be the proof of concept for
PCs. The performance of the PCANN approach are compared with the traditional
(single-circuit and fully connected) MLPs, in an attempt to prove or disprove the two
hypotheses regarding performance boost stated above (see Section 5.2.3).

The baseline model is a MLP with fully connected adjacent layers. More specif-
ically, MLPs were evaluated using two architectures with different sizes, each with
two hidden layers. They are differentiated in the design: in one architecture, both

hidden layers consist of 50 nodes, whereas the other has 500 nodes in each layer. For
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Family | Abbr. Architecture Circuit Remark Type
SC1 [50-50] 1 Full connectivity | Non
100 RC1 [50-50] 1 Reduced PC
nodes connectivity (10%)
PC1 [5-5] 10 10 Circuits PG
VC1 [30-30] [15-15] [5-5] 3 Variable-sized
Circuits
SC2 [500-500] 1 Full connectivity
RC2 500-500] 1 Reduced Egn
1000 connectivity (10%)
nodes | RC2a [500-500] 1 Reduced
connectivity (50%)
PC2 [50-50] 10 10 Circuits
EPC [5-5] 100 100 Circuits PC
VC2 | [300-300] [150-150] [50-50] 3 Variable-sized
Circuits
Table 5.1: Network Abbreviations and Designs
Name Abbreviation | Attributes | Classes
Wisconsin Breast Cancer BC 30 2
Breast Tissue BT 9 6
Climate Model Simulation Crashes SC 18 2
Glass Identification GL 9 6
Leaf LF 14 30
Table 5.2: Dataset Details
Dataset | Training | Testing | Total
BC 200 369 569
BT 50 56 106
SC 250 290 540
GL 100 114 214
LF 150 190 340

Table 5.3: Training and Testing Set Generation Details
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Figure 5.2: Tlustration of (a) SC, (b) RC, (¢) PC, and (d) VC designs. The number
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the sake of convenience, they are notated as the ‘100-node’ and ‘1000-node’ families,
respectively.

For the PC approach, three versions were implemented, i.e.: (i) 10 equal-sized
circuits, (ii) 100 equal-sized circuits (only for the 1000 node family), and (iii) three
variable-sized circuits. When comparing traditional and PC architectures, the total
number of nodes for each layer (across circuits) is always set to be the same across
conditions. In order to further enhance the fairness of our comparison, I included two
modified MLPs, which were not only controlled by the number of nodes, but also by
the number of connections: one with 10% retained connections (i.e. equivalent to 10
circuits), and the other with 50% connections (i.e. two circuits), relative to the fully
connected configuration. The reduced connectivity networks (RCs) are generated by
randomly trimming the connections by 90% (or 50%) prior to the training. It is worth
mentioning that the connections are trimmed by applying masks to the hidden layers
only. The masks also remain unchanged during the training. In comparison with the
RC network, we attempt to prove that the proposed PC approach is different from
network pruning and the performance gain (in both speed and accuracy) are achieved
from the modular structure rather than purely weight pruning.

Regarding the training data, five datasets from the UCI machine learning reposi-
tory [20] were chosen to be used in the comparison, namely Wisconsin Breast Cancer
(BC), Breast Tissue (BT), Climate Model Simulation Crash (SC), Glass Identifica-
tion (GL), and Leaf (LF). The training and testing sets are randomly populated from
the original sample pool. The sizes were defined to be comparable between the two

sets and the training sets are the multipliers of batch size. The network designs are
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shown in Table 5.1 and Figure 5.2, whereas the details of these datasets can be seen
in Table 5.2 and Table 5.3.

All of the experiments in the comparison were carried out under the same param-
eter conditions: 0.01 learning rate, 0.4 momentum, and within 100 training epochs.
The hyper-parameters were defined according to our experiments, for best average
result. Because the performance was expected to manifest a high degree of variance,
caused by random initialisation and training stochasticity, 100 runs were executed for
each network configuration/dataset pair. The performance measures adopted were

obtained by averaging the results over these runs. The evaluation metrics include:

e Mean Accuracy: Average test accuracy over 100 runs.

e Best Accuracy: Highest test accuracy achieved among 100 runs.

e Mean Training Time: Average training duration over 100 runs.

e Best Training Time: Lowest training duration achieved among 100 runs.

e Mean Stopping Epoch: Average epoch over 100 runs at which the training stops
due to meeting early stopping conditions (e.g. no significant improvement for

many epochs).

e Best Stopping Epoch: Earliest epoch at which the training stops among the 100

runs.

The experiments were executed on an Intel Xeon E5420 @ 2.50 GHz with 8 GB RAM.
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Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time (s) | Time (s) Epoch Epoch
SC2 19.824 11.914 0.690 0.777 76.344 47.0
RC2 25.744 18.556 0.731 0.802 84.610 64.0
RC2a 27.021 18.219 0.708 0.774 79.594 59.4
PC2 10.683 7.998 0.724 0.802 83.944 66.4
EPC 71.639 55.334 0.703 0.790 84.194 62.4
V(C2 11.843 7.953 0.707 0.788 80.332 55.8

Table 5.4: Performance of the 1000-Node Family across Five Datasets
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5.4.2 Results
5.4.2.1 1000-node Networks

With an average test accuracy of 71.1% across five datasets, the 1000-node family
exhibited much better performance than the small networks (i.e. 64.9%). In fact,
multiple PC implementations (PC2, EPC, and VC2) of this particular family exhib-
ited an overall robust performance. PC2, EPC, and VC2 achieved 72.44%, 70.28%,
and 70.71% on average, respectively, whereas SC2 only scored 68.97% (see Table 5.4).
In all the datasets, the mean accuracy of most PC classifiers was higher than that
of SC2 (i.e. fully connected single-circuit condition). The only exception was on the
EPC-Leaf setup, which yielded an accuracy rate of 38.28%, compared with 44.87%
for SC2. Taking extreme measurements into account (i.e. 25-75% percentile, median,
best performance), the dominant result was unchanged (as seen in Figure 5.3). Ex-
cept for the case mentioned above, all other boxes representing the 25-75% percentile
and medians for PC implementations were above the level of its corresponding SC2.
The upper whiskers (i.e. best performance), with an average of 80.2%, 79%, and
78.78% (PC2, EPC, and VC2 respectively), were also higher than for SC2 with only
77.69%.

Regarding training time, there is a consistent trend across all datasets, showing
that the PC2 and VC2 architectures confirm our speed hypothesis. For either of these
two implementations (i.e. PC2 and VC2), there was an average of approximately
40% reduction in training time compared to the non-PC approaches (i.e. SC2 and

RC2/RC2a), whereas PC2 tended to be slightly faster than VC2 (see Table 5.4).
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Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time Time Epoch Epoch
SC1 1411 1.204 0.692 0.755 88.212 80.4
RC1 1.540 1.011 0.633 0.699 90.058 69.8
PC1 7.865 5.711 0.617 0.695 90.232 69.8
VC1 2.910 2.499 0.657 0.729 87.902 79.0

Table 5.5: Performance of the 100-Node Family across Five Datasets

However, for the remaining PC implementation (i.e. EPC), the training duration
unexpectedly increased taking approximately three times longer than the SC2 version.
This trend occurred in all five datasets, where EPC exhibited an average training time
of 71.638s compared with 19.824s for SC2. Further investigations are presented in

the following Discussion section, and more details on EPC are included in Appendix

A.

5.4.2.2 100-node Networks

In contrast, the 100-node networks depicted PC architectures in a different light.
BC was the only dataset for which the SC1 exhibited worse accuracy than the PC
variants. However, the difference between SC1 (i.e. 95.58%) and the nearest PC
implementation (i.e. VCI1: 95.64%) is very minimal, approximately 0.06%. In the
remaining datasets, SC1 totally dominated the tests. Both the mean and the best
performances of SC1 were higher than the average of the four PC classifiers and any
of them individually.

Taking training time into account, it is obvious that our hypotheses were disproven

in this case. Across all five datasets, the fastest classifier was SC1, followed by RC1

with 1.411s and 1.54s, respectively. It took the PC1 approach approximately six
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Figure 5.4: Comparison of Different Numbers of Circuits on Accuracy (a) and Train-
ing Time (b) on the Breast Cancer Dataset.

times longer than SCI1 to finish its training. Regarding the convergence rate, VC1
performed best with an average of 87.9 epochs needed to reach a plateau. SC1 was
the runner up with a slightly larger average number of epochs (i.e. 88.21). However,
examine the results in more detail, only for BC did SC1 take fewer epochs than the
other PC implementation (i.e. PC1) to reach a stable state. For all other datasets,

PC1 surpassed it.

5.4.3 Discussion

The results in Table 5.5 and 5.4 provide positive evidence in support of my hypotheses,
particularly in the context of large networks (i.e. 1000-node family). They showed
that the PC approach provides a good trade-off. PC2 achieved the 2°¢ place in
terms of test accuracy and the 1% place in terms of speed. Although the champion
in accuracy is a non-PC approach (i.e. RC2), PC2 showed an average close behind
with a difference of only 1% and a similar record for the best accuracy. Across all

datasets, two of three PC implementations (PC2 and VC2) showed consistently better
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performance in both accuracy and training time. Unfortunately, EPC did not perform
well, especially in terms of speed.

Owing to the observations of EPC, another experiment was conducted in which
the number of circuits were controlled, in order to investigate the reason behind EPC’s
speed underperformance. The number of nodes was maintained at 1000, but divided
into 1 (i.e. single-circuit (SC) or fully connected MLP), 2, 5, 10, 20, 25, 50, and 100
circuits. With respect to accuracy, the results showed that PC variants outperformed
SC, regardless of the number of circuits (Figure 5.4a). Although the differences are
consistent, they are not very large, most probably because the easy dataset (BC) was
chosen for the experiment. In terms of training speed, the interesting observation here
is that the training time was optimal (minimal) at five circuits, beyond which point,
training time increased, and even surpassed the SC case, from 20 circuits onwards
(Figure 5.4b). Note that the training time for the PC condition is better than that
for the SC condition, for the 2-, 5-, and 10-circuit setups.

Because none of the PC implementations demonstrated any clear advantages for
relatively small networks (i.e. 100-node family), I further investigated this issue with
an additional experiment. In contrast with the previous experiment, the number of
circuits was kept constant at 10, and varied the size of hidden layers (i.e. [5-5], [10-10],
[20-20], [25-25], [50-50], [100-100], [250-250], and [500-500]). The results show that the
best performance was obtained for the 10-node condition (96.3% mean performance
and 98.64% for the best network). However, from that point onwards, the accuracy
slowly reduced, to 94.02% for 500 nodes per layer (see Figure 5.5a). Regarding the
training time, although it fluctuated slightly between 5 and 50 nodes, the general
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trend was increasing (see Figure 5.5¢). However, as the layer size increased, despite
the fact that it cost more time to train, the results show that the number of epochs
needed to converge decreased. At 10 nodes per layer, networks needed an average
of 93.86 epochs to converge, which is also the highest value for this measurement.
For 500-node networks, only 25.83 epochs were needed on average for convergence to
occur (see Figure 5.5b). However, as the accuracy dropped, this phenomenon might
be explained by 500-node networks saturating early, without converging to a good
minima.

Combining the results of the two experiments, one might conclude that the reduc-
tion in training complexity cannot be represented linearly but rather with a function
with peaks and troughs. As the network size was controlled in the first experiment,
the more circuits we adopted, the smaller each circuit was. Thus, it is clear that PC
design requires an appropriate size for the circuit to work properly (e.g. to decrease
training time). Instead of using a ‘one-shot’ large matrix calculation, we implemented
multiple computations of small matrices, which involves additional overhead (e.g. for
separate iterations). This is an implementation issue rather than an algorithmic one.
In particular, conventional propagation includes only a few operations (e.g. multi-
plication and addition) at each layer, with large operands (e.g. weight matrix or
input/output vector). However, in the case of the PC approach, the order of these
tensors is increased by 1, adding the circuit index. Owing to the implementation, at
each layer, although the task is lighter with much smaller operands, it requires extra,
duplicated work (e.g. saving and fetching data) for iterating the computation through
each circuit. This overhead is obviously increased with the number of circuits, and
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eventually nullifies any advantages accrued from a smaller number of connections.
According to Figure 5.5¢, the training times for layer sizes from 5 to 50 are not very
different, as manifested by the fluctuating trend. This might partially contribute
towards an explanation of the underperformance of the 100-node family. Because
the original network size was already small, reducing it by a factor of k£ (as in the
formula in the Methodology section) equates to only a small number of connections,
regardless of the value of k. Thus, the absolute difference in both size and computing
complexity between fully connected single-circuit and PC designs is not too large.
On one hand, the reduction in the number of connections is not large, while on the
other hand, we incur extra cost for the above-mentioned overhead. This may be one
of the main causes for the relatively poor speed performance of PC networks with 100
nodes. In other words, subnetworks/circuits should be large enough to compensate

for the cost of this multicircuit overhead.

5.5 Sparsity Induction

5.5.1 Motivation

One of the main hypotheses is that the proposed network topology would encour-
age automatic problem decomposition, in a manner analogous to biological neural
systems. This assumption is critical, as the model capacity has been reduced after
pruning the connections. I believe the modularity property would help the model
to learn more efficiently, and thus recover the generalization power. However, the
above experiments have shown that the PC networks performance is somewhat un-

predictable, especially in smaller networks. Although the gaps in training speed was
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explained by the trade-off with system overhead, the insights pertaining to gener-
alization performance were insufficient. For further insight on this performance, an
investigation on the sparsity of the PL was conducted, which is the concatenation of
the circuits’ final layers.

The relationship between modularity and sparsity has been mentioned multiple
times in past studies. In [12], they mentioned that a highly modular network could
be divided into subgraphs with strong inner connections but few to no interactions
between them. Clune et al. supported the above statement with the finding of
a negative correlation between the network density and modularity [33]. In other
words, densely /fully connected networks might actually harm the network modularity.
On the contrary, sparse networks would have fewer active connections, similar to
PC architectures with pruned connections and thus, favouring the aforementioned
property. Livingstone et al. stated that the sparsity of a network would be improved
as the number of connections is reduced, leading to an increase in modularity [100].
More details on the relationship between modularity and sparse/dense networks can
be seen in their paper.

Similar to the idea behind DropOut, the semi-independent processing of PCs
should prevent the co-adaption of nodes, especially at the PL, where they contribute
together to the final output. As in the paper of Baldi and Sadowski, the authors
explained that DropOut eliminates excessive dependencies between any two neurons
[2]. Therefore, the sparsity measurement could give us an insight pertaining to inner
layer dependencies, i.e. whether they are evolving together or not.

The experiment consists of two parts: an analysis of sparsity of PC architecture
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Figure 5.6: Illustration of Single-Node Penultimate Layer Architecture. SNPL is
Depicted in Dark Red Colour.

and a benchmark of different sparsity induction techniques to enhance the condition.

5.5.2 Sparsity Analysis

5.5.2.1 Methodology

In the benchmark, the sparsity of the model are measured by computing Kurtosis
value over the PL nodes. However, the common sparsity metrics used to be applied
to a set of nodes instead of circuits, which means the measurement will not relate the
sparsity between circuits well, but rather between the nodes of the PL. Therefore,
I modified the configurations used in previous experiments by introducing a special
hidden layer ahead of the final output layer, where each hidden node is associated with
a particular PC in the network. This feature was called the single-node penultimate
layer (SNPL), which potentially acted as a switch-like output for the PC (see Figure
5.6). The sparsity metrics (i.e. Kurtosis) would be then applied to this layer and

each node would be the representation of its associated circuit. According to [114],
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the Kurtosis value could be computed as follows:

k:lim;—fy—?) (5.11)

i=1
where n is the number of nodes, x; is the output of node i, whereas T and o are the
mean and standard deviation, respectively. Kurtosis is actually a metric to analyse
the peakedness in a distribution. A positive value would represent a distribution with
a very high peak and heavier tail. In other words, a large proportion of the nodes are
inactive, showing a high degree of sparsity.

The experiment was conducted over a set of networks similar to the previous
benchmark (i.e. 100-node and 1000-node families), including both normal architec-
tures and those with SNPL. For the PC condition, only models with 10 circuits were
taken into consideration. The benchmark was evaluated over two datasets (i.e. BC:
easy and LF: hard).

Furthermore, another test was performed in which we varied the number of PCs
(i.e. 2, 5, 10, 20, 50, and 100 respectively) to see how the PC architecture affects the
sparsity of models. In this set of experiments, all networks belonged to the 1000-node

family, including the SNPL architectures.

5.5.2.2 Results and Discussion

The results in Table 5.6 and 5.7 clearly justify our theory, where the PC approach
produces better sparsity than SC in the majority of setups, regardless of the topology
and dataset. With respect to the variation of PC count, as shown in Table 5.8,
sparsity is shown to improve generalization, in accordance with the ascending number
of circuits. It could be concluded that PC design is a type of regularization similar
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Architecture | Circuit | Accuracy | Sparsity Remark
[100 100] 1 0.8958 —1.6901 Small SC
[10 10] 10 0.7661 | —1.3782 Small PC
[100 100 10] 1 0.9047 —1.6938 | Small SC + SNPL
[10 10 1] 10 0.8869 | —1.6158 | Small PC + SNPL
[1000 1000] 1 0.8955 | —1.1647 Large SC
[100 100] 10 0.8831 —1.1971 Large PC
[1000 1000 10] 1 0.9091 —1.3932 | Large SC + SNPL
[100 100 1] 10 0.9012 | —1.1708 | Large PC + SNPL

Table 5.6: Sparsity Benchmark on Breast Cancer Dataset (Bold for Better Sparsity).

Architecture | Circuit | Accuracy | Sparsity Remark
[100 100] 1 0.362 —1.6438 Small SC
[10 10] 10 0.6196 —1.6 Small PC
[100 100 10] 1 0.1435 —1.6244 | Small SC + SNPL
[10 10 1] 10 0.037 —1.2539 | Small PC + SNPL
[1000 1000] 1 0.3557 —1.8981 Large SC
[100 100] 10 0.485 —1.6521 Large PC
[1000 1000 10] 1 0.1262 —1.7089 | Large SC + SNPL
[100 100 1] 10 0.1357 | —1.6393 | Large PC + SNPL

Table 5.7: Sparsity Benchmark on Leaf Dataset (Bold for Better Sparsity).

Table 5.8: Sparsity over Variants of PC Count on Breast Cancer Dataset (Higher is

Better).

Architecture | Circuit | Accuracy | Sparsity
[500 500 1] 2 0.8644 —2.75
[200 200 1] 5 0.8924 | —1.8178
[100 100 1] 10 0.8989 | —1.6543

[50 50 1] 20 0.902 —1.5932
[20 20 1] 50 0.9019 | —1.3026
[10 10 1] 100 0.9086 —1.011
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to DropOut. Its nodes are trained with high sparsity, forcing only a limited number
of nodes to be activated at a time.

Despite the fact that the above benchmark has shown the sparsity advantage of
PC over SC, the contribution to improving classification accuracy is still minimal. By
observing the sparsity of the PL, it could be recognized that Kurtosis values are still
negative. Ideally, one would expect them to be positive (i.e. the distribution would
have a high peak at 0, which means most of the nodes would be inactive). Thus,
although PC structure alone can improve the sparsity of a network, it is still insuffi-
cient to prevent co-adaption. In order to tackle this problem, I conduct experiments
to further amplify the sparsity of the network.

5.5.3 Sparsity Enhancement

5.5.3.1 Methodology

Owing to the low degree of sparsity observed in plain PC models, attempts were made
to improve the condition by implementing two classical penalties (i.e. L1 and 1.2).
Several experiments were conducted to determine which regularizer was the most suit-
able implementation for the PC design. Apart from the two types of regularization, I
also varied the configurations by penalising on either weights or activation values. A
modification was included to restrict the sparsity constraint (i.e. penalty) to only the
PL layer. The network architectures were similar to the eight setups in the previous
benchmark that analysed the sparsity of plain PC.

L1-norm and L2-norm are regularization terms that are added into the loss func-
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tion, defined as follows:

k
L1=X) |z (5.12)
=1

k
L2=X) () (5.13)
i=1
where z; might be either the weight or activation value of node 7, depending on the
experiment; k£ is the number of nodes; and A is the penalty coefficient.

Taking advantage of the modularity of PC, I attempted to improve the sparsity
conditions by varying regularization with random penalty coefficients (i.e. A as in
Eq. (5.12) and Eq. (5.13)) for each circuit, instead of using a constant. In particular,
classical approaches introduce into the loss function a sparsity term (i.e. L1-norm or
L2-norm), weighted by the A coefficient. By adjusting this coefficient, it can determine
how sparse the network is (i.e. determine how strictly the networks to be bounded
to the sparsity constraints). Usually, this coefficient is unique and is multiplied after
computing the gradient of the magnitude (L1) or squared value (L2) for each weight
or activity, over the whole network. However, by varying the A coefficient in the
computation of the penalty at each circuit, I can manipulate the network to show
different sparsity in different PCs. PCs that have large coefficients would have bigger
penalties, becoming strictly sparse , whereas other PCs with lower A might allow their
nodes to evolve together. In fact, this type of sparsity penalty is bounded to each
individual circuit and only manipulates the sparsity inside the circuit. Therefore, by
applying to the SNPL structure with the ‘switches’ of circuits, it was casted to control
the sparsity of all the circuits.

Regarding the implementation of the random coefficient, Eq. (5.12) and Eq. (5.13)
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could be rewritten as:
k

=301 (5.14)

2= YY) (5.15)

i=1

where k is the number of circuits, n; is the number of nodes in circuit i, x{ might
be either the weight or activation value of node j in circuit i, depending on the
experiment, and ); is the penalty coefficient associated with circuit . Note that for

penalties that are strictly on the SNPL, n; corresponds to only the ‘switch’ node.

5.5.3.2 Results and Discussions

Obviously, regarding memory usage and computation, the dimensions of the weight
matrices are much larger than that of activation values. Therefore, owing to lower
computational cost, it is easy to explain why the activation value regularizer (espe-
cially on the PL) is approximately 20% faster in terms of training, compared with its
counterpart on weights. It also represents a considerably good trade-off, whereby the
average test errors are quite similar (5.872%, 5.822%, and 5.828%).

However, taking effectiveness into consideration, the performance of the whole
experiment is somewhat disappointing, given that none of the PC approaches could
beat their SC counterpart. The speed advantage is still maintained for large networks,
but for most of the cases, it requires more epochs to reach the best validation score
(i.e. slower convergence).

The implementations based on random coefficients exhibited more positive perfor-
mance. In contrast with the previous (i.e. constant penalty coefficient) experiments,
the majority of the PC classifiers (66.67%) achieved lower test error than their SC
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counterparts (Appendix A). One remarkable finding is that failures in achieving bet-
ter accuracy (compared to SC) tended to occur in classifiers with low PC count (i.e.
50% of failed setups consisted of two circuits) and especially in large networks (i.e.
1000 nodes per layer). A possible explanation for this observation might be that,
owing to the small pool of circuits (i.e. two), each circuit controls a large proportion
of network nodes, corresponding to half of the memory/generalization power. Be-
cause of the characteristic of sparsity, in most of cases, one of the circuits would be
turned off, cutting down the capability of the network. Moreover, as can be seen from
previous analysis (see Figure 5.5), an extremely large circuit size does not benefit the

PC architecture.

5.6 Conclusion

To conclude, in this chapter, I have proposed PC, a simple but effective architecture
to address the heavy computational cost of deep neural networks. Inspired by parallel
structures in nature, I hypothesised that (1) networks can be speed up by pruning
connections and (2) modularity from semi-independent circuits would provide more
diverse learning, regaining the classification power lost due to model reduction.

In order to prove the benefit of the PC design, experiments were conducted in
comparison with MLPs. The results have justified our hypotheses in multiple cases.
However, from the failures in small networks, the dependency of PC performance
on several different conditions (e.g. number of circuits and circuit size) was discov-
ered. These findings suggest that the efficiency of the proposed approach cannot be

expressed linearly, but rather through a function with peaks and troughs. In other
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words, the reduction in pruning should be large enough to compensate for the cost of
extra communication.

In an attempt to provide better insight on the accuracy instability problem, a
benchmark of sparsity was conducted to evaluate our hypothesis on modularity. The
results show that networks are sparser under PC architectures, leading to a better
performance in most cases. The degree of sparseness increases according to number
of PCs. However, the measurement (i.e. Kurtosis) also pointed out that the sparsity
gained from implementing PCs did not meet the expectation. It was expected to
exhibit a large positive value denoting a high proportion of inactive nodes. On the
contrary, the Kurtosis values obtained were negative in all cases.

Owing to these observations, additional experiments to enhance the sparsity have
been performed. The chapter examined multiple conditions of different penalty terms
and targets. It is surprising that PCs architecture did not cope well with common
sparsity penalty terms. However, I did achieve success to some extent with a modifica-
tion based on the modularity of PC architectures. By varying the penalty coefficient
associated with each circuit, I was able to diversify their degrees of sparsity, thereby

achieving some improvements in terms of accuracy.
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Chapter 6

Dropcircuit

6.1 Motivation

The preliminary experiments showed that the impact of PCs was still debatable, as
the proposed architecture exhibited variable performance across its configurations,
especially when the size of the original ANN was typically small. Whereas the slow
training might be explained by the fact that the speed gain from pruning does not
compensate for the extra communication overhead, it is still unclear why there is also
a reduction in accuracy.

As mentioned above, one of the main hypotheses is that the attempt to achieve
automatic problem decomposition via PCs, should lead to an improvement in per-
formance. However, as observed from the sparsity benchmark, it is believed that the
degree of modularity remains insufficient. Therefore, one straightforward approach is
to improve these properties. In other words, we have to diversify the learning taking
place in each module. The last experiment on random sparsity coefficients shed some
light for my technique: the circuits should be treated as a single unit and modularity

could be obtained by varying their conditions.
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DropOut is a recent technique for regularization that has been improving neural
network accuracy in many applications. By randomly dropping nodes in the net-
work, DropOut successfully prevents their co-adaptation [163]. In addition, thanks
to DropOut, the over-reliance on specific input nodes is reduced [2]. In particular, it
helps preventing the domination of some nodes (i.e. their weights can be excessively
large such that the weighted sum tends to be considerably biased). Each node tends
to have a more equal contribution and is forced to focus on its own training.

Taking advantage of this valuable property, I propose a modification to DropOut,
whereby I scale it up to the circuit level (i.e. DropCircuit). In this chapter, I hypoth-
esise that DropOut and DropCirCuit should help circuits work more independently
(i.e. achieving sparser perspectives of the problem domain), thus helping reap of
the benefits of PC modularity. The following studies report on the performance of

different types of DropOut/DropCircuit and PC combinations.

6.2 Related Works

As mentioned above, DropOut is a regularization technique that has been shown to
be effective for a broad variety of neural networks and datasets. Some studies, such
as [75, 2], have interpreted DropOut as an ensemble method similar to bagging. By
randomly dropping nodes, many thinned networks with shared weights are implicitly
trained, which when recombined during classification with appropriate scaling, ap-
proximate an ensemble of averaged thinned networks [138]. Moreover, in the situation
in which DropOut is also applied to the input layer, it can be seen as a form of data

augmentation whereby noise is added to the input patterns.
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Probably owing to both its effectiveness and ease of implementation, DropOut has
attracted significant attention from researchers in the field. Multiple modifications
have been developed for either specialised or general-purpose models. DropConnect
is a successful descendent of DropOut, showing even better performance on a range
of datasets [154]. In the context of CNNs, as one of the most state-of-the-art ANNs
for vision-related problems, DropOut has been investigated in different parts of the
model. For example, Hinton pioneered the trend of implementing the technique in
the final fully connected layers [75], whereas Wu and Xu extended the application of
DropOut to pooling layers [163]. Motivated by the success of ResNet, many studies
have been carried out to analyse and extend the architecture. Unlike the original
DropOut, algorithm which drops individual nodes, the techniques proposed in [66]
and [78] target network layers as units for dropping, owing partly to the modularity of
the ResNet architecture. Huang et al. pioneered this approach, calling it Stochastic
Depth (SD) [78]. The authors introduced a switch (drop) term to the nonlinear path
while leaving the identity path untouched. They claimed that the motivation for SD
is different from that of DropOut. Rather than preventing the co-adaption of nodes,
SD aims to reduce the effective length of networks, because shallower networks drive
information more efficiently. In general, whereas DropOut makes the network thinner
during training, SD makes it shorter. In spite of its simplicity, SD has been shown
to consistently save training time and achieve competitive results when compared to
the original ResNet model for multiple datasets (e.g. CIFAR and ImageNet). Signif-
icantly, with SD, the authors successfully trained the 1202-layer ResNet to achieve

better performance than the shallower 110 layer network, which was unachievable
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in the original study. Depth DropOut (DD), proposed by Guo and Gould, follows
a similar approach to SD [66], although the authors primarily addressed the prob-
lem of lengthy training times. The authors did not rebalance activations during the
testing phase (as opposed to DropOut and SD), claiming that their unique train-
able shortcuts would cancel out the effect itself. SwapOut (SO) reverted back to the
original DropOut, in which it targeted the node instead of a block of nodes [134].
Because the residual functions in ResNets involve two components, applying drop-
ping terms to both paths results in four possible scenarios: (i) drop the block, (ii)
skip the block (i.e. taking the identity path), (iii) nonlinear block (i.e. feedforward),
and (iv) residual. Therefore, the method expands on the variety of network instances
that are implicitly used in an ensemble. Unlike DD, SO supports SD and emphasises
the importance of having different stochastic training patterns (i.e. different survival
probabilities) between layers. The authors of FractalNet also contributed another
variants of DropOut, namely DropPath (DP), which aims to cope with the macro-
scale structure of FractalNet. DP attempts to prevent the co-adaption of parallel
paths by randomly dropping one of the two components for joining layers, similarly
to SO, although in contrast to the latter, it guarantees that at least one path will sur-
vive. I extended DropOut to PCANNs (ANN featuring a PC architecture), whereby
entire circuits, rather than nodes, are dropped (DropCircuit), and which I explain

further in the section below.
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6.3 Methodology

6.3.1 Node Dropout

Node DropOut (ND) is an implementation of the standard DropOut technique, where
dropping is applied at the node level (refer to Fig. 6.1). In the PC context, it is
worth recalling that each circuit was treated independently. For any single circuit,
whenever a training sample is introduced, a distinct mask is generated according to
its predefined probability. This favours the attempt to enhance sparsity across sub-

networks. Thus, for the PC case, the input sum in Eq. (5.1) might be rewritten as

follows:
my; ' = B Wi(py !
k= Bernoulli(p; ) (6.1)
-1 _ _
Vi = Z/ké ' mké ! (6.2)
nl*l

k
Zki = bki + Z y’ké_l X wkélj_l (63)

J

Here, mkéfl stands for component j of the mask, corresponding to circuit k and layer

[ — 1, and the remaining elements are defined as in Eq. (5.1).

6.3.2 DropCircuit

The PC concept assumes that each circuit should produce a unique perspective of the
problem, in line with the notion of problem decomposition. Therefore, it is critical
to prevent circuits from adapting together. When extending the standard DropOut

technique from nodes to circuits (DropCircuit), we could consider the technique as a
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Figure 6.1: Simplified Diagram of PC with DropOut (The grey nodes have been
dropped).

type of ‘uniform’ Node Dropout, whereby particular nodes stick together (in terms
of their drop status) for the entire training process. Once one of them is dropped,
all the nodes tied to it will also be dropped (refer to Fig. 6.2). To implement this, I
create a mask my, describing the circuit k’s drop status. Every node belonging to the

circuit inherits the mask and standard node Dropout is applied accordingly.

my) =my = ... = m} = my = Bernoulli(p) (6.4)

- _
Vi =yt e (6.5)
6.3.3 Experimental Setup
The underlying objectives of the experiments reported in this chapter were:

1. To prove that DropOut-aided PCANNs can improve generalization performance
compared to corresponding DropOut-aided SCANNs (i.e. standard fully con-
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Figure 6.2: Simplified Diagram of PC with DropCircuit (The grey nodes have been
dropped).

nected MLPs), thus proving that PCs are not only useful for boosting training

speeds but also have an impact on accuracy.

2. To determine the most effective type of DropOut for PCANNs by comparing

different variants.

The datasets adopted include MNIST and four smaller ones obtained from the UCI
ML repository (i.e. BC, BT, GL, and LF; refer to Table 5.2) [98]. Two network
structures were considered, one with 100 hidden nodes per layer and the other with
1000 nodes, both of which had two hidden layers. For each network structure, one SC
and two PC implementations were examined (corresponding to ND and DropCircuit).
The PC versions were further divided into three subcategories of 2, 5 and 10 circuits.
In total, there were seven variants for each network size. The models were trained
with 0.1 learning rate, 0.4 momentum, 0.0001 L2 sparsity penalty, and the chosen
activation function was the hyperbolic tangent (tanh). Under all DropOut-aided
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Dataset | SCDO PCDO PCDC PC Average
BC 2.293 4.723 4.957 4.840 (211.08%)
BT 0.386 0.826 0.857 0.842 (218.01%)
111?)(()163 GL | 0.814 | 1707 | 1767 | 1.737 (213.39%)
LF 1.490 2.938 3.111 3.025 (202.99%)
MN 362.914 | 424.498 412.547 | 418.523 (115.32%)
BC 89.073 29.930 29.606 29.768 (33.42%)
BT 16.605 5.258 5.020 5.139 (30.95%)
111?)?128 GL 34.542 10.539 10.346 10.443 (30.23%)
LF | 53.541 | 18.302 | 18.316 | 18.354 (34.28%)
MN 6475.711 | 4060.208 | 3958.507 | 4009.358 (61.91%)

Table 6.1: Training times (in seconds) for different network sizes (i.e. 100 and 1000
nodes), conditions (i.e. SCDO, PCDO, and PCDC) and datasets (i.e. BC, BT, GL,
LF, and MN-MNIST). Note that each depicted PC condition represents the average
of 2-, 5-, and 10-circuit conditions.

conditions, the retaining probability was 0.5. For the four smaller datasets, each
condition was run for 100 trials, whereas for MNIST, 10 trials per condition were
used. This large number of trials explains the choice of 100 training epochs per

training session.

6.4 Experimental Results and Discussion

6.4.1 Dropout on Parallel Circuits versus on Single Circuits

This experiment focused on two different integrations of DropOut with PC: stan-
dard DropOut (i.e. PCDO) and DropCircuit (i.e. PCDC). Thus, in the comparison,
it was necessary to include a single-circuit architecture implemented with standard
DropOut (SCDO) as baseline. For obvious reasons, it is not possible to plainly apply
DropCircuit to SCANNS.

Regarding the training duration, the problem of PC inefficiency on small networks
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Figure 6.3: Mean test errors for different conditions and datasets (MN-MNIST, LF-
Leaf, GL-Glass, BT-Breast Tissue, BC-Breast Cancer, AVG-Average of PCs)

is still unsolved. As mentioned above, the complexity reduction in small networks is
not sufficient to compensate for the computational overhead involved in separating
circuits. Therefore, in excessively small networks, PC actually increases the total
training time to some extent. However, considering larger networks (e.g. 1000 nodes),
it is observed that implementing PCs gives at least a 30% reduction in training time
for all cases (Table 6.1). Because one of the mainstream strategies of DL is to improve
performance by enlarging models, I believe that the reduction is significant.

Figure 6.3 illustrates the test errors for both model sizes, on different datasets,
and across DropOut-aided conditions. It is clear that the results favour PCs more
than SCs with generally lower average test errors (38.209% versus 40.127%). The
average test error across PC conditions (i.e. PCDO and PCDC) is generally lower,
except for the case in which large networks (i.e. 1000 nodes) were used to classify

the LF dataset. However, the best individual condition for this case was still a PC
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Dataset SCDO PCDO PCDC

BC 2.710  2.655 1.842
100 BT 60.000 57.917 57.167
nodes GL 38.938 38.546  30.579
LF 93.908 93.464 91.208
MN 9.178  8.650 6.881
BC 2575 2.235 1.917
1000 BT 60.000 58.292 58.375
nodes GL 35.575 29.492 30.258
LF 89.033 92.489 86.064

MN 9.356  8.317 7.827

Table 6.2: Test Errors for Different Network Sizes (i.e. 100 and 1000 nodes), Condi-
tions (i.e. SCDO, PCDO, and PCDC) and Datasets (i.e. BC, BT, GL, LF, and MN).
Note that each depicted PC conditions represents the average of 2-, 5-, and 10-circuit
conditions. Detailed tables can be found in Appendix B.

approach (i.e. PCDC). In fact, PCs always have at least one of their implementations
(usually PCDC) performing better than SC conditions. Significantly, in this context
of generalization performance, PCs completely surpass SCs for small networks (i.e.

100 nodes), which was unachievable in the proof-of-concept experiment.

6.4.2 Node Dropout versus DropCircuit

According to Figure 6.3, we can see that PCs on average (AVG) obtained only a slight
advantage over SCs (usually less than 1% in difference) with the largest gap of 4% for
the GL dataset. However, upon closer inspection, we can see that the performance
of the two PC conditions varied significantly.

PCDO achieved quite similar performance to SC, with a slightly lower average
test error (39.206% versus 40.123%). However, taking each dataset into account
individually, it is clear that PCDO surpassed SCDO in multiple cases, except the LF

dataset on 1000 node networks (see Figure B.1 to B.4, in Appendix A).
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Figure 6.4: Training and Testing Error across Epochs.

PCDC, however, is clearly the best performing condition. In every setup (even
in the problematic LF case), PCDC always outperformed SCDO (37.212% versus
40.127% on average) and displayed a difference of up to 8.5% for the GL dataset. In
this benchmark, with the aid of DropCircuit, the same small-network PC (i.e. 100
nodes) setup achieved the best generalization performance for all five datasets. For
the BC dataset, it showed an error rate of approximately 2.375%, compared with
3.66% in the earlier tests. Thus, we can conclude that DropCircuit is a useful tool

for balancing the speed/generalization trade-off in ANNs that incorporate PCs.

6.4.3 Insights into DropCircuit behaviour

In Section 6.4.2, I showed that the PC approach could reduce training times. To test

whether this result scaled to larger datasets, I compared conditions using MNIST, but
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Figure 6.5: Mean Gradient Magnitude of the First Hidden Layer

this time extended the training to 500 epochs using a [1000-500] hidden-layer structure
with a much higher learning rate (i.e. 1) to favour DropOut. The other parameters
were kept unchanged. Figure 6.4 shows that both of the PC approaches converge
faster, reaching a plateau around epoch 20 (especially PCDO) compared to epoch 60
for SCDO. Significantly, in this period, both PC approaches reached lower plateaus
than SCDO. Both of the PC approaches exhibited the normal pattern of DropOut
implementations, with error fluctuations throughout training. Especially in PCDC,
the degree of fluctuation was even higher than PCDO. Finally, PCDO achieved a
slightly lower error rate than SCDO (best at 4.19% and 4.38% respectively), whereas
PCDC reached 2.22%. This revealed that: (i) PC approaches are more efficient (i.e.
with smaller numbers of parameters, they achieve similar test errors within smaller
epoch numbers) and (ii) PCDC performs better than PCDO.

The evolution of the mean gradient (magnitude) is tracked in the first hidden layer,

111



in five configurations: three PCs (i.e. namely PCDC_2, PCDC_5, and PCDC_10 with
2,5 and 10 circuits respectively) and two SCs (i.e. with and without DropOut: SC
and SCDO), as shown in Fig. 6.5. It is observable that the PC approaches lead
to significantly smaller gradients in the early stages of the training but maintaining
larger magnitude in the end. The change in gradient magnitude is quite stable, in
contrast with the conditions of SCs, especially without DropOut (encoded as SCs).
The gradient magnitude of SC decreased rapidly to a low value, leading to the satu-
ration of feature detectors. SCDO increased significantly in the first few epochs and
then steadily converged. However, its magnitude never came close to those of either
PCDC or SC, indicating that the training did not fit well owing to the interference of
noise from DropOut. The reason why the gradient magnitudes of PCDCs were lower
than those of SCDOs might come from the fact that DropCircuit eliminates the nodes
in a more structural regime. While the reason why the gradients of PC conditions
start at relatively low values is still unclear, it is also unclear whether starting with
smaller gradients might not actually be advantageous. Although it is a speculative
proposition at this point, a slower start with more steady learning might actually
contribute to reducing over-fitting.

According to Figure 6.6, the sparsest distribution belongs to PC (plain, without
DropOut or DropCircuit), with a high peak, indicating that most of the weights are
concentrated around zero. Both PC and PCDO exhibited better sparsity than their
corresponding counterparts (i.e. SC and SCDQO). These observations indicated that
the PC architecture has a very positive effect towards sparsity, strengthening the
statements in Chapter 5. As PCANNSs introduced thinner networks with less connec-
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tivity, this is believed to be the main driver of the above effect. However, the fact
that both SCDO and PCDO are less sparse than SC and PC proved that DropOut
does not cope well with my regularizer. The phenomenon is even worse in PCDC, in
which the distribution had the same shape but a much lower peak and wider body.
In other words, the network lost a considerable portion of weights that are closest
to zero. A possible justification is that the model was under multiple regularizers
with duplicating effect. PCANNSs were constrained by sparsity penalties, in a sim-
ilar manner to pruning (i.e many connections or nodes are forced to be inactive).
Furthermore, I masked out considerable portions of nodes and/or weights when im-
plementing DropOut/DropCircuit over PCANNs. This most likely interferes with the
computation of penalty terms and their updates, as dropped units are unchangeable
during the iteration, which causes the ‘cancellation’ effect on the regularizer. Un-
like DropCircuit or DropOut, which are hard constraints, the penalties are, on other
hand, soft constraints. Therefore, they are the ones that can effectively be cancelled
out.

For further insight, I captured the features learned in the first layer of both SC
and PC. Figure 6.7 shows that the nodes in both of these are very sparse. However,
the observation is clearer in SC, where majority of nodes have flat weight magnitudes
(blank cells). On the contrary, in the PC case, blank cells involve partly noise but

the number of distinctive features seems to have increased dramatically.
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(a)
Figure 6.7: Features Learned in the First Layer of (a) SC and (b) PCDC

6.5 Conclusion

In this chapter, an improvement targeting the generalization was proposed by diversi-
fying the learning in each circuit. The proposed DropCircuit is a variant of DropOut
that is scaled up to the circuit level.

A benchmark was performed to prove the benefit of applying DropOut on PCANN.
The experiments showed that combining PCANN with either DropOut or DropCircuit
not only reduces training times but also enhances generalization performance in most
cases. On one hand, this achievement is a long step forward in my work, as I was
unable to produce such results with PC alone in the previous experiment. On the
other hand, PC models cope with DropOut better than SC counterparts.

Furthermore, my work includes a comparison of different combinations. I found
that DropCircuit leads to the best overall improvements in generalization performance

and was able to provide more distinctive feature detectors. In addition, the advantage

115



in terms of training speed was maintained for large networks. Unfortunately, through
investigation of the weight distribution, both DropOut and DropCircuit are discovered
to actually have counter effects relative to sparsity enhancement by penalty terms,

which may potentially lead to a degradation in performance.
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Chapter 7

Sparse Parallel Circuits

7.1 Motivation

It was revealed in the previous chapter that PCs combined with DropCircuit (PCDCs)
have negative effects on the weight control of the sparsity regularizer. The distribution
on the PL layer has much shorter peak at 0, clearly showing that there are fewer
inactive nodes. However, the visualisation of the first layer nodes also exhibits noisier
features.

Further investigation strengthened the suspicion of its consequences for network
performance. I compared PCDC with and without penalty (abbreviated as PC and
PC-L2 in this set of experiments). As can be seen from Figure 7.1, PC (i.e. PCDC
in previous experiment) alone converged relatively well, and performed well on the
validation set. However, with the sparsity penalty, the validation error on PC-L2
started to grow considerably larger from the 50'® epoch onwards.

As mentioned in Chapter 5, network modularity is highly correlated with its spar-
sity and thus, conserving the sparseness is a vital objective of my PC approach. How-

ever, because DropCircuit is the key driver to my recent achievements, it is necessary
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to seek alternative sparsity induction approaches that match better with PCDCs.

7.2 Related Work

Chorowski and Zurada pioneered the use of Non-Negative Constraints (NNC) in
ANNSs [26]. Their model is motivated by the ability of Non-negative Matrix Factor-
ization (NMF) to learn distinctive, part-based representations. In [95], the authors
argued that the problem of conventional approaches such as Principle Component
Analysis (PCA) is that they tolerate the co-existence of both negative and positive
weights. For this reason, the eigenfaces in PCA would be cancelled out in the linear
combination. Therefore, the basis images look alike and do not have a clear repre-
sentation of what they are interpreting. NMF, however, only permits non-negative
weighting (i.e. only additive combination allowed). Therefore, because there is no
way to subtract in the combined output, both the weight (i.e. fewer basis images are
used in combination) and representation (i.e. fewer features are represented in each
basis images) are much sparser.

We could correlate the basis images of NMF to the features learned in each node.
NNC network concepts are quite similar to NMF. In [26], the authors built a model
using a hard constraint, by projecting every negative weight back to zero after each
training epoch. The result turned out to be very promising with clear and sparse
features. However, as stated by the authors, the accuracy was lower than that of the
unconstrained network. One possible reason might be that the optimization plane
was restricted by the constraints. One year later, the same group proposed a similar

concept but applied to autoencoders [76]. This time, they switched from using a hard
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constraint to introducing a new term in the loss function. Instead of projecting the
negative weights, a penalty loss was created by summing up the squared values of the
negative weights.

In fact, NMF has a strong biological motivation, as stated in [95]; the biological

brain is known to have two properties:

1. The firing rates of nodes should never be negative.

2. The sign of synaptic strength is unchangeable.

7.3 Constrained Network

This chapter is motivated by the sparse feature representation of NNC networks,
which fits the concept of automatic problem decomposition in PCs. Given that
most biological neurons are either excitatory or inhibitory (and therefore not all
non-negative) [137], I propose extending these concepts further. Therefore, in the
implementation, all of the outgoing connections originating from a single node all
have the same sign, based on the type of the node. Moreover, the sign of these
weights should be consistent throughout the training process. The authors in [137]
implemented a similar approach to Recurrent Neural Networks on a set of cognitive
tasks. Their primary objective was to successfully train a network behaving simi-
larly to biology. In this work, focussing on the computational properties of PCs, I
consider each circuit, rather than each node, as an individual module, with the char-
acteristic of being either excitatory or inhibitory at its output. Thus, as in [137], the

implementation includes a penalty based on a set of constraints:
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All of the outgoing weights from each circuit are fixed as either negative or
positive. In other words, the connection weights leaving the last layer of PC
nodes is constrained. The type of the circuit is defined prior to training with

the ratio of 4:1 (i.e. four positive circuits for every negative circuit).

All of the incoming weights into circuits are non-negative. In other words, the
weights to the first hidden PC layer are constrained. This is based on the
observation that long-range connections between different areas of the brain

tend to be excitatory.

I did not constrain the remaining weights (intra-connections) to avoid over-

restricting the optimization process.

7.4 Methodology

In order to justify the approach, an experiment was conducted with model specifica-

tions as below:

PC: PC with DropCircuit only.

PC-L2: PC with both DropCircuit and sparsity constraint, similar to the prob-

lematic model in the previous experiment.

PC-C: My proposed model, which is characterised by all the 3 properties men-
tioned above (i.e. unique sign outgoing weights, non-negative incoming connec-
tions and unconstrained inner circuit connections).

PC-C-All A modification of PC-C to justify the 3' property. It differentiates
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Architecture [1000-1000]
Number of Circuit 10
Learning rate 0.1
Momentum 0.4
Drop rate 0.5
Number of epoch 200

Coefficient (Small) 0.0001

Coeflicient (Large) 0.03
Number of experiment 10

Table 7.1: Configuration of Constrained Model

o Best Testing Error

Name Description
Large Small
PC None 2.18 2.18
PC-1.2 L2 30.25 2.66
PC-C Proposed constrained regularizer 1.97 2.18
PC-C-All | Proposed regularizer with all hidden units affected | 5.23 2.31
PC-NNC Non-negative constraint on units 5.84 2.50

Table 7.2: Name, Description and Best Test Errors for Different Setups

at having all of the node constrained to the type of their associated circuit,
instead of only the PL. In other words, all the inner circuit connections have

the same sign as the circuit’s outgoing connection.

e PC-NINC Model similar to [26], in which all nodes are constrained to be non-

negative, instead of being categorised as excitatory or inhibitory.

All of the above variants were trained on the MNIST dataset, under the configuration
in Table 7.1. Each used two setups, corresponding to penalty coefficients 0.03 and

0.0001. For each setup, 10 trials were run, and the results were averaged.
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Figure 7.1: Training and Validation Error across Epochs

7.5 Result and Discussions

The experiment demonstrated that the proposed constraints for the network achieved
the best performance in both conditions (i.e. 1.97% and 2.18%). The small coefficient
did not constrain the networks well (see Table 7.2), and thus the features learned
involved a large amount of noise as in plain PC. It should be noted that in the first
test (i.e. large penalty coefficient), PC-L2 could not converge, even to below 10%,
and completed the training with the best test error of 30.25%.

As can be seen from Figure 7.1, all of the constraint variants had higher training
errors than PC-L2 and PC (as shown in the training curve), which is consistent with
a stronger regularization effect. However, only the proposed constraint performed
well on the validation set. The fact that PC-C performed better than the other two

variants confirmed my suspicion that hard constraints applied over the whole network
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are too heavy-handed.

According to Figure 6.6, the weight distributions in all three constrained variants
(i.e. PC-C, PC-C-All, and PC-NNC) are very similar. In contrast, the distribution in
PC was very different with a wide body and very flat peak. PC-L2 showed the benefit
of applying the regularizer with a much higher peak and thinner body compared to
that of plain PC. Significantly, unlike PC and PC-L2 that had their distributions
centred on zero, the three constrained models are biased to positive values and their
negative sides are extremely small, especially in PC-NNC (see Figure 7.2). This
observation could be explained by PC-C, PC-C-ALL, and PC-NNC being constrained
the first layer, which contains the majority of the weight population (i.e. in my
configuration: 87.7%), in a similar manner. The same explanation could be used for
the latter observation, as negative weights, only exist inside the circuits (i.e. small
portion of weight population).

However, the high peaks at zero indicate that the weights in the constrained
networks are even sparser than that of PC-L2, especially PC-NNC (Figure C.1).
In other words, the set of proposed constraints perform much better than the L2-
regularizer in terms of sparsity enhancement.

Figure 7.3 illustrates the representations learned in the first hidden layer of the
three constrained variants. It is clear that PC-C and PC-C-ALL learned similar
representations to that of PC-NNC, which contributed to the success of [26]. At each
node, the features learned are mostly black (i.e. very close to zero) with only a small
portion being white (i.e. positive), showing a part-based representation. The fact
that only a few nodes contained those critical features also demonstrates a degree of
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Figure 7.3: Features Learned in the First Layer of (a) PC-C, (b) PC-C-All, and (c)
PC-NNC
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sparsity. In addition, with the evidence of being the best approach in the two setups,
it supersedes both the conventional sparsity penalties and NNC network [26] when

combined with PCDC.

7.6 Conclusion

In this chapter, I further investigated the phenomenon of losing sparsity owing to
the co-implementation of both DropCircuit and a penalty term. The consequence
was clear with evidence of a degradation in performance. I addressed the problem by
adopting the biological separation of excitatory and inhibitory nodes. I constrained
the outgoing weights from each circuit, to be either positive or negative, and also
restricted the incoming weights to being non-negative, in an attempt to produce
sparsity.

The experimental results were very positive, showing that my proposed con-
strained model is much sparser than using the common sparsity penalties. My model
contains both the advantages of NMF: (1) sparse weights and (2) sparse representa-
tions. Significantly, I obtained better accuracy than the referenced constrained model

in the literature.
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Chapter 8

Conclusion

8.1 Main Contributions

In Chapter 2, a study on current site-specific agriculture was presented. The chapter
also described the motivation of this work, with a focus on the role, development, and
challenges of VC. Chapter 3 reviewed various ML approaches in conjunction with a
benchmark on my dataset of interest. The results clearly demonstrated the domi-
nance of ANNs and their variants with regards to the task, but also showed evidence
of a high computational cost. Chapter 4 in particular reported the current trends in
network design along with multiple controversial opinions. This chapter summarizes
the main contributions of the thesis, which were presented in Chapters 5, 6, and
7. The major contributions include: (i) proposing a lighter-weight neural architec-
ture, (ii) improving generalization through diversified learning, and (iii) introducing

biologically inspired constraints to enhance network sparsity.

8.1.1 Lightweight Parallel Circuits Architecture

In Chapter 5, I proposed PCs as a lightweight architecture to tackle the problem

of heavy computation, with a focus on modularity. I supported the architecture by
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hypothesising that: (i) the reduction in connections should provide speed gains and
(ii) modularity created from the isolation of circuits should lead to the ability of
automatic problem decomposition, thus improving the accuracy.

The proof-of-concept results were very promising, especially in the case of large
networks. An average reduction in training time of approximately 40% has been
achieved, while gaining a slight advantage on accuracy compared with the original
fully connected networks. However, taking randomly pruned networks (RC) into ac-
count, PC only maintained the speed advantage, which is likely to originate from its
advantages in implementation. Although the two models theoretically have the same
number of parameters, the computation of RC in practice consisted of large matrix op-
erations (i.e. weight matrices had the same shape of those in fully connected models)
owing to the sparse connectivity, as mentioned in [97]. This evidence highlighted the
computational effectiveness of the PC model, comparable to the conventional pruned
networks. In terms of accuracy, both RC and PC achieved better performance than
the original network. For this reason, one may argue that the main driver to the
success is not necessarily the modularity of PCs (as in the 2°¢ hypothesis) but rather
the sparser connections (i.e. lower redundancy) that exist in both PC and RC. In the
proof-of-concept experiment, PC with deterministic pruning (i.e. aiming to isolate
circuits) was, in fact, overshadowed by RC with random pruning (i.e. for reducing
the connection count). However, it should be noted that the main purpose of the
involvement of RCs is to justify the speed gain of PCs. The experimental results
successfully verified my statement.

In fact, there was evidence against the hypotheses whereby PC models did not
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cope well with small networks, in terms of both speed and accuracy. The observation
was explained by the fact that the PC structure involves extra overhead because it
replaced one-shot, large operations by a combination of multiple smaller operations.
Because the reduction through pruning is proportional to network size, for the case
in which the original network becomes too small, speed gains on PC cannot compen-
sate the overhead. Unfortunately, there was no clear explanation for the accuracy
drop. However, I believed that it might be due to the fact that the width of each
circuit becomes too small to capture any meaningful information. In particular, the
PC did not exhibit proper performance when the width is on either the small or
large extreme. Such arguments could explain the observations of PC hyperparame-
ters, showing that performance gain (especially in speed) cannot be expressed in a
linear function but rather through peaks and troughs. Although the issues in small
networks persisted throughout this research, the contributions of PC approach were
relatively solid. Owing to the fact that larger networks have been empirically shown
to achieve significantly better performance, the state-of-the-art models tend to be
quite enormous rather than having only a few units as in the problematic case.

To address the uncertainty in explaining the accuracy drop, a further investigation
was performed to examine the possibility of it originating from the second hypothesis.
Considering the high correlation between sparsity and modularity, a highly sparse
PC architecture is argued to result in a mixture of diversified circuits. Therefore,
by measuring the sparsity, I attempted to evaluate the variation in the evolution of
different circuits. Although PC did prove advantageous over the original network,

this analysis clearly demonstrated that the degree of sparsity was much lower than
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expectation. Attempts were made to improve the condition by introducing sparsity
penalty terms. Unfortunately, none of these experiments returned positive results
except for an experiment on varying penalty coefficients, of which the primary idea
was to diversify the circuits by varying their sparsity constraints. Since then, it is
observable that network-wide soft constraints such as conventional sparsity penalties
did not provide as much benefit for the modularity as enforcing circuits with different
conditions. However, this argument is only empirically demonstrated in this study.
One possible justification might be that the direct interference constrained the circuits
much more efficiently than the soft constraints, which were shown to cancel each other

out in later experiments.

8.1.2 Diversified Learning with DropCircuit

Continuing the previous set of experiments, PC models is proved to worked better
when each circuit was treated differently, as an individual unit. This shed light on
the proposed DropCircuit approach, which is a uniform, circuit-level modification of
DropOut that is expected to prevent the co-adaption of circuits.

Experiments were conducted to: (i) prove the effectiveness of DropCircuit and (ii)
find the best combination with PC models. The results clearly showed the advantages
of DropCircuit, where I finally obtained better accuracy in both large and small
networks. The success of DropCircuit is a significant milestone, where the second
hypothesis was proved. Recall that similar (small) network configurations failed in
the proof-of-concept experiments (Chapter 5). Modularity, as represented by the

distinctive learning in each circuit, has been shown to actually benefit generalization
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(i.e. more effective learning). Results also demonstrated that the version of DropOut
(i.e. DropCircuit) worked even better than the original DropOut when implemented
in PC networks. However, there was a major drawback that this observation was
not proved theoretically. DropCircuit is actually a special case of DropOut in which
the nodes of the same circuit are bound together. Therefore, it is arguable that
DropCircuit actually acted as a form of selective DropOut, reducing the large number
of thinner networks that DropOut creates to a much smaller subset of more critical
networks.

Further insights on DropCircuit were also reported in Chapter 6. The analysis
showed that under the effect of DropCircuit, the first layer produced steady gradients
with low magnitude, showing a resistance against the vanishing gradient problem.
While the steady gradients might be explained by DropOut’s nature, the reason for
the much lower magnitude of PC’s gradient than the original network is still vague.

It is worth mentioning that DropCircuit exhibited negative effects towards spar-
sity. It is believed that the sparsity regularizer (i.e. soft constraint) has been cancelled
out because DropCircuit is a hard constraint that makes the network thinner during
training. Feature visualisations also indicated that the features learned are less sparse
(i.e. having fewer nodes being inactive or learning empty representations) but more

distinctive (i.e. features learned at different nodes are not similar).

8.1.3 Enhance Sparsity with Constrained Network

I investigated the possible consequence of DropCircuit’s negative effects on sparsity

and found that it leveraged the error considerably. As DropCircuit was the key com-
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ponent for previous success, I sought an alternative approach to enhance the model’s
sparsity. The ability of Non-Negative Factorization to provide distinctive represen-
tations caught my interest. Owing to the fact that only additive combinations are
allowed, the mutual cancellation of features learned in different nodes are eliminated,
which leads to sparser representations. NNC networks adopted the idea and imple-
mented it by penalising negative weights. However, because biological neurons are
separated into excitatory and inhibitory types, I declined to constrain all of them
in the same way (i.e. non-negative). The concept was implemented by assigning
a type (i.e. excitatory/inhibitory) to each circuit and introducing soft constraints
accordingly (i.e. non-negative for excitatory and non-positive for inhibitory).
Throughout the experiment, the model has exhibited a higher degree of sparsity
compared to conventional penalty terms. From the biological perspective, the result
supported the theory that long-range incoming synapses, represented by the connec-
tions to the first hidden layers of circuits, should be excitatory. In this model, the
modularity of the network was beneficial from the sparse representation learned at the
‘receptor’ layer. However, the fact that I obtained higher accuracy compared with
the NNC network has two significant meanings. First, although forcing the whole
network to be non-negative resulted in sparser models, it is too heavy-handed and it
actually hindered the learning. The observation was explained by the representational
capacity being excessively restricted in NNC networks, whereas in my model, neg-
ative connections are tolerated in latter layers. Second, the above above-mentioned
gain in accuracy could arguably be attributed to the diversification between circuits

that it obtained by assigning excitatory/inhibitory types. With the support from
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experiments in both Chapters 5 and 6, I strongly believe in the potential of further

research on the characterisation (i.e. constraining) of individual circuits.

8.2 Future Work

8.2.1 Learning Parallel Circuits via Pruning

At the current stage of my research, PC exhibits a tight dependency on human
design, especially in structural design. Chapter 5 demonstrated that both the speed
and accuracy of PCs are correlated with circuit-related parameters such as circuit
count and circuit size. Although with DropCircuit I did address the accuracy drop in
small networks (i.e. small circuit size), the explanation of why the same circuit size
did not work with plain PCs is not yet clear. Owing to the fact that those parameters
are predefined by human design, the performance is vulnerable in many cases.

As mentioned in Chapter 5, PCs have some similarities with network pruning. The
design of a PCANN actually could be considered as pruning before training. Such
operations might result in general circuits with different width and depth. Therefore,
it is logical to deterministically construct the network structure through pruning,
ideally in the first epochs. It is recommended to start the training with a fully
connected layer to analyse. After pruning, weak connections are eliminated, forming
circuits that learn only the critical features. Conventional pruning techniques such as
Optimal Brain Damage [38] and Optimal Brain Surgeon [70] have been discussed for a
long time but as Li et al. [97] suggested, these approaches create sparse connections.
In particular, because there is no specific pattern for detecting weak connections,

they exist in the network at random locations. Pruning these weights would result
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in a sparse, messy connectivity. However, the PC approach requires more uniform
connectivity (i.e. to construct the circuits). Structural (i.e. group-wise) pruning as
in [92, 97] would be more suitable for my case. A remarkable work is [158], in which
the authors attempted to cluster nodes into communities. They hypothesised that
highly correlated nodes (i.e. belonging to the same community) would have the same
probability to connect to another particular cluster. Connections between clusters

could be then represented as strong bundles, whereas the rest would be eliminated.

8.2.2 Extensions of Parallel Circuits

The work reported in this thesis implemented PC in its most basic form. There
are multiple improvements that could practically be made. First, the advantage of
PC’s potential in parallel processing was not taken into account. The computation
on PCs are highly parallel and thus, could be assigned to different processing units.
Unlike similar works mentioned in Chapter 5, PCs only require communication on
the output layer, significantly reducing the overhead. Moreover, I believe that with
proper configuration, the problematic case of implementing PCs on small networks
can be resolved.

In the experiments, the underlying structures that was used to create PC models
corresponded to MLPs. More sophisticated structures belonging, for instance, to
CNNs and ResNets, have been proven to exhibit much better performance, thus
being part of the mainstream in ANN research. Migrating the PC approach towards
these models would likely result in several breakthroughs in the research. It is worth

mentioning that there are similar works, such as [97] that prunes feature maps (i.e. for
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CNN) or [90] that separates models into paths with different depth (i.e. for ResNet).
In terms of DL, considering each circuit as a unit, it is clear that my models only have
a single layer of processing blocks (i.e. circuits). As I already proved the advantages
of the model in terms of parallel stacking, it would be beneficial for the research to
pursue a model with multiple layers of PCs.

Chapters 5, 6, and 7 supported the advantages of diversified learning between cir-
cuits. However, it is clear that the experiments have only just scratched the surface of
the approach’s potential. Biological neurons tend to be exclusively excitatory or in-
hibitory, with rare exceptions. A typical example of a sophisticated approach to model
these neuron types is [179]. Different types of biological neurons are characterised by
different shapes, properties, and roles, which provides guidance for modelling different
computational neural types. It is not necessary to strictly follow the inspiration in
neuroscience but it is logical to believe that increasing the variety of circuit ‘types’
should benefit network modularity. Apart from the explicit sparsity in Chapter 5
or its implicitly inclusion via DropCircuit, any variation in hyperparameter selection
or activation function will affect network behavior. However, without mimicking the
structural design of the brain, creating an effective but deterministically constructed

model would require a comprehensive study.
8.3 Concluding Remarks

The work in this thesis aimed at revealing the advantages of PC architectures for
ANNGs. T argued that sparsely connected networks would be more beneficial than the

commonly used models with dense connectivity, in terms of both speed and gener-
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alization. In Chapter 5, the proposed model, PC, was empirically shown to have a
speed advantage, with a significant reduction in training duration, compared with a
fully connected network of the same size. However, only after discovering the ben-
efit of diversifying circuits, highlighting the importance of modularity, I was finally
able to claim the second argument. The proposed DropCircuit gave PCs an accuracy
advantage, claiming the leading position in term of generalization for various setups.
In the end, I proposed the modelling of circuits by biologically inspired classes: exci-
tatory and inhibitory neurons to further improve sparsity, which is highly correlated
with modularity. The experiments demonstrated the advantages of my work, with an

increase in accuracy as well as significantly sparse feature learning.
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Figure A.1: Test Accuracy on Breast Cancer Dataset
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Figure A.2: Test Accuracy on Breast Tissue Dataset
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Figure A.3: Test Accuracy on Simulation Crash Dataset
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Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time (s) | Time (s) Epoch Epoch
SC1 1.3074 0.9587 0.9558 0.9783 62.86 48
RC1 1.6566 1.2792 0.9633 0.9837 77.72 61
PC1 8.8225 6.9766 0.9634 0.9837 77.81 62
VC1 2.6639 1.9837 0.9564 0.9837 64.88 49
SC2 14.4596 7.0719 0.9419 0.9702 40.07 20
RC2 21.3168 11.6859 0.9515 0.9756 51.98 29
RC2a 20.9014 12.2573 0.9441 0.9729 42.36 23
PC2 8.965 5.6693 0.9484 0.9756 50.19 32
EPC 60.6598 42.5088 0.9561 0.9756 54.13 38
V(2 12.6751 5.5444 0.9467 0.9729 44.33 23
Average | 15.34281 9.59358 0.95276 0.97722 56.633 38.5

Table A.1: Performance of 100-Node and 1000-Node Family on Breast Cancer

Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time (s) | Time (s) Epoch Epoch
SC1 0.3934 0.2624 0.5961 0.6964 78.23 56
RC1 0.3777 0.2984 0.4875 0.6607 77.07 63
PC1 2.172 1.6333 0.4727 0.625 77.14 58
VC1 0.7411 0.5633 0.5329 0.6607 74.74 57
SC2 7.7227 3.447 0.5459 0.7321 87.94 40
RC2 9.8562 6.1396 0.5989 0.7321 98.07 62
RC2a 12.7725 8.2068 0.5754 0.6964 96.98 63
PC2 4.0224 2.4271 0.5841 0.7321 96.16 59
EPC 19.0597 9.3228 0.5812 0.7321 69.24 34
VC2 4.7048 2.9322 0.5725 0.7143 95.64 57
Average | 6.18225 3.52329 0.55472 0.69819 85.121 54.9

Table A.2: Performance of 100-Node and 1000-Node Family on Breast Tissue
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Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time (s) | Time (s) Epoch Epoch
SC1 2.4866 2.3538 0.9406 0.9586 99.97 98
RC1 24134 1.123 0.9255 0.9414 97.95 47
PC1 13.8171 6.7076 0.9267 0.9517 98.46 48
VC1 5.0177 4.8789 0.9412 0.9655 100 100
SC2 26.6597 14.2459 0.8976 0.9276 60.46 33
RC2 36.8932 23.4294 0.9337 0.9586 73.38 47
RC2a 38.9588 21.3629 0.9109 0.9414 60.74 35
PC2 15.6358 9.8694 0.9349 0.9621 73.45 47
EPC 136.2521 | 102.7331 0.9441 0.969 98.35 74
V(2 15.9524 9.3687 0.9117 0.9448 63.38 38
Average | 29.40868 | 19.60727 0.92669 0.95207 82.614 56.7

Table A.3: Performance of 100-Node and 1000-Node Family on Simulation Crash

Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time (s) | Time (s) Epoch Epoch
SC1 1.0662 0.916 0.6717 0.7456 100 100
RC1 1.1635 0.7849 0.6479 0.7018 97.55 78
PC1 5.564 4.5864 0.5834 0.6842 97.75 81
VC1 2.5699 1.9437 0.6351 0.7193 99.89 89
SC2 20.18 11.7684 0.6143 0.7018 94.25 59
RC2 24.4418 19.3928 0.664 0.7281 99.62 82
RC2a 25.1617 16.7611 0.6366 0.7105 97.89 76
PC2 9.0627 8.0953 0.6528 0.7193 99.92 94
EPC 55.7713 36.8802 0.6497 0.7368 99.25 66
VC2 9.9414 6.4624 0.6319 0.7018 98.36 66
Average | 15.49225 | 10.75912 0.63874 0.71492 98.448 79.1

Table A.4: Performance of 100-Node and 1000-Node Family on Glass
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Model Mean Best Mean Best Mean Best
Training | Training | Accuracy | Accuracy | Stopping | Stopping
Time (s) | Time (s) Epoch Epoch
SC1 1.8012 1.5283 0.2935 0.3947 100 100
RC1 2.0907 1.5699 0.1416 0.2053 100 100
PC1 8.9503 8.652 0.1379 0.2316 100 100
VC1 3.5561 3.1235 0.221 0.3158 100 100
SC2 30.0991 23.0352 0.4487 0.5526 99 83
RC2 36.2114 32.1325 0.5079 0.6158 100 100
RC2a 37.3126 32.5088 0.4712 0.5474 100 100
PC2 15.7276 13.9275 0.5018 0.6211 100 100
EPC 86.4461 85.2226 0.3828 0.5368 100 100
V(2 15.9411 15.4579 0.4726 0.6053 99.95 95
Average | 23.81362 | 21.71582 0.3579 0.46264 99.895 97.8

Table A.5: Performance of 100-Node and 1000-Node Family on Leaf

Network Type | Error | Iteration | Duration
SC 6.340 | 1620.400 1.561
100-100 PCx10 | 8.350 | 1226.400 3.143
PCx5 | 7.735 | 1331.000 2.006
PCx2 | 6.910 | 1415.200 1.485
Average 7.334 | 1398.250 2.049
SC 5.525 | 1891.200 | 69.925
1000-1000 PCx10 | 5.985 | 1803.200 | 12.900
PCx5 | 6.095 | 1796.200 | 17.420
PCx2 | 5.645 | 1895.000 | 35.001
Average 5.813 | 1846.400 | 33.812
SC 4.700 | 1268.200 1.497
100-100-10 PCx10 | 5.730 | 1540.200 4.282
PCx5 | 5.560 | 1545.400 2.694
PCx2 | 4.995 | 1438.000 1.686
Average 5.246 | 1447.950 2.540
SC 4.575 | 1236.000 | 69.413
1000-1000-10 PCx10 | 5.670 | 1568.400 | 14.583
PCx5 | 5.250 | 1558.400 | 18.395
PCx2 | 4.880 | 1406.000 | 36.753
Average 5.094 | 1442.200 | 34.786

Table A.6: Benchmark of Sparsity Induction on Weight (Fixed Coefficient).
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Network Type | Error | Iteration | Duration

SC 6.185 | 1638.200 1.570
PCx10 | 7.780 | 1367.600 3.087
PCx5 | 7.540 | 1341.600 1.836
PCx2 | 6.915 | 1456.000 1.589
Average 7.105 | 1450.850 2.020

SC 5.485 | 1882.200 | 58.135
PCx10 | 5.995 | 1820.600 | 11.400
PCx5 | 6.035 | 1842.600 | 13.653
PCx2 | 5.685 | 1857.000 | 34.020
Average 5.800 | 1850.600 | 29.302

SC 4.710 | 1239.800 1.405
PCx10 | 5.875 | 1443.800 3.873
PCx5 | 5.600 | 1472.000 2.293
PCx2 | 5.090 | 1388.400 1.706
Average 5.319 | 1386.000 2.319

SC 4.405 | 1237.000 | 61.131
PCx10 | 5.640 | 1588.400 | 13.135
PCx5 | 5.240 | 1544.000 14.212
PCx2 | 4.975 | 1360.200 | 32.752
Average 5.065 | 1432.400 | 30.308

100-100

1000-1000

100-100-10

1000-1000-10

Table A.7: Benchmark of Sparsity Induction on Activation Value (Fixed Coefficient).
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Network Type | Error | Iteration | Duration
SC 6.160 | 1613.400 1.281
PCx10 | 8.125 | 1300.000 2.758
PCx5 | 7.590 | 1254.600 2.039
PCx2 | 7.015 | 1444.600 1.473
Average 7.223 | 1403.150 1.888
SC 5.485 | 1854.400 | 57.599
PCx10 | 5.980 | 1838.200 | 10.929
PCx5 | 5.980 | 1856.600 | 13.054
PCx2 | 5.645 | 1882.800 | 30.064
Average 5.773 | 1858.000 | 27.911
SC 4.950 | 1243.800 1.380
PCx10 | 5.415 | 1567.800 2.263
PCx5 | 5.415 | 1567.800 2.263
PCx2 | 4.860 | 1420.600 1.576
Average 5.160 | 1450.000 1.870
SC 4.575 | 1170.600 | 57.510
PCx10 | 5.690 | 1559.400 4.135
PCx5 | 5.310 | 1570.200 | 13.751
PCx2 | 5.045 | 1363.800 | 31.023
Average 5.155 | 1416.000 | 26.605

100-100

1000-1000

100-100-10

1000-1000-10

Table A.8: Benchmark of Sparsity Induction on Penultimate Layer Activation Value
(Fixed Coefficient).
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Network Type | Error | Iteration | Duration

SC 6.340 | 1620.400 1.561
PCx10 | 6.750 | 1344.800 3.741
PCx5 | 6.735 | 1327.200 2.514
PCx2 | 5.660 | 1377.600 2.014
Average 6.371 | 1417.500 2.458

SC 5.525 | 1891.200 | 69.925
PCx10 | 5.745 | 1421.800 16.546
PCx5 | 5.375 | 1362.800 | 21.868
PCx2 | 4.360 | 1071.200 | 53.237
Average 5.251 | 1436.750 | 40.394

SC 4.700 | 1268.200 1.497
PCx10 | 4.505 | 1554.000 5.301
PCx5 | 4.005 | 1629.200 3.172
PCx2 | 3.295 | 1632.800 2.302
Average 4.126 | 1521.050 3.068

SC 4.575 | 1236.000 | 69.413
PCx10 | 4.035 | 1533.000 | 19.105
PCx5 | 3.270 | 1561.800 | 23.503
PCx2 | 13.550 | 1184.400 53.444
Average 6.358 | 1378.800 | 41.366

100-100

1000-1000

100-100-10

1000-1000-10

Table A.9: Benchmark of Sparsity Induction on Weight (Varied Coefficient).
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Network Type | Error | Iteration | Duration
SC 6.185 | 1638.200 1.570
PCx10 | 5.495 | 1489.200 3.465
PCx5 | 4.705 | 1504.600 2.312
PCx2 | 4.440 | 1560.800 1.786
Average 6.371 | 1548.200 2.283
SC 5.485 | 1882.200 | 58.135
PCx10 | 3.985 | 1635.400 | 13.321
PCx5 | 3.750 | 1583.000 | 14.689
PCx2 | 4.190 | 1546.600 | 36.784
Average 5.251 | 1661.800 | 30.732
SC 4.710 | 1239.800 1.405
PCx10 | 5.160 | 1539.400 4.983
PCx5 | 4.760 | 1522.000 2.979
PCx2 | 4.650 | 1440.200 2.082
Average 4.820 | 1435.350 2.862
SC 4.405 | 1237.000 | 61.131
PCx10 | 4.475 | 1561.000 | 15.598
PCx5 | 4.545 | 1528.400 | 15.969
PCx2 | 13.890 | 1448.800 | 37.804
Average 6.829 | 1443.800 | 32.626

100-100

1000-1000

100-100-10

1000-1000-10

Table A.10: Benchmark of Sparsity Induction on Activation Value (Varied Coeffi-
cient).
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Network Type | Error | Iteration | Duration
SC 6.160 | 1613.400 1.281
PCx10 | 5.080 | 1424.800 3.388
PCx5 | 4.415 | 1534.400 2.304
PCx2 | 4.035 | 1452.400 1.745
Average 4.923 | 1506.250 2.180
SC 5.485 | 1854.400 | 57.599
PCx10 | 3.870 | 1445.600 | 13.028
PCx5 | 3.830 | 1446.600 | 14.831
PCx2 | 6.075 | 1005.400 | 35.290
Average 4.815 | 1438.000 | 30.187
SC 4.950 | 1243.800 1.380
PCx10 | 4.635 | 1401.200 4.911
PCx5 | 4.315 | 1426.600 2.932
PCx2 | 6.225 | 1400.800 2.018
Average 5.031 | 1368.100 2.810
SC 4.575 | 1170.600 | 57.510
PCx10 | 4.080 | 1461.800 | 15.099
PCx5 | 10.160 | 1394.400 | 15.590
PCx2 | 40.090 | 866.800 36.020
Average 14.726 | 1223.400 | 31.055

100-100

1000-1000

100-100-10

1000-1000-10

Table A.11: Benchmark of Sparsity Induction on Penultimate Layer Activation Value
(Varied Coefficient).
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PCDO PCDC
Dataset | SCDO 5 3 10 5 5 10

BC 2.710 2.720 2.590 2.655 2.040 1.560 1.925
100 BT 60.000 | 59.100 | 57.400 | 57.250 | 57.025 | 56.825 | 57.650
nodes GL 38.938 | 38.925 | 38.538 | 38.175 | 31.338 | 30.625 | 29.775

LF 93.908 | 93.317 | 93.483 | 93.592 | 92.792 | 91.108 | 89.725

MN 9.178 8.507 | 8.698 8.746 | 7.297 | 6.586 6.758

BC 2.575 2.290 2.220 2.195 1.945 1.470 2.335
1000 BT 60.000 | 59.500 | 57.475 | 57.500 | 57.600 | 57.525 | 60.000
nodes GL 35.575 | 30.363 | 29.075 | 29.038 | 31.550 | 29.788 | 29.438

LF 89.033 | 90.783 | 92.500 | 94.183 | 91.767 | 85.208 | 81.217

MN 9.356 9.135 | 8.031 7.784 | 9.157 | 7.357 | 6.967

Table B.1: Detailed test errors for different network sizes (i.e. 100 and 1000 nodes),
conditions (i.e. SCDO, PCDO and PCDC) and datasets (i.e. BC-Breast Cancer,
BT-Breast Tissue, GL-Glass, LF-Leaf, MN-MNIST). Bold for the best.
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Figure B.1: Best (Lowest) Test Error on Breast Cancer Dataset with (a) 100 Node
and (b) 1000 Node Network.
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Figure B.2: Best (Lowest) Test Error over 100 Trials on Breast Tissue Dataset with
(a) 100 Node and (b) 1000 Node Network.

42 38
- -
401 . . 361 -
—— — ; -
38t ! ! 34f ! . .
— - : * —~ :
= . B . + -—
3 36 ' o 32t ! j
© : * © ‘ -
g 34 I . 5 30 -
= 1 =
w ' w :
32 : o 28} ' '
' —r —r
.
30+ —_ E:' 26} + *
o
28 . . . 24 . . .
SCDO PCDO PCDC SCDO PCDO PCDC
Models Models

(a)

(b)

Figure B.3: Best (Lowest) Test Error over 100 Trials on Glass Dataset with (a) 100

Node and (b) 1000 Node Network.
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Figure B.4: Best (Lowest) Test Error over 100 Trials on Leaf Dataset with (a) 100
Node and (b) 1000 Node Network.
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Figure B.5: Best (Lowest) Test Error over 10 Trials on MNIST Dataset with (a) 100

Node and (b) 1000 Node Network.
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