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Abstract

Convolutional neural networks (CNNs) have achieved many successes in image clas-
sification in recent years. It has been consistently demonstrated that CNNs work best
when there is abundant labelled data available for the task and large deep models
can be trained. However, there are many real world scenarios where the requirement
for large amounts of training data to get the best performance using modern very
deep neural networks cannot be met. In these scenarios transfer learning can help
improve performance.

This thesis defines deep transfer learning and the problem it attempts to solve
in relation to image classification. It provides a new taxonomy of the applications
of transfer learning for image classification. This taxonomy makes it easier to see
overarching patterns where transfer learning has been effective and where it has
failed to fulfill its potential. This thesis also provides the first comprehensive review
of deep transfer learning as it relates to image classification overall and suggestions
for future research directions in the field. While there have been recent general
surveys of deep transfer learning, and ones that relate to particular specialised target
image classification tasks, there have been none that review the area as a whole. It is
important for future progress in the field that all current knowledge on deep transfer
learning in image classification is collated and the overarching patterns are analysed
and discussed.

The aim of this thesis is to advance the state-of-the-art in deep transfer learning as
it relates to image classification. This applies particularly for datasets where the num-
ber of training examples is small. Its main contributions are 1) improvements to best
practice that go beyond the standard binary transfer learning practices, 2) heuristics
that can be used to predict optimal non-binary transfer learning hyperparameters,
and 3) a model that can learn optimal non-binary transfer learning hyperparameters.
Experimental results are provided on a variety of image classification datasets with
few training examples. These datasets range from very closely related to the source
dataset to far less related. The benefits of the non-binary approach presented are
supported by final results that come close to or exceed state of the art performance
on a variety of target datasets that traditionally transfer learning has not performed

well on.
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Chapter 1

Introduction

Researchers in convolutional neural networks (CNNs) have achieved many successes
in image classification in recent years [Krizhevsky et al., 2012; |Girshick et al., 2014 Li
and Deng, 2020; Masi et al., 2018; Mazurowski et al,, 2019]. It has been consistently
demonstrated that CNNs work best when there is abundant labelled data available
for the task and large models can be trained [Ngiam et al., 2018; Mahajan et al., 2018;
Kolesnikov et al., 2019]. However, there are many real world scenarios where the
requirement for large amounts of training data to get the best performance using

modern very deep neural networks cannot be met. Some of these are:

1. Insufficient data because the data is very rare or there are issues with privacy
etc. For example new disease and rare disease diagnosis tasks in the medical
domain have limited training data due to both the examples themselves being

rare and pI‘iV&Cy concerns.

2. Itis prohibitively expensive to collect and/or label data. For example in settings
where labelling can only be done by highly qualified experts in the field.

3. The long tail distribution where a small number of objects/words/classes are
very frequent and thus easy to model, while many many more are rare and
thus hard to model [Bengio, |2015]. For example most language generation

problems.
There are several other reasons why we may want to learn from a small number of
training examples:
e It is interesting from a cognitive science perspective to attempt to mimic the

human ability to learn general concepts from a small number of examples.

¢ There may be restraints on compute resources that limit training a large model
from random initialisation with large amounts of data. For example environ-

mental concerns [Strubell et al.,[2019].



2 Introduction

In all these scenarios transfer learning can often greatly improve performance. In
this paradigm the CNN model is trained on a related dataset and task for which
more data is available and weights are used to initialise a model for the target task.
In order for this process to improve rather than harm performance the dataset must
be sufficiently closely related and best practice methods used. The aim of this the-
sis is to advance the state-of-the-art in deep transfer learning as it relates to image

classification.

1.1  Contributions

I make the following contributions in this thesis:

1. Formally define deep transfer learning and the problem it attempts to solve in

relation to image classification in Chapter [5|

2. Provide a new taxonomy of the applications of transfer learning for image
classification in Chapter [} This taxonomy makes it easier to see overarching
patterns of where transfer learning has been effective and, where it has failed
to fulfill its potential. It also allows me to make suggestions as to where the
problems lie and how it could be used more effectively in the latter areas. I
show that under this new taxonomy, many of the applications where transfer
learning has been shown to be ineffective or even hinder performance are to
be expected when taking into account the source and target datasets and the
techniques used. In many of these cases, the key problem is that methods and
hyperparameter settings designed for large and very similar target datasets are
used for smaller and much less similar target datasets, and alternative choices

would lead to better outcomes.

3. Provide the first comprehensive review of deep transfer learning as it relates to
image classification overall in Chapter [f} While there have been recent general
surveys of deep transfer learning, and ones that relate to particular specialised
target image classification tasks, there have been none that review the area
as a whole. It is important for future progress in the field that all current
knowledge is collated and the overarching patterns are analysed and discussed.
I summarize current knowledge in the area as well as identifying knowledge

gaps and suggest directions for future research.

4. Present a detailed summary of source and target datasets commonly used in

the area in Chapter |5 to provide an easy reference for the reader looking to
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understand relationships between where transfer learning has performed best

and where results have been less consistent.

5. Develop methods for non-binary hyperparameters in transfer learning includ-
ing combining L2SP and L2 regularization and performing non-traditional fine-
tuning hyperparameter searches in Chapters [/]and 9 I show that the optimal
settings result in significantly better performance than binary settings for all
datasets except the most closely related. I also recommend heuristics for deter-
mining the optimal transfer learning hyperparameters. Extensive experiments
are performed across four different datasets to find the optimal settings when
binary assumptions about hyperparameters are discarded. I show that these
optimal settings often outperform binary hyperparameters particularly when
the target dataset is small and less similar to the source dataset. The results
come close to or exceed state of the art performance on a variety of tasks that
have traditionally been more difficult for transfer learning. The changes I sug-
gest are much more accessible than previous state of the art works, for difficult
transfer learning tasks, that have had to rely on more complex and compute

intensive methods.

6. Develop a model that can learn high performing non-binary transfer learning

hyperparameters in Chapter

Chapters[ﬂand E]are published as [Plested and Gedeon, 2019]] and [?] respectively.
Chapter [6] along with parts of Chapter [5] are under review as a journal paper and
Chapter [8is under review as a conference paper.

1.2 Thesis Outline

In Chapters [2] to 5| I present background material needed to understand this thesis.
Chapter 5| introduces the problem domain and formalises the difficulties with learn-
ing from small datasets that transfer learning attempts to solve. This chapter includes
terminology and definitions that are used throughout this thesis.

Chapter [p] reviews transfer learning for image classification and related areas.
Within that chapter, Section [6.3| provides a detailed analysis of recent advances and
improvements to transfer learning and specific application areas and highlights gaps
in current knowledge. In[6.7]1 give an overview of other problem domains that are
closely related to deep transfer learning for image classification including the similar-
ities and differences in each. Finally Section |6.8 summarises all current knowledge,

gaps and problems and recommends directions for future work in the area.



4 Introduction

Chapters [7] to [9] describe methods, experiments and results for moving beyond
standard binary deep transfer learning hyperparameters. Finally Chapter (10| sum-
marises my thesis and discusses current and future directions to extend this field of

research.



Chapter 2

Machine learning basics

Table 2.1: Notation and terminology summary

terminology notation detailed description
Task T The problem or application
the algorithm is applied to
solve
Performance P A formal calculation of how
measure well an algorithm has
performed
Experience E A dataset from which the
model is expected to learn
Source Dataset D, Data related to the target
data and used for
pretraining a model
Target Dataset Dr Data belonging to the target
task
Model output Y Output predictions made by
the algorithm
Target labels t The designated output
values for a particular input
Input X Values used by an algorithm
to calculate an output
Parameters 6 The model values that are
learned from the data
Hyperparameters The model values that

determine how the
Parameters are learned and
need to be set prior to
training

Deep learning is a modern name for neural networks with more than one hidden

layer. Neural networks are themselves a sub-area of machine learning, so to un-

5
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derstand deep learning some basics of machine learning are needed. Mitchell et al.

[1997] provide a succinct definition of machine learning;:

Definition 2.1. A computer program is said to learn from experience E with respect
to some class of tasks T and performance measure P, if its performance at tasks in T,

as measured by P, improves with experience E.

For example, consider an image classification task (T). The aim is to increase

classification accuracy (P) by training on labelled examples of each image class (E).

2.1 Types of machine learning

Machine learning algorithms can be divided into supervised and unsupervised de-
pending on whether or not the training dataset (E) contains labelled examples or
other target information and the format of the information. The types of machine
learning are shown in Figure 2.1/ and described below.

Supervised: In supervised machine learning we have a training set with known

labels. An example of this is the image classification task mentioned above.

Unsupervised: In unsupervised learning we have a training set without known
labels and the algorithm is designed to learn about the input distribution in general.
An example of this is the K-means algorithm which divides a set of training examples
into clusters where the within cluster distances between input features vectors are
smaller and the between cluster distances are larger.

Self-supervised learning is a subsection of unsupervised learning where algorithms
use a part of the input data as the training target. It is usually used when target
values are unavailable or limited. An example would be a video classification task
where the dataset had limited labelled examples and a large number of unlabelled
examples. We could pretrain an algorithm to predict the next frames in the video
sequence in the hope that it would learn features in the input distribution that were

helpful in the final task of mapping from input to output labels.

Reinforcement learning In the reinforcement learning paradigm, instead of having
target labels for each training example the model supervision comes in the form of
occasional positive or negative rewards for achieving particular goals. An example

would be the problem of learning to play chess where the model is given a positive
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reward for winning and a negative reward for losing, with no other labels for interim

moves.

Machine
Learning

Supervised Unsupervised Reinforcement
Task Driven Data Driven Learn from
(Predict next value) (Identify Clusters) Mistakes

I &3 i

Figure 2.1: Types of machine learning [Heidenreich, 2018]

2.2 Types of tasks

Most machine learning tasks can be defined as either regression or classification.

Regression: The goal in regression is to take an input vector x, € RP and predict
the value of a real number. The target value ¢, € R. It is used to model continuous

output values. The right image of Figure 2.2illustrates a linear regression task.

Classification: ~ The goal in classification is to take an input vector x, € RP and
assign it to one of K discrete classes Cy, k = 1,...,,K. The target value t, € a set of
K discrete numbers. It is used to model discrete output values. The left image of
Figure [2.2|illustrates a two class classification task.

It could be argued that generation does not fall into the above two categories,
however the final prediction does. For example generation of images can be modelled
by predicting a real number or numbers for each pixel for greyscale or coloured

images, or as a binary classification task for each pixel for black and white images.
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Classification Regression

Figure 2.2: Two class classification versus linear regression I]Ngoma et al. |2017[]. Two

class classification is attempting to split two classes - light green and dark green dots

based on the two dimensional inputs. Regression is attempting to predict the y axis
output from the x axis input

2.3 Hyperparameters

Hyperparameters are settings that determine how a machine learning algorithm
learns and need to be set before learning begins. In terms of the discussion to follow
in Section 5.1 hyperparameters determine the family of candidate functions F that

the final model will be selected from.

They include settings that are difficult to optimise and those that cannot be opti-
mised well on the training set. An example of the latter is settings that control model
capacity. If these settings are optimised on the training set the largest possible capac-
ity values will always fit the training set best, but will overfit and not generalise well

to new data.

Hyperparameters can be set by an expert or optimised with an algorithm. A class

of hyperparameter optimisation algorithms are covered in Section [4.5.1]

2.4 Splitting the dataset

With supervised, self-supervised and reinforcement learning the dataset must be

split into appropriate subsets prior to training.
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Training set This is generally the largest subset and is used to train the learning

parameters of the model.

Validation set This subset is used to tune all the hyperparameters that determine

how the model is trained to get best performance.

Test set This is used to do final testing to prove the efficacy of the model on unseen
data. It is important that no training or hyperparameter tuning is performed on the
test set as this will result in fitting the model to the test set and invalidate the final

results.

Cross-validation If the test set is too small it will be difficult to show the generali-
sation of the results. If the data is too limited k-fold cross-validation can be used to
make better use of the available data. With k-fold cross-validation the entire dataset
is divided into k equal sized non-overlapping sets. Each one of the k sets is then
used as the test set in turn and a model trained from initialization each time. This
means that all data can be used as the test set while still making sure that the model
is not trained on the test data. An example of cross-validation is shown in Figure
The extreme end of k-fold cross-validation is leave-one-out where each data point is
used as the test set in turn with the model being trained on all the remaining data

points each time.

4-fold cross-validation
spit#1 N
sz [
spices (I .

Test set

Figure 2.3: Cross-validation 2020]
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2.5 Overtfitting and Underfitting

A model’s performance depends both on its ability to fit the training data, and to
generalise to new data. If it does not fit the training data well it is called underfitting.
The opposite problem, overfitting, occurs when the model fits the training data too
well and does not generalise well to new data. Underfitting can occur when the
model class is too inflexible to learn the training data well or the model has not been
trained sufficiently or well on the training data. Overfitting occurs when the model

class is very flexible and the model has been trained to fit the training data too well.

Degree 1 Degree 4 Degree 15
— Model — Model — Model
— True function — True function — True function

ees Samples

ses Samples see Samples

Figure 2.4: Overfitting and Underfitting example [Pedregosa et al., 2011]. Degrees
refer to polynomial degrees. Degree 1 shows underfitting, degree 4 a good fit and
degree 15 overfitting.

2.6 Gradient Descent

When the gradient information cannot be used to calculate the minimum of the
parameters of a function directly it can be used to inform the direction to change the
parameters. For a function f (w) the partial derivative aiw,» f (w) tells us how f (w)
changes as only the variable w; changes at point w. This tells us in which direction to
change w; to minimise f (w) . Decrease f (w) by moving w; in the opposite direction
(downhill) of the partial derivative as shown in Figure The gradient descent
algorithm updates the parameter vector w, using the partial derivatives of the error

function:

w < w—nVE(f (x,w),t) (2.1)

where t is the target, and 0 < 77 < 1 is the learning rate.
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Figure 2.5: Gradient descent [Dowling), 2017].
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Chapter 3

Deep Feedforward Neural

Networks

Deep learning is a modern name for neural networks with more than one hidden
layer. Neural networks are themselves a sub-area of machine learning.

The term neural networks gets its name from early attempts to build computa-
tional models based on human and animal brains. However biological realism puts
unnecessary constraints on computational models and so today’s neural networks
are based on statistical theory of pattern recognition. The specific class of neural
network that has proven to be most valuable in practice is the multilayer perceptron
(MLP) [Bishop, 2006].

3.1 Single layer perceptron

The single layer perceptron was created by Rosenblatt [1962] and is shown in Figure
It is a two-class classification model where the input vector x is transformed via

a linear model of the form:

y(x) = f (wa> 3.1)
f(.) is a step function of the form:
+1 wix>0
flw'x) = (32)
-1 wlx<0

So +1 is the output for class 1 and -1 for class 2. Generally a learnable bias is included
by adding another weight to the weight vector with input x always equal to 1. This
allows the point where the decision boundary crosses the y axis to be learned, as
shown in Figure

13
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Inputs
Weights

Weighted Step
Sum Function

Wy

W,

QO0E

Figure 3.1: A perceptron [Rosenblatt, |1962].

Often a fixed non-linear transformation is performed on input vector x to give

feature vector ¢(x) so we have:

v (9(x) = f (w"9(x)) (3.3)

In this case ¢ (.) is called a basis function and is generally hand designed by an expert
in the application area.
The loss function is based on misclassified patterns only to eliminate the non-

differentiable step in the threshold function:

E(X, W) = — (i(wixi) — 9) t (34)

0

aij(x, w) = —x;t (3.5)
The final gradient descent learning algorithm for the perceptron is:
1. Set w(T) at time T = 0, to small random values

2. Present input vector X = x1, x2, ..., xy and target output ¢

3. Calculate actual output y = ¥’ | (w;x;) — 0

4. Calculate error E(x,w) = — (Zfil(wixi) - 9) t
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5. Adapt weights using gradient descent w! ™! = wl — 5 (—x;t) # < 1 (1, called

i i

the learning rate, is usually small, e.g. 0.01)

6. Go to step 2. Repeat until convergence or a maximum number of updates.

3.2 Hidden units

The function that combines inputs with weights and performs a non-linear activation
on them is called a neuron in keeping with the idea of imitating the human brain.
Many neurons together is called a neural network.

A function that just depends linearly on its inputs has severe limitations. An ex-
ample of the limitations of the simple perceptron algorithm is that it cannot compute
the XOR function. This was pointed out by Minsky and Papert [1969] and caused
the perceptron algorithm to fall out of favour. The limitations of the simple percep-
tron algorithm can be overcome by adding more layers of computation to allow for
more complex combinations of the input features and must include more complex
(non-linear) activation functions. In a typical fully connected feed forward neural
network weight connections go from each neuron in one layer to each neurons in the
next layer, but not between neurons in the same layer or back to a previous layer.

A hidden layer in a neural network is a layer that is not directly connected to
the input or the output. Figure 3.2 shows a feed forward neural network with one
hidden layer and four hidden layers. A linear combination of a linear combination of
the input can be reduced to just one linear combination i.e. two layers can be reduced
to one. This means that each layer must include a non-linear activation function after
the linear combination of inputs and weights WTx. So a perceptron function with

one hidden layer becomes:
(3.6)

where h is the hidden layer, f! is the hidden layer activation function and £ is the
output layer activation function.

While it has been shown that neural networks with one hidden layer are universal
approximators [Hornik et al., 1989], in practice because the loss function is non-
convex with respect to the weights it is difficult to optimise. For this reason modern
networks are often arranged in very deep networks and task specific architectures.

To add more hidden layers the output from the previous hidden layer becomes

the input to the next hidden layer and an activation function is applied after each
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linear combination of weights and inputs. A perceptron with one or more hidden

layers is called a multi layer perceptron (MLP) or neural network.

Simple Neural Network Deep Learning Neural Network

@ nput Layer () Hidden Layer @ Output Layer

Figure 3.2: Multi-layer perceptrons | 2017]. A multi-layer perceptron with
one hidden layer left and four hidden layers right.

3.3 Activation functions

Activation functions are divided into output layer and hidden layer activation func-

tions.

3.3.1  Output layer activation functions

These are set by the prediction task.

* For a linear regression task with a real number target output no activation

function is used as the output of the final layer is already in the correct format.

* For a logistic regression task (output is a real number between 0 and 1) the
Sigmoid activation function f(x) = —L= is used as per Figure E This func-
tion squashes the full range of real number outputs to the range 0-1 so the final
output can be interpreted as the probability that the input belongs to class 2.

¢ For classification tasks the softmax activation function is used:

et

—_— 3.7
Zjl\il e 47

flxi) =

This function takes N real number outputs (logits) and normalises them so the

final outputs are between 0 and 1 and sum to 1. The Sigmoid function can also
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be used for 2 class classification problems by creating a network with only one
output and setting the output y(x) as the probability of class 1 and 1 — y(x) as
the probability of class 2.

— Sigrmoid 140
— derivative

0.8

06

02 ¥
00
T T T T T

5 4 2 0 2 4 &

Figure 3.3: Sigmoid activation function and derivative [Shaw].

3.3.2 Hidden layer activation functions

Sigmoid Traditionally the Sigmoid Function was used as the hidden layer activa-
tion function as it was thought to most closely resemble the firing pattern of neurons
in the brain [LeCun et al, 2015]. The major drawback of the Sigmoid function is
that its maximum derivative is 0.25 as shown in Figure This means that when its
derivatives are multiplied together during the backpropagation algorithm detailed in
Section [3.5| the values quickly become small and disappear. This is called the disap-
pearing gradients problem and is one of the reasons that deep neural networks were
traditionally pretrained a layer at a time using the self-supervised learning algorithm

Greedy Layerwise Unsupervised Pretraining [Bengio et al., 2007].

Rectified linear (ReLU) The vanishing gradients problem was overcome with the

introduction of the Rectified Linear Unit (ReLU) activation function as shown in

Figure 3.4}

f(x) = max (0, x) (3.8)
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The ReLU activation function was shown to speed up training considerably com-
pared to the Sigmoid function [Krizhevsky et al., 2012].

Figure 3.4: ReLU (blue) and leaky ReLu (red) activation functions [Nayef et al.,[2022].

Leaky ReLU A problem with the ReLU activation function is that for any negative
value of wTx the output is set to 0 which also makes the gradient 0. This means that
no gradient information is passed through the neuron to update the weights. If the
weights happen to start at or become values such that wTx < 0Vx then the weights
can no longer be updated and the neuron “dies”. Leaky ReLU [Maas et al., 2013]
solves this problem by having a small gradient for wx < 0 as per Figure

There are many other activation functions that have been shown to be effective in
particular applications, but the above are the most commonly used and are generally
effective [Goodfellow et al., 2016].

3.4 Loss functions

In order to update the weights using the gradient descent algorithm the error or loss
must first be calculated. The loss function is the calculation of the empirical risk
equation from the data. Traditionally the loss function was just the mean squared
error (MSE) between the actual output and target output for each training example
[Rumelhart et al.,|1995] as shown in Figure

L) =+ 3 i ) 9)
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where y; is the ith training example, ¢; is the ith target value and 7 is the number of
training examples.

The MSE is a simple way of ensuring that positive and negative differences in out-
put and target do not cancel out and that large mistakes are weighted more heavily

than small mistakes. For this reason it can be sensitive to outliers.

Range of predicted values: (-10,000 to 10,000] | True value: 100
1e8

10

0.8

06

MSE Loss

04

0z

0.0

-10000 -7500  -5000  —2500 D 3500 5000 7500 10000
Predictions

Figure 3.5: Mean Squared Error [Feng, 2021]

In modern algorithms the loss function chosen tends to be matched to the output,
target and task, leading to better results. The MSE loss function is still often used
for linear regression. For classification tasks where the softmax activation function
is used and all outputs are less than 1, the MSE will exacerbate the problem of
very small gradients when the output is very far from the target. In this case the
cross-entropy loss improves learning as it increases exponentially as the output gets
further away from the target and so can counteract the small gradients in the tails of

the softmax. The cross-entropy loss is:

N K
L(y,t) ==Y ) tulog(yu) (3.10)
n=1k=1

where t, is the target value, which is a binary indicator for whether class example
n, belongs to class k. y,; is the predicted probability of example n belonging to
class k. N is the number of training examples and K is the number of classes in the

classification problem.
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Figure 3.6: Binary cross entropy loss. Red line is target = 1, blue is target = 0

Reinforcement learning uses specific loss functions that are designed for the task.
These are covered in Section 44l There are also extra terms which can be added
to the loss functions that improve regularisation and learning efficiency. These are
covered in Sections B.6]and 4.2l

3.5 Backpropagation

The aim of a neural network is to learn to improve its performance at the task from

the training data by finding the weights that minimise the loss function.

The analytic solution relies on it being linear and having a squared error measure.
Iterative methods are usually less efficient but they are much easier to generalise, so

generally gradient descent is used.

Backpropagation is an application of the chain rule of differentiation applied to
propagate derivatives from final layers of the neural network to the hidden and input

weights.
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y = f(g(x))
u=g(x)
y = fu) (3.11)
dy _du dy
dx dx " du

The optimal learning rate is not too big and not too small. As shown in Figure[3.7]a

learning rate that is too big will cause the loss to oscillate back and forth across the

minimum. A learning rate that is too small will cause training to progress too slowly

and will also be more likely to get stuck in small local minima. The learning rate is

a hyperparameter that needs to be carefully tuned for each learning task to achieve

best performance. In practice it is common to decay the learning rate throughout

training.

Loss

Low learning rate

Very high learning rate

—

\:

Epoch #

\

High learning rate

Figure 3.7: Effect of learning rate [Kaur, 2018].
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3.5.2 Batch training

Calculating the gradients based on the entire training set for each update is called full
batch gradient descent. This method gives the most accurate gradient information.

However there are several reasons why using this may not give best performance:

1. We expect the loss surface to be non-convex and extremely complex with many
local minima, so a noisy gradient estimate may allow the model to get out of

local minima.

2. For large training datasets, training will progress extremely slowly if we wait
to calculate the loss based on all training examples before backpropagating the

gradients and updating the weights.

Stochastic gradient descent is the name used when updating after every training ex-
ample. Calculating gradients based on just one training example can cause estimates
to be too noisy and again lead to training that is too slow as shown in Figure
Usually a compromise between full batch and stochastic gradient descent is used,
being mini-batch gradient descent. This is where a small portion of the training data
is used to calculate the loss and gradients for each update to the weights. Commonly
used batch sizes are in the 10s or 100s depending on the dataset, task and compute
resources. It is important to note that batch size is a hyperparameter and interacts
with other hyperparameters. For example a larger batch size generally requires a
larger learning rate as less updates are made for each loop through the training set

(epoch) and makes it harder to avoid local minima.

3.6 Optimizers

The optimizer is the function that calculates the updates to weights at each training
step. The simplest optimizer is the plain gradient descent from equation

3.6.1 Momentum

A common addition to gradient descent is momentum [Polyak} 1964]. Momentum
adds a fraction of the previous update to the current update. This dampens large
swings in the direction of the weight updates, especially when the error surface is

steep in one dimension and not in others. The update rule is given by
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— Batch gradient descent
— Mini-batch gradient Descent
— Stochastic gradient descent

Figure 3.8: Gradient descent compared to stochastic and batch updates |
2017]

v av—yVL(f(x,w),t)
W< WHV (3.12)
0<n <1 0<a<l

where « is a hyperparameter that determines how quickly the contributions of the
previous gradients decay.

An example of momentum applied to a loss surface where one dimension is steep
and one dimension is not is shown in Figure

Gradient descent

Gradient descent with momentum

Figure 3.9: The effect of momentum on an error surface that is steep in one dimension

and not in the other 2022]
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3.6.2 Adaptive learning rates

Momentum goes some way to addressing the case where the loss function of a neural
network is more sensitive to updates in some directions in parameter space and
insensitive to others. Adaptive learning rates are another way of addressing this by
adapting learning rates for each individual parameter throughout training based on

the accumulation of historical gradients.

AdaGrad [Duchi et al., 2011] adapts the learning rate of each model parameter by
scaling them proportionally to the inverse of the sum of the squared values of all the

historical gradients. So the scaled learning rate is:

Ui

Jo e (3.13)
where G; is a diagonal matrix where each diagonal element i,i is the sum of the

squares of the gradients w.r.t. w; up to time step ¢
This means that the parameters with the largest partial derivatives have a large
decrease in learning rate and those with the smallest have a small decrease. Similar
to momentum this can help the algorithm get out of saddle points or similar where
the gradient is large in one dimension and not in others. Adagrad is designed to
perform well with a convex loss function, but in a nonconvex space the sum of all
historical gradients may make the learning rate too low by the time a good locally

convex space is found.

RMSProp [Hinton et al., |2012a] This algorithm modifies Adagrad by using an ex-
ponentially decaying moving average instead of a sum of all the gradients. That way
learning rates are not decayed too far and it can still converge rapidly after reaching

a good locally convex space. RMSProp adapts the learning rate as follows:

E[g*]: =YE[g*]i-1+ (1 — )8}
7 (3.14)
E[g?]i +e

where:

g§=VL(f(xw),1)
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and 0.9 is suggested for 7.

Adam [Kingma and Ba, 2014] Adam adds the momentum term back into RMSProp
by applying it to the gradient scaling term. It also incorporates bias corrections to
the estimates of both the momentum and gradient scaling terms.

formula:

my = Bimy_1+ (1 —B1) g

(3.15)
vt = Pavr1+ (1— B2) &7

The best optimization algorithm There is no such thing as an optimisation algo-
rithm that performs best in every circumstance. The modern algorithms outlined
above have been designed to perform well in specific cases discussed in their de-
scriptions. However it has been shown that vanilla stochastic gradient descent with
momentum performs well in a wide variety of applications [Goodfellow et al., 2016],
so it is frequently used. This is the algorithm used in this work, as the focus is on
generality across many different tasks as opposed to the best optimisation algorithm

for a specific task.

3.7 Other training methods

There are a few other methods that are less frequently used to optimize neural net-

works but have been shown to be effective in particular scenarios. These include:

e second order methods that make use of second derivatives to improve opti-

mization,

¢ genetic algorithms that optimize weights without use of any gradient informa-

tion.

These methods are beyond the scope of this thesis.

3.8 Weight initialisation

The optimisation algorithms that are used in this work are iterative and require the
user to specify the starting point of the weights to begin iteration. The loss surface
for deep neural networks is usually extremely complex and non-convex, so back-
propagation optimization algorithms that are designed to rely on local gradient in-

formation for learning are strongly affected by the choice of initialization point. The
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initialization point chosen can determine how quickly the optimization algorithm
converges, how close the point it converges to is to the global minimum and some-
times even whether it converges at all. It can also determine whether the convergence
point overfits or generalises well.

The most important point to consider when initialising weights is breaking sym-
metry. If two neurons in the same layer of a fully connected feed forward neural
network are initialised with the same weights to begin with then they will continue
to have the same weights throughout training and a redundant neuron will be created
[Goodfellow et al) 2016], unless different updates for different weights are created
through dropout or similar.

Weights are generally initialised from either a uniform or gaussian distribution.
The size of the hyperparameters for each distribution is more important than which
one is chosen. This is because choosing the scale requires balancing two competing

factors:

1. larger values produce more differences in the weights and less likelihood of

symmetry.

2. larger values also produce a strong prior as they are more difficult to change
without the algorithm getting stuck in local minima. So the final optimisation

point is likely to be not too far from the initialisation point.

In the end, point two has a stronger influence and modern initialisation algorithms
tend to be scaled by the number of inputs m and outputs n to a layer. For example

Xavier Uniform [Glorot and Bengio, 2010]:

Wz'jNu<—\/ 6 ,\/ ° ) (3.16)
g m-+n m-+n

Kaiming Initialization [He et al., 2015] is an initialisation method for neural net-

works that takes into account the non-linearity of activation functions, such as ReLU
activations. A proper initialization method should avoid reducing or magnifying the
magnitudes of input signals exponentially. Using a derivation the authors work out

that the condition to stop this happening is:

%nﬂ/ar[wl] =1
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where n; = klzdl, k; is the kernel size, and d; is the number of channels. This leads to

an initialization of:

2

w; ~ N (0, ) (3.17)
n

We use Kaiming initialization in this work as it is specifically designed for ReLU

activation functions and it performs well in general in a variety of optimisation

spaces.
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Chapter 4

Specialised Deep Neural Network
Architectures and Training

Strategies

To improve learning in the complex non-convex weight optimization space, modern
deep neural networks tend to be organised in task specific architectures. These de-
pend on the structure of both the input data and the patterns that need to be learned

in order to solve the task.

4.1 Traditional CNN architecture

Convolutional Neural Networks (CNNs) [LeCun et al., |1989] were originally de-
signed for image data, but have been shown to work well on a variety of grid like
data with feature equivariance. For example sound waves and language [Oord et al.,
2016; Palaz et al., [2013; [Hu et al., 2014; Kalchbrenner et al., 2014]].

4.1.1  Convolution layers

CNNs use convolution layers with sparse weights and parameter sharing to achieve
equivariance. A convolution layer consists of a set learnable kernels that are con-
volved with the input data to produce a feature map. One dimensional discrete

convolution for neural networks is defined as follows:

eature map; = weights (X) input + bias; (4.1)
p 8 p
=2 (3 (@pm X Xipm)) + bias; (4.2)
f m

29
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where each filter w, has predefined length m less than the input length and there
are f filters. More dimensions can be added by summing over them as well. For

example two dimensions:

feature map;; = weights ® input + bias;; (4.3)
= Z (Z (Z <wf,m,n X xi-i-m,j—i-n))) + bias; ; (4.4)
f n m

Convolving the kernel with one section of input produces one neuron, so one
convolution operation can be thought of as a fully connected neural network in that

section of data. The kernel moves across the input in each dimension in turn as

shown in Figure

8 Qutput
1 I Il 1 | Feature maps

11]0(0|0|0|1 8 filters — I
ol1|ofof1]0 e B
ojo/1]1]0]0 3[-1|-3]-1
1710|0(0(|1/|0 3103
ol1]/ofo[1]0 B
olo[1]o]1]0 S(-3|E] 1

Image (6x6) 3 2 _2 _1
1/0/01(i0]|0]1 3
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ojoj1joj1jo e Convolution Operation

Image (6x6)

Figure 4.1: Convolution [Singh et al.,2020].

The output of a convolution layer is called a feature map as it maps the location
of the output of each application of the kernel, see Figure

The number of kernels in a layer is a hyperparameter set by the user, as is the
size of the kernels. The number of kernels essentially defines the number of different
features that can be learned in a particular layer and the size of the kernel determines
the size of the features to be learned and the efficiency of the calculations. The
number of kernels generally increases from lower layers to higher layers throughout
the network as lower layers tend to learn simple general features and higher layers

tend to learn more complex task specific features, as shown in Figure
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Figure 4.2: CNN layers feature responses [Lee et al., 2009].

All the neurons in a feature map share the same weights but a different part of
the input as shown in Figure The sparsity makes the calculations more efficient
and the weight sharing reduces the number of free parameters and helps prevent

overfitting.

This sparsity and weight sharing makes creates a property called equivariance to

translation:

f(T(x))=T(f(x)) (4.5)

where T is a translation. In the case of the convolution operation in neural network
this means that the kernel applied to one area of the input creates the same output
when applied to a different area of the input, just in a different location in the feature
map output. This means that they perform well on data that contains the same
features in different locations. For example in image classification a cat is still a cat
whether it is on the ground or on a table, and in speech to text a word still needs to
create the same output whether it’s said at a higher or lower frequency or at the start

or end of a sentence.

Another hyperparameter that determines the behaviour of a convolution layer is
stride length. The stride length determines how the kernel moves across the input

space. If the stride length is one it will move one space across each dimension of the
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input in turn. If the stride length is two the kernel will move two spaces across each
time and so on. Figure [4.3|shows a stride length of one and two respectively.

Convolution Convolution
with Stride=1 Output with Stride=2 Output

(2) (b)

Figure 4.3: Stride lengths [Yepez and Ko, [2020].

An activation function is applied to each neuron in the feature map output from

the convolution layer as per a fully connected neural network.

4.1.2 Pooling

Traditionally CNNs generally included pooling layers at regular intervals through-
out the network. A pooling layer replaces the outputs from the feature map with
summary statistics to smooth and/or reduce the feature map size and improve the
efficiency of the CNN. A pooling function has predefined dimensions and is applied
to each section of the input like a kernel in a convolution layer as shown in Figure

44

There are several different pooling functions. The most common pooling oper-
ations are average pooling which takes the average over each section of input, and
max pooling takes the maximum, see Figure Others include weighted average

and L% norm.
Pooling also adds a small amount of translation invariance.

Modern CNNs often use stride lengths of two to decrease the feature map size
and a clever combination of two convolution layers with kernel size of one and stride
of two to create a pooling type function with learned parameters rather than having
to choose the type of pooling in advance. However global average pooling which
averages over the full final feature map for each kernel has been shown to be effective
[Lin et al., 2013].
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Figure 4.4: Pooling [Yani et all 2019]

4.1.3 Fully connected layers

Traditionally CNN architectures had one or more fully connected layers as described
in Section (3} that took the features output from the final CNN or pooling layer and

made the final prediction.

4.1.4 Examples of early CNN architectures

Figure 4.5/ shows the first CNN architecture LeNet [LeCun et al., 1989].
AlexNet, [Krizhevsky et al) [2012] shown in Figure was the first neural net-
work to win the ImageNet 1k [Deng et al., 2009] image classification challenge result-

ing in a sudden increase in interest in the application of and improvement of CNN

models.

4.2 Modern CNN designs

CNNs and other deep neural network architectures have exploded in popularity over
the past decade [Krizhevsky et al., 2012; Girshick et al., 2014;|Li and Deng), 2020; Masi|
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Figure 4.5: LeNet [LeCun et al., [1989]
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Figure 4.6: AlexNet

Large 3D blocks are feature maps output from convolutional layers and small 3D blocks
within them are kernels. 2D blocks are fully connected layer output vectors [Krizhevsky |
| et al, 2012].

et al., 2018; Mazurowski et al., 2019]. With this increased interest has come a large

number of improvements to architectures and learning algorithms.

4.2.1 Residual Connections

Residual connections address the problems of getting gradients back to the lowest
layers with very deep modern CNNs. As shown in Figure 4.7| with a residual con-
nection the output from one or more layers is concatenated together with the original
input to create the final output and input to the next layer. This creates “short-cuts”
through the network when backpropagating the gradients.

Modern style residual connections were first introduced in the ResNet family of
architectures [He et al., 2016]. This is still a popular architecture today as it can be
scaled depending on available compute resources and delivers good results for all
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Figure 4.7: Residual block [He et al., 2016].

4.2.2 Dropout

If dropout [Hinton et al., 2012b]] is used, it is usually applied to a fully connected
layer after the convolution layers. It “drops”, sets the output to zero, for each neuron
in the fully connected layer with a set probability for each training batch. At test
time each neuron is used but is scaled by the dropout probability. For example if
the dropout probability is 50% then roughly 50% of neurons will be dropped each
time during training, then at test time all neurons will be used but the outputs will
be scaled by 50%. The dropout probability is a hyperparameter set by the user. This
trains neurons to be more self-sufficient and have a unique function as they cannot
rely on the presence of other features to create output. An example of dropout is
shown in Figure

Dropout can also be thought of as a way of augmenting the features from the
convolutional layers. Only a certain percentage of the features produced by the
convolutional layers are used for training batch and the features that are used are
different each time. This means for a model that outputs a large number of features
and has a reasonably large dropout rate, the features used for prediction are likely
to be different most if not every time a particular training example is used. For
example the Inception_v4 model [Szegedy et al., 2017] with global average pooling
after the final convolution layers outputs 1,536 features. If the dropout probability is
0.5 then there are 21°3¢ combinations of features that can be produced by applying
dropout and the probability of a particular training example being trained with the

exact same features active twice during training would be small.
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(a) Standard Neural Net (b) After applying dropout.

Figure 4.8: Dropout applied to three fully connected layers [Hinton et al., 2012b]

4.2.3 Normalisation

It is important to normalise the initial inputs to the network so all input features
have the same mean and standard deviation, as otherwise large input features with
large variance are likely to have a bigger initial influence on training than smaller
features with smaller variance. This effect can be undone through training as the
model should learn the appropriate weights, but it makes training slower and more

likely to get stuck in a sub-optimal local minima.

Internal covariate shift In deep neural networks outputs to lower layers become
inputs to the layers above. As the weights for each layer are trained the outputs
change, thus without some sort of normalisation higher layers will be training on a
continuously changing input. This has been shown to slow down training and make
it more sensitive to the learning rate [loffe and Szegedy, [2015]].

To counteract internal covariate shift the outputs from each convolution layer
should be normalised. There are several ways to do this, with each one performing

the following calculation:

1
6= —(xi — ui 4.6
Xi 7 (xi — pi) (4.6)
where y; and o; are the mean and standard deviation respectively calculated over a

particular set of feature map outputs x; as shown in Figure All methods listed
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below then learn a per channel linear transform to compensate for the loss of repre-

sentation ability:

yi=y%+P 4.7)

Batch normalisation performs normalisation with mean and variances calculated
along the batch dimension N. This means that it can be strongly affected by batch
sizes. It also creates issues as the concept of a batch is not always present or may

change.

Several normalisation methods have been proposed to address the problem of
batches in batch normalisation. Layer normalisation acts along one instance in all
channels and instance normalisation works along one instance in one channel C. How-
ever none of the proposed methods have been able to consistently achieve the same

performance as batch normalisation across a variety of image recognition tasks. [Wul

2018].
Group normalisation [Wu and He| 2018] is in between layer and instance normalisa-

tion and works on one instance across multiple channels. The number of instances

in a group is defined by a hyperparameter number of groups G, with the number of
instances being C/G. Group normalisation has been shown to have similar perfor-
mance to batch normalisation for moderately sized batches across a variety of image

recognition tasks, with improved performance as the batch size is reduced.

Batch Norm i ; Instance Norm

Figure 4.9: Types of normalisation

Each subplot shows a feature map. The pixels in blue are normalized by the same mean and
variance, computed by aggregating the values of these pixels. N is the number of instances
in a batch, C is the number of channels in this layer and H and W are the height and width
of one instance. In this case W is one so the fourth dimension has been removed

2018]
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4.2.4 Regularisation

Modern deep models with millions of parameters are generally trained with some
form of weights regularisation to address overfitting. Standard weights regularisa-
tion takes the form of an Lnorm term applied to the difference between the weights
and 0 added to the loss function.

mingL (w) = {iZL(z(xi,w),yi)—i—;||w—0||p} 48)
i=1

The smaller the value of p, the more the weights are encouraged to be sparse. In
Figure it can be seen that the Liregularizer, also known as the lasso, will drive
some weights to 0 with sufficiently large &, whereas the L, term gives no preference
for 0 weights.

Figure 4.10: L1 (left) compared to L2 regularisation (right) [Stuart and Peter, 2016].

4.2.5 Mixup

Mixup [Zhang et al,, 2017a] performs data augmentation throughout training by

mixing two randomly draw training examples as follows:
X = Axi+ (1= A)x; (4.9)

where x;, and x;j are input vectors
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y* = Ay; + (1 — )L)y]' (4.10)

where y;, and y; are one-hot label encodings

Mixup works on the assumption that linear interpolations of feature vectors
should result in linear interpolations of the associated targets. This can help prevent
large models from overfitting idiosyncrasies of the training data. Mixup has been
shown to improve state of the art performance on a variety of image classification

datasets.

4.2.6 Modern CNN architectures

An early application of residual connections was the ResNet family of architectures
Figure Scaled up versions of ResNet architectures by both depth and width,
plus hybrids with other architectures are still comparable with the state of the art.
Another successful family of architectures is Inception. Inception v4 performs
well on ImageNet 1K and was shown to perform better than all other available ar-
chitectures at the time for transferring from ImageNet 1K to a broad range of target
tasks in [Kornblith et al,, 2019]. As shown in Figure after an initial stem, the
Inception models consist of repeated blocks of alternate paths of convolutional and
other layers. The blocks consist of simple paths with one convolution layer for stan-
dard blocks or one max pooling layer for blocks that reduce the size of the feature
maps. These simple paths are similar to the residual paths in ResNet models and
they are concatenated with the output of more complex paths with multiple convo-
lutional and/or pooling layers that provide the complex hierarchical representation

power of the models.
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4.3 Recurrent neural networks

In the previous Chapters we considered feed forward neural networks where weights
connect a neuron in one layer to a neuron in a subsequent layer. Recurrent neural
networks (RNNs) relax this assumption to deal with data that is in the form of a
sequence of vectors. RNNs are explicitly designed to model time sequences by intro-
ducing a weight that connects the output of each hidden neuron at one time step to

become the input of the same neuron at the next time step as shown in Figure

(a) Recurrent neural network

(b) Feed-forward neural network

Figure 4.13: Feedforward connection compared to recurrent connection |
2019].

RNNSs can be used to model sequences in both the input data and or the output
data. Figure shows the many different forms of sequence data that can be mod-
elled by an RNN. A standard feedforward neural network has no way of modelling
a relationship between a previous input and a current output, whereas in a RNN
the recurrent connections mean that information persists across time steps and the

model contains a memory.

As for a convolutional neural network and other specialised architectures, a final



§4.3 Recurrent neural networks 43

one t_o one ie to many many to oie many i_o many mjw t_o mTy
| 000 "0 ogn g

HH A DHHA  OHAH
t t tt ¢ tt t ¢t

1 HoE PEH AL

Figure 4.14: Types of sequences [Karpathy, 2015].

|+

feed forward fully connected layer is generally added on top of one or more recur-
rent layers to perform the final prediction task using the features produced by the

recurrent layers.

4.3.1 Forward pass

The forward pass is similar to a standard feed forward neural network with the only
difference being that the hidden layer now has an input from the previous time step

as well as a new input vector:

ht = f(Whhhtfl + thXt) (411)

where wy;, are the hidden to hidden weights, w,;, are the input to hidden weights ,
h; is the output of the hidden layer at time ¢ and f is the activation function.

The hidden state at time 0 (/o) needs to be initialised for each new sequence. This
is often done as a random initialisation or fixed constant such as 0, but can also be
learned, or transferred from the last time step of the previous sequence if sequences
are in order. From there the sequence is looped through in order with the output of

each hidden state becoming the input to the next one as shown in Algorithm

4.3.2 Backwards pass

A recurrent neural network can be unrolled through time to take a form similar to a
deep feed forward neural network, see Figure Then backpropagation through
time [Pinedal 1987] can be applied via repeated applications of the chain rule. The
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Algorithm 1 Forward pass for a RNN with one hidden layer and inputs and outputs
at each time step

initialise Wy, Wxn, h
# loop through for each step in sequence
fort=1to T:

#update the hidden state

h = f(Whn -h) + (Wxn - x))

# compute the output vector

y= (Why : h)

difference being that all the weights wy,, wy;, wy,, are constrained to be the same
value at each timestep. We sum over the whole sequence of gradients to get the final

value for each of the network weights to perform the weight update.

A
Why Why { WhY Why

Whh Whh Whh Whh
h, ~iah h, . = ~ h,

Figure 4.15: RNN unrolled through time [Deshpande, 2017].

4.3.3 Long Short-Term Memory (LSTM) recurrent neural networks

With just one state vector and weight vector learning the relationship over time and
being constantly overwritten, long term dependencies are difficult to model so the
range of contexts that can be learned is limited. In theory the backpropagation
through time algorithm allows us to train RNNs using gradient descent. In practice
RNNs are unstable and when backpropagating gradients through long time win-
dows, the gradients can explode or vanish. This is part of the vanishing gradient
problem as shown in Figure ??.

An effective solution to the vanishing gradients problem is the Long Short Term
Memory (LSTM) RNN [Hochreiter and Schmidhuber, [1997] and other similar vari-

ants. LSTMs have been shown to be effective at modelling sequences that are 100s or
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Figure 4.16: The sensitivity of an RNN to old inputs decays exponentially over time

[Graves, 2012]. The shading of the nodes indicates the sensitivity over time of the

network nodes to the input at time one (the darker the shade, the greater the sensi-
tivity)

even 1,000s of steps long [Graves, |2012].

LSTMs follow the same basic structure as RNNs except that the nonlinear units
in the hidden layer are replaced by memory blocks. Each memory block contains
one or more memory cells along with input, output and forget gates which control
the flow of information into and out of the memory cell as shown in Figure
The forward pass for the gates, cell input and output, and hidden layer output are as
follows:

Input gate: i = o(Wj;x + Wy;h' 1)

Forget gate f(t) = o (Wisx + Wysh'™1)

Output gate o(t) = o(Wipx + Wyoh' 1)

Input modulation g = tanh(Wigx 4+ Wych' 1)

Memory cell ¢! = fxc+ixg

Hidden layer output h' = o x tanh(c")

4.4 Reinforcement learning

The reinforcement learning environment is defined by [Sutton and Barto, [2018] as

Definition 4.1. Reinforcement learning is learning what to do—how to map situa-
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Figure 4.17: LSTM memory cell [Arras et al., 2019].

tions to actions—so as to maximize a numerical reward signal.

In the reinforcement learning environment a model is not given a training set

with the correct action to take for each training example, but instead must discover

which actions yield the most reward by trying them. It is an interaction between an

active decision making agent and its environment, within which the agent seeks to

achieve a goal despite uncertainty about its environment.

_-..- )
~| Agent
stat;a rr(raward
: " rr4 /
<ur| Environment

action
a,

Figure 4.18: Reinforcement learning environment [Sutton and Barto| 2018].

The reinforcement learning environment is summarised in Figure The terms

for the elements of the set up are:

Action (a € A): A is the set of all possible moves the agent can make. A can be
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discrete or continuous. a is a particular action taken by an agent.

State (s € S5 ): A state s is a representation of information the agent receives about
its current environment. The entire state space S can be finite or infinite and discrete
or continuous.

Reward (r € R): A reward is the feedback by which we measure the success or
failure of an agent’s actions and the training signal, they are usually sparse.

Discount factor (0 < 7y < 1): The discount factor is multiplied with future rewards
in order to dampen their effect on the agent’s choice of action. It makes future
rewards worth less than more immediate rewards

Policy (rt(als)): The policy is the strategy the agent employs to determine the next
action based on the current state. It is the mapping of states to the probabilities of
selecting each possible action.

Value V() The expected long-term return of the current state under policy .

Rewards can be:

1. Sparse, in that the model only receives occasional rewards after a number of

actions.
2. Affected by past actions for an indeterminate amount of time.

3. Non-deterministic in that the same action in the same state may lead to different

rewards from the environment.

An example of an environment with all three of the challenges listed above is the
game of Chess. The model would generally only get a reward for a win and there
is no way of knowing whether an interim move is right or wrong, a bad move early
on may affect the whole game, and making one bad move against a poor player may
still result in a win, whereas against a strong player it will likely result in a loss.

In this environment the agent seeks to maximise the long term reward, which for

a finite number of actions T is just the discounted sum of each reward received:

T
Rty =1t + Vi1 + VT2 + oo+ Trr =Y o0 (4.12)

t=ty

The value function is then the expected return of starting in state s and following

policy p from then on [Sutton and Barto, [2018]:

T
Vi) = Ex[ Y 7' r|Sy = s]Vs € S (4.13)

t=tg
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An environment with a finite number of actions is called episodic, and one chain of

actions an episode.

4.4.1 Deep reinforcement learning

In this thesis, experiments are performed in an extremely large action space. For
this reason we use deep reinforcement learning where the optimal action in a state is

predicted by a deep neural network as shown in Figure [4.19]

Reward

Agent

State Take Environment

action

parameter 6

Observe state

Figure 4.19: Deep reinforcement learning [Mao et al., [2016].

4.4.1.1  REINFORCE algorithm

One way of dealing with the challenges of sparse and non-deterministic rewards
in an episodic reinforcement learning environment is through directly optimising
in the policy space via the REINFORCE algorithm [Williams, (1992; |Williams and
Peng, 1991]. We are trying to maximise the expected value of the reward defined
by equation given the current weights weights w. This is a special case of the
general formula for the expectation of some scalar valued score function f(x) (the

reward function) under some probability distribution p(x;w) parameterized by w:

E[flw] =) _p(x | w)f(x)

where in this case p(x | w) is the probability of taking a particular action in a partic-
ular state and f(x) is the reward from taking that action. We can find the gradient of

this value as follows:
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VoE[flw] = Vo ) p(x [ w)f(x)

2 xX)Vyp(x | w)

X

Vuwp(x|w)
p(x|w)

substituting in V,p(x | w) = p(x | w) = p(x | w)Vylogp(x | w)

= }:f (x | w)Vylogp(x | w)

= E[flwVylogp(x [ w)]

for an episodic case with N steps this is approximated by:

N
Zf(xz)vwlogp(xz | w)

i=1
In English, the term Vlogp(x | w) gives us the direction we would need to move
the parameters w to increase the probability of action x, and f(x;) is the score of x
(the total reward). So if the total reward after taking action x is positive this will
move the parameters in the direction to make x more likely and if it is negative it
will move the parameters in the opposite direction.

Using reinforcement learning terms our objective function to maximise becomes:

N
t] =) Rilogr(aj|s;, w) (4.14)
i=1

and the loss function we want to minimise is:

M=

N
Il
—_

L(w) =) R;(—logrm(ai|s;w)) (4.15)

with a discount factor included this is:

L(w) = i'yiRi (—logm(ails;, w)) (4.16)
i=1

From here the gradients of the weights can be calculated as usual by applying the
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chain rule of differentiation recursively to the loss function.

4.4.1.2 REINFORCE extensions

There are many extensions to the basic REINFORCE algorithm described above. Two
are relevant to this work.

One drawback of the basic REINFORCE algorithm is the high variance in esti-
mating the gradient of E[R¢t]. Each time we perform a gradient update, we are using
an estimation of gradient generated by a series of data points <s,a,r,s "> accumulated
through a single episode of game play. This is known as the Monte Carlo method.
This estimate can be very noisy, and a bad gradient estimate can adversely impact
the stability of the learning algorithm. For example if R is always positive then every
update will be in the direction of making the action more likely, no matter how it
compares to other actions.

A simple way to reduce the variance in Policy Gradients is to subtract a baseline

from the reward in the Policy Gradients formula:

Y (R; — B) (—logrt(a;|s;, w)) (4.17)

M=

Il
—_

L (w) =
1
Subtracting a proper baseline ensures that the scaling factor (Rt-B) is only pos-
itive if the action is better than average and negative if the action is worse than
average. Empirically, this trick reduces the variance of the gradient estimate quite
drastically. The baseline can be any function, even a random variable. As long as
it does not vary with the action a. The baseline should vary with state. In some
states all actions have high values and we need a high baseline to only have positive
updates for the better actions; in other states all actions will have low values and a
low baseline is appropriate.
Another extension to the REINFORCE algorithm is REINFORCE/MENT [Williams,
1992; |Williams and Peng), 1991] which adds an entropy regularisation term:

N
L(w) = ; ((Ri—B—1H (s, m)) (—logr(als,w))) (4.18)

1

where H is the entropy of the policy distribution:

logr(als, w)



84.5 Deep Learning Hyperparameters 51

and 0 < T < 1is a hyperparameter that controls the degree of entropy regularisation.
Entropy regularisation encourages exploration and helps prevent early conver-

gence to sub-optimal policies [Williams and Peng, 1991; Williams), 1992].

4.5 Deep Learning Hyperparameters

There are many hyperparameter decisions that need to be made in advance when
creating and training a deep learning model for a particular task. The decisions to

be made when creating a model include:
1. The general type of architecture, for example, a CNN or a RNN.

2. The specific details of the architecture, for example, for a CNN how many layers
should be used, how many filters should be in each layer, what shape should

those filters be, should skip connections or residual connections be used etc.
3. The hidden and final layer activation functions.

The decisions to be made when training a model, discussed in the section numbers

given, include:
1. the loss function to represent performance on the task, Section
2. the optimizer, Section
3. the learning rate and how to decay it over the length of training, Section [3.5.1]
4. the type of weight initialisation, Section
5. the type of regularisation if any, Section [4.2.4}
6. the type of normalisation, Section [4.2.3]
7. the type of data augmentation if any, Section

It can be extremely challenging to find the combination of these hyperparameters
that will achieve optimal performance on a particular task, especially considering
that all the hyperparameters interact with each other. For some of the more simple
ones such as learning rate, regularisation etc, a grid search within a sensible range
can be used. However, for others such as specific architectural decisions the space
is too large and even in the simple cases a grid search can be out of reach for many
people without large compute resources. Other strategies have recently been created

to automate these decisions in particular categories, they are also computationally
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expensive, but progress is being made to reduce the reliance on massive compute.
At this stage though it is common for many researchers and users to ignore most of
the hyperparameters and their interaction and use existing tested designs. In some
cases, especially when the training dataset is small this can result in significantly

suboptimal performance. This will be expanded on in Chapters [5|and [6|

4.5.1 Neural Architecture Search

Neural architecture search (NAS) is a hyperparameter optimisation strategy that was
originally designed to make the architectural decisions for designing a CNN. It has
since been extended to many related hyperparameter decision tasks, including loss
function [Li et al., 2019a] and activation function [Ramachandran et al., 2017] design,
and data augmentation strategies [Cubuk et al., 2019].

The first NAS model [Zoph and Le, 2016] consisted of a controller and child
model as shown in Figure The controller model was an LSTM model trained
with REINFORCE with baseline to predict a CNN architecture consisting of number
of filters, filter height, filter width, stride height, stride width for each layer. The child
model implemented and trained the specified CNN and the reward for the controller

model was the final validation set accuracy for the child model.

Sample architecture A
with probability p

[ y

Trains a child network
The controller (RNN) with architecture
A to get accuracy R

{ J

Compute gradient of p and
scale it by R to update
the controller

Figure 4.20: Neural architecture search [Zoph and Le, [2016]]

Since 2016 there have been many advances in the field of neural architecture
search [Ren et al. [2021]. The major NAS algorithms use reinforcement learning
Zoph and Le| [2016]]; Zoph et al. [2018], evolutionary algorithms Real et al. [2019],
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or gradient-based optimisation |Liu et al|[2018b]; |Shin et al. [2018] as the optimiza-
tion method, however there are some other less common categories as shown in
Figure The original NAS model used 800 GPUs for 30 days for training on the
ImageNet 1K, which puts it out of reach for most researchers and users [Zoph and
Le, 2016]. More recent advances have focused on reducing the huge cost in training

a NAS model. This is done via various methods, including:

¢ jointly training the model hyperparameters and parameters by relaxing the
hyperparameters to be continuous differentiable Liu et al. [2018b]]; Shin et al.
[2018],

* restricting the search space by putting constraints on the architecture Zoph et al.
[2018]); Pham et al.|[2018],

* using transfer learning to train subsequent architectures more quickly after the

first or fine-tuning existing architectures |Fang et al. [2020]; Cai et al.| [2018],

¢ speeding up training time for candidate architectures via, searching for fast
architectures by explicitly using the inference speed as a constraint **citation**,
parameter sharing Pham et al.|[2018]], predicting the learning curve to allow for
early stopping Baker et al.|[2017]; Liu et al.|[2018a].
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Components of NAS

Reinforcement

DAG Representation . Full Training
Learning
Partial Training
Cell Block Evolutionary Search
Meta-Architecture iaht- i
Gradient-Based Weight-Sharing NAS
Optimization Network Morphism Specific
_ Hypernetworks
Bayesian
Optimization

Figure 4.21: Advances in NAS models [Li and Talwalkar, 2018].




Chapter 5

Transfer Learning

The hierarchical structure of these networks allows for ever more complex patterns to
be learned. This is one of the things that has allowed deep learning to be successful
at many different tasks in recent years, when compared to other machine learning
algorithms. However, this only applies if there is enough data to train them. Fig-
ure 5.1 shows the increase in ImageNet 1K performance with the number of model
parameters. Figure shows that for large modern CNN models in general the
performance on ImageNet 1K increases with the number of training examples in the
source dataset. This suggests that large modern CNNS are likely overfitting when
trained from random initialization on ImageNet 1K. Of course there are some outliers
as the increase in performance from additional source data also depends on how re-
lated the source data is to the target data. This is discussed further in in Section [6.4.6]
These two results combine to show the stated effect that deep learning performance

scales with the size of the dataset and model.

As noted in Section [1] there are many real world scenarios where large amounts
of data are unavailable or we are interested in training a model on a small amount of

data for other reasons.

5.1 Learning from small vs large datasets

Wang et al. give a thorough treatment of the problems of learning from a small

number of training examples in [Wang et al., 2020b].

5.1.1 Empirical Risk Minimization.

We are interested in finding a function f that minimises the expected risk:

55
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Figure 5.1: Increase in performance on ImageNet 1K due to model size, measured by
number of parameters in millions

Rrrue () = EI(F(x),9)] = [ £(F(), ) dp(x,v) 1)

with

f* = arg minfRTRUE (f)

Rrrue (f) is the true risk if we have access to an infinite set of all possible data and
labels, with f being the function that minimizes the true risk. In practical applications
however the joint probability distribution P(x,y) = P(y|x)P(x) is unknown and the
only available information is contained in the training set. For this reason the true
risk is replaced by the empirical risk, which is the average of sample losses over the

training set D

Ry (f) = — ) £(f(xi),yi), (52)

S|
.Mm

I
—_

1

leading to empirical risk minimisation [Vapnik, [1992].

Before we begin training our model we must choose a family of candidate func-
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Figure 5.2: Percentage increase in performance on ImageNet 1K due to increased
source dataset size

tions F. In the case of CNNs this involves choosing the relevant hyperparameters
that determine our model architecture, including number of layers, the number and
shape of filters in each convolutional layer, whether and where to include features
like residual connections and normalization layers, and many more. This constrains
our final function to the family of candidate functions defined by the free parameters
that make up the given architecture. We are then attempting to find a function in F

which minimises the empirical risk:

fn = argmingR,, (f) (5.3)

Since the optimal function f* is unlikely to be in F we also define:

fr = argming.rRrrue (f) (5.4)

to be the function in F that minimises the true risk. We can then decompose the

excess error that comes from choosing the function in F that minimizes R, (f):
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E[R(fa) = R(f")] = E[R(fz) = R(f)] + E[R(fa) = R(fF)] = €app T €t (5.5)

The approximation error ¢,,, measures how closely functions in F can approximate
the optimal solution f*. The estimation error &,;; measures the effect of minimizing
the empirical risk R(f,) instead of the expected risk R(f*) [Bottou and Bousquet,
2008]. So finding a function that is as close as possible to f* can be broken down

into:

1. choosing a class of models that is more likely to contain the optimal function,

and

2. having a large and broad range of training examples in D to better approximate

an infinite set of all possible data and labels.

5.1.2 Unreliable Empirical Risk Minimiser

In general, €.s+ can be reduced by having a larger number of examples [Wang et al.,
2020b]. Thus, when there are sufficient and varied labelled training examples in D ,
the empirical risk R(f,) can provide a good approximation to R(f}) the optimal f
in . When n the number of training examples in D is small the empirical risk R(fy)
may be further from being a good approximation of the expected risk R(f5). The
resultant empirical risk minimizer overfits.

To alleviate the problem of having an unreliable empirical risk minimizer when
Dyy4in is not sufficient, prior knowledge must be used. Prior knowledge can be used
to augment the data in Dy, constrain the candidate functions F, or constrain the
parameters of f via initialization or regularization [Wang et al., 2020b]]. Task spe-
cific deep neural network architectures such as CNNs and Recurrent Neural Net-
works (RNNs) are examples of constraining the candidate functions F through prior
knowledge of what the optimal function form may be.

In this thesis I focus on transfer learning as a form of constraining the parameters
of f to address the unreliable empirical risk minimizer problem. Section[6.7]discusses
how deep transfer learning relates to other techniques that use prior knowledge to

solve the small dataset problem.

5.1.3 Deep transfer learning

Deep transfer learning is transfer learning applied to deep neural networks. Pan and

Yang [Pan and Yang, 2009] define transfer learning as:
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Definition 5.1. Given a source domain Ds and learning task Ts, a target domain Dt
and learning task Tr, transfer learning aims to help improve the learning of the target
predictive function fr (.) in Dt using the knowledge in Dg and Ts, where Ds# Dy,
or Ts # Tt .

For the purposes of this paper we define deep transfer learning as follows:

Definition 5.2. Given a source domain Dg and learning task Ts, a target domain Dy
and learning task Tt deep transfer learning aims to improve the learning of the target
model M by initialising it with weights W that are trained on source task Ts using

source dataset Dg (pretraining), where Ds# Dt , or Ts # Tr.

Some or all of W are retained when the model is “transferred” to the target
task Tt and dataset Dr. The model is used for prediction on T after fully training
any reinitialised weights and with or without continuing training on the pretrained
weights (fine-tuning).

Figure 5.3[shows the pretraining and fine-tuning pipeline when applying transfer

learning with a deep neural network.
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Figure 5.3: Deep transfer learning

Combining the discussion from Section with definition 5.2 using deep trans-
fer learning techniques to pretrain weights W, can be thought of as regularising W.
Initialising W with weights that have been well trained on a large source dataset

rather than with very small random values limits the distance that the weights move
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from their pretrained values [Neyshabur et al.,|2020; Liu et al., 2019a]]. In the classic
transfer learning setting the source dataset is many orders of magnitude larger than
the target dataset. One example is pretraining on ImageNet 1K with 1.3 million train-
ing images and transferring to medical imaging tasks which often only have 100s of
labelled examples. So even with the same learning rate and number of epochs, the
number of updates to the weights while training on the target dataset will be orders
of magnitude less than for pretraining. This prevents the model from creating large
weights that are based on noise or idiosyncrasies in the small target dataset.
Advances in transfer learning can be categorized based on ways of constraining

the parameters of W as follows:
1. Initialization. Answering questions like:

¢ how much pretraining should be done?
* is more source data or more closely related source data better?

¢ which pretrained parameters should be transferred vs reinitialized?

2. Parameter reqularization. Regularizing weights, with the assumption that if the
parameters are constrained to be close to a set point, they will be less likely to

overfit.

3. Feature reqularization. Regularizing the features for each training example that
are produced by the weights. This is based on the assumption that if the fea-
tures stay close to those trained by the large source data set the model will be

less likely to overfit.

We describe progress and problems with deep transfer learning under these cat-
egories as well as based on the relationship between source and target dataset in
Section 4. Then, in Section 5, we describe how deep transfer learning relates to other

methods.

5.1.4 Negative Transfer

The stated goal of transfer learning as per Definition [5.1]is to improve the learning
of the target predictive function fr (.) in Dt using the knowledge in Dg and Ts. To
achieve this goal the source dataset must be similar enough to the target dataset
to ensure that the features learned in pretraining are relevant to the target task. If
the source dataset is not well related to the target dataset the target model can be

negatively impacted by pretraining. This is negative transfer [Rosenstein et al., 2005;
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Pan and Yang), 2009]. Wang et al. [Wang et al., 2019bja] define the negative transfer
gap (NTG) as follows:

Definition 5.3. Let T represent the test error on the target domain, 6 a specific transfer
learning algorithm under which the negative transfer gap is defined and @ is used
to represent the case where the source domain data/information are not used by the
target domain learner. Then, negative transfer happens when error using the source
data is larger than the error without using the source data: €;(6(S, 7)) > e-(6(2, 7)),

and the degree of negative transfer can be evaluated by the negative transfer gap
NTG =€.(0(S,7)) —e:(0(2, 1)) (5.6)

From this definition we see that negative transfer occurs when the negative trans-
fer gap is positive. Wang et al. elaborate on factors that affect negative transfer [Wang
et al., 2019bjal:

* Divergence between the source and target domains. Transfer learning makes
the assumption that there is some similarity between joint distributions in
source domain Ps(X,Y) and target domain Pr(X,Y). The higher the diver-
gence between these values the less information there is in the source domain
that can be exploited to improve performance in the target domain. In the
extreme case if there is no similarity it is not possible for transfer learning to

improve performance.

* Negative transfer is relative to the size and quality of the source and target
datasets. For example, if labelled target data is abundant enough, a model
trained on this data only may perform well. In this example, transfer learning
methods are more likely to impair the target learning performance. Conversely,
if there is no labelled target data, a bad transfer learning method may perform
better than the random guess, which means negative transfer would not hap-

pen.

With deep neural networks, once the weights have been pretrained to respond to
particular features in a large source dataset there will be limits as to how far these
weights change from their pretrained values [Neyshabur et al., 2020]. This is par-
ticularly so if the target dataset is orders of magnitude smaller as is often the case.
This premise allows transfer learning to improve performance and also allows for
negative transfer. If the weights transferred are pretrained to respond to unsuitable

features then this training will not be fully reversed during the fine-tuning phase
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and the model could be more likely to overfit to these inappropriate features. For

example:

¢ pretrain a large deep neural network on a natural object dataset like iNaturalist
[Van Horn et al., 2018],

¢ transfer all but the final layer of weights to a man-made object dataset like
Stanford Cars [Krause et al., 2013].

The pretrained model could be learning to identify car makes and models with fea-
tures like types of leaves, flowers etc. that were useful to the source task. Scenarios
such as this usually lead to overfitting the idiosyncrasies of the target training set
[Plested and Gedeonl, 2019].

In image classification models, features learned through lower layers are more
general, and those learned in higher layers are more task specific [Yosinski et al.,
2014]. It is likely that if less layers are transferred negative transfer should be less
prevalent, with training all layers from random initialization being the extreme end

of this. However there has been limited prior work to test this.

5.2 Datasets commonly used in transfer learning for image

classification

5.2.1 Source

ImageNet 1K, 5K, 9K ImageNet is an image database organized according to the
WordNet hierarchy (currently only the nouns), in which each node of the hierarchy
is depicted by hundreds and thousands of images. At present there are an average of
over five hundred images per node [Deng et al., 2009]. ImageNet 1K or ILSVRC2012
is a well known subset of ImageNet that is used for an annual challenge. ImageNet
1K consists of 1,000 common image classes with at least 1,000 total images in each
class for a total of just over 1.3 million images in the training set. ImageNet 5K
and 9K are larger subsets of the full ImageNet dataset containing the most common
5,000 and 9,000 image classes respectively. All three ImageNet datasets have been
used as both source and target datasets, depending on the type of experiments being
performed. They are most commonly used as a source dataset because of their large

sizes and general classes.

JFT dataset JFT is an internal Google dataset for large-scale image classification,

which comprises over 300 million high-resolution images [Hinton et al,, 2015]. Im-
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ages are annotated with labels from a set of 18,291 categories. For example, 1,165
type of animals and 5,720 types of vehicles are labelled in the dataset. These cat-
egories form a rich hierarchy with the maximum depth of hierarchy being 12 and
maximum number of children for a parent node being 2,876 [Sun et al.,|2017]]. There

are 375M labels and on average each image has 1.26 labels.

Instagram hashtag datasets [Mahajan et al., 2018] collected a weakly labelled image
dataset with a maximum size of 3.5 billion labelled images from Instagram, being
over 3,000 times larger than the commonly used large source dataset ImageNet 1K.

They collected the dataset with the following data collection pipeline:
1. Select a set of hashtags.
2. Download images that are tagged with at least one of these hashtags.

3. Because multiple hashtags may refer to the same underlying concept, apply
a simple process that utilizes WordNet synsets [Miller, 1995] to merge some

hashtags into a single canonical form.

4. Finally, for each downloaded image, replace each hashtag with its canonical

form and discard any hashtags that were not in the selected set.

The canonical hashtags were used as labels for training and evaluation. By varying
the selected hashtags and the number of images to sample, a variety of datasets of
different sizes and visual distributions were created. One of the datasets created
contained 1,500 hashtags that closely matched the 1,000 ImageNet 1K classes.

Places365 Places365 (Places) [Zhou et al., [2017] contains 365 categories of scenes
collected by counting all the entries that corresponded to names of scenes, places
and environments in the WordNet English dictionary. They included any concrete
noun which could reasonably complete the phrase "I am in a place", or "Let’s go to
the place". Images belonging to each scene category were found using online image

search engines by querying for each scene category term. There are two datasets:

¢ Places365-standard has 1.8 million training examples total with a minimum of

3,068 images per class.
¢ Places365-challenge has 8 million training examples.

Places365 is generally used as a source dataset when the target dataset is scene based
such as SUN.
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iNaturalist The iNaturalist [Van Horn et al.,2018|] dataset consists of 859,000 images
from over 5,000 different species of plants and animals. iNaturalist is generally used
as a source dataset when the target dataset contains fine-grained plants or animal

classes.

5.2.2 Target

General General object classification datasets contain a variety of classes with a
mixture of superordinate and subordinate classes from many different categories
in WordNet [Miller, [1995]. ImageNet is a canonical example of a general image
classification dataset.

Examples of general object classification datasets commonly used as target datasets

are:

¢ CIFAR-10 and CIFAR-100 [Krizhevsky et al., 2009]]: they have a total of 50,000
training and 10,000 test images of 32x32 colour images from 10 and 100 classes

respectively.

¢ PASCAL VOC 2007 [Everingham et al.]: Has 20 classes belonging to the super-
ordinate categories of person, animal, vehicle, and indoor objects. It contains
9,963 images with 24,640 annotated objects and a 50/50 train test split. The size
of each image is roughly 501 x 375.

¢ Caltech-101 [Fei-Fei et al| 2004]. Pictures of objects belonging to 101 categories.
About 40 to 800 images per category, with most categories having around 50

images. The size of each image is roughly 300 x 200 pixels.

e Caltech-256 [Griffin et al., |2007]. An extension of Caltech-101 with 256 cate-
gories and a minimum of 80 images per category. It includes a large clutter

category for testing background rejection.

Fine-grained Fine-grained object classification datasets contain subordinate classes

from one particular superordinate class. examples are:

¢ Food-101 (Food) [Bossard et al., 2014]: Contains 101 different classes of food
objects with 75,750 training examples and 25,250 test examples.

¢ Birdsnap (Birds) [Berg et al.,[2014]: Contains 500 different species of birds, with
47,386 training examples and 2,443 test examples.
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e Stanford Cars (Cars) [Krause et al., 2013]: Contains 196 different makes and

models of cars with 8,144 training examples and 8,041 test examples.

¢ FGVC Aircraft (Aircraft) [Maji et al., 2013]: Contains 100 different makes and

models of aircraft with 6,667 training examples and 3,333 test examples.

e Oxford-IIIT Pets (Pets)[Parkhi et al., [2012]: Contains 37 different breeds of cats
and dogs with 3,680 training examples and 3,369 test examples.

e Oxford 102 Flowers (Flowers) [Nilsback and Zisserman, 2008]: Contains 102
different types of flowers with 2,040 training examples and 6,149 test examples.

¢ Caltech-uscd Birds 200 (CUB) [Wah et al., 2011]]: Contains 200 different species
of birds with around 60 training examples per class.

¢ Stanford Dogs (Dogs) [Khosla et al.,2011]: Contains 20,580 images of 120 breeds
of dogs.

Scenes Scene datasets contain examples of different indoor and/or outdoor scene

settings. Examples are:

e SUN397 (SUN) [Xiao et al} 2010]: Contains 397 categories of scenes. This
dataset preceded Places-365 and used the same techniques for data collec-
tion. The scenes with at least 100 training examples were included in the final

dataset.

e MIT 67 Indoor Scenes [[Quattoni and Torralbal [2009]): Contains 67 Indoor cate-
gories, and a total of 15620 images. The number of images varies across cate-

gories, but there are at least 100 images per category.

Others There are a number of other datasets that have less of an overarching theme
and are less related to the common source datasets. These are often used in con-
junction with deep transfer learning for image classification to show models and

techniques are widely applicable. Examples of these are:

* Describable Textures (DTD) [Cimpoi et al. 2014]: Consists of 3,760 training
examples of texture images jointly annotated with 47 attributes. The texture
images are collected “in the wild” by searching for texture adjectives on the

web.
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Daimler pedestrian classification [Munder and Gavrila, 2006]: Contains 23,520
training images with two classes, being contains pedestrians and does not con-

tain pedestrians.

German road signs (GTSRB) [Stallkamp et al., 2012]]: Contains 39,209 training

images of German road signs in 43 classes.

Omniglot [Lake et al, 2015]: Contains over 1.2 million training examples of

1,623 different handwritten characters from 50 writing systems.

SVHN digits in the wild (SVHN) [Netzer et al.,2011]]: Contains 73,257 training

examples of labelled digits cropped from Street View images.

UCF101 Dynamic Images (UCF101) [Soomro et al., [2012]]: Contains 9,537 static

frames of 101 classes of actions cropped from action videos.

Visual Decathlon Challenge (Decathlon) [Rebutfti et al., 2017]: A challenge de-
signed to simultaneously solve 10 image classification problems representative
of very different visual domains. The data for each domain is obtained from
the following image classification benchmarks already described above with all
images resized to have a shorter side of 72 pixels: ImageNet, CIFAR-100, Air-
craft, Daimler pedestrian, Describable textures, German traffic signs, Omniglot,
SVHN, UCF101, VGG-Flowers.



Chapter 6

Literature Review

In the past decade, the successes of deep CNNs on image classification tasks have
inspired many researchers to apply them to an increasingly wide range of domains.
Model performance is strongly affected by the relationship between the amount of
training data and the number of trainable parameters in a model. As a result there
has been ever growing interest in using transfer learning to allow large CNN models
to be trained in domains where there is only limited training data available or other

constraints exist.

As deep learning gained popularity in 2012 to 2016, transferability of features
and best practices for performing deep transfer learning was thoroughly explored
[Agrawal et al., 2014; |Azizpour et al., 2015; Huh et al., 2016; [Sharif Razavian et al.,
2014; [Yosinski et al., 2014]. While there are some recent works that have introduced
improvements to transfer learning techniques and insights, there are many more that
have focused on best practice for either general [Kornblith et al., 2019; Mahajan et al.,
2018; |Li et al., 2020a; Plested et al., [2021] or specific [Raghu et al., 2019; |Heker and

Greenspan, 2020] application domains rather than techniques. We fully review both.

When reviewing the application of deep transfer learning for images we divide
applications into categories. We split tasks in two ways, being small versus large
target datasets and closely versus loosely related source and target datasets. For
example using ImageNet [Deng et al., 2009] as a source dataset to pretrain a model
for classifying tumours on medical images is a loosely related transfer and is likely
to be a small target dataset due to privacy and scarcity of disease. This category
division aligns with the factors that affect negative transfer outlined in [Wang et al.,
2019bjal.

The distinction between target dataset sizes is useful as it has been shown that
small target datasets are much more sensitive to changes in transfer learning settings
[Plested and Gedeon, 2019]]. It has also been shown that standard transfer learning

protocols do not perform as well when transferring to a less related target task [He
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et al., |2018; Kornblith et al., 2019} Plested et al., 2021], with negative transfer being
an extreme example of this [Wang et al., 2019bla], and that the similarity between
datasets should be considered when deciding on hyperparameters [Li et al., |2020a;
Plested et al., 2021]. These distinctions go some way to explaining conflicting per-
formance of deep transfer learning methods in recent years [He et al., 2018; [Li et al.,
2020a; Wan et al., 2019; Zoph et al., 2020].

6.1 Review papers

Many reviews related to deep transfer learning have been published in the past
decade and the pace has only increased in the last few years. However, they dif-
fer from ours in two main ways. The first group consists of more general reviews,
that provide a high level overview of transfer learning and attempt to include all ma-
chine learning sub-fields and all task sub-fields. Reviews in this group are covered
in Section The second group is more specific with reviews providing a com-
prehensive breakdown of the progress on a particular narrow domain specific task.
They are discussed in the relevant parts of Section Our review is designed to
sit in between these two groups and provide a broad review of deep transfer learn-
ing as it relates to image classification so that overarching patterns can be identified,
analysed and discussed. This allows us to make recommendation for best practice
when using deep transfer learning applied to image classification as well as identify
knowledge gaps and suggest directions for future research. There are a few surveys

that are more closely related to ours with differences discussed in Section [6.1.2]

6.1.1 General transfer learning surveys

The most recent general transfer learning survey [Zhuang et al., [2020a]] offers a thor-
ough theoretical analysis of general transfer learning techniques. Transfer learn-
ing techniques are split into data-based and model-based, then further divided into
subcategories. Deep learning models are explicitly discussed as a sub-Section of
model-based categorisation. The focus is entirely on generative models such as auto-
encoders and Generative Adversarial Networks (GANs) and several papers are re-
viewed. Neural networks are also mentioned briefly under the Parameter Control
Strategy and Feature Transformation Strategy Sections. However, the focus is on
unsupervised pretraining strategies, rather than best practice for transferring from
source to target domains under any pretraining strategy.

Weiss et al. [Weiss et al,[2016] divide general transfer learning into homogeneous,
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where the source and target dataset distributions are the same, and heterogeneous,
where they are not, and give a thorough description of each. They review many
different approaches in each category, but few of them are related to deep neural
networks. Convolutional neural networks are only mentioned to state that it has

proved to be possible to transfer CNNs.

6.1.2 Closely related review papers

There are some recent review papers that based on their title seem to be more closely
related. However, they are short summary papers containing limited details on the
subject matter rather than full review papers.

A Survey on Deep Transfer Learning [Tan et al., 2018] defines deep transfer learn-
ing and separates it into four categories based on the subset of techniques used, be-
ing instances-based deep transfer learning, mapping-based deep transfer learning,
network-based deep transfer learning, and adversarial-based deep transfer learning.
A few examples are given of each category, but these are extremely brief. The focus
is more on showing a broad selection of methods rather than providing much detail
or focusing particularly on deep transfer learning methods. Most major works in the
area from the past decade are missing.

Deep Learning and Transfer Learning Approaches for Image Classification [Kr-
ishna and Kalluri, |2019] focuses on defining CNNs along with some of the major
architectures and results from the past decade. The paper includes a few brief para-
graphs defining transfer learning and some of the image classification results incor-
porate transfer learning, but no review of the topic is performed.

A survey of transfer learning for convolutional neural networks [Ribani and
Marengoni, 2019] is a short seven page paper which briefly introduces the trans-
fer learning task and settings, and introduces general categories of approaches and
applications. It does not review any specific approaches or applications.

Transfer learning for visual categorization: A survey [Shao et al 2014]. Is a full
review paper, but is older with no deep learning techniques included.

In Small Sample Learning in Big Data Era [Shu et al, 2018] deep transfer learning
is a large part of the work, but not the focus. Methods for machine learning with
small samples of labelled training data are divided into experience learning and con-
cept learning. Experience learning includes models that perform data augmentation
and models that learn from related data, such as transfer learning. Concept learn-
ing includes methods that create a concept embedding space, including prototype

models and matching models. Some examples of deep learning applied to image
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classification domains are mentioned, but there is no discussion of methods for im-

proving deep transfer learning as it relates to image classification.

6.2 General deep transfer learning for image classification

Early work on deep transfer learning showed that:

1. Deep transfer learning results in comparable or better performance in many
different tasks, when compared to training from random intialization, and par-
ticularly when compared to shallow machine learning methods [Sharif Raza-
vian et al., 2014; Azizpour et al., 2015].

2. More pretraining both in terms of the number of training examples and the
number of iterations tends to result in better performance [Agrawal et al., 2014;
Azizpour et al., 2015; [Huh et al., 2016].

3. Fine-tuning the weights on the target task tends to result in better performance
particularly when the target dataset is larger and less similar to the source
dataset [Agrawal et al., 2014; Yosinski et al., 2014; Azizpour et al., 2015].

4. Transferring more layers tends to result in better performance when the source
and target dataset and task are closely matched, but less layers are better when
they are less related [Agrawal et al, 2014; Yosinski et al., 2014; |Azizpour et al.,
2015} (Chu et al., 2016].

5. Deeper networks result in better performance [Azizpour et al., 2015].

It should be noted that all the studies referenced above were completed prior to
advances in residual networks [He et al., 2016]]. It has been argued that residual net-
works when combined with fine-tuning makes features more transferable [He et al.,
2016]. As many of the above studies were carried out within a similar time period,
some results have not been combined. For instance, most were done with AlexNet, a
relatively shallow network, as a base and many did not perform fine tuning and/or
simply used a deep neural network as a feature detector at whatever layer it was
transferred. It has since been shown that when fine-tuning is used effectively, trans-
ferring less than the maximum number of layers tends to result in better performance.
This applies even when the source and target datasets are highly related, particularly
with smaller target datasets [Plested and Gedeon, 2019].

More recently it has been shown that the performance of models on ImageNet 1K

correlates well with performance when the pretrained model is transferred to other
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tasks [Kornblith et al., 2019]. They additionally demonstrate that the increase in
performance of deep transfer learning over random initialisation is highly dependent
on both the target dataset size and the relationship between the classes in the source

and target datasets. This will be discussed in more detail in the following sections.

6.3 Recent advances in transfer learning for image classifica-

tion

Recent advances in the body of knowledge related to deep transfer learning for im-
age classification can be divided into advances in techniques, and general insights on
best practice. We describe advances in transfer learning techniques here and insights
on best practice in Section[6.3.4] Recent advances in techniques are divided into regu-
larization, hyperparameter based, matching the source domain to the target domain,
and a few others that do not fit the previous categories. We discuss matching the

source domain to the target domain under the relevant source versus task domains

in Sections 6.4.6| and [6.4.6.1] and the rest below. In our reviews of recent work we
attempt to present a balanced view of the evidence for the improvements offered by
newer models compared to prior ones and the limitations of those improvements.
However, in some of the more recent cases this is difficult as the original papers pro-
vide limited evidence and newer work showing the limitations of the methods has

not yet been done.

6.3.1 Regularization based technique advances

Most regularization based techniques aim to solve the problem of the unreliable em-
pirical risk minimizer by restricting the model weights or the features produced
by them so they will not fit small idiosyncrasies in the data. They achieve this by

adding a regularization term A - Q) (.) to the loss function:

ming,L (w) = {111 éL (z (x;,w),y;)) +A-Q ()} (6.1)

with the first term 2 Y/ ; L (z (x;, w) , y;) being the empirical loss and the second term
being the regularization term. The tuning parameter A > 0 balances the trade-off
between the two.

Weight regularization directly restricts how much the model weights can move.
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Knowledge distillation or feature based regularization uses the distance between
the feature maps output from one or more layers of the source and target networks

to regularize the model:

1=

)3

j=1i

Q(w, ws) =

1 N
” d (Fj (wr, x;) , Fj (ws, x;)) (6.2)

Il
—_

where F; (wy, x;) is the feature map output by the jth filter in the target network
defined by weights w; for input value x;, and d(.) is a measure of dissimilarity
between two feature maps.

The success of regularization based techniques for deep transfer learning rely
heavily on the assumption that the source and target datasets are closely related.
This is required to ensure that the optimal weights or features for the target dataset
are not far from those trained on the source dataset.

There have been many new regularization based techniques introduced in the last

three years. We review major new techniques in chronological order.

1. L2-SP [Li et al, [2018| 2020b] is a form of weight regularization. The aim of
transfer learning is to create models that are regularized by keeping features
that are reasonably close to those trained on a source dataset for which overfit-
ting is not as much of a problem. The authors argue that because of this, during
the target dataset training phase the fine tuned weights should be decayed to-
wards the pretrained weights, not zero. Several regularizers that decay weights
towards their starting point, denoted SP regularizers, were tested in the orig-
inal papers. The L2-SP regularizer Q(w) = § ||w — oni which is the L2 loss
between the source weights and the current weights is shown to significantly
outperform the standard L2 loss on the four target dataset shown in the paper
with a Resent-101 model. The original paper showed results for transferring to
four small target datasets that were very similar to the two source datasets used
for pretraining. It has since been shown that the L2-SP regularizer can result in
minimal improvement or even worse performance when the source and target
datasets are less related [Li et al., 2020a; |Wan et al.l 2019} [Plested et al., 2021}
Chen et al., 2019]. More recent work has showed that in some cases using L2-
SP regularization for lower layers and L2 regularization for higher layers can

improve performance [Plested et al., 2021].

2. DELTA [Li et al., 2019b] is an example of knowledge distillation or feature map

based regularization. It is based on the idea of re-using CNN channels that
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are not useful to the target task while not changing channels that are useful.
Training on the target task is regularized by the attention weighted L2 loss

between the final layer feature maps of the source and target models:

N
Q(w, w’, x;,y;) = ;(Wj(wof xi, i) - | FMj(w, ;) — FMj(, )|, (6.3)

j=
where FM;(w, x;) is the output from the jth filter applied to the ith input. The
attention weights W; for each filter are calculated by removing the model’s
filters one by one (setting its output weights to 0), calculating the increase in
loss. Filters resulting in a high increase in loss are then set with a higher weight
for regularization, encouraging them to stay similar to those trained on the
source task. Others that are not as useful in the target task are less regularized
and can change more. This regularization resulted in performance that was
slightly better than the L2-SP regularization in most cases with ResNet-101
and Inceptionv3 models, ImageNet 1K as the source dataset and a variety of
target datasets. The original paper showed state of the art performance for
DELTA on Caltech 256-30, however they used mostly the same datasets as the
original L2-SP paper [Li et al, 2018] and for the two additional datasets used
they showed that L2-SP outperformed the baseline L2 regularization. Because
of this it seems likely that this method would suffer from the same limitations
as L2-SP and only improve performance on closely related datasets. This has

been partially confirmed in one recent study [Kou et al., 2020].

3. Wan et al. [Wan et al,, |2019] propose decomposing the transfer learning gra-
dient update into the empirical loss and regularization loss gradient vectors.
Then when the angle between the two vectors is greater than 90 degrees they
further decompose the regularization loss gradient vector into the portion per-
pendicular to the empirical loss gradient and the remaining vector in the op-
posite direction of the empirical loss gradient. They remove the latter term, in
the hopes that not allowing the regularization term to move the weights in the
opposite direction of the empirical loss term will stop negative transfer. They
show that their proposal improves performance slightly with a ResNet-18 on
four different datasets. However, their results are poor compared to state of the
art as they do not test on modern deep models. For this reason, it is difficult to

judge how well their regularization method performs in general.

4. Batch spectral shrinkage (BSS) [Chen et al., [2019] introduces a loss penalty ap-
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plied to smaller singular values of channelwise features in each batch update
during fine-tuning so that untransferable spectral components are suppressed.
They test this method using a ResNet-50 pretrained on ImageNet 1K and fine-
tuned on a range of different target datasets. The results show that their method
never hurts performance on the given datasets and often produces significant
performance gains over L2, L2-SP and DELTA regularization for smaller target
datasets. They also show that BSS can improve performance for less similar tar-
get datasets where L2-SP hinders performance. All results are poor compared
to state of the art for identical model sizes, source and target datasets so it is

difficult to be certain of how their method performs in general.

5. Sample-based regularization [Jeon et al., 2020] proposes regularization using
the distance between feature maps of pairs of inputs in the same class, as well
as weight regularization. The model was tested using a ResNet-50 and trans-
ferring from ImageNet 1K and Places365 to a number of different, fine grained
classification tasks. The authors report an improvement over L2-SP, DELTA
and BSS in all tests. However, the final results reported are significantly below
state of the art for the same model and datasets, so it is difficult to confirm
the results. Their results reconfirm that BSS performs better than DELTA and
L2SP in most cases and in some cases DELTA and L2SP decrease performance

compared to the standard L2 regularization baseline.

6.3.2 Normalization based technique advances

Further to regularization based methods, there are several recent techniques that
attempt to better align fine-tuning in the target domain with the source domain.
This is achieved by making adjustments to the standard batch normalization or other

forms of normalization that are used between layers in modern CNN.

1. Sharing batch normalization hyperparameters across source and target do-
mains has been shown to be more effective than having separate ones across
many domain adaptation tasks [Wang et al.,|2019a; Maria Carlucci et al., 2017].
Wang et al. [Wang et al., 2019a] introduce an additional batch normalization
hyperparameter called domain adaptive a. This takes standard batch normal-
ization with v and B shared across source and target domain and scales them
based on the transferability value of each channel calculated using the mean
and variance statistics prior to normalization. As far as we are aware these
techniques have not been applied to the general supervised transfer learning

case.
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2. Stochastic normalization [Kou et al., 2020] samples batch normalisation based
on mini-batch statistics or based on moving statistics for each filter with prob-
ability hyperparameter p. At the start of fine-tuning on the target dataset the
moving statistics are initialised with those calculated during pretraining in or-
der to act as a regularizer. This is designed to overcome problems with small
batch sizes resulting in noisy batch-statistics or the collapse in training associ-
ated with using moving statistics to normalize all feature maps [lofte, 2017; lofte
and Szegedy, 2015]. The results show that their methods improve over BSS,
DELTA and L2-SP for low sampling versions of three standard target datasets
and improve over all but BSS for larger versions of the same datasets. Their re-
sults again show that BSS performs better than DELTA and L2SP in most cases
and in many cases DELTA and L2-SP decrease performance compared to the

standard L2 regularization baseline.

6.3.3 Other recent new techniques

Guo et al. [Guo et al} 2019] make two copies of their ResNet models pretrained on
ImageNet 1K. One model is used as a fixed feature selector with the pretrained layers
frozen and the other model is fine-tuned. They reinitialize the final classification
layer in both. A policy net trained with reinforcement learning is then used to create
a mask to combine layers from each model together in a unique way for each target
example. They report state of the art results on the decathlon 10 task dataset, but
their results are less competitive on other more standard datasets like Stanford Cars
and Flowers.

Co-tuning for transfer learning [You et al., |2020] uses a probabilistic mapping of
hard labels in the source dataset to soft labels in the target dataset. This mapping
allows them to keep the final classification layer in a ResNet-50 and train it using
both the target data and soft labels from the source dataset. As with many other
recent results, they show that their algorithm improves on all others, including BSS,
DELTA and L2SP, but their results are significantly below state of the art for identical
model sizes, source and target dataset. They do show the same ordering for the

target datasets, using BSS improves on DELTA which improves on L2SP.

6.3.4 Insights on best practice

Further to advances in techniques and models, there has been a large body of recent
research that extends the early work on best practice for deep transfer learning for

image classification described in Section These studies give insights on the fol-
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lowing decisions that need to be made when performing deep transfer learning for

image classification:

o Selecting the best model for the task. Models that perform better on ImageNet
were found to perform better on a range of target datasets in [Kornblith et al.,
2019].

* Choosing the best data for pretraining. In many cases pretraining with smaller
more closely related source datasets was found to produce better results on tar-
get datasets than with larger less closely related source datasets [Ngiam et al.,
2018; Mahajan et al., 2018; Cui et al., 2016, 2018; Puigcerver et al., 2020]. There
are various measures of similarity used to define closely related that are out-

lined in Section

¢ Finding the best hyperparameters for fine-tuning. Several studies include extensive
hyperparameter searches over learning rate, learning rate decay, weight decay,
and momentum [Kornblith et al., 2019; |Li et al., 2018; Mahajan et al., 2018; |Li
et al., 2020a; |Plested et al., 2021]. These studies show the relationship between
the size of the target dataset and its similarity to the source dataset with fine-
tuning hyperparameter settings. Optimal learning rate and momentum, are
both shown to be lower for more related source and target datasets [Li et al.,
2020a; Plested et al., 2021]]. Also the number of layers to reinitialise from ran-
dom weights is strongly related to the optimal learning rate. This is because
using pretrained weights for the maximum number of layers acts as a regular-
izer by limiting the distance between pretrained weights and their fine-tuned
values [Neyshabur et al., 2020; |Plested et al., 2021].

* Whether a multi-step transfer process is better than a single step process. A multi-
step pretraining process, where the interim dataset is smaller and more closely
related to the target dataset, can outperform a single step pretraining process
when originating from a very different, large source dataset [Ng et al., 2015;
Puigcerver et al., [2020; Gonthier et al., 2020]. Related to this, using a self-
supervised learning technique for pretraining on a more closely related source
dataset can outperform using a supervised learning technique on a less closely
related dataset [Zoph et al., [2020].

» Which type of regularization to use. L2-SP or other more recent transfer learning
specific regularization techniques like DELTA, BSS, stochastic normalization,
etc, improve performance when the source and target dataset are closely re-
lated, but often hinder it when they are less related [Li et al., 2018} 2019b; [Wan
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et al., 2019; Plested et al., 2021]]. These regularization techniques are discussed
in more detail in Section

Big Transfer (BiT) was defined as pretraining on source datasets larger than Im-
ageNet 1K in [Kolesnikov et al.,, 2019]. They pretrain various sizes of ResNet on
ImageNet 1k and 21K and JFT. They call pretraining on larger source datasets Big
Transfer. They make a number of claims about deep transfer learning when pretrain-

ing on very large datasets including;:

1. Batch normalization (BN) [loffe and Szegedy, 2015] can be detrimental to Big
Transfer, and Group Normalization [Wu and He, 2018] combined with Weight

Standardization performs well with large batches.

2. MixUp [Zhang et al., 2017a] is not useful for pretraining on large source datasets

and is only useful during fine-tuning for mid-sized target datasets (20-500K)

3. Regularization (L2, L2-SP, dropout) does not enhance performance in the fine-
tuning phase, even with very large models (the largest model used for exper-
iments has 928 million parameters). Adjusting the training and learning rate
decay time based on the size of the target dataset, longer for larger datasets,

provides sufficient regularization.

The authors use general fine-tuning hyperparameters for learning rate scheduling,
training time and amount/usage of MixUp that are only adjusted based on the target
dataset size. They are not adjusted for individual target datasets. They achieve
performance that is comparable to models with selectively tuned hyperparameters
for their model pretrained on ImageNet and state of the art, or close to in many
cases, for their model pretrained on the 300 times larger source dataset JFT. However
their target datasets, ImageNet, CIFAR 10 & 100, and Pets are very closely related
to their source datasets making them easier to transfer to. Their final target dataset
Flowers is also known to be better suited to transfer to, from their source datasets.
See Section for further discussion of which target datasets are easier to transfer
to.

We expect that best practice recommendations developed for closely related datasets
will not be applicable to less closely related target datasets as has been shown for
many other methods and recommendations [Li et al., 2018, |2019b; Wan et al., 2019;
Plested et al., 2021} |Li et al., 2020a; (Chen et al., [2019; Kou et al., 2020]. To test this
hypothesis we reran a selection of the experiments in BiT using Stanford Cars as
the target dataset which is very different from the source dataset ImageNet 21K and
known to be more difficult to transfer to [Kornblith et al., [2019; |[Plested et al., 2021].
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Using BiT-M-R152x4 we first confirmed that we could reproduce their state of the art
results for the datasets listed in the paper, then produced the results in Table [6.1| us-
ing Stanford Cars. These results show that BiT produces results well below standard
fine-tuning results for this less related dataset. The first column shows the results
with all the recommended hyperparameters from the paper. While the performance
can be improved with increases in learning rates and number of epochs before the
learning rate is decayed, final results are still well below results using standard fine-
tuning for the same or smaller model, source and target dataset. The fine grained
classification task in Stanford Cars is known to be less similar to the more general
ImageNet and JFT datasets. Because of this it is not surprising that recommendations

developed for more closely related target datasets do not apply.

Table 6.1: Big transfer (BiT): General visual representation learning [Kolesnikov et al.,
2019] extended results for BiT-M-R152x4 pretrained on ImageNet 21K and trans-
ferred to a less closely related target dataset - Stanford Cars. Best comparable means
results using best known fine-tuning for the same or smaller model, pretrained on ei-
ther ImageNet 1K or 21K with Cars as the target dataset. Default is the learning rate
decay schedule specified by the paper for this size target dataset and x2 is two times
the number of batches before decaying the learning rate compared to the default.
The left most column is the fine-tuning settings recommended in [Kolesnikov et al.,
2019] which result in significantly worse performance than the best performance for
a comparable model and pretraining dataset as shown in the right most column.

Dataset | default Ir 0.003 Ir 0.01 Ir 0.03 Ir 0.1 Best comparable
default x2 default xX2  default x2  default x2  [Plested et al.,

2021]

Cars 86.20 86.15 85.81 87.49 81.41 88.96 2751 522 94.86

6.3.5 Insights on transferability

Here we review works that give more general insight as to what is happening with
model weights, representations and the loss landscape when transfer learning is per-
formed, as well as measures of transferability of pretrained weights to target tasks.
Several methods for analysing the feature space were used in [Neyshabur et al.,
2020]. They found that models trained from pretrained weights make similar mis-
takes on the target domain, have similar features and are surprisingly close in ¢,
distance in the parameter space. They are in the same basins of the loss landscape.
Models trained from random initialization do not live in the same basin, make dif-

ferent mistakes, have different features and are farther away in ¢, distance in the
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parameter space.

A flatter and easier to navigate loss landscape for pretrained models compared
to their randomly initialized counterparts was also shown in [Liu et al., 2019a]. They
showed improved Lipschitzness and that this accelerates and stabilizes training sub-
stantially. Particularly that the singular vectors of the weight gradient with large
singular values are shrunk in the weight matrices. Thus, the magnitude of gradient
back-propagated through a pretrained layer is controlled and pretrained weight ma-
trices stabilize the magnitude of gradient especially in lower layers, leading to more
stable training.

Several recent techniques have been proposed for measuring the transferability

of pretrained weights:

1. H-score [Bao et al| 2019] is a measure of how well a pretrained model f is
likely to perform on a new task with input space X and output space Y based

on the inter-class covariance cov(Ep,, [f(X)|Y]) and the feature redundancy

tr(cov(f(X)))
H(f) = tr(cov(f(X)) ™ cov(Ep, [f(X)[Y]) (6.4)

the H-score increases as inter-class covariance increases and feature redun-
dancy decreases. The authors show that H-score has a strong correlation with
target task performance. They also show that it can be used to rank transfer-
ability and create minimum spanning trees of task transferability. The latter
may be useful in guiding multi-step transfer learning for less related tasks as
discussed in Section

2. Transferability and negative conditional entropy (NCE) for transfer learning
tasks where the source and target datasets are the same, but the tasks differ,
are defined in [Tran et al., 2019]. The authors define transferability as the log-
likelihood Iy (wz, ky ), where w is the weights of the model backbone pretrained
on the source task Z and ky is the weights of the classifier trained on the target
task. They then define conditional cross-entropy (NCE) as another measure of
transferability, defined as being the empirical cross entropy of label 7 from the
target domain given a label Z from the source domain. To empirically demon-
strate the effectiveness of the NCE measure a ResNet-18 model as the backbone
was paired with an SVM classifier. NCE was demonstrated to have strong cor-
relation with accuracy on the target tasks for combinations of 437 source and

target tasks.
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3. LEEP [Nguyen et al., 2020] is introduced as a measure of transferability. Using
the pretrained model, the joint distribution over labels in the source dataset and
the target dataset labels is estimated to construct an empirical predictor. LEEP
is the log expectation of the empirical predictor. LEEP is defined mathemati-

cally as:

n
T(9,D) = % ) log (Z P (yilz) 0 (xi>z) (6.5)
i=1 zeZ
where 6 (x;), is is the probability of the source label z for target input data x;
predicted using the pretrained weights 6, and P (y;|z) is the empirical condi-
tional probability of target label y; given source label z. LEEP is shown to have
good theoretical properties and empirically it is demonstrated to have strong
correlation with performance gain from pretraining weights on the source tasks.
This is shown on source tasks ImageNet 1K and CIFAR10 and 200 random
target tasks taken from the closely related CIFAR100 and less closely related
FashionMNIST. The authors expand NCE to the case where the source and tar-
get datasets are different by creating dummy labels for the target data based
on the source task using the pretrained model 6. They show that LEEP has a
stronger correlation with performance gain than the expanded NCE measure

and H-score.

6.4 Taxonomy of source and target dataset relationships for

transfer learning application to image classification

In this section we present a new taxonomy for applications of transfer learning for
image classification. This taxonomy makes it easier to see overarching patterns of
where transfer learning has been effective and, where it has failed to fulfill its po-
tential. The taxonomy is laid out in Figure Subsections [6.4.1) (6.4.2} |6.4.4} |6.4.5|

each deal with a quadrant from the taxonomy shown in Figure[6.1]in clockwise order

from the top right ending at the top left. The differences between best practice for
each of these quadrants and recent developments in each are fully covered. Final

recommendations for each are summarized in Section

6.4.1 Large closely related target datasets

An early, systematic and extremely thorough treatment of deep transfer learning for

large closely related image datasets was performed by Yosinski et al. [Yosinski et al.,
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Small less similar dataset
Transfer learning is generally
needed, but is difficult to optimise.

If possible find an interim more

closely related dataset, by using a 1 be ‘
medium sized data set as an before dec:
intermediary transfer step, or
using self-supervised pretraining
on a more related dataset.

Source and target dataset similarity

than one layer may be eff

Target dataset size

Figure 6.1: Transfer learning taxonomy. Blue is a measure of source and target dataset
similarity, where the most similar would be transferring from one set of ImageNet
classes to another such as in [Yosinski et al|[2014]; [Plested and Gedeon| [2019]]. Red
measures the target dataset size, with small being around 10,000 labelled examples
and large being a million plus labelled examples. The lines between the quadrants
are gray and dotted and the colours gradually merge to indicate that there is not a
clear cutoff point from one quadrant to the next, rather as the target dataset increases
in size between the range of around 50,000 to 200,000 more strategies for large target
datasets should be tried .

2014]. They did two experiments using AlexNet [Krizhevsky et al. 2012]. One split
ImageNet 1K [Deng et al., 2009] into two randomly chosen sets of 500 object classes.
The other split ImageNet into two sets of classes that were as different as possible

to make up the source and target dataset. These two sets of classes were natural
object classes and man-made object classes. In both experiments they used the full
1,000 plus training examples per class, so both are examples of a very large target

dataset. After creating the source and target datasets they pretrained an AlexNet

[Krizhevsky et al., 2012] on the source dataset, then transferred varying numbers of

layers of weights to the target dataset reinitializing the remaining layers with small
random weights. They then trained either the entire model or just the reinitialised
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layers applying the standard training hyperparameters of the day to fine tuning,
these being a learning rate of 0.1 decayed by multiplying by 0.1 every 30 epochs.

Yosinski et al. [Yosinski et al.,|2014]] concluded that weights from the lower layers
of a CNN trained on an image task appear to be general and easily transferable
between tasks, while the upper layers are more task specific. They showed that fine-
tuning is important in transfer learning to allow fragile co-adapted features from
the middle layers to retrain together for the new task. Finally, they demonstrated
that for the more related source and target datasets (the randomly chosen classes),
the more layers transferred the better the final performance, whereas for the less
related datasets the upper layers were less transferable. It should be noted that
experiments with fine-tuning were not done for the less related source and target
datasets. The only experiments done froze the weights that were transferred to show

the raw transferability of the weights.

The finding that more layers transferred results in better performance [Yosinski
et al.,, 2014] has heavily influenced transfer learning protocols. It is important to
note that their results were only shown to hold for large and closely related target
datasets and their specific fine-tuning hyperparameters. In fact they demonstrated
that higher layers are less transferable when the source and target datasets are less
related. Despite this latter finding, their results and training protocols have been used
as a template to inform transfer learning procedures on a wide variety of datasets
and tasks [He et al.,2018; Scott et al.,[2018;|[Wu et al.|, 2018} Tan and Le|, 2019 Mormont
et al.| 2018; Kornblith et al., [2019].

The original experiments performed by Yosinski et al. on closely related datasets
(the randomly chosen classes from ImageNet 1K) have since been repeated while
varying the size of the target dataset and fine-tuning hyperparameters [Plested and
Gedeon, 2019]. These experiments established that transferring more layers did not
generally result in better performance when optimal fine-tuning hyperparameters
were used. They also demonstrated that transferring the correct number of layers
and using optimal fine-tuning hyperparameters had a much larger impact on per-
formance as the size of the target dataset was reduced. Recent work [Plested et al.,
2021] has expanded these experiments to more current and deeper models that are
known to perform better for transfer learning [He et al., 2016] and less closely related
source and target datasets. This work has confirmed that for some datasets transfer-
ring more layers is better. However, for others, reinitialising with random weights,
multiple layers, or even whole blocks of layers of an Inception v4 model, improves

performance over the baseline of transferring all but the final classification layer.
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6.4.2 Large target datasets with less similar tasks

There are very few large image datasets that are not closely related to the object
classification tasks that are usually used for pretraining. The Places365 with 1.8
million training images was used as a source task in [Mahajan et al., 2018]. It was
shown that with less related source and target datasets the bigger and more diverse
the source training dataset the better the results on the target dataset.

Until recently the largest object detection dataset was COCO |[Lin et al.|, 2014] with
328,000 training images across 80 classes. There have been mixed results shown in
whether pretraining with ImageNet 1K and other common source datasets improve
object detection performance on the COCO dataset. These results are discussed in
detail in Section In the last few years several larger object detection datasets
have been introduced |[Kuznetsova et al.| [2020]; Shao et al. [2019]; |Cai et al.| [2022].
Shao et al. [2019] introduced the object detection dataset Objects365 which contains
365 object categories, 638 thousand images, and 10 million bounding boxes. The
authors found that for the target task COCO, pretraining on Objects365 was more
effective than pretraining on ImageNet 1K and resulted in a significantly shorter
fine tuning time. Additionally the multi-step pretraining process of pretraining on
ImageNet 1K, then Objects365 before transferring to the COCO target dataset slightly

improved results over a single pretraining step.

6.4.3 Smaller target datasets

It is often not possible to train deep neural networks on small datasets from random
initialization [Mazurowski et al.| 2019; Mormont et al. 2018; Kraus et al., 2017, Heker
and Greenspan, 2020]. This means that transfer learning becomes more heavily relied
on as the size of the target dataset reduces. It has also been shown that the transfer
learning protocols including the number of layers to transfer and fine-tuning hyper-
parameters have a much great impact on performance as the size of the target dataset
reduces [Plested and Gedeon, 2019]. As the size of the target dataset decreases, two

competing factors affect transfer learning performance:

1. The empirical risk estimate becomes less reliable making overfitting id-

iosyncrasies in the target dataset more likely.

2. The pretrained weights implicitly regularize the fine-tuned model and the final
weights do not move far from their pretrained values [Neyshabur et al., 2020;
Liu et al} 2019a; |[Raghu et al., 2019]
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The outcome of the first point is an increasing need to use transfer learning and other
methods to reduce overfitting. The implicit regularization noted in the second point
can have a positive impact in reducing overfitting the empirical risk estimate as per
the first point. It can also have a negative impact (negative transfer) if the weights
transferred from the source dataset are far from optimal for the target dataset. When
the weights, and thus the features produced, are restricted to being far from opti-
mal, then the negative effect on performance can be compounded by the first point
[Plested and Gedeonl, 2019].

6.4.4 Smaller target datasets with similar tasks

The most well known study on transfer learning [Yosinski et al., 2014] was performed
with an AlexNet [Krizhevsky et al., 2012] on strongly related and very large source
and target datasets. The same experiment was repeated in [Plested and Gedeon,
2019], but included a range of smaller target dataset sizes. These experiments demon-
strated a significant improvement in performance using optimal protocols for transfer
learning compared to common protocols from [Yosinski et al., 2014]. This improve-
ment increased considerably as the size of the dataset decreased. By using optimal
compared to commonly used protocols, the average accuracy was found to increase
from 20.86 to 30.12% for the smallest target dataset of just 10 examples for each of
the 500 classes. The commonly used practice of transferring all layers except the final
classification layer was shown to not be optimal in any of the experiments.

When pretraining CNN models on ImageNet 1K [Deng et al., 2009] and trans-
ferring to significantly smaller target datasets, the improvement of deep transfer
learning over random initialization correlates positively with how closely the tar-
get dataset relates to the source dataset. The improvement correlates negatively with
the size of the target dataset. Both correlations are seen strongly in [Kornblith et al.,
2019], with the positive correlation of performance improvement using transfer learn-
ing with the similarity between source and target datasets being most obvious. The
authors state that on Stanford Cars and FGVC Aircraft, the improvement was un-
expectedly small. The improvement over equivalent models trained from scratch is
marginal for these two datasets, at 0.6% and 0.2%. Stanford Cars and FGVC Air-
craft both contain fine-grained makes and models of cars and aircraft respectively,
whereas ImageNet 1K contains no makes and models, just a few coarse categories
for both. This means that the similarity between the source and target datasets for
these two tasks is much lower than for example the more general CIFAR-10/100 or
Oxford-IIIT Pets for which there are actually slightly more fine-grained classes in the
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source than the target dataset.

It is interesting to note that the improvement in using fine-tuning over fixed pre-
trained features for Stanford Cars and FGVC Aircraft is significantly larger, at 25.4%
and 25.7%, than for any of the 10 other datasets used in the experiments. This
indicates that the pretrained features are not well suited to the task. For compar-
ison, at the other end of the similarity scale, Oxford-IIIT Pets shows one of the
largest improvements from 83.2% accuracy for training from random initialisation
to 94.5% accuracy for fine tuning a pretrained model. For this dataset the increase
in performance using fine-tuning compared to fixed pretrained weights is marginal
at 1.1%. This shows that the pretrained features are well suited to the task with-
out fine-tuning. This difference in performance is likely compounded by the fact
that Oxford-IIIT Pets is around half the size of both Stanford Cars and FGVC Air-
craft. More recent work has shown that the difference between performance on the
target task using fixed pretrained weights versus fine-tuning with even very poor
hyperparameters can be used to predict the optimal number of layers to transfer and
fine-tuning hyperparameters for a given source and target task and model [Plested
et al., 2021].

The negative correlation between the size of the target dataset and the improve-
ment over the baselines in [Kornblith et al., 2019] can be seen clearly when the in-
crease in performance is compared to the target training set size as presented in Table
Another obvious correlation is that target datasets with lower baseline accuracy
figures increase by a larger amount as there is more room for improvement. If we
remove all the datasets where the baseline performance was above 88% which would
likely limit the performance increase, the increases are close to reverse order based
on the size of the target dataset. This highlights the negative correlation between
target dataset size and transfer learning performance. The only discrepancies in the
ordering come from general and scene tasks getting larger performance increases
than fine-grained and texture tasks, see Tables and We would expect the

former to be more closely related to the ImageNet 1K source dataset than the latter.

Both Flowers and Food-101 are interesting outliers when looking at the perfor-
mance increase compared to the baseline performance, and the size of the target
datasets. They are both fine-grained tasks, and ImageNet 1K has very few classes
of each. A future research direction could involve looking at the reliance on colours
in features for both ImageNet 1K pretrained models and models fine-tuned on these

two target datasets as we would expect colour to be useful in classifying both.
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Table 6.2: Performance increase compared to target dataset size for experiment re-
sults from [Kornblith et al., 2019

Dataset Type Size in Performance in- Performance

thousands  crease / baseline increase rank
performance

Food-101 fine-grained 78 3/ 87 8

CIFAR-10 general 50 1.98 / 96.06 10

CIFAR-100 general 50 6.7 / 81 6

Birdsnap fine-grained = 47 25/759 9

SUN397 scenes 20 114 /55 3

Stanford Cars  fine-grained 8 0.6 / 92.7 11

FGVC Aircraft fine-grained 7 0.2 / 88.8 12

PASCAL VOC general 5 16.5 / 70.9 2

2007

Describable textures 4 11.3 / 66.8 4

Textures

Oxford-IIIT fine-grained 4 11.3 / 83.2 4

Pets

Caltech-101 general 3 179 /77 1

Oxford 102 fine-grained 2 4.55 / 93.9 7

Flowers

6.4.5 Smaller target datasets with less similar tasks

Transfer learning has been shown to be effective in many areas where the target
datasets are small and less related to ImageNet 1K and other common source datasets.
However, there have also been several recent results that fit into this category where
deep transfer learning has shown little or no improvement over random initializa-
tion [Zoph et al} [2020; He et al., 2018; Raghu et al., 2019]. Transfer learning shows
better performance on smaller target datasets that are more closely related to the
source dataset than larger less related datasets in general see Section and [Ko-
rnblith et al., 2019]]. Task specific self-supervised learning methods applied to source
datasets that are more closely related but unlabelled, often perform better than su-
pervised learning methods applied to less closely related source datasets [Zoph et al.,
2020; |Azizi et al., 2021]. Recent work has shown that even when the target dataset
is very dissimilar to the source dataset and transfer learning brings no performance

gain it can accelerate the convergence speed [He et al., 2018; Raghu et al., 2019].
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Table 6.3: Performance increase compared to target dataset size for general and scene
target datasets. Experiment results from [Kornblith et al., 2019]

Dataset Type Size in Performance in- Performance

thousands  crease / baseline increase rank
performance

CIFAR-100 general 50 6.7 / 81 4

SUN397 scenes 20 114 /55 3

PASCAL general 5 16.5 /709 2

VOC 2007

Caltech-101 general 3 179 /77 1

Table 6.4: Performance increase compared to target dataset size for fine-grained clas-
sification target datasets. Experiment results from [Kornblith et al., 2019]

Dataset Type Size in Performance in- Performance

thousands  crease / baseline increase rank
performance

Food-101 fine-grained 78 3/87 3

Birdsnap fine-grained 47 25/759 4

Describable textures 4 11.3 / 66.8 2

Textures

Oxford-IIIT fine-grained 4 11.3 / 83.2 1

Pets

6.4.5.1 Face recognition

Face recognition often relies on pretraining of deep CNN architectures on general
object classification datasets like ImageNet 1K. However this area of research presents

its own unique challenges [Masi et al., 2018]:

1. With each class representing only one individual there are often only slight

differences between classes and a small number of training images per class.

2. There can be many more classes than is common for an object classification
task with common face recognition datasets having 10s or 100s of thousands or

even millions of different subjects.

Related to Point 1, a common challenge for facial recognition models is to pretrain
them on a large number of publicly available faces of celebrities then use them to
quickly learn to classify new faces with limited examples via transfer learning tech-
niques. Several additions to the typically used cross-entropy loss have been proposed

to help with this challenge they:
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¢ explicitly minimize the intraclass variance [Wen et al., 2016],
¢ increase the margin between classes [Liu et al., 2016, 2017], and

* encourage features to lie on a hypersphere [Ranjan et al., 2017; |Zheng et al.,
2018].

These methods are all designed to produce a well defined feature space during pre-
training so that there is likely to be a good separation between subjects for both
source and target subjects. When the number of subjects in face recognition datasets
get very large, deep metric learning losses are generally used instead [Schroff et al.,
2015; Wang et al., 2018 Deng et al., 2019]. It has recently been shown that metrics
designed specifically for face recognition such as CosFace [Wang et al., 2018] and
ArcFace [Deng et al) 2019] can be more successful when applied to common deep
metric learning benchmark datasets or small fine-grained object classification tasks

[Musgrave et al, 2020]. Deep metric learning is discussed further in Section [6.7.3}

6.4.5.2 Facial expression recognition

Like many fine-grained classification problems facial expression recognition (FER)
datasets are often challenging because they are small. Most well known FER datasets
have less than 10,000 images or videos. Even the larger ones often have only around
100 different subjects, making the individual images highly correlated. An additional
challenge unique to facial expression recognition is that high intersubject (intraclass)
variations exist due to different personal attributes, such as age, gender, ethnic back-
grounds and level of expressiveness [Li and Deng), 2020].

Again, for this task it has been shown that pretraining with source data more
closely matched to the target dataset results in better performance. Pretraining on
a large facial recognition dataset has been shown to perform better than pretraining
on the more general and less closely related ImageNet 1K [Deng et al., 2009]. A
multi-stage pretraining pipeline, using a larger FER dataset for interim fine-tuning
prior to the final fine-tuning on the smaller target dataset, was shown to improve

performance in [Ng et al., 2015].

6.4.5.3 Pretraining with object classification datasets for medical imaging classi-

fication tasks

The two major problems presented when using deep neural networks for medical

imaging tasks that are most relevant to this review are:
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1. Scarcity of data. Training data in medical image datasets often numbers in just
the 100s or 1,000s of examples as opposed to the 100,000s, millions or even bil-
lions of examples often available in more general image datasets [Mazurowski
et al.| [2019].

2. Severely unbalanced classes. There are often many more examples of healthy

images as opposed to those with a rare disease [Mazurowski et al., 2019].

Training very deep networks from scratch is problematic in many medical imaging
cases due to the problems listed above. Deep transfer learning is adopted in almost
every modality of medical imaging, including X-rays, CT scans, pathological images,
positron emission tomography (PET), and MRI [Mazurowski et al., 2019]. Despite
this there has been limited work addressing best practice for deep transfer learning
in the medical imaging classification domain.

Early experiments [Tajbakhsh et al., 2016] compared an AlexNet pretrained on
ImageNet 1K with and without fine-tuning, an AlexNet trained from scratch, and

traditional models with hand crafted features. They demonstrated that:

1. The use of a pretrained AlexNet CNN with adequate fine-tuning consistently
improved on or matched training from random initialisation and traditional

methods.

2. While the increase in performance using a pretrained and fine-tuned AlexNet
was marginal for relatively larger target datasets the performance improvement

was much more significant as the size of the target datasets was reduced.

More recent experiments in deep transfer learning for digital pathology classification
using a range of modern models with residual connections and four different target
datasets were performed by Mormont et al. [Mormont et al., 2018]. The models
were pretrained on ImageNet 1K. When using the pretrained models as fixed feature
extractors, the last layer features were always outperformed by features taken from
an inner layer of the network. In keeping with previous results in the field they found
that fine tuning improves on fixed extraction. However, they did not combine fine
tuning with testing different layers in the network for optimal performance, which

we suggest for future work.

6.4.5.4 More vs better matched pretraining data in the medical image domain

There have been a number of studies in the last two years examining whether a

very large less related source dataset is better, for pretraining for image classification
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in the medical domain, when compared to a within domain dataset that is orders
of magnitude smaller [Raghu et al., 2019; Heker and Greenspan, 2020]. Both these
scenarios have also been compared to self-supervised pretraining on a medium sized
unlabelled within domain dataset [Azizi et al., 2021]].

Previous results showing that pretraining with much larger source datasets in-
creases performance on the target task were extended to the medical image domain in
[Mustafa et al., 2021]. Performance on three well known small medical image classi-
fication target tasks was shown to improve as the size of the source dataset increased
from ImageNet 1K with 1.3 million training examples to JFT with 300 million training
examples. All pretraining produced better performance than random initialization.
There has also been some work showing that performing supervised pretraining on
a moderately sized medical image dataset and transferring to a smaller one can in-
crease performance compared to training from random initialisation [Kraus et al.,
2017; Heker and Greenspan, |2020], other shallow machine learning methods [Kraus
et al., 2017], and even pretraining with ImageNet 1K [Heker and Greenspan, 2020].

Raghu et al. [Raghu et al., 2019] showed that when medical image datasets are
large (around two hundred thousand training examples), pretraining on ImageNet
1K results in limited improvements over random initialisation. This applies to both
the large CNN models large ResNet-50 and Inception v3 and small CNN models
designed for better performance on medical datasets. When the number of training
examples was reduced to a small dataset size of 5,000, pretraining with ImageNet
1K resulted in small improvements over random initialisation. They also reaffirm
that lower layers are more transferable than higher more task specific layers as per
[Yosinski et al., 2014], even when the source and target tasks are very different.

A two step self-supervised pretraining process was used on two different medical

imaging classification target tasks in [Azizi et al., 2021]. This involved:
1. self-supervised pretraining on ImageNet 1K,

2. followed by self-supervised fine-tuning on a large unlabelled medical dataset

from same source as the target task, and
3. then fine-tuning on the final labelled medical image classification task.

This was found to produce significantly better results on the target task compared
to self-supervised pretraining on only ImageNet and slightly better results than pre-
training on the unlabelled medical dataset only or pretraining on ImageNet 1K with

supervised methods.
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Using a multi-stage supervised pretraining pipeline such as in [Ng et al., 2015]
does not appear to have been applied to classifying medical images with deep CNNs.

This could be a useful area of further research.

6.4.5.5 Pretraining with image classification datasets for object detection tasks

Although it is somewhat beyond the scope of this thesis, we briefly review the evi-
dence on whether pretraining on object classification datasets is beneficial for object

detection tasks.

Starting with [Girshick et al.,, |2014] many studies have shown improved perfor-
mance on object detection tasks when ImageNet pretraining is used [Ren et al., 2015;
Redmon et al, 2016]. It has become the conventional wisdom that pretraining is
needed to achieve top results on object detection tasks as the datasets tend to be
smaller than object classification datasets like ImageNet [Deng et al., 2009]. How-

ever, a number of recent results have challenged this idea.

Comparable results on the COCO object detection task [Lin et al., 2014] are
shown with random initialisation of weights compared to pretraining on ImageNet
1K [Deng et al 2009] when training protocols are adjusted to be optimal for training
from random initialization [He et al., 2018]. This result is repeated even when the
target dataset is reduced to be on 10K images total, or 10% of the full COCO size.
A number of other experiments show similar results with and without pretraining
[Shen et al.,|2017a)b; Zhu et al 2019b] and that performance is often better without
pretraining when more exact measures of bounding box overlap are used [He et al.,
2018; |Zhu et al., 2019b].

Mixed results from pretraining on the 300 x larger Instagram hashtag dataset for
the same COCO task are reported in [Mahajan et al 2018]. The improvements are
marginal at best, whereas the improvements reported on the ImageNet and CUB2011
classification tasks are larger. However in [Sun et al, 2017], performance on COCO
was significantly improved when pretraining on the large JFT source dataset with
300 million training examples, compared to ImageNet 1K. Again, these mixed results
seem to indicate that deep transfer learning training protocols can have a large influ-

ence on results when target datasets are smaller and less similar to source datasets.

A multi-stage pretraining pipeline [Ng et al., 2015] may again be useful to con-
sider in this domain. Developing more domain specific self-supervised pretraining

techniques could also be considered.
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6.4.5.6 Semantic Image segmentation

Due to the inherent difficulty of gathering and creating per pixel labelled segmenta-
tion datasets, their scale is not as large as the size of classification datasets such as
ImageNet. For this reason semantic image segmentation models have traditionally
been pretrained on ImageNet 1K and other image classification datasets such as JFT
[Garcia-Garcia et al., 2018; |(Ghosh et al,, 2019; Minaee et al., 2020]. The same pat-
tern is noted here as with other transfer learning applications in that more training
data tends to produce better results [Chen et al., 2018]. Recently it has been shown
that self-training on unlabelled but more closely related data consistently improves
performance over training the same model from scratch. Whereas pretraining on Im-
ageNet 1K can reduce performance (negative transfer), particularly when the target
dataset is larger [Zoph et al., 2020].

6.4.6 More vs better matched pretraining data

Recent works have tested the limits of the effectiveness of transfer learning with large
source and target datasets by pretraining on datasets that that are 6 x[He et al., 2017,
300x [Sun et al, 2017; Ngiam et al., 2018} Xie et al.,[2020], and even 3000 x [Mahajan
et al., 2018] larger than ImageNet 1K and target datasets that are up to 9x larger
[Mahajan et al., |2018].

In general, increasing the size of the source dataset increases the performance on
the target dataset. This occurs even when the target dataset is large such as ImageNet
1K (IK classes, 1.3M training images) and ImageNet 5k (5K classes, 6.6M training
images) or 9k (9K classes 10.5M training images) [Ngiam et al.,|2018; Mahajan et al.,
2018; [Kolesnikov et al.}|2019]. However, source data that is carefully curated to match
target data more closely can perform better than pretraining on larger more general
source datasets [Ngiam et al., 2018; Mahajan et al., 2018].

Early work in [Huh et al., 2016] showed that additional pretraining data is useful
only if it is well correlated to the target task. In some cases adding additional unre-
lated training data can actually hinder performance. In more recent work a ResNeXt-
101 32x16d was pretrained on various large Instagram source datasets. When using
ImageNet 1K as the target dataset, the model was found to have the same perfor-
mance when pretrained on a source dataset of 960M images with hashtags that most
closely matched the ImageNet 1K classes as when the model that was pretrained
with 3.5B images with 17K different hashtags [Mahajan et al. 2018]. However, pre-
training with the smaller source dataset produced significantly worse performance

when the target dataset was ImageNet 5K or 9K, or the more task specific Caltech
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Birds [Wah et al., 2011] and Places365 [Zhou et al., 2017]]. A similar result was found
in [Ngiam et al| 2018]. Pretraining using data from subgroups of classes that closely
matched the target classes, consistently achieved better performance than using the
entire JFT dataset with 300 million images and 18,291 classes. Similar performance
was achieved using their technique of reweighting classes during source pretraining
so that the class distribution statistics more closely matched the target class distribu-
tion. Interestingly though, applying the same technique to pretraining with the much
smaller ImageNet 1K dataset resulted in minimal performance gains in most cases
and a significant decrease in performance for one target dataset. This suggests a min-
imum threshold for the number of training examples where better matched training
data is better than more training data. In contradiction to [Mahajan et al, [2018],
these results showed that pretraining with the entire JFT dataset resulted in worse
performance than pretraining with just ImageNet 1K for most target classes. In some
cases performance was worse with pretraining on the entire JFT dataset rather than
initialising with random weights without pretraining. This may be an indication of
issues with the suitability of the JFT dataset as a source task for a mutually exclusive
target classification task, since the image labels are non-mutually exclusive and on
average, each image has 1.26 labels.

With a similar set up to [Ngiam et al., 2018], Puigcerver et al. [Puigcerver et al.,
2020] produced a large number of different “expert” models by of JFT starting from
one model pretrained on all of JFT then fine-tuning copies of this model on differ-
ent subclasses. Performance proxies such as K nearest neighbours were then used
to select the relevant expert for each target task. They found that selecting the best
expert pretrained on the whole of JFT then fine-tuned on just a subset of classes
resulted in better performance than just pretraining on the whole of JFT. These re-
sults are consistent with those from [Ng et al., 2015] outlined in Section in
showing that a multi-stage fine tuning pipeline with an intermediate dataset that
is more closely matched to the target dataset can produce better performance than
transferring straight from a larger, less related source dataset.

Sun et al. [Sun et al) 2017]found that pretraining a ResNet-101 [He et al., 2016
with the 300 million images from the full JFT dataset resulted in significantly better
performance on ImageNet 1K classification compared to random initialisation. When
the target task was object detection on the COCO dataset [Lin et al.,[2014], pretraining
with the full JFT dataset or JFT plus ImageNet 1K produced a much larger increase
in performance than pretraining with only ImageNet 1K as the source dataset. Both
sets of results seem to indicate that the large ResNet-101 model generally overfits

to the ImageNet 1K classification task when trained from random initialization, de-
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spite the dataset having over 1 million labelled training examples. They found that
larger ResNet models produced greater performance gains than smaller models on
the COCO object detection task with ResNet-152 outperforming both ResNet-101 and
50. Given that the difference between the mAP@[0.5,0.95] of the ResNet-101 and 152
was not significant when they were both pretrained on ImageNet 1K, but was signif-
icant when they were pretrained on the 300 times large JFT dataset, it again indicates
that larger models may overfit to ImageNet 1K.

Yalniz et al. [Yalniz et al., 2019] created a multi-step semi-supervised training

procedure that consisted of:

1. training a model on ImageNet 1K,

2. then using that model to label a much larger dataset of up to one billion social

media images with hashtags related to the ImageNet 1K classes,
3. using these weak self-labelled examples to train a new model, and

4. finally, fine-tuning the new model with the ImageNet 1K training set.

They showed a significant increase in ImageNet 1K performance across a range of
smaller ResNet architectures.

Xie et al. [Xie et al., 2020] extended the training procedure from [Yalniz et al.,
2019] to iterate between training a large EfficientNet [Tan and Le, [2019] model on
ImageNet 1K, then using that model to label the 300 million images from the full JFT
dataset and training the model using both the weak self-labelled images from JFT and
real labelled images from ImageNet 1K. This resulted in an significant improvement
in performance on ImageNet 1K. They also found that testing this model on more
difficult ImageNet test sets being ImageNet-A (particularly difficult ImageNet 1K test
examples) [Hendrycks and Dietterich, [2019]], as well as ImageNet-C and ImageNet-P
(test images with corruptions and perturbations such as blurring, fogging, rotation
and scaling) [Hendrycks et al., [2021] resulted in large increases in state of the art
performance. State of the art accuracy was doubled on two out of the three more

difficult ImageNet test sets.

6.4.6.1 More versus better matched pretraining data for small target datasets

Similarly to large target tasks, better matched pretraining data has been shown to

produce better performance on the target task than more pretraining data.
Pretraining on the scene classification task Places365 achieved considerably better

performance on the scene classification dataset MIT Indoor 67 as compared to pre-

training with the smaller and less related ImageNet 1K in [Li et al [2018]. However
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the reverse was true for the target tasks that were more related to ImageNet 1K, being
Stanford Dogs and Caltech256-30 and 60.

Source and target data classes were matched using the Earth Mover’s Distance
[Peleg et al., 1989; Rubner et al, 2000] in [Cui et al., 2018]. Pretraining with well
matched subsets was shown to perform better than with the largest source dataset
on a variety of fine-grained visual classification (FGVC) tasks. They also showed a
strong correlation between source and target domain similarity as calculated by the
Earth Mover’s Distance and performance on the target task for all but one target task.

Ge and Yu [Ge and Yu, 2017] found model performance was improved by fine-
tuning a model on the target task along with the most related data from the source
task. Related data was calculated using nearest neighbour on the activations of Gabor
filters. Sabatelli et al. [Sabatelli et al., 2018] found that performance was improved
when pretraining on a smaller art classification source dataset rather than the larger
unrelated ImageNet 1K when the target task was art classification. In the same
domain Gonthier et al. [Gonthier et al., 2020] used a two step fine-tuning process

consisting of:
1. pretraining on ImageNet 1K,

2. fine tuning on an art classification dataset that was an order of magnitude larger

than the target task, and
3. fine-tuning on the final target art classification dataset.

They found that this improved performance over pretraining on only ImageNet 1K

or only the interim art classification dataset.

6.4.6.2 Similarity measures for matching source and target datasets

In light of the findings in the previous Section, the question of how to measure simi-
larity between source and target datasets is important. In some cases source and tar-
get domain similarity can be effectively estimated through human intuition and/or
similarity between class labels [Mahajan et al., 2018; Ngiam et al., 2018; Puigcerver
et al., 2020]]. Further to this, there are many methods for using calculations of domain

similarity in the hopes of finding the best source data for pretraining:

® Cui et al. [Cui et al| 2018] showed that performance on the target dataset
increases as a measure of similarity based on the earth mover distance between

the source and target domains increases.
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¢ Domain adaptive transfer learning (DATL) [Ngiam et al., 2018|] uses impor-

tance weights based on the ratio P;(y)/Ps(y) to reweight classes during source
pretraining so that the class distribution statistics match the target statistic
Pi(y). Where Pi(y) and Ps(y) describe the distribution of labels in the target
and source datasets respectively. They show that using adaptive transfer or a
subset of the source dataset that more closely matches the target dataset im-
proves performance over using the entire unweighted 300 million JFT training

examples.

Puigcerver et al. [Puigcerver et al, 2020] train a large selection of expert mod-
els on particular subsets of JFT source data based on class labels. They then
determine the best model to use for each prediction based on performance
proxies such as k nearest neighbours. This technique was shown to increase
performance on several target datasets compared to training on the whole JFT

dataset.

Using reinforcement learning to learn a weight for each class in the source
dataset so as to rely more heavily on more effective training examples during
pretraining [Zhu et al| 2019a]. Also using reinforcement learning to value
individual training samples for a particular task and rely more heavily on more

valuable examples during training [Yoon et al., 2020].

Ge et al [Ge and Yu, 2017] create histograms for images from the source and
target domain using the activation maps from the first two layers of filters in a
CNN. They then use nearest neighbour ranking to find the most similar images
in the source dataset to those in the target dataset. Samples in the source
domain are then weighted based on their KL-divergence from a given target

sample.

6.5 Comparison to label based taxonomy

Transfer learning is often categorised based on the labels available for the source and

target task as well as whether the source domain and target domain are from the

same distribution as follows [Pan and Yang), 2009].

1. Inductive transfer learning: In this case the label information of the target-

domain instances is available. The source and target tasks are different but

related and the data can be from the same or a different but related domain.
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This is the broader category and is generally the case with image classification.

For this reason, it is the primary focus of this review.

2. Transductive transfer learning: In transductive transfer learning the label in-
formation only comes from the source domain. The tasks are the same, but the
source and target domains are different. A common example of this is domain
adaptation which is covered in Section Transductive transfer learning is
not a focus of this review as it is rare in image classification that the source and
target domain have exactly the same class labels. This situation is more com-
mon in natural language processing where, for example, a sentiment analysis

model is transferred between two slightly different product review domains.

3. Unsupervised or semi-supervised transfer learning: Pure unsupervised learn-
ing where both the source and target domains have no labels is rarely useful
in transfer learning. However, domain adaptation with no target task labels is
sometimes referred to as unsupervised domain adaptation. Semi-supervised
learning is the more common scenario and refers to when the source domain
does not have labels but the target domain does. Semi-supervised learning
is most commonly used when there are orders of magnitude more unlabelled
data for the target domain or a closely related domain [Srivastava et al. 2015}
Pathak et al., 2016} Jing and Tian, |2020; Radford et al., 2015} Ledig et al., 2017].
In this situation an unsupervised learning algorithm is used to train on the un-
labelled data before fine-tuning on the labelled data. This technique tends to
result in negative transfer if the amount of unlabelled data is not significantly
larger than the labelled data [Paine et al., 2014].

We argue that for modern very deep CNNs with millions of parameters in 100s of
layers used for image classification, the size of and similarity between source and
target domains are much more important than the labels used in pretraining. The
robustness and generality of the features learned are similarly much more important
than the final classification task they are trained on. For example a source domain
that is very large and identical or similar to the target domain but without labels, or
with weak labels, will produce better results than a fully labelled source dataset that
is very different to the target domain [Zoph et al., 2020; Azizi et al., 2021].

6.6 Discussion

There are two overarching themes throughout this review of transfer learning tech-

niques and applications:
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1. More source data is better in general, but more closely related source data for
pretraining will often produce better performance on the target task than a

larger source dataset.

2. The size of the target dataset and how closely related it is to the source dataset
strongly impacts the performance of transfer learning. Using sub-optimal trans-
fer learning hyperparameters can result in negative transfer when the target
dataset is less related and large enough to be trained from random initialisa-

tion.

Currently, there tends to be an all or nothing approach to transfer learning. Either
transferring all layers improves performance or it does not and possibly decreases
performance (negative transfer). The same approach is often taken to freezing layers,
either layers are frozen or they are fine-tuned at the same learning rate as the rest
of the model, and again with weight regularization, either all transferred weights
are decayed towards their pretrained values (L2SP) or towards zero (or sometimes
not at all). We advocate that this all or nothing approach should be discarded, and
instead all decisions made about how to perform transfer learning should be thought
of as sliding scales. Transferring all layers, freezing layers and decaying all weights
towards pretrained values are at one extreme of the scale and likely to be optimal
only for source and target datasets that are extremely similar. Training from scratch
is at the other end of the scale and is likely to only be optimal if the source and target
domain have no similarities. This lines up with the observations in [Yosinski et al.,
2014] that “first-layer features appear not to be specific to a particular dataset or task,
but general in that they are applicable to many datasets and tasks”. More work is
needed to show how much transfer learning is optimal for a given source and target
dataset relationship and target dataset size, rather than focusing on whether transfer

learning is effective.

6.7 Areas related to deep transfer learning for image classifi-

cation

There are several different problem domains that are either closely related to deep
transfer learning or that use it as a standard part of state of the art models. We briefly

examine how they relate to deep transfer learning for image classification below.
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6.7.1 Domain adaptation

Domain adaptation (DA) could be considered the most closely related problem do-
main. In domain adaptation the task T remains the same, but the Domain D differs
between source and target task. According to the definition[5.1]by Pan and Yang [Pan
and Yang), 2009] domain adaptation falls under general transfer learning as transduc-
tive transfer learning as described in Section Others define it as a separate area
[Goodftellow et al., 2016]. Either way domain adaptation is not a focus of this review
as it is rare in image classification that the source and target domain have the exact
same class labels. This situation is more common in natural language processing
where you may find for example, a sentiment analysis model transferred between
two slightly different product review domains [Csurka, 2017; Wang and Deng, 2018;
Zhang et al} 2017b]. The few datasets that are used in domain adaptation for im-
age classification are carefully curated to have identical object classes in different
domains [Gong et al., 2012; [Saenko et al.,2010; Tommasi and Tuytelaars| 2014].

Despite there being few examples of domain adaptation problems in object clas-
sification, there are techniques that have been developed for these tasks that could
be more broadly useful to deep transfer learning for object classification. Wang and
Deng state that “When the labeled samples from the target domain are available in
supervised DA, soft label and metric learning are always effective” [Wang and Deng),
2018]]. Metric learning has been shown to be effective in K-shot learning as described
in Section It has recently been shown to improve performance with slightly
larger but still small fine-grained target datasets with up to 42 examples per class
[Ridnik et al. 2020]. It is also common in domain adaptation to use a multi-stage
adaptation similar to that shown to be effective for facial expression recognition in
[Ng et al., 2015].

6.7.2 Concept drift and multitask learning

The concept drift problem is related to domain adaptation in that it deals with adapt-
ing models to distributions that change over time. Multitask learning is another re-
lated problem domain where the focus is on learning one model that can perform
well at multiple tasks in multiple domains. While both can be seen as types of trans-
fer learning, the distinction between pure transfer learning focused tasks and concept
drift or multitask learning is an important one. The focus in the former is to learn just
the target task as well as possible and performance is only judged on this. Whereas
in both concept drift and multitask learning the focus is to learn more than one task

well:
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¢ in concept drift learning the new distribution needs to be modelled well with-

out forgetting all learning about the old distribution, and

¢ in multitask learning many tasks need to be learned well. This needs to be

achieved without new tasks overwriting previously learned tasks.

The issues described above are examples of catastrophic forgetting. Catastrophic for-
getting is defined as the scenario where learning a new set of patterns suddenly and
completely erases a network’s knowledge of what it has already learned [French,
1999; McCloskey and Cohen) 1989; Ratcliff,|1990]. The major difference between gen-
eral transfer learning and concept drift or multitask learning is that usually catas-
trophic forgetting is not a consideration in the former. This is because the focus is

entirely on the model’s performance on the new task.

6.7.3 K-shot or few shot learning

The K-shot (also referred to as few shot) learning problem domain is specifically
focused on learning from very few or even zero labelled examples. The focus of new
work in this domain is generally on improving metrics for defining and learning
the best embedding spaces and comparisons to new examples, plus tricks of data
augmentation. Transfer learning is implicit in most of the techniques used, as weights
are pretrained on a related task [Wang et al.,|2020b; Kaya and Bilge, 2019].

Methods for refining deep transfer learning methods for k-shot image classifica-

tion tasks can be divided into:
¢ data augmentation and other methods for improving the source dataset,

* metrics that define the “goodness” of the embedding space and how that infor-

mation should be used to classify small target classes, and
¢ methods that look at the best way to update weights based on the target dataset.

We focus on methods that fall under the last heading, as they are most relevant to
this review. However, as stated previously, we note that metric methods have recently
been shown to improve transfer learning performance for some small datasets that
fall outside of the standard K-shot learning definition [Ridnik et al., 2020]. More

research is recommended to extend these results.

Weight update methods Weight update methods look at the best way to update

weights from the source or other related tasks, including the decision not to update
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any weights. Many models across a broad spectrum of K-shot learning techniques
do not perform any updates to weights using the target dataset. There is some recent
evidence that shows that weight updates are superior in a variety of cases [Scott et al.,
2018], but again given the small target dataset sizes the right fine-tuning settings must
be used. Many models that do not update weights to the target task do simulate the
few-shot learning scenario in training on related datasets. They train on a subset
of the available classes, then optimize the model by maximising performance on the
unseen classes. This results in a model that generalises well to unseen examples
[Vinyals et al| 2016; Snell et al., [2017].

In Generalizing from a Few Examples: A Survey on Few-shot Learning [Wang
et al., 2020b], they create a useful taxonomy of methods to use prior knowledge to

solve the few-shot or k-shot learning task. These are:

¢ data augmentation,
* informing the model space, and

* informing the parameter space.

They explicitly define transfer learning as falling under the informing the parameter
space umbrella. Under this general umbrella transfer learning and related topics can

be split into several different strategies for dealing with very small target datasets:

1. Refining pretrained parameters: these methods explicitly look at ways for im-
proving deep transfer learning methods for very small target datasets. They

are grouped into ways of explicitly regularizing to avoid overfitting, including:

* early stopping,
* selectively updating only certain weights,
¢ updating certain groups of weights together, and

¢ weight regularization.

2. Refining meta-learned parameters: these methods are drawn from multitask
learning. Parameters Wy are learned from several related tasks, then again fine-
tuned on the target task. The models differ in the way the weights are updated
from the multitask to the task specific model. Examples include sharing lower
layer weights between the multitask and task specific models and regularizing
by penalising differences in task specific weights on different tasks to encourage
all task specific models to have similar weights. Regularizing methods that
use task specific information or model the uncertainty of using meta-learned

parameters can also be included in this heading.
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3. Learning the optimizer: using optimizers that were designed to achieve high
level performance with large numbers of training examples may not perform
well in settings with limited training examples. These methods work on learn-
ing optimizers that can perform better than hand designed optimizers in a
specific problem domain when fine-tuning a pretrained model with a small

number of training examples.

While there is a lot of cross-over of deep transfer learning for image classification
from the refining pretrained parameters category of K-shot learning, the latter do
not focus on the subtleties of image classification as an application. As they focus
only on very small target datasets, they also do not consider how the change in size
of the target dataset and the relationship between the source and target dataset affect

the optimal transfer learning methods and hyperparameters.

6.7.4 Unsupervised or self-supervised learning

In unsupervised or self-supervised learning (self-supervised) a model of a dataset
distribution is learned by using an aspect of the data itself as a training signal. The
most general example is autoencoders which consist of an encoder and decoder with
the target being the same as the input. The middle encoding is regularized in some
way, in the hopes of producing a meaningful semantic encoding. Other examples
of task specific self-supervised learning include predicting the next frame of a video
[Srivastava et al., | 2015], predicting the next word in a sentence [Brown et al., 2020],
image inpainting or upsampling [Pathak et al., 2016; Ledig et al., 2017, and many
more. For a detailed treatment of self-supervised methods for learning image rep-
resentations see [Jing and Tian, 2020]. Generative Adversarial Networks (GANSs) are
also an example of self-supervised learning [Radford et al., 2015; Goodfellow et al.,
2014]. In learning to classify real vs fake training examples the discriminator in a
GAN learns useful features of the data distribution and the weights can then be used
to initialise a classification model.

Self-supervised learning relates closely to transfer learning as it is often used for
pretraining when there is limited labelled data for a source task, but a large amount
of related unlabelled data. Self-supervised learning has been shown to be beneficial
to performance when the ratio of unlabelled to labelled training examples is high,
but may harm performance when the ratio is low [Paine et al., 2014]. This relates

back to the question of more versus better related source training data that comes up

regularly in deep transfer learning and is covered in Sections |6.4.6|and [6.4.6.1}
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6.8 Discussion and suggestions for future directions

6.8.1 Summary of current knowledge

Early work in deep transfer learning for image classification showed that transfer
learning is effective compared to training from randomly initialised weights, partic-
ularly when it involves small target datasets and the source and target datasets are
similar [Agrawal et al., 2014; |Yosinski et al.,|2014; |Azizpour et al., 2015].

Our review has highlighted the limits of our knowledge in each area and sug-

gested future research directions to expand the current body of knowledge:

1. Fine tuning tends to work better than freezing weights in most cases [Agrawal
et al., 2014; Yosinski et al., 2014 |Azizpour et al., 2015]. Freezing lower layers
may work better in limited cases where the target domain is small and the tasks
are extremely similar [Plested and Gedeon, 2019]. More work is needed to see
whether this applies with modern deep CNNSs.

2. Recent regularization techniques such as L2-SP, DELTA, BSS and stochastic nor-
malization tend to improve performance when source and target tasks are very
similar. However, it has been shown that L2-SP and DELTA particularly can re-
sult in minimal improvement or even worse performance when the source and
target datasets are less related [Li et al., 2020a; Wan et al., 2019; Plested et al.,
2021; |Chen et al., 2019]. Most work so far has focused on how these techniques
compare when the source and target dataset are very closely related. More
work is needed to show how each of these methods perform when they are ap-
plied to less similar datasets. Recent work has shown that in some cases using
L2-SP regularization for lower layers and L2 regularization for higher layers can
improve performance over using either one for all layers [Plested et al., 2021].
While the evidence for this is so far limited it does align with observations from
[Yosinski et al.,|2014] that lower layers are more transferable than higher layers.

Thus the former may need less flexibility to move from their pretrained values.

3. Both the learning rate and momentum should be lower during fine-tuning for
more similar source and target tasks and higher for less closely related tasks
[Li et al., 2020a; Plested et al., 2021]. The learning rate should also be decayed
more quickly the more similar the source and target tasks are, so as not to
change the pretrained parameters as much [Kolesnikov et al., 2019]. Similarly
the learning rate should be decayed more quickly with smaller target datasets

where the empirical risk estimate is likely to be less reliable and overfitting
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more of a problem [Plested and Gedeon, 2019; Kolesnikov et al., 2019]. How-
ever, when the target data set is small it must be taken into account that the
number of weight updates per epoch will be low and the number of updates
should be reduced, not necessarily the number of epochs. When the source
and target datasets are less similar it may be optimal to fine-tune higher layers
at a higher learning rate than lower layers [Plested et al., 2021]. More work
is needed to show how the learning rate, momentum and number of updates
before decaying the learning rate change when the source and target tasks are

very different.

Transferring more layers is better than less layers when source and target datasets
are large and very similar and learning rates are high for all layers [Yosinski
et al.,2014]. This does not necessarily hold true when target datasets are smaller
and fine tuning hyperparameters are more optimal [Plested and Gedeon, 2019;
Plested et al., 2021]. This relates back to Point 3 that the learning rate and
momentum should be lower for more similar tasks. As the empirical risk mini-
mizer is unreliable for small datasets it is more prone to overfitting. Pretraining
weights limits how far they can move based on this unreliable risk minimizer
[Neyshabur et al., 2020; Liu et al., 2019a], so it acts as a regularizer to prevent
overfitting. Another way to limit overfitting is to use a smaller learning rate
and momentum, and also decay the learning rate quickly to prevent weights
becoming too large based on unreliable statistics. These two items combined
together mean it is likely that a larger fine-tuning learning rate is optimal when
more layers are pretrained and a lower learning rate when less layers are pre-
trained [Plested and Gedeon, 2019; Plested et al., 2021]]. For this reason it is
important to tune both the number of layers pretrained and optimal learning
rate together. Recent work has also shown that using fixed pretrained features
from lower layers without fine-tuning can result in better performance than fea-
tures from higher layers when source and target datasets are less similar and

the target dataset is small [Mormont et al, 2018].

More source and target training data is better in general. Improvements in per-
formance from pretraining on datasets that are up to 3,000 times larger than
ImageNet 1K have shown that the largest modern models are overfitting on
ImageNet 1K. The regularization associated with pretraining with much larger
datasets helps prevent this [Ngiam et al., 2018; Mahajan et al., 2018; Kolesnikov
et al., 2019]. However, closely related data is better than more data when data

is abundant [Ngiam et al., 2018; Mahajan et al 2018]]. Self-supervised learning
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on a more related unlabelled source dataset has been shown to improve per-
formance over supervised learning on a less related labelled dataset in some
cases [Heker and Greenspan, 2020; Zoph et al., 2020]. More work is needed to
show under what circumstances the former is better than the latter. A multi-
step fine-tuning process including a more closely related interim task has been
shown to improve performance over a single step transfer from ImageNet 1K in
a number of specialised tasks with target datasets that are very different from
ImageNet 1K [Ng et al) 2015; Gonthier et al., 2020; |/Azizi et al., 2021]. More
work is needed to see if this technique could benefit other tasks where limited

closely related data is available.

6. Measures of transferability can predict the performance of a pretrained model
on a particular target task [Bao et al., 2019; Tran et al) 2019; Nguyen et al.,
2020]. The performance of a simple classification model with frozen weights
can give insight into transfer learning best practice for the target task [Plested
et al., 2021]. More work is needed to determine if transferability measures in
general can help determine optimal transfer learning hyperparameters across a

wide range of source and target datasets.

6.8.2 Recommendations for best practice

Our recommendations for best practice in deep transfer learning for image classifi-
cation broken down by target dataset size and similarity to the source dataset are

summarized below.

Larger, similar target datasets Most techniques will work well in this case, so less
time needs to be spent finding the best technique for the given task. A lower learning
rate and momentum are better for fine-tuning when the source and target datasets
are similar. However, this may not be necessary when the target dataset is very large,
for example ImageNet 1K, and overfitting a poor empirical risk minimizer is less of a
problem. All weights should be fine-tuned not frozen. L2-SP regularization or other
more recent techniques like DELTA, BSS, stochastic normalization etc. are likely to
work reasonably well. However, less regularization may be needed in general with a

very large target dataset.

Larger, less similar target datasets In this case pretraining weights may not im-

prove performance and negative transfer is more likely, so care needs to be taken in
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using pretraining. When fine-tuning in this scenario a higher learning rate, momen-
tum and training for longer before decaying the learning rate should be used. This
is to attempt to move weights out of the flat basin of the loss landscape that is cre-
ated when using pretrained weights and further away from their pretrained values
[Neyshabur et al., 2020; Liu et al., 2019a]. Recent regularization techniques like L2-SP,
DELTA, BSS, stochastic normalization, etc. should not be used in this case as weights
should be allowed to move freely away from their pretrained values based on the
larger target dataset. Pretraining fewer layers of weights could also be attempted in
order to take advantage of the more general lower layers, while allowing the more
task specific higher layers to train from random initialization [Yosinski et al., 2014;
Plested et al., [2021].

Smaller, more similar datasets This scenario is where transfer learning really ex-
cels, although more care needs to be taken to use optimal hyperparameters when the
dataset is small [Plested and Gedeon), 2019]. The optimal learning rate and momen-
tum will likely be low as the weights will not need to be moved far from their pre-
trained values and if they are, overfitting the unreliable empirical risk minimizer is
more likely with a small dataset. Recent regularization techniques like L2-SP, DELTA,
BSS, stochastic normalization, etc. are likely to improve performance significantly in

this case.

Smaller, less similar datasets In this case transfer learning can be very useful if
done well, but can also lead to poor results. In this case it is difficult to strike and

optimal balance between:

1. allowing the weights to move far enough from their pretrained values that the

model is not using inappropriate features for the classification task, and
2. not allowing the weights to overfit the unreliable empirical risk minimizer.

Given this if there is any way to use a more closely related dataset it is likely to

improve results. This could be:

1. doing supervised pretraining on a large unlabelled more closely related dataset

instead of a large less similar dataset, and

2. using a moderately sized closely related dataset either instead of a large source
dataset for pretraining or as an interim fine-tuning step when transferring

weights from a less related source task to the final target task.
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If it is not possible to use a more related dataset then a high initial learning rate
and momentum should be used, but the learning rate should be decayed quickly.
Recent regularization techniques like L2-SP, DELTA, BSS, stochastic normalization,

etc. should not be used on all layers, but in some cases may be beneficial on lower

layers.
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Chapter 7

An Analysis of the Interaction
Between Transfer Learning

Protocols in Deep Neural Networks

7.1 Preamble

In this Section I extend work on the transferability of features in deep neural net-
works to explore the interaction between training hyperparameters, optimal number
of layers to transfer and the size of a target dataset. I show that using the commonly
adopted transfer learning protocols result in increased overfitting and significantly
decreased accuracy compared to optimal protocols, particularly for very small target
datasets. I demonstrate that there is a relationship between fine-tuning hyperparam-
eters used and the optimal number of layers to transfer. My research shows that if
this relationship is not taken into account, the optimal number of layers to transfer to
the target dataset will likely be estimated incorrectly. Best practice transfer learning
protocols cannot be predicted from existing research that has analysed transfer learn-
ing under very specific conditions that are not universally applicable. Extrapolating
transfer learning training settings from previous findings can in fact be counterintu-
itive, particularly in the case of smaller datasets. I present optimal transfer learning
protocols for various target dataset sizes from very small to large when source and
target datasets and tasks are similar. My results show that using these settings results
in a large increase in accuracy when compared to commonly used transfer learning
protocols. These results are most significant with very small target datasets. I show
an increase in accuracy of 47.8% on the smallest dataset which comprised of only 10
training examples per class. These findings are important as they are likely to im-
prove outcomes from past, current and future research in transfer learning. I expect

that researchers will want to re-examine their experiments to incorporate our find-
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ings and to check the robustness of their existing results. This work is my original
ideas and implementation, with support from my supervisor to discuss and iterate

ideas.

7.2 Introduction

Transfer learning in neural networks generally involves pretraining weights on a
large source dataset then applying these weights to a problem on a related target

dataset. In this paradigm either:

¢ all but the last layer of weights are frozen, essentially using these weights as
a feature detector for another classification algorithm [Sharif Razavian et al.,
2014; |Azizpour et al., [2016; Donahue et al., 2014], or

¢ fine-tuning is performed where all or some of the weights are retrained to fit
the target dataset and the original pretrained weights act as a regularizer to
prevent overfitting [Agrawal et al., 2014; Huh et al., 2016; Girshick et al., 2014;
Kornblith et al [2019; Mormont et al., 2018} Tan and Le, 2019].

The former is generally used when the target dataset is small and the latter when it
is larger.

Deep convolutional neural networks (CNNs) have revolutionized computer vi-
sion [Krizhevsky et al.,|2012]. Since then a large body of research has shown that per-
forming transfer learning by pretraining a CNN on a large dataset like ILSVRC2012
[Deng et al., 2009], and fine-tuning the pretrained weights on a related target dataset,
can improve results on a wide range of target tasks [Girshick et al.,, 2014; He et al.,
2017; Huh et al., 2016; Sun et al., 2017; Mahajan et al., 2018; Kornblith et al., 2019;
Mormont et al., [2018; Tan and Le, 2019].

The most systematic and thorough analysis of transfer learning on CNNs to date
is the work of Yosinski et al. [Yosinski et al| 2014]. They showed that transfer-
ring weights pretrained on a related dataset and then fine-tuning them, results in
networks that generalize better than those trained directly on a large target dataset.
They also showed that when fine tuning is done with standard hyperparameters, rou-
tinely used for training from scratch (initial learning rate of 0.01, decay 0.1 every 30
epochs), accuracy on the target dataset increases as the number of layers transferred
also increases.

The results of Yosinski et al. have been regularly adopted as an accepted best

practice paradigm for transfer learning with CNNs, notwithstanding differences
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from Yosinski et al.’s target dataset size. There are many examples in the literature
that have adopted this practice of all but the final classification layer being trans-
ferred with training settings identical or similar to those outlined above[He et al.,
2018; |Scott et al., |2018; Wu et al., 2018; Kornblith et al., 2019; Mormont et al., 2018;
Tan and Le} 2019]. These settings have been used to:

¢ show when transfer learning is effective [He et al., 2018]],

* compare transfer learning with other methods for small target datasets [Scott
et al., 2018], and

¢ question whether transfer learning is useful at all [He et al., 2018; Scott et al.,
2018].

Other works ostensibly appear to back up the conclusions adopted by the community
from Yosinski et al.’s results. However, the results were only demonstrated to apply
under very specific experiment conditions. For example Azizpour et al. [Azizpour
et al., 2016] used transferred layers of weights as a feature detector with a linear
Support Vector Machine (SVM). They showed that in similar tasks all except the final
layer of a CNN should be transferred and for even the least related image tasks all
but the final two or three layers should be transferred. Their protocol differs from
current standard transfer learning practices in that they performed no fine tuning
on the transferred weights, and they did not replace and reinitialize the layers not
transferred. Replacing more layers with an SVM results in fewer parameters. This
likely biases the experiments towards reporting higher accuracy with more layers
transferred, particularly with larger target datasets.

Recent work drives this transfer learning paradigm further by pretraining on
datasets that are 6 x [He et al., [2017], 300x [Sun et al., 2017], and even 3000 x [Ma-
hajan et al., 2018|] larger than ILSVRC2012. While this body of work demonstrates
significant improvements on image classification transfer learning tasks with large
target datasets the opposite has often been shown for less related tasks or smaller
target datasets [He et al., 2018} Scott et al., 2018]. This led us to question whether
transfer learning protocols developed in [Yosinski et al., 2014] and widely adopted
by the community are actually best practice for target datasets that are smaller than
those used for the experiments performed by Yosinski et al. To answer the above

question this paper explores the relationship between:

* the optimal number of pretrained layers to transfer to a target task,

¢ fine-tuning hyperparameters including initial learning rate for each, and layer

and learning rate decay settings
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¢ the size of the target dataset.

We show that the interaction between these settings results in the optimal number
of layers to transfer being overestimated or underestimated, depending on the size
of the target dataset, if transferred weights are trained for too many epochs at too
high a learning rate on the target dataset. This relationship is accentuated for smaller
datasets and can result in transfer learning showing no improvement or even a neg-
ative effect when performed with the protocols adopted from [Yosinski et al., 2014]
as was shown in [Scott et al., [2018].

In this paper we make several contributions. We show:

1. There is an interaction between optimal number of layers to transfer and fine-

tuning hyperparameters.

2. Freezing layers of pretrained weights after transferring them rarely produces

the best results.

3. Using optimal transfer learning protocols we developed, based on the out-
comes of our experiments, produces large changes in results compared to the
commonly adopted existing protocols. This particularly applies when working
with smaller target datasets. This is likely to impact results that have compared

transfer learning, using commonly adopted protocols, with other methods.
4. Optimal transfer learning protocols cannot be predicted from existing research.

We also provide optimal transfer learning protocols for use with a range of target

dataset sizes from very small to large where the source and target datasets are similar.

7.3 Experiments

Our goal is to extend existing work on transfer learning in particular the seminal
work of [Yosinski et al. [2014] and to identify limitations of its application. We aim
to develop transfer learning and fine-tuning protocols based on the size of the target
dataset. Given our intention is to compare transfer learning paradigms only we
have used a standard Pytorch [Paszke et al., 2017] implementation of the model
AlexNet [Krizhevsky et al., 2012] with no modern architectural improvements. This
model is widely used in existing works, allowing our results to be more universally
comparable and applicable.

We followed the same experiment protocols as [Yosinski et al.), 2014]. We split

the 1000 object classes in ILSVRC2012 randomly into 500 classes for pretraining with
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the remaining 500 classes acting as the target dataset. We repeated this process four
times for each experiment to create four separate splits of 500 classes for pretraining
and 500 classes for the target dataset. We refer to the target dataset that includes
all training examples available for each of the 500 random classes as full. The full
target datasets have around 645,000 training examples and a minimum of 1,000 per
class. We then created different sized target datasets by drawing the first x number
of training examples per class to create datasets of size 500x. We selected the first
x per class to ensure the same training examples were used across different target
dataset sizes and class splits. The other target dataset training set sizes have 500, 250,
100, 50, 25 and 10 training examples per class. We use all the standard ILSVRC2012
validation examples from each random set of 500 target dataset classes for testing.

This means there are 50 test examples per class.

7.4 Results and Discussion

We performed six sets of experiments. The first experiments varied the number of
layers transferred for each of a standard set of target dataset sizes and is discussed
in Section Experiments where we varied the number of layers trained at an
initial high learning rate are presented in Section Section revisits the
experiments varying the number of layers transferred incorporating the best settings
from the experiments in Section Results from experiments varying the number
of epochs before the initial high learning rate is decayed are discussed in Section[7.4.4}
Experiments to determine the optimal number of layers to freeze are presented in
Section[7.4.5, Finally the results using the optimal transfer learning protocols derived
from all previous experiments are compared to results using commonly adopted
protocols from [Yosinski et al., |2014] as well as training from scratch with no transfer
learning in Section [7.4.6]

7.4.1 Vary number of layers transferred for different size target datasets

Figure shows the results of all our transfer learning experiments varying the
number of layers transferred for our standard set of target dataset sizes while keeping
the training hyperparameters constant. The training hyperparameters used were as
per [Yosinski et al., 2014] with an initial learning rate of 0.01 for all layers reducing
by 0.1 every 30 epochs. These results show that for the full target dataset size the
accuracy increases slightly with the number of layers transferred. This is in keeping

with the outcomes of [Yosinski et al.,2014]. However, as soon as the size of the dataset
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Figure 7.1: Number of layers transferred vs dataset size. Each bar represents the
average accuracy over the validation set for a model fine-tuned on one size of target
training dataset with a particular number of layers of pretrained weights transferred.

Table 7.1: Overfitting on small target datasets

training examples per class

layers loss 10 25 50 average training and vali-
dation loss difference
4 training 1.55 1.22 1.35 291
validation 5.07 4.27 3.51
5 training 0.71 0.82 1.06 3.63
validation 5.38 443 3.67
6 training 0.49 0.60 0.83 3.90
validation 5.34 4.48 3.81
7 training 0.39 0.48 0.71 4.72

validation  6.26 5.18 4.29

is halved this result no longer holds. It is better to transfer only five layers rather than
all seven as per standard practice. This result is most pronounced for the smallest
dataset where accuracy increases from 20.9% when transferring all seven layers to
23.4% when only transferring five layers. This is an increase of 12.2% compared to

the original accuracy. These results show that for smaller datasets:

¢ transferring the correct number of layers has an increasing impact on accuracy,

and

¢ transfer learning in general increases in importance as training from scratch is

no longer viable.

Another surprising result is that for smaller target datasets overfitting is much

more pronounced when more layers are transferred to the target task. This is shown
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in Table The aim of pretraining is to act as a regularizer and reduce overfitting.
Contrary to this, on a small dataset transferring more layers of pretrained weights
exacerbates the overfitting problem compared to transferring less layers. This finding
is more intuitive than it sounds. With smaller target datasets the model does not see
enough training examples in the fine-tuning stages to make significant changes to the
large pretrained weights. This leaves it with features that are not well suited to the
target task, so when aggressive training hyperparameters are used the model overfits

to the small training set.

7.4.2 Vary number of layers trained at a high learning rate initially

Starting from the final classification layer, this experiment varied the number of layers
trained at an initial high learning rate of 0.01 for 30 epochs before decaying it by 0.1.
The remaining layers were trained with the same regime but using an initial learning
rate of 0.001. The number of layers transferred was set at 6 as it produced either
the top or comparable to the top accuracy across all target dataset sizes in our other
experiments. Figure shows the results of this experiment across the full set of
target dataset sizes. It demonstrates that accuracy increases as the number of layers
trained at a high learning rate decreases, for all target dataset sizes. This indicates
that the fine-tuning hyperparameters used in [Yosinski et al., 2014] and in much of
the literature since, are too aggressive for the cases examined in our work where
source and target datasets and tasks are similar. Another point to note about the
results shown in Figure [7.2 is that there is a noticeable drop in accuracy when the
final two layers are trained with a high learning rate compared to either one or three
layers. This is interesting, as it coincides with the number of layers reinitialized. This
again highlights overfitting due to aggressively training with features that are not
well suited to the target task.

7.4.3 Compare number of layers to transfer with low and high initial decay
epochs

We replicated experiment 3.1 examining the number of layers to transfer, this time
only the final layer was trained at a high learning rate initially. We performed the
experiment with a high setting of 30 epochs before the initial high learning rate
was decayed. We then repeated this with a low setting of five epochs The chart
on the left in Figure [7.3| shows that with a high setting for initial decay epochs the
optimal number of layers to transfer is five, for all but the two smallest target datasets.

However, when a low setting for the initial decay epochs is used the optimal number
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Figure 7.3: Number of layers to transfer with low and high initial decay epochs.
Comparison of the change in the average accuracies across number of layers trans-
ferred with a low (5) left and high (30) right initial number of epochs before decay.
All experiments are performed with only the final classification layer trained at a

high learning rate initially.

of layers to transfer is six, for all target dataset sizes except the largest. The lower

initial decay setting also results in higher accuracies for all but the largest dataset

size. The biggest increase in accuracy is 3.5% on the smallest dataset. Whereas the
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Figure 7.4: Initial decay epochs. Changes in the average validation set accuracy are
plotted, across all target dataset sizes, as the number of epochs before decay are
varied for the high learning rate on the final classification layer.

increase on the second largest dataset is only 0.07% and the accuracy on the largest
dataset is lower when a small number of epochs before decay are used.

The findings from this experiment are significant as they show the interaction
between number of layers to transfer and fine-tuning hyperparameters when pin-
pointing the optimal transfer learning protocols. This result can also be observed by
comparing Figure [/.1| to Figure When all layers are trained with an initial high
learning rate of 0.01 for 30 epochs, transferring four layers rather than five or six pro-
duces only marginally lower results. However, when just the final classification layer
is trained with a high learning rate initially, transferring only four layers produces
significantly lower results. Both these observations show that if initial learning rates
and decay epochs are set too high the optimal number of layers to transfer will be

overestimated or underestimated depending on the size of the target dataset.

7.4.4 Vary initial decay epochs

Our hypothesis was that training for 30 epochs initially at a high learning rate of
0.01 is too aggressive for fine tuning. To test this, we varied the initial decay epochs
between 0 and 30 while fixing the number of layers transferred at six. The results
of these experiments are shown in Figure Confirming this hypothesis our re-
sults show that training for 30 epochs initially at a high learning rate of 0.01 is too
aggressive when fine-tuning on a target dataset and task that is very similar to the
pretraining dataset. This continues the pattern noted in the previous experiments
that an aggressive training scheme causes overfitting. This experiment shows that
the pattern is evident even when only training the final classification layer heavily.

A surprising result in these experiments is that as the size of the target dataset de-
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creases the number of epochs to train the classification layer at a high learning rate
increases. An unexpected curve can be seen in the optimal number of epochs to train
at a high learning rate before decay for each target dataset size. These epochs are as

follows:
¢ for the smallest dataset 10 epochs,

¢ for medium sized datasets with 50, 100 and 250 training examples per class 0

to 3 epochs, and
¢ for the largest dataset 30 epochs is optimal.

This may seem counterintuitive, however, the very small number of training exam-
ples per epoch for the smallest datasets needs to be considered. When this is taken
into account these results once again show the effects of overfitting when fine-tuning
transferred weights on smaller target datasets. Our smallest target dataset of 10
training examples per class has 5, 10 and 25 fewer batches per epoch than our tar-
get datasets with 50, 100 and 250 training examples respectively. Because of this
the weights are changed far fewer times during each training epoch. This means
that training for 10 epochs on our smallest dataset results in the same number of
weight updates as training for only 1 epoch on a dataset with 100 training examples.
This further extends our findings that the fine-tuning hyperparameters commonly
adopted from [Yosinski et al., 2014] are too aggressive to produce the optimal results,
particularly for smaller datasets. The weights for smaller datasets should be updated
less times at a high learning rate to achieve the best accuracy.

The optimal number of epochs, to train the final classification layer at a high learn-
ing rate, increases significantly when fine-tuning with the full set of target dataset
training examples. This is in keeping with the discussion above. With a large dataset

there are enough training examples to ensure that:

¢ fine tuning the transferred weights at lower learning rates changes the features

used for classification enough, and

¢ performing classification with features that are not optimal for the task does

not result in as much overfitting as for smaller datasets.

For this reason, it is not possible to use optimal settings for transfer learning with
very large target datasets to perform transfer learning with smaller target datasets or

predict the latter from the former.
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Figure 7.5: Number of frozen pretrained layers. The effect on performance of the
number of pretrained layers of weights frozen during fine-tuning are shown across
various target dataset sizes.

7.4.5 Vary number of frozen layers

Current practice for transfer learning with CNNs generally involves locking or freez-
ing the weights of some of the lower layers of a pretrained CNN while fine-tuning on
the target task to prevent overfitting. We tested the assumption that this practice im-
proves performance in transfer learning on CNNs, particularly for small datasets, by
varying the number of layers frozen during fine-tuning while keeping the number of
layers transferred and hyperparameters constant. The results of the experiments in
Figure[7.5/show that freezing a high number of layers results in a significant increase
in accuracy for very small target datasets of 10 and 25 training examples per class.
However, once the target dataset increases to 50 training examples per class, freezing
layers has very little effect and freezing more than one layer quickly becomes detri-
mental as the size of the target dataset continues to grow. When considering these
results for freezing layers it should be kept in mind that the source and target datasets
for these experiments are as similar as possible, both being drawn from ILSVRC2012,
and the tasks, image classification, are identical. We expect that freezing layers will
be less useful for very small target datasets and more detrimental for anything larger,
for less related source and target datasets and/or tasks. We conclude that freezing

layers has very limited scope to improve results on transfer learning.

7.4.6 Optimal results

Figure [7.6/shows the results of using optimal number of layers to transfer and hyper-
parameters for fine-tuning when performing transfer learning. These results show
that while using the optimal transfer learning protocols improves results for all

dataset sizes it becomes particularly important as the size of the dataset decreases.
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Figure 7.6: Optimal transfer learning protocol vs commonly used vs no transfer

learning. The final results of using the optimal transfer learning protocols we de-

veloped compared to those commonly used in previous research and no transfer
learning

For smaller datasets:

¢ transferring the optimal number of layers and using the best hyperparameters

has an increasing impact on accuracy, and

¢ the importance of transfer learning increases because training from scratch is

no longer viable.

For our smallest sized dataset using the best transfer learning settings compared
to those often adopted from [Yosinski et al. [2014] results in a 47.88% increase in
accuracy. The settings used to produce the best accuracy for each target dataset size
are shown in Table

7.5 Discussion

To our knowledge we have performed the most thorough analysis of transfer learning
using CNNs to date. Based on this research we identified optimal transfer learning
protocols for target dataset sizes from very small to large, when source and target

datasets and tasks are similar. Our results show:

1. Using the commonly adopted transfer learning practice of transferring all but

the final classification layer and training for 30 epochs at a learning rate of 0.01
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Table 7.2: Optimal transfer learning settings

Training examples per class

10 25 50 100 250 500 full
layers to transfer 6 6 6 6 6 6 5
initial decay epochs 10 5 3 3 3 0 30
layers to freeze 6 5 5 1 1 0 0

average validation 30.8 38.1 427 466 522 563 62.1
set accuracy

causes a significant increase in overfitting compared to using optimal transfer

learning protocols, particularly as the size of the target dataset decreases.

2. Best practice transfer learning and fine-tuning protocols for smaller target datasets
cannot be derived using the results of the commonly adopted protocols used

in performing transfer learning with a large target dataset.

3. There is an interaction between the optimal number of layers to transfer and
fine-tuning hyperparameters. If this is not taken into account, the optimal
number of layers to transfer will be overestimated for small and medium sized

target datasets and underestimated for large target datasets.

4. Freezing layers of pretrained weights after transferring them rarely results in

the best results. It is only worth considering for very small target datasets.

5. Using our identified best practice transfer learning and fine-tuning protocols
produces large changes in results compared to the existing protocols. This

result again is particularly pronounced when applied to smaller datasets.

These new findings are likely to impact results of past and current research, which

used commonly adopted protocols.

7.5.1 Final recommendations

The scope of the following recommendations is for source and target datasets that
are very similar such as the subsets of ImageNet 1K used in these experiments. Our

recommendations are:

1. only consider freeze layers when the target dataset is small (less than 50,000

training examples),
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2. try reinitialising more than one layer in all cases, but reduce the learning rate

as you increase the number of layers reinitialised,

3. decay the learning rate more quickly for smaller target datasets, but keep in
mind that there are less batches per epoch so you may need to increase the

number of epochs before decay while reducing the number of weight updates,

4. lower layers should be trained at a lower learning rate than higher layers for

small to medium target datasets (less than 250,000 training examples).

7.6 Conclusion

We have shown that using our identified optimal protocols when performing transfer
learning results in a significant increase in accuracy when compared to the commonly
adopted protocols. This is particularly evident for small target dataset sizes where
we observed a 47.88% increase in accuracy compared to using the more standard
protocols. Best practice transfer learning protocols for small target datasets cannot
be predicted from previous research that has analysed transfer learning under very
specific conditions that are not universally applicable. We have presented optimal
transfer learning protocols for various target dataset sizes, from very small to large,
when source and target datasets and tasks are similar. We intend to extend our
work to analyse more diverse datasets and tasks, along with looking at ways to
predict optimal transfer learning protocols. This paper and our ongoing research are
significant as it is likely to improve outcomes from past, current and future research
in transfer learning.

This work shows that standard transfer learning practices aren’t optimal when
the target dataset size is reduced. The following chapters introduce a model for
learning optimal non-binary transfer learning hyperparameters for a variety of target
dataset sizes and test out best practice non-binary transfer learning hyperparameters

on target datasets that transfer learning does not usually perform as well on.



Chapter 8

Learning to transfer learn: beyond
binary transfer learning

hyperparameters

8.1 Preamble

In this work I designed a neural architecture search style controller model to pre-
dict the best fine-tuning hyperparameters for a particular target dataset with various
numbers of training examples. The hyperparameters predicted went beyond stan-
dard fine-tuning practice to include different learning and decay rates for different
layers. I tested the model using two different datasets, ImageNet and Stanford Cars,
and two different CNN child model architectures, AlexNet and Inception v4. The
final model performed much better than standard practice transfer learning for an
AlexNet child model and an ImageNet target task. The model designed to predict
fine-tuning hyperparameters for an Inception version 4 model applied to the Stan-
ford Cars dataset produced results comparable to but not above standard practice.
I conclude that the model design shows good potential to be used for the purpose
of predicting optimal non-binary transfer learning hyperparameters. Finally I give
recommendations for improving performance when training it on more complex
modern models such as Inception version 4. This work is my original ideas and

implementation, with support from my supervisor to discuss and iterate ideas.

8.2 Introduction

Transfer learning has been shown to be improve performance in a wide variety of
computer vision tasks, particularly when the source and target tasks are closely re-
lated and the target task is small [Ngiam et al,, 2018; Mahajan et al., 2018; |Cui et al.,

123
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2018; |Ge and Yu, 2017; Sabatelli et al., 2018; Ng et al., 2015; Li et al., 2018, 2019b;
Wan et al., 2019]. In fact it become standard practice to pretrain on Imagenet 1K for
many different tasks where the number of training examples in the target dataset
are orders of magnitude fewer than Imagenet 1K [Li et al., 2018, 2019b; Wan et al.,
2019; Masi et al., 2018; |Li and Deng), 2020; |[Ng et al., [2015; Mazurowski et al., 2019;
Mormont et al., 2018} |Girshick et al., 2014]].

The generally accepted transfer learning strategy is to transfer all layers apart
from the final classification layer, then use a search strategy to find the best single
initial learning rate and decay rate as well as other hyperparameters. This commonly
used strategy originates from various works showing that performance on the target
task increases as the number of layers transferred increases [Yosinski et al., 2014;|Chu
et al., 2016; Agrawal et al., 2014; Azizpour et al., 2015]. However it has recently been
shown that this work does not take into account the relationship between the learn-
ing rate and the implicit regularisation provided by transferring more pretrained
layers [Plested et al., 2021} Plested and Gedeon), 2019; Neyshabur et al., 2020]. When
the number of layers transferred is greater a higher learning rate is more likely to
be optimal as the implicit regularisation is higher and when the number of layers
transferred is fewer a lower learning rate must be used in order to avoid overfitting.

This work attempts to discard all assumptions about how to transfer learn and al-
lows a neural architecture search style reinforcement learning controller model [Zoph
and Le, 2016] to decide on all the parameters for transfer learning, including number
of layers to transfer and different learning rates for different layers. Our contributions

are:
1. the first model that learns transfer learning hyperparameters,
2. results comparable to or above expert human performance in many areas, and

3. many insights about best practice for transfer learning and suggestions for

change to current paradigms.

8.3 Related Work

Fine-tuning hyperparameter searches several studies include extensive searches
over learning rate, weight decay and other fine-tuning hyperparameters [Kornblith
et al., 2019; Mahajan et al) 2018} [Li et al., 2020a} |2018]]. Further studies have shown
the combination of a lower learning rate and fewer layers transferred may be optimal
for some datasets [Plested and Gedeon| 2019; Plested et al., [2021].
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Adaptive fine-tuning hyperparameters Guo et al.|[2019] make two copies of their
ResNet models pretrained on ImageNet 1K. One model is used as a fixed feature
selector with the pretrained layers frozen and the other model is fine-tuned. They
reinitialize the final classification layer in both. A policy net trained with reinforce-
ment learning is then used to create a mask to combine layers from each model to-
gether in a unique way for each target example. They show that SpotTune improves
performance compared to fine-tuning with an equivalent size single model (double
the size of the two individual SpotTune models) and achieves close to or better than
state of the art in most cases. MultiTune [Wang et al., 2020a] simplifies SpotTune by
removing the policy network and concatenating the features from each model prior
to the final classification layer. It also improves on SpotTune by using two differ-
ent non-binary fine-tuning [Plested et al., 2021] hyperparameter settings rather than
one fine-tuned and one frozen model. The results show that MultiTune improves or
equals accuracy compared to SpotTune in most cases tested with significantly less
training time. AMF:Adaptable Weight Fusion [Shen et al., 2022] further improves on
MultiTune by adding a policy network that learns the optimal combination of the

final features of each model, rather than simply concatenating them.

Adaptive source dataset weights in [Zhu et al., [2020] the joint loss for the target
dataset and weighted source dataset is optimised. Adaptive weights for the loss gen-
erated by each training example in the source dataset are learned via reinforcement

learning.

8.4 Overall methodology

We use a neural architecture style controller, child architecture for each experiment
similar to [Zoph and Le, 2016]. The design of the controller is specific to each exper-

iment and is described in the relevant section.

8.5 Experiment 1 learning the best transfer learning hyperpa-

rameters - highly related datasets

This experiment expanded on previous work [Yosinski et al., 2014; Plested and Gedeon,
2019] splitting the 1,000 Imagenet 1K [Deng et al., 2009] classes into 500 for the source
dataset and the remaining 500 for the target dataset. An AlexNet model [Krizhevsky

et al.| 2012] was pretrained on one set then transferred and fine-tuned on the second
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set. The aim was to train one controller model for all target dataset sizes. The target

dataset sizes were arranged in bins, with smaller sizes closer together:

[5,10, 15, 25,50, 75,125,250, 500, 1,000] * 1, 000

A particular target dataset size input is defined as a normal distribution with
mean being the size of the dataset given as a decimal bin number and standard

deviation of 0.5. For example with a target dataset size of 20,000:

bin = 2+ (1 — (25,000 — 20,000) /(15,000 — 25,000)) = 2.5

dist = N(bin,0.5)

then for each bin i:

input [i| = dist.cdf (i 4+ 0.5) — dist.cdf (i — 0.5) (8.1)

Encoding the dataset size input as a binned normal distribution allowed less
training of more computationally expensive large target datasets. This is because the
pattern of how optimal settings change as the target dataset increases in size can
be learned through the differences between small to medium dataset sizes. Dataset
sizes were selected in a log normal distribution centred around 25,000 ensuring far

fewer target datasets with greater than 75,0000 training examples are trained.

The target dataset size input was initially encoded as a single float, being the ratio
of the current target dataset size to the full dataset size (being 1,000 training exam-
ples per class). So with this encoding a target dataset size of 10 training examples per
class would be encoded as 10/1,000 = 0.01. Experiments showed that this encoding
did not achieve the aim of allowing one controller model to learn the fine-tuning
hyperparameters for all target dataset sizes with limited examples of larger target
dataset sizes. This is likely because the relationship between the target dataset size
and the optimal fine-tuning hyperparameters is complex and not simply monotoni-

cally increasing or decreasing.
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8.5.1 Parameters to be learned

For this experiment the transfer learning parameters to be learned were the number
of layers to be reinitialized from 1-7, plus the initial learning rate, the initial number
of epochs before decaying the learning rate by 0.1 and the subsequent number of
epochs before decaying the learning rate by 0.1. All hyperparameters are shown in

Table

Table 8.1: AlexNet hyperparameters for each layer

Initial Learning Rate First Decay Epochs =~ Ongoing Decay Epochs
0, 0.001, 0.002, 0.005,0.01 3,5, 10, 20 5, 10, 20, 30

8.5.2 Controller

A hierarchical Long Short Term Memory recurrent neural network [Hochreiter and
Schmidhuber) [1997] controller was trained with reinforcement learning to predict the
best transfer learning hyperparameters for a given target dataset size. The controller
model is shown in figure 8.1 and the design is based [Zoph and Le} 2016]. The first
LSTM layer predicts the number of layers to reinitialise then an embedded represen-
tation for each layer. The second LSTM layer then decodes the representation for
each layer to the final prediction from each parameter category defined above.

For each set of predicted hyperparameters a child AlexNet model [Krizhevsky
et al., 2012] was trained with those settings and the reward for the controller model
was the final accuracy of the child model. We used the policy gradient method
REINFORCE [Williams, [1992] to train the controller model.

8.5.3 Child network

An AlexNet model [Krizhevsky et al., 2012] for each set of hyperparameters is ini-
tialised with weights pretrained on the source dataset 500 classes. A number of layers
are reinitialised to random weights as per the specifications for that set of hyperpa-
rameters and the model is trained with the learning rate, the number of epochs until
the learning rate is initially decayed by 0.1 and the number of epochs before each
subsequent decay for each layer, as defined by the set of hyperparameters. Training
is stopped and the accuracy returned when the loss has not gone down for 4 epochs
or a minimum loss is not reached after a certain number of epochs for a particular

dataset size.
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Figure 8.1: LSTM controller

8.5.4 Results

The results from the controller compared to the same model trained from random
initialisation, standard transfer learning practice following [Yosinski et al.,[2014], and
best transfer learning practice following [Plested and Gedeon) 2019] are shown in
figure This shows that the best performance by the controller beats standard

practice and random initialisation in all cases and best known practice in some cases.

Table [8.2| shows the hyperparameters for the top performing models. There are
several interesting points about the top performing hyperparameters for each size:

1. All the top performing hyperparameters reinitialise two layers rather than the
general practice of only reinitialising the final classification layer.

2. There are very few frozen layers lower (0 learning rates with no decay epochs)
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Figure 8.2: Controller vs no transfer, standard practice and best practice

and all but one of them are in the two smallest target dataset sizes. This co-
incides with previous work showing that freezing transferred layers is only

optimal for very small target datasets [Plested and Gedeon, 2019].

. Two of the classification layers are frozen, and apart from the smallest target
dataset the other classification layers either start with a very low learning rate,
decay the initial learning rate very quickly, or both. We found throughout
training that there were many instances of a frozen classification layer perform-
ing as well as or better than a classification layer with a high initial learning
rate. This goes against existing thinking that the classification layer should al-
ways be trained at a high learning rate as it is starting from randomly initialised
weights. However this is more intuitive than it seems at first glance as when the
target dataset is much smaller than the source dataset the transferred weights
will likely be too big to change much from their pretrained values with the
smaller number of updates per epoch when fine-tuning with the target dataset.
This means that when the classification layer is initialised with much smaller
random weights and trained for a large number of epochs with a high learn-
ing rate it is very likely to overfit the unsuitable features transferred from the

source dataset.
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Table 8.2: Top performing model hyperparameters

Training exam- Number of Classification Other layers 7-1
ples per class new layers layer
10 2 [0.01, 10, 20]

Ir, first decay epochs, subsequent decay epochs]
0.005, 3, 5],[0.002, 20, 10],[0.01, 5, 10],

0.005, 10, 30],[0.002, 5, 101,[0],[0.001, 10, 20]
0.001, 20, 10],[0.01, 20, 10],[0.001, 5, 10],

0.005, 5, 10],[0.002, 5, 5],[01,[0]

0.005, 10, 10],[0.005, 3, 10],[0.005, 5, 20],[0.01, 10,
101,

[0.002, 5, 10],[0.002, 10, 10],[0.001, 20, 10]

100 2 [0.01, 3, 10] [0.01, 10, 5],[0.01, 20, 20],[0.002, 10, 5],[0.005, 5,
101,

[0.002, 20, 30].[0.01, 3, 20],[0.002, 3, 20]

250 2 [0.002,3,20]  [0.005, 5, 30],[0.01, 10, 10].[0.01, 20, 30],[0.01, 10,
30],
[0.01, 10, 30],[0.002, 20, 51,[0]

500 2 [0] [0.01, 5, 20],[0.01, 10, 10],[0.002, 20, 30],[0.002, 10,
30],

[0.002, 20, 20],[0.01, 5, 10],[0.002, 5, 10]

25 2 [0]

—_—— — ——

50 2 [0.005, 5, 10]

8.5.5 Discussion

We have shown that a reinforcement learning controller model that learns to predict
the optimal transfer learning hyperparameters for a given size of target dataset can
significantly outperform using the standard practice settings. Some of the results
specifically contradict generally accepted assumptions about best practice of transfer
learning. These include reinitialising only the classification layer, freezing layers
and training the classification layer at a high learning rate for a large number of
epochs. When these assumptions are relaxed transfer learning performance improves

significantly, especially for target datasets with fewer training examples.

We suggest future work should include further relaxing the assumption that the
learning rate should always be decreased monotonically throughout training on the
target dataset. It is possible that starting the classification layer learning rate low or
at zero, then increasing it once the lower layer weights are fine-tuned on the target

dataset may allow for better performance due to less overfitting.
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8.6 Experiment 2 learning the best transfer learning hyperpa-

rameters - less related datasets

The aim of this experiment was to see if the algorithm designed in experiment one
could be extended to a very deep modern CNN and a dataset that was different to
Imagenet [Krizhevsky et al., 2012]. Inception v4 [Szegedy et al. 2017] was chosen
as the model because it has been shown to have state of the art performance for
transferring from Imagenet 1K to a broad range of target tasks [Kornblith et al.,
2019]. Stanford cars [Krause et al., 2013] was chosen as it tends to be a more difficult
target task to transfer to from Imagenet with performance often being similar to
training from random initialisation [Kornblith et al., 2019]. Every possible size of
target dataset was experimented with from a minimum of one training example per
class to a maximum of around 41 training examples per class (not all classes have the
same number of examples).

The controller model and parameters predicted were adjusted to account for the
order of magnitude more layers in Inception v4 compared to AlexNet. The target
dataset sizes were arranged in bins, with smaller sizes closer together as per exper-
iment one, but the sizes were expressed in number of training examples per class

with 41 being the maximum and the bins were arranged as follows:

[1,5,10,20,41]

The final input vector was calculated as per equation

Similar to experiment one, fewer larger datasets were trained with the idea again
being that the bins would allow the larger datasets to be partially learned from the
smaller ones. The datasets for each epoch were picked with a two uniform distribu-

tions.

8.6.1 Parameters to be learned

The hyperparameters are shown in Table |8.3|Instead of predicting all layers individ-
ually we divided the 21 blocks of layers into the classification layer, higher layers
and lower layers. Splitting the remaining layers after the classification layer into
higher and lower is based on knowledge that features from lower layers are likely to
be more general and from higher layers more task specific [Yosinski et al., 2014]. Be-
cause of this the hypothesis is that the model will perform better when some number

of lower layers are trained at a lower learning rate and/or decayed more quickly than
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the higher layers. However the parameter choice allows for all layers to be trained at
the same learning rate by either selecting the number of layers at a high learning rate
to the maximum, in order to select the higher learning rates for all, or selecting the

same learning rate for all selections for lower learning rates.

The decay rate was also allowed to vary for this experiment and three of each
were selected for decay epochs and decay rate, being the first, second and subsequent

number of epochs before decay and amount to decay by.

The total number of hyperparameter combinations in the optimisation space was
612,360,000 for each target dataset size.

Table 8.3: Inception v4 Fine-Tuning Hyperparameters

Number of Number of classification high lowIr decay epochs decay rate

new layers  high Ir layers layer Ir Ir (3 selected) (3 selected)
1-5 1-21 0, 0.001, o, 0, 5, 10, 15, 20, 0.1,0.2,0.3,
0.005, 0.01, 0.001, 0.001, 30,40 05,07
0.05 0.005,  0.002,
0.01,  0.005,
0.05 0.01

8.6.2 Controller

The controller is single layer LSTM. The first five hyperparameter selections corre-
spond to the first five outputs of the LSTM through time. Each hyperparameter
selection then has a unique decoder that produces the logits and the final distribu-
tion that is sampled to get each value. The selected values are then encoded and
become the input for the next LSTM time step. The final two hyperparameters being
the three lots of decay epochs and decay rates are selected in the same way, as the 6th
to 11th timesteps of the LSTM, with three decay epochs selected then 3 decay rates

selected.

Again we used the policy gradient method REINFORCE [Williams, [1992] to train
the controller model. The accuracy returned by the child network trained with the
specified settings is used as the reward as per [Zoph and Le, 2016]. After running
short ablation studies the learning rate was set low at 0.0002 to ensure hyperparam-
eter selections don’t converge too early and more of the large and complex search

space was explored.
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8.6.3 Child network

An Inception v4 [Szegedy et al., 2017] for each set of hyperparameters is initialised
with weights pretrained on Imagenet [Deng et al., 2009] taken from [Wightman,
2019]. The number of layers specified by the setting “Number of new layers” are
reinitialised with small random weights. The weights for the classification layer,
high layers and low layers are set as per the specified hyperparameters and training
proceeds with the first, second and subsequent learning rate decays scheduled as per
the specified hyperparameters. Training is stopped and the accuracy returned when
the loss has not gone down for over 10 epochs or a minimum loss for a particular

dataset size is not reached after a certain number of epochs.

8.6.4 Results

Figure [8.3| shows the accuracy result on the validation set for the best hyperparame-
ters prediction for each number of examples per class in the training set. The smooth
curve of the results shows that the model is able to predict effective transfer learning
hyperparameters for every different dataset size. Despite having extremely limited
training examples for datasets with number of training examples great than 20. This

shows that the model has learned reasonably well.
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Figure 8.3: Inception v4 Stanford cars
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8.6.4.1 Statistics on best hyperparameters

Table shows the statistics of the best hyperparameters for each size. Also no 0

learning rate for the classification layer for sizes above 33 training examples per class.

Table 8.4: Statistics of best hyperparameters

Training % of 1 layer % of 0 learning % with classification layer % of frozen
examples  reinitialised  rate for classifi- learning rate lower than lower layers
per class  only cation layer middle layers

1-10 50% 40% 90% 20%

11-20 20% 40% 100% 0

21-41 33% 19% 76% 0

all 34% 29% 85% 5%

Table 8.5: Predicted hyperparameters

Training New  High Ir Classification High Low  Decay Decay rates
examples layers layers layer Ir Ir Ir epochs

per class

1-2 1 7 0.01 0.05 0.005 [10,10,10] [0.1,0.1,0.1]
3-5 1 15 0.01 0.05 0.005 [10,10,10] [0.1,0.1,0.1]
6-7 4 15 0.01 0.05 0.01 [10,10,10] [0.1,0.1,0.1]
8-12 4 7 0.01 0.05 0.01 [10,10,10] [0.1,0.1,0.1]
13-18 4 7 0.01 0.05 0.005 [10,10,10] [0.1,0.1,0.1]
19-33 1 7 0.01 0.05 0.005 [10,10,10] [0.1,0.1,0.1]
34-41 1 7 0.01 0.05 0.01 [10,10,10] [0.1,0.1,0.1]

It is not possible to find best practice transfer learning settings among the 612,360,000
hyperparameter combinations for each target dataset size. So for the final perfor-
mance comparisons a range of target dataset sizes were chosen, being [2, 4, 6, 8, 14,

27, 41]. The following experiments were performed:
1. The best predicted hyperparameters from the model were fully trained.

2. The final converged predicted hyperparameters from the model were fully

trained.

3. The best traditional transfer learning hyperparameters were chosen. This meant
the number of layers reinitialised was set to 1, only one learning rate was cho-
sen for all layers and only one each of decay rate and number of epochs until

decay were chosen.
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The final results for these experiments are shown in Table The final predic-
tions from the model are comparable to standard best practice, however the final
test results for the hyperparameters chosen from the best results on the validation
set are not. This is likely because using non-standard fine-tuning hyperparameters
such as reinitialising more layers than just the final classification layer produces a lot
more variation in the performance of the model based on where the new weights are
reinitialised. For this reason best hyperparameters are selected based on outliers in

performance.

It seems that final predictions could be improved with a better training strategy.
Particularly since it is known that there are fine-tuning hyperparameters that im-
prove on standard performance for the Stanford Cars dataset [Plested et al., 2021]].
We suggest using suggestions from [Andrychowicz et al., 2020] to improve the per-
formance of the controller model, particularly their recommendation to "initialize
the last policy layer with 100x smaller weights". This helps to insure the initial pre-
dictions have zero mean and small standard deviation so there is no bias in initial

predictions and thus early learning.

Another element that likely effected the convergence of the model was the early
stopping policy used in the training the child models. Both criteria favour models
that converge early but are not necessarily optimal overall. An effect of this is shown
in that all decay epochs are low in the final predicted models. Final hyperparameter
predictions are also extremely similar between target dataset sizes even though it
is known that the size of the target dataset has a significant impact on best fine-
tuning practice [Plested and Gedeon, [2019]]. This is an indication that the model has

converged too early without learning the full complexity of the optimisation space.

Table 8.6: Final Results Inception v4 Stanford Cars

Training Best prediction  Final predic- Standard
examples tion

per class

2 18.65% 17.32% 19.05%

4 34.25% 41.14% 45.70%

8 67.60% 73.28% 75.20%
14 83.82% 86.38% 86.17%
27 88.81% 91.64% 92.23%

41 91.57% 93.96% 94.22%
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8.7 Conclusion

We designed a neural architecture search style controller model to predict the best
fine-tuning hyperparameters with various numbers of training examples for a par-
ticular target dataset. The hyperparameters predicted went beyond standard fine-
tuning practice to include different learning and decay rates for different layers. We
tested the model using two different datasets, ImageNet and Stanford Cars, and two
different CNN child model architectures, AlexNet and Inception v4. We also used a
broad range of different target dataset sizes for each target dataset. For the Imagenet
target task with the AlexNet CNN child model the results were significantly above
those achieved through standard fine-tuning practice. For the Stanford Cars target
task with the Inception v4 CNN child model the final predicted hyperparameters
were comparable to but did not improve on standard fine-tuning hyperparameters.

We believe this second result was because:

1. the model was allowed to converge too early in this extremely complex optimi-
sation space and we make recommendations as to how to avoid this in future,

and

2. the early stopping mechanisms used to allow for faster training of the child
models favoured hyperparameters which converged quickly but were not nec-

essarily optimal.

Our model has shown its ability to learn hyperparameters that improve on stan-
dard practice for the simpler optimisation space of the smaller AlexNet model. As
it is known that there are fine-tuning hyperparameters that improve on standard
performance for the Stanford Cars dataset we expect that our recommendations to
improve training will allow our model to learn these superior hyperparameters for
the more complex Inception v4 optimisation space too. We also recommend future
experiments using our model to predict non-standard fine-tuning hyperparameters
for target datasets where it is known that using more optimal settings can produce a
more significant improvement in results [Plested et al., 2021]], such as FGVC Aircraft
[Maji et al., 2013] and Describable Textures [Cimpoi et al., 2014].

This work and the previous chapter include a number of discoveries about best
practice for non-binary transfer learning. In the following work I applied best prac-
tice to a modern deep CNN and a variety of commonly used small target image
classification datasets to show that using best practice improves results for target

datasets that are more difficult to transfer to for various reasons.



Chapter 9

Rethinking binary hyperparameters
for deep transfer learning for image

classification

9.1 Preamble

The current standard for a variety of computer vision tasks using smaller numbers
of labelled training examples is to fine-tune from weights pretrained on a large im-
age classification dataset such as ImageNet. The application of transfer learning and
transfer learning methods tends to be rigidly binary. A model is either pretrained
or not pretrained. Pretraining a model either increases performance or decreases it,
the latter being defined as negative transfer. Application of L2-SP regularisation that
decays the weights towards their pretrained values is either applied or all weights are
decayed towards 0. In this chapter I re-examine these assumptions. My recommen-
dations are based on extensive empirical evaluation that demonstrate the application
of a non-binary approach to achieve optimal results. (1) Achieving best performance
on each individual dataset requires careful adjustment of various transfer learning
hyperparameters not usually considered, including number of layers to transfer, dif-
ferent learning rates for different layers and different combinations of L2SP and L2
regularization. (2) Best practice can be achieved using a number of measures of how
well the pretrained weights fit the target dataset to guide optimal hyperparameters. I
include methods for non-binary transfer learning including combining L2SP and L2
regularization and performing non-traditional fine-tuning hyperparameter searches.
Finally I suggest heuristics for determining the optimal transfer learning hyperpa-
rameters. The benefits of using a non-binary approach are supported by final results
that come close to or exceed state of the art performance on a variety of tasks that

have traditionally been more difficult for transfer learning. This work is my original
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ideas and implementation, with support from my supervisor to discuss and iterate
ideas. A few final experiments and cleaning up of code was performed by one of my

Masters students Xuyang Shen.

9.2 Introduction

Convolutional neural networks (CNNs) have achieved many successes in image clas-
sification in recent years [Krizhevsky et al., 2012; Girshick et al., 2014; Li and Deng,
2020; Masi et al., 2018; Mazurowski et al., 2019]. It has been consistently demon-
strated that CNNs work best when there is abundant labelled data available for
the task and very deep models can be trained [Ngiam et al) 2018; Mahajan et al.,
2018} Kolesnikov et al., 2019]. However, there are many real world scenarios where
the large amounts of training data required to obtain the best performance cannot
be met or are prohibitively expensive. Transfer learning has been shown to improve
performance in a wide variety of computer vision tasks, particularly when the source
and target tasks are closely related and the target task is small [Ngiam et al., 2018;
Mahajan et al., 2018; |Cui et al., [2018; Ge and Yu, 2017; Sabatelli et al., 2018; Ng et al.,
2015; [Li et al., [2018| 2019b; Wan et al., 2019]. It has become standard practice to pre-
train on ImageNet 1K for many different tasks where the available labeled datasets
are orders of magnitude smaller than ImageNet 1K [Li et al., 2018, 2019b; Wan et al.,
2019; Masi et al., 2018; |Li and Deng), 2020; |[Ng et al., [2015; Mazurowski et al., 2019;
Mormont et al., 2018} Girshick et al., 2014]. Several papers published in recent years
have questioned this established paradigm. They have shown that when the target
dataset is very different from ImageNet 1K and a reasonable amount of data is avail-
able, training from scratch can match or even out perform pretrained and fine-tuned
models [He et al., 2018} Shen et al., 2017bla; Zhu et al.,|2019b; Mahajan et al., 2018].
The standard transfer learning strategy is to transfer all layers apart from the
final classification layer, and either use a single initial learning rate and other hy-
perparameters for fine-tuning all layers, or freeze some layers. Given that lower
layers in a deep neural network are known to be more general and higher layers
more specialised [Yosinski et al.,[2014], we argue that the binary way of approaching
transfer learning and fine-tuning is counter intuitive. There is no intuitive reason to
think that all layers should be treated the same when fine-tuning, or that pretrained
weights from all layers will be applicable to the new task. If transferring all layers
results in negative transfer, could transferring some number of lower more general
layers improve performance? If using an L2SP weight decay on all transferred layers

for regularisation decreases performance over decaying towards 0, might applying
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the L2SP regularisation to some number of lower layers that are more applicable to
the target dataset result in improved performance?

We performed extensive experiments across four different datasets to:

* re-examine the assumptions that transfer learning hyperparameters should be

binary, and

¢ find the optimal settings for number of layers to transfer, initial learning rates
for different layers, and number of layers to apply L2SP regularisation vs de-

caying towards 0.

We developed methods for non-binary transfer learning including combining L2SP
and L2 regularization and performing non-traditional fine-tuning hyperparameter
searches. We show that the optimal settings result in significantly better perfor-
mance than binary settings for all datasets except the most closely related. Finally

we suggest heuristics for determining the optimal transfer learning hyperparameters.

9.3 Related work

The standard transfer learning strategy is to transfer all layers apart from the final
classification layer, then use a search strategy to find the best single initial learning
rate and other hyperparameters. Several studies include extensive hyperparame-
ter searches over learning rate and weight decay [Kornblith et al., 2019; Mahajan
et al., 2018], momentum [Li et al., [2020a]], and L2SP [Li et al., 2018]. This commonly
used strategy originates from various works showing that performance on the tar-
get task increases as the number of layers transferred increases [Yosinski et al., 2014;
Chu et al 2016; |Agrawal et al., 2014; |Azizpour et al., 2015]. All these works were
completed prior to advances in residual networks [He et al., 2016], and searches for
optimal combinations of learning rates and number of layers to transfer were not
performed. Additionally, in two of the works layers that were not transferred were
discarded completely rather than reinitialising and training them from scratch. This
resulted in smaller models with less layers transferred and a strong bias towards bet-
ter results when more layers were transferred [Agrawal et al., 2014; Azizpour et al.,
2015]. Further studies have shown the combination of a lower learning rate and
fewer layers transferred may be optimal [Plested and Gedeon, [2019]]. However, again
modern residual networks were not used and only very similar source and target
datasets were selected.

It has been shown that the similarity between source and target datasets has a

strong impact on performance for transfer learning;:
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1. More closely related datasets can be better than more source data for pretrain-
ing [Ngiam et al., 2018; Mahajan et al., 2018; Cui et al., 2018; Ge and Yu, 2017}
Sabatelli et al., 2018].

2. A multi-step pretraining process where the interim dataset is smaller and more
closely related to the target dataset can outperform a single step pretraining
process when originating from a very different, large source dataset [Ng et al.,
2015].

3. Self-supervised pretraining on a closely related source dataset can be better
than supervised training on a less closely related dataset [Zoph et al., [2020].

4. L2SP regularization, where the weights are decayed towards their pretrained
values rather than 0 during fine-tuning, improves performance when the source
and target dataset are closely related, but hinders it when they are less related
[Li et al., 2018} 2019b; Wan et al., 2019]

5. Momentum should be lower for more closely related source and target datasets
[Li et al., [2020a].

These five factors demonstrate the importance of the relationship between the

source and target dataset in transfer learning.

9.4 Methodology

9.4.1 Datasets

We performed evaluations on four different small target datasets, each being less
than 10,000 training images. We chose one that is very similar to ImageNet 1K that
transfer learning and sub methods have traditionally performed best on. This is used
as a baseline for comparison to show that the default methods that perform badly on
the other datasets chosen do perform well on this one. For each of the other target

datasets it has been shown that traditional transfer learning strategies:
¢ do not perform well on them, and/or
¢ they are very different to the source dataset used for pretraining.

We used the standard available train, validation and test splits for the three datasets
for which they were available. For Caltech256-30 we used the first 30 items from each
class for the train split, the next 20 for the validation split and the remainder for the

test split.
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9.4.1.1 Source dataset

We used ImageNet 1K as the source dataset as it is the most commonly used source

dataset and therefore the most suitable to demonstrate our approach.

9.4.1.2 Target datasets

These are the final datasets that we transferred the models to and measured perfor-

mance on. We used a standard 299 x 299 image size for all datasets.

Most similar to ImageNet 1K We chose Caltech 256-30 (Caltech) [Griffin et al.,
2007] as the most similar to ImageNet. It contains 256 different general subordinate
and superordinate classes. As our focus is on small target datasets, we chose the

smallest commonly used split with 30 examples per class.

Fine-grained Fine-grained object classification datasets contain subordinate classes
from one particular superordinate class. We chose two where standard transfer learn-
ing has performed badly [Guo et al., 2019; Kornblith et al., 2019].

e Stanford Cars (Cars): Contains 196 different makes and models of cars with

8,144 training examples and 8,041 test examples [Krause et al., 2013].

e FGVC Aircraft (Aircraft): Contains 100 different makes and models of aircraft
with 6,667 training examples and 3,333 test examples [Maji et al., 2013].

Very different to ImageNet 1K We evaluated performance on another dataset that
is intuitively very different to ImageNet 1K as it consists of images depicting adjec-

tives instead of nouns.

* Describable Textures (DTD) [Cimpoi et al. 2014]: consists of 3,760 training
examples of texture images jointly annotated with 47 attributes. The texture
images are collected “in the wild” by searching for texture adjectives on the

web.

9.4.2 Model

Inception v4 [Szegedy et al., 2017] was selected for evaluation as it has been shown
to have state of the art performance for transferring from ImageNet 1K to a broad
range of target tasks [Kornblith et al., 2019]. Our code is adapted from [Wightman,

2019] and we used the publicly available pretrained Inception v4 model. Our code is
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available at https://anonymous.4open.science/r/Non-binary-deep-transfer-learning-
for-image-classification-872D. We did not experiment with pretraining settings, for
example removing regularization settings as suggested by [Kornblith et al., 2019, as

it was beyond the scope of this work and the capacity of our compute resources.

9.4.3 Evaluation metric

We used top-1 accuracy for all results for easiest comparison with existing results on
the chosen datasets. Graphs showing ablation studies with different hyperparame-
ters show results on one run on the validation set. Final reported results are averages
and standard deviations over four runs on the test set. We used the standard training
and test sets for all datasets and the standard validation set where available. For the
Cars dataset where no standard validation set was available we selected the first 10
examples from each class in the training set to use as a validation set. For all exper-
iments we used single crop and for our final comparison to state of the art for each

dataset we used an ensemble of all four runs and 10-crop.

9.4.4 Compute resources

The experiments were run on compute nodes containing four Nvidia V100 GPUs and
two 24-core Intel Xeon Scalable “Cascade Lake” processors.

Each individual experiment in the ablation studies ran on one GPU and 12 cores
from one processor. Running time varied between approximately six hours for DTD
to one day for Caltech.

Each final experiment was run on a full compute node with four GPUs and two
24-core processors. Running time varied between approximately one day for DTD
and Aircraft to two days for Caltech.

9.5 Results

9.5.1 Assessing the suitability of the fixed features

We first examined performance using the pretrained Inception v4 model as a fixed
feature extractor for comparison and insight into the suitability of the pretrained
features. We trained a simple fully connected neural network classification layer for
each dataset and compared it to training the full model from random initialization.
The comparisons for all datasets are shown in Table


https://anonymous.4open.science/r/Non-binary-deep-transfer-learning-for-image-classification-872D
https://anonymous.4open.science/r/Non-binary-deep-transfer-learning-for-image-classification-872D
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The class normalized Fisher score on target datasets using the pretrained but
not fine-tuned weights, was used as a measure of how well the pretrained weights
separate the classes in the target dataset [Fukenaga, 1990]. A larger normalized Fisher

score shows more separation between classes in the feature space.

F(W)=Tr {s;lsg} /N, 9.1)

where s;l is the inverse of the within class covariance, sg is the between class co-
variance and N, is the number of classes for the target dataset being measured. See
[Fukenagal, [1990] for further details.

We also calculated domain similarity between the fixed features of the source and
target domain using the earth mover distance (EMD) [Rubner et al., 2000; Peleg et al.,
1989] and applying the procedure defined in [Cui et al., [2018].

The domain similarity calculated using the EMD has been shown to correlate
well with the improvement in performance on the target task from pretraining with

a particular source dataset [Cui et al., [2018]].

Table 9.1: Domain measures

Trained from Fixed EMD .
. Normalised
random features domain State of the art

o I S Fisher score
initialization  classification  similarity

Caltech 67.2 83.4 0.568 1.35

86.6 [Li et al.|
2019b]
96.0 (@448)
Cars 92.7 64.2 0.536 1.18 [Ridnik et al.,

2020]
93.9 (@448)
Aircraft 88.8 59.9 0.557 0.83 [Zhuang et al.,
2020b]
78.9 [Chen

DTD 66.8 74.6 0.540 3.47 etal2020]

9.5.2 Default settings

For the first experiment we transferred all but the final classification layer and trained
all layers at the same learning rate as per standard transfer learning practice. We
performed a search using the validation set to find the optimal single fine-tuning

learning rate for each dataset. The results in Figure show the accuracy for each



144 Rethinking binary hyperparameters for deep transfer learning

learning rate for each dataset.

The optimal single learning rate for Caltech, the most similar dataset to ImageNet,
is an order of magnitude lower than the optimal learning rate for the fine-grained
classification tasks Stanford Cars and Aircraft. This shows that the optimal weights
for Caltech are much closer to the pretrained values. The surprising result was that
the optimal learning rate for DTD was very similar to Caltech and also an order of
magnitude lower than Stanford Cars and Aircraft. Final results on the test set for
each dataset are shown in Table[9.2]
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Figure 9.1: Optimal learning rates for each dataset. Left to right Caltech, Cars, Air-
craft, DTD

Table 9.2: Final results default settings

Caltech Stanford Cars Aircraft DTD
Learning rate 0.0025 0.025 0.025 0.002
Accuracy 83.69+0.0784 94.59+0.110 93.78+0.137 77.30 +0.726
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9.5.3 Optimal learning rate decreases as more layers are reinitialized and
transferring all possible layers often reduces performance on the tar-
get task

To the best of our knowledge the combination of learning rate and number of layers
reinitialized when performing transfer learning has not been examined in modern
residual models. To examine the relationship between learning rate and number of
layers reinitialized, we searched for the optimal learning rate for each of 1-3 blocks of
layers reinitialized across each of the four datasets. One layer is the default with the
final classification layer only being reinitialized. Two and three involve reinitializing
an additional one or two Inception C blocks of layers respectively as well as the
final layer. For consistency we refer to both the final classification layer and the
Inception C blocks as layers. Figure 9.2 shows the performance of fine-tuning with
various combinations of learning rate and layers reinitialized. The optimal learning
rate when reinitializing more than one layer is always lower than when reinitializing
only the final classification layer. Also the optimal number of layers to reinitialize is
more than one for all datasets except Cars. Table |9.3[ shows the final results for the

optimal learning rate and accuracy for each number of layers reinitialized.

a7 94.6
86.5 g94.4
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Figure 9.2: Number of layers reinitialized versus learning rate. Left to right, top to
bottom Caltech, Cars, Aircraft, DTD
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Table 9.3: Final optimal learning rate for each number of layers reinitialized

Caltech Cars Aircraft DTD
1 layer Ir 0.0025 0.025 0.025 0.002
Accuracy 83.694+0.078  94.59+0.110 93.78+0.137  77.30 £0.726
2 layers Ir 0.015 0.015 0.02 0.001
Accuracy 84.31+0.114  94.59+ 0.205 93.56+0.942  78.92 £+0.191
3 layers Ir 0.015 0.015 0.02 0.0015
Accuracy 83.57+0.104  94.46+0.348  92.96+1.588  78.90-0.243

Reinitializing more layers has a more significant effect when the optimal learning

rate for reinitializing just one layer is higher

Caltech and DTD have an order of magnitude lower optimal learning rates than
Cars and Aircraft, but reinitializing more layers for the former results in a significant
increase in accuracy whereas there is none for the latter. This result initially seems
counter intuitive as Cars and Aircraft are less similar to ImageNet than Caltech and
DTD. However, a lower learning rate tempers the ability of the upper layers of the
model to specialise to the new domain and even very closely related source and
target domains have different final classes and thus optimal feature spaces. The
combination of a lower learning rate and reinitializing more layers likely allows the
models to keep the closely related lower and middle layers and create new specialist

upper layers.

9.5.4 Lower learning rates for lower layers works better when optimal
learning rate is higher

Conventionally learning rates for different layers are set so that either all layers are
fine-tuned with the same learning rate or some are frozen. The thinking is that as
lower layers are more general and higher layers more task specific [Yosinski et al.,
2014] the lower layers do not need to be fine-tuned. Recent work has shown that
fine-tuning tends to work better in most cases [Plested and Gedeon, 2019]. However,
setting different learning rates for different layers is not generally considered. We
examined the effects of applying lower learning rates to lower layers that are likely
to generalise better to the target task. Figure|9.3|shows that for the Stanford Cars and
Aircraft where the optimal initial learning rate is higher, setting lower learning rates
for lower layers significantly improves performance whereas for Caltech and DTD it

does not.
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Figure 9.3: Lower learning rates for lower layers. Left to right Caltech, Cars, Aircraft,
DTD. Legend shows number of layers reinitialized, high learning rate, low learning
rate. X axis is number layers trained starting with the low learning rate

9.5.5 L2SP

The L2SP regularizer decays pretrained weights towards their pretrained values
rather than towards zero during fine-tuning. In the standard transfer learning paradigm
with only the final classification reinitialized, when the L2SP regularizer is applied
the final classification layer only is decayed towards 0.

The values a and B are tunable hyperparameters to control the amount of regu-
larization applied to the pretrained and randomly initialized layers respectively.

The original experiments showing the effectiveness of the L2SP regularizer [Li
et al., 2018] were done on target datasets that are extremely similar to the source
datasets used. They showed that a high level of regularization decaying towards
the pretrained weights is beneficial on these datasets. It has since been shown that
the L2SP regularizer can result in minimal improvement or even worse performance
when the source and target datasets are less related [Li et al., 2020a; |Wan et al., 2019].

Our results shown in Figure align with the original paper [Li et al., 2018]
for the dataset Caltech showing that standard L2SP regularization does result in an
improvement in performance over L2 regularization. Our results also align with
[Li et al., 2020a; Wan et al, 2019] in showing that for the datasets we have chosen
to be different from ImageNet, and known to be more difficult to transfer to, L2SP

regularization performs worse than L2 regularization. In general the lower the setting
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Figure 9.4: L2SP with default settings. Left to right, top to bottom, Caltech, Cars,
Aircraft, DTD

for alpha (the L2SP regularization hyperparameter) the better the performance.
We relaxed the binary assumption that L2SP regularization must be applied to all

pretrained layers. We used L2SP regularization for lower layers that we expected to
be more similar to the source dataset and L2 regularization for upper layers to allow
them to specialise to the target dataset. We searched for the optimal combinations of
L2SP and L2 weight regularization along with the « and B hyperparameters for each
dataset. We show the best settings for number of layers and amount of L2SP regu-
larization in Table 9.5/ and graph the optimal settings compared to the best default
settings in Figure 0.5

We make the following observations:

1. A combination of L2SP and L2 regularization is optimal for most settings of the

L2SP regularization hyperparameter («) for all datasets except Caltech.

2. When more layers are trained with L2 rather than L2SP regularization the op-
timal L2 regularization hyperparameter (p) is lower as the squared sum of the

weights in these layers will be larger for the same model.

Further experiments were performed to search for the combination of optimal L2SP
vs L2 regularization settings with optimal number of layers transferred and different

learning rates for different layers. These results are also shown in Table
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Table 9.4: Optimal learning rates for each number of layers reinitialized with different
learning rates for lower layers. Learning rates are in the format (high layers learning
rate, low layers learning rate, number of low layers)

Caltech Cars Aircraft DTD

Default accu- 83.69+£0.0784 94.594-0.110 93.78+0.137 77.301+0.726

racy

1 layer Irs 0.002 0.001 0.0250.018 0.0250.01510 0.0025 0.0015
12 10

Accuracy 83.95+£0.196 94.86+0.0460 94.32 £0.144  77.753+0.456

2 layers Irs 0.002 0.001 0.0250.018 0.0250.01510 0.0015 0.001
12 14

Accuracy 84.154+0.553 94.78 +-0.132 94.17 £0.311 78.594-0.127

3 layers Irs 0.002 0.001 0.0250.0110 0.010.0250.01 0.0015 0.001
12 8 12

Accuracy 83.46+0.143 94.83 94.50 +0.192 78.84 +0.464

+0.0832.

9.5.6 Final optimal settings and how to predict them

The final results and optimal settings are shown in Table 9.6l and Figures [9.6] to
Table 9.7] shows a clear distinction between target datasets that are more similar to
the source dataset and for which the pretrained weights are better able to separate
the classes in feature space and those that are less similar with pretrained weights
that fit the target task poorly. The best measure for determining whether the pre-
trained weights are well suited is a comparison of the performance achieved with
fixed pretrained features and that achieved through training from random initializa-
tion. As this method is computationally intensive a reasonable alternative may be the
normalized Fisher Ratio, but as the differences are not as pronounced in all cases it
should be further investigated on more datasets to see how reliable it is as a heuristic.
The EMD measure of domain similarity is a poor predictor of the suitability of the
pretrained weights.

Targets datasets for which the pretrained weights are well suited need:
¢ a much lower learning rate for fine-tuning,

* more than one layer to be reinitialized from random weights, and

* some or all layers trained with L2SP regularization.

Target datasets where the pretrained weights are not well suited need:
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Table 9.5: Best default and optimal L2SP settings and results

Caltech Cars Aircraft DTD

L2 83.694 94.59 93.78 77.30
Default L2SP 1 0.01 0.01 0.0001 0.01 0.0001 0.01 0.0001 0.01
new layer «, B
result 84.52 94.42 93.29 78.32
Optimal L2SP 1 0.01 0.01 0.01 0.001 0.0001 0.001 0.001 0.001
new layer «, B L2SP layers L2SP layers L2SP layers L2SP layers

all 10 10 10
result 84.52 94.57 93.86 78.32
Optimal L2SP 0.01 0.01 0.01 0.001 0.0001 0.001 0.001 0.001
overall «, B L2SP layers L2SP layers L2SP layers 1.0 L2SP

all 10 10 layers 14
result 84.52 94.65 94.22 78.90

¢ a much higher learning rate for fine-tuning with a lower learning rate for lower

layers,
¢ only the final classification layer reinitialized, and
¢ L2 rather than L2SP regularization.

Using the above best practice, non-binary transfer learning procedures we achieved
state of the art or close to, on three out of the four datasets. We used publicly available

pretrained weights and no additional methods for either pretraining or fine-tuning.

9.6 Discussion

Traditional binary assumptions about transfer learning hyperparameters should be
discarded in favour of a tailored approach to each individual dataset. These as-
sumptions include transferring all possible layers or none, training all layers at the
same learning rate or freezing some, and using L2SP regularization or L2 regulariza-
tion for all layers. Our work demonstrates that optimal transfer learning non-binary
hyperparameters are dataset dependent and strongly influenced by how well the
pretrained weights fit the target task. For a particular dataset, optimal non-binary
transfer learning hyperparameters can be determined based on the difference be-
tween model performance when fixed features are used and when the full model
is trained from random initialization as shown in Table We recommend using

the settings shown on the left in this Table for target datasets where the difference
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Figure 9.5: Best default and optimal L2SP settings. Left to right Caltech, Cars, Air-
craft, DTD

Table 9.6: Final optimal settings versus best default settings. P-values are comparing

the optimal result to the best of the default or default L2SP results, with the null

hypothesis being that there is no difference. The results for Cars and Aircraft are
significant at p < .05

Caltech Cars Aircraft DTD
Default settings 0.0025 0.025 0.025 0.002
Default result 83.69 94.59 93.78 77.30
Default L2SP 84.52 94.42 93.29 78.32
1 new layer 3 new layers  new layers 2
1 new layer high Ir 0.025 FC Ir 0.01 1r 0.002
Optimal settings Ir 0.0025 low Ir 0.01 high 1Ir 0.025  L2SP 0.001
L2SP 0.01 low layers 8 low 1r 0.01 0.001
0.01 no 1.OSP low layers 8 ~ L2SP layers
no L2SP 14
Optimal result 84.52 94.86 94.50 78.90
P-value 0 0.0039 0.00088 0.052
Ensemble 85.94 95.35 95.11 79.79
86.6 [Li 96.0 (@448) 93.9 (@448)
State of the art et al. [Ridnik et al., [Zhuang ;8;191 [(218561]
2019b]] 2020] et al., 2020b] .
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Figure 9.7: Optimal settings versus best default settings Cars

is negative and settings shown on the right for positive differences. Target datasets
for which the pretrained weights are well suited and target datasets for which they
are not, result in large differences in this value. These differences should still be
pronounced even if suboptimal learning hyperparameters are used for this initial
test due to limited resources for hyperparameter search. This heuristic for determin-
ing optimal hyperparameters should be useful in most transfer learning for image
classification cases. The normalized Fisher Ratio may be useful in some cases, how-
ever, care should be taken because the differences are not as pronounced. The EMD
domain similarity measure should not be used to determine transfer learning hyper-

parameters.
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Figure 9.9: Optimal settings versus best default settings DTD

9.7 Broader Impact

This research is focused on improving transfer learning for small target image classi-
fication datasets. The positive impacts are easy to observe in improved performance
of models utilising transfer learning in a wide range of real world applications. For
example, faster and more accurate medical diagnostics where there is limited data
available.

However, improvements to image classification models can have positive or nega-
tive impacts. More accurate models could reduce errors but result in overconfidence
and more reliance on results in areas where the full limitations are not well under-

stood and taken into account. Improved image classification models could also be
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Table 9.7: Predicting optimal settings based on pretrained features

Caltech DTD Cars Aircraft
Fisher ratio 1.35 347 1.18 0.83
EMD similarity 0.568 0540 0.536 0.557
Random initialisa-  -16.2 -7.8 285 28.9
tion minus fixed
features
Optimal learning Low  Low High High
rate
L2SP Yes Yes No No
More layers reini- Yes Yes No No
tialized
Low layers at low No No  Yes Yes

learning rate

used in areas with potential negative impacts, for example:

¢ use of intrusive facial recognition systems

¢ discrimination based on subtle items such as religious symbols

9.8 Limitations and future work

The main aim of this work is to highlight the need for a non-binary approach to
achieving optimal performance in transfer learning applied to image classification on
small target datasets. The relationship between the source and the target dataset and
how well the pretrained weights fit the target task has been shown to be important
to transfer learning performance numerous times [Ngiam et al., 2018; Mahajan et al.,
2018;|Cui et al., 2018;|Ge and Yu, 2017; Sabatelli et al., 2018;|Li et al., 2018} 2019b; Wan
et al., 2019; Ng et al., 2015; | Zoph et al., 2020; |Li et al., | 2020a]. However, the guidance
as to how to set transfer learning hyperparameters based on the heuristics presented
in this chapter is based only on the experiments on the four datasets outlined in this

chapter. Care should be taken if applying this guidance to new datasets, particularly

outside of image classification.
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Conclusion

This thesis defines deep transfer learning and the problem it attempts to solve in
relation to image classification. It provides a new taxonomy of the applications of
transfer learning for image classification. This taxonomy makes it easier to see over-
arching patterns where transfer learning has been effective and where it has failed to
fulfill its potential. The thesis also provides the first comprehensive review of deep
transfer learning as it relates to image classification overall and suggestions for fu-
ture research directions in the field. While there have been recent general surveys
of deep transfer learning, and ones that relate to particular specialised target image
classification tasks, there have been none that review the area as a whole. It is im-
portant for future progress in the field that all current knowledge on deep transfer
learning in image classification is collated and the overarching patterns are analysed
and discussed.

My research outlined in this thesis introduces an alternative to the traditional
approach of selecting deep transfer learning and fine-tuning hyperparameters. I
define binary thinking in deep transfer learning as primarily focusing on the two
extreme ends of the scales when selecting deep transfer learning and fine-tuning

hyperparameters:

¢ Taking an all or nothing approach to transfer learning is binary thinking. Ei-
ther transferring all possible layers or reinitializing all layers. The non-binary

approach would consider reinitializing more than just the final prediction layer.

¢ Selecting one best learning rate for all layers or freezing some of the lower layers
that are considered more generalizable is also binary thinking. The non-binary
approach would allow flexibility for some layers, particularly lower layers, to

be trained at a lower learning rate.

* Selecting one type of regularization parameter is a third kind of binary think-

ing. Either L2SP regularization that decays weights towards their pretrained
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values (or another recent transfer learning specific regularization approach),
or L2 regularization that decays weights towards 0. The non-binary approach
would allow for some lower layers to be regularized with transfer learning

specific regularization, and higher layers to be decayed towards 0.

Experiment results using best practice non-binary hyperparameters are either
comparable to or exceed state of the art results for a number of and variety of small
target datasets.

The work in this thesis shows methods for predicting the best transfer learning
hyperparameters without being limited by binary constraints. Heuristics are intro-
duced that show good potential to predict the optimal non-binary hyperparameters
on a range of target datasets, however, more work should be done in testing these
heuristics on a wider range of target datasets of a variety of sizes.

A model that can be trained to predict optimal hyperparameters was designed
and it was shown to significantly improve on standard transfer learning hyperpa-
rameters when training an AlexNet model and transferring between two subsets of
ImageNet of various sizes. A similar model was trained to predict optimal hyperpa-
rameters for an Inception version 4 model with the target dataset being the Stanford
Cars dataset with all possible numbers of training examples per class. In this case the
reinforcement learning model converged too early resulting in a collapse of hyper-
parameter predictions and sub optimal performance. Most of the reasons for early
convergence of the reinforcement learning model were due to methods used to speed
up training to make best use of limited compute resources. Recommendations are
made on how to avoid this in future and based on the experiments so far, the models
designed have shown good potential to improve on standard binary hyperparame-

ters.

10.1 Future Work
I recommend several directions for future work:
1. Expand all results to a broader range of image understanding target datasets.

2. Apply non-binary hyperparameters for deep transfer learning more broadly. I
have started the work of applying non-binary transfer learning to better retrain
when encountering an out-of distribution failure in reinforcement learning. Ini-

tial results are promising.
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3. Combining more than one set of best practice transfer learning hyperparame-
ters for an application in mixture model datasets. I currently have a student

working on this who has a proof of concept model showing strong results.

4. Application of best practice to physiological signals and other human centered
computing applications. Physiological signals are unique to each subject but
show similarities. Applications in this space can be thought of as a transfer
learning problem with each individual’s signals being a small target dataset.
Given the methods described in this thesis are particularly designed to improve
results for small target datasets I anticipate that they would have the potential

to improve results in this area.

5. Thave started some initial work to identify a point in between fully reinitializing
a layer or block of a deep neural network and keeping the pretrained weights
when they are far from a good minimum for the new task. Keeping the dis-
tribution of the pretrained weights in higher layers but normalizing them to
be of the same size as reinitialized weights has showed some success for small

datasets.
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