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To all the kids who loved day-dreaming and fantasising.
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Butterflies, 1950 - M.C. Escher
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ABSTRACT

Humans are able to solve tasks under many different domains. When facing new tasks, we leverage
knowledge acquired from previous experiences, then we accumulate and transfer knowledge to a
new task for continual learning. Multi-task learning is a learning paradigm which aims to leverage
the shared features learned in a unified framework to improve generalisation in contrast to learning
each task independently. It is more efficient not only in terms of memory and inference speed, but
also in terms of data, since related tasks may share informative feature representations. In this

thesis, we will investigate multi-task learning with a spectrum of different perspectives.

We first give an overview and thus touch upon several major problems in multi-task learning. We
introduce some modern approaches on the multi-task network design and discuss the effectiveness
of relative task weighting. We then show how, a multi-task network design can be tailored in a way
to incorporate both task-agnostic and task-specific teatures in a self-supervised and efhicient man-
ner. As part of our evaluation of robustness on task weighting, we also propose a novel weighting
scheme, which adapts the task weighting over time by considering the rate of change of the loss for

each task.

As further introspection into the benefits of multi-task learning, we also designed experiments to
investigate how generalisation scales with different task complexity, such as an increasing number
of semantic classes or training with an increasing number of learning tasks. Lastly, we take a step
turther, to present an auxiliary learning framework which can automatically generate knowledge
to improve generalisation. The results offer a promising path towards building machine-generated

knowledge and providing a new perspective on generalisation in the regime of deep learning.
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NOMENCLATURE

Symbols €5 Notations

D dataset

X dataset inputs

Y dataset outputs

X, single data point

Y single data label

x,(2,7) element at row 7 column j in data point x,,
7, predicted model output on input x,,
€ arandom variable

A task weighting

T temperature

£..0) a function f with parameters
N(-) Gaussian (normal) distribution
AB(-) Bernoulli distribution

111l norm-1 distance
- 1|, norm-2 distance (Euclidean norm)

['; ] concatenation
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Acronyms & Abbreviations

KL

NN

CNN

RNN

RL

RMSE

MAE

RAE

€.g.

i.e.

S.t.

W.r.t.

Kullback-Leibler

Neural Network
Convolutional Neural Network
Recurrent Neural Network
Reinforcement Learning
Root Mean Square Error
Mean Absolute Error
Relative Absolute Error
exempli gratia (for example)
id est (that is)

such that

with respect to
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INTRODUCTION AND BACKGROUND

In this chapter, we introduce and explain background material, mostly the building blocks of deep
learning (Section 1.2,) which include convolutional neural networks (Section 1.2.1) and recurrent
neural networks (Section 1.2.2). We elaborate our motivations and related research areas in multi-
task learning (Section 1.3) as well as its applications (Section 1.4). Eventually, we present our re-

search contributions and thesis outline (Section 1.5).

1.1 Machine Intelligence and Computer Vision

The initial concept of machine (or artificial) intelligence can be traced back as early as more than
half a century ago where Alan Turing published a phenomenal paper - ‘Computing Machinery
and Intelligence’ [ Turog] in which he introduced 7uring Test to the general public, a test of ma-
chine’s ability to exhibit intelligent behaviour equivalent to that of ahuman. In the years following,
impressive advances have been made in the field of machine intelligence. One of the most no-
table achievements was ELIZA [Wei66], a chatbot simulated conversation using pattern matching

method, and it was regarded as one of the first programs capable of passing the Turing Test.

Before the AI booming era today, there were two ‘Al winter’ spanning several decades from the
1970s to the late 1980s mainly because of the high expenses and the limitation of speed and power
in legacy computing machines. The Al winter thawed in the early 1990s and has been increasingly
well funded till today. However, as long as AI has gone mainstream, some people worried about

the progress of Al characterised with hype and alarmism.
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The goal of any machine intelligence system is to create krnowledge, whether learning from experi-
ence, or illuminating entirely new domains [Simgs, Kel1s ]. It follows that a fundamental consid-
eration in machine intelligence is the underlying theory of knowledge creation. Obviously, a theory
of knowledge shouldn’t become an obstruction towards the pursuit of machine intelligence. Just
like many major scientific achievements: the electrical and communication apparatus preceded the
theory of electromagnetism; the telescope preceded the optics theory. Similarly, many researchers

are pursuing machine intelligence without a rigorous explanation of how knowledge is created.

The invention of multilayer perceptrons [1IL66] (now we called deep learning, refer to Section 1.2)
was one representative example of a good learning algorithm lacking a fundamental theory. Many
successful practitioners in the early 1980s were hard-pressed to illuminate the theory that under-
pins their solutions. The rising and breakthrough sparkled in the early 2010s thanks to the major
speedup offered by graphics processing units (GPUs) to train large models. Currently, deep learn-
ing is the most popular method in the field of machine intelligence and has produced results com-

parable to and sometimes superior to human experts in many applications [MKS* 15, HZRS15].

One of the most important areas in machine intelligence is computer vision, i.e., to teach machines
understand images and videos in an automatic way. Computer vision is a vibrant field and there
are myriad interesting research questions that fall under this big umbrella - knowing what objects
are present [SZ14, HZRS16a], their locations [HGDG17], semantic meanings [MHLD16] and
spatial relations [SRB*17]. A learning system with such a capability can arguably process a certain

level of intelligence, and sure step towards an understanding of cognition [RDoz2].

Going beyond pure scientific discoveries, the recent successes in computer vision have influenced
the pop culture, cultivated many commercial applications and different aspects of the infiltration
and integration. Human motion capture in gaming and feature films [MGo1, Gav99], neural style
transfer in a smart phone [GEB16], augmented reality in a virtual enviroment [Azugy, VKP10],

and visual SLAM and navigation in a robotic system [DRMSo7] are only the tip of the iceberg.

The aim of this work is a further advancement in a general aspect of machine intelligence; more

precisely, to accelerate and improve learning in an autonomous system.



1.2 Deep Learning

Deep learning (also known as deep neural network or multilayer perceptrons) is a learning system
in a connectionist paradigm. Unlike conventional methods which we hardcode explicit procedures
in a linear fashion, neural networks process information collectively throughout a layer-by-layer
architecture composed with computational units (in this case, we called neurons) to learn rich and
useful features in a self-supervised manner.

Input Hidden Output
layer layer layer

fig. 1.1: Aillustration of a simple 3-layer feed-forward neural network architecture.

The ability of learning is achieved by adjusting the wezghts in each connection between two neurons
by back-propagating errors using gradient descent. Each neuron taking the input from previous
layer is applied to a linear transformation as it flows through a neural network: f(x) = xW + b.
Each layer is usually further applied to a non-linear activation ¢(-) before sent to the next layer to

encourage non-linearities. The most commonly used activation functions are,
ef—e™*

, tanh(z)=———, ReLu(z)=max(0,z)"

14+e~* e?+e*?

sigmoid(z) =

“The activation function ReLu (Rectified Linear units) unlike the previous two is not bounded or differentiable.
The recent results have argued that ReLu performs a great acceleration to the convergence due to its linearity and
unboundedness [KSH12] compared with other activation functions.
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In an example of regression, we are given a set of N number of data pairs D = (x4, y1.n)- Our
objective is to find network parameters W, b such that minimise the average mean square error
over our observed data: Z @ (e Wy + b)W, + b, — ;][5 for a 3-layer feed-forward neural

network as shown in Figure 1.1.

Each layer in the network hierarchy can be seen as a building block of a deep learning architecture.
The composition of such blocks embodies the versatility of deep learning models which leads to
an infinite number of possibilities on model combinations. Nevertheless, the fundamental under-
standing of expressibility in neural network, i.e. how the architectural priorities of a neural network
affect the performance and resulting functions it can compute, is still lacking. The very first results
related to this question took a highly theoretical approach to show: a feed-forward neural network
can be considered as a Universal Function Approximator [HSW89] which is capable of approxi-
mating any measurable function to any desired degree of accuracy. Some more recent analytical
discoveries from [MPCB14] explained the compositional properties in deep models with piece-
wise linear activations, where computations on higher layers are effectively replicated by recursive
Space folding operations in all input regions that produced the same output at a given layer. Figure

1.2 offers an illustration of this replication property.

N N
r — N —
R — N
~_ I~

Input Space First Layer Space Second Layer Space

fig. 1.2: Aillustration of space folding: how the top-level partitioning (on the right) is replicated

to the original input space (on the left). Created by adaptions of original figures from [MPCB14].
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Towards a set of more fundamental questions, such as the measure of expressibility of deep neural
network and complexity bound of network constructions (separation between deep and shallow
networks) has largely remained unanswered. A deeper understanding of these issues might begin
to draw connections between network expressibility and observed performance [RPK*16], ulti-

mately understand generalisation in deep learning.

The performance of different architectures in neural networks varies on different types of data. In
the following sections, we will introduce the two most common network structures in deep neural
network design: convolutional neural networks which are good at dealing with images (Section
1.2.1) and recurrent neural networks which are good at dealing with series of data (Section 1.2.2).

Finally, we refer readers to the textbook [GBCB16] for a more detailed introduction.

1.2.1  Convolutional Neural Network

Convolutional Neural Networks (ConvNets or CNNs) which derive the name from convolution
operators are designed mainly for dealing with images. One common convolutional architecture
is composed by recursively stacking convolutional layers and pooling layers with optional fully-
connected layers are attached at the end of the network depending on the type of task. The first
deep convolutional net was introduced by LeCun, et al by proposing a network called LeNers

[LBBH98] for recognising hand-written postcodes.

Convolution Pooling ~ Convolution Pooling Fully Fully Predictions
Connected Connected

——— T
| |
! !
| L

fig. 1.3: Aillustration of a simple ConvNet architecture for image classification.

A convolutional layer is a linear transformation that preserves spatial information between pixels

in the inputimage. A 2D convolutional layer is arranged in 3 dimensions: width, height and depth
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with considering depth as channels, e.g. the colour images have three channels (RGB), while the
grey-scaled images only have one.? In the hidden layers, the depth represents the number of feature
maps. A pooling layer is further applied to reduce the dimensionality of feature maps while retain-
ing the spatial information. We normally apply max-pooling which is simply taking the largest

element from the feature map within a defined spatial patch.

To use a convolutional network for classification, a fully-connected layer is applied by passing the
output of the model y with K dimensionality through an element-wise softmax function?® to obtain

a normalised probability score: ¢ / 3K % for each class j in total K classes.

ConvNets can learn hierarchical object-part representations in an unsupervised setting. Building
on the first layer representations learned from the input images, the upper layer learned features
by combining the previous layer’s part representations into more complex, higher-level features
as presented in Figure 1.4. Such properties ensure the model’s robustness on high-dimensional,

complex data and is the key to the prominent performance in many vision-based applications.

BO:"T’Q,.o?'

el el

vy
Car face elephant

fig. 1.4: Visualisation of the feature maps in the second layer (top) and the third layer (bottom) for

various object categories using convolutional deep belief networks [LGRNog].

*A convolutional layer can be easily extended by adding more dimensions: e.g., a 3D convolutional layer is com-
monly used in video analysis which can preserve spatial-temporal features.

3Softmax literally means a soft version of argmax which represents a categorical distribution over K possible out-
comes represented by a K dimensional vector of real values in the range of (0, 1) that add up to 1.



1.2.2 Recurrent Neural Network

In the previous sections, we introduced several feed-forward neural networks. However, these net-
works depend on discrete data assuming no dependencies with fixed inputlength. For the interests
of dealing with sequence data with various magnitude such as texts and sounds, we introduce re-
current neural networks (RNNs) which are able to not only learn the local and long-term temporal

dependencies in the data but also accommodate the input sequences of variable length.

The major difference for RNNGs is they recurrently use the same information to perform a task for
every element of a sequence. Such properties make RNNs particularly good in language models

such as machine translation and text generation.

A traditional RNN is composed by x(): the input data x at time step ¢, h(0): the hidden state b at
time step ¢, and y(t ): the output at time step ¢. For each time step ¢, we compute

P = d(UxD + Wh'=Y 4 by,)

Y =¢(Vh+b,)
in which U, W, V are weights, by, by are the bias neurons and ¢(-) is a non-linear activation func-

tion. A RNN can be unfolded in time to become a feed-forward neural network. The general

structure can be illustrated as follows.

t+1) z

+2)
\% \%
W
Unfold \\4 \\4 \\4
fr—
t+2

U UI U U
O x(0) £+

fig. 1.5: Aillustration of unfolding a recurrent neural network into a feed-forward neural network.

Training a RNN is to use back-propagation through time (BPTT) to compute gradients. The

chain rule however stacks many partial derivatives and makes RNN terrible at learning long-range
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dependencies. Let’s assume the error term of output neuron at time step 7 is £, we have

JEMW  ZLFEM G5 [ 2 gp0) \ 9p)
Tl Sy iy A DA (- (n)
W _;: 39m hn) <jglgb(j—1)> Sy ) = SoftMax(V5™),

where 9, is a prediction from the network.

Depending on our activation functions and network parameters, we could easily get exploding or
vanishing gradients. [PMBr13] discussed this problem and provided an effective solution by clip-
ping the gradients at a threshold. The more popular solution is to use a Long Short-Term Memory
(LSTM) [HS97] or Gated Recurrent Unit (GRU)* [CGCB14], some special kinds of RNN’s that
avoid the long-term dependency problem. [JZS1s] further explored different types of recurrent

network architectures and gave a thorough comparison.

1.3 Multi-Task Learning and Beyond

Deep neural networks have seen great success in a range of tasks, from image recognition [KSH12,
GEB16] and machine translation [BCB14] to game playing [MKS* 15, SHM*16] and cancer de-
tection [CGGS13, EKN*17]. However, these networks are typically designed to achieve only one
particular task. For building a more practical learning system in real-world applications, a network
which can perform multiple tasks simultaneously is far more desirable than building a set of inde-
pendent networks, one for each task. In the following sections, we will introduce the central theme

of our research interests: multi-task learning and its related fields.

1.3.1  Muld-Task & Transfer Learning

Multi-Task Learning (MTL) [Carg8] lies in a big umbrella of transfer learning. It is described as
inductive transfer learning which aims at finding good feature representations to minimise domain

divergence and classification or regression model error [PY10]. In order to fully characterise MTL,

*GRU is relatively new and computational more efficient, yet retaining performance on par with LSTM.
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we refer to the definition from [ZY17]: “Given m learning tasks 7, where all the tasks or a subset
of them are related, multi-task learning aims to help improve the learning of a model for task 7; by

using the knowledge contained in the » tasks.”

In this thesis, we mainly discuss MTL under deep learning methods. One research aspectin MTL
is multi-task framework design (Chapter 2). Compared to standard single-task learning, training

multiple tasks whilst successfully learning a shared representation poses two key challenges:

i) Loss Function (how to balance tasks): A multi-task loss function, which weights the relative
contributions of each task, should enable learning of all tasks with equal importance, without
allowing learning to be dominated by the easier tasks. Manual tuning of loss weights is tedious
and sub-optimal, and so automatically learning these weights, or designing a network which

is robust to these weights, is highly desirable. (Further discussions in Section 2.1.)

ii) Network Architecture (how to share): A multi-task learning architecture should express
both rask-agonistic and task-specific features. As such, the network is encouraged to learn a
generalisable representation (to avoid over-fitting), whilst also providing the ability to learn

features tailored to each task (to avoid under-fitting). (Further discussions in Section 2.2.)

Multi-task learning has also often implicitly been used without explicit reference. The most com-
mon example is that of a neural network pre-trained with a large-scale dataset, such as ImageNet
[KSH12], as a rich prior to a supervised fine-tuning [EBC* 10] procedure. More explicitly, multi-
task learning is often used with CNN’s in computer vision to model two or even more related tasks
jointly, such as image classification in multiple visual domains [RBV17], or to couple dense pre-
diction tasks such as the estimation of depth maps, surface normals and semantic segmentation

[MSGH16, EF15], or for pose estimation and action recognition [GHGM14].

Most multi-task learning network architectures are designed based on existing feed-forward deep
neural networks. Some recent work includes [DZ17] which proposed a multi-task network based
on ResNet-1o1 architecture [WJQ™ 17], with a lasso-regularised combination of features from dif-

ferent layers, to encourage the network to separate features that are useful for different tasks. The
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Cross-stitch Network [MSGH16] used ‘cross-stitch units’ to combine two task-specific features,
using a learnable linear combination of input activation maps. UberNet [Kok17] proposed a com-
mon CNN trunk which based on VGG-Net [SZ14], to perform as many as 7 tasks. The Progres-
sive Networks method [RRD™"16] applied a teacher-student relationship to accelerate training in
multiple Atari games. [TBC* 17] proposed Distral, a general framework for distilling common be-
haviours in multi-task reinforcement learning which show the resulting algorithms learn quicker
and produce better performances with more stable and robust to hyper-parameter settings. How-
ever, some of the proposed multi-task networks are not parameter-efficient, since the network size
increases linearly with the number of tasks. A desirable characteristic of multi-task learning is effi-

ciency and this requires the network size to grow only gradually as extra tasks are added.

1.3.2 Auxiliary Learning

Apart from learning multiple tasks at once, in some situations, we only care about the performance
of one or several (but not all) particular tasks (Chapter 3). Towards a better understanding on task
relatedness, we designed experiments to understand the effect on generalisation by building auxil-
fary tasks with various attributes such as an increasing number of semantic classes or an increasing

number of tasks. (Further discussions in Section 3.1.)

Auxiliary learning was not clearly defined, whilst there should be a common consensus that aux-
iliary tasks are designed to asszst in finding a rich and robust representation, from which the ulti-
mately desired main tasks profit. To give a formal description of auxiliary learning, we extend the
definition of multi-task learning from [ZY17]: “Given m learning tasks 7., where all the tasks
or a subset of them are related, auxiliary learning aims to help improve the learning of a model for

task 72 |, n < m by using the knowledge contained in the 7 tasks.”

Though previously lacking the formal definition, researchers have shown the benefits by adding
auxiliary tasks in the regime of multi-task learning in many applications. [TTLL17] applied aux-

iliary supervision with phoneme recognition at intermediate low-level representation of deep net-
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works to improve the performance of conversational speech recognition. [LK18] chose auxiliary
tasks which can be obtained with low effort, e.g., global descriptions of the scene to boost the per-
formance for single scene depth estimation and semantic segmentation. [JMC*16] introduced a
method for largely improving the learning and final performance of agents in Atari games as well
asa 3D environment called Labyrinth by building auxiliary tasks to predict the onset of immediate

rewards from a short historical context.

By forcing the network to generalise with more learning tasks with a fixed network capacity, auxil-
iary learning restricts the parameter space during optimisation and thus can be regarded as regular-
isation. However, by design, auxiliary tasks scale in different complexity and relatedness with the
primary tasks from different applications. In Section 3.1, we will give a deep analysis on generali-

sation and network expressibility in auxiliary learning.

1.3.3 Meta Learning

Not only in the most common supervised learning we discussed above, MTL can also be easily
combined with other learning paradigms including reinforcement learning, meta learning, active
learning and even graphical models to improve the performance of learning tasks [ZY17]. Allowing
multi-task models to determine ‘what to share’ and ‘how to share’ may temporarily circumvent the

lack of theory and perform better to share knowledge even among loosely-related tasks.

Meta learning (or learning to learn) is a learning paradigm to optimise a neural network to better
accomplish a task. In the context of Al systems, meta learning can be defined as the ability to
acquire knowledge versatility. The literature on meta learning can be divided into several categories,
including metric-based, optimisation-based and fully generic models. In the context of MTL, we

mainly discuss optimisation-based meta learning.
y p g

Since optimisation for most modern deep neural networks relies on gradient descent, it is naturally
to incorporate such learning framework into training meta learners. [RL16] proposed a LSTM-

based meta learner which uses its state to represent the learning updates of the parameters of a clas-
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sifiers and initial weights. [FAL17] proposed a simplified model that only learns the initial weights
which is model-agonistic. [ADG*16] trained an LSTM to control parameter-update given each
parameter’s gradient information. This method was further improved with scalability and general-
isation via a hierarchical recurrent architecture by [WMH™17]. In Section 3.2, we will discuss how
to bring together with meta and auxiliary learning and design a general learning framework which

can generate auxiliary knowledge automatically to improve generalisation in a multi-task network.

1.4 Applications

Multi-task learning has many applications across a variety of areas. Some of the works including in
computer vision, speech, natural language processing and game playing have already been covered

in the previous sections.

Other than common learning-based applications, MTL also helps to improve real-life applications
such as in bioinformatics and health informatics. [WTAR 10] improved MHC-I binding predic-
tion and splice-site prediction with two multi-task multi-kernel methods. [WZY*12] proposed a
sparse Bayesian model which learns correlations between features for all tasks to predict cognitive
outcomes for the Alzheimers disease. [ZLZ"16] showed that the feature representation learned
from large-scale nature images can transfer useful information to limited biological images and im-

prove prediction accuracy.

The recent successes in MTL based on neural networks usually require a large number of training
samples. By ingenious design of complimentary learning tasks, such constraints might be allevi-
ated to perform unsupervised learning. For example, [FNPS16, ZBSL17] proposed image synthe-
sis networks that generate new views by selecting pixels from nearby images. The relative pose of
multiple cameras is used to predict the appearance of a nearby image such that the network can per-
form monocular depth estimation without ground truth depth knowledge at training time. Such
property has unarguably raised another benefit from multi-task learning. And this self-supervised

learning framework can be easily embedded in a robotic vision system for practical use.
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1.5 Research Questions and Contributions

In this thesis, we aim to achieve a better understanding in MTL - the task relatedness, hierarchy,
benefit as well as the connections to different learning paradigms and applications. We formulate

the research questions and contributions in this work as follows.

* Research Question 1: How to properly balance different types of tasks such that training multi-

task networks will not be dominated by the easier task(s)?

In Section 2.1.2.2 and [LJD18] we present a novel weighting scheme, Dynamic Weight Average
(DWA), which adapts the task weighting over time by considering the rate of change of the loss
for each task. DWA does not touch the internal gradients in the network whilst it only requires
theloss computed from each task to renormalise the gradient. Such design makes the implemen-
tation significantly simpler compared to other exiting weighting methods and yet still produces

a noticeable performance boost over equal weighting method.

* Research Question 2: How to build a multi-task learning architecture which is easy to train,

parameter-efficient and robust to task weighting?

In Section 2.2.3 and [LJD18] we present a unified approach by designing a novel multi-task net-
work based on the recent advances in attention mechanisms which (i) enables both task-shared
and task-specific features to be learned automatically, and consequently (ii) learns an inherent

robustness to the choice of loss weighting scheme.

Our approach, the Multi-Task Attention Network (MTAN), consists of a single shared network
containing a global feature pool, together with task-specific soft-attention modules. The flexibil-
ity from the attention enables much more expressive combinations of features to be learned for
generalisation across tasks, whilst still allowing for discriminative features to be tailored for each
individual task. Furthermore, automatically choosing which features to share and which to be
task-specific allows for a highly efficient architecture, with far fewer parameters than multi-task

architectures which have explicit separation of tasks.
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* Research Question 3: How to make use of multi-task relationships and design suitable auxiliary

tasks to improve genevalisation over primary tasks?

In Section 3.1 we perform multi-task learning both in single (image classification) and multiple
visual domains (semantic segmentation + depth estimation). We build dataset with a multiple
level of hierarchy (as similar to WordNet) and extensively analyse how different task complexity

such as increasing number of auxiliary tasks or semantic classes can affect generalisation.

We further propose two hypothesis to explain the generalisation gap and we confirm our obser-

vations to be robust under different of network architectures or optimisers.

* Research Question 4: How to build a learning system such can automatically generate useful

auxiliary tasks?

In Section 3.2 we introduce gradient descent meta learning based approach on auxiliary learning,
which we call Meta AuXiliary Learning (MAXL) which is shown to generate auxiliary tasks
automatically and can achieve similar or superior performance improvement compared with the
human-designed tasks. Our approach is consisted with two components: a multi-task evaluator
which is designed to learn primary and auxiliary tasks simultaneously and a meta learner which is
designed to generate auxiliary knowledge used in the multi-task evaluator. The biggest strength
of our approach lies in the splitting of data into training and meta-training data together with

the meta learning that is performed via a second-derivative trick.
Much of the works in this thesis appears in the following publications:

* Shikun Liu, Edward Johns, and Andrew ]. Davison, “End-to-End Multi-Task Learning with

Attention,” ArXiv Preprint, 2018.

* Shikun Liu, Edward Johns, and Andrew J. Davison, “Rethinking Generalisation with Auxiliary

Learning,” ArXiv Preprint, 2018.

ORI
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Murti-Task FRAMEWORK DESIGN

In this chapter, we discuss recent advances in multi-task framework design. We first introduce
adaptive weighting methods for dealing with task balancing problem in Section 2.1 in which in-
cludes our own contribution in Section 2.1.2.2. Furthermore, we introduce deep multi-task neural

network design in Section 2.2 and our design which is based on attention in Section 2.2.3.

2.1 Adaptive Task Weighting

In general multi-task learning with K tasks, a loss function with input x and task-specific labels

vt =1,2,-- K, is defined as

K
L0 (x,91x) = Z A Z(x,9;)-
=1
This is the linear combination of task-specific losses £; with task weightings ;.

For many multi-task networks, training multiple tasks is difficult without finding the correct bal-
ance between those tasks. Different tasks which vary from the scale and complexity naturally pro-
duce different learning efficiency. For example, a task with low data variances would readily dom-
inate the shared representations by producing a larger gradient magnitude. In an extreme case, we

can roughly consider the network is learning task A with weight initialisation learned from task B.

A further supportive argument is provided in Figure 2.1 which shows a different combination of

task weighting results in a noticeable performance change in each task'.

'Applying a different combination of task weighting is equivalent to directly modifying gradient propagation.
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fig. 2.1: Comparing loss with multiple weighting combinations for selected two tasks in CityScapes
dataset [COR™ 16]. Performance of the model in individual tasks is seen at both edges of the plot

where A=0or 1. Figures created by adaptations from [KGC138].

Recent approaches have attempted to address this issue [KGC18, LBBH98] by directly modi-
tying multi-task loss function with Bayesian uncertainty (Section 2.1.1) or proposing an adap-
tive method to renormalise gradients such that task weighting A; can vary at each training step

t: A; = A;(t) (Section 2.1.2). We elaborate and explain these methods in the following sections.

2.1.1  Homoscedastic Uncertainty

Introduced in [KGC18], Homoscedastic (or task-dependent) uncertainty is a quantity varying be-
tween different tasks while stays constant for input data. In a multi-task setting, task uncertainty
captures the relative confidence between tasks depending on the tasks’ representation. It can be

used as a measurement for weighting losses in a multi-task learning problem.

We suppose f,,(x) be the output of a neural network with weight « on input data x and ground
truth prediction y. In the case of multiple model outputs with K discrete regression tasks, we

obtain the following multi-task likelihood,

K
POy elfo(X) = Up(yi folx)) and  p(y;lf,(x) = N (£, (%), 07)

where each model follows a Gaussian distribution with a noise scalar o.
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In maximum likelihood inference, we minimise the negative log likelihood* of the model which

can be written as,
K1
—log p(y1,7:+++ s Ml fun(2)) 02 D>

=1

Il —fu(¥)|P +logo

We denote each task-specific loss Z;(w) = ||y; — f,,(x)|* and the final multi-task joint loss gives
K

1
"%tot(w’o-lzl() = Z F"(gz(w)-i_logaz

i=1“9;
The positive noise o like the network parameter w can be learned through back-propagation to
denote the confidence in each task. As o increases, we have the weight for the loss decreases. In
practice, the authors suggested to predict the log variance log o2 to avoid zero divisions and for the

numerical stability.

One of the advantages for such method is that all parameters are learnable to minimise the cost of
hyper-parameter search. However, though simplistic it seems, there are some other notable con-
strains in this design. First, our initial assumption’ ensures that all K tasks are using the same net-
work parameters w, while our experiments (Section 2.3) show that such network is poorly designed
which does not encourage to learn task-specific features. Thus, the method is not suitable for al-
most all network structures and feature sharing methods introduced in Section 2.2. Second, we
found out that the performance is sensitive to different learning rates and the choice of gradient

optimisation methods (also shown in Section 2.3).

2.1.2 Gradient Manipulation

Training deep neural network with back-propagation is to evaluate the gradient of loss function
with respect to per-parameter in each layer, then the weights are updated with an optimisation rule.

A rather straightforward approach on multi-task wight balancing problem is to directly manipulate

*Inaclassification network: p(y|f,,(x)) = SoftMax (f,,(x)) modelled with a softmax likelihood produces the same
result. Detail derivations refer to the original paper.

3Also known as hard-parameter sharing in multi-task learning (detailed introduction in Section 2.2): to pick any
feed-forward network and splits at the last layer for the prediction of each task.
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network gradient in each training propagation step. In the follow sections, we investigate adaptive

weighting problem in MTL with both implicit and explicit gradient-based weighting design.

2.1.2.1 Gradient Renormalisation

[CBLR17] offers a key insight in multi-task balancing problem, arguing that: “Task imbalances
impede proper training because they manifest as imbalances between back-propagated gradients.”
It naturally follows that to balance each task is equivalent to balance gradient magnitudes com-

puted from each task.

From this observation, the authors introduced Grad Norm, an adaptive weighting method so that
each task weighting A; can vary at each training step. GradNorm computes the gradient of the
weighted single-task loss A;.%; in the last shared layer of weights ' C w (subset of all network
weights) and renormalise relative inverse training rate 7;(¢) to balance the task gradients A,(¢). The

detailed algorithm is illustrated below.

1 Initialise: Task weightings: A,(r =0)=1,V:

2 Initialise: Network parameters: c

3 Initialise: Restoring force:

4 for each training time Step t do

5 Compute: Z(t)= le A (0)%;(1) < standard forward pass
6 | Compute: 7,(t)=%;(t)/E[Z;(t)] where £,(t) = Z,(1)/ £(0)

7 | Compute: G, (t) =E[G")(t)] where G')(t) = ||V, A ()£, (1),

8 | Compute: Z,,0 =3 (|G (t)— Gp(2) X [ri(0)

9 Compute: V) L, 1q <1 GradNorm gradients
10 Compute: V£ (1) < Standard gradients
1 Update: A;(t +1) « A;(t) using V) &y,

12 Update: (¢ +1) < () usingV , £ (t) < standard backward pass

13 end
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G, (t) computes the average gradient norm across all tasks at training time and a represents the

strength of restoring force, i.e., a higher value of @ enforces stronger training rate balancing.

GradNorm like the weight uncertainty method introduced in the previous section is applied on the
hard-parameter sharing in deep multi-task network. As we discussed previously, hard-parameter
sharing is a ill-designed approach which does not encourage to learn task-specific representations.
Besides, It also touches the internal network gradients which makes it rather difficult to implement

in a modern deep learning framework.

2.1.2.2 Dynamic Weight Average (Our Approach)

Inspired by GradNorm [CBLR 17], we propose a simple yet effective adaptive weighting method,
named Dynamic ‘Weight Average (DWA) which learns to average task weighting over time by
considering the rate of change of loss for each task. But whilst GradNorm requires access to the
network’s internal gradients, our DWA proposal only requires the numerical task loss, and there-

fore its implementation is far simpler.

Our approach defines the task weighting A,, for task £ in two simple equations:
_ Kexp(w(t—1)/T) Lt —1)

M= S iy TV g0y

Here, wy(+) calculates the relative descending rate in the range (0, +00), ¢ is an iteration index, and
T represents a temperature which controls the softness of task weighting, similar to [HVD15] and
a in GradNorm. A large T results in a more even distribution between different tasks. If 7" is large
enough, we have A; & 1, and tasks are weighted equally. Finally, the softmax operator which is

multiplied by K ensures that 3>°; 4;(z) =K.

In our implementation, the loss value £, (¢) is calculated as the average loss in each epoch over
several iterations. Doing so reduces the uncertainty from stochastic gradient descent and random
training data selection. For ¢ = 1,2, we initialise w,(¢) = 1, but any non-balanced initialisation

based on prior knowledge on training data could also be introduced.
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2.2 Multi-Task Networks & Feature Sharing

Adaptive task weighings as shown in Section 2.3 and in [CBLR 17, KGC18] are effective in certain
types of multi-task architectures. However, it’s always preferable to have a unified approach to
(i) enable both task-shared and task-specific features to be learned automatically and (ii) learn an

inherent robustness to the choice of loss weighting scheme.

In the context of deep learning, multi-task learning is typically done in hard or sofi-parameter shar-
ing of feature representations [Rud17]. Hard-parameter sharing greatly reduces over-fitting by
using the same set of features across multiple learning tasks. On the other hand, soft-parameter
sharing has more robust towards learning task-specific features where each task has its own model

of parameters.

: Shared

Layers

Constrained

v Layers

N EE e

. E——
-

Task A Task B Task C Task A Task B Task C

Hard-parameter Sharing Soft-parameter Sharing

fig. 2.2: Left: Hard-parameter sharing approach in which the input goes through the shared lay-
ers (grey) and splits at the last layer for task-specific predictions. Right: Soft-parameter sharing
approach in which each task has its own feature parameters with certain constraints. Created by

adaptations of original figures from [Rud17].

While most recent successes in deep multi-task network design are between in two sides: employ
in a way to have both hard and soft-parameter sharing to incorporate task-shared as well as task-
specific features. In the following sections, we introduce the most common varieties in the modern

multi-task network design.
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2.2.1 Fusion Network

Fusion network is a general feature learning technique which is being very popular in the recent
proposals. The shared representations in the upper layers for each task is formed by learning task-
specific coefficients to fuse lower feature representations from all tasks with linear combinations.
In such way of design, each task will be supervised with useful features from related tasks but not

the other.

Cross-Stitch Network [MSGH16] is one representative network which is built upon this feature
fusion technique. It learns the optimal shared representations by cross-stitching two networks
using linear combinations. Given two activation maps x4, x from layer / for both tasks, we learn
linear combinations X4, %z by a cross-stitch operation parametrised by A. Specifically, at location

(2,7) in the activation map, we perform

~if

xA _ AAA AAB xA

~if iy

xB] ABA ABB xB]

conv pool conv pool conv  conv  conv pool fe fe

Z
S ~
7~ >
>
) A Cross-Stitch A A / A /
1Y
a3 A Units A A A
Z
- -
S =~
~ o
=

fig. 2.3: Using cross-stitch units to stitch two AlexNet [KSHi12]. The cross-stitch units are only
applied after pooling layers and fully-connected layers and thus can model shared representations
as a linear combination of input activation maps. Created by adaptations of original figures from

[MSGH16].
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The optimal linear combinations are learnable through task-specific supervisions from a given set
of tasks. Thus, the network can decide to make certain layers task specific by setting A ;5 or Ag, to
zero if two tasks are loosely related, or choose a more shared representation by assigning a higher

value to them.

Nevertheless, cross-stitch network is computationally expensive since the network parameters grows
linearly when we add more tasks. A more parameter-efficient feature fusion approach is when we

apply linear combinations on one unified shared network.

In [DZ17], authors proposed a multi-task network built on ResNet-1o1 [HZRS16a] with lasso
architecture, in which the representations that fed into each task head* is a sum of layer activations
of residual units by learnable task-specific coefficients. The linear combinations are applied in full
23 candidate layers in block 3 of ResNet-1o1 architecture. Mathematically, the authors create a
matrix A with K rows and M columns, where K is the number of tasks and M is the number of

residual units in block 3. The representation passed to k* b task head is then,

M
ZAk,m O #,y,s
m=1

where #,, is the output of residual unit 7.

The authors further enforce that 34 _, A7 =1 forall task &, to control the output variance®.
To encourage sparsity, they also add an & penalty on the entries of A to the final joint multi-task

objective function.

This particular approach is extremely parameter efficient which only requires additional parameters
from the A matrixand K task heads. Similar to the cross-stitch network, both of these feature fusion
methods can be built on any type of feed-forward neural networks and thus can be trained in an

end-to-end manner.

*In this work, authors perform tasks with a large varieties. The task head represents the task-specific representa-
tions after linear combinations. One need further apply dense layers for classification or decoder layers for pixel-wise
regression, or other form of layers depending on the tasks.

“The entries in A can be negative, so a simple sum is insufficient.
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fig. 2.4: The lasso architecture based on ResNet-1o1. Each task head receives a linear combination

of unit outputs within block 3. Created by adaptations of original figures from [DZ17].

2.2.2 Progressive Network

Introduced in [RRD*16], Progressive Network is an architecture with explicit support for transfer
knowledge across sequences of tasks. Though it is more related in the field of transfer learning, it

eventually solves K independent tasks at the end of training thus also fits in MTL.

fig. 2.5: The structure of a three column progressive network. The first two columns on the left
(dashed arrows) were trained on task 1 and 2 respectively. The third task (green) accesses to all

previously learned features. Created by adaptations of original figures from [RRD* 16].

The progressive network method applied a teacher-student relationship via lateral connections to
accelerate training. While most networks train from scratch, progressive networks retain a pool
of pre-trained models and accumulate previous learned knowledge via adaptors integrated at each

layer of the feature hierarchy.
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Some of key benefits include (i) immunity to catastrophic forgetting® (freeze the parameters in
the source tasks) and (ii) accelerate training via prior learned knowledge. Furthermore, adaptors a
ensures the number of parameters from the lateral connections to remain in the same order when

more tasks are added.

However, this design also introduces new issues. For example, the authors make no assumptions
on the task relationships, while the final performance naturally relies on the training order. To find
the optimal training order for K tasks simply requires K! experiments which is impossible to test
out all the permutations in reality. Besides, the design is not able to train end-to-end and requires

K independent network parameters as similar to cross-stitch network which is not efficient.

2.2.3  Attention Network (Our Approach)

We now introduce our novel multi-task learning architecture based on attention, the Multi-Task
Attention Network (MTAN). The proposed architecture can readily be incorporated into any feed-
forward network, and in the following we demonstrate how to build MTAN upon an encoder-
decoder network, SegNet [BKC17]. This example configuration allows for image-to-image dense

pixel-level prediction, such as semantic segmentation and depth prediction.

Architecture Design. MTAN consists of two components: a single shared network, and K task-
specific attention networks. The shared network can be designed based on the particular task (in
our case, SegNet, for image-to-image predictions), whilst each task-specific network consists of a set
of attention modules, which link with the shared network. The attention modules apply a soft at-
tention mask to the shared network, to determine the importance of each feature for the particular
task. As such, the soft attention masks can be considered as feature selectors from the shared net-
work, which are automatically learned in an end-to-end manner, whilst the shared network learns

a compact global pool of features across all tasks.

®Catastrophic forgetting is a phenomenon particularly in neural networks when the networks completely forget
previous learned information when learning a new task.
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A detailed visualisation of our network based on VGG-16 [SZ14] is shown in Figure 2.6, which
displays the encoder half of SegNet. The decoder half of SegNet is then symmetric to VGG-16. As
shown, each attention module learns a soft attention mask, which itself is dependent on the features
in the shared network at the corresponding layer. Therefore, the features in the shared network,
and the soft attention masks, can be learned jointly to maximise the generalisation of the shared
features across multiple tasks, whilst simultaneously maximising the task-specific performance due

to the soft attention.
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fig. 2.6: Visualisation of MTAN based on VGG-16, showing the encoder half of SegNet (with the
decoder half being symmetrical to the encoder). Task one (green) and task two (blue) have their
own set of attention modules, which link with the shared network (grey). Here, the middle of the
five attention modules has its structure exposed for visualisation, which is then further expanded

in the bottom section of the figure, showing both the encoder and decoder versions of the module.
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Task Specific Attention Module. The attention module is designed to allow the task-specific
network to learn task-related features, by applying a soft attention mask to the features in the shared
network, with one attention mask per task per feature channel. We denote the shared features in
the j** block of the shared network as p(/), and the learned attention mask in this layer for task ; as
Ej ). The task-specific features ﬁgj )

a in this layer, are then computed by element-wise multiplication

of the attention masks with the shared features:
where ® denotes element-wise multiplication. The ‘41 operation is the residual identity mapping
motivated by [W]JQ% 17, HZRS16b], to help the network learn more robust attention maps by

avoiding exploding or vanishing gradients, which may otherwise be caused by consecutive layer-

by-layer multiplications.

As shown in Figure 2.6, for the first attention module in the encoder, the attended features only
take input features in the shared network. But for subsequent attention modules in layer j > 2, the
input is formed by a concatenation of the shared features #7), and the task-specific features from

(-1,

. A
the previous layer 4.

= e [ @ N)) 22

Here, f, g, b are convolutional (or deconvolutional) layers with batch normalisation, following
a non-linear activation ReLu in f, g or Sigmoid in 4. Both f and g are composed with a [3 x
3] kernel, while 4 uses a [1 x 1] kernel to match the channels between the concatenated features
and the shared features. Furthermore, in function g, we apply a stride of size 2, to match the
compressed / up-sampled resolution from the pooling / up-sampling operation. See Figure 2.6 for

the equivalence of architecture between the encoder and decoder.

The attention mask agj ) e [0,1] is learned in a self-supervised fashion with back-propagation. If
al@ — 0, the attended feature maps are equivalent to global feature maps and the tasks share all
the features. Therefore, we expect the performance to be no worse than that of a shared multi-task
network, which splits into individual tasks only at the end of the network, and we show results

demonstrating this in Section 2.3.
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2.3 Experimental Results

In this section, we introduce the dataset used for validation in Section 2.3.1, several baselines for
comparison to our MTAN method in Section 2.3.2 and learning tasks for evaluation in Section
2.3.3. In Section 2.3.4, we show the effectiveness of MTAN with various weighting methods com-
pared with single and multi-task baseline methods. To further understand the attention function,

we present the visualisation of the learned attention masks in Section 2.3.5.

2.3.1  Datasets

CityScapes. The CityScapes dataset [COR T 16] includes 2975 training and soo validation high-
resolution images, with publicly-available annotations. We use this dataset for two tasks: semantic
segmentation and depth estimation. To speed up training, all training and validation images were
resized to [128 x 256] resolution. The dataset contains 19 classes from 7 categories for pixel-wise
semantic segmentation, together with pixel-wise depth labels. We pair the depth estimation task

with the coarser 7-class defined in the original CityScapes dataset.

NYUv2. The NYUv2 dataset [NSF12] includes roughly 8oo RGB-D images for both training
and validation set. We evaluate our method on semantic class sets with 13 labels described in
[CFNL13]. The depth data for this dataset is recorded by depth cameras from Microsoft Kinect,
and the surface normal are computed with the method from [ZP*14]. To speed up training, all

training and validation images were resized to [288 x 384] resolution.

To test the robustness of our multi-task network, we perform experiments both in outdoor dataset
CityScapes and indoor dataset NYUv2 . Road scene images from CityScapes have limited variation
with a standard spatial arrangements which can be easily captured by a deep network. The difficulty
in outdoor scenes relies on small objects such as pedestrians and vehicles of far sight. In compari-
son, images of indoor scenes are much more complex since the view points can vary a lot and the

appearance for objects in the same categories widely vary in texture and shape as well as in different
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lighting conditions. The pixel-wise dense prediction in indoor scene remains one of the hardest

challenges for architectures and methods design in computer vision.

2.3.2.  Baselines

Most image-to-image multi-task learning architectures are designed based on specific feed-forward
neural networks, and thus they are usually not directly comparable. Therefore, for a fair compari-
son across multi-task learning methods, we designed 4 networks (1 single-task + 3 multi-task) based

on SegNet [PMB13 ], which we consider as baselines:

* STAN-SegNet: Single-Task Attention Network, where we directly apply our proposed MTAN

whilst only performing a single task.

* SegNet, Split: The vanilla feedforward SegNet, which splits at the last layer for the final predic-

tion of two tasks.

* MTLBL1-SegNet: A shared network with two task-specific networks, where each task-specific
network receives all features from the shared network, without any attention module. This is
similar to the cross-stitch network [MSGH16], but replaces the cross-stitches operations with

an additional shared network for a closer comparison to our method’.

* MTLBL2-SegNet: The encoder part of the network is the same as our proposed MTAN-SegNet,
but we don’t apply attention modules to the decoder. Each task-specific decoder network takes

its only task-specific features and uses the standard SegNet decoder to return task predictions.

Both baselines MTLBL1-SegNet and MTLBL2-SegNet have more parameters than our proposed
MTAN-SegNet, and were tested to validate that our proposed method’s better performance is due
to the attention modules, rather than simply due to the increase in network parameters. A detailed

visualisation of these two baselines is presented in Figure 2.7.

7Note that the original Cross-Stitch Network scales poorly with the number of tasks, whereas our method scales
sub-linearly.
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fig. 2.7: Two proposed Multi-task Learning Baseline based on SegNet.

2.3.3 Learning Tasks

In our application to image-to-image pixel-level dense prediction, we perform the following three

A
tasks, where Y represents the network predicted result, and Y represents the ground-truth label:

Semantic Segmentation. For semantic segmentation, we apply a pixel—wise Cross-entropy for each

predicted class label from a depth-softmax classifier. We average the result for each valid pixel.

1 \
31(X,Y1)Z—P—ZYl(P,q)long(p,q)-
y20)

Depth Estimation. For depth estimation, we apply an L, norm comparing the inverse predicted
and ground-truth depth, as inverse depth can more easily represent points at infinite distances (such
as the sky). The depth data for CityScape was calculated using the SGM algorithm [Hiro8], and is

represented as inverse ground-truth depth. In NYUvz, the inverse ground truth depth was calcu-
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lated by 2/(D + 2), where D is the original depth map from the dataset.

LH(X,Y,) = Z|Y2P‘] Y2P4)|

Surface Normals. For surface normal (only in NYUv2 dataset), we normalise the vector at each

pixel to unit L, norm and employ an element-wise loss at each pixel using a dot product.

2L(X,Y5) ——ZY (7,9) Ys(p.q)-
P9 g

2.3.4 Results on Multi-Task Learning

We now evaluate the performance of our proposed MTAN method in image-to-image multi-task
learning, based on the SegNet architecture. Using the CityScapes and NYUv2 dataset described
in Section 2.3.1, we compare all the baseline methods introduced in the previous section, together

with vanilla SegNet itself [BKC17].

Training. For each network architecture, we ran experiments with three types of weighting meth-
ods: equal weighting, weight uncertainty [KGCi8], and our proposed DWA (with temperature
T = 20 and 5, found empirically to be optimum for CityScapes and NYUvz respectively). We
trained all the models with stochastic gradient descent using a learning rate of 0.01 and momen-
tum of 0.9, with a batch size of 8. During training, we divide the learning rate by 2 for every 50
epochs, for a total of 150 epochs (except for the weight uncertainty method which drops the learn-
ing rate after every 25 epochs). During training, we discovered that the weight uncertainty method
[KGCi18] is not robust to learning rate. Therefore, to compare fairly to this method, we drop the

learning rate significantly to avoid premature saturation of the gradients.

Results. Table 2.1 shows experimental results across all architectures, and all multi task weighting
schemes for both CityScapes and NYUv2 dataset. By comparing validation results, our method
either outperforms all other methods, across all weighting schemes, and across both tasks or per-
forms at least as well as our proposed baselines, despite they have a significant larger number of

parameter space.
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Table 2.1: Training and validation results for CityScapes (up) and NYUvz2 dataset (down). We mea-
sure segmentation as the mean intersection-over-union (mIoU) for CityScapes / accuracy (Acc.) for
NYUvz2 (the higher the better), depth estimation as relative absolute error (R AE) for CityScapes /
mean absolute error (MAE) for NYUv2 (the lower the better) and surface normal as cosine simi-
larity (14 Cos.) (the lower the better). Column #P compares the number of network parameters,
and the best performing combination of multi-task architecture and weighting is highlighted in

bold with top validation scores for each task are annotated with boxes.

Semantic (mIoU) Depth (RAE)

Type #P. Architecture Weighting
Train Val Train Val
Sinole Task 1 Vanilla SegNet [BKC17] n.a. 0.7012  0.5097  0.3101  0.5027
5 1.32 STAN - SegNet n.a. 0.6950  0.5200  0.4535  0.5535
Equal Weights 0.6850  0.5067  0.3542 0.5666
~1 Vanilla SegNet, Split Uncert. Weights [KGC18] 0.6965  0.4957  0.4434  0.5726
DWA, T =20 0.6937 0.5112 0.3540 0.4969
Equal Weights 0.7104 0.5164 0.4066 0.5166
3.02 MTLBLI-SegNet Uncert. Weights [KGC18] 0.7459  0.5126  0.4480  0.5352
Multi Task DWA, T =20 0.7126  0.5202 0.3333 0.4491
Equal Weights 0.6672  0.5161 0.3817  0.5019
2.06 MTLBL2-SegNet Uncert. Weights [KGC18] 0.6833  0.5130  0.4478  0.5440
DWA, T =20 0.6736  0.5188 0.3714 0.4786
Equal Weights 0.6929 [0.5268]| 0.3490  0.4246
1.64 MTAN-SegNet Uncert. Weights [KGC18] 0.6957  0.5152  0.4318  0.4768
DWA, T =20 0.6863  0.5259 0.3417 |0.4184

Semantic (Acc.) Depth (MAE)  Normal (1+Cos.)
Train Val Train Val Train Val

Type #D. Architecture Weighting

Sinele Task 1 Vanilla SegNet n.a. 0.8508 0.4521 0.0213 0.0717 0.0078 0.0577
& 1.32 STAN - SegNet n.a. 09784 0.5181 0.0194 0.0665 0.0096 0.0568
Equal 0.8619 0.4668 0.0327 0.0692 0.0317 0.0570

~ 1 Vanilla SegNet, Split Uncertainty ~ 0.8552 0.4708 0.0285 0.0676 0.0203 0.0575

DWA, T =5 0.8556 0.4943 0.0387 0.0624 0.0355 0.0502

Equal 0.9902 0.5196 0.0157 0.0630 0.0053 0.0522

4.03 MTLBL1-SegNet ~ Uncertainty ~ 0.9903 [0.5344| 0.0148 0.0622 0.0039 0.0516

Muldi Task DWA, 7T =5 0.9921 0.5328 0.0155 0.0609 0.0050 0.0506

Equal Weights  0.9901  0.5032 0.0142 0.0650 0.0067 0.0568
3.09 MTLBL2-SegNet  Uncertainty ~ 0.9906 0.5129 0.0130 [0.0607| 0.0059 0.0556
DWA, 7T =5 0.9920 0.5271 0.0136 0.0636 0.0063 0.0549

Equal 0.9666 0.5321 0.0275 0.0610 0.0222 [0.0492
1.96 MTAN-SegNet Uncertainty  0.9778 0.4918 0.0328 0.0618 0.0070 0.0507
DWA, T =5 0.9614 0.5012 0.0308 0.0678 0.0246 0.0503
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Moreover, our method has two key advantages. First, due to the efficiency of having a single shared
feature pool with attention masks automatically learning which features to share, our method out-
performs other methods without requiring extra parameters (column #P), and even with signifi-
cantly fewer parameters in some cases. Second, our method is more robust to the choice of weight-
ing scheme than other methods, and does not require cumbersome tweaking of loss weights. We
can also see that our proposed DWA weighting method performs best across most of the baselines,
whereas the uncertainty method [KGCi18] appears to overfit by displaying good training perfor-

mance, but poorer validation performance.

A1

Input Image

Grouth Truth

(Semantic)

Single Task
SegNet [BKC17]

Multi Task
MTAN-SegNet

Grouth Truth
(Depth)

Single Task
SegNet [BKC17]

Multi Task
MTAN-SegNet

fig. 2.8: CityScapes dataset validation results on 7-class semantic labelling and depth estimation all
trained with equal weighting. The original images are cropped to avoid invalid points for better

visualisation.
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To further investigate generalisation performance of our method compared to the single task Seg-
Net, in Figure 2.9 we plot the learning curve with respect to the loss of both tasks. We can clearly
see that our network is able to alleviate overfitting (reduces the gap between training and valida-
tion) compared to single task training, and produces a better generalisable feature representation.
Figure 2.8 then shows qualitative results and comparison. We can see the advantage of multi-task
learning particularly for depth estimation, where the edges of objects are clearly more pronounced

compared with single-task training.
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fig. 2.9: Learning curves of semantic and depth loss between vanilla SegNet [BKCr7] and our

network MTAN-SegNet.

2.3.5 Attention Masks as Feature Selectors

Finally, to further understand the role of the proposed attention modules, in Figure 2.10 we visu-
alise the layer 1 attention masks learned with our network. We can see a clear difference in attention
masks between the two tasks, with each mask working as a feature selector to mask out uninforma-
tive parts of the shared features, and focus on parts which are either task-specific, or task-shared. In
particular, the attention masks have strong similarity to the shared features, and thus appear to act
as a feature augmentation, whereas the attention maps for depth estimation appear to act as sparse

feature extractors.
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Input Image Shared Features Attention Mask Task-Specific Features

fig. 2.10: Visualisation of the first layer of 7-class semantic segmentation and depth estimation
attention features of our proposed network. Top row: semantic features; Bottom row: depth

features. The colours for each image are rescaled to fit the data.

RO
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LEARNING WITH AUXILIARY TASKS

In some learning scenarios, we only need to perform well on a subset of all learning tasks. In this
chapter, we introduce auxiliary learning, a new type of learning paradigm which focuses on build-
ing auxiliary tasks particularly to improve generalisation over a chosen subset of learning tasks.
We first perform a deep analysis on multi-task relationships in Section 3.1 and understand gen-
eralisation behaviours with different task attributes. We further propose a general meta learning
framework in Section 3.2, which is able to generate auxiliary tasks automatically to improve gener-

alisation and on top of that performs as well as human-designed tasks.

3.1 Generalisation & Expressibility in Auxiliary Learning

In this work, we first re-introspect generalisation in deep neural networks with an auxiliary learning
setting in both single and multi domains. We train a multi-task network to simultaneously predict
a set of learning tasks in which each auxiliary task is chosen as one level of hierarchical label from a
defined multi-label dataset. In all learning tasks, one task is marked as the primary task, and all the
rest learning tasks are marked as auxiliary tasks. Our goal is to understand how generalisation over

the primary task behaves when we have auxiliary tasks with different class complexity.

In single domain, we measure class complexity in each learning task by the number of classes in the
dataset, i.c., the finer classification label which describes with a more detailed information gives a
higher complexity. Similarly, in multi domain, we measure complexity as the number of semantic

classes in the segmentation map for each image.
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fig. 3.1: An illustration for our dataset in single domain in which every image has a hierarchical
multi-label information. The courser label contains a lower complexity, whilst the finer label con-

tains a higher complexity. Each colour corresponds to the label information of its image.

We show that the generalisation of primary task is radically different when we accompany auxiliary

tasks with different class complexities. Our findings can be summarised as,

i) The primary task in auxiliary learning will have improved performance when we accompany

auxiliary tasks with higher complexity.

ii) The performance of the primary task in auxiliary learning depends on the auxiliary task with

the highest performance improvement (no matter how many auxiliary tasks given).

In the following sections, we perform experiments to support our findings. Then, we provide a
new perspective on generalisation in the regime of deep learning to conclude the results from both

single and multi domains.

3.1.1  Image Pixel-wise Prediction in Multi Domains

To understand the effect of class complexity in multi domain, we reuse the CityScapes dataset as
presented in Section 2.3.1. We evaluate our network on training data with different number of

semantic classes (as described in Table 3.1), leaving the depth labels the same across all experiments.



37

We trained the network with the same settings as in Section 2.3.4, but with all networks having

equal loss weighting.

Table 3.1: Three levels of semantic classes for the CityScapes data used in our experiments.

2-class 7-class 19-class

void void
flat road, sidewalk
construction building, wall, fence

background object pole, traffic light, traffic sign
nature vegetation, terrain
sky sky
human person, rider

foreground
vehicle carm truck, bus, caravan, trailer, train, motorcycle

We pair the depth estimation task with three levels of semantic segmentation using 2, 7 or 19 classes
(excluding the void group in 7 and 19 classes). Labels for the 19 classes are the original ground-truth
labels, and the coarser 7 categories are defined as in the original CityScapes dataset. We further
create a 2-class dataset with only background and foreground object classes. The details of these
segmentation classes are presented in Table 3.1. Please note that both the 7 and 19-class CityScapes

datasets have a void class which is not used in network training.

Training. We apply the same training pipeline described in Section 2..3.4 with our proposed multi-

task attention network (Section 2.2.3) compared with baseline methods in Section 2.3.2.

Results. Table 3.2 shows validation results for these experiments. Note that in single task depth
estimation, changing semantic class will have no effect so we leave this part of the table blank. In
Figure 3.2, the performance gain of all multi-task methods (including our own), compared to the

single-task SegNet [BKC17], is shown.

There are three interesting findings in this experiment. First, we observe that the multi-task per-
formance gain (over the single task network) increases as the number of semantic classes increases.

In fact, for only a 2-class setup, the single-task framework performs best. However, for greater
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Table 3.2: 2/7/19-class semantic segmentation and depth estimation results trained with equal
weighting on validation set of CityScapes dataset. We measure semantic segmentation as mean
intersection-over-union (mloU) (the higher the better) and depth estimation as relative absolute

error (RAE) (the lower the better).

Semantic (mIoU) Depth (RAE)
Type Method

2-class 7-class 19-class 2-class 7-class 19-class

Sinole Tagk Vanilla SegNec [BKC17] 08004 05097 0.2675 - - -

EE 1% STAN - SegNet 0.8127 05200  0.2794 - - -
Vanilla SegNet, Split 07999 05067 02621 05289 05666  0.4748
Muli Tagk MTLBLI-SegNet 0.8103 05164 02723 05419 05166  0.4893
S MTLBL2-SegNet 0.8027 05161 02795  0.6204 05019  0.4700
MTAN-SegNet 08112  0.5268  0.2843  0.6067  0.4246  0.4513

—— MTAN-SegNet - Train: 2 Class
——- MTAN-SegNet - Val: 2 Class
MTAN-SegNet - Train: 2 Class
MTAN-SegNet - Val: 7 Class
—— MTAN-SegNet - Train : 19 Class
=== MTAN-SegNet - Val: 19 Class
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fig. 3.2: Left: Performance gain from all single-task and multi-task baseline methods compared

with results produced SegNet. Right: Depth loss from training and validation set in MTAN.

task complexity, the multi-task framework encourages the sharing of features, for a more efficient
use of available network parameters, which then leads to better results. Second, the complimen-
tary depth estimation task performs better when it trains with more semantic classes, owing to
the greater provision of complementary information from which shared features can be learned
for generalisation, further supporting the benefit of multi-task learning. Third, Figure 3.2 then
shows that for multi-task learning, greater task complexity causes the gap between validation loss
and training loss to actually decrease, and hence overfitting to decrease, due to the ability to share

features across tasks using the supervised labels.
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As adeeper look into the performance change in MTAN-SegNet compared to single task SegNet,
we further provide performance change in Figure 3.3 of our method compared to the single-task
SegNet. Here, the categories are sorted in increasing order of the mean percentage image coverage.
We can see our network outperform the single task baseline in 16 out of 19 classes. In particular,
there are the greatest performance boosts in small to mid sizes of classes, whilst classes with large
image coverage tend to already perform well with single-task learning. This further highlights the
power of multi-task learning when laballed data is scarce, but suggests that when sufficient data is

available, single-task learning can still be effective.
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fig. 3.3: Performance comparison between MTAN-SegNet and SegNet trained in each 19 dense
class. We report performance gain in bar chart (purple) sorted in mean percentage image coverage

(black) for each class.

3.1.2  Object Classification in Single Domain

In single domain with object classification, we build a 4-level hierarchy (3-10-20-100) based on
CIFAR 100 dataset with human knowledge (see Table 3.3 for the full details). Considering auxiliary
learning for object classification in a single domain setting, the shared multi-task network takes one
single image and predicts one chosen level of our pre-defined hierarchical multi-label information

in each classification task.

Training. We first perform experiments with one task chosen as 3/10/20-class label and a second
task chosen to be roo-class label and we compare the test performance between auxiliary training

and single task training (with no auxiliary tasks). We optimise the multi-task network with vanilla
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Table 3.3: Building a 4-level hierarchy for image classification task based on CIFAR roo dataset.

3 Class 10 Class 20 Class 100 Class
reptiles crocodile, dinosaur, lizard, snake, turtle
large animals large carnivores bear, leopard, lion, tiger, wolf
large omnivores and herbivores camel, cattle, chimpanzee, elephant, kangaroo
) ) aquatic mammals beaver, dolphin, otter, seal, whale
medium animals
. medium-sized mammals fox, porcupine, possum, raccoon, skunk
animals
) small mammals hamster, mouse, rabbit, shrew, squirrel
small animals
fish aquarium fish, flatfish, ray, shark, trout
] insects bee, beetle, butterfly, caterpillar, cockroach
invertebrates
non-insect invertebrates crab, lobster, snail, spider, worm
people people baby, boy, girl, man, woman
flowers orchids, poppies, roses, sunflowers, tulips
vegetations ~ vegetations fruit and vegetables apples, mushrooms, oranges, pears, peppers

trees

maple, oak, palm, pine, willow

food containers

bottles, bowls, cans, cups, plates

household objects household electrical devices

clock, keyboard, lamp, telephone, television

household furniture bed, chair, couch, table, wardrobe

objects and scenes construction large man-made outdoor things bridge, castle, house, road, skyscraper

natural scenes large natural outdoor scenes  cloud, forest, mountain, plain, sea

vehicles 1 bicycle, bus, motorcycle, pickup truck, train

vechicles

vehicles 2 lawn-mower, rocket, streetcar, tank, tractor

stochastic gradient descent with learning rate 0.01. During training, we drop the learning rate by
half for every 50 epochs. For the fair comparison, we keep all our hyper-parameters the same across
all the experiments. In each task, we multiply a constant 1/N for N number of classification tasks
(e.g. N =2for training with one primary and one auxiliary task) to normalise the gradient such that
the shared network receives a similar level of gradient from the combination of back-propagations

from N tasks.

To make sure the generalisation behaviour of learning performance to be consistent and robust
across different learning methods and network architectures, we train the network both with and
without regularisation in VGG-16 [SZ14] and ResNet-so [HZRS16a] respectively with a hard

parameter sharing approach. We provide the test performance in Figure 3.4.
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Results. In Figure 3.4, we observe that in either case, the performance of all tasks with 3/10/20-
class improve dramatically when pairing with the auxiliary task with 1oo-class whilst the perfor-

mance on the task with 1oo-class pairing with 3/10/20-class drops a certain degree of performance

compared to single task training.
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fig. 3.4: The test performance on the primary task in VGG-16 (up) and ResNet-so (down) pairing

with auxiliary tasks with a higher or lower class complexity.

However, what causes the primary task to achieve a better or worse generalisation remains un-
known. Though there are possibly more underlying reasons, we propose two hypotheses to explain

this generalisation gap,

* Hypothesis 1: The higher complexity from auxiliary task brings more finer information which

assists the primary task to learn a more generalisable feature representation.

* Hypothesis 2: The higher complexity from auxiliary task is working as a regulariser which changes

the gradient dynamics during training with back-propagation and thus avoid over-fitting.
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To further explore whether generalisation in auxiliary learning lies in our two proposed hypothe-
ses, we further perform experiments in which we consider 3-class as our primary task and a com-
bination of a subset of 10/20/100-class as our auxiliary tasks. In Figure 3.5 left, we show that the
performance of primary task will further improve when we have higher auxiliary class complexity.
However, it will reach the highest improvement rate and decrease when the auxiliary class complex-
ity is excessive (i.e., pairing with roo-class performs worse than 20-class). In Figure 3.5 right, we
show that the performance of primary task only depends on the auxiliary task which provides the

best performance (i.e., pairing 20-class alone is the same as pairing a set of auxiliary tasks containing

20-class).
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fig. 3.5: The test performance on the primary task in VGG-16 (up) and ResNet-so (down) pairing

with auxiliary tasks with a multi-level class complexity.

In Figure 3.5, we believe both hypotheses are true in auxiliary learning whilst there should be a
tradeoff between the weighting of each hypothesis. In the most extreme case, when the auxiliary
task has the highest complexity where each image is assigned as one class, we may consider auxiliary

task contains no useful information and only works as a regulariser by back-propagating noise.
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3.2 Meta Auxiliary Learning

In the previous section, we discussed the generalisation behaviour in an auxiliary learning setting.
It is naturally to think about, is it possible to generate auxiliary tasks automatically and improve
generalisation? In this section, we introduce a gradient descent meta learning based approach on
auxiliary learning which we called Meta AuXiliary Learning (MAXL), is shown to generate higher
complexity task only counter-intuitively based on the primary task with low complexity. In a sense,

it learns to generate knowledge to assist the primary task by minimising domain divergence.

3.2.1 Problem Set-up & Model Objectives

The goal of meta auxiliary learning is to train a meta generator that can generate higher complexity
task to improve performance of the primary task. To accomplish this, we have two networks: a
multi-task evaluator (which is the same applied in Section 3.1) and a meta generator to generate
auxiliary tasks used in the multi-task evaluator. For simplicity, we consider classification tasks in

the following sections, whilst this meta approach can be easily generalised to any type of tasks.

We denote the multi-task evaluator asa function fj (x) that takes an input x with network parame-
ters 0/; and the meta generator asa function gy (x) that takes the same input x with network param-

eters 0,. For each dataset, we splitinto three subsets: training (x , validation (x,,;, v, ) and

train> ) train)

test (x

rests Veesr) With input data x and its corresponding ground truth label y for the primary task.

Particularly, training data are used for updating the ¢, and validation data are used for updating

the ¢, and we use test data for performance evaluation.

In multi-task evaluator, we apply a hard parameter sharing approach in which we predict the pri-
mary and auxiliary tasks using the same set of features &, in the multi-task network. At the end of
the last feature layer, we then further apply task-specific layers to output the corresponding predic-

tion for each task. We denote the predicted primary labels by fgpri(x) and predicted auxiliary labels
1
by f™(x)-
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In meta generator, we have the same input x as for the multi-task evaluator and it outputs the last
feature representation as gy (x). For image classification task, in order to produce the constrained
predictions with a pre-defined hierarchical structure, we need the additional input ground truth
primary labels y and a pre-defined hierarchical structure ¢ which represents the number of sub-
classes for each upper class. Having these additional inputs, we may generate the auxiliary labels
with gy (x,7,¢) via a mask (constrained) SoftMax for the final prediction. The detailed explana-
tion of mask SoftMax is descibred in Section 3.2.2. The visualisation of the our proposed MAXL

approach is shown in Figure 3.6.
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fig. 3.6: Left: Visualisation of two networks applied in meta auxiliary learning algorithm. Right:
Visualisation of vanilla SoftMax and Mask SoftMax as for an example of primary 3-class and aux-
iliary s-class task. Compared to SoftMax, Mask SoftMax has an additional hierarchical structure

=[2,2,1] to constrain prediction space.
P P

For both primary and auxiliary classification tasks, we apply focal loss [LGG* 17] with a focusing

parameter y = 2 which is defined as,

L,y)=—y(1—9) log(y)

where 9 is the predicted label and y is the ground-truth label.

The focal loss which learns to focus on the incorrectly predicted labels can further improve the

performance during our experimental evaluation compared with the regular cross entropy log loss.
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To update the parameter space ¢ in multi-task evaluator, we define the multi-task objective as

follows:

argemin< (fy Pm( t,lam) ytmm) +£(f, aux(xt(gin)’ gez(xt(gin’y t(rla)in’ ¢))>
1

in which (i) is denoted as 7*? batch from the training data.

Training the multi-task network first requires the generated auxiliary tasks produced from meta
generator. It then takes a direct combination of losses computed from both primary and auxil-
iary tasks. For each back-propagation for this combined multi-task loss, the network is learning to

predict the human defined primary task as well as and the generated auxiliary task.

To update the parameter space ¢, in meta generator, we define the meta objective as follows,

(i))

val

pri 2
argmin.¥ f Val )y
2

in which

6-; = el_ave < an val val +$ faux(xval g6 ( val’yval)’¢)>’

o is a hyper-parameter learning rate and the updated &7 holds the same structure of the multi-task

loss used in updating the ¢, after one step of gradient descent.

The trick in meta objective is that we perform the derivative over a derivative (a Hession matrix)
to update the ¢, by using a retained computing graph of ¢ to connect the relationship with &,
without having a zero gradient. The meta objective is trying to generate the best auxiliary labels
such that to maximise the validation performance of the primary task. This second derivative trick

in meta learning was also appeared in [FAL17] and [LZCL17].

However, we found out that the generated auxiliary label can easily collapse (i.e. degenerate into
the similar class complexity as to one of the primary task) that hits a local minima without pro-
ducing any extra useful knowledge. Thus, to encourage the network learning more meaningful

@) @)

information, we further apply an entropy loss 7(gg (x> Vy»

¢)) as a regularisation term in the
meta objective. The detailed explanation of the entropy loss and the collapsing label problem will

be discussed in Section 3.2.3.
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Lastly, the entire MAXL algorithm pipeline is defined as follows:

—

Dataset: D = {(xtrain’ytrain)5 (xva1> yval)}

2 Initialise: Network parameters: 6, 0,; Sub-class number: ¢/

3 Initialise: Hyper-parameter (learning rate): «, 3; Hyper-parameter (task weighting): A

4 for each training iteration i do

s # fetch one batch of training and validation data

6 | DD DY € (i Vewinh (o )}

7 # training step

s | Update: 6, — 0, —aVy (LU L0000+ LU D), 86, (4 ¥k )
9 # meta-training step

0 | Compute: 6f =6, —aVy (L(F 00 + 23 5,08 )

| Update: 6, — 0,— B, (LUR D) + 1 (85,000 0)

12 end

3.2.2  Mask SoftMax for Hierarchical Predictions

In the prediction layer of the meta generator, we design a modified SoftMax function to predict

the correct hierarchical labels with a pre-defined hierarchy ¢.

As shown in Figure 3.6 (upper right), the original softmax function which does not depend on
the upper hierarchy labels (in the primary task) could not predict the expected hierarchical labels
without any prediction constrains. Thus, it basically performs (re)-clustering with a larger (thus
finer) label space. While the mask SoftMax resolves this issue by multiplying a binary mask on the

original SoftMax function.

Building the binary mask M depends on the primary ground-truth label y and a hierarchical struc-
ture . ¢ is defined to have the same number of the primary label in which each element ¢[]
represents the z* b number of sub-classes in each upper-class and thus we have the total prediction

space for auxiliary label is 3", ¢[7]
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We build the binary mask M = 9(y, ¢) with a binarise function 98. The primary ground-truth
label y first picks a range of corresponding hierarchical sub-classes ¢/[y] and then create a binary
mask M with size 3", ¢[7] in a multi one-hot encoding IS gl e 161 (1,., is denoted as an

one-hot encoding in which indexes from a to b are encoded as 1).

Let’s again use the example in Figure 3.6. Considering the primary task to be class 3 with ground
truth labels y = 0,1,2 and hierarchical structure ¢ = [2,2,1], we will have the auxiliary predic-
tion space is equal to 5 and corresponding binary masks M =[1,1,0,0,0],[0,0,1,1,0],[0,0,0,0,1]

respectively.

Finally, we apply binary mask M with an element-wise multiplication on the original SoftMax func-

tion for the final hierarchical predictions,

A. M /\A
SoftMax:  p(y;) = _EPYi Mask SoftMax:  p(y;) = xpM OY;

>expy;’ S SiexpM @Y

in which p(9;) represents the probability of the predicted primary label y over class i and ® repre-

M = %(y, ¢)

sents element-wise multiplication.

3.2.3 The Collapsing Class Problem

As discussed in the previous sections, we predict each auxiliary label with a hierarchical structure ¢.
However, the number of sub-classes defined in ¢[7] is the maximal auxiliary label prediction space
with no guarantee all ¢[] classes will be predicted. In another word, in some cases, some auxiliary
labels defined in ¢[i] can be overlooked and thus collapsed into a smaller class size unless/until for
the case when ¢[7] = 1 (no hierarchy defined in upper class 7). In experiments, we found out this
phenomenon is particularly serious when we have a large learning rate for training meta generator

or with a really large hierarchy ¢.

To avoid the collapsing class problem, in addition to applying a smaller learning rate, we also design
an additional regularisation loss, which we called the entropy loss (")) to encourage the meta

generator utilise the entire prediction space by maximising prediction entropy.
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Assuming we have a well-balanced dataset, the entropy loss is trying to calculate the KL distance
between the predicted auxiliary label space () and a uniform distribution % for each i** batch.

It is equivalent to calculate the entropy of the predicted label space and is defined as the follows,
. K 1 &
AN = plogye, ye== > 9%
k=1 N =1

in which K is the number of prediction label size and N is the training batch size.

In a well-balanced dataset, the entropy loss encourages the predicted auxiliary label to follow a
uniform distribution (thus having a high entropy) when we have a large batch size. Whilst if the
prior knowledge of the data distribution is known, we may also further revise the entropy loss to

follow a desired distribution by minimising KL divergence as one might wish.

The entropy loss is essential to achieve the human-level performance as shown in further experi-
ments. As it encourages to learn a higher entropy for the auxiliary task, the meta generator will pro-
duce a more informative knowledge and effectively avoid local minimas during training in which

it produces minimal extra knowledge if directly optimising with raw gradient descent.

3.3 Experimental Results

In Section 3.1, we present the learning behaviour in auxiliary training across different types of
network with or without regularisation. Without loss of generalisation, we perform all following

experiments in VGG-16 network without regularisation for simplicity.

3.3.1 The Performance of MAXL

We evaluate our proposed MAXL algorithm compared with human-defined hierarchy used in Sec-
tion 3.1 and single-task training. We exhaustively run all possible hierarchical combinations in our

designed 4-level CIFAR 100 dataset in Table 3.3 and we present our results in Figure 3.7.
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fig. 3.7: The visualisation of learning curves for test data training with MAXL, multi-task learning
with human-defined hierarchy and single task learning. We provide all 6 different combinations of

primary and auxiliary task in our proposed 4-level CIFAR 100 dataset.

Training. We train the multi-task evaluator using the same optimisation method described in Sec-
tion 3.1.2 with a learning rate of 0.01 and the meta generator with a smaller learning rate 10~*. For
both networks, we drop the learning rate by half for every 50 epochs with training for 200 epochs in
total and optimise with vanilla stochastic gradient descent. We employ an L, norm weight decay of
5-10~* on meta generator and pick the task weighting of entropy loss to be 0.2 (roughly performs

the best during our hyper-parameter grid search).

Results. In Figure 3.7, we observe that our MAXL proposal outperforms the human-defined
hierarchy in 4 out of 6 cases. Whilst for those two cases (primary 3-class with auxiliary 20, 100-class)
which MAXL do not surpass, it still performs relatively close to the performance with human-
defined knowledge and noticeably better than the one with single task training. In addition to
training with human knowledge which having a larger performance acceleration in the beginning
training steps, our MAXL proposal learns to refine the auxiliary knowledge on the fly and gradually

improve generalisation even at the final training stage.
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To further explore how knowledge built from MAXL and human can affect generalisation com-
pared to single task learning, we employ t-SNE [MHo8] to map our high dimensional features

learned in the last shared layer into a 2D map in Figure 3.8.

|[PRI3 | AUX 10| | PRI 20 | AUX 100 |

v

Single Human Single Human MAXL

fig. 3.8: t-SNE visualisation of the learned last feature layer in the shared multi-task network train-
ing with two primary and auxiliary task combinations from the 4-level CIFAR 100 dataset. Colour

for each image is defined by the primary class.

There are several interesting findings from the t-SNE visualisation. Within both two cases from
Figure 3.8, we can see the MAXL provides the most linearly separable feature representation com-
pared to human-based and single task learning and most of the classes in MAXL are well clustered
in a circular shape embedding. To further notice in the case for primary 3-class with auxiliary 1o-
class, we know both human and MAXL learning produce a similar learning curve as shown in

Figure 3.7, whilst the embedding learned in MAXL looks more visually separable.

3.3.2  Explore The Limit of Auxiliary Task Complexity

To understand how the auxiliary class complexity and the entropy loss can affect generalisation, we
further design 6 hierarchies with an increasing complexity defined as ¢[i] = 2,5, 10, 20,50, 100, Vi
respectively. We perform experiments both with and without entropy loss on CIFAR 10 dataset

which has primary prediction space of 10.

We provide our results in Figure 3.9 in which we plot the test performance improvement compared
with single task learning under different auxiliary class complexities. The performance is provided

by averaging the test results from the last 5 epochs to reduce training uncertainties. We also man-
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age to calculate class collapsing rate in each hierarchy after training which is defined as the size of

collapsed auxiliary predicted space divided by the size of designed predicted space.
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fig. 3.9: Left: Performance improvement in percentages from training with MAXL compared with

single task learning in 6 defined hierarchies. Right: The collapsing class rate in percentages for each

defined hierarchy.

In Figure 3.9, we show the effectiveness of entropy loss for which the performance improvement
can be further increased when we apply the meta objective with entropy loss. Furthermore, we
observe an interesting trend in which improvement curves for both with or without entropy loss
follows a N shape. We believe this trend substantiates the hypotheses we discussed in explaining
generalisation in Section 3.1.2. As if we employ an excessive complexity of auxiliary task, the role
of auxiliary task simply becomes a pure regulariser by introducing noise during multi-task training.
Besides, the experiment shows the auxiliary learning performs the best when we have roo auxiliary
class which is 10 times larger than the primary class and have a relatively small class collapsing rate.
This result is also consistent with the one with CIFAR 100 in which we show the auxiliary class-
20 helps most on class-3 comparing class-10 and 100. In either case, when we have excessive large

auxiliary prediction space, it will be collapsed substantially and learns no extra helpful knowledge.

3.3.3 Human Interpretation of Generated Knowledge

To explore the auxiliary knowledge generated by MAXL, we visualise some top predicted candi-

dates in some randomly selected primary classes. We again choose CIFAR 100 as an example and
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we pick the task combination with primary 20-class and auxiliary 10o-class which shows to exceed
the performance based on human knowledge most out of other task combinations in Figure 3.7.
In addition, we also apply MAXL on an easier dataset MNIST in which auxiliary task is defined

to be class-30. We present our results in Figure 3.10.
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B« = s SaEAR
AR Sde Al « aEE zsz:ii
T ~ 23N e, R e
sl vt ] o mv»m e
B+ BT EeER -
00000 m
35332 EEERE]

fig. 3.10: Visualisation of top 5 candidates of 3 randomly selected auxiliary classes in each primary

class as shown in the last column. We present the visualisation in CIFAR 100 dataset with primary

class-20 and auxiliary 1oo-class (up) and MNIST dataset (down).

To our surprise, the generated auxiliary label visualised in both dataset shows no obvious human
understandable knowledge. In particular, we cannot find any similarity within each generated aux-
iliary class whether in shape, colour, style, structure or semantic meaning. Further, we found out
the generated auxiliary knowledge is not fixed since the top predicted candidates are swapped com-
pletely when we re-trained the network from scratch. The explanation for such observation is still
uncertain, whilst we speculate that the human-designed knowledge is just one out of infinite num-

ber of local optimums in knowledge space for each learning task.
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Another explanation for the performance improvement is that any auxiliary label generated by
MAXL is a soft label which certainly contains more information than the one-hot label defined
by human. The benefit of soft label is well studied in [BHRF18] in which the authors showed the

model trained with soft labels produced more accurate predictions and more robust to over-fitting.

In our experiments, we show that human knowledge is sub-optimal and there exists a better way
for alearning system itself to automatically explore on solving one learning task with meta learning.
It remains several questions unanswered like how to interpret machine-generated knowledge and
how to close the generalisation gap between human and machine-design knowledge? The answers
to such questions require a deeper understanding and analysis in meta and auxiliary learning. We

believe it is one of the key steps to understand generalisation in the regime of deep learning.

There’s still a long way to go...

RSN
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CoNcLUSION & FuTure WoORK

In this thesis, we have investigated several important research aspects in the field of multi-task learn-
ing. We start by examining the easy task domination problem in multi-task training which moti-
vates a better design in adaptive multi-task loss functions. We further provide a unified approach by
building a multi-task architecture based on attention which can learn task-shared and task-specific
features automatically in an efficient and end-to-end manner. Then, we study the problem of aux-
iliary learning, particularly the generalisation behaviours under different task complexities. Lastly,
we design alearning system which is able to generate auxiliary knowledge as useful as human knowl-
edge by combining the advantages and characteristics from both auxiliary and meta learning. Be-

low, we point out several important future directions that should be further investigated.

Multi-Task Structure & Relatedness. In Chapter 3.1, we study auxiliary learning with differ-
ent task complexities in the same visual domain. Whilst towards a more complicated real-life ap-
plication, understanding a set of diverse types of tasks in multi domain is far more wanted since
most learning tasks are interdependent. In [ZSS* 18], the authors studied the multi-task relation-
ships in a graphical structure by producing a computational task taxonomic map. However, the
authors achieved the task relatedness only by applying a progressive learning approach as similar
to [RRD*16] which is computational inefficient and biased. A more desired approach should
explore the inter-relationships in multi-task learning only in one run-time as well as produce a
dynamic rather than static complete computational graph since the task relatedness in different

training stage might also be different.

Self Auxiliary Learning. In MAXL algorithm, we show that the meta generator is able to generate

knowledge to improve performance of the primary task. A further step is considering the case when
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having no ground-truth primary task as well. With only providing minimal task prior knowledge,
we may develop learning systems which can assist each other on the fly in a self auxiliary learning
manner. One practical setting is to build two meta generators in which one meta generator feeds

the generated knowledge to the other meta generator to improve performance for a generated task.

Feature Universality. For a fixed parameter space, training with an increasing diverse set of tasks
will also increase memory complexity. In [Kokr17], authors show that the multi-task network train-
ing with 7 tasks drops performance significantly compared with training with 1 task. Having fea-
ture representation effectively scales well to a larger number of learning tasks arguably possess a
certain level of universality. Whilst design such adaptive learning system is challenging, under-
standing why and how feature representation scales and behaves to different type of tasks will help

us automatically understand generalisation.

The pursuits to understand and create intelligence is a long winding road. It’s a road no one knows
where it heads or when it ends, but we set foot on this exciting journey anyway. Because we must

know and we will know!

ORI
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