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UNIVERSITY OF SOUTHAMPTON
ABSTRACT

FACULTY OF ENGINEERING AND PHYSICAL SCIENCES
SCHOOL OF ELECTRONICS AND COMPUTER SCIENCE

Doctor of Philosophy

Progressive Intelligence for Low-Power Devices

by Jack Dymond

As our world has become increasingly advanced so too has the pervasiveness of technology
throughout it. This has led to a desire to have these technological capabilities embedded in
the devices we interact with on a daily basis, this spans from entire industrial sectors down
to individual consumer devices. Artificial intelligence, in particular machine learning, is one
of these advancements which is progressing at an unprecedented rate. However, it is also be-
coming incredibly resource intensive to operate. Progressive intelligence is a solution to this
issue, which approaches the machine learning inference process incrementally, first mak-
ing low-cost-low-confidence predictions and improving on these incrementally according to
application requirements.

This work explores progressive intelligence, and discusses where it fits in the machine learn-
ing field. Machine learning approaches can be split into data-based and model-based ap-
proaches, it is shown progressive intelligence can be implemented in both. In the data-based
paradigm an upper bound on error as the number of samples increases is derived. In the
model-based paradigm branched neural networks are selected as a good system on which to
implement progressive intelligence ideas. A comprehensive study of progressive intelligence
in branched neural networks is undertaken, from their training to their inference processes.
Following this, the novel concept of an early-exit reject is introduced, where three scenar-
ios are studied in which samples can be rejected at inference time to save on computational

resources.
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Chapter 1

Introduction

1.1 Machine Learning: Its Successes and Shortcomings

Over the last decade the amount of data that is available in our society has been increasing
exponentially (Duarte, 2023). From football match statistics to personal information, data
has become another currency with which companies compete with one another. This data
is often unstructured, but even when structured the volume will often require significant re-

sources and infrastructure to enable it to be used effectively.

This has meant the demand for analysts and data scientists has increased across every indus-
try, both in academic and commercial environments. This heightened demand has spurred
significant advancements in the tools and algorithms they employ, thus leading the field of

machine learning into a period of unprecedented growth.

Heavy investment from tech giants such as Google and Microsoft, newcomers such as Deep-
Mind and OpenAl, and collaborations with universities has allowed for greater acceleration
in this progress. Similarly, hardware manufacturers such as ARM and Nvidia have shifted to-
wards giving Al a central role in their business models. Hence, both ends of the technology

industry are contributing resources to the field helping facilitate this surge in progress.

While the amount of data being collected increases, so too do issues surrounding its storage
and usage. As data becomes more abundant, rich, and complex, our understanding of that
data and how it should be used becomes more important (Abdallah et al., 2023). Broadly

speaking there are two ways we can approach this problem.

One approach is to focus on the data and distil it down, focusing on what it is we want to
understand from it. Some features will have greater importance on the patterns we wish to
discover, some will be irrelevant. Some inputs will be particularly useful, others might simply
fill in the gaps, some patterns will help us understand overarching relationships, whilst others

might be coincidental.
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The other aspect we can focus on is our learning machine, as we could instead scale our
models accordingly. More complex models which can process more features will be able to
parameterise a lot of this understanding. The drawback of this is that often these complex

models are more difficult to understand, meaning our insights into the data will be limited.

So, these problems can be approached from either end, you wish to clean and understand
our data to use it (Abdallah et al., 2023). But likewise, as the the datasets become increas-
ingly high-dimensional our models need to scale accordingly (Dherin et al., 2022). Hence, in

practice it is approached using a mixture of both.

Our approaches from the data side of this have been an active area of research for decades
and are well understood in the field, with approaches such as k nearest-neighbours (KNN)
being developed decades ago (Silverman and Jones, 1989). In contrast, our scaling of ma-
chine learning models has been a more recent advancement. For example AlexNet, pub-
lished in the the last decade, can be considered a pivotal paper in the uptake of larger neural
networks (Krizhevsky et al., 2012).

This has prompted much interest from many industries around the world. From the defence
to the pharmaceutical sector, companies are forming the same academic alliances as tech
companies to help improve the products and services they can offer using machine learning.
Indeed, this has sparked many developments that will be influential for years to come. For
example, DeepMind’s AlphaFold presented by Senior et al. (2020) is a deep learning system
that has solved the 50-year-old protein folding problem in biochemistry first proposed by
Levinthal (1969).

However, an issue with the most successful models is their large parameter counts and com-
putational complexity, which make them very cumbersome and difficult to train. To do so,
large amounts of computational resources need to be used. Hence, tech giants with thou-
sands of processing units at their disposal help dominate the frontier of the deep learning

field, both in the results they can obtain and the ideas they are able to explore.

Their size also make them difficult to deploy once trained, as seen in GPT-4 for example, a
language model capable of performing well on a variety of language tasks (Brown et al., 2020).
These include correcting grammatical errors, using new words in sentences after being given
definitions, and generating short ‘news articles’ which could hardly be distinguished from
human-written articles . Although producing unprecedented results, this model is estimated
to use over a trillion parameters and is an example of how over-parameterisation is distancing
deep learning systems from being usable on consumer hardware. Similar models have been
developed more recently which also have billions of parameters (Ramesh et al., 2021, 2022).
That is, practical constraints in memory, training time, and even power usage, mean deploy-
ing such models is infeasible and creating them impossible without using large amounts of

computational resources.
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There will also be scenarios where machine learning systems need to be ran offline, and at the
edge, as opposed to in a data center. This might be when there are privacy concerns with the
data used by the model, or unreliable internet connectivity. Currently, many state-of-the-art

approaches cannot be operated on edge devices.

So, if deep learning is to be moved to the devices where industries and consumers will benefit
the most, models will need to be reduced in size and complexity, such that they can be stored
and used on more attainable hardware. Furthermore, our use of large datasets will become
intractable in the absence of these resources and attention should also be given to how best

we can utilise this data at inference time.

This thesis will explore one solution to this problem in particular: Progressive intelligence.
Progressive intelligence systems are machine learning systems which approach the infer-
ence process incrementally. They first make low-cost-low-confidence inference and improve

upon this incrementally according to the requirements of the application scenario.

1.2 Progressive Intelligence

Progressive intelligence refers to the incremental nature of the solution, first making low-
cost-low-confidence inference. Then, subject to operating conditions, it improves upon this
progressively through further inference. Progressive intelligence can be compared to con-
ventional models by representing them as pareto-fronts. A pareto-front is formed when try-
ing to co-optimise two properties which negatively impact each other. Optimising a system
for both properties in such an environment is known as a pareto-optimisation problem, for
example, lower computational cost will typically degrade the accuracy of a model. Pareto-
optimal refers to the optimum solution in a pareto-optimisation problem and it is a key idea

in progressive intelligence.

Conventional machine learning models will operate at a discrete cost-performance point,
whereas progressive intelligence models will operate along a continuous distribution in this

space. This is shown in figure 1.1.

A key distinction between progressive intelligence models and conventional models is that
the progressive intelligence models can adapt and operate across a range of power modes, at

the expense of a small drop in performance when compared to a conventional model.

In the following, application areas, particular platforms, and the requirements of such sys-

tems will be detailed.
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FIGURE 1.1: Accuracy-Cost space comparing progressive intelligence models and conven-

tional models. Power, Latency, and Memory are examples of costs in machine learning sys-

tems. Three progressive intelligence models are depicted, each outperforming the others

across different cost ranges. The green model prioritises early performance gains, whereas

the blue model operates at a low performance before a sharp increase in accuracy at the

highest power range. The orange model is a compromise between the two, and can be con-
sidered the closest to a pareto-optimal solution.

1.2.1 Application Areas and Platforms

The particular platform on which a machine learning model is implemented will depend on
its application. For example one moderating social media posts can be run on a computing
server, whereas a deployed land surveillance drone will run its algorithms on low-power, em-
bedded platforms. Clearly, these two platforms have varying requirements, and as such, the
deployed algorithm will need to conform to these requirements. Taking these two platforms

as examples, we can explore this domain further with some case studies.

1.2.1.1 Case Study 1: Land Surveillance Drone

Drone technology has been improved significantly in the last decade, from search and rescue
to domestic use, fixed wing and ‘quadcopter’ drones are becoming an increasingly pervasive
solution to many of our problems. When coupled with artificial intelligence algorithms, these

drones can be very powerful tools (Aoun et al., 2019; Immanuel Damanik et al., 2022).

However, regardless of their use-case, they will always be limited in their power availability.
In fixed wing drones for example there are a wide range of power capabilities, from ~20W-
60kW (Bertran and Sanchez-Cerda, 2016; Hamza et al., 2019). Machine learning algorithms

are commonly deployed on CPUs and deep learning algorithms on GPUs, using anywhere
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between ~60W and 500W. Hence, a considerable percentage of power available to a system
will be used if these algorithms are to be deployed on them and operate at their fullest capac-
ity. Memory will present less of a challenge in such applications, as the form factor of a drone

permits necessary data storage.

Power usage will also vary dynamically, for example, solar powered drones may have unre-
liable power availability when flying in sub-optimal conditions and a quadcopter will use
more power when flying in windy conditions due to the constant need to correct its path.
It follows that deploying machine learning algorithms onto these platforms will compound
these issues, particularly if the algorithm cannot adapt to the varying amount of power it can

be afforded at any given time.

Therefore, it would be beneficial to deploy a machine learning algorithm which can adapt to
changing environments with its platform. If the drone needs to stay out longer or is using
an abnormal amount of power, the algorithm should decrease its power usage. If the drone
is in an area of high importance, the algorithm should provide the most confident outputs it
can, whilst this constraint can be relaxed in less important areas. Furthermore, some classes
may have a greater importance than others, necessitating greater confidence and thus power
usage in classification. Such an algorithm will increase the flight time of the system without
compromising the confidences achieved in classification and will be adaptable to changing

system requirements at run-time.

1.2.1.2 Case Study 2: Social Media Moderation

With social media platforms growing considerably since their inception, traditional moder-
ation solutions are decreasing in efficacy and are being replaced by automated solutions.
These automated solutions need to be run on computing platforms, which will often come

in the form of cloud computing servers (Laaksonen et al., 2020; Jahan and Oussalah, 2023).

Cloud computing servers generally vary in cost dynamically depending on demand and avail-
ability, hence under a fixed financial budget the compute available will vary over time (Narayanan
et al.,, 2020). Furthermore, if a social media platform does its computing in-house, the ser-
vices that are sharing this resource will vary, meaning compute cannot be guaranteed. Hence

the deployed algorithm will need to adapt dynamically to the compute available to it.

When the resource availability is at its greatest, a conventional algorithm will be best suited,
which maximises its resource and with it accuracy. However, when resource availability de-
creases, a compromise needs to be made: either decrease the volume of posts you can mod-
erate, or spend time loading a less demanding, but less accurate model across the available
components. Neither of these solutions are optimal: one will increase the time a potentially
damaging post can be active on the site, and the other might miss it entirely until it is flagged

by a user on top of causing service downtime.
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Clearly there is a potential here to improve such a system, by using a model which can adapt
dynamically to such a situation, much like in the previous case study. One which can op-
erate in a number of different modes, whilst also providing confident classifications where
necessary. Such an algorithm would maximise the number of posts moderated under a fixed

financial budget whilst minimising downtime.

Two case studies have been discussed which would benefit from machine learning algo-
rithms that are adaptive and dynamic. The next section will cover the system requirements

more specifically.

1.2.2 System Requirements

In order to operate on systems with various power availability modes, the machine learn-
ing system itself will be required to have a number of operating modes available which can
be switched between at inference time. Furthermore, in the event that some inputs require
a greater degree of confidence, or if some inputs are more difficult to classify than others,
the system should have a degree of input dependence in these power modes. That is, given
a certain input, the model should be able to dynamically determine the power mode with
which to process it. However, this may lead to a scenario whereby an input is classified to
an insufficient confidence level and inference needs to be repeated. Thus, to avoid repeated
computation in this scenario, it will be beneficial for the model to complete the inference

incrementally. Hence we have three core requirements for our system:

Multiple Operating Modes The system should have a number of operating points, which

use increasing amounts of power to obtain increasingly confident results.

Input dependence The system should also be able to dynamically use these in an input-wise

manner.

Incremental Inference Most importantly the system should never waste computation, if an
input is not classified sufficiently, it should build upon its classification as opposed to

restarting the inference process.

This thesis will focus on the development of such systems, with an application emphasis on
the second case study, in section 1.2.1.1, due to the increased activity in, and accessibility of,
the computer vision space. However, there is scope to apply progressive intelligence to other

problems, as in the social media moderation case study.

There are a number of open questions in the progressive intelligence space, and a number of
areas where development could be made. The next section will outline the specific research

questions of this thesis, and the research goals that aim to answer them.



Chapter 1 Introduction 7

1.3 Research Questions and Goals

Progressive intelligence is a formulation of machine learning which can help provide a new
lens on the way machine learning algorithms are designed, with efficiency and adaptability
being the core principle of their design. However, to obtain these systems, there are some

core questions that need to be answered:

1.3.1 Research Questions

* Which machine learning methods are best suited for progressive intelligence models?

* How does progressive intelligence affect the machine learning framework? For exam-
ple, is accuracy degraded in data-based systems? Or are there improvements in inter-

mediate representations of model-based systems?

e Can progressive intelligence models be made pareto-optimal solutions to machine learn-

ing tasks?

* Which machine learning systems are best suited for computationally efficient progres-

sive intelligence?
* Can new inference policies be developed for progressive intelligence?

* How can inference policies maximise performance through information sharing, namely

during incremental inference?

* How do progressive intelligence systems deal with non-target inputs, for example out-
of-distribution (OOD) and adversarial data?

* Can additional information be incorporated to inference policies to maximise perfor-
mance on a given task? This might include label information or intermediate outputs

from the model.

* Are there additional modes of incremental inference available, to increase the flexibility

of such systems?

Some of the answers to these question can be obtained through the collation of existing lit-
erature, and some will use additional research. The main goals of this thesis are to:
1.3.2 Research Goals

¢ Identify good machine learning platforms for progressive intelligence in both the model

and data space.
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* Find ways to represent pareto-optimality in these systems and make their platforms

more efficient where possible.

* Optimise and implement new inference strategies in machine learning which provide

progressive intelligence.

* Introduce additional information to inference strategies leading to new modes of in-

cremental inference.

This thesis investigate these goals and its contributions are detailed below. The next chap-
ter collates existing literature to identify a machine learning platform for progressive intelli-
gence, and the subsequent chapters investigate them more deeply.

1.4 Contributions

The main contributions of this PhD are listed below, starting with chapter 3 which considers
progressive intelligence and the dichotomy of data-space and the model-space systems in

the machine learning field.

Theoretical Understanding of Data-Based Progressive Intelligence We derive some theoret-
ical expectations for the error rate of a data-space progressive intelligence system as the
number of training samples increases. We test this expectation with a 1-dimensional
gaussian classification problem, finding that it accurately reflects the behaviour of the

number of samples against error in our measurement of the classification threshold.

Prototype Data-Based and Model-Based Progressive Intelligence Systems We produce pro-
totype data-space and model-space progressive intelligence systems. An adaptive KNN
model is used for the former, and a CNN-based ensemble the latter. We introduce novel

inference algorithms for both and test them in suitable benchmarks.

Branched Neural Networks as a Progressive Intelligence We also study branched neural net-
works as a progressive intelligence system. We find on the CIFAR10 benchmarks they

outperform the prototype model-space system.

Chapter 4 follows on by considering branched neural networks in more detail and how they
can be adapted to be more effective progressive intelligence systems. It makes the contribu-

tions listed below and was published in a conference paper (Dymond et al., 2022).

Representational Effect of Branches in Optimisation Early exit branches included in the op-
timization of the branched neural network backbone are shown to improve linear probe
accuracy and class separation. These benefits are enhanced with greater branch loss
weighting but decrease final layer performance. Centered kernel alignment is used to

show that branches push important representations backwards.
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Architectural Changes for Efficient Inference We vary backbone scaling and design to un-
derstand how they effect the power range branched networks operate over, allowing
us to understand how to best use model design to influence the performance of a

branched neural network.

Mutual Agreement as an Inference Policy A new method of performing early exiting infer-
ence is presented. It uses a simple principle during inference: if the current early exit
agrees with the previous one, exit. This allowed the inference process to be made much
cheaper computationally. When combined with an entropic condition, this was able to

improve upon existing training-free approaches in the field.

Finally we consider the contributions made in chapter 5, which considers using additional
information in the inference process of branched neural networks. Its contributions are listed

below. Some of the work was also published in a conference paper (Dymond et al., 2023).

Early Exit Rejection in Branched Networks We introduce the novel concept of early exit re-
jection in branched neural networks. This identifies opportunities to halt inference

when it can be determined it is not going to produce a meaningful output.

Class-Based Rejection Exit Policy In scenarios where certain classes in the input space have
precedence over others, we introduce an early exit mechanism which rules out target
classes. This allows class-based early exit rejection, producing savings in power with-

out impacting target class performance.

Nested-Set Inference A combination of OOD detection and Class-Based rejection allows for
further power savings in environments where there are target classes varying at run-
time and exposure to unseen classes. In all cases this improves upon conventional

early exiting methods on the target class distribution.

The remainder of the thesis is structured as follows. First a literature review is undertaken
in chapter 2, starting with foundational methods in machine learning, then shifting towards
neural networks, and finishing with more recent attempts to reduce the cost of neural net-
works. Chapter 3 considers the dichotomy of data-based and model-based approaches in the
field of machine learning, and develops our understanding of progressive intelligence in this
domain. Then in Chapter 4 we consider branched neural networks specifically, from their
training to their inference policies we optimise them for progressive-intelligence. Finally, in
chapter 5 we focus on utilising additional information in the inference policies of branched
neural networks, namely embedding information for OOD detection and label hierarchy in-
formation. This allows us to open novel avenues for early exiting. Chapter 6 makes conclu-
sions from the work, highlights its contributions, and proposes directions future follow-on

work could take.






Chapter 2

Progressive Intelligence

To understand how the need for Progressive Intelligence has arisen we can consider a num-
ber of areas that are relevant to the field. All of which are well established, when viewed in
isolation however, they do not completely meet the requirements of progressive intelligence.
Only when they are adapted or used together can they be considered a progressive intelli-

gence.

First, in section 2.1, we consider different types of machine learning algorithms that have
been developed over recent years. As discussed in chapter 1 there exists a dichotomy in the
machine learning field, of model-based systems and data-based systems. Model-based sys-
tems have learnable parameters which are learnt using the data and produce compressed,
or expanded, representations of it. In the case of data-based systems the model will operate
within the representational space of data itself. Naturally, these incur different computa-

tional requirements for inference, which are discussed in chapter 3.

In section 2.2 we focus more closely on neural networks, due to their prevalence in the most
recent advances, in particular computer vision; it is also where we begin to understand the

rising cost of progress in the field.

Finally, in section 2.3 we focus on recent advances in compressing these networks to reduce
this cost, both efforts to reduce model size and their inference cost. We then also view these
algorithms through the eye of progressive intelligence and investigate dynamic inference

techniques as a means of cost saving.

To conclude the literature review, section 2.4 considers the gaps in the literature and how
this thesis aims to explore them. A section containing relevant mathematical theory is also

provided in the appendix A.

11
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2.1 Background: The Advent of Machine Learning

Over the last decade the field of machine learning has seen periods of rapid development and
many of these techniques are applicable to the field of progressive intelligence. However, the
inception of machine learning came much earlier, when Turing theorised a learning machine
(recently published in Turing (2009), though originally proposed in the 1950s). Shortly after,
algorithms were proposed which are still used today. Hence, we start at these historical de-

velopments when considering machine learning algorithms for use in this work.

The first example of a learning machine is the perceptron algorithm, developed by Rosenblatt
(1958). The perceptron algorithm is a model-based system which takes a linear combination
of inputs to produce a single output; weights for each input are learnt according to the cost
function. The perceptron remains relevant in tackling basic machine learning challenges, for
instance, Naumowicz et al. (2022) leveraged a multi-layered perceptron. Albeit necessitating
a nonlinear activation function, they integrated this into an implantable chip designed to

identify vesicle fusion within multi-cellular organisms.

Following the development of the perceptron algorithm, the k-nearest neighbour (KNN) al-
gorithm was proposed by Cover and Hart (1967). The KNN algorithm is a data-based ap-
proach and thus parameter free. It uses relative distances between training inputs and test
inputs to assign classification at test time. It is readily applicable to multi-class problems
where there are C classes for a test input. The algorithm queries the k-nearest training sam-
ples, and assigns the test input as the mode of this distribution. It is an algorithm which
performs well on a range of classification problems and is still used today, for example in
work by Chen et al. (2021a), where they use the k-nearest neighbour algorithm as computa-
tionally efficient classification head on a feature extractor. Hence, it is a useful classification
algorithm which, in contrast to the perceptron, scales linearly according to the number of
samples, N. This could be of use in a data-based progressive intelligence, given the intuitive

scaling of N.

Support Vector Machines (SVMs) were proposed by Vapnik (1963) as a classifier which would
produce optimum margins in the class boundaries, helping generalisation. The principle
behind them is that in a linearly separable dataset there exist an infinite number of hyper-
planes which separate the data, however the optimum hyperplane is one which maximally
separates these points. SVMs achieve this by defining support-vectors, which are the training
points closest to the separating hyperplane, and maximising their distance to the hyperplane,
also known as the margin. Non-linear SVMs were enabled through the development of a ker-
nel trick, developed by Boser et al. (1992), which adds an inductive bias to the algorithm in
the form of an appropriate non-linear transformation on the boundary. They are still widely
used in the field, including recent work which produces an early example of dynamic infer-

ence (Venkataramani et al., 2015).
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The above methodologies are all convex optimisation problems, that is, in the error functions
there is a well defined, single minima. Though, in the case of the perceptron this is depen-
dant on the optimisation algorithm used, and for non-separable data the SVM requires addi-
tional constraints on the generated boundary. Nevertheless, this means there are guarantees
in your solution that it is the best possible for your method. However, as problems spaces
increase in complexity, using high dimensionality data with noisy class boundaries, the ex-
istence of a satisfactory solution which is also convexly optimised becomes less attainable.
This can be addressed by increasing the parameter space of the model, thus improving its
representational capacity but leading to a more complex optimisation problem, towards one

that is non-convex.

Multi-layer perceptrons (MLP) are an example of such a system. Rather than using a single
layer to map inputs to outputs the multi-layer perceptron, first proposed by Minsky and Pa-
pert (1969), stacks these on top of one another applying a nonlinear activation function to
the intermediate outputs. The non-output/input layers are referred to as hidden layers. This
leads to a much richer and more complex parameter space and a model which can be proven
to be a universal function approximator (Hornik et al., 1989; Cybenko, 1989). Since the hid-
den layers of the model do not lead directly to the output, gradients need to be collected for
the hidden layers with respect to the target through different means. This process is called

backpropagation and is explained in more detail in section A of the appendix.

They remain the classifier of choice in the machine learning field, whether that be using fea-
tures extracted by a different model (eg. He et al. (2016)), or as a standalone classifier (eg.
Naumowicz et al. (2022)). In modern machine learning research they can be collected into

the broader class of neural networks.

However, with this functional power, there are problems not least of which is the non-convex
optimisation problem they present. Such optimisations suffer from a number of issues, from
local-minima to multiplicity in the loss space. Furthermore, as these models increase in size,
so too does their algorithmic complexity: the compute scales with the number of layers and

the width, which in this case refers to the number of neurons in the layer.

2.1.1 Recurring Concepts

Before continuing with the literature review it is helpful to clearly define some concepts that

will be used throughout the thesis.

Classification and Accuracy

Broadly speaking classification is the process of mapping an input, x, to a distribution of
classes, C. In the simple case each input will be mapped to a single class, c € C, and will have

an associated target class, Carget-
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Hence it is the goal of the classifier to perform the following mapping:

X — Crarget

In practice the model output is defined as j, and the target class y. Given a set of N inputs,
X, we can define our outputs, ¥, and associated targets, Y. Then we can define our accuracy

using the element-wise comparison of the output and target sets. That is:

1Y 1, ifV;=vY;
Accuracy=—) A;  Where: A; = 2.1)
N5 0, otherwise

Neural Networks

The perceptron can be defined as the weighted sum of the input x of dimension, D, and the
weightings w of the same dimensionality. The bias term, b, is added which is a vector of
length D. It can also be expressed in vector notation as shown on the right hand side in the

equation below which corresponds to the linear classification boundary.

D
Perceptron:  j= f(z w;ixi + bi) =w'x+b (2.2)
i

In the MLP, or more commonly refered to as a neural network, the perceptrons are stacked
into layers with the signal passing through each sequentially. Where now the input of one
perceptron is the output of the one before it. Hence, we can consider a two-layer MLP with
layer widths DV and D® as

D® po

MLP (two layer): Ve= ( Z w(z)h( Z w(l)x, +w: )) + wg())), (2.3)

where the output vector has ¢ components, corresponding to C classes, h refers to the acti-
vation function, and o the softmax function which acts to normalise the model output and is
defined by

Xi

o(X)i==x

j=1¢"

The output of the function produces an vector of equal length to its input. By absorbing the

(2) (O]
bias term into the weights vector we can simplify the notation to y, = U(ZD wézj). h(zlp w'x

J Il

Hence, we can now generalise this to N layers
DWW pwm DWW

ol wnl (S (S un(Fuiin) ) ) e

where the activation function is constant between all N layers, and the model outputs C

outputs, which in a classification scenario will correspond to C classes. It can be optimised

z))
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using a variety of loss functions, the most common for classification is cross entropy (CE).

For a given output vector J, and target vector y over C classes, these losses are:

C
CE:  L=-) yclogy,) (2.5)
Cc

Where the cross entropy is calculated for a single element in the output vector and will be
summed across all outputs. These errors are used to update the model weights by gradient

descent through backpropagation, which is discussed in more detail in the appendix A.

Branched Neural Networks

A branched neural network consists of a neural network backbone, such as that mentioned
above, with additional classification branches attached to the intermediate layers. These
branches allow for classification before the end of the inference process, known as an early-

exit. A diagram is shown in figure 2.1.

Q - Intermediate
\ Backbone Classifier

Condition Met? Condition Met? Condition Met?
n n
Input 4
y y y
Early Exit Early Exit Early Exit Full Inference Process

FIGURE 2.1: A diagram of a branched neural network with an early exiting algorithm anno-
tated at the exit branches. Pink components are the backbone, and green components are
the early exit enabling branches.

Hence, a branched model has B potential outputs, where B refers to the number of branches.
These will each produce a corresponding output y,, where the final output jy is that which
would be produced by the unbranched neural network backbone. To perform classification
with a branched neural network it therefore necessary to introduce a condition as shown in

figure 2.1.

Importantly, branched neural networks and progressive intelligence systems in general, can
be considered a subset of classification algorithms which require an additional condition at
inference time in order to determine their output. These are discussed in more detail later
in the literature review (section 2.3.2), and formalised later in thesis (section 4.3.1) where we

expand on the current early exiting literature.
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Computational Cost

Since progressive intelligence focuses on reducing computational cost of machine learning
algorithms, it is helpful to discuss costs associated with them and to define our cost metric
going forwards. Some of these such as memory usage, latency, and power are used widely in
the field, though, whilst these produce tangible measurements of performance, they will be

dependant on the specific implementation.

In order for the work of this thesis to generalise to as many implementations as possible
we wish to identify a metric/measurement for computational cost which is independent of

specific implementations. There are two popular options used in the field for this:

* The number of parameters a model uses when stored in memory.

* The number of computations a model uses when being used in inference.

Each of these are useful in specific use cases depending on the limitations a particular ap-
proach is trying to address. In progressive intelligence we aim to reduce resource usage of
the inference process, hence the latter is more appropriate, since parameter counts will be

static once a model is being used.

For this we can record the number of Multiply-Accumulate operations (MACs) used by a
model. True resource usage will inevitably depend on the specific implementation, and ob-
served performance and power may actually differ slightly from the MACs usage, though the
ordering of costs will likely be maintained. That is, an algorithm using more MACs will likely

also use more power, though fractional differences in these metrics will be different.

So, whilst this measure may not always reflect raw power usage it will provide us with an
architecture agnostic approximation of'it, allowing us to compare similar approaches. Hence,
this is the measure used throughout the remainder of the thesis when analysing progressive

intelligence inference.

We have discussed a small number of machine learning techniques, and there are a multitude
of machine learning techniques available, which vary in complexity. However, with large,
diverse, and often unstructured datasets becoming more available in the form of language
and vision tasks, the need for complex representational ability is becoming more prevalent in
contemporary machine learning research. Consequently, the less computationally complex
algorithms have less utility on these datasets by themselves, due to the increased variance
permitted by the more complex models such as neural networks (Kohavi and Wolpert, 1996;
Neal et al., 2019).

As such, we will consider neural networks in the next section, in the context of computer
vision. But also we consider the drawbacks of moving towards these algorithmically complex

models, namely the practical constraints in storing and running such models.
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2.2 The Cost of Success: Neural Networks for Computer Vision

When considering intelligence we need to consider the medium through which it is evalu-
ated. The two most accessible of these are vision and language. Because vision is a key sense
in humans, through our years of learning the problems presented to us are often visual in
nature. For example, we might be asked to identify a picture of a farm animal, where we
will match the image to the name. It follows our thoughts are arranged according to our lan-
guage, providing us a structure to our intelligence whilst also providing a medium over which

to share and assimilate it with others.

Hence, it is no surprise that in our pursuit of artificial intelligence these senses are at the fore-
front of progress. Since 2010 the advancements in the language and vision space have been at
the leading edge of machine learning research, in what has been a period of unprecedented
progress driven by neural network research. This is with the exception of a few prominent
results, for example AlphaGo Silver et al. (2017), and AlphaFold Jumper et al. (2021), which
both use deep neural networks for other tasks. The former to beat world champion Go play-
ers and the latter to solve the protein folding problem (Levinthal, 1969). In this section we
start with vision, as chronologically this progress came first and is still ever-present in the lit-
erature. However, we also discuss that this progress has not come without an ever-increasing

computational burden.

In the previous section we considered the MLP, which is commonly referred to as a linear
neural network, since it is composed entirely of linear layers with non-linear activation func-
tions. These can be used for a variety of tasks and it can be shown they are universal function
approximators (Hornik et al., 1989; Cybenko, 1989). However, in practice they are difficult
to optimise for complex problems in the vision space. To overcome this, an inductive bias
needed to be developed for vision problems. This came in the form of the convolutional
neural network (CNN) (Fukushima and Miyake, 1982).

Inspired by the visual cortex of the brain, the CNN architecture introduces a new type of
operation in neural networks that would prove to be incredibly powerful in recognising local
relationships in images, the convolution. In essence, a convolution operation in a CNN takes
a D, x Dy, kernel (Often D, = Dy,), and applies it over an image in a ‘sliding window’ manner.
For each available window coordinate on the image a single output value is produced. It can

be represented diagrammatically as shown in figure 2.2 (Goodfellow et al., 2016).

There also exist pooling layers in convolutional networks, which pass the same kernel over
the input features, but instead output the maximum value over a given selection in the case of
max-pooling, or the average value in the case of average-pooling. In the example of figure 2.2
each box would be the maximum pixel value in the case of max pooling, or the average pixel
value in the case of average pooling, and no weightings would be applied. Convolutional

and pooling layers are often implemented in channels, for example the input layer is often a



18 Chapter 2 Progressive Intelligence
kernel
d
h
i j [
output ¥
aw + bx + bw +cx + cw + dx +
ey + fz fy +gz gy + hz
ew + fx + fw +gx+ gw + hx +
vy +jz Jy + kz ky + [z

FIGURE 2.2: The convolution operation in CNN architectures inspired by the figure in ‘Deep
Learning’ by Goodfellow et al. (2016), chapter 9, page 334. In this case the output s restricted
to positions where the kernel lies entirely within the image. The boxes and arrows indicate
how the upper-left element of the output tensor is formed by applying the kernel to the
corresponding upper-left region of the input tensor. The act of moving the kernel outside of
image is known as padding, where the edge of the image is supplemented with a border of a
fixed value, most often zero. The values in the kernel are often referred to as its weights.

colour image composed of RGB values requiring three channels. As the network gets deeper
this number is often expanded.

Whilst the convolution is a powerful tool, compared to linear layers, it can also be an expen-
sive one. There are fewer parameters in a convolution operation, but the number of opera-

tions is much higher. The convolution for example has the following computational costs:

Operations: Dy, x Dy x M x N x Dy x Dg Parameters: D;,;xD,xNx M+ M

Dy, Dyp,N,M, Dy, Dg refer to the kernel size, the number of input/output channels, and the

output feature size respectively. In contrast, a linear layer takes

Operations: Dy, x Dg+ Dy Parameters: D, x Dy+ Dy

Where now the sizes D,,, D refer to the input and output size of the linear layer. Typically
these layers are thousands of units in size, leading to a large number of parameters.

To illustrate this, we can consider a typical convolutional and linear layer in a neural network.
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The convolutional layer has a D,, x D, = 3 x 3 kernel, and operates on N = 64 channels,
producing M = 128 output channels, all of feature size Dy x Dg = 16 x 16, leading to a cost
of roughly 18 million operations, and a parameter cost of roughly 74 thousand. In contrast,
a linear layer taking as input Dy, = 1024 and outputting Dy = 512 values leads to a cost of
525 thousand operations and parameters. Hence, whilst the convolution has ~ 15% of the

parameters of a linear layer, it has ~ 34 x the operations cost.

However, when concepts of convolutions and pooling were first introduced by Fukushima
and Miyake (1982) their cost was not the main concern, rather it was optimising them to per-
form the task. One of the first successful implementations of them can be found in a paper
by Lecun et al. (1998), where they were used to recognise characters in documents. Following
a number of convolutional layers, the output tensors are flattened to a linear representation
and the final layers of the network are architecturally equivalent to a multi-layer perceptron
described in section 2.1 and defined mathematically in equation A.5, in section A of the ap-
pendix. In the same paper, the most prevalent benchmark in the field was proposed, MNIST,
which is a monochromatic digit recognition dataset and is still used as a simple proof-of-

concept benchmark.

At the time of their inception, convolutional networks were very hard to optimise due to their
expensive forward method, and large number of parameters. As such, their development was
slow. However in the 2010s, more readily available computational power along with the in-
troduction of the most popular benchmark in the field, ImageNet (Deng et al., 2009), precip-
itated the rapid development of CNNs.

ImageNet uses comparatively high resolution images using three channels for RGB pixel val-
ues and it is composed of 1000 classes. Hence, the ImageNet challenge, also referred to as the
ILSVRC (ImageNet Large Scale Visual Recognition Challenge), presented a single, challeng-
ing, and representative benchmark for computer vision models. This meant models trained
on ImageNet could be deemed effective image classification models and as such the field has

entered a period of pushing performance metrics, namely accuracy, as far as it can.

At the same period of time an intermediate benchmark was developed, CIFAR10/100, which
comprised of low-resolution RGB images with 10 and 100 classes respectively (Krizhevsky
et al., 2009). Therefore, with MNIST, CIFAR10, CIFAR100, and ImageNet, there was a clearly
defined experimental pipeline for computer vision research which helped facilitate rapid de-
velopment. At the leading edge of this remain the models competing on the ImageNet chal-

lenge.

Hence, these datasets will be of use in developing a progressive intelligence which operates
on vision tasks. However, it is also necessary to identify a starting architecture on which to
apply progressive intelligence. As such, the rest of this section explores the recent advance-

ments in neural networks for image classification.
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Perhaps the most influential convolutional architecture in this challenge was AlexNet, devel-
oped by Krizhevsky et al. (2012). It massively increased upon the previous winner of the com-
petition, improving accuracy by 9.4% on the XRCE (Xerox Research Centre Europe) submis-
sion from the year prior (Perronnin et al., 2010). The key concepts introduced by this paper
were the ReLU activation function and dropout as a form of regularisation. Dropout refers
to the intermittent switching off of random neurons in the output layer of the network at
training time, which ensures the representations being learnt by the model are spread across
its components more easily. The ReLU (Rectified Linear Unit) activation function can be de-
fined as max(0, x). The other popular activation functions at the time were the sigmoid and
the tanh function

ReLU: fx) = max(0, x)
1
Sigmoid: fx) = Tre 7
2
T h: = h = —_—
an fx) tanh (x) o2

Introducing the ReLU had the effect of de-saturating the activation space, meaning the gra-
dient could take a wider range of values. This is in contrast to previous functions which
restricted the activation values between small ranges, approaching zero either side of this

range. This can be seen by plotting the activation functions and their derivatives:

Function f
RelLU

—— Sigmoid /
TanH

FIGURE 2.3: The common activation functions in the field, on the left-hand side, as well as
their derivatives on the right. The x = 0 line is denoted with a dotted grey line.

To overcome the nil gradient values at x < 0, adaptations have been proposed such as the
leaky ReLU (Xu et al., 2015) and the swish (Ramachandran et al., 2017). However, the gains
are marginal and the ReLU activation function remains the most popular in the field.

The field found no issues making networks wider, however struggled to make architectures

deeper. Deeper architectures would allow the model to represent more complex functions
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more easily and make better use of their parameters (Kidger and Lyons, 2020). As subse-
quent layers can make use of previous transformations to learn high level features in the

data, shallower networks would have to learn such features from scratch.

One issue increasing the depth gives rise to is the downsampling of the input at each layer.
Reducing the amount of downsampling will enable more information about the input to be
retained, thereby providing deeper layers more granular information about the input. A key
component to this problem is the initial layer of the network. For example, AlexNet uses an
11x11 kernel, massively downsampling the input in the early stages of inference thus losing
information. This keeps the number of operations down, but relies on large linear layers
at the end of the network leading to a large parameter cost reflected in figures 2.4 and 2.5

respectively.

In contrast, models like VGGNet introduced by Simonyan and Zisserman (2014) used a 3x3
kernel and the authors also introduced 1 x1 kernels which allow the model to introduce more
non-linearities, without decreasing the receptive field of the network. The receptive field of
the network refers to the size of the region in the original image a given kernel is processing.
As you go through the network this receptive field naturally increases as the representation
of the image is compressed by the kernels. These additions allowed the model to be almost

twice as deep as previous convolutional neural network architectures.

Making these networks much deeper also introduced problems with vanishing gradients.
This is when the gradient of the model approaches zero and the initial layers of the model
receive no gradient signal from the loss function. One paper solved this problem by intro-
ducing branches attached to intermediate layers during training (Szegedy et al., 2014). These
provided the layers before them with a stronger gradient signal, allowing the model to be
optimised. Codenamed ‘Inception, now referred to as InceptionV1, this model would win
the ImageNet challenge that year and present a step forward in demonstrating the power of

deeper convolutional networks.

Another more recent way of solving this problem was to introduce skipped connections. This
is where parts of the neural network pass the input of a given layer to a later layer in the net-
work, without letting it be processed by the layers inbetween. This has the effect of passing
the input through the identity function in parallel with standard convolutional layers. These
were introduced by He et al. (2016) and were called residual connections in an architecture
they called a ResNet. They allowed the gradient to flow directly through the skipped connec-
tions to the intial layers of the model, consequently allowing the networks to be significantly
deeper. These networks could get very high accuracy on the ImageNet challenge, and still
serve as the foundation for many state-of-the-art advancements in the literature. Further-
more, they have recently been reintroduced by Bello et al. (2021), who propose minor ar-

chitectural changes with updated optimisation schemes and show the architecture can still
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achieve state-of-the-art results. Recent work by Liu et al. (2022) also adapts the ResNet ar-
chitecture to compete with SoTA approaches. As such, this architecture will be of use when

developing a progressive intelligence system for vision tasks.

These developments allowed neural networks to increase in size massively, both in width and
in depth. However the exact depth and width of the networks was often designed based on
heuristics and empirical evidence. Tan and Le (2019) introduced an optimal scaling strategy
for these networks, based on a small scale model. They define a small model which is trained
on a small dataset, and learn an optimised scaling method for the network. They do this
by defining a parameter, y, which through a number of relationships can be used to define
the scaling ratios of the depth and width of a network, when given the resolution scaling
ratio. Here the width refers to the number of channels a given layer of the network has and
the depth is the number of layers. The architecture itself incorporated blocks of layers in its
design inspired by work by Howard et al. (2017), which will be discussed in section 2.3.

The optimised depth-width configurations of these networks were able to outperform all
competing architectures of similar size, as shown in figure 2.5, but figure 2.4 shows there is
still a large increase in operations. However, their success has meant they are still used as
a starting point in recent works, which look to optimise these networks through different
training regimes (Tan and Le, 2021; Jia et al., 2021; Pham et al., 2021; Xie et al., 2020).
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FIGURE 2.4: ImageNet accuracy against computational cost, here reported in GigaFLOPs. A

dashed grey line denotes the chronological connection between the ILSVRC winning archi-

tectures discussed in this section. The performance of deep learning models has increased

dramatically. However, so too has the computational cost of running them, let alone the cost
of training and storing them.

Figure 2.4 demonstrates a key issue with convolutional networks for progressive intelligence,
in that they operate at discrete points. Whilst the number of parameters is likely to remain
static at inference time, the operations will vary dynamically in a progressive intelligence
system. However, neural networks, in particular CNNs, are an appropriate starting point for

progressive intelligence in vision problems. ResNet is the most popular architecture in the
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FIGURE 2.5: ImageNet accuracy against computational cost, now reported in parameter

counts in millions. A dashed grey line denotes the chronological connection between the

ILSVRC winning architectures discussed in this section. There is a less clear relationship

between top performance and parameter counts, but generally there has been monotonicity
since the advent of deep neural networks.

field and is accessible in terms of computational cost with smaller variants also performing
well. But, before considering the more resource aware literature, we can briefly discuss the

state-of-the-art in vision and why it is not suitable for progressive intelligence at this time.

Whilst the convolutional kernel has been massively influential in the field of computer vision,
the inductive bias that made it perform so well can also be somewhat restrictive as the net-
works become larger. That is, the convolutional kernel can only process local information,
between adjacent pixels. It cannot process and form relationships with global information
until the very end of the network, at which point lots of information may be lost through the
compression of the input. Hence, there is an opportunity to improve upon these architec-

tures and that is the goal of the vision transformer.

First demonstrated by Dosovitskiy et al. (2020), the vision transformer (ViT in figures 2.4 and
2.5) makes use of the transformer model, originally designed for natural language processing
(Vaswani et al., 2017). The transformer architecture introduces the concept of self-attention.
At a high level, attention allows the model to encode global information across an input se-
quence, which at the time was a sentence. For example in the sentence “The animal didn’t
cross the street because it was too tired", ‘it’ could refer to the animal or the street. The
self-attention mechanism allows the model to analyse the sentence as a whole allowing it to

associate ‘it’ with ‘animal’.

This incorporation of global information could also improve vision models, allowing global
and local relationships alike to be encoded. To enable this, they split the image into patches
and provide flattened, lower dimensional representations of these patches as an input to a

transformer, along with their positional embeddings.
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A self-attention module takes n inputs and returns n outputs, rather than compressing the
representation like convolutions. The mechanism works by allowing the inputs, known as
tokens, to interact with one another and calculates an attention score. As before, this score
represents how ‘Telated’ two tokens are to one another and can be interpreted as the amount
of attention the model should be giving to the tokens with respect to one another. The output
is an n x n matrix showing the relationship between each token. These are flattened and
passed to subsequent layers of the network, where the process repeats. Typically there are
multiple attention heads in a given layer, which can find different relationships between the
tokens.

These networks are very difficult to optimise, due to their less restrictive inductive bias. How-
ever, with enough data they have shown to be very effective on all of the computer vision
benchmarks and represent the state of the art in this space (Dosovitskiy et al., 2020; Wang
et al., 2021; Liu et al., 2021a). Furthermore, work by d’Ascoli et al. (2021) showed that by
inducing a soft convolutional inductive bias, the convergence rate and performance of the

transformer architecture can be improved.

Transformers are at the forefront of progress in the vision space, with image classification
(eg.(Chen et al., 2023)), object detection (eg.(Zong et al., 2023)), and semantic segmentation
(eg.(Wang et al., 2023)) benchmarks being dominated by transformer-based architectures.
However, their size (demonstrated in 2.5) and the difficulty of optimisation make them more
appropriate for future research directions in progressive intelligence, which we discuss in
section 6.2.1. Thus, initial work will be better placed in convolutional neural network imple-

mentations.

Transformers were originally developed for language tasks and also prompted unprecedented
improvements in this space. This has been spearheaded by OpenAl and their developments
of the Generative Pretrained Transformer architecture, GPT-1/2/3/4 (Radford et al., 2018,
2019; Brown et al., 2020; OpenAl, 2023). The work pre-trains successively larger transformer
models on self-supervised generative tasks, such as filling in missing words. They find that
the resultant model is very powerful on common language understanding metrics. The most
recent architecture being implemented in a state-of-the-art chatbot, ChatGPT. The perfor-
mance ChatGPT is capable of achieving along with its ease of access has massively increased

the public awareness of Al.

This rapid acceleration in progress and its exposure to the public eye has prompted much
discussion around Al governance going forwards. The article by Baum et al. (2023) suggests
this is down to the public perception being one of fear and arguably this fear is derived from
our lack of understanding of neural networks. They are capable of surpassing human per-
formance in a number of tasks but we often do not fully understand how they achieve this.
Methods of understanding neural networks will be of use when trying to understand progres-

sive intelligence, as such we briefly discuss some related topics in section 4.1.1.
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So we have shown that deep neural networks are very powerful in the field of computer vi-
sion, and continue to be the most successful algorithm in the field. However, we have also
seen that this performance requires increasingly large and complex architectures, this leads
to the deployment of these algorithms to edge devices becoming intractable. For this to oc-

cur, they need to be compressed and the recent literature has begun to address this.

2.3 Looking Beyond Accuracy: Efficiency in Neural Networks

In figures 2.4 and 2.5 we see comparisons in accuracy vs cost of recent state-of-the-art ar-
chitectures discussed in the previous section. To put these into perspective the ViT, which is
a comparatively low cost transformer-based architecture, uses 0.3 Billion parameters which
are stored using 32 bits. This leads to an overall storage cost of 1.13 GB at runtime, when run-
ning inference and backpropagation this number increases multiplicatively as intermediate
activations need to calculated and stored in memory. This makes training infeasible on con-
sumer devices and inference very slow. Hence, there is a need to cut down the cost of using

deep learning systems.

Broadly, there are two ways to make neural networks more efficient, the architecture and its
components can be made more resource aware which we refer to as compression. This ap-
proach can be considered static, since once the model is compressed it has a single operating
mode. We briefly cover these methods first in section 2.3.1. However, due to their fixed na-
ture, they still do not allow us to progress the amount of computation incrementally like in

figure 1.1.

On the other hand, we can approach the problem dynamically and treat the inference process
as such. This is more aligned with the ideas of progressive intelligence, and we discuss this in

more detail in section 2.3.2. First, we consider the static approaches to compression.

2.3.1 Compressing Neural Networks

Perhaps the most obvious way to decrease the size and resource requirements of a machine
learning model is to remove the components that have little to no effect on the outcome of
the model. This paradigm is known as pruning and it has been a common technique in the
area of model compression for some time, one of the first examples of which was referred to
as Skelotonization by Mozer and Smolensky (1989). The reason for removing the connections
is so that the weights for them no longer need to be stored, hence saving on computation re-
quirements. Their criteria for doing so is that if the predictive performance of the network
is unaffected by the removal of a connection, the connection can be removed. They esti-
mate this using an additional parameter calculated in backpropagation which measures the

importance of a neuron.
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Pruning methods can be organised according to their structure, their criteria, and the schedul-

ing method of the pruning.

The structure refers to whether they are structured or unstructured. Unstructured methods
prune connections in a layer without taking into account their structural location in the net-
work. This provides a less restrictive pruning scheme which can remove more connections,
however hardware architectures often cannot readily exploit the sparsity of such networks.
Therefore, performance gains in terms of inference cost are limited (Han et al., 2015b; Chao
et al., 2020; Malach et al., 2020). The other option is to perform structured pruning, which
removes entire components of the network, both reducing model size and inference cost (Li
etal., 2016; He et al., 2017; Meng et al., 2020a).

When developing a pruning method, it is also important to consider the criteria for removing
a component. In the paper by Mozer and Smolensky (1989), they consider the performance
of the network when a parameter is removed. In the field this performance-based approach is
now referred to as greedy pruning, in practice this is infeasible and expensive since it requires
a forward pass of the model to estimate the drop in performance Li et al. (2016). The method
still sees use in methods that consider parameters more holistically, like in recent work by Ye
et al. (2020a). However, more popular methods estimate the importance of a given param-
eter. The most basic form of this, but also one of the most effective, is known as magnitude

pruning.

Magnitude pruning uses the absolute value of a weight to determine its importance in the
prediction of the model. The argument being that nodes with weights close to zero will have
little effect on their inputs and thus little effect on the predictive performance of the network,
these values are often normalised using the weight distributions on a given layer. Han et al.
(2015b) first introduced this methodology and showed the model could take up substantially
less memory without loss in predictive performance.

Whilst magnitude pruning is a relatively rudimentary form of pruning, it still sees use in the
literature and remains to be a competitive criterion for pruning (Lee et al., 2021). However,
finding new criteria is still an active area of interest in the community. Sanh et al. (2020)
propose movement pruning, which uses the gradient signal during fine-tuning to determine
which weights are moving away from, and towards, zero. Similarly, Ye et al. (2020b) use this
principle to accelerate the training of CNNs, explaining that weights which have a small gra-
dient signal, have little effect on training and can be removed from the procedure. Park et al.
(2020) introduce an algorithm which considers the multi-layer interactions a weight imposes,
incorporating the Frobenius norm to calculate the representational effect on adjacent layers

when removing a connection.

Another way in which pruning methods can vary is the schedule over which the pruning
takes place. The most common procedure is to first train a model, then prune it, then fine-
tune the pruned model, and repeat the last two steps iteratively until the model is sufficiently

compressed (Han et al., 2015b). However, other works look to prune in a single step, known as
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one-shot pruning and side-step the initial training altogether by pruning at initialisation (Lee
et al., 2019; Wang et al., 2020; Zhang and Stadie, 2020; Hayou et al., 2021). Work by Tanaka
et al. (2020) even challenges the conception that data is needed to quantify which synapses

are important and instead aims to preserve synaptic flow in a data agnostic way.

Hence, pruning remains an active and successful area for making neural networks more effi-
cient and even in helping us understand the way neural networks learn (Frankle and Carbin,
2018). Recent work by Blalock et al. (2020) compares all recent pruning methods, they collate

results and highlight some of the issues in the neural network pruning community.

Another way in which the computational footprint of neural networks can be reduced is to
decrease the precision of their parameters, by varying their bit width. This field is known as

quantisation.

Quantisation has taken a number of forms in recent literature, some binarise the neural net-
works by using just two weight values and some work uses ternary weights, for example: -1,

0, 1. However, most work uses varying numbers of weights in their quantisation.

First proposed by Hubara et al. (2016) and Kim and Smaragdis (2016), binary neural networks
naturally allow for the greatest amount of compression, with parameters theoretically being
able to be represented by single bits. These values can be 1 and 0, or -1 and 1. Recent work
by Qin et al. (2021b) has fully binarised a popular language model, BERT. Other work by Xu
etal. (2021) has improved the performance of Binarised Neural Networks by ‘reviving’ weights
which see very few updates during training, this moves them closer to the weight distribution

centroid, lessening the effect of binarisation.

Other work increases the number of available weight values to three, in so called ternary
weights. Presented in work by Zhu et al. (2016), they multiply their three values, -1 ,0, and 1,
by a learned parameter at each layer of the network. This allowed the network to be quan-

tised, whilst still maintaining the optimum weight distribution at each layer of the network.

Recently, work focuses on quantisation with slightly less restricted weight counts, due to its
increased performance. Guo et al. (2022) propose a data-free approach, which approximates
the Hessian matrix to essentially round the weights, but do this by decomposing it progres-
sively into element-wise, then kernel-wise, and then output channel-wise. Wei et al. (2022)
also present a new post training method which works by randomly dropping the quantisation
of activations during weight reconstruction, which they show theoretically should benefit fi-

nal accuracy.

Quantisation remains an active area of the field, with many papers improving the technique
in recent conferences, both in the binary methods (Diffenderfer et al., 2021; Qin et al., 2021a;
Bird et al., 2021; Bulat et al., 2021; Meng et al., 2020b), and otherwise (Liao et al., 2021; Wang
and Scott, 2022; Liu et al., 2021b; Yamamoto, 2021; Liu et al., 2020). These methods have also

been combined in some literature (Han et al., 2015a).
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In progressive intelligence, pruning and quantisation techniques could be of use in devel-
oping switchable modes, indeed we discuss similar ideas in section 2.3.2. Though, whilst
pruning and quantisation remain the most active areas of research for compressing neural

networks, there have been other methods proposed.

Kim et al. (2019) propose a holistic approach to the compression process rather than a layer-
wise one. They consider the whole network when choosing a rank configuration for ker-
nel decomposition, they use accuracy and complexity constraints to determine which one
should be used. Reagan et al. (2018) introduce a method which encodes a model using a
Bloomier filter (Donnet et al., 2006), which can compress a data structure massively at the
expense of small random errors. This allows the model to be approximated in a probabilis-
tic way and by training the model to be resilient to this accuracy can be preserved. Another
approach used, has been to avoid the explicit compression of a model, and attempt to do
it implicitly by getting a model to learn the representations of a pretrained, larger model.
This is known as knowledge distillation and was introduced by Hinton et al. (2015). It works
by creating a co-optimisation problem on the target, or ‘student’ network. This encourages
it to recreate the softmax output of the larger, ‘teacher’ network, whilst also encouraging it
perform the classification task correctly. Knowledge distillation remains an active area of re-
search, with many papers building upon it (Stanton et al., 2021; Heo et al., 2019; Park et al.,
2019; Tian et al., 2019).

Despite these advances, explicitly designing bespoke architectures for deployment on edge
devices is perhaps the most effective way to create compressed models. That is, the algorithm
is designed from the ground up, with efficient use of computational resource intended from
the outset. There are a number of papers that show this, arguably the most prevalent of which
is in work by Howard et al. (2019), who introduce MobileNetV3.

MobileNetV3 is the third iteration of the authors’ original model, MobileNet, a model that
was designed in an earlier paper (Howard et al., 2017). In the original MobileNet paper, the
authors propose an efficient convolutional architecture that uses depth-wise separable con-

volutions.

Separable convolutions are convolutional operations that are split into two parts: a kernel is
factorised into two vectors, which are both applied to the image. This reduces the computa-
tional complexity of the operation while the effect of applying them to the input is the same
as the original convolution. Depth-wise separable convolutions apply this idea to the chan-
nel dimension of a kernel, separating the convolutional operation into a number of single-
channel operations, and then a 1x1 point-wise operation on the intermediate result. This
has the effect of reducing the computational cost of the operation. Using 3x3 depth-wise
separable kernels the authors can reduce the computational load by 8-9 times, we discuss
this in more detail in section 4.2.1.2.
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In MobileNetV2, they extend the idea but add inverted residuals and linear bottlenecks. In-
verted residuals are different from traditional residual connections, in that they follow a narrow-
wide-narrow approach in channel depths, as opposed to wide-narrow-wide. This has the
effect of reducing the number of parameters used up by connecting wide filters. In Mo-
bileNetV3 they incorporate neural architecture search (Zoph and Le, 2016; Liu et al., 2018)
to redesign the most expensive layers of the network, such as the final stage of the network.
This is another architecture, which like ResNet, has been prominent in later literature (eg.
Hu et al. (2020)). Hence, this particular architecture will be useful for exploring progressive

intelligence.

Similarly, work by Zhang et al. (2018) leverages the performance benefits of grouped convo-
lutions! whilst keeping the parameter cost of widening the network low. They achieve this by
shuffling the filters and see similar behaviours to grouped convolutions, without incurring
the computational overhead that go with them. The only network that still sees active use is

the MobileNetV3, which is regularly used as a benchmark architecture.

Hence, the field of compressing neural networks is a varied space, whilst it is dominated by
the parameter-centred methodologies such as pruning and quantisation, other methods and
architectures have also been developed and have been shown to be successful. Compressing
models at runtime can also lead to massive cost-savings in the corporate environment. When
services like ChatGPT are costing an estimated $700,000 to run a day, even more moderate

savings will decrease the money spent on running deep learning models considerably.

However, the most applicable approach to progressive intelligence would be one which fo-
cuses on the inference process itself. Since progressive intelligence is an approach to cost
savings which focuses on incremental changes at inference time. In neural network research
this field is known as Dynamic Inference, where the work often dynamically scales inference

costs. We consider this in the next section.

2.3.2 Dynamic Neural Networks

The majority of the literature review so far has provided background information for the the-
sis, with some approaches being used later, such as KNN models in chapters 3 and 5 and
the MobileNet and ResNet architectures being used throughout. However, dynamic neural
network approaches are the most pertinent area for progressive intelligence and are most

informative for the thesis.

This subset of the field can be split into two areas: those which can adapt to various operat-
ing modes, dynamic architectures, and those which extend this to the inference process in

dynamic inference. Dynamic inference is the most relevant for the progressive intelligence

1Grouped convolutions are when multiple pathways exist for convolutions to take on a single image much
like AlexNet, which has two separate paths for inference to take and its results are coupled together nearer to the
classification layers. Empirical evidence suggests this allows the network to form better representations.
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problem as it opens the possibility for incremental inference. However, some recent works in

the dynamic architectures space will briefly be discussed first.

Works designing new architectures usually present a number of different sized architectures
(Howard et al., 2017; He et al., 2016; Tan and Le, 2019; Dosovitskiy et al., 2020) which will be
applicable to many different scenarios. However, all of these need to be trained separately.
Slimmable neural networks introduced by Yu et al. (2018) was among the first to present sin-
gle networks that could be used at various different operating modes. These are networks
which have switchable widths, that is, their channels numbers can be varied dynamically,
without having to reload those corresponding to the smaller widths. They train the network
to perform with good accuracy at all widths, whilst keeping a subset of the weights consistent
between the models. Yu and Huang (2019a) extend this work to be architecture agnostic, by
improving some of the training techniques and show that this technique can be applied to

many different architectures.

Cai et al. (2019) propose a method which trains a single architecture, and through weight
sharing opens the possibility to make the slimming occur at a finer grained, weight level.
This allows the network to use less memory, but performance gains at run-time are lessened.
Their approach is focused more on creating single architectures after one training sequence,

as opposed to adaptivity at run time.

Inrecent work Yang et al. (2021b) propose a method similar to slimmablenets, and extend the
method so that it can function on a variety of input resolutions. Their method also does not
require retraining. They argue that by training the model to function at a variety of different
resolutions depending on resource requirements, the model learns stronger representations

overall.

Whilst dynamic architectures will fulfill the requirement of multiple operating modes in pro-
gressive intelligence, if this dynamism is extended to the inference process itself, additional
avenues of progressiveness become available through incremental inference and input de-
pendence. This is the field of dynamic inference. Here, the techniques look to save on re-
source usage by adapting inference cost depending on input or application, in contrast to
dynamic architectures which are not implemented in an input-dependent manner. In the
field data-sets will often have differing levels of difficulty across the inputs which will neces-

sitate differing levels of representational capacity on an input-wise basis.

In the machine learning domain, there are a number of different algorithms that differ in
their representational capacity, for example, there are linear models which produce simple
classification boundaries, and neural networks, as discussed in the previous section, which

will produce more complex boundaries depending on the complexity of the data.

Therefore, a simple way to implement dynamic inference would be to use multiple models
sequentially, passing to subsequent models depending on output confidence of the previous

model. This idea was explored by Venkataramani et al. (2015), where the authors define an
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algorithm known as a scalable effort classifier, which is defined as a hierarchy of gradually
more complex models. In the paper, they define a problem in which some inputs are more

difficult to classify than others, and hence different models are more suitable than others.

Samples distant from the classification boundary can often be distinguished with a linear
classifier, but those closer to the true boundary require the more complex model. Since the
majority of samples may be easy to classify, using the simpler model for easier samples could
produce significant power savings, as the complex model is only required on a minority of

data points. This helped form the basis of their paper.

To explore this setting they identify several benchmark problems from the field, and use a
variety of machine learning methodologies. For example, they implement SVMs on MNIST,
and neural networks on a protein classification dataset. They construct their classifiers hi-
erarchically, and depending on the confidence of the output from the simple models, they

either output the classification or pass the input to the more complex model.

They parameterise this score using the Consensus Threshold, é. It is called this, as the ‘simple
model’ actually consists of two simple, but biased models. That is, each of these biased mod-
els will specialise on one class, misclassifying the more difficult samples of the other class,
but seldom that of the class they specialise on. Hence, when both biased models agree with
one another, the ‘consensus’ score between them is strong. They also use the absolute values
of the confidence scores to measure the confidence in the output of the classifier, and com-
pare it against their consensus threshold. Modulating this threshold would make the model
more stringent when passing to successive models. They would range this value § between
-1 and 1. To evaluate energy consumption, they measure run-time and utilise an out-of-the-
box algorithm that estimates power usage. When optimising the number of classifier stages,
they found that three stages would often be optimal. This provided high accuracy, and an
overall low number of operations per second.

Before this paper, most instances of this methodology were application-specific, hence it was
one of the earlier examples of these ideas being generalised to the benchmark problems of
the field. Whilst achieving interesting results, this paper’s methodology uses many models,
and many forward passes for a single inference, we call this approach the bag-of-models ap-
proach. Whilst they show this decreases power consumption, the use of so many models is
counter-intuitive when saving on computational overheads. This approach was not shown
to work on more complex tasks where power consumption is a more pressing issue. We build
on this approach somewhat in section 3.3.1, creating a similar system which reuses model
outputs. Though, to save on memory costs the field should move towards approaches that

use much fewer models, or even a single model.

A simple and neat way to incorporate progressiveness into single models is to introduce clas-
sification branches throughout a neural network. This allows early exiting, meaning the infer-
ence can take place incrementally. Branches in neural networks were first proposed to assist

with the training by Szegedy et al. (2015), where auxiliary classifiers were used to combat the
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vanishing gradient problem found in deep neural networks and improve convergence. In this

work the auxiliary classifiers were removed at test time.

Later work however, kept these branches in at test time to reduce inference cost (Teerapit-
tayanon et al., 2016). They also showed the branches provided regularisation and reinforced
their ability to mitigate the vanishing gradient problem. These branches were trained in par-
allel using a weighted loss, L, shown in equation 2.6. The loss for each branch b in B total

branches is given by L, shown in equation 2.7. Which, in this case is the cross entropy over

C classes.
B
Ly, = Y. wpLo(yp ) 2.6)
b=1
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The weighting for branch is defined as wj, y and j refer to the target and output vectors
respectively. An entropy-based exit policy was introduced to determine when an early exit
should take place at inference time. This takes the Shannon entropy (see equation 2.10) of
the normalised categorical distribution at output, y, which has often been normalised using

the softmax equation:

et
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We explore inference policies for branched neural networks in more detail below. When
dropout was popularised in CNNs the problem of overfitting was diminished (Srivastava
et al., 2014), likewise the introduction of ReLU activation functions and residual connections
into DNN architectures made the vanishing gradient problem easier to manage (Nair and
Hinton, 2010). However, the field of dynamic inference took branched networks further, one
paper using dense connectivity between the layers in combination with early exits allowing
coarse and fine features to pervade all layers of the network (Huang et al., 2017). Recent work
has implemented early exits in conjunction with layer skipping to create dual-dynamic net-
work architectures (Wang et al., 2020). Layer skipping is a dynamic inference process which
uses a routing controller after each layer to determine if the layer is required, it was first incor-
porated into ResNet architectures as the structure lends itself to the skipping of layers (Wang
etal., 2017).

More recently the field has progressed to dynamic routing on neural networks (Cai et al.,
2020). In this paper the authors propose an instance aware inference process that routes in-
puts only to necessary transformation branches of the network; the method is also general-
isable across architectures. Their method outperforms the state of the art in terms of parame-
ter counts and operation counts. They introduce a Gumbel-softmax and a re-parameterisation

trick to learn the routing via gradient based methods.
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Similarly, attention mechanisms have been deployed in the field of dynamic inference (Chen
et al., 2020). The authors present an algorithm that for each convolutional layer an attention
score is computed using a lightweight attention model to adaptively weight its kernels. These
weights are passed to kernels such that only the necessary kernels are selected to transform
the input. A varied temperature scheme is implemented on the attention scheme to assist

the optimisation of the layers in the early stages of training.

Dynamic inference techniques, in particular branched neural networks, will play an impor-
tant role in developing progressive intelligence systems. This is because dynamic inference
techniques by design attempt to conform their inference process to computational constraints,

whilst retaining predictive accuracy.

Branched networks also remain an integral part of the dynamic inference research commu-
nity and there has been recent work investigating the optimisation of branched networks,
such as that by Hu et al. (2019), which uses an adaptive weighting scheme. They found that
using such a scheme could produce models that would outperform larger networks trained
using a constant weighting scheme. There has also been recent work investigating the exit
policies of the neural network, looking to optimise inference cost and accuracy (Dai et al.,
2020).

A particularly relevant area of development to the progressive intelligence problem is the de-
velopment of inference techniques. Laskaridis et al. (2020) introduce early exiting and train
these classifiers simultaneously and gradually stop training the earlier classifiers to prioritise
the later classifiers. They show empirical evidence that this is successful and prevents the
later classifiers from being outperformed by the earlier classifiers. Their exit policy is quite
simple and is the maximum confidence on the softmax output, however they tune these con-

fidences for each exit in the network empirically.

Xin et al. (2020) introduce early exiting branches to language models. They start with a pre-
trained BERT model (Devlin et al., 2018) and attach exit branches to this backbone. They use
the entropy as a measure of prediction confidence, and thus use it in their exit policies. They

fine-tune the thresholds at each branch.

Work by Hu et al. (2020) introduces branched neural networks under a more theoretical lens,
showing that they can increase accuracy, adversarial robustness, and efficiency when com-
pared against the backbone architectures. Here these characteristics are co-designed into
their approach, by building on the architecture proposed by Teerapittayanon et al. (2016)
and applying it to state-of-the-art architectures with adversarial objectives. They find their
method can reduce the computational cost of robust models and is some of the first work

looking to combine robustness with dynamic inference.

One thing previous works fails to do, is recognise that these branched classifiers act as a spe-

cial ensemble, and predictions can be treated as such. Sun et al. (2021) address this in their
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work, where they create an optimisation function for language models which encourages di-
versity between the branches whilst also preserving their accuracy on the classification task.
This is achieved by increasing the divergence between the branches, encouraging them to
make different mistakes to each other. They show this creates a more successful branched

model.

Wolczyk et al. (2021) introduce this ensemble approach to the inference process of vision
models. They train their early exiting branches as an ensemble, unlike previous works in
the area. They use a geometric ensemble with weighting parameters for each classifier class-
specific weights for each classifier, where the parameters are learnt post-training to minimise

cross-entropy loss on the training set.

Hence, much of the recent advancements in branched neural networks have focused on im-
proving the performance of the early exit and the policies governing it. Thus, we should

briefly cover the main exit policies in the field.

Generalised exit policies will take as input the information produced by the model and pre-
dict a class along with its classification confidence. For the bth exit this will be », Which will
need to exceed a threshold, a in order for the early exit to take place. If this condition is met,
the inference can halt.

Generic Threshold: Kp>Qap

All exit policies will differ in how they define the confidence, k, and the threshold, «, at a given
branch. Some approaches will use a learnt function which will require further optimisation,
and some will act on the model outputs directly. First we will investigate those that take the
outputs of the model directly.

The two most simple exit policies seen in the field are the max probability and the entropic
policies. The maximum probability exit policy uses the maximum value of the output pre-
diction vector on the branch

Max Probablity: ~ xj, = max|j,|. (2.9)

This has been used a number of times in the field Laskaridis et al. (2020); Dean (2020); Huang
etal. (2017). Entropy instead passes the output predictions to the information entropy func-
tion

C
Entropic: ep=— Zj/b,C In(y,, ), (2.10)
c

where c is a given class in ;. The equality should be flipped in this case, since entropy
decreases as classification confidence increases. Alternatively, we can take the confidence
as x = 1 —(e/log(C)) in this case, since it can be shown the maximum value of entropy is
log(C) which normalises the entropy. This has been the most popular exit policy in the field
Teerapittayanon et al. (2017); Hu et al. (2020); Bolukbasi et al. (2017); Xin et al. (2020). In

practice entropic policies and max probability policies perform similarly.
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More sophisticated approaches tune their ensembles methods, increasing performance at
the expense of additional complexity. Work in Huang et al. (2017) solve a constraint, which
depends on a predefined batch cost and individual branch costs, which they use to calculate
branch thresholds, aj,. They parameterise this confidence using a branch exit probability v,

which itself is a function of a tune-able hyperparameter, y:
wp=2z1-yp)’ . 2.11)

Where z is a normalising constant to ensure that }_; p(w}) = 1. This is solved for i to generate
their thresholds and they use the validation set to ensure thresholds aj, produce roughly the
number of exits ¥j;. Hence, this method does require optimisation but could be achieved
without additional training steps if performed in parallel with model training. They use the

exit policy in equation 2.9 to determine exits at inference time.

Further optimisation work by Wolczyk et al. (2021) incorporates a geometric ensemble based

exit function, which they call zero-time waste and is defined by

1 £
Zero Time Waste: k= —7), [1G) (2.12)
Zb i<b /
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where ¢; and y;'] are parameters optimised post training, to minimise cross-entropy loss on
the training set. It is not explained why the geometric ensemble is used, and why it works

well.

A recent paper extends the ideas of Huang et al. (2017) by incorporating a Bayesian uncer-
tainty model into the training of the classification branches (Meronen et al., 2023). The au-
thors perform a Laplace approximation of the network posterior distribution by taking a Tay-
lor expansion around the maximum a posteriori (MAP) of the model, which they show can
be assumed to be that of the output distribution of a model trained with a cross-entropy loss.
MAP refers to a probabilistic framework for the estimation of an unknown quantity, which
equals the mode of the posterior distribution. Their Bayesian model produces a probability
at each branch for a given input i: p,(¥;lx;). It is this probability which is ensembled and

passed to an exit policy, the ensemble probabilities are defined as

A 1 ¢ )
Py @ilx) = ——— X wm pp(F;1x)
lel Wi m=1
where w,, is a weighting parameter defined by the cost requirement of a particular branch.
The maximum probability of this expression is compared to a threshold, which is calculated
in a similar manner to Huang et al. (2017) making their exit policy

b
Fixing over confidence: Kp = max| — Z wm pp(F1x)|. 2.13)
lel Wi m=1
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Extending the idea of trainable weights, work in Ilhan et al. (2023) introduces trainable func-
tions which learn to exit efficiently for adaptive inference. They define a batch budget and
inference cost, then optimise exit utility functions which output an exit probability. They also
train the thresholds alongside these functions according to the batch computation require-
ments. Their loss function minimises a loss with two components, one is the binary cross
entropy loss which predicts the correctness of the branch, the other is a exit assignment es-
timator, which is a combination of reducing the cost according to the budget and another

which predicts the exit probability. This produces an exit assignment score defined by
P b= WE}h) Sy

where s, = fleakyrelu(wzsm (71, ap, bp]). In this function a refers to a confidence score vector
defined by the scores in the previous section. The parameter b in this function refers to a
vector of exit utility scores, q,. Which are themselves computed as ¢;, = fsigmo,-d(wzg)sb).
Definitions for the Leaky ReLU and Sigmoid can be found where activation functions are dis-
cussed in section 2.2. The W components are fully connected layers, and hence the trainable
components of this method and s}, is shared between 7, and ¢;,. Atinference time, the output

of 7, for a given input is used for the exit
EENet:  «xp="7p, (2.14)

which outputs a single value, and depends on the specific confidence metric used; the au-
thors use maximum probability, entropic, and agreement based scores. The thresholds are

learnt similarly to Huang et al. (2017); Meronen et al. (2023).

We've discussed a number of exit policies, some of which are simple like maximum proba-
bility and entropy, and others use additional optimisation. We find that the most popular in
the field remains to be entropy, possibly due to its simplicity and the marginal gains further
optimisation brings. Hence, it may be beneficial to propose an information sharing exit pol-
icy which does not require additional optimisation, starting from an entropic policy. In this
section we've also considered other dynamic approaches to inference in the field, some of
which more applicable to others. To summarise we consider the potential gaps in the field

which can be investigated in this work.

2.4 Next Steps: Gaps in the Literature for Progressive Intelligence

We have seen in this chapter there is a a wealth of active research in and around the areas
concerning progressive intelligence, however the area itself still has unanswered questions
and there are opportunities to deepen our understanding of existing systems and develop

new ideas in the field.
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Quantifying Progressiveness A keyissue in the field, is that there is no unifying way of quan-
tifying progressiveness. Hence, this can be developed allowing models to be compared

with one another from a progressive intelligence perspective.

Exploring Progressive Intelligence Systems Progressive Intelligence has yet to be defined
in the context of machine learning. Hence, the types of progressive intelligence and
working examples should be proposed. This will allow the most impactful directions

to be identified and the open problems within those directions.

Representational Effect of Classification Branches In branched neural networks there has
been little work investigating the representational effect of efficient inference strate-
gies, namely classification branches. It will be beneficial to the field to better under-
stand the effect of these branches, when the branches are optimised in parallel with

the backbone network and when they are optimised independently of the backbone.

Optimising Architectures for Progressive Intelligence How does scaling affect progressive
intelligence systems and can efficient inference techniques/architectures be incorpo-
rated with progressive intelligence techniques.

Improving Early Exit Policies Exit policies in the branched neural network field have pre-
dominantly been quite simple, being based only on classification confidence at a given
exit, and ensemble methods have required additional optimisation. There is an op-
portunity to develop parameter-free exit policies which exploit the ensemble nature of

branched neural networks.

Introducing Epistemic Uncertainty to Progressive Intelligence Systems One thing that is yet
to be explored in the literature is how resource-aware neural network designs, in par-
ticular branched neural networks, interact with OOD and adversarial data. Further-
more, it is unclear how they might handle samples which have additional information
available such as hierarchical label structure. To this end, the field may benefit from
exploration of this area.

Introducing New Early Exiting Mechanisms Following from the previous observation, the
additional information provided by such inputs may allow new means of early exit-
ing in progressive intelligence systems. Branched networks offer a unique opportunity
when encountering OOD and adversarial inputs. Specifically, if they can be detected,
inference can be halted to prevent further time wastage. This possibility remains an

open question in the progressive intelligence space.

Hence, there are a number of opportunities to explore new ideas in progressive intelligence.
We begin by exploring progressive intelligent systems and developing a way of quantifying
their performance in chapter 3. This is followed in chapter 4 by an exploration of branched

neural networks. Namely we concentrate on the representational effects of classification
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branches, how the architectures can be optimised, and how classification policies can be im-
proved. Finally, in chapter 5 we consider epistemic uncertainty and additional information

in classification policies.



Chapter 3

Data-Space vs Model-Space

Consider a machine learning model, if this model is to be incorporated into a progressive
intelligence system it needs to be scalable. In this context, much like machine learning sys-
tems, progressive intelligence can be considered from two aspects: The model space, and the

data space.

In the model space, the learning machine itself is scaled to achieve progressive intelligence.
That is, the resources used by the model are independent of the amount of data it is trained
on. Progressive intelligence applies only to the inference modes of machine learning sys-
tems. Hence, once trained, a model-space progressive intelligence system uses a predefined
amount of power on a given data point. In the data space, we consider machine learn-
ing models where there is a direct link to the computational expense of the model and the
amount of data it is trained on. There is also another aspect of this space, whereby the num-

ber of features in the data can be scaled. However, for now only the former will be considered.

This more theoretically focused chapter seeks to address the first gap in the literature: Ex-

ploring Progressive Intelligence Systems. We make the following contributions:

Quantifying Progressiveness We develop a way of quantifying progressiveness, that can be
used where the performance of competing methods overlap in their range of compu-

tational cost.

Explore Upper Bounds in Data-Space Systems Data-space progressive intelligence is explored
theoretically from the perspective of sample counts. We develop expected error esti-
mates in this domain, which when compared to prototype KNN algorithms we find to

represent an upper bound for the error.

Prototype Model-Space Systems We move towards obtaining empirical results in the model
based domain, where the complexity of tasks are often greater. Ensembles and branched

neural networks are presented as prototypes of model-based systems, we settle on

39
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branched neural networks for future work due to their increased progressiveness and

performance.

Before investigating these types of progressive intelligence ideologies, it is necessary to de-
fine a metric that can be used across these systems. This will provide a means of quantifying
their performance in the progressive intelligence space. That is, we wish to define their pro-

gressiveness.

3.1 Quantifying Progressiveness

We will look to investigate systems that take pareto-optimised solutions as in figure 1.1 and
use them in their design methodology. As such they will be represented by curves in the
pareto-efficiency space, as opposed to individual points in figure 1.1. For example, these
solutions might make fast gains in accuracy early in the inference stage and slowly increase
the performance when using more computational resources. However, one solution may be
preferred over the other as resource constraints change. Hence, a goal of this work will be to

find ways of quantifying the pareto-optimality of a system.

So we have two goals for our progressive intelligence, we want monotonicity in performance
improvements as we increase the computational resources used, whilst also prioritising early
gains in this performance. Hence, an initial measure of pareto-optimality that will be incor-
porated into this work is the area underneath a pareto-curve. We can show that this measure
is equivalent to linearly weighting gradients earlier in the curve, and integrating this over all

values of x.

Consider a pareto-curve f(x) measuring performance where x is the resource usage. We can

take the area under this curve as our measure of performance, M:

1
M(f(x) =f f(x) dx=AUC
0

Early improvements are also desired, that is for low values of x we wish for % f(x) to be high,
and as x increases we care less about the value of % f(x), and more on the value of f(x) itself.

Following this, we can construct a simple point-wise measure of performance, m

d
m(f(x)=0- x)af(x). 3.1

To get our complete measure of performance, we need to integrate this expression over all

values of x:
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1 d 1 1 d
M(f(x) —fo (-0 f() dx=|1-0f@)]| —fo (=) dx

1
:—f(0)+f0 fx)dx

If we now make the reasonable assumption that f(0) = 0, that is when the cost is zero, our

performance is the same, we find we arrive back at the AUC, giving us

1 1
M(f(x) = f(l—x)if(x)dx = ff(x)dx = AUC. (3.2)
0 dx 0

Hence, equation 3.2 shows us that the area under the pareto-curve is a more powerful mea-
sure of progressiveness than it might first appear. The AUC will be increased if there are early
rises in performance and also if these are maintained later in the performance—cost curve,
thereby encouraging monotonicity. That is, the AUC encourages monotonicity and weights

this early in the cost distribution.

However, this measure does not consider improvements at later areas of the curve, two mod-
els may have equal areas, but perform very differently across different power ranges. This
is particularly true in later power ranges, where the highest accuracies will be desired. This
could be improved in some way by changing the weighting factor in m shown in equation
3.1, from (1 — x) to something more complex. Though, for the time being the AUC will suffice
and future work can consider more complex measurements of progressiveness. We can now
use this method when evaluating progressive intelligence systems, and first we can consider

data-space progressive intelligence.

3.2 Data-Space Progressive Intelligence

In the data space, we consider the progressive intelligence systems which use models that
are dependent on the size of their training set. For example KNN algorithms and SVMs. Here,
there is an innate dependence on the number of samples used to train the system, and the

power used by it is directly proportional to the number of training samples, N.

In this section, we analyse this relationship analytically with the aim of understanding how it
affects the error achieved by a classification model. We wish to understand how the estima-
tion of the decision boundary, ¢, converges with the number of samples, N. This will give an
estimate on the performance of a classifier on this data, as the number of training samples is

increased.

To that end, we start with a simple problem and make the assumption that the data for each

class is drawn from a Gaussian distribution. We analyse the problem with varying levels of
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complexity in the following sections, starting with equal 1-dimensional standard deviations,

ending in the general case with multidimensional Gaussians of differing covariances.

In each case we form a theoretical relationship between our estimation of the decision bound-

ary and the number of samples, starting with a 1-dimensional Gaussian distribution

e 2

flx)=

1
V2no
we consider how the performance of a binary classifier behaves as the training set size varies.
Assuming that both classes are equally probable, it can be shown the decision boundary, ¢,
will occur where the two distributions overlap. That is, the decision boundary will lie where
both classes are equally probable, when P (x|y = 1) = P(x|y = 2). Since the probability distri-
butions are Guassians we therefore have:
iGN ST G~

1
fi=HLx) — —e 2 e 2

\/ﬁal \/2_770'2

By taking the natural log of both sides and removing shared terms we get:

1/t- 2 1,t- 2
—ln(01)+—( ul) :—ln(02)+—( ,Ltg) (3.3)
2\ o0, 2\ 02

3.2.1 Equalo

We start in the simplest case. If we assume the two distributions have identical standard

deviations, o, this gives us

_ M (- p) (et ) i
2(2 — 1) 2(u2 — 1) 2

(3.4)

Hence, our optimal solution for ¢ is entirely dependent on the means, p; and yp. When

estimating the mean of a distribution, the standard error of the mean, Ay, is defined as:

Ap=—— (3.5)
vN

Using this we can derive an expected value of A¢, as we increase N, and assuming the means

are independent of each other. We can use the following formula to obtain our uncertainty

in the value for t.

At= \/ (%)Z(Aulm (aa—é)zmuz)z (3.6)

We use equations 3.4 to 3.6 to derive our expected error in ¢. Finding 0‘3—; in equation 3.4 is

trivial, 5’—; = % Applying this, along with our error in y;, to equation 3.6 we arrive at:

t= 52\/—n_12+52\/—n_22—>m=§ n_1+n_2
S R
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Where n, refers to the number of samples taken from class distribution ¢, and Z,-C ne=N.If
the classes are evenly distributed, we can assume even sampling from each as N becomes

increasingly large and n, becomes N/C. Hence, for the two class problem we have:

o
At=— (3.7)

VN
Indeed this is what we observe when simulating the optimal decision boundary, as shown in

figure 3.1.
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(a) Two distributions with different means and (b) Log of expected error with Log of N, the gradient is
-0.5 showing that At N~Y2_ The shaded area shows

identical standard deviations. The estimation in ¢
with N over 50 runs is shown. the standard deviation over 50 runs.

FIGURE 3.1: Experimental verification of the our uncertainty in ¢ is shown, in the case where
u1 = 2. In both figures the dashed lines show the theoretical models, and the solid lines
show the experimental verification.

Hence, we have an understanding of our error as a function of N in a data-based system in
the simplest case. Allowing us to provide confidence estimates in predictions made by such
a system. However, this was derived in the simplest case, to ensure this holds as problems

become more challenging we can derive this relationship in the more complex cases.

3.2.2 Unequal o

Now we consider the case where the standard deviations are not equal. This makes equation

3.3 more involved to solve, and collecting the terms reveals a quadratic in t:

_+_

L et

2 2
- ()

Which we can solve by completing the square, utilising the quadratic equation:

_ —btVb*-4ac

ax’*+bx+c=0 — X
2a

where:
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a=d(Le L) ptzof LK 68

2 2 2
2 01 02 o; O o] 05 o1

=N

Plugging the coefficients of equation 3.8 into the quadratic equation gives us:

_ 1 2 2 2 2 2 2 21, (92 41, (92
= (0%_03) (ﬂzal ,ula \/ula 05— 201 P20 02+p20 02—20 o ln(01)+20 o ln(al)

Which can be simplified to:

o
(01 ) (,uzaﬁ—,ulagialag\/(,ul—,u2)2+2(a§—af)ln(a—?)) (3.9

Once again, in order to get the expected error in t we need to use equation 3.6. The partial

derivatives for equation 3.9 are as such:

(yla 02 U207 02)

ﬁ- \/“%"2"3 24120707 + p5010% ~ 20105 In(F) + 20703 In()
o1 (01 ~ 02)
(3.10)
(—p1030% + up030?)
ot \/'U%OZ(T% 241 20705 + P50705 - 2‘71‘721n(02)+20 o ln(g_f)
Guz (02— 02)

Equation 3.9 produces two boundaries each with slightly different partial derivatives. The
correct boundary, and thus correct partial derivatives, can be found by selecting that which
lies between the two means. Similarly to figure 3.1, we present experimental validation of
this in figure 3.2. This shows that when applying equations 3.10 and 3.5 to the expression
for uncertainty in t, equation 3.6, we arrive at the the same convergence behaviour with N,
Atoc N712,

So we arrive at the same finding, with unequal standard deviations. Suggesting at least in the
1-dimensional case we have a theoretical measure of uncertainty in a data-based classifier.

In the next section we analyse this problem in the most general case.

3.2.3 The d-Dimensional Case

Finally, in the general case we lift the 1-dimensional restriction and can no longer consider
the standard deviation, we instead need to consider the distributions as being defined by a
mean vector, g, and Covariance matrix, . However, much of the expressions derived in the

previous sections still hold in this case, but are instead derived using the multi-dimensional
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tion over 50 runs.

FIGURE 3.2: Experimental verification of the our uncertainty in ¢ is shown, in the case where
1 # H2. In both figures the dashed lines show the theoretical models, and the solid lines
show the experimental verification.

Gaussian equation,

1 Ty-1

_ —5x—-—w)' T (x—p)
x\p2)=———-——e 2 )

P( l” ) (27‘[)‘1/2|Z|1/2

where we now consider a probability density. Once again we can equate these distributions,

and if equal probabilities between them are assumed, any priors will cancel out leaving
1 Tl 1 d
——(x-w) = x-pm) - -In|Z| - = In@2n),
2(x B Z(x—p) 2n| I > n(2m)

on either side. We will find the decision boundary, ¢, at points where these two distributions

are equal:
1 Ty-1 1 1 Ty-1 1
_E(t_ﬂl) > (t_ﬂl)_ihﬂzﬂz_i(t_ﬂz) z, (t—ﬂz)—ilnlzzl- 3.11)

Solving this equation produces a hyperquadratic boundary in d dimensions, however we
note that the aspects of dimensionality drop out of our expression for the boundary. The
quadratic expression will have similar terms to our expressions in equation 3.8, only using
the vector and matrix form for the mean and covariance respectively. Each side consists of
two terms, the square of the Mahalanobis distance to the mean, and a constant which is
a function of the covariance of the distribution, we can equate these to find our boundary

numerically:

Since we are only interested in the convergence behaviour with N, we wish to understand if
the added dimensions add complexity to the At o« N~!/2 we see in the 1-dimensional case.
Our expression for the boundary in equation 3.11 has no dependence on the dimensionality,
d, and we can assume the quadratic has similar roots to its scalar equivalent in equation 3.8,
and thus a similar 2-. This means the only dependence of At on N will come from the

opi*
expression for the uncertainty in the mean.
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FIGURE 3.3: Numerical solutions to find the optimum decision boundary between two 2-

dimensional Gaussian distributions. In the simple case (a), the boundary can be defined

once again using the distance of the means. In the dependent variable case (b), the linear

boundary is modified by the covariance matrix. Finally the complex case (c) lifts all assump-
tions and a quadratic boundary is required.

In the d-dimensional case, the uncertainty in the mean becomes a vector, since the mean
itself is also a vector, g = (x3,.., X4). We assume the variance in x; as 0? and the covariance
between x; and x; is 0;;. Our expected value of the mean, u, will have a covariance matrix,

with diagonal elements defined with 0? /n and off-diagonal elements
1 n n gii
Cov(ii,x'j) =— Z Z Cov(xi,xj) — l,

where i and j refer to the dimension of the distribution. Hence, the covariance of u is the
covariance of the original matrix, divided by the number of samples, n. Our standard error
in p is the root of this expression, leaving us with Ap; o< (§)71/2

Atoc N7V2,

in equation 3.6 and thus

Hence, we've shown that in a simple Gaussian classification problem, it can be shown the
error in our estimation of the decision boundary is proportional to the inverse of the square
root of N. In the 1-dimensional case we've verified this by simulating a distance between the
means classifier. This will allow us to estimate the accuracy and thus confidence of data-
based progressive intelligence systems as we increase the sample size available. Now we
move to problems closer to those in the real world, this will allow us to verify this behaviour
with N. We can also prototype a data-space progressive intelligence classifier which can be

used incrementally at inference time.

3.2.4 Prototyping Data-Space Progressive Intelligence

We can first evaluate the ideas of the previous section on more difficult problems by shifting
the two Gaussian distributions. To quantify the difficulty of the classification between the
two distributions we can use their overlapping area, since the distance between the means

alone does not reflect the potential for differing standard deviations.
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By shifting these distributions and evaluating the calculated threshold against the theoretical
threshold, we can observe the error as overlapping area increases, as well as the error with
increasing number of samples, N. These are shown in figures 3.4 (a) and (b) respectively.

This allows us to see the behaviour as both vary.
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Overlapping Area
(a) Log of Error against log of overlapping area for a variety (b) Log of error with log of N for a variety of overlapping frac-
of sample sizes. tions, the theoretical behaviour is shown with a dashed line.

FIGURE 3.4: Relationships showing error with classification difficulty and sample sizes, the
shading of the lines denotes the other variable in both plots.

We find from figure 3.4 (a) that for very small sample sizes the overlapping area has little
effect on the recorded error. However, as the sample size increases this quickly converges to
a linear relationship in the log-log space. We see this sharp decrease in error in figure 3.4 (b)
as N increases to an order of 10. However, then roughly the expected relationship with N is

observed for smaller overlapping fractions, though the recorded values for this are noisy.

While this allows us to analyse the theoretical performance of a progressive intelligence clas-
sifier, the problem proposed is not necessarily representative of a real-world problem. Fur-
thermore, this classification regime relies on a binary problem and for multi-class problems

a more general classification algorithm is needed, such as a KNN classifier.

We can use a KNN classifier progressively by incrementally sampling the validation distri-
bution at run-time in a progressive manner, thereby increasing the confidence in the clas-
sification as the sample size over which to calculate the KNN distance increases. We use 3

real-world tabular datasets:
iris Four-class flower classification dataset with 4 dimensions denoting measure-
ments of the flower (Fisher, 1988).

wine Multi-class classification dataset with 13 different chemical and colour mea-

surements for identifying three wine types (Aeberhard and Forina, 1991).
breast cancer Binary classification dataset using measurements of 30 different biological

markers to predict the presence of breast cancer (Wolberg and Street, 1995).

We first assess the importance of N by analysing the accuracy of the KNN algorithm as the
number of samples in the training set increases. This is shown in figure 3.5 (a). This rise is
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rapid in the iris and breast cancer datasets, and more gradual in the wine dataset. Further-
more, the peak accuracy is lower in the wine dataset, indicating the dataset being of high
difficulty.

In each case the theoretical estimate is shown with a dashed line of the same colour. Since
100% classification accuracy is not always possible, we normalise our error to the peak clas-
sification accuracy of the classifier. We find that in all cases our estimate is close to, or worse
than, the true relationship with N. Hence, in these real-world examples our theoretical ex-

pectation of error represents an upper bound on the true-error of the classifier.
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pectation of the error is shown with the dashed lines of the classification.

same colour.

FIGURE 3.5: Accuracy against the number of samples used for KNN classification in (a) and
in (b) the distance threshold for adaptive KNN inference against the accuracy achieved.

Whilst this graph does reflect the relationship between the accuracy of a KNN classifier and
the number of reference samples for training, it does not reflect how the model would be used
for progressive intelligence. This is because progressive intelligence operates at inference

time so the number of training points being used should vary between each test sample.

We call the criteria on which the number of samples should stop increasing the exit policy,
which is described further for branched neural networks in section 2.3.2. In the case of the
KNN model we can use the mean distance of the k-nearest neighbours for our condition to
halt inference, as the relative proximity to our nearest k samples will indicate the reliability
of the prediction. For this we denote the distance threshold, 6. The policy is described in
algorithm 1.

The modal value of the y labels corresponding to the training data points x in the nearest
neighbours d is taken for the final output, as this value will correspond to the most common
neighbour. In the event of a tie, the closest of the tied classes is taken, but k is typically odd
and greater than the number of classes which helps avoid ties. This is repeated for each test
sample, x. We simulate this inference process, varying the normalised distance threshold 6
between 1 and 0, corresponding to minimum and maximum confidence respectively. The

results of which are shown in figure 3.5 (b).
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Algorithm 1 Adaptive KNN early exiting algorithm

1: procedure EARLY EXITING INFERENCE WITH KNN (X, 6)
2: Read Test Data: D

3 for xe D do > For all inputs in the test set

4 forke K| X do > For all available values of k in the training set, X

5 d;. = min(dist(x, D)) > minimum k distances

6: if d;. < 6 then > Check mean distance against threshold

7 Break

8 end if

9 end for > Full inference used without early exit
10: y=mode(y: (x,y) € di) > Output is modal value of y given (x1y) in dj
11: return y > Return output
12: end for > Move to next input

13: end procedure

We find that lowering the normalised distance threshold increases the accuracy rapidly, par-
ticularly in the breast cancer dataset. It has little effect past the peak accuracy ~ 0.8. In con-
trast to the behaviour seen in the Accuracy-N plot, we find that the peak accuracy is reached
more quickly in the adaptive inference experiment. We also find that the variance, denoted by
the shaded area, is relatively consistent across the threshold range, whereas in the Accuracy—
N analysis, this reduces to negligible values towards the end of the range. This is because
when all of the samples are used, the inference outcome will be identical regardless of the
order they were added across runs. In the adaptive inference plot however, the test set is

randomly sampled between 5 runs, whereas it is constant between runs in the former plot.

Finally, to quantify the performance of the methods we analyse the AUC of all of the curves in

line with the discussion in section 3.1. This is shown in table 3.1. We find that the increased

Dataset AUC
Accuracy—- N Adaptive Inference
Iris 0.909 +0.035 0.926 +0.026
Wine 0.700 +0.046 0.806 +0.054
Breast Cancer || 0.917+0.018 0.904 +0.015

TABLE 3.1: AUC measurements for the KNN algorithm on the datasets, left column shows
this as sample size increases, the right column shows that as the distance threshold increases
in the adaptive inference method.

performance shown in the iris dataset leads to greater AUC performance in the adaptive in-
ference results, despite the breast cancer dataset showing a sharper rise in accuracy the AUC
is limited by peak accuracy. However, in the Accuracy-N results, the sharp rise in the breast
cancer dataset leads to a greater AUC value. The wine dataset records lower AUC values due

to the poor performance of the underlying algorithm and the difficulty of the dataset.



50 Chapter 3 Data-Space vs Model-Space

In this section we have discussed data space progressive intelligence, theoretical bounds,
and proposed a prototype of a progressive intelligence system in this space. Although, this
method is performant as a progressive intelligence, the resource usage in this problem space
is not an issue due to the relative low cost of the classifiers compared to more modern ap-
proaches. We hence move towards model-space progressive intelligence where there is a
wider range of application areas, such as vision, text, and audio. We focus on the vision space

as it has more accessible benchmarks at the time of writing.

3.3 Model-Space Progressive Intelligence

Data-space progressive intelligence is one way to approach the problem of progressive intel-
ligence. However, in real-world scenarios the underlying machine learning models are not
necessarily that computationally intensive to begin with, meaning the resource saving bene-

fits of using progressive intelligence approaches may be less important.

In model-based progressive intelligence systems it is the model itself which is adapted at
run-time to save power. As such, model-based progressive intelligence is more applicable
to algorithmically complex machine learning approaches such as neural networks, as well as

less complex approaches such as random forests.

To explore model-based systems we consider the progressive intelligence system made up of
a sequence of N functions

F(xX)n =[fi(x), fo(x),..., fn(x)].

In this paradigm the inference mode of F uses each of the functions f;, sequentially; we con-
sider the scenario where they are used in ascending order, and the cost of using F sequen-
tially, E(Fy), should always satisfy

E(Fp) < E(Fp+1).

Furthermore, as n increases the output of the model ¥ should increase in confidence and
ideally accuracy. Since in this scenario the amount of power being used is input-dependent,
it is possible to halt inference as confidence increases. In order to ensure computation is
not wasted, the outputs of f,, can be combined as an ensemble according to a combination
function ¥, like so

V()= W37l

Where j,, represents output probabilities of each model, defined using the softmax function
(see equation 2.8). Hence, in model-based systems the output j,, is developed incrementally,
likewise the system itself increases in complexity incrementally. They can represent individ-

ual models that combine outputs as we consider above, or they can also represent subsets of
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an overarching function. That is, F might represent a unified model that can operate at vary-
ing levels of complexity, for example branched neural networks which we consider in section

3.3.2, and were discussed in detail in section 2.3.2.

The former has been explored by Venkataramani et al. (2015), and while it can be considered
a progressive intelligence system, it does not optimise the use of computation as outputs
are discarded when confidence requirements are not met. For this reason we start our study
by building on this work, with a prototype progressive intelligence system in the ensemble

scenario where outputs are combined with one-another.

3.3.1 Prototyping a Model-Based Progressive Intelligence

As mentioned at the end of section 3.2, we now consider vision problems, specifically im-
age classification. For this reason we choose a simple convolutional neural network for the
classifier to be ensembled. Work by Springenberg et al. (2015) describes the all_conv neu-
ral network, a model composed entirely of convolutional layers, thus reducing the memory
overhead of parameter-rich linear layers. Though, as discussed in section 2.2 convolutional
layers are expensive in regard to MACs, unlike linear layers. These networks have shown to
be capable of achieving reasonable performance in baseline benchmarks such as MNIST and
CIFAR10, and have been used in many prominent papers since, for example that by Frankle
and Carbin (2018).

We select a number of identical, 4-layer all_conv architectures, and reduce the number of
convolutional channels to employ them as an ensemble. As a simple starting point, we train
the model with a voting based loss function. That is the ensemble output is calculated using

an evenly weighted sum of each member of the ensemble,
1 N
Yn==) 7,
N N ; Yn

is the corresponding combination function. We find that the model successfully trains on
the dataset, though not achieving state-of-the-art accuracy the ensemble was capable of
achieving accuracy similar to that in previous papers using the same architecture (Frankle

and Carbin, 2018). This is shown in the training curves in the left hand graph of figure 3.6.

There is nearly a 10% disparity in accuracy between the train and validation sets, so the en-
semble is overfitting to some extent. However, it does optimise fairly quickly relative to the
total training time. To better understand the role of each model in the ensemble we analyse
the accuracy curves of the individual models in the ensemble, shown in the right-hand graph

in figure 3.6.

We find that when trained in this manner one classifier from the selection of identical clas-
sifiers dominates the learning, with other classifiers in the ensemble providing little contri-

bution. Furthermore this behaviour is consistent across the training process. In the initial
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FIGURE 3.6: Training curves for a 10 model ensemble composed of all_conv4 convolutional

neural networks. Accuracy is shown on the y axis, and epochs on the x axis. Data is collected

on the CIFAR10 dataset (left). Training curves for all 10 models of the ensemble composed
(right), data is collected on the CIFAR10 dataset.

stage of learning, it appears a number of the classifiers are being optimised, notably the pink,
yellow, and red lines. However, the classifier denoted by the pink line is completely domi-
nant by 15 epochs. This may be due to how the voting loss is formulated in this scenario, the
output of each model is aggregated before being passed to the loss function. Meaning if one
model performs well on the classification task there is no benefit to the learning process in

minimising the loss of other classifiers.

To test this principle we re-formulate the loss function, and instead take the loss of each
classifier and take the mean of the losses. We find that the model performs similarly but with

more of the classifiers performing well individually. The results are shown in figure 3.7.
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FIGURE 3.7: Training curves for a 10 model ensemble composed of all_conv4 convolutional

neural networks. Accuracy is shown on the y axis, and epochs on the x axis. Data is collected

on the CIFAR10 dataset (left). Training curves for all 10 models of the ensemble composed

(right). This time the losses are taken before summation in the voting loss, data is collected
on the CIFAR10 dataset.

Much like the KNN classifiers in the previous section, we can treat the ensemble as a progres-
sive intelligence system by gradually combining their outputs until a confidence requirement
is met. Since each classifier incurs the same cost in this case, we can order our classifiers in
reverse order of performance for the fastest gains. This is similar to Venkataramani et al.
(2015), only we examine a system which operates as an ensemble at inference time and does

not discard outputs.
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Early exiting inference in this case uses the intermediate output of the system to determine
whether the classification is confident enough. The intermediate output, n will come from

the mean output of the n ensemble, calculated using V.

The general procedure for early exiting inference is shown in algorithm 2, where each model
in the ensemble is evaluated sequentially on a given input and the mean output is used to
calculate a confidence value. If the confidence requirement is reached at a given ensemble
the inference process can be halted. When the inference process is halted, the inference cost
of subsequent models is saved, making the system more computationally efficient than using

the full ensemble on the input sample.

An integral part of the early exiting inference is the criteria determining the confidence of
classification. The most commonly used metric for confidence is the entropy of the output
distribution (see section 2.3.2). Since the final layer output of a neural network is raw logits,
this is typically passed through a softmax function to ensure the output is normalised. This

allows us to consider it as a categorical distribution of class probabilities.

Entropy based early exits use entropy as a measure of uncertainty. Entropy is defined as

information entropy, formalised in equation 2.10.

When the probability of a single class approaches one, the entropy will approach zero. When
all of the class probabilities are equal, total uncertainty, the distribution approaches the max-
imum value, log C. Consequently this flips the condition in algorithm 2, thus entropy can be

considered a measure of uncertainty and the inverse a measure of confidence

e(x)
logC’

K(x)=1- (3.12)
Hence, entropy represents a simple measure of confidence and is widely used in the field. We
recreate this exit policy in algorithm 2, and vary the threshold T to present a model that can

operate under varying confidence thresholds.

Using the models trained in this section we present the results of this inference on the CI-
FAR10 dataset in figure 3.8. Here, the confidence is varied from its minimum value of zero,
and maximum value of one. This produces a curve which represents the operating range of
the model. We find that the model trained using the voting loss, whilst having much higher
variance in its performance largely outperforms the weighted training loss. However, it is
worth noting the small range in accuracy, as such the tangible performance benefits in accu-

racy are limited.

Since both ensembles will operate in identical power ranges, we can compare their utility for
progressive intelligence by taking the AUC measurements. This is shown in table 3.2. We find,
as expected, from the graph that the voting model performs better than the weighted model.
However, the variance in this model does mean the worst case voting model is outperformed

by all weighted models.
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Algorithm 2 Early exiting inference algorithm for the progressive ensemble

1: procedure EARLY EXITING INFERENCE WITH ENSEMBLE(f, X, a)
2 Load model: f
3 Read data, Threshold: X, «
4 for xe X do > For all inputs in the test set
5: for ne N do > For all models in ensemble
6 Y, (x) = % o fw(X) > Get ensemble output
7 ¥, = argmax (¥, (x)) > Calculate ensemble prediction
8 x5, = confidence(¥ , (x)) > Calculate confidence
9: ifx,, = a then > Check confidence threshold exceeded
10: return y,, > Return classification if confident
11: end if
12: end for > Full inference used without early exit
13: WYy(x) = % Z],Y, [ (x) > Get final output
14: ¥ = argmax(¥ n(x))
15: x v = confidence (W (x))
16: return y > Return final output
17: end for > Move to next input

18: end procedure
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0.865 —— weighted

0.860 AUC
0.855 Voting Weighted

0.860+£0.008 | 0.854+0.001
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0.840 TABLE 3.2: AUC mea-
surements for  both
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FIGURE 3.8: Operating range for ensemble classifiers,

with both training regimes. Solid lines show the mean

performance in their power range, the shaded area de-
notes the standard deviation across five runs.

The progressive ensemble systems do present a good proof-of-concept for model-based pro-
gressive intelligence, and achieve the levels of accuracy seen in work by Frankle and Carbin
(2018) using the same architecture. However more powerful architectures do reach a higher
level accuracy, in an effort to move towards this we can use a more performant technique

seen in the field and discussed in detail in section 2.3.2, branched neural networks.
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3.3.2 Branched Neural Networks for Model-Based Progressive Intelligence

Branches can take a variety of forms, when first proposed by Teerapittayanon et al. (2016) the
branches consisted of a number of layers including convolutional and pooling layers, which
are discussed in the next chapter. This was echoed in following work, but we find that similar
accuracies are achieved when simply using an average pooling layer and a fully connected
(MLP) layer, thus reducing the operational cost of the branches, this is also shown in work by
Sun et al. (2021).

It is recommended in the branch network literature (eg. Teerapittayanon et al. (2016), Hu
et al. (2020)) to position the branches at equidistant points throughout the network, hence

we follow this approach by placing the branches after each block of the network.

Adding branches to the network will give the optimisation task more degrees of freedom.
This can still be represented simply, by summing the losses from each branch and applying
weighting functions where necessary. The resultant total loss function L is shown in equation
3.13, as formalised by Teerapittayanon et al. (2016). The individual branch losses are shown
in equation 3.14, which is the cross-entropy loss. However, there is scope to make these loss

functions more sophisticated (Wolczyk et al., 2021; Sun et al., 2021).

Ly, = Y wyLp(ypd) (3.13)
beB
K

Ly(yp, ) = =2 ¥nilog(y;) (3.14)

i=1

Here Lj refers to the loss function at any given exit, with respect to the prediction j; and
ground truth y, which is subject to the model parameters 8. These losses are then summed

according to their weightings wj, which should satisfy Zg:l wp=1.

In order to compare our approach with the ensemble based approach, we select a backbone
that operates in a similar range to the ensemble. For this we can use the MobileNet architec-
ture (Howard et al., 2019). We discuss the design of the MobileNet in section4.2.1. For now
we will just discuss the inference process in the branched neural network and compare the

operating range against our ensemble based approach.

Early exiting inference uses the intermediate output of the network to determine whether the
classification is confident enough. This intermediate output will come from the branches
which are co-optimised with the backbone, or can be trained independently to classify on

the backbone network.

The general procedure for early exiting inference in this system is shown in algorithm 3,
where each branch is evaluated sequentially on a given input; if the confidence requirement
is reached on a given branch, the inference process can be halted. When the inference pro-
cess is halted, the inference cost of subsequent layers is saved, making the network more

computationally efficient on the test set.
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Algorithm 3 Early exiting inference algorithm for branched neural networks

1: procedure EARLY EXITING INFERENCE IN BRANCHED NETWORKS(f, X, &)
2 Load model: f
3 Read data, Threshold: X, «
4 for xe X do > For all inputs in the test set
5: for branch n € N do > For all branches in model
6 ¥, = argmax(f,(x)) > Calculate branch prediction
7 x, = confidence(f;(x)) > Calculate confidence
8 ifx, = a then > Check confidence threshold exceeded
9: return y,, > Return classification if confident
10: end if
11: end for > Full inference used without early exit
12: kv = confidence(fx(x)) > Calculate final entropy for completeness
13: ¥n = argmax(fy(x))
14: return y > Return final output
15: end for > Move to next input

16: end procedure
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FIGURE 3.9: Operating range for ensemble classifiers, with both training regimes. Solid lines
show the mean performance in their power range, the shaded area denotes the standard
deviation across 5 runs.

Once again, as in equation 3.12, entropy is the basis for our confidence measure. We recreate
this exit policy in algorithm 3, and vary the threshold a to present a branched model oper-
ating under varying confidence thresholds. Using models trained using the loss in equation
3.13 on the CIFAR10 dataset, we compare the operating range of a branched network against

that of our ensemble approaches. This is shown in figure 3.9.

We find that the branched network, whilst performing slightly worse at the beginning of its
operating range, quickly rises in performance as confidence and MACs are increased, achiev-
ing an accuracy of ~90% at ~25% power usage. The variance in the performance is also a lot

lower in the branched network than the ensemble trained with a voting loss. Furthermore,
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the range in accuracy is more indicative of a progressive intelligence. That is, whilst the en-
semble models do outperform the branched net at the lowest power range, their accuracy
changes very little throughout the operating range, whereas the branched network improves
significantly. To understand this further we examine the AUC measurements of all 3 methods
in table 3.3.

AUC
Voting ensemble Weighted ensemble Branched net
0.860+0.008 0.854 +£0.001 0.889+0.002

TABLE 3.3: AUC measurements for both training techniques, mean and standard deviation
are shown across 5 runs. Then we compare with the branched network, with mean and
standard deviation shown across 3 runs.

We find that in the model space, the branched network outperforms the ensemble methods,
including in AUC measurements. Hence, for the next chapter we will take this method of

model-based progressive intelligence forward in order to understand it more deeply.

3.4 Summary

In this chapter we have explored progressive intelligence as a concept, and how it can be
quantified. We have also introduced data and model-based systems, and found theoretical
values of the expected error in the former. For model-based systems we have taken a more
empirical approach, looking towards vision problems as a test-bed for progressive intelli-

gence.

In the first section we find that when analysing the performance-cost space, maximising
early gains in performance with early costs can be likened to the area under the curve (AUC).
Hence, with the AUC we have a measure of performance that is generalisable to any measure
of performance or cost, and assuming equal cost bounds, a measure of performance that can

be used to compare two approaches.

The second section considers data-space progressive intelligence, taking a theoretical ap-
proach and considering the fundamentals of such a system, the number of samples. We find
that the expected error should decrease according to N 2. We find this relationship holds
in practice when analysing a boundary on Gaussian distributions and when using real-world

data we see it becomes an upper bound.

In the final section we move to model-based systems, taking a more pragmatic approach
we move towards vision problems and neural networks. We use a CNN-based ensemble as
a prototype progressive intelligence system and find performance benefits are limited when
using them. More advanced losses may improve these systems, however, we choose to look at
branched neural networks for model-based progressive intelligence. This is because we find

these perform much better than the ensemble approach, likely due to the increased depth
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and complexity of the branched model. Hence, in the next section branched networks will

be explored. In particular, how they are designed, trained, and used at inference time.



Chapter 4

Exploring Branched Networks for

Progressive Intelligence

The previous chapter discussed the different types of progressive intelligence, data-based
methods are effective in saving power, but we find more tangible performance benefits are
seen in the larger machine learning models which are often computationally expensive to
operate. Hence, it is better to consider model-based progressive intelligence, whereby the
underlying model is adapted at runtime. In the previous chapter we found that branched
neural networks not only perform well, but also offer a neat, single component solution to the
problem of producing progressive intelligence. Hence, this chapter presents an exploration
of progressive intelligence using branched networks. The majority of the work in this chapter

has been published a conference paper (Dymond et al., 2022).

In section 2.2 we discussed a variety of neural network architectures, all of which could be
applied to this research, and in the previous section we explored the MobileNet architecture
due to its overlap in power range with our ensemble approach. However, no neural network
architecture has been more successful or pervasive than the ResNet architecture (He et al.,
2016). Its modular design makes it easy to experiment with in terms of depth, width, and
branch positioning. Furthermore, its prevalence in the field ensures the findings will be ap-
plicable to a wider bredth of related works: they were first used in branched architectures
by Teerapittayanon et al. (2017), and are still being used in recent work by Hu et al. (2020)
and Wolczyk et al. (2021). Hence, this architecture will constitute the backbone in the exper-

iments undertaken and will have branches applied to it.

In this chapter the training processes will be considered, and how it can affect properties re-
lating to progressive intelligence. The next section will examine the importance of the loss
function and how it can affect the pareto-optimisation of the branched network representa-

tions. The second section will discuss the importance of the backbone architecture and how

59
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it can influence the power consumption of the system. Finally, the last section of the chap-
ter will discuss the exit policy, and what changes can be made to improve early exit power

savings.

4.1 The Effect of the Loss Function

Branched neural networks are perhaps the simplest form of dynamic inference in neural
networks, but they are arguably also the most complete solution to the progressive intelli-
gence problem. This is because the architecture itself implicitly allows for the inference to
take place incrementally and allows for the halting of inference at chosen points. As such,
branched networks have consistently found their place in recent dynamic inference litera-
ture (Hu et al., 2020; Wolczyk et al., 2021; Sun et al., 2021; Tang et al., 2023).

However, branched networks have yet to be investigated from a representational perspec-
tive. Here, an insight into the representational benefits of neural networks is made, making
the following contributions and addressing the gap in the field: Representational Effect of

Classification Branches in section 2.4.

Pareto-Optimising the Representations of Branched Neural Networks Previous work has in-
vestigated the optimisation of branched neural networks, but at the time of writing, no
work has taken a detailed investigation to the effect early exit branches have on inter-
mediate representations when they are incorporated into the loss function. This work
has coupled state-of-the-art explainability techniques with branched neural networks,
allowing a greater insight into their effect. It has then used this insight to propose train-
ing regimes and identified one which allows the benefits of the branched network to
persist, whilst retaining the performance of the backbone network. Furthermore, we

investigate analytically the effect of branch positioning.

Investigating Different Loss Objectives in Branches Similarly, the effect of different train-
ing objectives have not been prevalent in the branched neural network space. This
work has briefly introduced two objectives that may be relevant in the progressive in-
telligence paradigm and also investigated these objectives using explainability metrics.
Future work in this space will better enable progressively intelligent deployed systems
which have specialised roles, or which have a multi-modal approach to the inference

problem in the case of hierarchical labelling, which is also investigated in chapter 5.

4.1.1 Techniques for Comparing Neural Network Representations

In order to understand the inner workings of the neural network it would be useful to know
three things. One is how the data is separated in the latent space, as this allows an under-

standing of how the network separates and clusters the classes in the latent space. Next,
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linear separability can also be inferred which is different to separation, as the classes do not
necessarily need to be separated from each other in the latent space for this to occur. This
will directly indicate the performance in that area of the backbone. Lastly we wish to com-
pare representations between different neural networks to understand the effect branches
have on the way a model processes its input. As such it will be beneficial to have a similar-
ity measure between the latent representations of different layers between different neural

networks.

Class Separation An early insight to the inner representations of neural networks was pro-
vided using t-SNE projections, which project high dimensional vectors such as neural net-
work embeddings, into two or three dimensional spaces (Van der Maaten and Hinton, 2008).
The overlap of different classes when projected into this space allowed the discriminatory
power of the network to be estimated. However, t-SNE projections have drawbacks, namely
that representations between layers of different dimensionality cannot be compared using
the same projection in this setting. Furthermore, due to the flexibility of the approach such
projections can often be misleading, for example showing clusters in randomly sampled data
(Wattenberg et al., 2016).

Motivated by the drawbacks of projection based approaches, Euclidean distances were pro-
posed as a means of measuring class separability, in a measure which the authors call general
discrimination value (GDV) (Schilling et al., 2018). The measure is defined as the difference
between the mean intra-cluster variability and the mean inter-cluster separation for labelled
vectors in the embedding space. Hence, a lower GDV corresponds to a greater separation of
classes, it is also parameter free unlike projection-based approaches. Using this measure, the
authors found that on simple problems the GDV would fall monotonically and on more chal-
lenging problems transformations are necessary in the early layers before class separation
can occur in the later layers.

More recent work has used cosine similarity to measure class separability, where the authors
use the ratio of intra-class cosine distance over the inter-class cosine distance and take one

minus this quantity as their measure (Kornblith et al., 2020). The metric, R?, is defined as

YO N 3N (1~ sim(Xe,m, Xe,n))/ (CN2)
N; . '
XS T Yy Ty (1= sim(X;,m, X))/ (CNjN)

R>=1- 4.1)

Here, X refers to the activation of an input, n and m refer to a datapoint within the class ¢
and j. N, and N; refers to the number of samples within the class and C the total number
of classes. Finally, sim(.,.) refers to the cosine similarity between the two activation vectors,
which quantifies the similarity between the activations as they are passed through the model.
By taking the ratio of the similarity within a class and that across all classes, the class sepa-
ration can be quantified. The metric takes one minus this value to ensure a greater value

signifies greater class separation. Similar to GDV, this cosine similarity score also revealed
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class separation is concentrated in the final layers of the network for more complex prob-

lems. Hence, the R? metric provides a suitable measure of class-separation.

Class Separability Perhaps the most appropriate way to measure class separation is to at-
tempt classification on the embedding space itself using a linear classifier, the accuracy de-
noting the class separability. This was first proposed in a paper referring to these intermedi-
ate classifiers as linear probes (Alain and Bengio, 2017). Unlike other separability measures
this work found class separability, the linear probe accuracy, would increase monotonically.
They also found greater complexity in the classification problem would make this monotonic
increase slower. This suggests that while the networks do not separate classes geometrically,
they do learn a representation that allows discrimination between them when using simple
linear classifiers. The authors also consider classification branches, which they refer to as
"auxiliary classifiers". However, they restrict their analysis to how these assist final layer clas-
sification and do not asses their impact on the intermediate representations. Further work
has investigated linear probe accuracy on intermediate layers, suggesting that a greater linear
separability is indicative of, and important for, better generalisation performance (Belcher
et al., 2020).

We can define the linear probe as the mapping between the activation features, Xj, to a cate-
gorical distribution [0,1]¢: X; — [0,1]€. In practice, f; takes the flattened embedding vector
of that layer, x;. Giving us

fi=oW;-x;+by). (4.2)

Where X; is of the form R, with D denoting the dimensionality of the activation at that layer.
These features are passed to the /th linear probe classifier with weight and bias terms W;
and b; respectively which are of shape D x C and 1 x C respectively. These parameters are
optimsed to minimise the cross-entropy loss function. Finally, [0, 1] C refers to the categorical

distribution across the C target classes, to which the features x; belong to.

Thus, to measure class separability we use linear classifiers applied to the embedding space.
It is possible to use this metric to evaluate the linear probe accuracy on either the training
data or the validation/testing data. To understand the generalisation performance, we focus

our evaluation on the validation data.

Representational Analysis An effective method of visualising the similarity of representa-
tions between different network architectures is needed to compare activation distributions
between the layers. Activations from a layer are preferred over the weights of the layer, as
weight distributions do not necessarily reflect the effect a specific layer has on the input,

whereas activations can provide some insight since they are input dependent.

A number of metrics have been proposed in the field, among which has been Canonical Cor-

relation Analysis (CCA) which has taken a number of forms, for example, single vector CCA
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(SVCCA) which alleviates the sensitivity of standard CCA to perturbations (Raghu et al., 2017).
However, a considerable oversight with these approaches is that they often fail to pass a sim-
ple sanity check: “Given a pair of architecturally identical networks trained from different
random initialisations, for each layer in the first network, the most similar layer in the sec-

ond network should be the architecturally corresponding layer" (Kornblith et al., 2019).

Thus, motivated by the inadequacy of CCA, the same research group that proposed the R?
metric presented Centred Kernel Alignment (CKA) (Kornblith et al., 2019). This is a method
of analysing representational similarities between networks. CKA is essentially a pairwise
comparison between the intermediate output of every layer of one neural network and every
layer of another neural network. It is defined by

HSIC(XiTXi,Y]T.Yj)
CKA(X;,Y)) =

4.3)

\/ HSICX/ X;,X[X;) \/HSIC(Y]TYj,Y]TYj)

where X; and Y; are the activations from layers i and j respectively. HSIC refers to the Hilbert-
Schmid-Independence-Criterion (HSIC) (Song et al., 2012). The HSIC measures the statisti-
cal dependence between two distributions, which in this work will be the activations of the
model. Let K= k(X;,X;) and L = [(Y;,Y;) where k and [ are two kernels. The HSIC is defined
by
HSIC(K,L) = ;trace(K HLH), (4.4)
(n—1)?

where H is the centering matrix defined as H; = I; — %11T which centers the two matrices
in kernel space. The HSIC calculates the inner product between all the elements in these
two centered projections. Thus, the CKA sums the statistical dependence between the indi-
vidual activations and normalises the value. This allows the similarity between activations
produced by two models to be compared. In this work, we use a linear kernel as shown to be

effective in the original work by (Kornblith et al., 2019).

This method was later used to analyse the effect of width and depth and how it changes what
neural networks learn, by comparing self-similarity of such networks (Nguyen et al., 2021).
They found that the wider or deeper a neural network and thus the more overparameterised
it is, the blockier the representations in the the CKA plot would become. That is, once over-
parameterised, any given layer would produce representations that are similar to the layers
around it. This can be qualitatively explained as it being beneficial for network to maintain
the transformations it has already applied, as further transformation of the input would ad-

versely affect model performance.

This same metric was also used to analyse different loss functions, finding that in the later
layers closer to the classification layers, network representations would begin to differ de-
pending on their training objective (Kornblith et al., 2020). Furthermore, recent work has

extended this analysis to vision transformers, to compare the representations between them
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and CNNs (Raghu et al., 2021). Hence, it is a prevalent metric in the field and will be an

effective measure of representational similarity when comparing networks.

A number of publications also show equivalence between the R? metric and CKA (Kornblith
et al., 2020; Cristianini et al., 2002; Cortes et al., 2012). Namely, that when using a balanced
dataset and a cosine kernel, the CKA score between the embeddings of a layer and a one-hot

encoded label matrix, is equivalent to the R? score in the same layer.

This presents us with three methods which will be of use in this work: we measure class-
separation with the R? metric, model similarity with CKA score, and class separability, or

generalisability, using linear probes.
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FIGURE 4.1: A comparison between the different techniques presented. Here a hypothetical

two dimensional latent space is presented, with two different classes shown with circles and

crosses. Cosine similarity from R? between two data points is shown in (a), a linear probe
boundary in (b), and two latent space distributions for CKA is shown in (c).

For these metrics the activations will be taken from all layers. A visual comparison between
these metrics is presented in figure 4.1. The figure 4.1 (a) shows the cosine similarity between
two data points, these similarity measures can be calculated and summed between all data
points in the latent space to understand class separation at each intermediate layer. In 4.1 (b)
a classification boundary as drawn by a linear probe is shown in the latent space, separating
the classes in the latent space. Finally, in 4.1 (c) two distributions are shown for different
networks at any given layer, one in blue and one in green, the CKA score is then a measure of

statistical dependence between these two distributions.

The field has taken other directions in the pursuit of understanding neural networks, how-
ever these are not the main focus of this work. A richer survey in this area investigating our
understanding of the inner workings of neural networks has recently been written by Rauker
etal. (2023).

Confusion Matrices Finally, confusion matrices are a common technique which allow for
the cross-examination of classification performance, through the statistics of mis-classification.

This is achieved by plotting the actual class along the rows of a table and the predicted class
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along its columns. The resultant matrix is shown below in table 4.1, it follows that the di-
agonal of the matrix is populated with the correct predictions, assuming the class order is

preserved between the two axes.

W
Actual Cat | Dog

Cat 6 4
Dog 2 8

TABLE 4.1: Confusion matrix between a cat and a dog.

Three metrics have been presented which will allow the class separation, class separability,
and representational similarity to be compared across architectures. We will also use confu-
sion matrices, a common method of cross-examining errors in classification tasks. Now the

experimental procedure is addressed.

4.1.2 Opening the Black-Box

We wish to understand the effects of branches in the neural network and we do this by ex-
ploring their weighting and placement. Following this, we explore how the training strategies
and optimisation objectives in the branches can be varied. An important aspect is to com-
pare the representational effect of including the branches in the loss function during training
with when the branches are added post training. This section will detail and justify the ex-

periments undertaken in this work.

4.1.2.1 Varied branch weighting

First the effects of varying branch weightings are analysed using class separation and linear
probe accuracy. This is the simplest way to change the outcome of a branched system. That

is, to vary the parameter wy, in equation 3.13

B

Liotal(3,y;0) = wab(j/b;y;e),
b=1

where the weights should satisfy the following condition Z’gzl wyp = 1. When using a single
branched exit we vary the weighting of the first branch from 0.0 to 1.0, adjusting the second
exit accordingly. When using multiple branches we keep one branch at a fixed weighting,
vary a second branch in the system, and adjust the final exit according to the summation
condition. This allows us to sample from the partition of unity and gain an understanding of
how the behaviour can be changed with branch positions and weightings. The optimisation
of branch weightings in the current literature has focused on output accuracies as opposed

to maximising representational objectives such as class separation and separability. The goal
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of this experiment is to pareto-optimise the intermediate layer performance of the network
according to linear probe accuracy, we will use equation 3.2 to help quantify this. It is when
looking at progressive intelligence that these weightings show more dramatic changes and

by varying them we can aim to pareto-optimise the intermediate layer performance.

To investigate the effects of branch weighting we consider a single interior branch at layer
5, and vary its weighting between 0 and 1. Linear probe results can be found in figure 4.2
(a) and class separation results can be found in figure 4.2 (b) using the R? metric defined in

equation 4.1.

Linear probe validation accuracy with layer-wise model depth

Accuracy
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FIGURE 4.2: Layer-wise metrics with varying branch weightings, linear probe accuracy in (a)

and class separation using the R? metric in (b). The unbranched network is shown in blue,

with 100% of the loss weighting being allocated to the final exit. The grey dashed lines here

indicate the exit positions in the network, including the final exit at layer 18. The shaded
regions denote the standard deviation across 3 runs.

From figure 4.2 (a) it is evident that the branches have a significant effect on linear probe ac-
curacy and thus class separability throughout the backbone, when they are incorporated in
the training of the network. This is demonstrated in the layers preceding the early exit, where
there is a ~20% increase in linear probe accuracy between the unbranched model, shown in

blue, and the branched models. Furthermore, this increased separability is predominantly
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maintained after the early exiting, suggesting the transformations induced by the early exit-
ing objective are beneficial to the final classification layer. However, as is shown in the right-
hand element of the plots, this earlier separation is at the expense of slightly reduced class
separation at the classification layer. This suggests that early exit objectives increases class
separability earlier in the layers at the slight expense of reduced separability later in the net-

work.

It is also clear that these effects become more pronounced with branch weighting. That is, a
greater weighting increases the class separability earlier in the network, but slightly reduces
it at the final classification layer. A weighting as low as 0.2 is enough to see the positive effects
of the branch earlier in the network, with only very slightly reduced separability later in the

network.

The brown line in this graph denotes a branch with a weighting of 1.0, meaning the later lay-
ers remain at their initialisation values. In this system the linear probe accuracy increases
quickly and lowers slowly following the exit, on average falling to a minimum accuracy of
~30% at the final exit. This suggests that the class separability incurred by the transforma-
tions made by the model is resistant to the random convolutions following them. Indeed
literature has investigated the effectiveness of random weights in the network and found that
only select layers in a convolutional network need to be trained to achieve reasonable results
and that random convolutions do not negate the work of the model (Rosenfeld and Tsotsos,
2019). Evidently, this observation holds true to some extent when using branches in the neu-

ral network.

From figure 4.2 (b) it is clear that branches earlier in the network have a less significant ef-
fect on actual class separation than they do on class separability. However, there is a small
increase throughout the layers when the branch is introduced, and the late increase in class
separation occurs earlier in the branched networks, this happening earlier with increased
branch weighting. Much like in the linear probe accuracies, the maximum class separation
achieved is dependent on the branch weighting, with lower branch weightings often corre-
sponding to greater class separation at the final layer. Although this is not true with the 0.8
weighted branch, the purple line, which matches the performance of the 0.2 weighted branch
at the final layer.

Once again, the brown line in this plot indicates a network with a branch weighting of 1.0. It
is clear from the very slow drop in class separation that the random convolutions following
the branch have little effect on class separation. The sharp rise in class separation coincides
with a compression of the embedding space, likely causing classes to cluster slightly more
within the layer. As it is evident from the linear probe plot that it is still possible to classify
in these embedding spaces, with greater than random levels of accuracy. Furthermore, the

variance seen in this line is much less than the equivalent in the linear probe plot.
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4.1.2.2 Varied branch positioning

Following the varied branch weighting experiment, the branch positions are varied to un-
derstand their effect on the separation of classes. The literature often places branches in an
ad-hoc fashion, giving qualitative explanations for their positioning. For example, spacing
branches in an equidistant manner has been proven to be successful in efficient classifica-

tion (Teerapittayanon et al., 2016; Hu et al., 2020).

Hence, we follow the recent branched network literature and position our branches at archi-
tecturally convenient points, such as between blocks which are distributed evenly through-
out the network. This experiment aims to understand how the intermediate layers are af-

fected when using branches and to build pareto-optimality into the system.
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FIGURE 4.3: Layer-wise metrics with varying branch weightings and positioning, linear

probe accuracy in (a) and class separation using the R? metric in (b). The unbranched net-

work is shown in blue, with 100% of the loss weighting being allocated to the final exit. The

grey dashed lines here indicate the exit positions in the network, including the final exit at
layer 18. The shaded regions denoting the standard deviation across 3 runs.

The branches were positioned between the blocks in the backbone architecture design, mean-

ing there were three possible positions at which inference could be halted early. Here the
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analysis of the weight varying experiment is repeated, we select a weighting of 0.4 and 1.0
at each branch and compare the impact of branch positioning on linear probe accuracy in

figure 4.3 (a) and class separation in figure 4.3 (b).

From figure 4.3 (a) it is evident that the branches have diminishing returns on class separabil-
ity the later they are incorporated into the network. With branch 2 providing only ~10% im-
provement to linear probe accuracy in the layers preceding it. Furthermore, the third branch

only provides an additional ~5% linear probe accuracy.

We find similar effects across the fully weighted branches at each position, that is a gradual
decrease in the linear probe accuracy is seen. The closer the branch to the final exit, the less
this decrease. Interestingly in the randomly initialised layers preceding the fully weighted
branches, there appears to be a drop in linear probe accuracy in the second to last layer of
each block. Since the number of channels is consistent, this drop in accuracy corresponds to
the random transformation of the representation space due to the convolution, which is then
amended by the re-introduction of the more effective activations from the layer preceding
the skipped connection. Also, when comparing these fully weighted branches, we find that
variance in linear probe accuracy decreases in the unweighted regions, the closer the branch

is to the final exit.

Finally, we see that in the third branch position there is little effect on linear probe accuracy.
Furthermore, the fully weighted branch performs surprisingly well after the branch, exclud-

ing the drop in the penultimate block layer.

From figure 4.3 (b), the opposite conclusions can be drawn: The change in class separation
is increased the closer the branch is to the final exit. There is little change between the dif-
ferent branch weightings in the class separation values at the final exit. However, when the
final exit is unweighted, the final exit class separation appears to increase with branch prox-
imity to the final exit. This is likely due to these representations encountering fewer random
convolutions, thus havingless effect on the class separation that has already taken place. Fur-
thermore, in all of the fully weighted branches there is a jump in class separation at the final
exit. This could be due to the compressed representation space caused by the average pool-
ing layer, moving similar classes closer to one another and emphasising the class separation

that took place in the early exit.

From these experiments, it is clear that the branches have a positive effect on the class sepa-

rability and class separation, wherever they are placed.

4.1.2.3 Branch combinations

With each branch affecting different layers of the network and having diminished effect else-
where, the question is raised as to whether combinations of branches might be more ben-
eficial. Indeed, when branches have been used in the field, they have seldom been used in
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isolation. Hence, we will discuss the effect combinations of branches have on these metrics.

Since the minimum weighting needed to see the benefits of the first branch is 0.2, we fix the
first branch at this weighting and vary those of the others. First we look at combinations of
just two branches, linear probe accuracy being shown in figure 4.4 (a) and class separation in
figure 4.4 (b).
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FIGURE 4.4: Layer-wise metrics with varying branch weightings and positioning with mul-

tiple branches, linear probe accuracy in (a) and class separation using the R* metric in (b).

The unbranched network is shown in blue, with 100% of the loss weighting being allocated

to the final exit. The grey dashed lines here indicate the exit positions in the network, in-

cluding the final exit at layer 18. The shaded regions denotie the standard deviation across
3 runs.

In figure 4.4 (a) we see that the combination of multiple branches further increases the im-
provements on linear probe accuracy earlier in the network, without diminishing the im-
provement of the previous branch. This is evident from the improvements over the orange
line in the plot, which is the single weighted comparison. However, it is also clear that adding
a second branch, namely in the second position, has further negative effects on final layer
linear probe accuracy. As in figure 4.3 (a), we find the branch in the third position has less of
an effect in linear probe accuracy in the layers preceding it, however, we do find that the final

layer linear probe accuracy matches that of the single branch network.



Chapter 4 Exploring Branched Networks for Progressive Intelligence 71

Figure 4.4 (a) shows similar results to figure 4.4 (b) in that the benefits of the branches are
combined when used in conjunction, as opposed to being diminished by competing objec-
tives. Furthermore, all of the networks here have very similar final layer class separation

values.

Finally we test combinations of three branches, in these ranges there is little change, both in
linear probe accuracy and in class separation. However, it appears that equally weighting all
three branches is marginally better, although the improvements are often within the variance
of the other two combinations. Next, different training regimes will be discussed, analysing

the effect of altering weightings during the training progress.

4.1.2.4 Scheduling Regimes

The previous sections have analysed the effect of branch weighting and position as well as
the effects of combining multiple branches in the network. Optimising branched structures
has seldom been studied as an adaptive learning system on the branches, although recent
literature has used adaptive weights to optimise branched structures such as taking the in-
verse of the branch loss and using it as a weighting (Hu et al., 2019). Other work in the field
thresholds the loss contributions from the branches and decreases this as training continues
(Kaya et al., 2019). So there has been work in the field varying the training regimes, however
the metric of success in this body of work has often been the accuracy of the branches. In this
work we look beyond accuracy and focus on the class separability at various stages, aiming

to pareto-optimise this property in the intermediate layers.

Due to the branches, there is a multi-objective optimisation problem, which presents chal-
lenges when trying to optimise the class separability throughout the network. Hence, we wish
to vary the training regimes and identify the approach that best optimises class separability
and class separation throughout the network. In doing so we present multiple regimes: a sim-
ple one in which the branches are optimised jointly with the final exit throughout training, as
used in the previous sections; another scheme adds these exits onto a pre-trained backbone,
and jointly optimises the branches along with the backbone, after the backbone architecture
has been optimised independently, which we term pre-trained; finally, we present a finetun-
ing scheme, where the branches and final exit are jointly optimised and then the final exit is

fine-tuned to preserve final exit accuracy, which here is called fine-tuned.

The intuition of the pre-trained method is to understand if any pre-trained architecture can
be taken and have the same representational benefits applied through attaching branches,
also it is useful to understand if the final layer accuracy persists. In the finetuning experiment
we want to understand the opposite. That is, in an architecture that has the branches co-
optimised, is it possible to boost the final layer performance using an additional training

step. Both methods use an additional training step and aim to reproduce the benefits of
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the branched network, whilst maintaining the final output performance of the unbranched

network. We show linear probe results for these experiments in figure 4.5.
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FIGURE 4.5: Layer-wise linear probe accuracy with varying training regimes. Here the un-

branched network is shown in blue, with 100% of the loss weighting being allocated to the

final exit. The grey dashed lines here indicate the exit positions in the network, including

the final exit at layer 18. The shaded regions denote the standard deviation in results across
3runs.

It is clear that all training regimes improve on the unbranched network. The pre-trained net-
works appear to improve over the fine-tuned networks in the earlier layers. However, later in
the network the fine-tuned networks outperform the pre-trained networks. This make sense,
as in each of these networks the layers at which one outperforms the other are the layers
which were most recently optimised. The fine-tuned networks match the performance of
the unbranched model in the final layer linear probe accuracy and improve upon it through-
out the entire network. Here we compare against an unbranched model trained for the same
total number of epochs as both scheduling regimes, 400 epochs. This suggests that optimis-
ing the branches first and then fine-tuning the final exit is the most effective way of learning
the representations in a branched network. However, the lower the weighting in the fine-
tuned networks the more the early benefits are removed, hence, stronger weighted branches

are required at the earlier stages of training.

4.1.2.5 Varying Training objectives

Finally, at the time of writing, the effect of different training objectives between branches has
yet to be explored in the field. To that end, we vary the training objectives in the branches and
present two schemes that are concordant with progressive intelligence ideas. This is a novel
investigation in the field of branched neural networks, particularly when analysed from the
perspective on intermediate layer performance, looking to maximise the progressive intel-
ligence qualities of a system. This is most relevant to the first research question, looking to
understand progressive intelligence systems.
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Firstly, a coarse-grained objective is used in the branches which incorporates hierarchical
labels and the fine-grained labels for the final exit. Some datasets such as CIFAR100 have
coarse-grained labels and fine-grained labels, however they are not incorporated into solu-
tions as frequently as the fine-grained labels. Hence, one experiment in this work uses the
coarse-grained labels in the early-exit branch and uses the fine-grained labels in the final
branch. This aims to understand if the coarse-grained classification task earlier in the net-

work can assist the fine-grained classification task.

The second objective used in the weighted loss function which focuses on specific classes in
the dataset which are more pertinent for downstream tasks. In some application scenarios
such as object detection, certain objects in the task space may be more important than oth-
ers. This scenario is considered in chapter 5. Therefore, weighting operationally pertinent
classes earlier in the network may better enable the confident classification of these objects
and also allow them to be classified with lower latency. Here the classes weighted are Plane,
Truck, Automobile, and Ship, which are given a weighting double that of the other classes in
the dataset.

Hence, we have a number of experiments which will both investigate the effect branches
have on neural network representations and their applicability to the progressive intelligence
problems and their nuances. We also have a simple measure of performance for these exper-

iments, as well as any qualitative results. Here, two objectives are analysed.

To analyse hierarchical classes, two linear probe plots are produced. One which tracks ac-
curacy on the coarse-grained classes shown in figure 4.6 (a) and another which tracks the

fine-grained accuracy in figure 4.6 (b).

Figure 4.6 (a) shows a ~20% improvement on the unbranched model early in the network and
the hierarchically trained models perform better than the the models trained using the fine
labels. This is to be expected since the branches trained using the fine labels have no access to
the coarse-grained labels, hence the hierarchically trained model will naturally perform bet-
ter by this metric. However, at the final exit, all models perform worse than the unbranched

network.

In figure 4.6 (b) the opposite is true as the model trained using the fine-labels outperforms
the hierarchically trained model. However, both models still outperform the unbranched
model on the fine-grained labels. At the final exit the hierarchically trained model performs
worse than the fine-grained model and both training objectives perform worse than the un-

branched model.

These plots also allow the performance of the branched ResNet18 to be assessed on the CI-
FAR100 dataset, shown in the non-hierarchical models in figures 4.6 (a) and (b). The branched
networks still present an improvement over their unbranched counterpart, in some places an

improvement of ~20%.
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Linear probe validation accuracy with layer-wise model depth
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FIGURE 4.6: Layer-wise metrics with varying branch weightings and positioning with mul-

tiple branches, linear probe accuracy in (a) and class separation using the R* metric in (b).

The unbranched network is shown in blue, with 100% of the loss weighting being allocated

to the final exit. The grey dashed lines here indicate the exit positions in the network, in-

cluding the final exit at layer 18. The shaded regions denoting the standard deviation across
3runs.

The linear probe accuracy in general appears to be much lower on the CIFAR100 dataset, this
is likely due to the increased class number and thus increased complexity of the task. We
also find there is increased volatility in the linear probe accuracy, when shifting to the more
complex dataset. The structure of the ReNet18 can explain volatility in the linear probe plots,
in that the periodic behaviour in the plots happens every 2 layers which is the number of
layers in single resnet block. This means, the increase in linear probe accuracy occurs at the
concatenation of embeddings before the branch and after the branch this increase occurs

between concatenations.

Finally weighted losses are implemented to prioritise specific classes in the task, here con-
fusion matrices can be used to analyse the effect on individual class accuracy. To better vi-
sualise the difference between the branch and the final exit, plotted is the difference in con-

fusion matrices. Therefore, positive numbers on the diagonal indicate worse performance,
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as do negative numbers off the diagonal. In figure 4.7 (a) the confusion matrix using the un-
weighted loss function is presented and in figure 4.7 (b) that of the weighted loss function is

presented. Both networks are plotted used a branch weighting of 0.2.
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FIGURE 4.7: Difference between confusion matrices in the first and final exit for a class-wise
weighting in the classification branches. The unweighted model is shown in (a) the weighted
in (b).

As expected the weighted classes are classified more easily earlier in the network, in some
cases performing nearly as well as the final exit, such as under the automobile class. This
is significantly better than the network without class weighting in some classes, however in
others the network seemed to outperform the class-weighted model. Something about the
dataset may inherently make these classes easier to classify and it is possible the branches ob-
scure this. Finally, in some scenarios the branch in the class-weighted model outperformed
the final exit, for example in classifying the airplane class as the bird class. This pattern con-
tinues with stronger branch weighting however there was little improvement over the ship
and truck classes, suggesting high performance on these particular instances requires more

representational power than what is available in the first few layers of the network.

4.1.2.6 What are the networks learning?

Linear probe accuracy, class separation plots, and confusion matrices can only go so far in
understanding the inner workings of these networks, another method that can illuminate
some of the representational changes are centred kernel alignment plots. Hence, these will
be presented and used to analyse the similarities and differences between what the networks

are learning.

First as a sanity check, two ResNet18s are compared against one another to ensure similarity
is maximised in architecturally identical layers. This is presented in figure 4.8 (a), with the
x and y axes denoting the layer of the network and the cell in the heat-map denoting the

centred kernel alignment score between those layers. This similarity is maximised along the
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diagonal of the matrix with pockets of self-similarity evident within the blocks of the net-
works. The similarity between the first and final layers of each network are minimised, due

to learning different representations.

Figure 4.8 (b) shows the CKA scores between layers of an unbranched network and a branched
network. A three branched network selected as this appeared to be most successful network

in optimising class separation throughout the network.

CKA metric CKA metric

112 13 14 15 16 17

ResNet18
1 2 3 4 5 6 7 8 91011 12 13 14 15 16 17
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(a) Control (b) Unbranched vs Branched

FIGURE 4.8: CKA scores between layers of two models. Two ResNet18s trained from different
intialisations in (a) and a ResNet18 against a three branched counterpart in (b).

From the CKA plot, it is clear the similarity between the two networks never reaches the max-
imum values, peaking at ~0.95 in the early layers, throughout the rest of the network the
maximum similarity at a given layer lies between 0.8 and 0.9. In the branch positions there
is a clear shift in the similarities of the earlier layers of the branched networks towards the
later layers of the unbranched networks. These are particularly noticeable at the 4th and 8th
layers, the layers preceding the first and second exits respectively.

The shift in representational similarity to the later layers of the unbranched networks is not
isolated to the branch layers, although it is more prevalent in them. This is evident from
the departure from the diagonal and suggests that the branched model is learning the same

representations of the data to those in the later layers of the unbranched model.

This distance of the shift from the diagonal is dependent on the depth at which the early
exit takes place. This is highlighted in figure 4.9 (a) which shows the same plot for a fully
singly weighted branched network, with its branch in the second position. The CKA score is
maximised along a diagonal towards the exit position in the 9th layer, but it is off of the main

diagonal of the heat-map and shares the most similarity in the 12th layer.

In figure 4.9 (b) this pattern is closer to the diagonal of the heatmap. Here we also see the CKA
invokes a response from the layers after the exit, which are untrained and never updated.

This is seen most clearly in 4.9 (b) where the branch is seen in the third position, but also
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FIGURE 4.9: CKA scores between layers of a ResNet18 and a single weighted branched coun-
terpart, (a) shows a model with weighting in the second output position, and (b) a model
with its weighting in the second to last position.

noticeable in figure 4.9 (a). This can explain the consistent linear probe accuracy, and class
separation scores after the branches, as the representations after the exit are similar to those
in the final layers of the unbranched model, meaning the activations will be effective. This is

indicated by the block of high similarity in the top right corner of figure 4.9 (b).

4.1.3 UsingArea Under Curve to Compare Models

We utilise the formulations in equations 3.1 to 3.2 and take the area under normalised lin-
ear probe accuracy curves. This is shown in table 4.2, where area under curve (AUC), raw

improvement, and fractional improvement is presented.

It is clear from table 4.2 that weighting the early branches is most effective when using a
single branch. As these branches increase performance early in the network where there are
larger gains to be made. Hence the area under these curves is improved the most, up to
5.7%. When branches are positioned in the third position there is very little improvement
over the baseline model, which is reflected in improvements that are less than 1%. There
is very little difference in the AUC measurements for each branch position, suggesting that

branch positioning has a greater effect than weighting when using this metric.

Below in table 4.3 the same results are presented for pre-trained and fine-tuned models when
using the most effective branch position. Then multiple branch configurations are presented
in table 4.4.

From these results it is clear that the fine-tuning process is more effective with the more
heavily weighted branches, however it fails to outperform the models trained with the same
weightings in table 4.2, according to the AUC metric. However, from the linear probe plots

it is clear that these models perform better in final layer classification, thus highlighting a
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w - (Exit 1: Bxit 2 : Exit 3 : Final Exit) || AUC

| Raw | (%) | Frac. | (%)

Baseline: (0.0:0.0: 0.0: 1.0)
(0.2:0.0:0.0: 0.8)
(0.4:0.0:0.0:0.6)
(0.6:0.0:0.0:0.4)
(0.8:0.0:0.0:0.2)
(0.0:0.2:0.0:0.8)
(0.0:0.4:0.0:0.6)
(0.0:0.6:0.0:0.4)
(0.0:0.8:0.0:0.2)
(0.0:0.0:0.2:0.8)
(0.0:0.0:0.4:0.6)
(0.0:0.0:0.6:0.4)
(0.0:0.0:0.8:0.2)

0.6878
0.7276
0.7266
0.7217
0.7262
0.7096
0.7093
0.7099
0.7078
0.6926
0.6932
0.6919
0.6937

3.98
3.88
3.39
3.84
2.18
2.15
221
2.0

0.48
0.54
0.41

0.59

5.78
5.64
4.93
5.58
3.16
3.13
3.21
291
0.69
0.78
0.6

0.86

TABLE 4.2: A table of area under curve (AUC) measurements of single weighted linear probe
accuracy plots. Branch weighting is shown in the first column, raw AUC shown in the sec-
ond, the third and fourth show raw and fractional improvement upon the baseline respec-

tively.

drawback to this evaluation metric. Finally we present multiple weighted models in table

4.4.

w - (Exit 1 : Exit 2 : Exit 3 : Final Exit) || AUC

| Raw | (%) | Frac. | (%)

Baseline: (0.0:0.0:0.0: 1.0)
Pretrained: (0.2:0.0:0.0:0.8)
Pretrained: (0.4:0.0:0.0: 0.6)
Pretrained: (0.6: 0.0:0.0:0.4)
Pretrained: (0.8:0.0:0.0:0.2)
Finetuned: (0.2:0.0:0.0: 0.8)
Finetuned: (0.4:0.0: 0.0: 0.6)
Finetuned: (0.6:0.0:0.0: 0.4)
Finetuned: (0.8: 0.0: 0.0: 0.2)

0.6878
0.7133
0.7137
0.7111
0.705
0.7059
0.7218
0.7255
0.7269

2.55
2.59
2.33
1.72
1.81
3.4

3.77
3.91

3.71
3.77
3.39
2.5

2.64
4.94
5.48
5.69

TABLE 4.3: A table of area under curve (AUC) measurements of linear probe accuracy plots

with pre-tained and fine-tuned models. Training type and branch weighting is shown in the

first column, raw AUC shown in the second, the third and fourth show raw and fractional
improvement upon the baseline respectively. The top performing model is shown in bold.

w - (Exit 1 : Bxit 2 : Exit 3 : Final Exit) || AUC

| Raw | (%) | Frac. | (%)

Baseline: (0.0:0.0:0.0: 1.0)
(0.2:03:0.1:0.4)
0.2:0.2:0.2:0.4)
(0.2:0.1:0.3:0.4)

0.6878
0.7308
0.7345
0.7317

4.3

4.67

4.39

6.26
6.79
6.39

TABLE 4.4: A table of area under curve (AUC) measurements of linear probe accuracy plots

for multiple branch configurations. Branch weighting is shown in the first column, raw AUC

shown in the second, the third and fourth show raw and fractional improvement upon the
baseline respectively. The top performing model is shown in bold.
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These models perform the best since improvements are made over the baseline throughout
the network, as opposed to individual locations. This is reflected in the larger fractional im-
provements, a maximum of 6.8%. Hence, combining these multi-weighted models with the

finetuned training approach could yield good results.

From these results there is a clear change in intermediate layer performance when incor-
porating branches into the loss function, at the expense of final layer performance. This is
most true in the linear probe accuracy results where the unbranched networks would show
~1% improvement over most of the branched networks in the final layers. This is also re-
flected in the class separation plots, which demonstrate class separation taking place earlier
in the networks with branches in their optimisation. However, if these branched networks
are first optimised to have good intermediate layer performance and then fine-tuned for fi-
nal layer performance, the branched networks have good final layer performance as well as
optimised, progressively intelligent intermediate layers. These models are all compared us-
ing AUC, showing that certain weight configurations make improvements of up to ~6.79%

over the unbranched models.

We also investigated different training objectives and analysed hierarchically trained mod-
els using class hierarchy data. It was found that models given coarser grained objectives,
could better distinguish class hierarchy earlier in the inference process but would perform
worse than the unbranched model on the same coarse labels at the final exit. This suggests
that models naturally distinguish class hierarchy when learning data, provided there are vi-
sual similarities within each coarse class. Furthermore, class weighting is investigated: using
confusion matrices, it is evident that even with a low branch weighting it is possible to clas-
sify specific classes with high accuracy earlier in the network. Chapter 5 follows on from this,

incorporating hierarchical information into the exit policy for improved early exit savings.

Finally CKA analysis was used to investigate the representations throughout the networks.
It is evident from these plots that when incorporated into the loss function, branches shift
representations that are pertinent in classification earlier in the network to allow early clas-
sification. However, these representations are changed to some degree, not matching exactly
those from the unbranched networks. This suggests that branches learn an intermediate
representation of the data, that allows for classes to be distinguished between one another,
whilst also allowing the transformations necessary for final layer performance.

These results suggest that classification branches help models increase generalisability through-
out the network and focus this increase earlier in the network rather than the end. It is also
clear that only a low weighting is required for these benefits to take hold, a weighting of 0.2 in
the earlier branch position being sufficient for earlier layer performance. Adding additional
branches in the later positions can also improve this performance and enable more progres-
sive generalisation throughout the model. Furthermore, results from figure 4.5 show that the

training regime can play an important role in final layer performance and improve upon the
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early performance of branched networks, with fine-tuning the networks proving to be the

most effective method.

This work has the allowed the inner workings of branched networks to be investigated in
more detail, however it is not clear that these performance gains are tangible as currently
they are limited to abstract concepts. To realise the benefit of branched neural networks,
their resource usage at run-time need to be considered. Hence, the next section will consider

this in the context of the neural network backbone.

4.2 The Effect of the Backbone on the Operating Range

The pareto-optimisation of the representations of a model allows its generalisability to be
pushed earlier in the network and the activations it produces become more similar to later
layers in models that are trained without branches. However, it is not clear that these rep-
resentational benefits translate to tangible, efficiency benefits. This section will investigate
this, through the lens of the model backbone and its impact on such efficiency benefits. This
section makes the contributions listed below and addresses the literature review gap, Opti-

mising Architectures for Progressive Intelligence.

Building an understanding of model scaling and its operating range We vary backbone scal-
ing and design to understand how they affect the inference modes, allowing us to un-
derstand how to best use model design to influence the performance of a branched

neural network across its operating range.

Forward hook method for simulating branched neural networks We introduce the forward
hook method for easily simulating branched neural network inference. The forward
hook method is possible in both PyTorch and Tensorflow libraries. We also integrate
a script which easily creates custom ResNet architectures for simulation. Available at:

github.com/J-Dymond/adapting-branched-networks.

Prototyping models with adaptive width at run-time We formalise and prototype an approach

for using branched neural networks which have an adaptive width at run-time.

First it is necessary to cover the mode by which branched networks reduce resource usage:
Early exiting inference. Using the inference procedure defined in algorithm 3 of section 3.3.2,
we simulate inference on the peak performing AUC models of the previous section, these are

shown in figure 4.10.

We find that there is not much to separate the branched models at their peak accuracies, as
most results lie on or within their uncertainty bounds, except the early weighted model with
a lower weighting on the middle branch (orange). All models appear to follow a similar dis-

tribution when the confidence requirement is varied, and the entropy threshold is increased.
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FIGURE 4.10: Multiply accumulate operations (MACs) against validation accuracy for vari-
ous models. A distribution is given for the branched models, where the rightmost datapoint
is the lowest entropy threshold, and the leftmost the highest entropy threshold.

The branch with the lowest weight attributed to the first early exit branch performs poorly
at the low confidence threshold range, whereas the other models appear to fall within each
others uncertainty bounds. Once again the orange model performs slightly better than the
other models (0.5-1%). All models perform worse than their unbranched counterpart at peak
accuracy, however, these models can perform in a wide range of power modes, their lowest

power mode being ~ 5x more efficient than their highest in terms of MAC operations.

Whilst the optimal weighting configuration appears to be the orange configuration, we recog-
nise that this result may not translate to other datasets, and will not translate to models with
more than 3 early exits. Hence, the remainder of the analysis uses an equally weighted early-
exit approach, which prioritises the final branch. This setup performed best in the pareto-
optimality work of the previous chapter and is also the setup most commonly used in the
literature. Hence, the findings will permeate furthest outside of this work. However, this
work shows that optimising the branch weighting during training can marginally improve

performance.

We further analyse the performance of the individual branches when the exit threshold is
varied, by plotting the exit percentage and exit accuracy we can observe the behaviours of

the branches as entropy thresholds are varied. This is shown in figure 4.11.

This shows that as the entropy threshold decreases the exit percentage, shown in the shaded
regions, increases accordingly for the later branches, and decreases for the earlier branches.
Furthermore the exit accuracy, shown with the lines of the same colour, increases across all
branches as the entropy threshold decreases. This shows that as the entropy threshold de-

creases, the confidence required in classification increases making sure the model is more
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FIGURE 4.11: Entropy threshold against branch validation accuracy and branch exit per-
centages for an equally weighted branched model.

certain in an early exit, hence making the branches more accurate. Furthermore, at low en-
tropy thresholds the early exits are volatile in their predictive accuracy, we call this the acti-
vation point of the early exit branch. This suggests that more stable exit mechanisms should
be used to give more predictable results surrounding the activation point when tuning con-
fidence thresholds.

There are two ways in which such an algorithms can be made more computationally efficient:
The model backbone, fi.(x) can be made more efficient, or the exit policy confidence( fi. v (x))
should choose exits appropriately such that it can exit more frequently without incorrectly
classifying inputs. Whilst the ResNet architecture is very successful in the field in terms of
performance, it is very computationally intensive. Hence a more efficient backbone archi-

tecture should be identified, this section will discuss these ideas.

4.2.1 Efficient Neural Network Backbones

As discussed in section 2.3, efficient neural network architectures can be obtained in a num-
ber of ways, but ultimately there are two approaches: larger networks can be compressed, or
bespoke networks can be designed that are computationally efficient. Initially, we choose the
latter approach and vary the width and depth of the existing architecture to find the optimal
combinations of architectures. We then look towards loading more efficient backbones from

external sources, specifically the MobileNetV3 architecture.
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4.2.1.1 Optimal Scaling of the ResNet

Convolutional neural networks can be scaled in two ways. One option is to make them wider,
that is to increase the number of channels in each convolutional layer. The other option is to

make them deeper, that is to increase the number of layers in the network.

To run this experiment, a generalised ResNet architecture was created, which as an argu-
ment would take depth and width multipliers. The width multiplier was simply passed to the
block generating algorithm, which created the convolutional channels. Whereas the depth
multiplier would be passed to a block allocation algorithm. Blocks in this context refer to
a collection of layers, which act as building ‘blocks’ for the model itself. There are two dis-
tinct blocks in the ResNet paper, those are the basic blocks and the bottleneck block He et al.
(2016).

The basic block is simply two 3 x 3 convolution layers placed one after another, whereas the
bottleneck block uses a 3 x 3 convolution layer sandwiched between two 1 x 1 convolution
layers. The 1 x 1 convolutions are used to compress the representation' of the input before
the 3 x 3 convolution and then expand it again afterwards, hence forming an information
bottleneck. This makes the skipped connections particularly important in such architec-
tures, allowing information to bypass the bottleneck. Furthermore, this makes each block
more lightweight computationally than if it were a basic block using the same number of

input/output channels.

So far, this work has only considered networks using the basic block of the ResNet paper.
However the original authors suggest using the bottleneck block for the architecture when
moving beyond 34 layers (He et al., 2016). When investigating varying depth, we remove
this degree of freedom in architecture design at first and use the basic block. We can then
introduce the bottleneck block in the design to better realise its benefits when creating larger

architectures.

We present MACs vs accuracy plots for ResNet architectures of varied width, depth, and num-
ber of branches. Since only one model of each were trained, we represent uncertainty using
standard deviations from the mean accuracy value. By assuming the accuracy of the model

represents a point of a Gaussian, we can assume the confidence interval will take the follow-

[A(1—-A)
A=o\/| ——, (4.5)
n

where A is the confidence interval, o the number of standard deviations from the mean, n

ing form,

the number of samples, and A the mean accuracy. For the following results a o of 3 is used,

corresponding to a certainty of 99.7%.

IHere, compress refers to the reduction of channels in the layers, the second 1 x 1 convolution expands the
representation by restoring the number of channels.
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First we analyse the effect of width in the ResNet18 architecture, this is shown in figure 4.12
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FIGURE 4.12: Validation accuracy against MACs for equally weighted branched ResNet18
models of varied width (a), depth (b), and number of branches (c). The bounds on each
point represent the confidence interval at 3o.

The width of a network has a consistent effect on the MAC usage of the model, without drasti-
cally effecting the classification performance of the model when trained under the same con-
ditions. The model can be compressed to up to 5% of the original width without drastically
reducing the performance of the model, considering the cost drop. It appears the perfor-
mance drop-off starts between a width of 50% and 25%, as the performance of the 50% width
model appears to match the full size models within the confidence bound. It is clear that the
larger widths do not increase the accuracy outside of the confidence intervals for this dataset.
The MACs benefits roughly follow what would be expected, since the time complexity of the

convolutional operation amounts to that as shown in equation 4.6.

ODmDyn NM Dy Dyg) (4.6)

Here, Dy, Dp,N,M, Dy, Dg refer to the kernel size, the number of input/output channels,
and the output feature size respectively. Thus when everything is kept consistent, except a
constant scaling parameter on the number of channels, there is an operations change of fac-
tor (W;/W>)? between two models. Where W refers to their respective widths. We see this
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behaviour in figure 4.12 (a), between the peak operating modes of the models suggesting the
power calculation is a good estimate. It is evident that varying the width of the network is
much more effective in reducing the computational cost of the network, than varying the
early exit aggressiveness. The early exiting can at most save ~ 50% of the inference cost (in
the far right hand model), with minimal loss in accuracy, whereas the network thinning has
the potential to save ~ 87.5% (between the 2.5x model and standard width model). Hence,
the same accuracy values can be attained through reducing the width of the network. How-
ever, as this happens the benefit of the branching is reduced, with the 5% width network
dropping in performance rapidly when early exiting aggressiveness is increased. The wider
networks maintain the accuracy for longer and have a shallower drop. Section 4.2.3 inves-
tigates a shared weight allocation, using slimmable branched networks, which will allow for

run-time switching of these width modes.

The depth of these networks is also analysed, whilst keeping the width consistent. This is

shown in in figure 4.12 (b).

We find that the shallower model has a dramatically reduced minimum accuracy, but does
operate over a decreased power range. As with increasing the width, there are diminishing
returns when using deeper networks. The peak operating powers roughly follow what is ex-
pected, there should be a linear relationship between the power used and the depth. How-
ever, this will likely drop off as the model becomes bigger, as the input will be downsampled
more, thus reducing the computational cost of the convolution operation. It appears on this
particular dataset, the ResNet18 is the architecture which allows the greatest power range,

without compromising the performance of the network greatly.

Finally we analyse the effect on the number of branches in the branched ResNet18 archi-
tecture, shown in figure 4.12 (c). The number of branches is varied between 3 and 8, each
branch is equally weighted during training except the final branch which was always given
a weight of 0.4, the others were hence weighted 0.6/ npanches- We start at three branches to

avoid training an early exit branch with a greater weighting than the final exit branch.

We find that an increased number of branches extends the operating range of the neural net-
work, however this is at a dramatically reduced accuracy. It appears the eight branched model
performs slightly worse throughout its operating range than the other models. However, the
six and seven branched models extend this operating range without drastically compromis-
ing the performance at the greater confidence ranges. There seems to be no computational
benefit of using any less than four branches, and the four branched model performs better
than or matches that, of all of the other models in its MAC operating range. Furthermore, the
discrete nature of the minimum power values is likely due to the limited number of branch
connection points, which will also depend on the number of branches the model has. The
benefits of having more branches could be compounded when additional exit policies are

developed, hence, this work shifts focus on improving exit policies in chapter 5. However,
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the last way in which the backbone architectures can be improved is by using bespoke archi-

tectures which are computationally efficient. Hence, we investigate this in the next section.

4.2.1.2 The MobileNet Architecture as a Backbone

Many efficient neural network architectures have been developed in the field, but few have
remained active in the field except the MobileNet. The architecture, first developed by Howard
et al. (2017), was introduced to move inference towards the edge and introduced depth-wise

separable convolutions.

In these networks they replace standard convolutions with the combination of a depth-wise
convolution, one which processes each channel individually, and a point-wise convolution,
one which combines these outputs to change the number of channels and create new feature
maps. The result is a module which produces the same output as a standard convolutional

filter, but with a reduced computational cost. The cost of a standard convolutional filter is
D xDgxMxNxDgx Dy,

where Dy is the kernel size, M the number of input channels, N the number of output chan-

nels, and Dy the size of the feature map being passed to the module.

Whereas the depth-wise separable convolution can be split into two terms, one for each
stage,
DixDgxMxDgxDp+MxNxDgxDpg.

In a depth-wise separable convolutional filter, the spatial convolutional kernel is separated

from the dimension change. This acts to reduce the computational cost by

DpxDgxMxDgxDf+MxNxDgxDy 1 1

Dy x D x Mx Nx Dy x Dy N D%’

This cost can be up to 9 times less when using a 3x3 convolutional filter. This architecture
is selected due to its computational efficiency, its performance, and its relevancy in state-of-
the-art papers as a benchmark architecture, namely in branched neural network research Hu
et al. (2020).

MobileNetV3 (Howard et al., 2019) differs from the initial implementation of MobileNet in
that it incorporates inverted residual bottlenecks and neural architecture search in model

design to boost performance.

Inverted residual bottlenecks are much like the residual units in the ResNet architecture (He

et al., 2016), only they use lightweight convolutions with linear activations before and after
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the skipped connection. Between the two they incorporate a more expensive 3x3 convolu-
tion, with a ReLU activation function. This way, the representational power of the large con-
volutional kernel and its non-linearity is preserved, but information in the neural network

predominantly passes through lightweight components.

The authors also incorporate neural architecture search (Zoph and Le, 2016; Liu et al., 2018)
to redesign the most expensive layers of the network. Specifically they tune the number of fil-
ters in a given layer, and redesign the combination of blocks to make the model more compu-
tationally efficient without impacting the performance. They also introduce squeeze-excite
layers within bottlenecks, which compress the activations into a channel-wise representation
and concatenate this to the output convolution. They find these improve performance, with-
out impacting computational expense. Hence, we implement a MobileNetV3 architecture for

our work.

However, designing such architectures from scratch is involved, due to the ever-increasing
complexity of the architectures that are successful. Furthermore, with the resources sur-
rounding deep learning research becoming increasingly accessible, there are a multitude of
out-of-the-box architectures that can be used in the field. Hence, there is an opportunity
to develop a prototyping methodology, that can load these architectures as backbones and
simply attach branches to the architecture at selected points. We call this the forward hook
method.

Forward Hooks for Branched Networks Forward hooks refer to a method whereby the in-
termediate activations are extracted from a model during inference and used in some way.
We name them as such because in the PyTorch deep learning library forward hooks are used
to achieve this (Paszke et al., 2019). Once the activations are extracted, they can be passed
to the branch which is designed manually. Whilst forward hooks do not allow for early ex-
iting inference, they can be used to train the model effectively, and they can also be used to
emulate early exiting inference provided the resource usage of the model can be calculated.
Hence, we take this approach in designing branched networks, and evaluating them against

one another. A diagram is shown in figure 4.13. Here the green components represent the

Branch 1 Branch n Final
Output
K1=Qa; Kp =0y
Input L 0
yes yes
. ; full
early exit early exit inference

FIGURE 4.13: A diagram of the forward hook method with an early exiting algorithm anno-
tated at the exit branches. Pink components are loaded externally, and green components
are designed manually.
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activation extraction, and the early exit classification branches. Whereas the pink compo-
nents are the backbone network, which can be loaded from an external source. We use this
method to incorporate the MobileNetV3 architecture into the work, and compare the cost-

performance readings against the ResNet architecture.

4.2.2 ResNet vs MobileNet

To compare these architectures we analyse their accuracy vs MACs for varied entropy thresh-
olds, the results of which are shown in figure 4.14. Both networks were trained under the
same conditions, and trained for the same number of epochs. The results as with the previ-

ous experiments are averaged over three runs.

BranchedMobileNet (0.2 : 0.2: 0.2 : 0.4) +
x  Unbranched MobileNet
0.92 BranchedResNet18 (0.2 :0.2:0.2:0.4)
e Unbranched ResNet18
*
20.90
@©
—
!
O 0.88
<
C
.©
< 0.86
©
9
©
> 0.84
0.82
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FIGURE 4.14: MACs against validation accuracy for varied entropy thresholds. The Mo-
bileNet architecture is shown in orange, and the ResNet in green. The unbranched architec-
tures, of each are shown with the cross and circle respectively.

The MobileNet architecture is shown in orange and evidently it is much more efficient than
the ResNet, ~15x more efficient than the ResNet at each entropy threshold. However the
MobileNet also performs about ~2% worse than the ResNet, suggesting the peak operating
modes cannot compete with the larger ResNet architecture. Both models perform worse than
their unbranched counterparts, the Mobilenet slightly closer than the ResNet. This further
suggests that there is a trade-off when co-optimising branches in an early exiting system and
itis architecture agnostic. Furthermore, the pattern shown between the MACs and validation
accuracy with varying entropy appears to be shared across the architectures. In the ResNet18
model we find that the mean accuracy actually peaks at alower entropy value, before levelling
off at a slightly lower value. This phenomenon has been recorded in the field before, and it
described as ‘overthinking’ in a paper by Laskaridis et al. (2020).
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We also compare the exit percentages and exit accuracy in the branched MobileNet architec-

ture. These are shown in figure 4.15, which can be compared against those in figure 4.11.
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0.8 — / -0.8
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w Exit Percentage = Exit Accuracy
Exit 1 —— Branch 1
0.2 Exit 2 —— Branch 2 0.2
Exit 3 —— Branch 3
Exit 4 Branch 4
0.0 ‘ ‘ 0.0
2.0 1.5 1.0 0.5 0.0

Entropy Threshold

FIGURE 4.15: Entropy threshold against branch validation accuracy and branch exit per-
centages for an equally weighted branched MobileNet model.

We find that the MobileNet architecture uses the later exit branches at a lower entropy thresh-
old. The accuracy approaches 100% in the first two branches, unlike the ResNet which per-
forms slightly worse than 100% accuracy on the branches. However, it is worth noting that
the model performs worse overall, also suggesting the peak operating modes hinder the over-
all performance of the model. The early exiting looks slightly less unpredictable than the
ResNet, however the transition is still not as smooth and predictable as would be preferred.
The branch accuracies are very noisy at their activation point, reinforcing the notion that
early exit mechanisms should be wary of activation point noise when making their predic-

tions.

4.2.3 Adaptive Width at Runtime

The previous sections investigated the notion of adaptive depth through inference time early
exiting, in this section, the idea of run-time adaptive width is investigated. To do this we
investigate a more recent development in the deep learning literature of slimmable models,
that is models that have varying operating modes which can be adapted a run-time. In this

section, we apply this idea to branched networks.
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Slimmablebranched networks Slimmable networks can operate in a variety of modes which
use varying amounts of the network components. Crucially, in these modes the weights of

the network are shared. This means that operationally the modes can be varied with little

latency, as weights do not need to be transferred. Theoretically, this principle of design could

be extended to an infinite number of width modes as the following summation will always

be satisfied.

IS R
2_W+WZ:2(E) =1 4.7)
Here W refers to the number of width switches, w, available. The summation is an example of
a geometric series: Y. (%)n, which can be shown sums to 1— 2—1,” and hence we add the term
ZLW to ensure our model is the target width. The number of switches available is limited by
the number of channels at any given point in the backbone, in the ResNet architecture this is
64. However, training such a network is challenging, with W x B outputs to optimise. Hence,

when presenting the prototype we limit the number of width switches to three, training a

model of switches w € {1.0,0.5,0.25}, co-optimising 3B linear classifiers when doing so.

To test this concept in branched neural networks, three branched networks are stacked width-
wise and trained in unison, of widths: {0.25x,0.25x,0.50x}. The outputs of these networks are
stacked together cumulatively to produce networks of widths: {0.25x%,0.50x,1.0x}, this con-
cept is demonstrated in figure 4.16. The resultant network, with 4 branches, now has the

potential to operate at 12 operating points on a given inference.

- Inference - Backbone \ - Intermediate
\ Paths \ Splits Classifier

Input

@

l B l

(1.1) (1,n+1b" (1.8)
(2.1) m_l (2.8)
(3.1) (3.n+1) (3.8)
Output Output Output

FIGURE 4.16: Representation of the prototype slimmable branched network. The three
width modes combine the outputs of one or more networks at each branch. The width labels
denote the width of a backbone split in relation to the full with of the slimmable network.

We compare our model with adaptive runtime width against standalone models of the same

widths, the results are shown in figure 4.17.

We find that the slimmable model is not able to match the performance of the standalone
models, and that the performance is limited when using the early exiting functionality of
the model, in all cases the slimmable counterpart performs worse. We hence find that the

early exiting on a conventional backbone network is more easily optimised than a slimmable
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FIGURE 4.17: Validation accuracy against MACs for equally weighted branched ResNet18

models of varied width. The bounds on each point represent the confidence interval at 30. A

slimmable model with 3 switches at {1.0,0.5,0.25} is shown in yellow, as well as the accuracy-
MAC:s performance it can achieve.

branched network in this form. However, this work does present a working solution to a

progressive intelligence model that operates with adaptive width and depth.

This work has looked to improve the resource usage of branched neural networks, as a means

of improving the efficiency benefits that can be attained using branched neural networks.

First early exiting inference was presented on the pareto-optimised networks, it was shown
that certain training configurations could marginally improve the cost—performance distri-
bution on the branched ResNet18, however these results were likely dataset specific, and
further results will need to be attained to find more generalisable results. However, it was
shown that incorporating branches into the training could improve the cost-performance

distribution of the network.

Following this, the neural network backbones were identified as a place where branched neu-
ral network inference could be made more efficient. To investigate this, the depth and width
of ResNets were varied, it was found that increasing the width gave diminishing returns, and
that decreasing it had little effect on the predictive performance down to a scaling of 0.5x.
Similar results were found when scaling the depth, a decreased depth allowed for a dramati-

cally increased operating ranges in terms of MACs.

The number of branches were also changed, to assess its effect on the operating range. It
was found that more branches would extend the MACs operating range of the network, al-

beit at a reduced performance. Anything fewer than four branches did not increase the peak
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performance of the model, hence four branches are the minimum that should be used in
these systems. Furthermore, the model using four branches outperformed all other models

in terms of performance across the power modes it could operate in.

The work then turned its attention to loading bespoke architectures as opposed to scaling
existing ones. For this the MobileNetV3 architecture was used as a backbone (Howard et al.,
2019). This was shown to dramatically increase the MACs savings that could be attained, at
the cost of a slightly reduced performance. These architectures can be loaded ‘out-of-the-

box’ and a branch attaching mechanism was developed for prototyping these networks.

Finally we investigate models that have adaptive width at run-time, which we call slimmable
branched networks, and present a prototype implementation of such networks. We find that
these networks are overly complicated to optimise in the conventional manner. However, we
do demonstrate a proof of concept which can reduce memory usage whilst maintaining a
reasonable level of performance in the progressive intelligence domain, whilst also offering

increased levels of adaptability.

While it is evident the structure of the backbone network can influence the position, and to
some extent the shape, of the operating range curves the exit policy is what defines them.
Hence, it is necessary to examine the exit policies and how they can be improved in progres-

sive intelligence systems. This is considered in the next section.

4.3 Improving Early Exit Policies

We now move to the final step in the pipeline of the branched network as a progressive intel-
ligence: inference. In this section the inference process itself is optimised, finding an easy to
implement method which utilises the special ensemble nature of the branched neural net-
work. Specifically we address the gap of Improving Early Exit Policies in section 2.4, making

the following contribution.

A new ensemble based inference policy is developed We introduce a new early-exit policy
for branched networks resulting in up to 44% MAC operations improvement in infer-

ence over conventional approaches, without the need for additional optimisation.

To improve early exit functions, it is important to formalise the early exit function itself, and
how it interacts with the output of the model. Hence, the we will first formalise some basic
concepts in the inference process of branched neural networks, construct some metrics, and

formulate the early exits themselves.
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4.3.1 Formalising Early Exits

To start, consider the following definitions:

f =branched model, b =branch, B =total branches, 6 =model parameters,

x =input, o =softmax N =Number of training patterns, C = Number of classes

Where softmax refers to that defined earlier in equation 2.8. Then we can use this with indi-

vidual branch logits, to obtain branch outputs for a given input,
Branch Logits: zp(x) = fp,(x)

Branch Prediction:  y,(x) = o(zp(x)).

A target array can also be defined:

Targets: Y=(y y» - yn|

This will be of shape 1 x N, however, if this is one-hot encoded it will become shape C x N.
Traditionally data is represented using a one dimensional array with class indexes represent-
ing the classification. When using one-hot encoding there is a C x N dimension array where
for a given input x, there is a 1 x C array where all values are zero except for the index that
corresponds to the class, ¢, which is given the value of one. That is for a given input x, of class

¢, the one-hot encoded label array Y is defined:

1 ifi=c
Yi,x =
0 otherwise

The same structure can be applied to the output predictions of the model, which are obtained

by taking the index of the maximum argument of the branch outputs, ¥,

argmax(jy,(x1)) argmax(y,(x;)) --- argmax(jg(x1))
o .| argmax(j,(x2)) argmax(y,(x2)) --- argmax(yg(x2))

Branch Predictions: Y =
argmax(jy, (xn)) argmax(y,(xy)) --- argmax(yg(xn))

This array will be of shape B x N, but if it is one-hot encoded, it can take the shape B x C x N.

In the case where both Y and Y are one-hot encoded, the row-wise dot product of them,
Y4, - Yy, for a given input x, returns the binary accuracy value of that branch on the input.

Which, if carried out for all inputs and branches will produce a one-hot encoded branch
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accuracy array,

Ypoh Yoh Ypi1i
AT AT & T
. YoV YooY oo Yol
Branch accuracy: A= . .
AT ~T & T
YinYN YonYN - YpnYN

This will be of shape B x N, and can be represented more efficiently when written as in equa-

tion 4.8. This property is presented in figures 4.11 and 4.15.
Y; (4.8)

Finally, if the one-hot encoded class prediction matrix is integrated across all training inputs,
we can obtain a branch-class accuracy matrix,

N
A(,‘Ci,j = Z Ai,j,n-
n

Generalised exit policies will take as input the information produced by the model and pre-
dict a class along with its classification confidence. For the ith exit this will be C, which will

need to exceed a threshold, a in order for the early exit to take place.

We now formalise a number of exit policies. First we define the entropic exit function as

C
Entropic:  e;(x)=-)_7; (0 In(y; (1)), (4.9)
c
where cis a given class in j;. The confidence is given by x; = 1 - e;/C, making the exit policy:

. xi(x) = a; Exit
Inference on input x (4.10)
otherwise Continue

One issue with such a policy is that the only information governing an exit is taken from the
current branch. Consequently, if an exit is not deemed suitable any information obtained is
discarded when the inference is continued. To overcome this, predictions may be ensembled
and combined in a way which improves the performance over an entropic policy (Sun et al.,
2021; Wolczyk et al., 2021). A very simple option for ensembling is to compare a branch out-
put to the output before it, and exit early if they match. For this work, such an exit is referred
to as mutual agreement. As shown in equation 4.11 this can be represented as the dot product
of the one-hot encoded prediction vectors between the two branches.

Mutual Agreement: m;(x) = 175 (x)T f/i_l (x) 4.11)
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Then the exit policy is given by

. m;i(x)=1 Exit
Inference on input x (4.12)
otherwise Continue

One issue with this policy, is that it is not tune-able. Hence, the performance—cost point of
this approach will be fixed for a given architecture. Furthermore, in the mutual agreement
paradigm, inference can never halt at the first early exit branch, as there is no previous branch
to compare against. To overcome this, such an approach can be given an entropic element to

its decision policy, in what can be called entropic mutual agreement as

) xi(x)=a)v(im;(x)=1) Exit
Inference on input x (4.13)
otherwise Continue

Three exit policies have been defined, which can be applied to the output predictions of any

model, these are now compared in the next section.

4.3.2 Comparing Early Exits

All three of these exit policies can be compared against one another in the MACs vs accuracy
space for varied entropy thresholds. To do this we take a trained model, and apply the exit
policies to the softmax output of the model to determine when the exits would have taken
place. This allows the accuracy and power usage to be calculated. This is shown below in
figure 4.18 (a) for the ResNet18 architecture on CIFAR100.

It is clear that the mutual agreement policy can perform to a high accuracy, within the error
bounds of the original exit policy. However, it is also performing at an average power value
that is ~ 1.5x more efficient than the maximum power mode of the entropic policy. When
the entropic condition from equation 4.13 is applied in combination to this condition, the
model can match this performance at a lower power mode, before the performance drops
and moves towards the entropic condition. It is also worth noting that the entropic mutual
exit condition never performs worse than the entropic policy at a given power usage value.
It also dramatically reduces the length of the ‘tail’ at the peak accuracy value, meaning there
is less redundant resource usage when reaching the peak accuracy value. Furthermore the
small peak performance drop on the mutual exit policy is within the uncertainty bounds of
both models. Finally, a random exit policy is shown with the black dot on the graph, as a

sanity check to ensure the policies perform better than random selection.
We then show the same results for the MobileNet architecture in figure 4.18 (b).

The benefits are shared between the two architectures on the CIFAR100 dataset. The marginal

drop in peak performance is lessened in this architecture, however it is worth noting that the
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FIGURE 4.18: Entropy threshold against branch validation accuracy against MACs for the
exit policies on different backbone architectures, tested on the CIFAR100 dataset. In (a) the
ResNet18 model is shown, in (b) the MobileNet model.

peak performance is lower than the ResNet18 architecture. This network also performs better

than the random exit test.

In order to better analyse the benefits of the exit policy, the computational cost improvement
can be plotted against entropy. We choose entropy as the accuracies cover the same range
between the two exit policies. Hence, as entropy is currently the best indicator of classifica-
tion performance in a tune-able early exit network we compare the cost of classifications at
this confidence in figure 4.19. However, when moving between models that operate across
different accuracy ranges, more accurate estimates of classification confidence should be

estimated. The benefits of the improved early exit policy occur earlier in the MobileNet ar-
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FIGURE 4.19: Power improvement at a given confidence threshold for both the ResNet18
and the MobileNet architecture. Models were trained on the CIFAR100 dataset.

chitecture than they do in the ResNet18 architecture. Furthermore, the performance benefit
is greater across all confidence values in the MobileNet architecture. It also emphasises the
power improvement that can be obtained using this improved early exit, regardless of archi-

tecture, particularly at the peak confidence values.
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Following the work focusing on the backbones, the inference process has been investigated
in more depth. The early exiting process was formalised, and two new early exiting systems
were developed: mutual agreement and entropic mutual agreement, the latter being an ex-
tension of the former. Mutual agreement was a simple policy which performed an early exit
when the branch agreed with the one before it. The entropic mutual agreement added an
entropic condition to this, which bypassed the mutual agreement condition if the model was
confident enough in its prediction. It was found that on the CIFAR100 dataset this policy
could outperform the entropic policy, on both the ResNet18 and MobileNetV3 architectures.
This easy to implement policy requires no additional training or optimisation, unlike recent
policies in the field (Wolczyk et al., 2021).

4.4 Summary

This chapter has explored branched networks as a progressive intelligence system, from their

training regimes to their inference methods.

In the first section, we analyse the loss function of a branched network and show how it
affects the internal representation. Different branch weight and placement configurations
were trialed, and compared using AUC showing that certain weight configurations make im-

provements of up to ~6.8% over the unbranched models.

We also investigated different training objectives and analysed hierarchically training using
class hierarchy data. It was found that models given coarser grained objectives could better
distinguish class hierarchy earlier in the inference process, but would perform worse than
the unbranched model on the same coarse labels at the final exit. This suggests that models
naturally distinguish class hierarchy when learning data, provided there are visual similarities
within each coarse class. Furthermore, class weighting is investigated and using confusion
matrices it is evident that even with a low branch weighting it is possible to classify specific

classes with high accuracy earlier in the network.

Finally CKA analysis was used to investigate the representations throughout the networks.
It is evident from these plots that when incorporated into the loss function, branches shift
representations that are pertinent in classification earlier in the network to allow early clas-
sification. However, these representations are changed to some degree, not matching exactly
those from the unbranched networks. This suggests that branches learn an intermediate
representation of the data, that allows for classes to be distinguished between one another,

whilst also allowing the transformations necessary for final layer performance.

These results suggest that classification branches help models increase generalisability through-
out the network and focus this increase earlier in the network rather than the end. It is also

clear that only a low weighting is required for these benefits to take hold, a weighting of 20%
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in the earlier branch position being sufficient for earlier layer performance. Adding addi-
tional branches in the later positions can also improve this performance and enable more
progressive generalisation throughout the model. Furthermore, results from figure 4.5 show
that the training regime can play an important role in final layer performance and improve
upon the early performance of branched networks, with fine-tuning the networks proving to

be the most effective method.

There are a number of open questions from this research as well as a number of unanswered
questions from the research objectives of the PhD. This work has allowed the inner workings
of branched networks to be investigated in more detail, however it was not clear that these
performance gains are tangible as currently they were limited to abstract concepts. To re-
alise the benefit of branched neural networks, their resource usage at run-time needed to be

considered. Hence, we considered the neural network backbone.

In the second section we vary the width, depth, and number of branches of these systems
and find that the peak and minimum operating powers roughly match the theoretical expec-
tations. However it is the effects on the operating curves that is the main interest of this work,

and how the architectural properties of the model effect this.

We find the width of these systems has the greatest effect on their operating range, shifting
orders of magnitude without significantly decreasing accuracy, we do find the drop of accu-
racy becomes steeper in these cases though. Varying the depth of the networks acts to extend
this range roughly about its original value, but the accuracy is not reduced significantly nor
is it increased. The number of branches extends the bottom end of these curves, allowing

operation at lower power values.

We then discuss different architectural designs at a more granular level, exploring the Mo-
bileNet architecture as a backbone. To do this we use an external codebase, and introduce
forward hooks for simulating branched networks. We find the mobileNet operates in a lower
power range, but the operating curve is retained, suggesting that the operating ranges seen

are architecturally agnostic.

In this section we also examine adaptive widths at run-time, and introduce a proof-of-concept
slimmablebranched network. We find the network can operate across multiple power ranges,
at roughly the same accuracy achieved in the previous non-slimmable models. However,
reductions in accuracy compromise the benefits of a slimmable approach. The poor accu-
racy performance is likely due to the increased optimisation cost of additional networks, and

more holistic opitmisation approaches should be considered.

Finally, the third section shifts attention to the inference policy which governs the input-wise
handling of data and power use. We formalise exit policies and introduce a new parameter-
free ensembling policy, mutual-agreement. It is easy to implement, comparing consecutive

branch outputs to determine an early exit.
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We also introduce entropic mutual agreement, an adjustable extension which uses the en-
tropy of the output, in conjunction with the ensembling policy, allowing early exiting when
the model is confident or when it has predicted the same class on consecutive branches. We
find this policy improves on conventional early exiting in both the ResNet and MobileNet

architectures, peaking at 1.6x and 1.9x respectively.

This chapter has comprehensively explored branched neural networks and their utility in
progressive intelligence for classification. We find that inference methods are the most im-
pactful area of improvement, due to the applicability to any progressive intelligence archi-
tecture. Hence, in the final chapter we will turn our attention to inference. However, in this
domain models are not always given clean inputs with single labels. There is often ambiguity
in the label space, noise in the input space, and adversarial attacks in the application space.
Therefore, it is important that progressive intelligence systems can operate in these challeng-
ing environments. We can consider these sources of additional information and in the next
chapter we will consider how they can be used to further improve the utility of progressive

intelligence systems.






Chapter 5

Leveraging Additional Information in

Progressive Intelligence Systems

The previous chapter discussed how progressive intelligence can be implemented and im-
proved using branched neural networks in the classification domain. In this chapter we con-
sider the idea of incorporating additional information into the system and how this informa-

tion can be used to increase the progressiveness of the system.

Firstly, we consider epistemic uncertainty, and how it can indicate the sample being unclas-
sifiable. This information can be used to help prevent resource wastage on such samples.
This would be of use in the drone example given in section 1.2.1.1, if the system moves into a
territory in which it is not familar. Whilst it might still be able to identify target data, it will not
be able to classify novel inputs. Hence, it would be beneficial to reject these. In this scenario

it could also report this to an operator who can take appropriate action.

Secondly, we consider hierarchies in a label structure and how this can be exploited to ignore
inputs which are not pertinent at classification time. This may be of use in classification
problems where many of the inputs are not of interest. For example, in the social media
moderation case study in section 1.2.1.2, many posts on these platforms are not malicious,
only a subset require action. Hence, it would be beneficial to reject such inputs early in the
classification process to save on computational costs. In this case the fine-grained labels

might pertain the reason for reporting a particular message.

As shown in the previous sections, neural networks have been incredibly effective in push-
ing performance on benchmarks, however the metric of success has always been centered
around accuracy. We find that whilst these networks are performant on their tasks they are
brittle to data outside that which they are trained on and to data which has been deliberately
altered to elicit erroneous outputs in the network. In this section we briefly discuss the back-

ground of the ways in which these systems can fail as well as how these shortcomings can be

101
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overcome. Then we will look towards progressive intelligence to understand how we can deal

with such inputs in these systems.

To understand where machine learning models can go wrong it is beneficial to first under-
stand the uncertainty faced by them. Uncertainty in this context can be categorised into
to types: aleatoric and epistemic. Aleatoric uncertainty is the uncertainty arising due to the
natural stochasticity in the data, it can be likened to the ability for the model to interpolate ef-
fectively. On the other hand, epistemic uncertainty arises due the training data insufficiently
representing the data being observed by the model. That is, the model is encountering data
it is not familiar with. This might be due to insufficient training data in the area, or it might
be due to the data being entirely out-of-distribution, and the model has failed to extrapolate

effectively.

(a) High Confidence (b) High Uncertainty (ID) (c) Total Uncertainty (OOD)

FIGURE 5.1: An exemplar 3 class simplex representing the uncertainty behaviour of a classi-
fier. The lighter colour refers to the probability of a class being placed in the particular area
of the space.

A useful graphical tool in understanding uncertainty can be seen in figure 5.1. This figure is
known as a simplex and each vertex represents a class in the dataset. This makes a simplex
a K — 1 dimensional object, where K is the number of classes. Here there are 3 classes and a
lighter colour in this space equates to a higher probability of placing the sample there. Thus,
for a confident prediction a vertex will be highlighted as in figure 5.1 (a), whereas for uncer-
tain predictions figure 5.1 (b) illustrates an aleatoric case, and figure 5.1 (c) an epistemic case.
You might equate the area of yellow space in this diagram to the uncertainty of the prediction,

but in this case is purely for illustrative purposes.

Figure 5.1 represents the optimal responses of a classifier to certain inputs. In (a) the input
is in-distribution (ID) and can easily be attributed to one of the classes. In (b) the input sits
perfectly between the three classes at classification time, so the model is confident that it is
ID but cannot give a prediction. This can be considered a known-unknown. Finally, in (c)
the model cannot give a meaningful output with the input, as the data is OOD. Hence, total

uncertainty should be returned, this can be considered a unknown-unknown.

In reality models will often output incorrect classifications with high confidence as in fig-
ure 5.1 (a), when encountering data outside of their trained distribution. Hence, epistemic

uncertainty, or lack thereof, can be considered a root cause of the lack of robustness, as the
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model can become over-confident in its prediction. The area of study concerning the be-
haviour of a model as it moves out of its trained distribution has been termed graceful degra-
dation. One contribution of the PhD is a comprehensive survey of this field (Dymond, 2021).
However, much of the work in that survey is tangentially related to progressive intelligence.
In this thesis we are mainly concerned with passive approaches to graceful degradation, these

are techniques which require no additional optimisation once deployed.

We can consider two elements to this problem: first, it is important to return correctly cali-
brated epistemic uncertainty, and second it is important to understand how we handle this
uncertainty. In progressive intelligence, we are concerned with the latter, as at inference time
we can only deal with our model outputs. However, it is still useful to understand the vulnera-
bilities in such models. We can consider two ways in which this uncertainty is generated, one
is through data being out-of-distribution which is when the data lies outside of the trained
distribution, the other is through malicious means where the sample is generated to produce

an erroneous output.

Out of distribution data can be considered a continuous issue, in one sense the training and
test distributions are out of distribution from one another, but perhaps less so than a different
dataset containing the same classes, which is in turn less OOD than a dataset containing
entirely different classes, and so forth. Hence, when considering OOD data it is important to
clarify the extent to which the data is OOD, in this work we consider a variety, but we start
at data with different classes. This concept is explored in figure 5.2, showing the continuous
shift in nearest neighbour distances from uncertainty that is aleatoric in nature to that which
is epistemic, we also hint at the possibility of rejecting data belonging to the latter category.
Data which shares the same classes is often described as out-of-domain in the field, and

represents an entirely different subset of this area.

Adversarial data on the other hand is data which is deliberately designed to cause erroneous
predictions. This is a very rich area in the field and there are a variety of methods to gener-
ate such samples, a recent comprehensive review has been written by Han et al. (2023). We
will briefly discuss some of the relevant methods for this work, namely the area of adversar-
ial perturbations, which are small perturbations applied to input images designed to cause

erroneous predictions.

Broadly, these techniques can be split into two types: white-box attacks, those which have
full access to the model, and black-box attacks, those which do not. We consider white-box
attacks in this work, as they are often the most effective and we wish to understand how we

can deal with such issues in the progressive intelligence space.

One efficient method in the field is the fast-gradient-sign-method, (FGSM) (Goodfellow et al.,
2014). This method applies a perturbation defined using the sign of the gradient, which is
multiplied by a small value € and added to the original input to create an adversarial example.

This perturbation, i, can be defined as:
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FIGURE 5.2: 1-dimensional projections of distributions in the embedding space of neural

networks. The expected embedding distributions are shown in the left figure, and expected

KNN distances in the right. The embedding representation of OOD data is expected to be

clustered away from the target dataset. We label the uncertainty encountered in the KNN

distance regions: aleatoric is that which is close to the the training distribution, epistemic is
characterised with larger KNN distances.

n=esign(Vy£(,x,y)), (5.1)

where Z refers to the loss function of the model, 8 the model parameters, and x and y the
input and target, respectively. Using this for an adversarial attack generates our perturbed
input X as

X=x+n.

This method takes one gradient step in the direction of the perturbation. Following the ide-
ology of using the gradient, work by Kurakin et al. (2017) proposes an iterative step along
this gradient to increase performance, showing that introducing random initialisation to the
gradient descent problem enables more effective adversarial samples to be found. Work by
Moosavi-Dezfooli et al. (2016) seeks to find the minimum perturbations necessary for achiev-
ing erroneous outputs. Finally, Moosavi-Dezfooli et al. (2017) propose a method which pro-
duces image-agnostic perturbations, which they call universal perturbations and they find by
aggregating perturbation vectors across many images. The more recent literature has moved
away from developing these attacks and towards black box methods, defending against at-

tacks, and generating attacks on large language models.

Once epistemic uncertainty has been identified it is important to briefly discuss the potential
actions a model can take. Perhaps the safest thing to do is to reject the sample, the notion
of rejecting classification has been studied in depth previously (Geifman and El-Yaniv, 2019;

Hendrickx et al., 2021; Barandas et al., 2022). In this section, we consider this eventuality.
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Another option might be that the model can exploit additional information in the label space
which can be leveraged, such as hierarchical structure. In the hierarchical classification prob-
lem, rather than asking the model to make a prediction in an area in which it is uncertain, the
model is instead asked to predict a parent class at a level of hierarchy at which the model is
more confident. For example, if the model failed to recognise an animal as a pigeon it might
be able to recognise that the animal is a bird and offer a range of classes the bird might fit
into. This can be seen as a compromise between the other passive approaches to the graceful
degradation problem; the image is not classified due to uncertainties, but more information
is offered as opposed to simply rejecting the input. In this chapter we consider label hierar-
chies from a different perspective, instead allowing adaptability at run-time with target class
distributions.

We consider these two approaches to dealing with uncertainty in this chapter. This will pro-
vide a progressive intelligence system with additional methods of halting inference, and thus
saving power. First we perform a study on rejecting inputs and how epistemic uncertainty
is not only indicative of OOD samples, but also adversarial ones. We then look at hierarchi-
cally labelled datasets and how they can be handled in the progressive intelligence domain.

Finally, we look at the combination of both in the final section.

5.1 Exploiting Epistemic Uncertainty in Branched Networks

Assuming the OOD input cannot be classified and the adversarial data successfully fools the
model, we refer to these collectively as epistemically uncertain inputs. These are inputs out-
side of the target distribution of the classifier and thus induce epistemic uncertainty. In safety
critical scenarios, it could be dangerous for the classifier to process them, for example, if a
self-driving car misclassifies the moon as a traffic light and stops the car suddenly. In such

cases, rejecting the classification may be more appropriate.

In these environments, it would be better still if these inputs could be rejected early in the in-
ference process to save power. The idea of robustness has seldom been incorporated into the
area of early exiting neural networks, and when it has, the work has focused less on handling
epistemic uncertainty, and more on the classification performance on clean data (Hu et al.,
2020; Meronen et al., 2023). This overlooks an important factor of resource wastage that OOD

and adversarial data introduces to the early exiting classifier.

In conventional models, the best case scenario is the input passes through the model and
absolute uncertainty is outputted, e.g. Sensoy et al. (2018), or a reject option is given to the
classifier, e.g. Geifman and El-Yaniv (2019). In the early exiting field, there is also an oppor-
tunity to reject these inputs early and thus save resource usage. This is the idea we address in

this section.
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To address this challenge, we use two uncertainty measures. Entropy is used to quantify
uncertainty in the aleatorically uncertain inputs, and we use a KNN-based classifier to catch

epistemically uncertain inputs, allowing for distribution-aware early exiting.

This is the first implementation of OOD adversarial detection in early exit architectures. Fur-
thermore, the method works out-of-the-box, meaning no additional optimisation is required.
The following contributions made in this work are listed below and it addresses the following
gaps in the field from section 2.4: Introducing Epistemic Uncertainty to Progressive Intelli-

gence Systems; Improving Early Exit Policies; Introducing New Early Exiting Mechanisms:

Exploring the effects of epistemic uncertainty in branched neural networks We present a
study of robustness in branched neural networks, addressing OOD robustness as well
as adversarial robustness. We find that both adversarial and OOD inputs induce epis-

temic uncertainty in neural networks, characterised by large KNN distances.

Introducing OOD and adversarial detection to early exiting architectures We introduce an
easy to implement KNN-based OOD detection technique which can be applied out-of-
the-box in branched neural networks. A novel distribution-aware early exiting system
is introduced, which incorporates KNN-based OOD detection alongside conventional
early exit classification. Our new early exiting system allows the classifier to save addi-

tional power through rejecting inputs it is not able to classify.

Improving inference performance with a new early exiting algorithm A mixed input test set
is introduced for distribution-aware early exiting. Using our method, we can save up to
40% power usage or improve accuracy by up to 20%, when compared to a conventional

early exiting policy operating under the same constraints.

5.1.1 Out of Distribution and Adversarial Inputs in Branched Neural Networks

We can denote the backbone as a function f and each classification branch as f;(x), where
b € {1,2,...,B}, and B is the total number of branches. Each branch will give the softmax
output vector y,. We train these networks through the joint optimisation of the branches,
with a weighted loss function and a target vector y with K target classes. This means our

losses are the same as in the previous sections, as seen in equations 3.13 and 3.14.

Using conventional methods, neural networks are often trained to give confident classifi-
cation outputs in the supervised setting. This presents a challenge when OOD data is en-
countered. Whilst they might not give results of high confidence, they do not return results
which are of low confidence. In branched neural networks, confidence is often quantified
for early exiting using entropy Teerapittayanon et al. (2017); Hu et al. (2020). To motivate the
introduction of an additional classification method for early exit rejection, we first analyse

entropy probability densities when presented with unclassifiable data, shown in figure 5.3.
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In accordance with the benchmarks set by Yang et al. (2022), we pass various OOD datasets to
our model: Describable Textures Dataset (DTD) (Cimpoi et al., 2014), CIFAR100 (Krizhevsky
etal., 2009), Street View House Numbers (SVHN) (Netzer et al., 2011), and Tiny-ImageNet (Le
and Yang, 2015). We use a branched ResNet18 (He et al., 2016), which has 3 branches spaced
equidistantly, and a final exit which we call the 4th branch. This is trained to convergence on
CIFAR10 (Krizhevsky et al., 2009), achieving an accuracy of ~ 95%. We believe our method
is not specific to the ResNet18 architecture a number of architectures can be used with little
variation in general behaviour, as shown in the previous chapter and other work (Teerapit-
tayanon et al., 2016; Hu et al., 2020; Dymond et al., 2022).
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FIGURE 5.3: Histograms denoting the entropy probability densities for each branch on ID
data and various OOD datasets.

As indicated by the probability density graph, we find earlier branches generally give outputs
of lower confidence, except for DTD, which gives a large quantity of high confidence outputs.
As inputs are processed further through the network, ID data is much more likely to prompt
low entropy outputs than OOD data. Importantly, however, it is difficult to distinguish these
distributions in the higher entropy ranges. Therefore, entropy alone is insufficient for distin-
guishing ID inputs from OOD inputs. In an early exiting scenario where entropy thresholds
are varied at run-time, such networks will be susceptible to confusing ID data with OOD data.

We also examine adversarial inputs, using the fast gradient sign method (FGSM) to generate

adversarial inputs, as in equation 5.1.

We vary the perturbation, €, between 0 and 0.3. At 0.3, we find the performance of the model

has degraded completely as shown in figure 5.4.
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FIGURE 5.4: Accuracy degradation of each branch of the network when presented with ad-
versarial data. We vary € between 0 to 0.3, which is denoted on the x axis. Classification
accuracy is shown on the y axis.

Accuracy drops prohibitively when applying the perturbation to the inputs, but the later
branches handle this marginally better than the earlier branches. To understand the effect

of the attacks on entropy, we analyse the entropy distributions in figure 5.5.
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FIGURE 5.5: Histograms denoting the entropy probability densities for each branch on ad-
versarial data.

As with the OOD data, the first branch is less susceptible to giving overconfident outputs, but
there is also a lot of overlap with the adversarial inputs. Once again, this effect lessens later

in the network.

Hence, we have shown in this section, in conventional early exit policies, entropy alone is in-
sufficient for distinguishing an ID input from an unclassifiable one. We address the challenge

of doing so in the next section.
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5.1.2 Distinguishing Aleatoric and Epistemic Uncertainty in Branched Neural Net-
works

As we discussed earlier, epistemic uncertainty arises due to a distributional change in the
input data, meaning the input is no longer in the range in which the model was trained.
Validation and testing data should fall into this category to some degree. However, in bal-
anced datasets, like the benchmarks seen in the field, this effect is not significant. Hence,
for epistemic uncertainty we consider OOD datasets, those which are taken from different
sources and have different class labels. We also consider adversarial inputs. As we show in
this section, inputs which have been sufficiently perturbed have their distribution shifted in

the latent space of the model.

When encountering OOD and adversarial inputs we have shown conventional deep learning
models are susceptible to outputting similar predictions to those made on ID data. Hence,
we wish to develop a second method which detects these unclassifiable inputs and allows us

to classify them individually. First, we focus on OOD inputs.

Out of distribution detection Following recent work in Sun et al. (2022) we employ a KNN
classifier in the penultimate layer embedding space. We find this is a particularly appropriate
method to use, since it can be applied to any model without the need for additional optimi-

sation. The principle of this is demonstrated in figure 5.2.

Consider the distribution in the embedding space, training inputs will be more tightly clus-
tered than test inputs, but a well optimised model should position these distributions roughly
about the same mean. OOD inputs, however, should be in a separate cluster. When translat-
ing this to KNN distances, the training inputs will have the lowest distances, followed closely

by the test inputs, then the OOD inputs should cluster separately from the target dataset.

To test this principle, we train a baseline four exit branched neural network on a target dataset,
recording the k" nearest neighbour distances on the target data test set, and a collection of
OOD datasets. Results with the CIFAR10 target dataset are shown in figure 5.6.

We find that there is clear separation between the datasets as the inputs progress through
the model. However, in the early branches, this separation is minimal. Furthermore, in each
branch there is a large amount of overlap. This separation increases further along the infer-
ence process and at the final exit the overlap is minimised. In some datasets, there is suffi-
cient separation to allow for classification in the earlier branches. To examine this further,
we analyse the receiver operator characteristic (ROC) of OOD detection on these branches
using a KNN classifier. To generate this, we vary the position of the classification boundary
between the distributions, defining this boundary according to percentiles of the validation

distribution.
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FIGURE 5.6: KNN embedding separation for in distribution (ID) data and various out of
distribution datasets.
TABLE 5.1: Table showing the AUROC for each branch given different OOD datasets. Recent
benchmarks are shown, where © denotes the benchmark which is implemented out-of-the-
box, like ours. The mean and standard deviation (mean + std) are taken over 5 runs.
AUROC
Dataset
Branch/Benchmark CIFARIO0  SVHN DID  Tiny-Imagenet
1 0.62+0.01 0.65+0.04  0.69+0.04 0.67+0.04
2 0.74+£0.01 0.95+0.01 0.81+0.05 0.80+0.01
3 0.84+0.01 0.93+0.01 0.88+0.03 0.88+0.03
4 0.85+0.01 0.88+0.02 0.90+0.02 0.89+0.01
UDG Yang et al. (2021a) 0.90 0.93 0.94 0.93
ARPL+CS Chen et al. (2021b); Vojir et al. (2023) 0.89 0.91 0.91 0.89
RegMixup Pinto et al. (2022) 0.90 0.97 - 0.90
GROOD Vojir et al. (2023) 0.97 0.99 0.99 0.96
DNN Sun et al. (2022)7L - 0.95 0.95 -
DNN w/ CLSun et al. (2022) - 0.99 0.99 -

As shown in figure 5.6, the later branches are more effective in separating the OOD inputs
from the target dataset. This is reflected in the area under ROC (AUROC) for each branch,

shown in table 5.1. In the final branch, there are competitive results, considering there is no

additional optimisation taking place for OOD detection. However, on some datasets, namely

SVHN, there are competitive AUROC results on the earlier branches. For most of the datasets

tested, we find that identification performance increases further along the network. How-

ever, we do find that for the SVHN dataset, performance is maximised in the second branch.

These results suggest that branched neural networks, even when trained using conventional



Chapter 5 Leveraging Additional Information in Progressive Intelligence Systems 111

supervised methods, are capable of distinguishing their target dataset from other OOD datasets.
However, when models are deployed into real-world situations, it is not only OOD inputs they
might encounter. In some scenarios they will encounter adversarial attacks, designed to de-

liberately confuse the model. We consider this case in the next section.

Detecting adversarial attacks Adversarial perturbations in the inputs present a different
challenge, since their effect on the output classification is non-binary. That is, there is a
continuous range between the unperturbed inputs and those that are completely perturbed.

Hence, some inputs, whilst being perturbed, are still able to be classified.

Therefore, rather than classifying the perturbed from the clean inputs, it is more pertinent to

identify which inputs will be classified by the model and which inputs are unclassifiable.

To analyse their distribution in the embedding space, we follow a similar analysis to the pre-
vious section. We analyse the distributional shift of the perturbation of the CIFAR10 dataset
in figure 5.7.
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FIGURE 5.7: KNN embedding separation for various perturbation values of the target
dataset, ranging from e = 0 — 0.3. We represent increasing perturbation visually by vary-
ing the distribution colours from green to red.

We find that as the data becomes increasingly perturbed, its distribution in the embedding
space separates from the clean data. Much like the OOD data in figure 5.6, the distributional
shift is most evident in the later layers. However, there is a clear shift as perturbation in-

creases in all branches.

To further examine this, we use the same technique as in the previous section to determine
the ROC curve of the model at each branch, for each perturbation amount. We show these re-
sults in figure 5.8, and we present AUROC values in table 5.2. We find that the later branches
are more successful in identifying the lower perturbation values. However, as the pertur-
bation increases, the AUROC performance increases in the earlier branches. At the greatest
value of ¢, we find that the first branch distinguishes the adversarial samples most success-
fully.
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FIGURE 5.8: ROC curves for each branch on adversarial samples for various perturbation
values of the target dataset. In all cases, the x and y axes denote the false positive rate (FPR),
and true positive rate (TPR), respectively.

As expected, we find that the KNN classifier does not work at low values of e. However, at
these values the performance of the model is not prohibitively poor and the performance at
greater values of € is competitive. Hence, by treating significantly perturbed values like OOD
inputs, there is a potential to detect and reject the classification of such inputs. We consider
this scenario and the cost benefits it can achieve in the next section.

TABLE 5.2: Table showing the AUROC for each branch given different perturbation values

for adversarial data. The best performing branch for each dataset is highlighted for each

value of €. We omit the results for €=0, since the data is unperturbed in this range. We use
the benchmark results reported in Zhang et al. (2022).

AUROC
€
Branch 0.03 0.07 0.1 0.13 017 0.2 0.23 0.27 0.3
1 0.57+0.00 0.66+0.01 0.74+0.02 0.82+0.03 0.87+0.03 0.90+0.03 0.93+0.02 0.95+0.02 0.96+0.01
2 0.58+0.00 0.64+0.01 0.71+0.01 0.77+0.02 0.83+0.02 0.87+0.02 0.90+0.02 0.92+0.02 0.93+0.03
3 0.63+0.01 0.70+0.01 0.76+0.01 0.80+0.01 0.85+0.01 0.88+0.01 0.90+0.02 0.91+0.03 0.91+£0.05
4 0.63+0.01 0.71+0.01 0.76+0.01 0.80+0.01 0.83+0.01 0.85+0.01 0.87+0.02 0.88+0.03 0.88+0.04
SPBAS Katzir and Elovici (2019) - - - - - - - - 0.79
ML + LOO Yang et al. (2020) - - - - - - - - 1.00
KD + BU Feinman et al. (2017) - - - - - - - - 0.90
LID Ma et al. - - - - - - - - 0.95
MAHA Lee et al. (2018) - - - - - - - - 1.00
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5.1.3 Rejecting Classification to Save Power

We have so far established that branched neural networks can detect OOD inputs, as well
as adversarial perturbations. We now consider the beneficial situation branched neural net-
works allow for using epistemic uncertainty to minimise resource usage. To accomplish this,

we propose a multi-step modification to the conventional exit policy.

First, the aleatoric uncertainty is handled, ID domain inputs will be processed normally, this
will catch any opportunities to perform an early-exit classification. For this, we employ an
entropic decision policy on the softmax output of each classification branch. We impose a
classification threshold on the entropy of this output, defined as a. If this condition is not
met, we move to the epistemic uncertainty quantification phase, designed to classify inputs
outside of the training distribution using the KNN distance. If this distance exceeds a certain
threshold, 6, then an early-exit reject can take place. If neither condition is met, inference

moves to the next branch.

Much like work in Sun et al. (2022), we define our KNN threshold using the validation data
distribution on the training set and use the 50 nearest neighbour, as this empirically pro-
duces the best results. We model it as a Gaussian distribution, and take thresholds on the
KNN values based on the percentiles of this distribution. That is, we define a classification
boundary that contains ¢ of the validation distribution. We vary this value between 1.0 and

0.9 at selected intervals.

To test OOD detection we introduce a mixed dataset, D, which contains in equal parts ID
inputs and OOD inputs. We produce these for four OOD datasets, Describable Textures
Dataset' (DTD), CIFAR100, Street View House Numbers (SVHN), and Tiny-ImageNet. We
then pass the dataset to our branched neural network. Our distribution-aware early exiting

process is detailed in algorithm 4.

Here M refers to the collected train embeddings, get_knn() a function returning the k nearest
neighbours, and k the value of k. Following work in Sun et al. (2022), we find k=50 empirically
performs well whilst reducing the overhead for KNN reading. We also analyse the sensitivity
of classification as k is changed in the KNN algorithm. We change it from 1 to 5, and then to
150 at increments of 5. We find that AUROC does not increase significantly as we do this, we
present results in figure 5.9. Hence, we introduce two conditions for an early exit, increasing
the opportunity for early exits to take place. To understand the performance of models using

such inference methods, we analyse their operating ranges, much like the work in chapter 4.

We vary the entropy threshold for classification, «, from 0 to the maximum value, log(C). This
is to understand the operating points at which the model can work in the accuracy-power
space, where accuracy refers to that on the ID data and power the average MAC operations at

that particular threshold.

lSince DTD only has ~ 5000 input patterns, we use all of the inputs of this dataset for OOD detection.
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Algorithm 4 Distibution-aware early exiting algorithm

1: procedure EARLY EXITING INFERENCE WITH REJECT(f, X, @, 0,k)
2:  Load model: f
3: Read data, Thresholds, Embeddings, and k: X, (a,6), M,k

4: for xe X do > For all inputs in the test set
5: for branch b € B do > For all branches in model
6: mp = fp-1(x) > Get embeddings
7: ¥p = argmax(fp(x)) > Calculate branch prediction
8: kp = get_knn(my, M;k) > Calculate k nearest neighbour distance
9: xp = confidence( fj(x)) > Calculate confidence
10: ifx, = a then > Check classification condition met
11: return j, > Return classification if confident
12: end if
13: if k;, = 0 then > Check rejection condition met
14: return jy, = -1 > Return nil classification
15: end if
16: end for > Full inference used without early exit
17: x p = confidence(fz(x)) > Calculate final confidence for completeness
18: yp = argmax(fp(x))
19: return jp > Return final output
20: end for > Move to next input

21: end procedure

We also scale the KNN distance threshold, a, depending on the entropy threshold. We do
this between the KNN distance corresponding to the selected detection percentile and that

0™ percentile. This is so that as the classification threshold becomes

corresponding to the 10
more stringent and conservative, the KNN rejection threshold does the same. In practice we

normalise both « and §.

The operating range for OOD detection and adversarial detection are shown in figures 5.10
and 5.11 respectively. We show the ID accuracy against the average power usage, for a given
entropy exit threshold. A number of minimum values for 6 are shown. We show a conven-
tional exit policy in red, which without the early exit reject recourse is forced to process all

inputs. Like in the previous section we use equation 4.5 to define our confidence interval.

We find that modest gains can be achieved with OOD CIFAR100 inputs, where the exit policy
can improve accuracy across the entire power range of the model, and operate at lower power
ranges when the inference policy is at its lowest threshold. The algorithm performs better
on the other datasets. There is a clear distinction between each inference policy threshold,
across most of the MACs range. We find that the most gains can be achieved on SVHN, with

a 6 of 0.99, there is no drop in ID accuracy for large power savings.
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FIGURE 5.9: AUROC results shown on the y axis as k is increased, shown on the x axis. In all
plots the shaded area denotes the standard deviation across 3 runs of the experiment.
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FIGURE 5.10: Operating range of the distribution-aware early exiting algorithm on various
OOD datasets. In all cases the x axis denotes ID accuracy, y axis denotes average multiply
accumulate operations (MACs).
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FIGURE 5.11: Operating range of distribution-aware early exiting algorithm on adversarial
inputs with a selection of € values.

On adversarial data, we find that the model has difficulty recognising the adversarial inputs,
at small values of €, and hence early exiting gains are minimal. However, as € increases, the
early exiting gains become more prevalent. At €=0.3 the §=0.99 exit policy makes significant
power reduction gains across the entire accuracy range. In both tests the § of 0.95 and 0.90

policies have greater power savings, but with significant drops in accuracy.

These findings will allow the model to operate much more stringent ID classification poli-
cies, when compared to the conventional early exiting method which wastes resources on
the OOD and adversarial data. When the model is rejecting at most 1% of the ID samples
(6 = 0.99), we do not see this reflected in the ID performance readings. Hence, any power

gain is effectively free compared to the conventional exit policy.

Since the power savings inherently depend on the ratio of ID inputs to unclassifiable inputs
in D, it is more informative to first consider the detection accuracy. This is shown for OOD

inputs in table 5.3.

We find, as the figures in section 5.1.3 suggest, that the optimal threshold depends on the
allowable ID accuracy drop. However, 6 = 0.99 operates well with little drop in performance.
We define a zero loss row, which denotes either a threshold of 6 = 1.0 or 100% relative ID

accuracy, detection performance is limited without a small compromise in ID performance.
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TABLE 5.3: OOD detection results for various OOD datasets. Relative ID accuracy is shown,

and we enter results for a number of different detection percentile thresholds.

OOD Detection (%)

Relative ID Threshold Dataset
Performance (%) | percentile | CIFAR100 SVHN DTD Tiny-Imagenet
Zero Loss 1.0 0.36+0.11 0.44+0.29 2.64+1.24 0.77£0.21
0.999 3.53+0.72 6.12+3.12 13.2943.19 6.59+1.06
0.995 10.09+0.53 19.55+4.81 | 27.06+3.19 17.12+0.92
99 0.99 13.38+1.17 | 26.66+5.58 | 32.79+3.19 22.05+1.18
0.95 12.70£0.62 | 25.59+5.43 | 29.99+2.55 20.68+0.71
0.90 10.53+0.19 21.02+3.92 | 21.94+0.91 16.05+0.67
0.999 4.40+0.77 7.89+3.12 15.59+3.15 8.22+1.14
0.995 13.80+£1.17 | 27.53+£5.99 | 33.30+3.54 22.65+1.26
95 0.99 21.79+0.75 | 43.97+7.51 | 45.43+3.45 33.36+1.15
0.95 42.34+0.93 | 74.11+5.87 | 66.80+2.70 57.21+2.36
0.90 40.90+1.22 72.58+5.89 65.49+3.24 55.75+2.49
0.999 4.77+0.73 8.64+3.25 16.46+3.12 8.82+1.09
0.995 15.08+1.12 30.17+£6.02 | 35.20+3.59 24.45+1.37
90 0.99 23.61+0.90 | 47.43+7.92 | 46.87+3.54 35.70+1.06
0.95 54.43+0.93 | 85.37+3.36 | 76.86+3.18 68.97+1.62
0.90 61.95+0.69 | 90.42+2.18 | 82.23+2.53 75.62+1.32

TABLE 5.4: Adversarial detection results for selected thresholds. We show results for a variety

of relative ID accuracies.

Adversarial Detection Performance (%)

Relative ID Threshold €
Performance (%) | percentile 0.0 0.1 0.2 0.3
Zero Loss 1.0 93.26+0.29 | 30.41+1.90 19.81+3.32 23.40+8.90
0.999 93.36+0.30 33.37+£2.19 32.57+48.19 43.48+16.57
0.995 93.59+0.30 | 38.18+2.23 | 45.64+8.66 60.63+14.24
99 0.99 93.74+0.29 | 40.54+2.04 | 50.85+8.66 | 66.79+12.96
0.95 93.72+0.29 39.77+£1.96 47.51+7.65 61.52+10.93
0.90 93.68+0.29 | 37.69+1.59 | 38.34+4.97 47.47+7.83
0.999 93.39+0.30 | 34.14+2.39 | 35.06+8.88 46.68+16.78
0.995 93.75+£0.29 | 40.794+2.20 | 51.37+8.67 67.23+13.16
95 0.99 94.12+0.29 | 45.83+1.88 | 60.47+7.38 76.79+9.34
0.95 95.30+0.27 | 58.47+2.24 | 76.93+5.32 | 90.71+3.39
0.90 95.21+£0.25 | 57.70+2.10 | 75.96+5.52 90.11+3.72
0.999 93.40+0.29 | 34.36+2.38 | 35.68+8.95 47.34+£16.79
0.995 93.81+£0.29 | 41.52+2.21 52.75+8.69 68.79+12.71
90 0.99 94.22+0.27 | 46.97+£1.97 | 62.22+7.09 78.51+£8.53
0.95 96.20+0.17 | 66.26+1.81 | 84.37+3.66 94.72+2.18
0.90 96.88+0.23 | 71.15+1.93 | 87.96+2.88 | 96.41+1.51

We find the most liberal exiting policies allow for up to 90% of the OOD samples to be de-
tected. Whilst a relative performance drop of 1% allows for 10-30% of the OOD inputs to be

detected, depending on the dataset. Table 5.4 shows similar results for adversarial data.

Since adversarial perturbation is not guaranteed to result in an incorrect classification, like
OOD data, rather than denoting the raw detection accuracy, we detail the inference accuracy.
That is, we allow the KNN classifier to predict the correctness of the output, as opposed to

the origin of the input.

We again find a §=0.99 is the most effective. There is very little drop in relative performance

at an € of 0.0, which is likely due to the base classifier achieving ~95% accuracy. However,
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FIGURE 5.12: Accuracy change is denoted by the distance between the curves on the y axis,
and power improvement by the difference on the x axis. The shaded area represents the
improvement made over the conventional algorithm.

this performance drops as € increases, before rising again. At higher perturbation levels, we
find over 30% of these inputs can be classified, with no performance drop in the classifier.
Allowing a 1% drop increases this detection accuracy to ~80%. Detection accuracy peaks at

~86% when relative performance is at 90%.

To better understand the performance gains this gives rise to, we analyse the power savings
and accuracy benefits from the operating range curves shown in figures 5.10 and 5.11. We
can record accuracy increases, and power increases, by taking the difference in these values

from the figures. This is demonstrated in figure 5.12.

We record the maximum increases in each of these metrics for our exit policies. These values

are shown for OOD data and adversarial data in tables 5.5 and 5.6, respectively.

For OOD data we find the highest peak accuracy gains are made in 6 = 0.99 and 6 = 0.95
thresholds, depending on the dataset. It should be noted, however, that from figure 5.10 it
is evident the = 0.99 policy can make similar accuracy gains without moving far from the
maximum accuracy of the base model. Peak performance gains are achieved by the least
stringent detection threshold of § = 0.90 but accuracy values show this is at the expense of

decreased ID performance.

In the adversarial test, we find that the top performing detection threshold is dependent in
some part on the test data. In this experiment, the 6 = 0.995 threshold is marginally better
than the 6 = 0.99 threshold. Once again, in figure 5.11, it is evident the 0.99 policy makes
similar accuracy gains without compromising maximum ID accuracy. Peak gains are again
achieved by the least stringent detection threshold: § = 0.90, at the expense of decreased

performance.
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TABLE 5.5: Peak improvements made by the early exiting algorithm on 2, for a number of

different OOD datasets, when compared to conventional early exiting algorithms. We com-

pare a number of different detection thresholds, peak accuracy and power improvements
are shown. We highlight the best performing values for each dataset.

Peak Improvement (%)

Detection Improvement Dataset
Threshold CIFAR100 SVHN DTD Tiny-Imagenet
1.0 Acc 0.18+0.01 0.23£0.19 1.00+0.52 0.45£0.18
Power 0.08+0.03 0.11+0.07 0.80+0.39 0.20+0.06
0.999 Acc 1.97+0.51 4.03£2.50 4.83+1.38 3.92+0.66
Power 0.75+0.12 1.62+1.04 2.41+0.57 1.49£0.25
0.995 Acc 5.69+0.55 10.96+3.04 8.97+0.76 9.35£0.96
Power 2.7940.25 6.13+2.05 5.78+0.57 4.76£0.57
0.99 Acc 8.56+£0.60  13.91+2.27 10.74%0.50 11.87+0.94
Power 4.84+0.19 10.24+2.31 8.44+0.37 7.64£0.67
0.95 Acc 9.04+1.60 7.20+£1.68 9.06£1.59 8.24+2.04
Power 14.77+0.40  24.43+1.47  18.5240.59 19.62+1.20
0.90 Acc -0.75+2.24  -4.80+2.36 0.89+2.03 -1.81+1.66
Power 22.67+0.66 31.44+1.91 25.30+0.63 27.72+1.26

TABLE 5.6: Peak improvements made by the early exiting algorithm on 2, for a number

of different e values, when compared to conventional early exiting algorithms. We com-

pare a number of different detection thresholds, peak accuracy and power improvements
are shown.

Peak Improvement (%)

Detection Improvement €

Threshold 0.0 0.1 0.2 0.3
1.0 Acc 0.00+0.00 0.66+0.34 5.31+3.04 9.24+5.39
Power 0.00+0.00 0.314+0.15 3.07+£1.85 6.99+4.48
0.999 Acc 0.16+0.01 4.14+1.77 12.64+3.45 15.44+4.10
Power 0.14+0.00 1.61+0.75 7.63+3.73 13.06+5.82
0.995 Acc 0.62+0.08 8.67+1.28 15.90+1.83 16.52+1.95
Power 0.70+0.01 4.44+1.10 14.23+4.05 21.78+5.13
0.99 Acc 1.52+0.14 10.88+1.12 15.46+1.83 15.11+2.01
Power 1.37+0.01 6.87+1.18 18.22+3.68 26.11+3.95
0.95 Acc 3.34+0.36 8.61+1.98 5.90+2.64 4.16+1.74
Power 6.42+0.04 17.51+1.35 30.01+2.58 35.74+1.69
0.90 Acc 1.05+1.00 -1.51+2.23 -6.75+1.49 -6.75+1.49
Power 12.20+0.11  25.46+1.51 36.39+1.75 40.33+0.84

All recorded results were averaged over 5 runs of the experiment, each trained from random
initialisations. Results using CIFAR100 as the ID dataset are also collected, instead treating
CIFAR10 as OOD. We show AUROC results for the branched network on adversarial data,
comparing against various benchmarks. This is shown in table 5.2. We find our method is

most competitive at higher perturbation values.

AUROC readings are shown for OOD data below in table 5.7, compared with the benchmarks
we could find in the literature. We again find that we get competitive results when this dataset

is used as ID.

We take the same readings for the adversarial data in table 5.8. We find our algorithm gets

competitive results at higher perturbation values.
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TABLE 5.7: Table showing the AUROC for each branch given different OOD datasets. The
best performing branch for each dataset is highlighted. Recent benchmarks are shown.
The mean and standard deviation are taken over 5 runs, and CIFAR100 was used as the ID

dataset.
AUROC
Dataset
Branch/Benchmark CIFARI0  SVHN DID  Tiny-Imagenet
1 0.59£0.00 0.74£0.05 048£0.02  0.55+0.02
2 0.5940.01  0.81£0.03 0.80£0.03  0.76+0.03
3 0.624£0.02 0.91£0.02 0.90+0.01  0.81+0.01
4 0.75:+0.01 0.81£0.02 0.85:0.01  0.83+0.01
UDG Yang et al. (2021a) 0.76 0.88 0.80 0.77
RegMixup Pinto et al. (2022) 0.81 0.89 - 0.83

TABLE 5.8: Table showing the AUROC for each branch given different perturbation values

for adversarial data, with a model trained on CIFAR100. The best performing branch for

each dataset is highlighted for each value of €. We omit the results for €=0, since the data is
unperturbed in this range. We use the benchmark results reported in Zhang et al. (2022).

AUROC

€

Branch 0.03 0.07 0.1 0.13 0.17 0.2 0.23 0.27 03

1 0.54+0.01 0.57+0.01 0.58+0.01 0.56+0.03 0.54+0.01 0.53+0.02 0.53£0.02 0.52+0.03 0.53+0.04
0.58+0.00 0.69+0.01 0.77+0.02 0.84+0.03 0.88+0.03 0.91+0.04 0.93+0.04 0.94+0.04 0.95+0.04
0.58+0.01 0.67+0.01 0.75+0.01 0.82+0.01 0.88+0.01 0.92+0.01 0.95+0.00 0.96+0.00 0.97+0.00
0.59+0.01 0.68+0.01 0.75+0.01 0.81+0.01 0.85+0.01 0.88+0.01 0.91+0.02 0.92+0.02 0.93+0.02

W N

SPBAS Katzir and Elovici (2019) - - - - - - - - 0.51
ML + LOO Yang et al. (2020) - - - - - - - - 1.00
KD + BU Feinman et al. (2017) - - - - - - - - 0.98
LID Ma et al. - - - - - - - - 1.00

MAHA Lee et al. (2018) - - - - - - - - 1.00

We also present the OOD detection accuracy in table 5.9. We find more modest detection
accuracies with this ID dataset, however, there can still be high detection accuracy with a

small drop in relative ID accuracy.

We repeat the experiment for adversarial data, instead allowing the algorithm to classify the
correctness of the classification. These results are shown in table 5.10. We find the base
model could have been better optimised on the target dataset, however we find similar find-
ings to that when training on CIFAR10. Detection performance is maximised when the ad-

versarial perturbation is maximised.

We record additional peak improvements, with CIFAR100 as the ID dataset, we show this in
table 5.11. The improvements are lower when CIFAR100 is the ID dataset, however, we still
find ~20% power can be saved, or ~15% accuracy improvements can be made. We generally

found the more liberal exit policies performed slightly better in this experiment.

We take the same readings for the adversarial tests using the CIFAR100 dataset, these are
shown in table 5.12. We again find that the more liberal exit policies perform better on this
dataset. We find that a ~24% accuracy improvement can be made over conventional exiting

algorithms, or a ~29% power improvement.
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TABLE 5.9: OOD detection results for various OOD datasets, with CIFAR100 as ID. Relative

ID accuracy is shown, and we enter results for a number of different detection percentile

thresholds. We take the mean and standard deviation over 5 runs. That is, we record the
results from 5 models trained from different random initialisations.

OOD Detection (%)

Relative ID Threshold Dataset
Performance (%) | percentile CIFAR10 SVHN DTD Tiny-Imagenet

ZeroLoss 1.0 0.09+0.08 0.08+0.04 3.19+1.60 0.39+0.29
0.999 0.39+0.12 0.97+0.46 9.95+1.58 1.75+0.40

0.995 1.53+£0.12 5.43+2.90 20.36+1.81 5.24+0.67

99 0.99 2.19+0.31 7.35£3.43 | 24.14+2.37 7.09+1.11
0.95 2.41+0.30 8.30+3.86 | 21.55+1.46 7.31+0.94

0.90 2.42+0.21 7.4742.70 16.46+1.35 6.59+0.63

0.999 0.58+0.15 1.91+1.18 12.53+1.69 2.44+0.56

0.995 2.59+0.24 9.09+4.25 26.66+1.12 8.26+0.71

95 0.99 4.63+0.41 15.54+6.61 | 34.68+1.11 13.37£1.10
0.95 11.87+0.74 | 34.38+7.97 | 51.79+1.72 27.54+1.54

0.90 11.67+£0.66 | 34.06+8.39 | 55.39+1.13 27.28+1.54

0.999 0.65+0.14 2.43+1.59 13.60+1.56 2.76+0.56

0.995 3.06+0.33 10.63+4.84 | 28.59+1.39 9.51+0.94

90 0.99 5.50+0.50 18.16+£7.30 | 37.47+1.19 15.43+1.30
0.95 19.13+1.01 | 49.24+8.68 | 62.67+1.41 39.30+1.68
0.90 22.90+1.50 | 55.76+8.28 | 66.93+1.48 44.47+2.29

TABLE 5.10: Adversarial detection results for selected thresholds. We show results for a va-
riety of relative ID accuracies. We take the mean and standard deviation over 3 runs, the ID

data the model is trained on is CIFAR100.

Adversarial Detection Performance (%)

Relative ID Threshold €
Performance (%) | percentile 0.0 0.1 0.2 0.3
Zero Loss 1.0 72.87+0.24 14.19+0.62 6.63+0.60 7.15+2.06
0.999 72.98+0.23 14.87+0.60 12.42+42.43 20.66+6.96
0.995 73.2610.22 17.18+£0.71 26.17+6.13 43.531+9.88
99 0.99 73.45+0.23 18.43+0.96 | 31.35+7.32 | 51.04+11.35
0.95 73.49+0.27 | 18.77+0.76 | 29.59+4.96 44.34+7.79
0.90 73.49+0.25 | 18.54+0.72 23.56+3.14 31.65+4.63
0.999 73.03+0.24 15.27+0.67 15.38+2.89 26.69+8.09
0.995 73.56+0.25 19.25+0.90 34.59+6.41 55.52+10.26
95 0.99 74.08+0.26 | 23.06+1.12 | 46.66+7.15 68.79+9.62
0.95 75.90+£0.40 | 34.21+1.94 | 66.83+7.91 85.62+6.96
0.90 75.85+£0.41 34.02+1.86 | 66.57+7.60 85.36+6.71
0.999 73.05+0.23 15.45+0.73 16.67+2.89 28.61+8.22
0.995 73.67+£0.27 | 20.18+1.06 | 37.70+6.76 59.35+10.52
90 0.99 74.34+£0.23 | 24.70+1.27 | 50.44+7.52 72.58+9.07
0.95 77.58+0.39 | 43.63+2.34 | 77.03+£6.65 91.72+4.52
0.90 78.52+0.41 | 47.71+2.72 | 80.25+6.40 | 93.30+3.96
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TABLE 5.11: Peak improvements made by the early exiting algorithm on &, for a number of
different OOD datasets, when compared to conventional early exiting algorithm. We com-
pare a number of different detection thresholds, peak accuracy and power improvements
are shown. We highlight the best performing values for each dataset. We take the mean and
standard deviation over 5 runs of the experiment, CIFAR100 is used as the ID dataset.

Peak Improvement (%)

Detection Improvement Dataset
Threshold CIFAR10 SVHN DTD Tiny-Imagenet
1.0 Acc 0.01+0.01 0.00£0.00 0.31£0.15 0.02+0.03
Power 0.02+0.01 0.01+0.01 0.40+0.18 0.02£0.02
0.999 Acc 0.23+0.08 0.57+0.53 2.51+0.22 0.77+£0.22
Power 0.17+0.01 0.41£0.26 1.66+0.17 0.41+0.05
0.995 Acc 0.97+0.03 3.49£1.60 6.26+0.22 3.35£0.70
Power 0.91+0.05 1.84+0.71 4.10+0.37 1.89+0.29
0.99 Acc 1.994+0.32 5.34+2.45 8.31+£0.55 5.9240.99
Power 1.74+0.06 3.31+1.01 5.99+0.32 3.42+0.37
0.95 Acc 14.74+1.94  9.06+1.59 12.54+0.88 13.84+0.72
Power 7.86+0.23 12.63+£1.23  14.1440.63 12.04+0.79
0.90 Acc 9.92+0.33  16.76+2.16 11.81+0.46 14.81+0.49
Power 22.55+1.88 25.30+0.63 20.64+0.69 19.73+0.91

TABLE 5.12: Peak improvements made by the early exiting algorithm on 2, for a number

of different e values, when compared to conventional early exiting algorithms. We com-

pare a number of different detection thresholds, peak accuracy and power improvements

are shown. We take the mean and standard deviation over 5 runs, trained on CIFAR100
dataset.

Peak Improvement (%)

Detection Improvement ¢
Threshold 0.0 0.1 0.2 0.3
1.0 Acc 0.00+0.00 0.02+0.03 0.17+0.21 0.61+£0.43
Power 0.00+0.00 0.02+0.02 0.14+0.12 0.48+0.36
0.999 Acc 0.08+0.02 0.46+0.16 4.29+1.22 8.35+2.43
Power 0.14+0.00 0.32+0.07 1.97+0.48 3.98+1.09
0.995 Acc 0.47+0.03 2.66+0.60 12.73+3.62 19.02+3.70
Power 0.68+0.01 1.60+0.28 6.81+1.76 10.86+2.40
0.99 Acc 1.14+0.29 4.89+1.22 17.49+3.08  22.84+3.01
Power 1.33+0.01 3.04+0.37 10.14+2.04 14.66+2.62
0.95 Acc 4.66+0.62 13.00+£1.22  21.73+1.73 23.67+0.81
Power 6.23+0.05 11.57+1.06  20.21+2.71 23.40+2.87
0.90 Acc 6.47+0.04 14.47+0.49 17.47+0.88 17.53+1.52
Power 11.88+0.09 19.31+1.18 25.91+2.31 27.95+2.29

It is worth noting that these results, and those that follow in section 5.3, assume a classifica-
tion cost which is negligible when compared to that of the neural network backbone. The cost
of the KNN classifier scales proportionally to the dimensionality of the input, the number of
samples in the training set, and in the simple case, the number of neighbours, k. The most
prohibitive of these in our case being the dimensionality (between 64 and 512 depending on
the branch) and the number of samples (5000 for CIFAR datasets). Hence in this prototypi-
cal setting, using a KNN classifier may incur a performance impact which is not reflected in
these results. However, compressing the embedding space and selecting representative sam-
ples in the validation set for use in the KNN algorithm, will reduce these costs. Furthermore,

we encourage future work to introduce improved OOD detection mechanisms to this setting.
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We now shift our attention towards forms of early exit rejection which can be used in the
absence of unclassifiable data. That is, a form of rejection which can be applied within the

class distribution of the training data.

5.2 Using Hierarchies in the Label Structure

In the previous section information regarding the embedding space was considered in the
inference process. Here, we consider how additional information in the labels can be in-
corporated in the inference process. For example, two animals are likely to be closer to one
another in the embedding space and therefore confused for one another than an animal and
a vehicle. Hence, initial predictions can utilise the intra-label relationships to better under-

stand the likelihood of the final label being of a given category (e.g. animals or vehicles).

This section once again addresses the literature gap of Exploring Progressive Intelligence Sys-
tems, Introducing New Early Exiting Mechanisms. In doing so, we make the following contri-

butions:

Branched Neural Networks Intrinsically Learn Hierarchies We revisit hierarchicallylabelled
datasets, now focusing on the tangible benefits of them. That is, we look at the accu-
racy change when training with the label hierarchy vs when just using the fine-grained
labels.

Introduce Class-Aware Early Exiting We introduce a new early exit policy which operates in
a test environment where some classes within the trained distribution take precedence
over others. This is adaptable at inference time and we report the performance gains

that can be achieved when performing class-aware early exiting.

Introduce a New Hierarchically Labelled Dataset We introduce a new variation of the tiered-
Imagenet dataset, collecting all of the inputs into a single dataset. Furthermore, we

define new coarser grained labels, creating 3 classes: Animal, Object, Other.

First we consider hierarchical datasets within the field as possible starting points, then an

inference process is shown which uses them at inference time.

5.2.1 Hierarchical Datasets

There are a number of datasets in the field, which have an inherent hierarchy. For example,
the commonly used benchmark in the field CIFAR10/100 has an inherent label hierarchy.

Though the dataset does not explicitly have a hierarchical label structure, one is implied and

can be developed using the ‘fine’ label names: [airplane, automobile, bird, cat, deer, dog,
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frog, horse, ship, truck]. The inferred three-tier (coarse, middle, fine) CIFAR10 hierarchy is
described in figure 5.13.

Since the dataset is balanced at the fine level with 6000 images for each class, the only imbal-
ance is introduced at the coarse level of hierarchy, due to the animal class having six of the

ten fine-grained classes.

animal vehicle
] T N
other medium-mammal large-mammal other land-vehicle
/NN /\ / N\ /N
bird frog cat dog deer horse airplane ship automobile truck

FIGURE 5.13: Three-tier hierarchy of CIFAR10. On the upper row we report the two coarse
classes, while at the middle and last row we have the middle and fine levels of granularity,
respectively.

There is also a hierarchy in the CIFAR100 dataset, at the coarse level this is defined by the
dataset, with 100 fine-level classes, and 20 coarse-level classes. In a similar fashion as above,
we can introduce a further coarse class collecting the dataset into coarser classes. Due to
the small size of the images and the low sample count, initial experiments can be developed

using these datasets, before moving onto the larger and more representative datasets.

There are a multitude of other datasets in the field which have a well defined, and more im-

portantly, explicitly labelled hierarchy, we discuss a number of them below.

tieredlmageNet This is a subset of the ImageNet dataset, which groups classes into broad
categories corresponding to higher-level nodes in the ImageNet hierarchy. It is generated
using the ImageNet dataset, where inputs are sampled from certain categories and down-
sampled, much like minilmageNet. There are utilities available on Github which can help
generate the dataset. All inputs are of equal size, and there is no class imbalance at the fine
label level. This means the dataset will be quicker to train on, and that class imbalanced can

be manufactured in a more controlled fashion. (Ren et al., 2018)

iNaturalist This is a species classification dataset, which uses the natural hierarchy of ani-
mal/plant species to arrange its classes. It can be downloaded freely from the its website and
has bounding boxes as well as classification labels. There is a large amount of class imbalance
in this dataset, but it is a rich dataset with lots of classes. The imbalance is present both at the
fine-grained level, and the coarser grained level. This will make it a suitable dataset to test
the impact of limited amounts of data on certain classes. For out-of-distribution samples,
there is ample opportunity to remove some of the classes in a given super-class, or remove a

superclass entirely, in order to test different levels of robustness to out-of-distribution data.
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Furthermore, the underrepresented classes can be used to organically analyse the perfor-

mance a model can achieve on classes with limited examples. (Van Horn et al., 2018)

Caltech256 This is an old object detection dataset, which has an inherent class hierarchy.

It has more levels of hierarchy than other datasets, but fewer instances in total. (Griffin et al.,

2007)

CompCars A car classification dataset which splits its inputs into manufacturers, models,

car types, and also year. Presenting a versatile and complex classification task. The images

are both stock images, and CCTV captured images of the vehicles. There is class imbalance

present at all levels of hierarchy (Buzzelli and Segantin, 2021). This dataset was also revisited

in a recent paper by Buzzelli and Segantin (2021), where they adapted the train-test split in

the data so it was more representative of real-world data.

RPC Retail Product Classification dataset is a hierarchical dataset containing retail prod-

ucts for automatic classification when going through the checkout. There are bounding box

scenes as well as single object images. (Wei et al., 2019)

FGVC-Aircraft Similar to the CompCars dataset, this is an aircraft dataset which splits its

inputs into manufacturers, families, and variants. (Maji et al., 2013)

VegFru A fruit and vegetable classification dataset containing fruit and vegetables of a va-

riety of different types. It can be split further into fru92 and veg200 containing 92 and 200

classes respectively. (Hou et al., 2017)

Below is a table breaking down each dataset, giving the number of classes, levels of hierarchy,

number of instances, class imbalance, whether or not is has bounding boxes, and the input

resolution if known.

| Dataset “ No. Classes [ Levels [ N [ Class Imbalance [ Bounding Boxes [ Resolution ‘
CIFARI10 10 1(3) 50,000 In coarse labels 32x32
CIFAR100 100 2(3) 60,000 In coarse labels 32x32
tieredlmageNet 608 2 779,165 In coarse labels 84x84
iNaturalist 5089 2 579,184 In all labels Yes mixed
Caltech256 256 3-6 30,607 In all labels mixed
CompCars Dataset || 4455 3 136,7275 | In all labels Yes mixed
RPC 200 2 53,739 In all labels Yes mixed
FGVC-Aircraft 100 3 10,000 In coarse labels | Yes not reported
Veg200 200 2 91,117 In all labels not reported
Fru92 92 2 69,614 In all labels not reported

TABLE 5.13: Comparison list of datasets and their various properties. In brackets we denote
inferred values when adding levels of hierarchy.
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Upon reviewing these datasets, the two most appropriate datasets to intitially test with are
tieredlmageNet, and iNaturalist, as both of these datasets have a large number of classes, a

large number of instances, and have a rich hierarchy.

Due to tieredlmageNet’s consistent and relatively small resolution, this would be a good dataset
to perform experiments with, that will produce more representative results. However, to ob-
tain an understanding of how long each model will take to train and produce a proof of-
concept, it may be more suitable to perform initial experiments on CIFAR datasets, namely
CIFAR100 due to its slightly richer hierarchy.

5.2.2 Using Hierarchies at Inference Time

The additional information provided in hierarchical datasets inform the user and the system
about how classes are organised. This can be used to help indicate what the likely final classi-
fication is going to be. For example, if at the first exit the model predicts animal classes such
as 'dog’, 'horse’, 'deer’, whilst the classification itself might not be confident, it can be inferred
with high confidence that it is going to be an animal, and with reasonable confidence that
it will be a large mammal. Conversely, this also means the system can rule out other groups
of classes, such as vehicles and buildings. Without this information embedded into the in-
ference method, it becomes more difficult for the machine learning system to rule out such

classes. Or rather, it becomes easier to group noteworthy classes at run-time.

We produce a proof of concept inference system which performs early exiting when the prob-
ability of a target class is not high enough, we call this inference class-rejection inference. For

now we can simply take the sum over the target class probabilities in the output distribution,

C
=) Pche (5.2)

where ¢ refers to a one-hot encoded vector denoting the target classes, that is a vector is of
length C where 1 denotes an important class and 0 otherwise. The probability of class c is
denoted by p.. We can also express this as an inner product,

r,=PT®,

where the capitalised symbols refer to their lower-case equivalents in equation 5.2. Hence,

P = ,, the model output at branch b. ® is the same one-hot encoded vector.

To incorporate this concept into an early exiting system we combine the class-based early
exit rejection with the confidence-based early exit classification. This inference algorithm is

described in algorithm 5.

Here target_prob refers to the target class probability which is used to determine how likely

the final classification is to be among the target classes.
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Algorithm 5 Class-reject early exiting algorithm

1: procedure EARLY EXITING INFERENCE WITH CLASS-REJECT(f, X, @,7Y)
2:  Load model: f
3: Read data and Thresholds: X, (a,y)

4: for xe X do > For all inputs in the test set
5: for branch b€ B do > For all branches in model
6: ¥p = argmax(fp(x)) > Calculate branch prediction
7: xp = confidence( f3(x)) > Calculate classification confidence
8: rp = target_prob(f;(x)) > Calculate target class probability
9: if x; = a then > Check classification condition met
10: return j, > Return classification if confident
11: end if
12: if r, <y then > Check rejection condition met
13: return jy, = -1 > Return nil classification
14: end if
15: end for > Full inference used without early exit
16: xp = confidence(fp(x)) > Calculate final confidence for completeness
17: g = argmax(fp(x))
18: return yp > Return final output
19: end for > Move to next input

20: end procedure

This algorithm is trialed on the CIFAR100 dataset, we initially use 3 coarse classes: Animal,
Object, and Other. We vary (normalised) entropy and target class probabilty thresholds be-
tween 0 and 1 and record the power usage of the model. Much like in the previous section
where we only record accuracy on the in distribution data, here we record accuracy on farget
classes. The results are shown in figure 5.14. We find that the models accuracy is quite low
in the early branches for the animal classes, however in this subset there are more classes.
In the ‘other’ subset the accuracy is much higher but it contains a smaller distribution of the
classes. We find in all subsets that when the target classes fall into a hierarchical category the
model can achieve greater accuracy earlier in the power-range. This improvement is gained

through early exit rejection.

Since these distributions overlap completely in their operating range, we also analyse the
performance of the algorithm using the AUC metric. For each target class group we normalise
the accuracy range they operate in between 0 and 1, we then do the same for the power range,
giving us a normalised AUC measurement. The results of this are shown in table 5.14. We find,
as figure 5.14 suggests, that the greatest increase in performance is attained on the other class.
However, significant performance improvement is also seen on the object class. In no case
does the use of class-based rejection lower accuracy, or indeed the AUC measurement of the

operating curve.
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FIGURE 5.14: Operating ranges for class-based rejection in 3 branch ResNet. The model is
trained on CIFAR100 data with 3 levels of hierarchy. Data is collected on the validation set
over 5 runs, the shaded area denotes the standard deviation across these, and the data itself

the mean.

TABLE 5.14: Normalised AUC measurements comparing class-reject inference to standard
inference methods, when looking at target-class accuracy on the CIFAR100 dataset with hi-
erarchically defined classes. Percentage increase is shown in the right-hand column, the
class-reject inference performs best on the other class hierarchy relative to standard infer-

ence.

Target Class

Normalised AUC

Standard Class-Reject %)

Animal 0.8501+0.0006 0.8675+0.0001  2.04+0.06
Object 0.7698+0.0014 0.8688+0.0012 12.86+0.06
Other 0.7658+0.0003  0.953+0.0002  24.43+0.08

To further understand the generalisation of this technique we analyse the performance on

the tieredImagenet dataset. These results are shown in figure 5.15 and AUC results are given

in table 5.15. We once again find that the model performs worst on the animal classes in the

initial branch and best in the other classes. However, the final performances on the classes

are much closer to one another. Once again, there is significant improvement in target ac-

curacy for a given power usage when class-based early exit rejection is enabled. The AUC

results are broken down in table 5.15. The other class distribution is most responsive to the

TABLE 5.15: Normalised AUC measurements as in table 5.14, this time with the model

trained on the tiered-ImageNet dataset.

Target Class

Normalised AUC

Standard Class-Reject %)

Animal 0.5731£0.0003 0.7962+0.0003 38.94%0.12
Object 0.6353+0.0011 0.7258+0.0007 14.25+0.07
Other 0.5738+0.0012 0.8845+0.0004 54.16+0.39
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new inference technique, improving on AUC measurements by over 50%. In this dataset the

animal class also performs well attaining ~40% improvement.

Hence, class-based rejection is an effective method of improving performance on a target

class at inference time, given a specific inference budget. To understand the impact of the

class hierarchy, we analyse random distributions of target classes on each dataset. First we
use CIFAR100, these results are shown in table 5.16. We find that the utility of class-based

TABLE 5.16: Normalised AUC measurements comparing class-reject inference to standard
inference methods on the CIFAR100 dataset with randomly assigned target classes of dif-
fering percentages of the class distribution. Percentage increase is shown in the right-hand
column, class reject improvements are greater when there are fewer classes in the target-

class distribution.

N Classes (%)

Normalised AUC

Standard

Class-Reject

1 (%)

1.0
5.0
10.0
25.0
50.0
75.0
90.0
95.0
99.0

0.8129+0.0001
0.8165+0.0011
0.8142+0.0004
0.8113+0.001
0.8114+0.0007
0.8128+0.0007
0.8114+0.0003
0.8116+0.0003
0.8118+0.0004

0.9732+0.0

0.924+0.0005
0.8878+0.0004
0.8435+0.0003
0.8187+0.0005

0.813+0.0007
0.8114+0.0003
0.8116+0.0003
0.8118+0.0004

19.72+0.02
13.17+0.21
9.04+0.11
3.97+0.09
0.89+0.02
0.04+0.01
0.0£0.0
0.0£0.0
0.0£0.0

rejection quickly decreases at a target class percentage of 50% the improvements approach

zero. The gains seen in the previous experiments are only seen at very low percentages, when

a handful of classes are prioritised over the others in the 100 class dataset.
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This suggests that not only is the class-based reject best used on hierarchically labelled datasets,
but also that the models typically have an intrinsic understanding of the hierarchy. That is,
when the model is predicting a specific class, the other classes predicted by the model are

from within the same super-class, lending itself to class-based early exiting.

However, it is worth highlighting, even with random target class distributions, the early ex-
iting algorithm never lowers the target class accuracy at a given power value. To further un-
derstand the impact of the hierarchy, we compare percentages similar to that of each target
class. That is, for target class distributions in the hierarchy we sample the same percentage of
random classes to compare performance increase when using hierarchically defined target
classes. The results of this are shown in table 5.17. We find there is significant improvement
TABLE 5.17: Class-based reject AUC improvements comparing hierarchically defined

classes against randomly assigned classes of the same class-counts. Difference denotes the
absolute change in improvement, model is trained on CIFAR100.

Class-Based Improvement (%)

Target Class (%) 1 Difference

Random Hierarchical
Animal (50.0) 0.83+0.02 2.04+0.06 1.214+0.04
Object (40.0) 1.76+0.03 12.86+0.06 11.1+0.03
Other (10.0) 9.25+0.06 24.43+0.08 15.1840.02

between the random distributions, this time measuring the absolute increase between per-
centages. We find that whilst the increase is minimal when comparing to the animal distri-
bution, there is still an increase in accuracy across the operating range. The greatest increase
is seen in the lowest percentage, which should be expected since for a balanced dataset there

are larger proportion of inputs for which early exiting can take place.

We again repeat the random target experiment for the new tieredlmagenet dataset. We find
similar results, with all random sample distributions shown in table 5.18 and direct compar-
isons with hierarchical classes in table 5.19. Once again, the most performant early exiting

TABLE 5.18: Normalised AUC measurements comparing class-reject inference to standard
inference methods with randomly assigned target classes as in table 5.16 this time on tiered-

ImageNet.
Normalised AUC
N Classes (%) Standard Class-Reject (%)

1.0 0.5955+0.002  0.9116+0.001 53.08+0.7
5.0 0.5996+0.0005 0.7833+0.0005 30.63%+0.19
10.0 0.6004+0.0 0.7205+0.0009 20.01+0.16
25.0 0.5986+0.0003 0.6507+0.0005 8.72+0.03
50.0 0.5994+0.0011 0.6016+0.0012 0.3710.0
75.0 0.5984+0.0005 0.5984+0.0005 0.0+0.0
90.0 0.5987+0.0007 0.5987+0.0007 0.01+0.0
95.0 0.5988+0.0006 0.5988+0.0006 0.0+0.0
99.0 0.5989+0.0006 0.5989+0.0006 0.0+£0.0
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takes place on the lowest class percentage, and at ~50% the gains from class-based rejection
are negligible. We do find that on the tieredImagenet dataset, the improvements are greater
than those which can be achieved on the CIFAR100 dataset. When making a direct compari-
son to the specific classes, we find that the hierarchical classes allow for a great improvement
over the random class distributions, in the animal and other distributions, the improvements

are over 30%. In all experiments, we find the other subclass allows for the most successful

TABLE 5.19: Randomly assigned target classes vs hierarhically defined target classes, as in
table 5.17, this time using the tiered-ImageNet dataset.

Class-Based Improvement (%)

Target Class (%) 1 Difference

Random Hierarchical
Animal (40.8) 5.0+£0.01 38.94+0.12 33.94+0.11
Object (45.1) 1.974+0.05 14.2540.07 12.28+0.02
Other (14.1) 14.94+0.04 54.16+0.39 39.26+0.35

class-based early exit rejection. This is likely due to this class being a lower percentage, this
is supported by the random distribution tests; they show that whilst the improvements are
minimised in the random case, the lower percentage of the classes the target distribution

represents, the greater the performance benefits.

This section has defined class-based rejection, an inference policy which uses hierarchical
label information to infer the probability of an input being in the target class distribution.
We evaluate this approach, and find that even in the event that these target classes are ran-
dom, class-based early exiting can provide inference cost savings. When the target classes are
defined using the hierarchy, this performance benefit increases dramatically in most cases.
To confirm this is not down to class counts, we also analyse random distributions of the same
size as the hierarchically defined class distributions and confirm hierarchically defined class
distributions perform significantly better than those of the same percentage defined ran-

domly.

We use normalised AUC measurements to evaluate the performance of the new inference
technique when compared to conventional early exiting methods. We find that in all cases
class-based techniques outperform standard inference techniques. Leading to increased
progressiveness, that is, improved accuracy given the same power usage or decreased power

usage for a given accuracy requirement.

Now finally, there may exist a use case whereby the target inputs vary at run-time, and there
is also exposure to OOD inputs. We describe this use use case as nested-set inference. In
this scenario it would be beneficial to include both the OOD detection and the class-based

rejection.
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5.3 Nested-Set Inference

To complete our exploration of additional inference mechanisms in branched networks, we
consider nested-set inference. In this paradigm we consider the scenario in which the model
has a target class distribution within its trained classes which can vary at run-time, but also
one where the model is exposed to OOD inputs, which should be rejected. This type of sce-
nario would exist where class-based rejection algorithms are being deployed in unknown or
foreign areas, where the model is likely to encounter unseen types of inputs, if the model is

multi-use, and these are likely to vary at run-time.

This section once again addresses the literature gap of Introducing New Early Exiting Mecha-

nisms. In doing so, we make the following contribution:

Introduce Nested-Set Early Exiting We introduce a new early exit policy which operates in a
mixed-input test environment where some classes within the trained distribution take
precedence over others. This is adaptable at inference time, and we report the per-
formance gains that can be achieved when performing nested-set early exiting when
compared to conventional methods, and when using only one of OOD-Aware early ex-

iting, and class-based early exiting.

5.3.1 Defining Nested-set Early Exiting

The principle of the inference problem is shown in figure 5.16, there are a number of sets
within the input space of the model, each will be nested within one another in the embed-
ding space. In this scenario, the model should be rejecting everything outside of the red circle
in all cases, and classifying everything inside of the green circle according to the particular
use case. The efficacy of the model in separating the class distributions can be likened to the
class-based rejection in the previous section, whereas the overlap of ID and OOD boundaries
will be defined by the OOD-Detection performance from section 5.1. That is, our inference
policy will require two components used in conjunction with one another, one to separate
the ID samples from each other to identify target classes, and another method which iden-
tifies the OOD samples. Both of these systems have been discussed in this chapter, in sec-

tions 5.2 and 5.1 respectively.

In order to prepare a model for such scenarios, we can combine OOD detection in section
5.1 and class-based rejection in section 5.2. This will give the inference algorithm denoted in
algorithm 6. This is simply a combination of algorithms 4 and 5, allowing additional means of
early exiting, this will lead to increased accuracy or decreased power usage at given operating

points.



Chapter 5 Leveraging Additional Information in Progressive Intelligence Systems 133

OOD ID Target

FIGURE 5.16: Nested set inference scenario, where the three splits of input are OOD inputs

shown in grey, ID inputs shown in blue green and orange, then the target classes are shown

in green. The three areas in the embedding space are contained by the red, blue, and green
circles respectively.

Hence, we have a nested-set inference algorithm which functionally is very similar to the
other two inference methods proposed in this chapter, and the way in which they are evalu-

ated will be quite similar. We will discuss this in the next section.

5.3.2 Performance Benefits of Nested-Set Inference

Given its similarity to the previous two inference methods, being a combination of them
both, it follows the best evaluation method is a combination of the previous ones. That is,
to examine our inference methods we once again introduce a mixed input test set as in sec-

tion 5.1, whilst also concentrating on the target class accuracy, as in the previous section.

For example, below we compare all inference policies on a mixed input test set of the CI-
FAR100 test set, and OOD data taken from the CIFAR10 test set, we then target the Object class
from the ID data. We allow all 4 combinations of inference. The inference operating curves
are shown in figure 5.17. We find that the resultant inference mode which is able to operate
on and reject OOD inputs whilst also performing class-based early exit rejection, saves sig-
nificant amounts of power. This allows for an even greater power saving in the mixed-input
test set. In this scenario the nested set inference reaches peak accuracy at roughly the same
power usage of the least conservative conventional early exiting policy. This is due to the

power being saved rejecting OOD inputs, combined with the early exiting from class-based
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Algorithm 6 Nested-set early exiting algorithm

1: procedure EARLY EXITING INFERENCE WITH OOD DETECTION AND CLASS-BASED REJEC-
TION(f, X, @, 0,7, k)

2: Load model: f
3:  Read data, Thresholds, Embeddings, andk: X, (a,6,y), M,k
4: for xe X do > For all inputs in the test set
5: for branch b€ B do > For all branches in model
6: mp = fp-1(x) > Get embeddings
7: ¥p = argmax(fp(x)) > Calculate branch prediction
8: kp = get_knn(my, M;k) > Calculate k nearest neighbour distance
9: rp = target_prob(f;(x)) > Calculate target class probability
10: kappay = confidence(fy(x)) > Calculate confidence
11: ifx, = a then > Check classification condition met
12: return j, > Return classification if confident
13: end if
14: if r, <y then > Check class-based rejection condition met
15: return j, = -1 > Return nil classification
16: end if
17: if k;, = 0 then > Check OOD rejection condition met
18: return y, = -1 > Return nil classification
19: end if
20: end for > Full inference used without early exit
21: Kp = confidence(fp(x)) > Calculate final confidence for completeness
22: yp = argmax(fp(x))
23: return yp > Return final output

24: end for > Move to next input

25: end procedure

rejection, allowing for a more conservative classification policy in the target class distribu-

tion.

Since these distributions do not overlap when analysing them this way, we can instead revisit
the quantification technique from section 5.1, and record the peak improvements in both
the power and accuracy axes. Since there are many combinations of the, target class, OOD
data, and rejection thresholds, we will fix the rejection thresholds at the most successful for
each ID dataset, and reduce the number of OOD datasets to those which are most opera-
tionally similar. Specifically we fix the rejection thresholds at 0.95 and 0.99 for CIFAR100 and
tiered-Imagenet respectively, and drop the SVHN and DTD datasets. Rather than using mini-

Imagenet we use tiered-Imagenet in this instance.
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FIGURE 5.17: Comparing the combination of inference methods, example inference com-
parison using CIFAR100 test set for ID data, and CIFAR10 for OOD data, and the target class
is Object. Lines and shaded regions denote the mean and standard devisation respectively
over 5 runs. Nested set inference, the combination of OOD detection and class-based rejec-
tion, is denoted by the purple line. Peak increases along each dimension are annoted with a
dashed line of the same colour while the solid lines denote the operating curves/ranges.

Tables 5.20 and 5.21 give results with CIFAR100 as the ID dataset, using CIFAR10 and tiered-
Imagenet as the OOD datasets respectively. Then tables 5.22 and 5.23 give results with tiered-
Imagenet as the ID dataset, using CIFAR10 and CIFAR100 as the OOD datasets respectively.

TABLE 5.20: Peak AUC increases for the new early exit reject policies, using CIFAR100 as the
ID data and CIFAR10 as in the OOD data.

Peak Increase (%)

Target Class | Improvement Inference Type
Class-Based OOD-Detection Nested-Set
Animal Accuracy 1.82+0.56 25.22+0.58 26.65+0.44
Power 4.18+1.52 35.25+0.31 35.27+0.28
Object Accuracy 6.50+0.24 18.13+0.28 22.45+0.75
Power 5.88+0.38 35.14+1.24 35.32+0.56
Other Accuracy 10.28+0.63 12.04£0.5 14.93+0.72
Power 10.78+1.1 35.18+1.57 36.79+0.22

For the models using CIFAR100 as the ID dataset, we find that the class-based exiting policy
performs poorly for the animal target class. For the other target classes, there are improve-
ments of over 5% in the object class, and over 10% in the ‘other’ class distribution. The OOD
detection policy performs much better, being permitted to classify the OOD data, with power

savings of over 30% in all target classes. Accuracy improvements are more varied, greatest on
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TABLE 5.21: Peak AUC increases for the new early exit reject policies, using CIFAR100 as the

ID data and tiered-ImageNet as in the OOD data.

Peak Increase (%)

Target Class | Improvement Inference Type
Class-Based OOD-Detection Nested-Set
Animal Accuracy 1.82+0.56 26.38+0.5 27.08+0.55
Power 4.18+1.52 35.20+0.44 35.23+0.39
Object Accuracy 6.50+0.24 20.17£0.52 22.91+0.79
Power 5.88+0.38 35.06+1.46 35.341+0.51
Other Accuracy 10.28+0.63 12.98+0.65 14.65+0.91
Power 10.78+1.1 35.09+1.95 35.94+0.53

the Animal target class, and lowest on the ‘other’ class. In all experiments we find the Nested-

Set inference policy performs the best. These findings are largely repeated when using CI-

FAR10 as the OOD dataset.

TABLE 5.22: Peak AUC increases for the new early exit reject policies, using tiered-ImageNet

as the ID data and CIFAR10 as in the OOD data.

Peak Increase (%)

Target Class | Improvement Inference Type

Class-Based OOD-Detection Nested-Set

Animal Accuracy 12.85+0.3 26.22+1.01 29.58+0.61
Power 11.07+0.44 36.34+0.35 37.15+0.58
Object Accuracy 4.01+0.79 21.8+0.36 23.17+0.52

Power 6.39+1.31 36.35+0.38 33.66+0.4
Other Accuracy 16.08+1.32 21.9+1.04 26.12+1.33
Power 15.58+0.75 36.31+1.31 41.03+0.89

TABLE 5.23: Peak AUC increases for the new early exit reject policies, using tiered-ImageNet

as the ID data and CIFAR100 as in the OOD data.

Peak Increase (%)

Target Class | Improvement Inference Type

Class-Based OOD-Detection Nested-Set

Animal Accuracy 12.85+0.3 26.39+0.8 30.34+0.48
Power 11.07+0.44 35.87+0.23 37.240.52
Object Accuracy 4.01+£0.79 22.23+0.38 23.611+0.54
Power 6.39+1.31 36.35+0.38 33.72+0.48
Other Accuracy 16.08+1.32 22.22+1.3 26.64+1.26
Power 15.58+0.75 35.86+1.13 40.59+1.1

For the tiered-Imagenet model we find that all policies generally perform better, or match CI-
FAR100 based models within their error bounds, with the exception of the class-based policy
on the object classes. However, we do find the class-based policy performs better on the an-
imal classes. Once again the nested-set inference policy predominantly records the greatest
performance increases. In this set of models we do find that the OOD-Detection policy per-

forms slightly better on the object set of classes, this is due to a sharper rise in the early stage
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of the OOD-detection’s operating range on that particular task, indicating the class-based

rejection does not perform well in this small range.

In all cases we see identical performance between OOD datasets in the class-based reject
inference policy, this is because the inference policy acts only on ID data, therefore the OOD
data makes no difference. Allowing exits on OOD data only on OOD-aware policies reflect
the power benefit they can obtain, whilst presevering the pareto-optimal relationship of each

when analysing target class accuracy against power usage, as in figure 5.17.

This section has defined nested-set inference, which through combining hierarchical label
information and OOD-detection techniques allows for non-target and OOD samples to be
rejected early in the inference process. Furthermore, we have shown that significant amounts
of power can be saved at inference time when using nested-set inference, when compared to
standard early exit classification policies, and indeed inference policies that use only one

early-exit reject method.

5.4 Summary

In this chapter we have explored a new paradigm of inference in branched networks, one
based on the rejection of inputs. Work before it focussed only on classification, we consider
the scenarios in which the inputs being presented are not of use by the system and we open
up the opportunity to reject them. In the first section we consider OOD inputs, the second
target and non-target class distributions defined by class hierarchy, and in the final section
we combine both of these.

The first section considered a key idea in the robustness space for neural networks, distin-
guishing uncertainty of epistemic origin from that of aleatoric origin. We introduce KNN
classifiers to branched neural networks in order to detect OOD and adversarial inputs. That
is, inputs they are not equipped to classify. We present extensive experimentation on pre-
trained branched neural networks and motivate the detection of such samples. Our proposed
approach functions on a number of benchmark OOD tests and on FGSM adversarial attacks.

AUROC results are competitive, given the out-of-the-box nature of our method.

A novel early exiting algorithm is detailed, which allows for early exit rejects. To show the
entire operating range of the model, we vary the classification and rejection thresholds in
unison. This allows us to understand the performance gains our exiting algorithm can make

over conventional methods, recording the peak gains.

We show up to ~90% of OOD data can be detected and rejected using our methods. When
compared to conventional early exiting methods under the same resource constraints, we
show this can lead to a ~15% accuracy improvement, or a ~30% power improvement. We
also find that substantial performance gains can be achieved through detecting adversarial

inputs. We instead consider the final model accuracy as our detection target and find we
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can detect up to ~95% of these inputs. Comparing to a conventional exiting method under
the same constraints, we find our exiting algorithm records accuracy improvements of ~20%
or power saving of ~40%, depending on the strength of the adversarial attack. We find our

algorithm is better at detecting the stronger adversarial attacks.

In the second section, we consider class-based early exit rejection. This form of early exit
reject considers the scenario in which there are dynamically defined, farget classes, which
are pertinent at classification time, and the others are deemed non-target. To understand

this scenario we define these target classes according to class-space hierarchies.

Atinference time, we take the summed probability of these classes and if it is below a certain
value, the inference can be halted as it is not likely to be a target class. We find that this in
almost all cases increases the accuracy of the classifier on the target classes, across the power
range the model operates at. This is because the power savings being made on non-target

inputs allow for more stringent classification on the target classes.

We study the impact of the hierarchy on this effect by analysing random distributions of the
same size, finding that the hierarchically defined target classes lead to much higher improve-
ments than randomly defined distributions. This suggests that the models naturally learn
the hierarchies, and intrinsically put similar classes at higher probabilities when classifying
them. That is for example, if the model is predicting a dog, it will also put horse and cat at

higher probabilities than car or boat.

Finally, we look at combining both new inference techniques in the final section, where we
describe nested-set inference. This is an inference scenario where class-based rejection can

be incorporated, but the model is also likely to encounter OOD samples.

We find that this method of inference largely produces the highest increases in peak accuracy
and power improvements on a mixed input test set. When compared to OOD detection and

class-based rejection alone.



Chapter 6

Conclusions and Future Work

This work has considered Progressive Intelligence as a form of resource aware machine learn-
ing. The key distinction between progressive intelligence and other approaches in the field
is that it approaches this challenge incrementally, prioritising early gains in performance for
low-power costs and improving upon these incrementally. In chapter 3 we consider the di-
chotomy of data-space and model-space machine learning systems, and how these translate
to progressive intelligence systems. In chapter 4 we focus on branched neural networks as
an effective model-based approach, exploring them more deeply. Finally, in chapter 5 we
explore how additional information can be utilised in branched neural network inference

modes, and how this can be used to enable new forms of early exiting.

In this chapter we will first, in section 6.1, go through each of the research chapters and
summarise their findings and contributions. Then in chapter 6.2 we will consider the fu-
ture work for progressive intelligence, both from the perspective of continuing the direction

of this work, and from a more general perspective considering new directions.

6.1 Summary

This work has consisted of three main components, chapter 3 which explores progressive in-
telligence from the perspective of data-space and model-space machine learning systems,
chapter 4, which focuses down on branched neural networks, then chapter 5 which focuses
down further on new modes of inference in branched neural networks. In this section we will
revisit and summarise the work of each chapter, how it fits into the goals of the work, and the
contributions made. First briefly mentioning a review in graceful degradation review under-

taken at the beginning of the PhD, then we go through chapters 3 to 5 in order of writing.
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6.1.1 Graceful Degradation Review

At the beginning of the PhD a review on graceful degradation was written for the Defence Sci-
ence and Technology Laboratory (Dstl) and the Alan Turing Institute (ATI). Graceful degra-
dation refers to the degradation in performance as a machine learning model encounters
data increasingly outside of the distribution on which it was trained. This work investigates
ways in which uncertainty can be quantified, methods in maintaining performance on in-
formation outside of the distribution, and methods models can employ to actively update
themselves when leaving the distribution. Furthermore, the study opened further research
opportunities during an industrial placement, where collaborative work was undertaken be-
tween Dstl and the ATT investigating hierarchical classification. This work helped inform the

work of the final research chapter, chapter 5.

6.1.1.1 Paper and Source Code

This paper is publicly available on arXiv under the title: Graceful Degradation and Related
Fields, (Dymond, 2021).

6.1.2 Data-Space vs Model Space

In chapter 3 we explored progressive intelligence and how it fits into the dichotomy of data-
based systems and model-based systems in the literature. Firstly however, it was necessary
to explore a way of quantifying progressiveness, defining a generalisable measure of perfor-

mance in progressive intelligence systems.

We find that the area under a performance-cost pareto curve is shown to be equivalent to
weighting early gains in performance and decreasing this linearly as we move to higher costs.
This meets two main criteria, we desire monotonicity in progressive intelligence systems, and
we want to prioritise fast gains in performance. The AUC meets both of these, as it encour-
ages high gradient values in the pareto curve at low powers, but also monotonicity at higher

powers.

We then shift our attention to data-space progressive intelligence systems, we use 1-dimensional
Gaussian distributions to create a simple classification problem. Using these along with the
analytical solution, we can record our uncertainty with the numerically determined thresh-
old as we increase the number of samples, N. We find that in all cases the error in our estima-
tion of the threshold, ¢, should decrease with N _%. To verify this we implement a prototype
data-space progressive intelligence using a KNN classifier. We find on an artificial dataset,

that the At < N™2 line can be considered an upper limit on the error.

Finally in this section, we present a prototype data-based progressive intelligence. Using the

mean distance as a measure of confidence we present an early exiting algorithm for use in a
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progressive intelligence KNN model. We trial this on real-world datasets and find that the dis-
tance threshold does not need to be large to achieve good performance in this setting, peak
performance is reached at a normalised distance threshold of ~0.8. We also assess the num-
ber of samples against KNN performance, finding that mean performance very quickly peaks
in some datasets, and the standard deviation decreases as more samples are used, however

this finding is dependent on the dataset.

This chapter is concluded with a study of model-based progressive intelligence systems. We
present two systems, a prototype ensemble based system, and branched neural network.
Trained on CIFAR10, we trial these with a progressive inference method which incrementally
increases the power usage of the model. In the ensemble case we gradually add models to the
output, in the branched case we work through the model between each intermediate classi-
fier. When using the AUC as measure of performance, we find the branched neural network
outperforms the progressive ensemble, as such we choose to take this approach forwards for

work in the subsequent chapters.

6.1.2.1 Contributions

Quantifying Progressiveness We present a measure of progressiveness in progressive intel-
ligence systems as the AUC of performance-cost distributions. We show that this is
equivalent to prioritising early rises in performance for early increases in power, whilst

also valuing monotonicity later in the curve.

Upper Bound in Error for Data-Based Progressive Intelligence We show analytically that the
error in a data-based classifier should decrease with N~z , where N represents the num-
ber of training samples. We then show this can be considered an upper bound using a

KNN classifier on an artificial dataset.

Prototype Data-Based and Model-Based Systems Finally we present prototype progressive
intelligence systems, both in the data-based and model-based paradigms. For a data-
based progressive intelligence we introduce a progressive KNN algorithm, which in-
crementally adds inputs until the mean distance is below a certain threshold. We test
these on real world tabular datasets. For model-based systems we use CIFAR10 to test
our approaches, we introduce a progressive ensemble architecture with a novel early
exiting algorithm for such a system. We compare it against a branched neural net-
work and find the branched neural network performs better on the task, using AUC as

a measure of performance.

6.1.3 Exploring Branched Networks for Progressive Intelligence

In chapter 4 branched neural networks are explored as a progressive intelligence system, after
they are identified as a suitable starting place in chapter 3. We study these systems from three

aspects, their training, their architectural design, and their inference policy.
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When studying the training of branched neural networks we predominantly use three meth-
ods of understanding the effect, class-separation, linear probe accuracy, and centered kernel
alignment. Class-separation shows the euclidean separation of classes, whereas the linear
probe accuracy shows the separability of the classes, centered kernel alignment allows us to

compare the similarity of representations between two networks directly.

We find that branch positioning and weighting in branched neural networks has a significant
effect on the linear probe accuracy possible on the backbone. The linear probe accuracy im-
proves largely monotonically throughout the backbone, earlier branches increase this more
than later branches. Accordingly, stronger weightings give rise to a larger increase in lin-
ear probe accuracy. Branch combinations increase this quantity the most, giving rise to the
greatest AUC measurements. Class separation is largely low until the later layers of the net-

work.

When analysing the CKA scores we find that the branches shift representations backwards in
the network, meaning they act to compress the representational changes the model performs
on the data in a forward pass. This has the effect of shifting the transformations important

for classification to earlier positions in the network.

Training regimes are also examined, finding that fine-tuning the backbone increases the per-
formance of the network whilst preserving the representational benefits seen from class-
separation measurements. We also explore hierarchical losses, finding that certain classes
can be weighted earlier in the branches, increasing their relative accuracy earlier in the net-

work, when compared to conventionally trained models.

Following the study of branched network optimisation, we explore the effect of architectural
changes in branched networks, now shifting focus to the more pertinent operating range of
the system. The operating range is generated by changing the confidence requirement of
early exiting, simulating inference with this confidence threshold, and collecting power usage

and accuracy measurements for each.

We find that decreasing the width has a substantial effect on operating range, shifting the
range over which the model operates in. Increasing the width however, has diminishing re-
turns in this setting. The depth of the network extends this operating range at the higher
power range, but does little to improve network accuracy. Finally, we examine the number
of branches, finding that an increased number of branches increases the range the model
can operate at in the lower power ranges, by giving the model earlier exit opportunities at

inference time.

We introduce a new inference policy in the final section, mutual agreement. This is an easy
to implement, parameter-free, addition to an entropic policy which uses information from
previous branches. When two branches agree with one-another, an exit is triggered. We find
this can save power in all areas of the operating range, saving ~ 38% and ~47% on CIFAR100

inference in Branched ResNet18 and Branched MobileNet architectures respectively. This led
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us to focus in on branched neural network inference when bringing new ideas to progressive

intelligence.

6.1.3.1 Contributions

Branches Increase Class-Separability We find that branches attached to the backbone in-
duce increased class separability, measured using linear probe accuracy, after train-
ing. We find this is also heavily influenced by branch positioning and weighting, where
combinations of branches, with a majority weighting on the final exit will maximise the

AUC of a linear probe accuracy with network depth plot.

Branches Compress Representations CKA analysis reveals that when training a branched
model representations that are positioned later in an unbranched model are pushed
earlier in the network. This has the effect of compressing the representations that the

model forms, we find this effect is dependent on branch positioning.

Fine-tuning Branched Networks increases AUC further Different optimisation strategies are
trialed, showing that performance is maximised when the branches are initially trained
together, and then the final exit is fine-tuned. This allows the representational benefit

of the branches to persist whilst maximising the final exit performance.

Width, Depth, and Branches Change Operating Range We find that the width shifts the op-
erating range of the branched network, the depth extends the upper end of this range,
and the number of branches the lower end. Decreasing the width dramatically de-

creases the power usage of the model, whilst maintaining reasonable levels of accuracy.

Mutual Agreement Exit Policy Mutual Agreement is introduced as a more energy efficient
early exiting policy in branched neural networks. It compares the outputs of consecu-
tive exits and performs an exit if the branches agree with one another. Combining this
principle with an entropic policy results in a saving of up to ~47% on the CIFAR100

dataset, depending on the branched neural network backbone.

6.1.3.2 Paper and Source Code

We published the majority of this work at the 33rd British Machine Vision Conference, un-
der the paper title: Adapting Branched Neural Networks to Achieve Progressive Intelligence.
(Dymond et al., 2022).

The source code for all experiments provides the tools to experiment with the inference pro-
cesses and scale architectures of branched neural networks. This can be found on GitHub at:

github.com/J-Dymond/adapting-branched-networks.


https://bmvc2022.mpi-inf.mpg.de/0990.pdf
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6.1.4 Leveraging Additional Information in Progressive Intelligence Systems

Chapter 5 extends the improvements made using mutual agreement and introduces the novel
idea of an early exit rejection. The early exit reject requires additional information about
the input and the task, namely we use distributional information in the embedding space
to detect unclassifiable samples, and label hierarchy information to detect non-target sam-
ples. With these new sources of information we introduce three new early exiting policies,

distribution-aware early exiting, class-based early exit rejection, and nested-set inference.

Distribution-aware early exiting uses a KNN classifier in the penultimate layer embedding
space to identify OOD samples, this is the first time OOD detection has been performed in
branched neural networks and it functions out-of-the-box on pre-trained architectures. It
can be used to identify OOD samples and adversarial samples, and performs reasonably well
attaining an AUROC score of ~0.9 in most cases. When implemented on a mixed-input test
set we find that using this inference policy can save up to ~40% of the power usage, or in-
crease accuracy by ~20%, when compared to a conventional early exiting policy which can-

not classify the unclassifiable samples.

Class-based early exit rejection introduces the idea of target and non-target classes in a dataset.
This is the scenario where at any given time the operator of the progressive intelligence sys-
tem is only interested in a subset of the trained classes, in our implementation this can vary
at run-time. We find, using normalised AUC measurements of the operating curve, this can
improve without loss on the conventional early exiting policies, when recording target-class

accuracy.

Finally, nested-set inference is the combination of both early exit policies, for the scenario
in which there are changing classification priorities in an environment where there is likely
to be exposure to OOD samples. Using peak improvement measurements, we find nested-
set inference predominantly records the highest improvements on most target-class—-OOD

combinations.

6.1.4.1 Contributions

Exploring Epistemic Uncertainty in Branched Neural Networks We perform a study of the
effect of epistemic uncertainty in branched neural networks, we perform this by intro-
ducing OOD and adversarial inputs to the models. We find that entropy distributions
are indistinguishable from ID/clean samples, but that the k-neighbour distances in
the penultimate layer embedding space produce separable distributions as the input

is processed by deeper layers. We collect these two types under the term unclassifiable.

00D and Adversarial Detection in Branched Neural Networks We introduce a KNN neigh-

bour classifier to the penultimate layer embedding space detect OOD and adversarial
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samples. This is the first implementation of OOD detection and Adversarial detection

in branched networks.

Distribution-Aware Early Exiting Using the KNN classifier we detect unclassifiable inputs
at inference time, saving power by rejecting these samples, which in the best case
would be processed by the entire model without an early-exit reject system. This can
also allow for a more stringent classification policy on in distribution samples, allowing

for greater accuracy at a given power budget.

Class-Based Rejection We introduce a novel class-based rejection policy, which is designed
to operate in a dynamic environment where target-classes will vary at operating time.
This exit policy always improves or matches conventional early exiting, when analysing
power usage against the target-class accuracy. We find this policy works much better
when using hierarchically defined target classes, however random target classes also

give some improvement.

Tiered-ImageNet We introduce a new benchmark for the above classification task using the
tieredImageNet dataset.

Nested-Set Inference Finally, a third inference strategy is proposed and implemented in which
the model rejects OOD samples, and non-target samples. We refer to this as Nested-
Set inference and find that on a mixed input test set it outperforms using only one of
a class-based or an inference-based rejection policy, as well as conventional early exit-
ing, when analysing peak improvements of target-class accuracy against power usage

distributions.

6.1.4.2 Paper and Source Code

We published the first chapter of this work at the 26th European Conference on Artificial In-
telligence, under the paper title: Exploiting Epistemic Uncertainty at Inference Time for Early-
Exit Power Saving. (Dymond et al., 2023).

We plan to write up the final chapter as a journal paper presenting the implementation and
utility of early exit reject mechanisms. This will be structured very similar to the chapter
culminating with nested-set inference. The target will be an IEEE venue such as Transactions
in Pattern Analysis and Machine Intelligence.

The source code for all experiments provides the tools to experiment with the inference pro-
cesses and scale architectures of branched neural networks. This can be found on GitHub at:

github.com/J-Dymond/distribution-aware-exiting.


https://ebooks.iospress.nl/doi/10.3233/FAIA230323
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https://github.com/J-Dymond/distribution-aware-exiting
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6.2 Progressive Intelligence Going Forwards

This thesis has largely focused on image classification for its experimentation, specifically
on branched neural networks. However, as discussed in chapter 2 there are a plethora of
topics and fields that can be applied to progressive intelligence. Hence, in this section we
will discuss some ways in which the work of this thesis could be extended, but also tangential

directions which have yet to be investigated.

6.2.1 Transformers for Progressive Intelligence

There is only so much that can be achieved with image classification, many of the most recent
developments in deep learning are integrating object detection and semantic segmentation
into their research. These tasks pose an issue to early exiting CNNs, as their structure impose
arigid inductive bias on the problem. CNNs operate by sequentially downsampling an image
through convolutions, whilst this has been shown to be very effective in classification tasks,
it also prioritises local information early in the inference process. This is not a problem for
conventional neural networks, as the global information is processed later in the network as
the receptive field increases. However, for early exiting neural networks this means that the
early exit branches are not able to effectively process global information. For image classifi-
cation this is overcome using pooling layers which aggregate all of the information obtained
by the network so far, but for more granular tasks such as object detection and semantic seg-

mentation, this is not an option.

Hence, a new architectural methodology should be adopted to enable early exiting tech-
niques to be applied to these more complex vision problems. Recently a paper by Raghu et al.
(2021) has shown that vision transformers, due to their design, incorporate global informa-
tion much sooner in the inference process. Furthermore, they show that the representations
formed are much more similar throughout the model, suggesting that early exiting will be
more accurate and more confident when using vision transformer based backbones. They do
show that local information remains an important part of the inference process and present
training methodologies that encourage the adoption of local representations. Indeed, there
have been recent papers which introduce early exiting to transformer architectures, but they
focus their development on image classification, missing the opportunity to extend early ex-
iting to more granular tasks (Xu et al., 2023; Bakhtiarnia et al., 2021). So whilst they were not
appropriate for the initial investigations in this thesis, they would be an appropriate next step

when moving to more complex problems in the vision space.

6.2.2 Optimising Slimmable-Branched Neural Networks

This work investigated slimmable neural networks and presented a prototype in section 4.2.3.

However, we found that the implementation in this work is difficult to optimise. It is evident
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from the operating curves, that there is potential to significantly increase the range of a pro-

gressive intelligence system using a branched network which is slimmable at run-time.

Existing literature shows that these systems can be optimised without branches to operate at
many operating modes. This suggests an issue with our implementation, rather than that of
the optimisation problem. Hence, moving away from the sequential training approach may
be beneficial for optimising such systems. Yu et al. (2018) use a switchable batch normali-
sation in the training of slimmable neural networks, this was something lacking in the im-
plementation of this work. However, we also get significantly better results than their naive
training, where they report 0.1% test accuracy. Yu and Huang (2019b) introduce improve-
ments to the training process, and Li et al. (2021) show that these networks can operate dy-
namically, albeit without early exiting. Hence, there are definitely opportunities in this area to

implement dynamic width and dynamic depth in a progressive intelligence neural network.

6.2.3 Progressive Intelligence for Video Streams

As mentioned in section 6.2.1 the work in the thesis has pertained single data points, specifi-
cally the classification of images. However, in the real world this is not necessarily represen-
tative of the problems we wish to use machine learning for. For example, object detection
(Zou et al., 2023) and image segmentation (Thisanke et al., 2023) are very active areas of the

vision space and will often be used in video streams as opposed to individual images.

Progressive intelligence could be incorporated into these problems at a granular, frame-by-
frame level, meaning power is not wasted on irrelevant scenes in a video. Branched convo-
lutional neural networks would not be appropriate for such applications due to the locally
focused representations early in the network. However, vision transformers might open the

door to potential use cases.

Furthermore, work such as that by Figurnov et al. (2017) incorporates spatially adaptive com-
putationwithin an image frame. This could be extended in the progressive intelligence paradigm.
This might be through adapting the aggressiveness of the resource saving depending on the

context of each frame.

6.2.4 Moving Away From Vision

This work has focused on vision, as vision problems are an accessible test-bed for the ideas of
progressive intelligence, and it can be argued that results in vision problems can be translated

to other problem domains, such as language problems.

Transformers are a suitable architecture for early exit architectures, and these are the dom-
inant technology in the field of natural language processing, furthermore they have been
demonstrated to be amenable to a branched architecture (Xin et al., 2020). Applying the early

exiting principles in chapter 5 could improve the benefits of early exiting in this domain.
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6.2.5 Progressive Intelligence for Training

Whilst the main focus of the thesis has been on inference cost savings, there is no reason
progressive intelligence cannot be implemented at training time also. Training is the most
significant cost of such systems, not least of which in vision transformers as in earlier sub-

section. Hence, there would be significant potential benefits in minimising these costs.

Early stopping was first proposed by Morgan and Bourlard (1989) and is a common method
used in neural network training used to reduce resource usage, progressive intelligence could
take a more aggressive approach to early stopping. This might be when validation accuracy

requirements are met, regardless of what the peak operating performance might be.

Furthermore, active learning is an open area in the field where models are updated in an
online manner, but particularly in scenarios where the cost of updating the model is high,
making sample selection very important (Cohn et al., 1996; Tharwat and Schenck, 2023).
Progressive intelligence could be implemented in such systems where samples are used to
update the model in an intelligent manner, but only when absolutely necessary in order to
meet the operating requirements of the application. There could also be varying levels of
selection costs in such a scenario, however this would be closer to inference-focused pro-

gressive intelligence.

6.2.6 Ubiquity in Progressive Intelligence

This work has had a heavy focus on computational resource usage, namely power usage,
where we have focused on MACs in an effort to generalise our findings as much as possible.
However, the costs of using a machine learning system can be much more general. For ex-
ample, within the computational resource usage there is latency, memory usage, and disk
usage to name a few. Beyond raw computational resource usage, environmental impact can
be considered, the economic cost, or even the extent to which privacy is breached when pro-

cessing sensitive information.

Whilst these might ultimately stem back to power usage, doing as such might obscure com-
ponents of the system contributing to these costs, and fundamentally a user is more inter-
ested in the real-world costs of using a system, than the MAC operations it is using. Hence,
approaching progressive intelligence from these cost-points would give rise to a more ubiq-

uitous view of the problem, better integrated with our society and its needs.

For example to combine some of the above ideas, future work could investigate a progressive
intelligence form of conversational language models which perform tasks progressively with
respect to privacy. This might take the form of asking for personal information only as and
when it is needed, otherwise performing tasks to the best of its ability without the informa-

tion.
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6.3 Final Remarks

This work has considered Progressive Intelligence. This is a form of resource-aware machine
learning which approaches inference incrementally, making low-cost-low-confidence pre-
dictions first, then incrementally improving upon this until confidence requirements are met.
In this work we have defined progressive intelligence, and what it means for a model to be
progressive with the AUC measurement. We have also discussed how it can fit into the di-
chotomy of model-based and data-based machine learning systems in the field, producing
prototype versions of each. We then shift our focus to branched neural networks as the most
complete and example of a progressive intelligence benchmark system. Branched neural net-
works are explored from each place in their development pipeline, starting at their training
finishing with their inference policies. Finally, we look at the inference policies of branched
neural networks, and introduce the concept of the early-exit reject, which allows a novel av-

enue of power savings in such systems.

Progressive intelligence is a rich and interesting area of research, which has the potential to
improve the way we use machine learning. The concept of using only what you need is an
efficient, judicious, and sustainable way of approaching problems in general, and when ap-
plied to machine learning it can significantly decrease the lack of accessibility seen at the
state-of-the-art. Hence, by introducing progressive intelligence ideas to modern day ma-
chine learning systems we will make them more efficient, cheaper, and ultimately, more ac-

cessible for the everyday user.






Appendix A

Mathematical Background

Perceptron The perceptron can be defined as the weighted sum of the input x of dimen-
sion, D, and the weightings w of the same dimensionality. The bias term, b, is added which
is a vector of length D. It can also be expressed in vector notation as shown on the right hand

side in the equation below which corresponds to the linear classification boundary.
D
Perceptron:  j = f(z w;x; + bi) =w'x+b (A1)
i

At time-step ¢, the perceptron algorithm is updated according to the learning rule,
w(t+1)=w() +n{y-y)'x

where 7 is the learning rate and the bias term has been absorbed into the weight vector as
wy. This is using a vectorised form of the target and prediction vectors yandy respectively,
making the right hand term the error rate. Since ¥ takes the values 1 and -1, an update is only
made where samples are misclassified. This update is guaranteed to converge provided the
data is linearly separable. Furthermore, when the data is completely separable the loss goes

to zero, meaning the maximally separating boundary is not guaranteed to be found.

K-Nearest Neighbours The KNN algorithm uses the distance between a test sample x and
the training samples x’ going back to scalar notation. That is, dist(x, x"), where the distance
function is most often the Euclidean distance. The smallest k of these can be interpreted as
a subset of the dataset, S, < D. The class label is then assigned according to the modal value
of the subset:

k-nearest neighbours: y=mode(y:(x,y) €Sx) | dist(x,x") (A.2)

Support Vector Machines The complexity is defined by the number of support vectors and
the kernel, hence also scale linearly with complexity. Similarly to the case of the perceptron,

the decision boundary or hyperplane can be defined as w'x + b = 0. Away from the decision
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boundary the sign of this equation will denote the class assignment. The distances, d, from
this hyperplane are given by d; = [w'x; + b|. We wish to find the minimum distances:

D =min;ep |W'x; + b|,

and then maximise these distances by moving the hyperplane, where i now refers to an in-
put in the dataset. The issue with this constraint is that it doesn’t use the label information
and hence the hyperplane may not separate the data. To overcome this we can define the
functional margin:

F= rninieD yilexi + b|

Where now, assuming y € {—1, 1}, multiplying the distance by the target will give the correct
minima. To ensure scale invariance we can normalise w and b using the vector norm, defin-
ing the geometric margin:

lTxi +

M =minjep y; TTwi]

b
[Twll

This produces a dual problem which is solved using the lagrangian method, however it is
outside of the scope of the thesis but can be found in the book by Vapnik (1999).

Multi-Layer Perceptron In the MLP the perceptrons are stacked with the signal passing
through each sequentially, where the input of one perceptron is the output of the one before

it. Hence, we can consider a two-layer MLP with layer widths DV and D) as

(1)

MLP (two layer): ;. = (Z w(z).h( Z w(l)xl +w' )) + w](cz())), (A.3)
where the output vector has k components, corresponding to k classes, & refers to the acti-
vation function, and o the softmax function which acts to normalise the model output and is
defined by

eXi

o(x); = ——. (A.4)

The output of the function produces an vector of equal length to its input. By absorbing the

bias term into the weights vector we can simplify the notationto j; = o ( Z? © wf} h ( ZD (” ))

Hence, we can now generalise this to N layers

pw D™ pw

semol (S (S (B i) ))-)) s

where the activation function is constant between all N layers, and the model outputs k out-
puts, which in a classification scenario will correspond to k classes. It can be optimised us-
ing a variety of loss functions, the most common are the mean square error (MSE) and cross

entropy (CE) for regression and classification tasks respectively. For a given input vector x,
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output vector ¥, and target vector y, these losses are:

MSE: E = gz—y||2 (A.6)

K
CE: E - yelog(y,) (A.7)

Cc
Where the cross entropy is calculated for a single element in the output vector and will be
summed across all outputs. These errors are used to update the model weights w by gra-
dient descent through backpropagation. Developed by Rumelhart et al. (1985), backpropa-
gation incorporates non-linearities known as an activation functions, on each neuron of the
network, these produce activations which allow meaningful gradients of each neuron to be

calculated.

Backpropagation collects these gradients and uses them to determine how each parameter

should be changed. To do this the gradients must be found: Aw = _773_5;' Since the internal

hidden layers have no explicit gradient signal with respect to the target, we can use the chain

rule with respect to the intermediate output, a

E _ OE 04
aw]‘i - daj awj‘,"

and we can define: % = §j.
]

Where i and j refer to a given layer and the layer succeeding it respectively. The partial
derivative of the intermediate output of layer with its weights is simply the activation which
we can define as z, meaning we have
%Eji =0 j Zj.
For the output layer, k, we can directly use the output and target vectors to compute the local
gradient of that layer:

op=2E = h’(ak)(;STEk,

and the gradient of the hidden layers is given by

= O0E _yv OSEda _pic,. .
6] =da, = Xk dai da; — h (a])Zk(wk,])(sk-

Since the variations in a; only effect the overall error through the variables in the layer after
it a. Once all gradients are known we can use this formula to update the parameters of the
MLP, more commonly known as a neural network, using gradient descent. The full derivation
for backpropagation can be found in chapter 5 of the book by Bishop and Nasrabadi (2006),

the other techniques discussed in this section are also explained in greater detail.
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