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Abstract

Deep learning models contain many different hyper-parameters that need to be
tuned prior to training. These hyper-parameters greatly influence the quality of
the final model. Historically, most attention and research has been performed
on tuning the architecture. However, with the advent of automated machine
learning and the success from neural architecture search, automated methods have
been successfully applied to other components of neural networks, challenging
the very inspiration of the classical methodologies. In this work, automated
methods, through the use of evolutionary algorithms, were applied to the learning
components of a neural network: the loss function, optimizer, learning rate
schedule, and output activation function of computer vision models with the goal
of finding drop-in replacements for standard components. I expand upon previous
research in each of these respective domains through the proposal of new search
spaces, surrogate functions, genetic algorithms, and better found components. In
the end, multiple loss functions, optimizers, learning rate schedules, and output
activation functions, all evolved from scratch, were found to be able to outperform

cross-entropy, Adam, one cycle cosine decay, and softmax on the CIFAR datasets.
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Chapter 1

Introduction

Artificial neural networks derive from a sub-field of artificial intelligence known as
computational intelligence. Since the advent of artificial neural networks, the search
for how to improve performance has long been a source of discussion (Dubrawski,
1997; Yuan and Fine, 1998; Choo, 2000; Chen et al., 1993). Neural networks
contain many hyper-parameters that directly influence training quality. Classical
heuristic methods, such as grid search and hill-climber, have been applied to
tuning these parameters (Alvaro et al., 2009; Battiti and Tecchiolli, 1995; Chalup
and Maire, 1999). However, most historically, genetic algorithms from the field
of evolutionary computation have been applied with great success (Leung et al.,
2003; Jones, 1993; Montana et al., 1989; Whitley et al., 1990; McInerney and
Dhawan, 1993; Schaffer et al., 1992; Branke, 1995). The inspiration for using
genetic algorithms for tuning neural networks derive from the very connection of
biological principles between the two processes, as both try to model biological
phenomena (Signorelli et al., 2016).

Genetic algorithms have long been applied to tuning the architecture of neural

networks. The process of searching for the architecture of a neural network has



been referred to as neural architecture search (Elsken et al., 2019). However,
the searching process for a particular component of a neural network can be
abstracted away to a more general form, to what can be referred to as neural
component search. In this work, I focus on performing neural component search,
from biological principles, on the learning components of a neural network: loss
function, optimizer, learning rate schedule, and output activation function. The
learning components refer to components of neural networks that directly affect
learning through the update equation for the weights of the model.

The loss function directly controls how to calculate the gradient with respect
to the model and input. The optimizer controls how to update the weights of
the model from the gradient of the loss. The learning rate schedule controls the
magnitude of the update for the optimizer. Lastly, the output activation function
controls the final output distribution from which the loss function is applied and
obtained. These four important, and pivotal, components can be searched upon
for improved performance.

The organization of this dissertation adheres to the following layout. Chap-
ter 2covers the background knowledge to understand the essentials of this work.
Chapter 3 gives the motivation for the thesis behind this work. Chapter 4 covers
the proposed search space and genetic algorithm used throughout this work. Chap-
ter b introduces neural loss function search. Chapter 6introduces neural optimizer
search. Chapter 7 introduces neural learning rate search. Chapter 8 introduces
neural output activation function search. Chapter 9 covers the combination of the
best found found components from each search applied to the CIFAR datasets.
Lastly, Chapter 10 summarizes the research, contributions, and results. All neural
component search chapters are listed in chronological order from when they were

performed.



Chapter 2

Related Work

The objective of an artificial neural network (ANN) is to model biological neural
networks found in the brain. It is believed that in doing so, artificial intelligence
can be created for a specific problem, where artificial intelligence in this regard
can be defined as a deep learning model capable learning to perform a task.
ANNs have been shown to be extremely successful in capturing non-linearity
for regression and classification problems. Historically used alongside ANNs are
genetic algorithms (GA). The objective of a GA is to model biological evolution as
a means to optimize a non-differentiable function. A common non-differentiable
objective that needs tuning is the architecture of a neural network, giving rise to

neural architecture search.

2.1 Artificial Neural Networks

In this section, the basic overview of ANNs will be covered through the discussion
of perceptrons and dense models. In addition, the overview of convolutional neural

networks and neural architecture search will be discussed as well.



2.1.1 Foundation

ANNSs are composed of layers of perceptrons. A perceptron is defined to be the
weighted summation of the product between its input and weights, plus a bias
term. An activation function is then applied to achieve non-linearity. Historically,
the Sigmoid function has been applied for single perceptions. Equation 2.1 gives
the output of a single perceptron, where w is the trainable weight, x is the input,
b is the bias term, and o is the Sigmoid function. Equation 2.2 gives the Sigmoid

function.

a=c(b+ Z zw;) (2.1)

o(x) = (2.2)

Although perceptrons are powerful non-linear models, they struggle learning
harder representations. Dense neural networks are ANNs that are composed
of multiple layers of perceptrons. Through the combination of many different
perceptrons, dense networks are capable of modeling even more non-linearity.
Dense ANNs are composed of three main components. An input layer, a number
of hidden layers, and an output layer. Information is fed to the ANN through
the input layer, passed along to the hidden layers to capture non-linearities, and
finally sent to the output layer. Equation 2.3 details the output of node j in an
arbitrary layer, where A is the selected activation function. For hidden layers,
the chosen activation function is usually ReLU (Glorot et al., 2011) or Swish
(Ramachandran et al., 2017). Equations 2.4 and 2.5 give the function equations

for ReLU and Swish. When one or more dense layers are constructed together,



the model is typically referred to as a deep learning model, where deep learning

refers to the complexity of the model (i.e. the more layers, the more complexity).

a; = A(bj + i l’ijwij) (23)
ReLU(z) = max(z,0) (2.4)
Swish(z) = zo(z) (2.5)

2.1.2 Convolutional Neural Networks

For computer vision tasks, images are fed into the deep learning model for a
specific task. However, dense networks are incapable of modeling the spatial and
temporal representations of images. Images are three dimensional objects with a
height, width, and RGB channel axis (temporal). This representation has to be
flattened into a single vector for a standard dense network. Convolutional neural
networks (CNNs) were designed to eliminate this problem through the inclusion
of the convolution kernel. Like the input image, the convolution kernel is a three
dimensional object that is multiplied to a subsection of the input image. The
kernel then slides over to next patch of pixels of the image to obtain another
product. The exact inter-workings of the convolution kernel are not of importance
to this work, as I will only be using state-of-the-art CNN models for computer
vision tasks. For more information on CNNs, I will reference my previous work

(Morgan, 2022).



Architectures

Many different CNN architectures have been proposed in order to improve per-
formance (Younesi et al., 2024). However, in this work, I mainly focus on four
state-of-the-art architectures that are commonly used in computer vision tasks:
EfficientNetV2Small (20.5M parameters) and EfficientNetV2B0 (5.3M parame-
ters) (Tan and Le, 2021), WideResNet28-10 (36.5M parameters) (Zagoruyko and
Komodakis, 2016), SEResNeXt4x64d (20.2M parameters) (Hu et al., 2018), and
ResNet52v2 (15.7M or 23.5M parameters) (He et al., 2016).

2.1.3 Neural Architecture Search

The architecture of a neural network has long been a source of discussion. Au-
tomated methods from various fields of discipline have been applied to find the
best architecture, commonly referred to as neural architecture search (NAS). In
fact, over 1000 papers have been published on NAS alone (Elsken et al., 2019).
NAS systems are composed of three primary components. First, a search space
is defined to describe the type of architectures that can be searched. Second,
a search algorithm is defined to describe how the architectures will be searched
upon. Lastly, a fitness function (or surrogate function) is defined as a means to
evaluate candidate architectures. In this work, for each experiment, all three of
these components will be discussed in detail. Most important to this work is the
NASNet search space (Zoph et al., 2018), a fundamental searh space in the field
in NAS. The NASNet search space is a computational graph composed of free
floating nodes that allows for arbitrary connections and operations. The NASNet
search space will serve as the backbone search space in this work from which all

adaptations will arise. More on this search space will be discussed.



2.2 Genetic Algorithms

A genetic algorithm (GA) seeks to model the biological process of evolution to
optimize a given objective function. Evolution can be described as a process where
individuals become more fit to their environment through three main mechanisms:
natural selection, differential reproduction (commonly called crossover), and
mutation. Natural selection occurs when individuals poorly designed for their
environment have lower probabilities of reproducing. Differential reproduction
after natural selection as those only fit enough to survive are able to reproduce.
Lastly, mutation randomly occurs in the genome. GAs leverage these concepts
in an automated fashion in order to optimize a given problem. Figure 2.1 gives
the workflow overview of a general genetic algorithm. Starting from a random
population, the individuals are evaluated using the fitness function, a select few
are chosen for reproduction, and a select few are chosen for survival. This process

repeats until termination.

2.2.1 Genetic Programming

In this work, the most common type of GA is known as genetic programming (GP).
GP is composed of a tree-based grammar. A tree-based grammar follows a set of
rules for its construction and is composed of internal and leaf nodes. Figure 2.2
gives the construction of two different GP trees. The leaf nodes are the input to
the tree (x; and z5) and the internal nodes are nodes that perform an operation.
Figure 2.3 shows an example of crossover by swapping the connections between
two parent trees (top) to obtain two child trees (bottom). Figure 2.4 shows three
examples of mutation on a tree. The top left gives the original tree. The top

right shows an example of mutating the operation by changing it. The bottom
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Figure 2.1: General workflow of a genetic algorithm.

left shows an example mutation by inserting an internal node. The bottom right
shows an example of mutation by deleting an internal node. Through crossover

and mutation, the GA can explore the tree based search space.

2.2.2 Regularized Evolution

In the original NASNet paper, reinforcement learning was applied to a recurrent
neural network controller that predicted the architectures. Shortly thereafter its

publication, Real et al. (2019) applied a GA to the NASNet search space with



Figure 2.2: Two example trees for GP.

great success. The GA, called reqularized evolution, was a mutation only, aging,
algorithm. The NASNet search space does not easily allow for crossover, due
to many connections inside the graph, hence the mutation only portion. The
aging component was included as training ANN is stochastic due to the random
initialization, batch splitting, and stochastic regularization components. As my
proposed search space for neural component search was derived from the NASNet
search space, and regularized evolution achieved great success on the search space,
this GA was used as the base search algorithm throughout this work. Algorithm 1
gives a brief overview of the algorithm, where Tournament refers to tournament
selection, a type of selection operator that chooses the best individual from a

random sample of size n.



Algorithm 1 Regularized Evolution

1: population = RandomlInitialization()

2: validationAcc = TrainModel(population)

3: repeat

4:  winner = Tournament(population, validationAce, n)
5. child = Mutation(winner)

6:  valAcc = TrainModel(child)

7. population = ReplaceOldest(population, child)

8:  walidationAcc = Update(validationAcc, val Acc)

9: until Time Expired

2.3 CIFAR

In computer vision tasks, it is necessary to have a common task to compare
different architectures and methodologies. These common tasks are referred to as
benchmark tasks. In NAS, the CIFAR-10 and CIFAR-100 datasets are the most
common benchmark datasets in computer vision for comparing models. Due to
this tradition, and ease of complexity in training models, I chose to compare all of
my discovered components on the CIFAR datasets (Krizhevsky and Hinton, 2009).
The CIFAR datasets are composed of 32x32 colored images, where CIFAR-10
covers 10 possible classes and CIFAR-100 covers 100 possible classes. However,
evaluations were not limited to only the CIFAR datasets. Those that did not are

detailed in their respective sections.
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Figure 2.3: Three examples of mutation for GP.
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Figure 2.4: Three examples of mutation for GP.
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Chapter 3

Motivation

In this section the motivation behind the work is discussed through the lens of
backpropagation, the learning algorithm of deep learning models.

How do deep learning models learn? Deep learning models learn for a specific
task by minimizing an error function. An error function, commonly referred to as
a loss function, is a function that determines how correct or incorrect the outputs
of the model are given some input. For classification, deep learning models output
a probability distribution for a given set of classes. Historically, the Sigmoid
function has been used for modeling binary classification problems as it naturally
arises from the formulation of the posterior probability distribution for generalized
linear models (Bishop, 2006). However, generalized linear models are not limited
to the Sigmoid distribution. For multi-class classification, the Softmax activation
also naturally arises due to its multivariate generalization of Sigmoid. Equation 3.1
gives the output of the Softmax activation, where ¢ is the Softmax output for the
i'" node. In order to create a probability distribution, meaning all probabilities

add up to one, the output for each class is scaled the sum of all classes.
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Softmax(x;) = Ze ex (3.1)
j J

After applying the Softmax activation to the output of the last layer of

the deep learning model, a loss function needs to be applied to measure how
correct or incorrect is the models estimation. From information theory, entropy,
Kullback-Leibler divergence (KL), and cross-entropy emerged early on as common
loss functions to measure the information, or randomness, of either one or two
probability distributions. The full mathematical relationship between the metrics
can be shown below in Equation 3.2, where P and () are probability distributions,
CE(P, Q) is cross-entropy, E is entropy, and KL is KL. In machine learning, P is
the distribution of the model’s output, and () is the target distribution. Therefore,
KL divergence is the difference between the cross-entropy of the model’s output
distribution and target distribution, and the randomness of the model’s output
distribution. In practice, cross-entropy is selected more often than KL, as deep
learning models calculate the loss over a sampled mini-batch, rather than the
population. For the rest of this work, y will always refer to the target output, y
will refer to the model’s prediction. Using this new notation, Equation 3.3 depicts

the cross entropy loss (£).

CE(P,Q) = KL(P||Q) + E(P)

Y mpte)) =~ Y pla) W) - 3w n(p()

CI(%)

(3.2)

1 %

L=— Z v In(1;) (3.3)

14



After applying the cross-entropy loss function to the output of the Softmax
layer of a deep learning model, a measure of error can be obtained. Learning can
be defined as the process of minimizing the error of a loss function through the
update of the trainable weights from a model. A deep learning model is composed
of layers of perceptrons, where each perceptron contains trainable slopes (w;)
and a trainable intercept (b). These weights can be updated in such a way that
minimizes the error of the loss function. From calculus, the minimization of a
function occurs by moving towards negative of the gradient for the function. For
deep learning models, the same process is applied. The simplest algorithm to do
so is known as stochastic gradient descent (SGD). SGD updates the weights of a
model through Equation 3.4, where w' is the weight matrix of layer [, 7 is the i
iteration of the algorithm, oy is the learning rate (controls the step size), and 25

owy

is partial derivative of the loss function with respect to the weight.

w, =W, 4 — o;——
i—1 lawl

(3.4)

The partial derivative of the loss function with respect to the weight can
be calculated through the chain rule. Assuming w' is the weight matrix of the
last layer of the model, the output of the model can be shown to be § = a! =
Softmax(z') = Softmaz(w'a'=t + '), where 2! is an intermediate expression,
a!~! is the output of the previous layer. The loss function is then applied. Because
the loss function is a product of the output activation function, which is a product

of its input, which is the product of the weights, the chain rule of calculus must

applied to obtain the result shown in Equation 3.5.
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The partial derivative of cross-entropy with respect to z;, is given in Equa-

tion 3.6.

oL _ Yi 0
3_»% B Z i 0z (3'6>

The partial derivative of the Softmax function for node ¢ with respect to its
input, z, is given in Equation 3.7, where d;; = 1 when ¢ = 7 and §;; = 0 when

i .

i . X
92 = yz((sw y]) (3-7>

The partial derivative of z; with respect to the weights is given in Equation 3.8

le -1
B a (3.8)

Using the combination of Equations 3.6, 3.7, and 3.8, the partial derivative
of the loss function with respect to the weights of the last layer is given in
Equation 3.9. The derivative is the difference between the models prediction for
the class and the target value multiplied by the output of the previous layer.

or .

E)_wl = (0 —yi) xa (3.9)

Using SGD, the weights of the last layer are updated through Equation 3.10.
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wﬁ = wffl — a;(9; — y;) * a! (3.10)

As one can see, the update equation is heavily influenced by all four learning
components. First, the Softmax activation layer creates a probability distribution
for classification. Second, the loss function then measures the amount of error
between the probability distribution and the target. Third, the optimizer (SGD in
this example) details how the weights are to be updated given the gradient of cross-
entropy through the Softmax layer. Fourth, the learning rate schedule controls
how far the optimizer should step towards given this information. These four
learning components are vital for overall performance. Although these components
have been derived from mathematical and statistical principles, the success of
AutoML and NAS, and an increase in available computational resources, suggests

to Improve Learning Through Neural Component Search.
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Chapter 4

Proposed Search Space

4.1 Overview

The majority of the experiments performed in this work can be abstracted out as
they share similar components. Specifically, the search space and search algorithm.
All experiments included in this work use the same search space, a computational
graph based off the NASNet search space. All experiments included in this work
use either regularized evolution or my proposed particle based mutation only

genetic algorithm.

4.2 Search Space

Although genetic programming is a common way to formulate a search space,
tree-based grammars are known to suffer two primary issues: bloating (Luke and
Panait, 2006) and redundancy (Neshatian and Zhang, 2009). Bloating occurs when
the average size of a tree within the population begins to grow uncontrollably.

The NASNet search space inherently prevents this as the maximum number

18



of nodes is prescribed prior to evolution, thus limiting the maximum size of a
cell. Redundancy occurs in tree-based grammars when parts of the tree contain
redundant features, which can lead to excessively large trees. Although redundancy
is not inherently a problem, it signifies that a particular expression is needed
in multiple places, which tree-based grammars must evolve independently. The
NASNet search space inherently solves this problem as hidden state nodes are
able to be reused multiple times within the computational graph, thus allowing
for redundant features without increasing the number of nodes, thereby speeding
up the evolution to acquire such redundant features.

The derivative of the NASNet search space proposed in this work has three
components: (1) input connections, which are analogous to leaf or terminal nodes
for tree-based grammars: y, ¢, 1, and —1, where y is the target output and g
is the model’s prediction; (2) hidden state nodes, which are free-floating nodes
able to use any other hidden node or input connection as an argument; and (3) a
specialized output node, defined to be the final operation before outputting the
loss value. All nodes use either a unary or binary function.

The 27 proposed unary operations are listed in Table 4.1, where bessel;; is
the Bessel function of degree j; e denotes exponential; ¢ is sigmoid activation;
softsign is softsign activation; softplus is softplus activation; erf is the Gauss error
function; erfc is the complementary error function; % refers to the derivative of
the respective function; and € = 10~7 for numerical stability. The seven proposed
binary operations are listed in Table 4.2. All operations were chosen from previous
related works and available operations in Tensorflow (Abadi et al., 2015). The
goal of increasing the number of possible operators is to create an expansive search
space, allowing for more expression.

Unless otherwise stated, all search spaces used in this work are based off this
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UNARY OPERATIONS

-z In(|z| + €)

e’ logyo(|2| + €)
o(x) 2 5(x)
softsign(x) 4 softsign(z)
softplus(z) erf(x)
erfe(x) sin(x)
sinh(z) arcsinh(x)
tanh(x) 4 tanh(z)
arctanh(z) 1/(x +e€)

|| x?

bessel;o () Nz

bessel;1 () max(z,0)
besseljic(x) min(z, 0)
besseljpe ()

Table 4.1: The proposed set of unary operations.

BINARY OPERATIONS

r1 + T2 T % To
T1 — X2 r1/ (72 + €)

z1/y/1+ 23 max(x1,x2)

min(z, x2)

Table 4.2: The proposed set of binary operations.

representation. Figure 4.1 gives an example construction of a loss function using

the described search space.

4.3 Particle-Based Genetic Algorithm

For reasons that will be discussed later, regularized evolution was incapable of
thoroughly exploring different component search spaces. In order to better allow
for exploration, while preserving the major components of regularized evolution, I

propose a particle-based genetic algorithm that allows for massive parallelization.
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Figure 4.1: Example loss function with three active (blue) hidden state nodes, one
inactive hidden node (grey), and one root node (white). The final loss equation is
given next to the root node in the box.

These components are (1) mutation only, (2) aging, and (3) parallelism.

In this algorithm, n independent particles run for ¢ time-steps, where at each
time-step k random mutations are performed. At each timestep, each particle
is mutated k times (mutation only) and the best mutated child is selected as
the next position for the particle (aging). Each particle acts independently so
that the available search space around each particle can be quickly explored and
exhausted. The proposed GA allows for embarrassing parallelization (parallelism)
at two levels. First, because each particle is independent from the other, as there
is no competition, each particle can be parallelized. Second, because each particle
performs k independent mutations at each timestep, each mutated child can be
parallelized. Therefore, the only bottleneck in our proposed GA is t, the total

number of timesteps. If nxk GPUs are available, the running time of the algorithm
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is O(t % ¢) where c is the mean cost to train a neural network. Pseudocode for the

proposed particle based GA is given in Algorithm 2.

Algorithm 2 Particle-Based Genetic Algorithm

1:

—_ = =
N 22

13:
14:

Input: n (Number of Particles), & (Number of mutations), ¢t (Number of
timesteps)
initial Particles = Initialization()
validation Accuracies = FitnessFunction(initial Particles)
particles = BestParticles(initial Particles, validation Accuracies, n)
for particle in particles do
for timestep in t do
mutations = [ |
for j in k do
mutations.append(Mutation(particle))
end for
mutationV alidation Accuracies = FitnessFunction(mutations)
particle = BestParticle(mutations, mutationV alidation Accuracies)
end for
end for
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Chapter 5

Neural Loss Function Search

5.1 Overview

Convolutional neural networks (CNNs) trained for classification problems on
balanced datasets are typically evaluated using accuracy. However, CNNs learn in
these scenarios by minimizing cross-entropy, a loss metric from information theory
that measures how similar two probability distributions are concerning a random
variable. Minimizing cross-entropy reduces the sum of entropies across each
discrete class between the actual distribution and the prediction. By minimizing
this distributional difference, it is believed that the model’s output will highly
correlate with the evaluation metric, accuracy. In practice, this typically holds
true; however, a perfect linear mathematical relationship between the two has
not been shown. As a result, other possible loss functions could exist that might
yield better accuracy than cross-entropy when minimizing. Searching for other

candidate loss functions can be referred to as neural loss function search (NLFS).
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5.2 Specific Related Work

NLFS is a new but rapidly growing domain (Chebotar et al., 2019; Gonzalez
and Miikkulainen, 2020, 2021; Liu et al., 2021; Gao et al., 2021, 2022; Gu et al.,
2022; Li et al., 2022; Rayman et al., 2022), that originated from the success of
neural architecture search (NAS) (Signorelli et al., 2016; Zoph and Le, 2016; Zoph
et al., 2018; Real et al., 2019; Elsken et al., 2019) and AutoML (He et al., 2021).
NLFS has been explored for various tasks using two primary representations:
computational graphs (Gonzalez and Miikkulainen, 2020; Liu et al., 2021; Gu et al.,
2022; Li et al., 2022; Rayman et al., 2022) and Taylor polynomials (Gonzalez and
Miikkulainen, 2021; Leng et al., 2022). Here, I focus on computational-graph-based
representations.

Gonzalez and Miikkulainen (2020) evolved a loss function for classification
and regression using genetic programming (GP); the function’s coefficients were
then fine-tuned using covariance-matrix adaptation evolutionary strategy (CMA-
ES). Liu et al. (2021) evolved a loss function specifically for object detection.
Rayman et al. (2022) found a loss function for classification problems using both
GP and a gradient-based local search algorithm. Instead of using CMA-ES to
evolve the coefficients of the loss function, they performed meta-learning on the
coefficients through gradient descent by comparing with cross-entropy. Li et al.
(2022) evolved a general loss function for generic tasks in semantic segmentation,
object detection, and instance segmentation using GP. Gu et al. (2022) evolved
margin-based softmax loss functions for the specific task of person re-identification

using GP.
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5.3 Contribution

In this chapter, I perform two experiments of NLF'S for image classification. In
the first, I conduct NLFS for image classification, rather than object detection
(Liu et al., 2021), image segmentation (Li et al., 2022), or person re-identification
(Gu et al., 2022). I expand on previous image classification NLFS work (Gonzalez
and Miikkulainen, 2020; Rayman et al., 2022) by (1) greatly increasing the
allowed operations, (2) using a computational-graph representation rather than
grammar-based GP, (3) ensuring the surrogate function transfers effectively to
large-scale CNNs with state-of-the-art image regularization techniques, (4) not
biasing the loss functions toward cross-entropy through meta-learning, and (5)
discovering a set of loss functions, termed NeuroLoss functions, that were extremely
competitive to cross-entropy across multiple datasets and architectures. In the
second, I conduct NLFS for specific image-augmentation techniques using the
same procedure discussed in the first experiment. I expand upon previous image
classification NLF'S work by (1) revealing that different loss functions can perform
well on certain image augmentation techniques, while performing poorly on others,
(2) exploiting this disparity by performing an evolutionary search on five types
of image augmentation techniques in the hopes of finding image augmentation
specific loss functions, and (3) discovering a new loss function, termed the inverse
bessel logarithm loss, that performed well across all image augmentation techniques

and was extremely competitive with cross-entropy.
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5.4 Shared Methodology

Both NLFS endeavors, the first being referred to as the NeuroLoss evolution and
the second being referred to as the image-augmentation specific evolution, share
many of the same components. For brevity, in this section, the shared method-
ology for the NeuroLoss evolution and image-augmentation specific evolution
are explained. Namely, the proposed loss function initialization, proposed loss

function integrity check, genetic algorithm and software implementation details.

5.4.1 Loss Function Initialization

Each loss function was based on the search space detailed in Chapter 4. Each
computational graph contains four hidden state nodes and one output node. Each
node is initialized by sampling its operation uniformly from the set of all 34
operations. Each connection for each hidden state node is sampled uniformly from
all input connections and hidden state nodes. The connections for the root node
are determined such that at least one connection is from a hidden state node to

prevent the output from being a simple binary or unary operation on the input.

5.4.2 Integrity Check

With the inclusion of many new operations in the proposed search space, and
the proposal of free-floating hidden state nodes, the total search space contains
a lower bound of 10! possible combinations. Although the search space allows
for the exploration of many potential good loss functions, it also allows for many
degenerate loss functions. To prevent degenerate loss functions from wasting
valuable evaluation time, an integrity check was implemented, similar to that by

Liu et al. (2021). If a loss function failed an integrity check, that function was
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re-initialized using the procedure described in Section 5.4.1. The integrity check
contains four components.

First, the computational graph containing the hidden state nodes for each loss
function is checked for cycles. If a cycle is found, the loss function is rejected. In
addition, if y or g is not included at least once in the graph, it is also rejected.

Second, if the first integrity test is passed, the phenotype of the loss function
is acquired for a simple binary case. The phenotype of the loss function refers to
the function value of the loss for given prediction and target arrays, specifically
when y = 1 in this case. The phenotype of cross-entropy, normalized between 0
and 1, using this evaluation is plotted in Figure 5.1. As one can see, the loss value
for cross-entropy decreases drastically as y — 1, signifying the global minimum,
the place where the input-target pairs match. A loss function for a binary case
should contain only one global minimum, as there should exist only one solution
that minimizes the loss function for all input. Cross-entropy exemplifies this as it
is a monotonically decreasing function, as one can see by the figure. To eliminate
multi-modal loss landscapes, all loss functions containing more than one global
optimum for a binary case are rejected. As a result, the remaining loss functions
are either monotonic or roughly parabolic. If the loss function is roughly parabolic,
it is rejected if its global optimum is within 1% of the g value 0.5 to prevent global
minimum values near 0.5, the threshold for accuracy.

Third, the integrity check flips the sign of the loss function if it is either
monotonically increasing or an upside-down parabola. This was performed to
prevent inverse learning—Ilearning an output of 0 for a target output of 1, and an
output of 1 for a target output of 0. This simple adjustment inherently speeds up
evolution by not requiring loss functions to evolve the proper signage for the root

node.
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Figure 5.1: Overview of the binary phenotypes of cross-entropy, NeuroLoss 1,
NeuroLoss 2, and NeuroLoss 3.

Fourth, the phenotypes of all existing loss functions within the population,
and the current loss function, are normalized between 0 and 1. All normalized
phenotypes from the population are looped over and the the Euclidean norm of
the difference between each normalized phenotype and the current normalized loss
function are calculated. If a single normalized difference was below a threshold
of 0.01 the loss function was rejected for being too similar to another existing
loss function. This was performed to allow for ample exploration of non-explored
regions of the search space without simply scaling already existing loss functions.
However, repeat loss functions were allowed during evolution as long as the copy
died off from within the population, a benefit to the aging mechanism.

After passing all four components of the integrity check, each loss function

is evaluated using the proposed surrogate function. The final algorithm for the
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Figure 5.2: Zoomed in view (around § — 1) of the binary phenotypes of cross-
entropy, NeuroLoss 1, NeuroLoss 2, and NeuroLoss 3.

integrity check is detailed in Algorithm 3.

5.4.3 Genetic Algorithm

A population-based genetic algorithm (GA) is used to explore the proposed search
space. Unlike grammar-based search spaces, my proposed NASNet derivative
does not allow for an easy implementation of crossover (recombination), as the
hidden state nodes can occur in any order and can connect to any other node. As
a result, a mutation-only GA is used. Given the success of regularized evolution
on the NASNet search space, I use regularized evolution for my search space.
Regularized evolution is a mutation-only aging GA that selects a parent through
tournament selection from the population. This parent is mutated to obtain a
child loss that is evaluated and added back to the population by replacing the

oldest. Because training neural networks is highly stochastic, and in order to
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Algorithm 3 Integrity Check
: Input: Candidate Loss loss, Population population
if ContainsCycle(loss) == True then
Return False
end if
if ContainsYandYHat(loss) == False then
Return False
end if
if ContainsOneGlobalMinOrMax(loss) == False then
Return False
end if
: CheckSign(loss)
. for individual in population do
if Norm(individual — loss)< 0.01 then
Return False
end if
: end for
: Return True

e e e T e T e T e T e

prevent pre-convergence to local minima and allow for ample exploration, aging is
incorporated for better exploration of the search space as each individual has a
maximum life span within the algorithm. This is inherently performed in the GA
as the new child replaces the oldest.

Mutation was performed by uniformly sampling either the root node or one of
the hidden state nodes, then changing either its operation or connection. After
mutation, an integrity check (Section 5.4.2) is performed to ensure a successful
mutation. If the integrity check fails, mutation is performed again. If 2500
mutations fail in a row, the mutation does not take place, and another iteration
of the algorithm is performed using the procedure just discussed.

Mutation was performed by selecting either the root node or one of the hidden
state nodes uniformly randomly. Once a node is chosen, either the operation or

connection is changed. With 70% probability, the operation is changed either
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from unary to unary, or binary to binary, depending on the original operation.
With 15% probability, the operation was swapped from unary to binary, or binary
to unary, depending upon the original operation. If the original operation was
unary, the extra connection obtained from swapping to binary was randomly
selected from the set of input and hidden state nodes. If the original operation
was binary, then either the left or right connection was eliminated with 50%
probability. If the operation was not changed or swapped, the remaining 15%
probability went to changing the connection of the node. If the operation was
unary, then the connection was changed uniformly random from the set of other
possible connections. If the operation was binary, then with 20% probability
the argument connections were swapped; else, either were changed uniformly
randomly.

The child loss was then trained using the surrogate function. Despite the
integrity check performed when creating the loss functions, losses can still not
learn during training. To prevent wasting computation, within the surrogate
function an early stopping mechanism was incorporated to stop the learning
process for degenerate losses. If this occurred, another child loss was obtained
through mutation. If seven mutated child loss functions in a row failed integrity
checks, the mutation procedure was considered to be failed, and another iteration
of the algorithm was performed. The entire genetic algorithm used in this work is

detailed in Algorithm 1.

5.4.4 Further Implementation Details

All architectures, training strategies, and loss functions were implemented in

Tensorflow (Abadi et al., 2015). The code base for the EffNetV2Small model and
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Algorithm 4 Genetic Algorithm

1: initial Population = Losslnitialization(1000)

2: validationAcc = ConvNet(initial Population)

3: population = Best100(initial Population, validationAcc)
4: repeat

5. winner = Tournament(population, validationAcc, 20)
6: maxrRedo =17

7. while mazRedo > 0 do

8: max Mutation = 2500

9: while maxMutation > 0 do

10: child = Mutation(winner)

11: if child.CheckIntegrity() then

12: break inner while loop

13: else

14: maxMutation —= 1

15: end if

16: end while

17: val Acc = TrainEffNetV2(child)

18: if valAcc == None then

19: maz Redo —= 1

20: else

21: break while loop

22: end if

23:  end while

24:  if maxRedo == 0 then

25: Pass

26: else

27: population = ReplaceOldest(population, child)
28: validation Acc = Update(validationAcc, val Acc)
29:  end if

30: until Time Expired

RandAug regularization strategy were derived from the repository (Li, 2022). The

code base for WideResNet and SEResNeXt were derived from the repository (Li,

2017). For computational resources, I had access to a single NVIDIA A100 GPU

during evolution.
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5.5 NeuroLoss Evolution

In this section, the methodology, results, and discussion are covered for the

NeuroLoss evolution.

5.5.1 Methodology

In this section, the methodology behind the proposed surrogate function, initial
population size de-couplization, loss function elimination protocol, and software

implementation details are explained.

Surrogate Function

It is simple to find specific components of neural networks that perform better
than standard versions on a particular dataset or on smaller networks. However,
it can be very difficult to find components of neural networks that perform better
than standard choices across multiple datasets, on models containing millions
of parameters, or when massive amounts of regularization are present during
training. To address this issue, I chose to compare the final evolved loss functions
on EfficientNetV2Small (EffNetV2Small) (Tan and Le, 2021). EffNetV2Small is
a state-of-the-art CNN model containing 20.3 million parameters, that was able
to achieve a Top-1% validation accuracy of 83.9% on ImageNet ILSVRC2012
(Deng et al., 2009). Along with the EffNetV2Small model, I use the same training
strategy used by Tan and Le (2021): progressive RandAug regularization (Cubuk
et al., 2020). RandAug is an image augmentation strategy that randomly augments
an image by applying n augmentations from a set of possible augmentations, with
each augmentation strength capped at a given maximum strength. In progressive

RandAug regqularization, the training strategy is split into four phases, where each
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hyper-parameter of augmentation is increased throughout training along with
image resolution size. I believe that training loss functions using this state-of-the-
art model and state-of-the-art regularization technique will accurately compare
the final proposed loss functions against cross-entropy for large-scale CNNs.

Because it is prohibitively expensive to conduct NLFS directly using the
full EffNetV2Small training schedule, I use a reduced surrogate function during
the evolutionary process, as is standard for learning transferable components
(Bello et al., 2017b; Bingham et al., 2020; Gonzalez and Miikkulainen, 2020; Liu
et al., 2020). An issue that can plague learning transferable structures for neural
networks is the correlation between the full model and the surrogate model. If
there is no correlation between the smaller surrogate model and the full version,
then there is no logical reason to use the surrogate. Although it is simple in
concept, it can be very difficult to find an accurate surrogate function for learning
transferable structures for a particular component. This problem will be further
exemplified shortly with my initial findings. Because I care about the relational
ranking of loss functions between the surrogate and the full model, Kendall’'s Tau
rank correlation (Kendall, 1938) was used instead of Pearson’s Correlation.

As a cheap proxy dataset, all models were trained on the CIFAR-10 dataset
(Krizhevsky and Hinton, 2009). For promoting generalization, 5,000 of the training
images from CIFAR-10 were used as validation. The best validation accuracy was

used as the fitness value during evolution, and for calculating rank correlation.

Chosen Surrogate Function

In the search for a suitable surrogate function, I looked at three possible models:
(1) a three-layer ConvNet, containing 14,000 parameters; (2) a ResNet9 version

two (ResNet9V2) (He et al., 2016) with nine layers, containing 30,000 parameters;
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and (3) EffNetV2Small.

To generate potential loss functions, I performed two preliminary evolutionary
runs using the ConvNet and ResNet9 architectures as surrogate functions, both
trained on the native dataset image resolution size of 32 for CIFAR-10 without
RandAug regularization for 8,000 steps. The best 30 loss functions from each run
were then trained using the full EffNetV2Small progressive RandAug training
schedule for 64,000 steps. Their final Kendall’s Tau rank correlation is shown in
the first row of Table 5.1. Both performed poorly in transferring their final best
loss functions to a large-scale model, both achieving a rank correlation of 0.1849,

highlighting the issue of finding transferable surrogate functions.

IMAGE SIZE H CONVNET RESNET EFFNET
- | 0.1849 0.1849 -

32 0.2352 0.1199 0.0344

48 0.1150 0.2649 0.1448

64 0.2768 0.1933 0.3149

80 0.1887 0.3498 0.2643

96 0.2926 0.1218 0.5080

112 0.2873 0.2715  0.3420

Table 5.1: Kendall’s Tau Rank Correlation between ConvNet and ResNet9V2
(ResNet), and EffNetV2Small (EffNet). The first row gives the rank correlation
for both ConvNet and ResNet9V2 trained for 8,000 steps without RandAug
regularization. The remaining rows give the rank correlation for the architectures
trained using RandAug regularization at the given image size for 8,000 steps.

To find a surrogate function with better rank correlation, I took the final 30
loss functions from the ResNet9 evolutionary run (using their associated full scale
EffNetV2Small progressive RandAug training schedule validation accuracy), and
trained each one on the ConvNet, ResNet9, and EffNetV2Small architectures again,

except with progressive RandAug regularization at different image resolution sizes
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for 8,000 steps. Table 5.1 shows the correlation between each image resolution
size and model trained using progressive RandAug regularization and the full
scale EffNetV2Small progressive RandAug training schedule. As one can see, the
correlations seem almost random, as no apparent relationship can be derived from
either the image resolution or architecture. I believe this exemplifies the difficulty
of finding a successfully transferable surrogate function. However, a configuration
with an acceptable correlation appeared: EffNetV2Small trained using 96x96
image resolution, with a rank correlation of 0.5080. Although EffNetV2Small
is more expensive to train than ResNetV2 and ConvNet, I decided to ensure a

transferable surrogate function, and selected it as the surrogate function.

Initial Evolutionary Run

In an initial evolutionary run using the ConvNet architecture as the surro-
gate function, the best performing loss function was % > ;(min(besselioe (9:), vi) +
bessel;oe (7)), which T call the Bessel Loss. As a comparison, Table 5.2 shows the
mean validation accuracy on the ConvNet surrogate function after 30 independent
runs for Bessel Loss, cross-entropy, and the final three NeuroLoss functions. As
one can see, Bessel Loss outperformed all NeuroLoss functions, and cross-entropy
with a higher mean validation accuracy. In addition, a two-sided statistical Welch’s
t-test of the mean difference between Bessel Loss and the other loss functions
being larger than zero (indicating Bessel Loss has a larger mean) was performed.
The Bessel Loss was shown to have a statistically larger mean NeuroLoss2 and
cross-entropy. However, when training Bessel Loss on EffNetV2Small using the
full training schedule of progressive Rand Aug regularization on CIFAR-10, the

loss struggles to reach a mean test accuracy of 94.51%, compared to NeuroLoss1’s

95.95%, NeuroLoss2’s 95.91%, and NeuroLoss3’s 95.82% test accuracy (From
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Table 5.7). This observation reveals that possibly using smaller architectures,
with little to no regularization, as a surrogate function for NLFS may not be

beneficial as their performance may not correlate well to large-scale CNNs with

regularization.
CONVNET SURROGATE FUNCTION

Loss VALIDATION ACCURACY p-VALUE

BesserLLoss 58.839+0.572 -

NL; 58.7114+0.455 p=0.171
NL, 58.5794+0.612 p = 0.047
NLj 58.660+0.557 p=0.112
CE 58.4744+0.569 p = 0.008

Table 5.2: Results for Bessel Loss, NeuroLoss1, NeuroLoss4, and cross-entropy
using the ConvNet surrogate function. (NL; for NeuroLoss 1, etc.) The mean
test accuracy, and standard deviation, across 30 independent runs are reported
for each loss function along with the p-value for a one sided statistical t-test for

mean accuracy being larger than cross-entropy. The best mean test accuracy is
highlighted in bold.

Early Stopping

To avoid wasting time in training degenerate loss functions, an early stopping
method was implemented. Before training on EffNetV2Small 96x96 resolution, a
ConvNet was trained on the images, without regularization, for 800 steps. If the
training accuracy was below a hand-tuned threshold of 37%, the loss function was
rejected and mutated again. If the training accuracy was above this threshold,
the loss was trained on the surrogate function, where a secondary early stopping
method was implemented. This secondary early stopping method was different
from the first. If the training accuracy had not reached a hand-tuned threshold of
25% after 3,000 steps, training was stopped; however, the best validation accuracy

was returned as the fitness score to the genetic algorithm.
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Initial Population

In an initial shortened evolution I noted that the majority of loss functions for the
initial population of the algorithm were degenerate in that the first early stopping
mechanism implemented within the surrogate function stopped training due to
poor learning. Allowing for degenerate models within the initial population caused
three primary issues. First, it created weak competition within the population,
as working loss functions would have less competition for mutation. Second, it
allowed for early pre-convergence, as only the smaller set of working functions were
chosen for mutation. Third, for tournaments containing only degenerate losses,
the child loss of the degenerate parent would inherently have higher probability of
being degenerate as well. I believe this allowance will degrade evolution quality in
the long run. As a possible solution, I decided to decouple the initial population
size from the population size. In doing so, I increased the initial population size
to allow for more diversity and to allow for more working loss functions. The best
from the initial population were then taken to form the first generation, ensuring

working initial loss functions.

Loss Function elimination Protocol

Due to the disparity of correlation between the surrogate function and full
EffNetV2Small training, I decided to spend the majority of the computational
resources on training for transferability rather than searching for loss functions,
as the integrity check and early stopping mechanisms eliminated most degenerate
solutions. To do so, I implemented a loss function elimination protocol that
progressively eliminated candidate loss functions, after evolution, until a final set

of winners remained by progressively training them on the different phases of
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RandAug regularization for EffNetV2Small. The best 150 loss functions discovered
over the entire course of evolution were trained on EffNetV2Small for phase 1
(16,000 steps) of RandAug progressive regularization. The best 50 from that set
were then trained again, from scratch, for both phase 1 and 2 (32,000 steps) of
RandAug regularization. The best 25 from that set were then trained again until
phase 3 (48,000 steps) of RandAug regularization. Finally, the best 10 were taken
and trained for the full RandAug progressive regularization training strategy
(64,000 steps). Note, all loss functions in the proposed loss function elimination

protocol were compared using the validation accuracy for CIFAR-10.

Implementation

For the GA, an initial population size of 1000 was used to allow for ample initial
diversity and working loss functions. The best 100 were then taken to form the
first generation. A tournament size of 20 was used for selection. The GA was
allowed to run for a time frame of 100 hours on an NVIDIA A100 GPU. Each
individual within the population was trained using the proposed surrogate function,
EffNetV2Small 96 x 96 resolution for 8,000 steps of Phase 1 of RandAug progressive
regularization. Due to computational constraints, the initial population was not
trained using this surrogate function, but was instead trained using the ConvNet
architecture without RandAug regularization. I did not find this problematic as
the purpose of the enlarged initial population was to find workable loss functions

in a short amount of time.
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5.5.2 Results and Discussion
Evolution

After 100 hours of evolution on the CIFAR-10 dataset, a total of 2,000 iterations
had completed, 29% of which did not fail the surrogate function. The best, mean,
and median validation scores over time are shown in Figure 5.3. In addition, the
max, mean, and min cross-entropy scores across 15 independent training sessions
for the surrogate function are plotted for comparison. The algorithm was able to
evolve 23 loss functions that were able to surpass the best cross-entropy accuracy
on the surrogate function, while 119 loss functions were able to surpass the mean

cross-entropy accuracy.
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Figure 5.3: Results for the evolutionary algorithm evaluated using the proposed
surrogate function.
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Table 5.3: The final three evolved loss functions (NL; for NeuroLoss 1, etc.), along
with cross-entropy (CE) for comparison.

Best Losses

The final three remaining loss functions, which I call the NeuroLoss functions,
after running the loss function elimination protocol are listed in Table 5.3. As one
can see, the final three functions are very similar as all of them follow the form
log(y,9) + f(y,9), where log(y,y) was either In or log,, and f(y,y) was some
function. In addition, one can also see the repeated structure of §/(y + €) that is
present twice in almost all functions, revealing the power of re-usable hidden state

nodes in the proposed search space. It seems that the final loss functions heavily

relied on scaling the prediction § by some value, mainly /1 + (/(y + €))? inside
the logarithmic operation. Honorable mentions after running the proposed loss

function elimination protocol are found in Table 5.4.

Evaluation

To evaluate the generalizability of the final three loss functions, they were trans-
ferred across multiple data sets, architectures, image augmentation techniques,
and learning rate schedules and optimizers. Six primary datasets were used in this

work, CIFAR-10, CIFAR-100, Stanford-CARS196, Oxford-Flowers102, Caltech101,
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Table 5.4: Honorable Mentions

and ImageNet. The meta-information for each of these datasets are available in

Table 5.5.

DATASET TRAIN TEST CLASSES SIZE
CIFAR10 50,000 10,000 10 32x32
CIFAR100 50,000 10,000 100 32x32
CARS196 8,144 8,041 196 482x700
FLOWERS102 2,040 6,149 102 546x624
CALTECH101 3,060 6,084 102 386x468
IMAGENET 1.28M 50,000 1000 469x 387

Table 5.5: The number of training and evaluation images, number of classes, and
mean image resolution for the datasets used in this work.

Other than EffNetV2Small, the final loss functions were trained on three
other state-of-the art model architectures to assess architecture transferability:
WideResNet (depth=28, width=10, 36 million parameters) (Zagoruyko and Ko-
modakis, 2016), SEResNeXt (4x64d, 20 million parameters) (Hu et al., 2018),

and DavidNet (custom ResNet9, 6 million parameters, Appendix 5.5.3). Three
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different image augmentation techniques were used: progressive RandAug regular-
ization for EffNetV2Small; simple cutout with random cropping and horizontal
flipping for WideResNet, SEResNeXt, and DavidNet; and CutMix (Yun et al.,
2019) for DavidNet. CutMix was used as it mixes label distribution, testing for
whether or not the final loss functions could handle target values not equal to 0
or 1. To assess dataset transferability, the final loss functions were trained using
the previous architectures and image augmentation techniques on both CIFAR-10
and CIFAR-100. Lastly, the final loss functions were transferred to three large
image resolution benchmark dataset: Cars196, Flowers102, and Caltech101. Us-
ing EffNetV2Small, the final loss functions were trained both from scratch and
fine-tuning (using the official published ImageNet weights), on the large image
resolution datasets. Details on the training strategies used for each architecture

can be found in Section 5.5.3.

Results

Results for DavidNet on CIFAR are given in Table 5.6. Results for
EffNetV2Small, WideResNet, and SEResNeXt on CIFAR are given in Table 5.7.
Results for EffNetV2Small on Cars196, Flowers102, and Caltech101 from scratch
are given in Table 5.8, while the results for fine-tuning are given in Table 5.9.
As seen in Table 5.6, multiple loss functions achieved significant p-values for
having a larger mean test accuracy than cross-entropy across both datasets and
image augmentation techniques. However, only one loss, NeuroLoss 1, obtained
a significant value for all datasets and augmentation techniques, revealing that
it can outperform and increase generalization better than cross-entropy in a
computationally stringent environment for DavidNet.

From Tables 5.6 and 5.7, only once was the mean test accuracy of cross-entropy
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CIFAR-10 (cutouT) CIFAR-10 (cuTMIX)

Loss TEST ACCURACY p-VALUE TEST ACCURACY p-VALUE
NL; 94.042+0.126 p < 0.001 91.621+£0.184 p < 0.001
NLo 93.787+£0.138 p = 0.298 91.409+0.178 p=0.581
NLj 94.006£0.134 p < 0.001 91.601+£0.169  p < 0.001
CE 93.761£0.134 - 91.4194+0.197 -

CIFAR-100 (cutour) CIFAR-100 (CUTMIX)
Loss TEST ACCURACY p-VALUE TEST ACCURACY p-VALUE
NL, 74.959+0.212 p = 0.003 70.877£0.270  p < 0.001
NL, 74.8144+0.254 p=0.421 70.736+0.244  p < 0.001
NL; 74.834+0.263 p = 0.302 71.176£0.288 p < 0.001
CE 74.802+0.208 - 69.534+0.228 -

Table 5.6: Results for DavidNet using resize, cutout, and horizontal flipping, and
CutMix for both CIFAR-10 and CIFAR-100. The mean test accuracy and standard
deviation across 30 independent runs is reported for each loss function along with
the p-value for a Welch’s two-sided statistical ¢t-test for mean difference between
the NeuroLoss function and cross-entropy being larger than zero (indicating the

function has a larger mean). The best mean test accuracy for each dataset is
highlighted in bold.

better than the best loss function (SEResNeXt for CIFAR-100). Two loss functions
dominated the results, NeuroLoss 1 and NeuroLoss 3. In terms of mean test value,
NeuroLoss 1 and NeuroLoss 3 surpassed cross-entropy across all datasets and
architectures (except NeuroLoss 3 for EffNetV2Small for CIFAR-10, and both
losses for SEResNeXt for CIFAR-100). However, NeuroLoss 1 was able to surpass
NeuroLoss 3 for all architectures trained upon CIFAR-10, but NeuroLoss 3 was
able to surpass Loss 1 and cross-entropy for all architectures trained on CIFAR-100
(except DavidNet using cutout and SEResNeXt).

From Tables Table 5.8, both NeuroLoss 1 or NeuroLoss 3 outperformed cross-
entropy, even with a label smoothing constant of a = 0.10, across all datasets.

However, when changing from training froms scratch to fine-tuning using cross-
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CIFAR-10

Loss EFrNETV2S WIDERESNET SERESNEXT
BESSEL 94.5104+0.115

NL; 95.952+0.106 95.860+0.142 95.830+0.123
NL, 95.9064+0.050 95.836+0.052 95.60440.032
NLj 95.8164+0.060 95.764+0.050 95.7884+0.078
CE 95.8264+0.118 95.670+0.156 95.22240.063

CIFAR-100

Loss EFFNETV2S WIDERESNET SERESNEXT
NL; 78.172+0.249 79.848+0.061 79.964+0.167
NL, 77.926+0.189 79.628+0.242 80.1524-0.263
NLj 78.230+0.154 80.038+0.271 79.804+0.263
CE 77.130£0.228 79.640+0.213 80.5264+0.228

Table 5.7: Results for EffNetV2Small using progressive RandAug regularization,
WideResNet (depth=10, width=28) and SEResNeXt (4x64d) using resize, cutout,
and horizontal flipping augmentation for both CIFAR-~10 and CIFAR-100. The
mean test accuracy and standard deviation across 5 independent runs is reported
for each loss function. The best mean test accuracy for each combination of

dataset and architecture is highlighted in bold.

EFFNETV2SMALL (FROM SCRATCH)

Loss CARS196 FLOWERS102 CALTECH101

NL; 85.457+0.244 88.584+0.508 85.148+0.210
NL, 85.698+0.361 87.3804+0.461 84.2344+0.341
NLj 86.439+0.418 88.40840.440 84.82240.285
CE 82.7294+0.285 88.1544+0.299 84.116+0.119
CEg.10 84.674+0.254 87.8194+0.228 84.49940.332

Table 5.8: Results for EffNetV2Small using progressive RandAug regularization
when training from scratch for Stanford-CARS196, Oxford-Flowers102, and Cal-
tech101. The mean test accuracy and standard deviation across 5 independent
runs is reported for each loss function. The best mean test accuracy for each
dataset is highlighted in bold. CEg 1 refers to cross-entropy with a label smooth-
ing value of 0.10.

entropy biased initial weights, Table 5.9 reports that NeuroLoss 2 outperforms

all other NeuroLoss functions and cross-entropy, both with and without label
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ErFrFNETV2SMALL (FINE-TUNE)

Loss CARS196 FLOWERS102 CALTECH101

NL; 91.635+0.109 97.313+0.095 90.556£0.279
NL, 91.660+0.053 97.421+0.139 90.565+0.428
NL; 91.635+0.091 97.287+0.138 90.302+0.295
CE 91.725+0.233 97.190+0.188 90.217£0.250
CEg.10 91.496+0.122 97.320+0.277 90.4344+0.141

Table 5.9: Results for EffNetV2Small using progressive Rand Aug regularization
when fine-tuning for Stanford-CARS196, Oxford-Flowers102, and Caltech101. The
mean test accuracy and standard deviation across 5 independent runs is reported
for each loss function. The best mean test accuracy for each dataset is highlighted
in bold. CEg ¢ refers to cross-entropy with a label smoothing value of 0.10.

smoothing, on two of the three datasets. With NeuroLoss 2 trailing the other two
NeuroLoss functions when training from scratch on Flowers102 and Caltech101,
but outperforming both when fine-tuning could indicate that some loss functions

might be better inclined to fine-tuning than others.

What Makes NeuroLoss Successful?

Figures 5.1 and 5.2 depict the phenotypes of all NeuroLoss functions and cross-
entropy in a binary example. From both of these figures, there are two noticeable
differences. First, all NeuroLoss functions have a less steep slope compared
to cross-entropy, resulting in higher normalized loss values. From Figure 5.1,
NeuroLoss 2 has the highest normalized loss values compared to all other functions
when y < 0.4; however, Figure 5.2 indicates that NeuroLoss 2 dips below the
other NeuroLoss functions and even cross-entropy as §y — 1. NeuroLoss 1 and
NeuroLoss 2 seem to hug each other for both small and large ¢ values. Perhaps
this more gentle slope could encourage more smoothness in the loss landscape

than cross-entropy. However, further investigation and study must be conducted
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to verify that hypothesis. Second, the global minimum for all NeuroLoss functions
do not occur at §y = 1, as with cross-entropy, but instead at § = 0.99998. This
small level of implicit regularization can be replicated in cross-entropy with an
extremely small label smoothing constant of o = 0.00003. Although the global
minimum can be shifted in cross-entropy via label smoothing to match that of
the NeuroLoss functions, the slope cannot be changed to equal them. The exact
reason for the NeuroLoss functions success is unknown, but two possible reasons
arise. The implicit learning of an extremely small label smoothing constant and a

higher normalized loss values than cross-entropy over the majority of y values.

5.5.3 Training Strategies

Table 5.10 shows the adapted progressive RandAug regularization training strategy
for CIFAR-10 and CIFAR-100 for EffNetV2Small. The surrogate function was
trained for only 8,000 steps of phase 1. The proposed loss function elimination
protocol trained on each phase incrementally, where each phase contained 16,000
steps. EffNetV2Small was always trained using the Adam optimizer (Kingma and
Ba, 2014) with a maximum learning rate of 0.001 and a batch size of 64. The
first 6,400 steps were used to warm up the learning rate linearly from 0 to the
maximum, and then the learning rate was decayed using cosine annealing back
down to 0 during the rest of the training cycle. This training strategy was only
used for the surrogate function and loss function elimination protocol.

When comparing the final loss functions after evolution and the elimination
protocol, the training strategy was adjusted for EffNetV2Small to allow for a
longer training session. Each phase was increased to 24,000 steps, allowing for

96,000 total steps over the entire course of training. The same optimizer and
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PHASE | 1 2 3 4

IMAGE SIZE 128 160 192 224
DroroUT 0.10 0.20 0.30 0.40
RANDAUG 5 8 12 15

Table 5.10: Adapted progressive RandAug regularization training strategy for
CIFAR-10 and CIFAR-100.

learning rate strategy were used as before, except the learning rate was held at
its maximum of 0.001 for 12,400 steps before being decayed.

For WideResNet and SEResNeXt, SGD with Nesterov momentum of 0.9 was
used with a learning rate scheduler that warmed up to 0.1 after 1,000 steps, and
then was cosine decayed back down to 0. This same training strategy was used
by Zagoruyko and Komodakis (2016) for the WideResNet architecture, except
they decayed their learning rate with a piece-wise function rather than cosine.
With a batch size of 128, a total of 96,186 steps were performed. For image
augmentation, the images were resized to 40x40, randomly cropped back to
32x32, cutout was applied with an 8x8 mask, and then the images were randomly
flipped horizontally.

For DavidNet, two different image augmentation techniques were applied. For
both, SGD with Nesterov momentum of 0.9 was used with a learning rate scheduler
that warmed up to 0.4 after 1,176 steps, and then was linearly decayed. For the
first configuration using the random crop, cutout, and horizontal flipping, a weight
decay value of 0.512 was also applied to the gradients. This training strategy
was used by the original DavidNet proposal for the DAWNBench competition
(Coleman et al., 2019), an end-to-end deep learning benchmark for training time,
cost, and accuracy for CIFAR-10 and ImageNet. With a batch size of 512, 98

steps were performed per epoch, for 30 epochs, totalling to a small budget of
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2,940 steps. As a result, the loss functions are evaluated for whether or not they
can increase generalization within a very computationally stringent budget. For
the second image augmentation technique, CutMix, the exact same parameters
and setup were used for DavidNet, except the weight decay was reduced to 0.0256,
as CutMix is a much harsher augmentation technique than simple cutout.

When training EffNetV2Small on Stanford-CARS196, Oxford-Flowers102,
and Caltech101 from scratch, a few minor changes were in-placed. The same
optimizer, learning rate, schedule, and total steps were used as before; however,
the progressive RandAug regularization strategy was reverted back to its original
form (Tan and Le, 2021) for the much larger image resolution datasets. These
changes are reflected in Table 5.11. Due to the increased image resolution, the
batch sizes for EffNetV2Small were decreased to 32.

When fine-tuning, the initial weights were set to the official ImageNet2012
weights, and the loss functions were trained for only 20 epochs, with 500 steps per
epoch, totalling to only 10,000 steps. The images were set to 224x224, dropout to
0.5, RandAug magnitude to 15, batch size to 64, ptimizer to Adam, and learning
rate schedule that warmed up for one epoch to 0.001 before being decayed back

down to zero after being held for three epochs.

PHASE | 1 2 3 4

IMAGE SIZE || 128 186 244 300
DrorouT 0.10 0.17 0.24 0.30
RANDAUG 5 8 12 15

Table 5.11: Original RandAug progressive regularization training strategy for
EffNetV2Small for large resolution image datasets.
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5.5.4 Conclusion

In this section, I expanded on previous research in NLFS by proposing a new
search space containing more unary and binary operations, along with a new
computational graph representation that eliminated some of the downsides asso-
ciated with GP. In addition, I stressed the importance of ensuring transferable
surrogate functions to ensure good rank correlation. After running the evolution-
ary algorithm and loss function elimination protocol, three loss functions highly
competitive with cross-entropy were discovered through pure evolution. The best
loss functions, termed NeuroLoss 1, NeuroLoss 2, and NeuroLoss 3, were able to
surpass cross-entropy across multiple architectures, datasets, and image augmen-
tation techniques. The proposed search space, integrity check, and elimination
protocol can be used for future NFLS endeavors, such as loss functions for image
anomaly detection, imbalanced image datasets, or traditional based machine
learning algorithms, such as logistic regression and decision trees. My code can be

found here: https://github.com/0UStudent/NeurallLossFunctionEvolution.

5.6 Image-Augmentation Specific Evolution

In this section, the methodology, results, and discussion are covered for the

image-augmentation specific evolution.

5.7 Specific Related Work

Machine and deep learning models are heavily prone to over-fitting, a phenomenon
that occurs when the error of the training dataset is small, but the error on a

validation or test dataset is large. For image processing, image data augmentations

50


https://github.com/OUStudent/NeuralLossFunctionEvolution

are commonly applied to add regularization by artificially increasing the dataset
size. Simple data augmentations include vertically or horizontally shifting, flipping,
or translating an image. From the advent of preventing co-adaptation of features
within neural networks through dropout (Hinton et al., 2012), cutout (DeVries and
Taylor, 2017) was proposed to drop random cutouts of pixels from the input image
before being fed into the model. By dropping out random patches of pixels from
the input image, the model must learn to classify an object using the remaining
data. Although it was originally applied for regression problems, mizup (Zhang
et al., 2017) has been successfully applied to classification. Mixup creates artificial
images and labels by taking a random linear interpolation between two images. As
a result, the model’s output distribution becomes less bimodal, and more uniform,
which un-intuitively increases generalization (Miiller et al., 2019). Besides the
simple data augmentations mentioned earlier, there also exist many others, such
as shearing, inversion, equalize, solarize, posterize, contrast, sharpness, brightness,
and color. Many works have been published in order to discover the best set of
policies, combinations of image augmentations, for specific datasets (Cubuk et al.,
2018; Ho et al., 2019). However, random augment (RandAug) (Cubuk et al., 2020)
has been regarded as the only policy capable of generalizing across datasets with
extremely little need of fine-tuning or excess training (Tan and Le, 2021). Given
n and m, RandAug performs n random augmentations from a list of possible
augmentations, performing each one at a strength of m. Simple augmentations,
cutout, mixup, and RandAug are all state-of-the-art augmentation techniques

that are currently be used in practice for different situations.
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5.7.1 Methodology

Image Augmentation Correlation

Because training each candidate loss function on a full scale model is extremely
computationally expensive, surrogate functions can be used as proxies. It is typical
to use smaller models, smaller datasets, and shortened training schedules when
constructed surrogate functions (Zoph et al., 2018; Bingham et al., 2020; Bingham
and Miikkulainen, 2022). I revealed the disparity of correlation between loss
functions trained on smaller models and those trained on full scale models. Now,
I investigate this observation further by taking a look at image augmentation
techniques.

In order to assess how well loss functions transferred across image augmen-
tation techniques, I constructed five different image augmentations. The first,
referred to as base, served as the simplest form of image augmentation. In this
augmentation, the images were zero-padded before a random crop equal to the
training image size was obtained. The resulting image was then randomly hor-
izontally flipped. The rest of the four image augmentations were built using
base as the foundation. The second, referred to as cutout, applied the cutout
operation, with a fixed patch size, to the image. The third, referred to as mizup,
applied the mixup operation by creating artificial images through random linear
combinations of images and their labels. The fourth, referred to as RandAug,
applied the random augmentation strategy to randomly augment the images from
a list of possible augmentations. Lastly, the fifth, referred to as all, combined all
previous augmentations together in order to maximize regularization. Figure 5.4
shows an example of each augmentation on an image from the Oxford-Flowers

dataset. As one can see, base only slightly alters the image, while all completely
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distorts it. Despite the massive distortion of the all augmentation, the results
reveal that the all augmentation technique consistently outperforms the other

four.

Figure 5.4: First Image: original untampered image. Second: base augmentation.
Third: cutout augmentation. Fourth: mixup augmentation. Fifth: RandAug
augmentation. Sixth: all augmentation

As with other neural component search methodologies, all searching experi-
ments were performed on the CIFAR-10 dataset. For encouraging generalization,
5,000 of the 50,000 training images were set aside as validation. The validation
accuracy is reported in all preliminary results. Using the search space, 1,000
random loss functions were generated and evaluated on the CIFAR-10 dataset.
I did not have the computational resources to evaluate all loss functions on a
state-of-the-art large-scale model; however, this does not mean I used a small
model either. I chose to use a custom ResNet9v2 containing 6.5 million parameters
as it was quick to train, while being relatively large (millions of parameters). The
model was trained with the Adam optimizer (Kingma and Ba, 2014), batch size
of 128, and one cycle cosine decay learning rate schedule (Smith, 2018a) that
warmed up the learning rate from zero to 0.001 after 1,000 steps, before being
decayed back down to zero. The model was trained for 40 epochs, 500 steps per
epoch, totalling to 20,000 steps.

Figure 5.5 shows the scatter-plot of the validation accuracies for all 1,000
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Figure 5.5: Validation accuracies for base and all techniques for the 1,000 randomly
generated loss functions.

loss functions evaluated on base and all image augmentations. As one can see,
there appear to be four clusters of loss functions after running agglomerative
clustering with average linkage (colors denote different clusters). The first contain
losses that do not perform well on either base (< 0.60) nor all (< 0.50). The
second contain losses that perform well on base (> 0.80) but not all (< 0.50).
The third contain losses that perform decently well on all (> 0.60) but not well
on base (< 0.60). The last contain losses that perform well on base (> 0.75)
and decently well on all (> 0.60). Because I care about preserving the rank

in-between loss functions on different image augmentation techniques, I rely upon
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Figure 5.6: Validation accuracies for base and all techniques for the intersection
of the best loss functions.

Kendall’s Tau rank correlation (Kendall, 1938). The top half of Table 5.12 gives
the Tau rank correlation between all image augmentation techniques across all
1,000 randomly generated loss functions. As one can see, the rank correlations
do not appear to poor, with the majority above 0.70, signifying moderate to
good rank preservation. However, Figure 5.5 shows that the majority of loss
functions generated are degenerate, meaning the loss functions perform poorly on
base (< 0.80), all (< 0.60), or both. During evolution, these loss functions would
get filtered out due to the early stopping mechanism of the surrogate function.
When the intersection of best 50 loss functions from base and all are joined

together, the rank disparity becomes much more clearer. Figure 5.6 zooms in on
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the intersection of the best 50 loss functions from base and all. As one can see, the
correlation seems almost uniform. The bottom half of Table 5.12 gives the Tau
rank correlation between all image augmentation techniques across the intersection
of the best 50 loss functions of each respective pair. These rank correlations are
much lower, with all but one plummeting below 0.50, indicating weak to moderate
preservation of rank. Most noticeably, the rank correlations of base between
all other image augmentation techniques, except RandAug, are extremely poor
(< 0.10). This disparity reveals that training loss functions with extremely little
to no image augmentation (base) have no guarantee to transfer well to other
forms of image augmentation, even when using the same model, dataset, and
training strategy. Perhaps these results could explain the observation I first noted
in NeuroLoss, where their smaller models (< 0.3M parameters), trained without
any image augmentation, transferred poorly to EfficientNetV2Small, trained with
RandAug. Although, I cannot know this for certain without testing the effects of
transferring loss functions across model size, this observation is important for all
future NLFS endeavours, as it signifies that training loss functions with very little
image augmentation may be predisposing them to lack the ability of effectively

transferring to other augmentation techniques.

Evolutionary Runs

From the results discussed in Section 5.7.1, I decided to capitalize on the disparity
of rank correlation between image augmentation techniques by performing reg-
ularized evolution on each of the five proposed augmentation techniques in the
hopes of finding image augmentation specific loss functions. Five evolutionary
runs were performed, one for each technique. The same setup as the NeuroLoss

evolution was used. The best 100 loss functions from the initial 1,000 randomly
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ALL LOSSES CuTouT Mixup RANDAUG ALL

BaAskE 0.773 0.711 0.743 0.711
CurouTt - 0.704 0.743 0.699
Mixup - 0.692 0.736
RANDAUG - 0.677

BEST 50 LOSSES

Bask 0.079 0.056 0.212 0.042
CurouT - 0.309 0.590 0.357
Mixup - 0.442 0.462
RANDAUG - 0.482

Table 5.12: Kendall Tau’s rank correlation between the five different image augmentation
techniques for 1000 randomly generated loss functions evaluated on a ResNet9 (6.5M
parameters). Top half of the table is the rank correlation for all 1000 loss functions.
Bottom half is the rank correlation for best 50.

generated loss functions formed the first generation for each respective technique.

With a tournament size of 20, the genetic algorithm was allowed to run for 2,000

iterations.

Elimination Protocol

In order to properly evaluate the final loss functions, I chose to compare the
final functions on WideResNet-28-10 (36M parameters), a large scale state-of-
the-art model. To ensure transferability across model sizes, I used a similar loss
function elimination protocol to the one in NeuroLoss. The best 100 loss functions
discovered over the entire evolutionary search for each run were retrained on the
same surrogate function as before, except the training session was extended to 192
epochs instead of 40, totalling to 96,000 steps. The best 24 from that were taken
and trained on WideResNet-28-10 for each respective technique. The best 12 from
that were taken and trained again. The best 6, compared by averaging their two

previous runs on WideResNet, from that were taken and trained again. Finally, the
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best three, compared by averaging their previous three runs on WideResNet, were
chosen and presented. When training on WideResNet-28-10, the SGD optimizer
was used, along with Nesterov’s momentum of 0.9, and a one cycle cosine decay
learning rate schedule that warmed up the learning rate from zero to 0.1 after
1,000 steps, before being decayed back down to zero. The model was trained for

300 epochs, 391 steps per epoch, totalling to 117,300 steps.

5.7.2 Results
Final Losses

During the elimination protocol, the best 24 loss functions from the 100 trained on
ResNet9v2 for 96,000 steps were trained on WideResNet for 117,300 steps. Using
their final best validation accuracies for both models, I was able to construct the
rank correlations to assess how well the loss functions would transfer to a larger
model. The results for base, cutout, mizup, RandAug, and all were 0.243, 0.034,
0.112, 0.307, and 0.100. As one can see, these are extremely poor, which confirms
my original findings in NeuroLoss of poor correlation between smaller models and
large CNNs. Despite this lack of correlation, the majority of the final found loss
functions still performed well compared to CE.

The final three loss functions for each augmentation technique, base
(B0, B1, B2), cutout (C0,C1,C2), mizup (MO, M1, M2), RandAug (R0, R1, R2),
and all (A0, A1, A2), are shown in Table 5.13. From the table, a few observations
can be made. First, all base, cutout, and RandAug functions used the expression
y/(y + €). Second, all three of the all functions were of the form f(log(y)) * v,
where it was either log(x) or In(x), and f(x) was dependent upon the function.

Lastly, many of the loss functions, across all five of the techniques, used some form
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Name Loss Equation

BO —% Z-a(softplus(g)i/(yi +€)))

B1 —1 5. 4o (bessel-i0e(gi/(yi + €)))

B2 % >, besselile(erf(y; /(v + €))

Co —% > In(arctan(y; /(v +€)))

C1 —% > In(softplus(g;/(yi + ¢€))

C2 — 2 o (log(#i/ (yi + €)))

MO —1 37, bessel_il(arctan(log(f;))) * ys

M1 7 i In(1 + exp(g; — i)

M2 1%~ arcsinh(bessel i0(y; — ;)

RO 157 4 tanh(bessel i0e(f; /y; + €)) + bessel _i0e(f; /y;)
R1 % Zz lo (yZ/yz + 6 /\/1 log yz/yz + 6) + yz)
R2 % Zz | Og(yz/yz + 6)||besse1 [0(ys)|

A0 % > ln(d softsign(log(9;))) * v

Al —2 37, In(bessel_i0e(log(5;)) * ys

A2 LN yi/ (bessel i0e(In(g; + €)))

CE —%ziyian@iH—e)

Table 5.13: The final discovered loss functions.

of the bessel function. The binary phenotypes (when y = 1) of the normalized
loss values for a hand selected number of the final loss functions, based upon the
results in Section 5.7.2, can be seen in Figure 5.7. As one can see, many of the
final loss functions differ in their phenotype compared to CE, either in terms of

learning a shifted global minimum or a much steeper or less steep slope.

Evaluation

To assess the quality of the final loss functions, all were trained on WideResNet-
28-10 using the training strategy discussed in Section 5.7.1 on the CIFAR-10
and CIFAR-100 datasets. The results for the CIFAR datasets can be seen in

Table 5.14. For comparison, cross-entropy (CE), both with and without label
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Figure 5.7: Binary phenotype of the final best loss functions against cross-entropy
for normalized loss values.

smoothing (CEq 19, @ = 0.10) were trained. From the table, a few observations
arise. First, for CIFAR-10, not all loss functions evolved for each specific image
augmentation technique outperformed CE for that technique. For example, all of
the final RandAug loss functions performed poorly compared to CE on RandAug.
On the contrary, some loss functions performed well on techniques that they were
not evolved upon. For example, functions from the all group achieved Top 1 on
base and mizup. Second, when transferring to CIFAR-100, all of the final functions
for base and RandAug, and M1, collapse, performing extremely poorly. This
observation reinforces the idea that loss functions evolved on a particular dataset,
model, and training strategy may not perform well in other environments. Third,
only twice did CE or CEg 1y achieve Top 1 across all augmentation techniques on
CIFAR-10 and CIFAR-100, indicating great success for the final loss functions.

To further assess the performance of the final loss functions on different datasets
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and architectures, the best overall performing functions from CIFAR-10 and
CIFAR-100 were selected be fine-tuned on CARS-196 using EfficientNetV2Small
and their official ImageNet2012 (Deng et al., 2009) published weights. The best
overall functions were chosen to be all cutout and all functions, and M0 and M?2.
When fine-tuning on EfficientNetV2Small, the SGD optimizer was used, along
with Nesterov’s momentum of 0.9, batch size of 64, and a one cycle cosine decay
learning rate schedule that warmed up the learning rate from zero to 0.1 after
1,000 steps, before being decayed back down to zero. The models were trained for
20 epochs, 500 steps per epoch, totalling to 10,000 steps. The results are shown in
Table 5.15. Once again, a few loss functions struggle to generalize, C'0, C'2, and
M?2. However, the A2 loss function performs relatively well compared to other
discovered loss functions across all techniques. In fact, even combining A2 with
a label smoothing value of a = 0.10, A2y19, achieves Top 1 for all techniques
on CARS-196. The generalization power of A2 was further explored by being
fine-tuned on Oxford-Flowers-102 and Caltech-101, as shown in Table 5.15. For

these other two datasets, the best loss flipped between A2y19 and CEq 1.

Inverse Bessel Logarithm Loss

Due to the success of A2 in terms of generalization across the CIFAR and fine-
tuning datasets, it was deemed as the final best loss function discovered in this
work, which I called the inverse bessel logarithm loss, due to its equation phenotype.
The binary phenotypes of loss functions limit how well the loss landscape can
be investigated for multiple dimensions. In order to better assess the differences
between CE and the inverse bessel logarithm, a three-dimensional plot can be
constructed where the z-axis takes on y values, the y-axis takes on gy values, and

the z-axis takes on the loss L(y, 7). Figure 5.8 shows the non-normalized three-
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Loss BASE CurouT Mixup RANDAUG ALL
CIFAR-10
CE 94.116+0.238 95.400+0.107 96.616+0.600 95.012+0.261 96.258+0.227
CEo.10 94.080+£0.245 95.326+£0.240 96.598+0.576 94.864+0.199 96.368+0.244
BO 94.018+0.371 95.222+0.106 94.396+0.358 94.510+£0.153 91.040+£0.182
B1 94.272+0.175 95.324+0.066 95.212+0.397 94.628+0.226 92.400+£0.110
B2 94.392+0.226 95.544+0.090 95.552+0.531 94.902+0.116 93.954+0.138
c0 94.446+0.202 95.600+0.154 95.934+0.441 95.022+0.169 95.076+£0.148
cl 94.238+0.344 95.496+0.048 95.936+0.634 95.0904+0.276 95.012+0.174
c2 94.45440.212 95.71040.141 95.030£0.482 95.164+0.143 93.284+0.181
MO 94.43240.286 95.482+0.188 96.174+0.358 94.740+0.240 96.044+0.125
M1 94.446+0.141 95.52840.097 96.162+0.435 95.092+0.202 95.268+0.080
M2 94.364+0.322 95.510+0.065 96.644+0.447 95.068+0.233 95.448+0.072
RO 94.250+0.267 95.434+0.165 93.136£0.404 94.660+0.227 89.364+£0.253
R1 94.106+£0.222 95.51440.125 95.546+£0.572 94.876+£0.210 94.204+£0.046
R2 93.704+0.344 95.172+0.184 95.486+0.468 93.858+0.263 92.550£0.123
A0 94.258+0.140 95.488+0.147 96.65440.507 94.758+0.270 96.152+0.287
Al 94.566+0.178 95.390+0.130 96.086+£0.081 94.866+£0.249 96.1104+0.185
A2 94.304+0.231 95.374+£0.149 96.246+0.440 95.14240.224 96.076+£0.239
A20.10 93.946+0.276 95.270£0.100 96.644+0.519 94.898+0.243 96.41840.19
CIFAR-100

CE 75.678+0.452 77.540+0.472 80.054+1.734 77.354+0.448 81.166+1.203
CEo.10 75.916+0.391 76.692+0.703 80.488+1.644 76.52240.871 80.748+1.666
BO 59.652+1.505 41.734£0.602 45.960+£0.833 31.988+£0.425 31.988+£0.425
B1 21.852+0.893 20.504+1.966 31.602+1.071 11.94041.665 16.39240.448
B2 54.822+2.624 22.892+2.199 78.464+1.162 22.892+2.199 49.318+£1.225
c0 74.4944+1.012 76.098+0.632 79.658+2.038 75.6544+0.661 79.41240.640
cl 75.74840.600 76.410+0.656 79.498+2.454 75.9341+0.844 79.288+0.787
o2 76.694+0.419 78.866+0.544 78.914+2.127 76.926+0.614 72.340+0.545
MO 75.670+£0.495 77.290+0.626 79.670+1.849 75.8501+0.524 79.3944+0.907
M1 62.826+£0.822 55.574£0.565 49.208+0.984 40.786+£0.653 28.504£0.712
M2 76.430+0.585 77.2784+0.533 74.998+1.387 61.574+1.980 40.036+0.251
RO 31.658+0.676 26.438+0.455 25.345+0.881 15.03840.706 10.28040.451
R1 17.7324+1.834 30.760£1.598 46.834+£1.729 15.12040.117 12.29140.374
R2 73.854+0.666 60.856+£0.859 51.300£1.668 25.148+2.357 15.96440.383
A0 75.5524+0.606 76.7984+0.550 78.810+1.971 75.27240.253 80.320+1.475
Al 75.278+0.589 76.6301+0.727 78.3944+1.946 76.652+0.228 81.058+0.814
A2 76.0344+0.771 77.4861+0.460 80.252+4+2.101 77.0204+0.729 79.378+0.427
A20.10 75.7144+0.609 76.95440.482 79.114+1.853 76.5161+0.688 81.7284+0.809

Table 5.14: Results for all final loss functions evaluated on the CIFAR datasets using
each of the five selected image augmentation techniques. The mean and standard
deviation of the test accuracy across 5 independent runs are reported. Red indicates
Top 1 performance, while bold indicates Top 5 performance.

dimensional representation of CE, while Figure 5.9 shows the non-normalized

three-dimensional representation of inverse bessel logarithm. Visually, one can see
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Loss BASE CurouT Mixup RANDAUG ALL
CARsS-196
CE 88.740+£0.195 89.506+£0.124 88.390+£0.189 91.91440.077 91.747+0.076
CEo.10 89.628+0.140 89.643+0.084 88.700£0.101 91.909+0.110 91.765+0.159
c0 53.212+34.32 81.129+1.577 85.646+£0.185 83.592+1.707 90.902+£0.098
cl 89.026+0.893 89.583+0.112 85.654+0.368 90.593+£2.959 90.969+0.203
o2 77.766+£0.532 69.161+£0.493 61.137£0.782 46.126£1.119 31.501+£0.425
MO 84.932+0.245 88.394+0.150 88.394+0.150 90.728+0.213 90.899+0.085
M2 72.459+1.016 36.426+1.270 36.426+1.270 58.866+1.864 11.80041.122
A0 86.758+0.214 88.638+0.186 88.638+0.186 91.063£0.152 91.466+0.123
Al 87.136+0.283 88.019+0.165 88.780+0.116 91.071£0.056 91.404+0.135
A2 88.820+£0.190 89.255+0.196 88.720+0.157 91.899+0.077 91.775+0.108
A20.10 89.810+0.117 89.909+0.259 88.999+0.122 91.989+0.095 91.78040.172
OXFORD-FLOWERS-102
CE 89.403+0.338 89.985+0.477 87.985+0.426 93.283+0.205 92.181+£0.171
CEo.10 92.613+0.110 93.710+0.415 89.816+0.422 94.786+0.156 92.753+0.211
A2 89.605+0.228 89.855+0.663 88.769+0.331 93.644+0.333 92.340+£0.273
A20.10 91.778+0.293 92.961+£0.483 89.631£0.270 94.81940.167 93.02040.276
CALTECH-101

CE 90.621+£0.629 91.318+0.411 90.053+£0.203 90.595+0.308 91.085+0.137
CEo.10 93.26140.241 92.93240.451 90.756+0.076 91.43740.235 91.381+£0.158
A2 90.510+£0.578 91.032+0.233 90.746+0.220 90.756+0.174 91.561+£0.232
A20.10 93.041+£0.234 92.794+0.397 90.986+0.394 91.252+0.276 91.423+0.319

Table 5.15: Results for all final loss functions evaluated when fine-tuning using each of
the five selected image augmentation techniques. The mean and standard deviation
of the test accuracy across 5 independent runs are reported. Red indicates Top 1
performance, while bold indicates Top 5 performance.

that inverse bessel logarithm has a slight upward curve when ¢ ~ 0 and ¢ ~ 1.
To better see this difference, Figure 5.10 shows the normalized three-dimensional
difference between inverse bessel logarithm and CE. It can be seen that the largest
differences occur right before y and g are the most different (when g — 0 and
y— 1l,ory— land y — 0). When § ~ 0 and y ~ 1, the differences are extremely
small. However, when g is slightly increased to 0.02, the difference reaches its
max value of 0.188. As a result, it can be stated that inverse bessel logarithm
has larger normalized loss values than CE when the model is almost at its most
incorrect state. This typically occurs only during the very early stages of training,

when the model is at its most incorrect state. Perhaps these larger normalized
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Figure 5.8: 3D plot of the raw phenotype of the cross-entropy loss.

loss values allow the model to expedite maneuvering to a better loss landscape
early on during training, as larger loss values directly increase the learning rate.

Chapter A gives the binary and three-dimensional phenotypes for the rest of the

discovered loss functions.

5.7.3 Conclusion

In this section, I further explored the results of recent work in NLFS that re-
vealed a disparity of rank correlation of loss functions between smaller surrogate
functions and large scale models with regularization. Specifically, I revealed
another disparity that exists, the lack of rank correlation of loss functions be-

tween different image augmentation techniques. I showed that the best per-
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Figure 5.9: 3D plot of the raw phenotype of the A2 loss.

forming loss functions, from a set of randomly generated loss functions, across
five different image augmentation techniques showed extremely poor rank cor-
relation. I capitalized on this disparity by evolving loss functions on each re-
spective augmentation technique in the hopes to find augmentation specific
losses. In the end, I found a set of loss functions that outperformed cross-
entropy across all image augmentation techniques, except one, on the CIFAR
datasets. In addition, I found one loss function in particular (A2), which I call
the inverse bessel logarithm, that performed extremely well when fine-tuning on

three large scale image resolution datasets. My code can be found here: https:

//github.com/0UStudent/EvolvinglossFunctionsImageAugmentation.
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Figure 5.10: 3D plot of the difference in normalized loss values between A2 and
cross-entropy (A2 — C'E).
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Chapter 6

Neural Optimizer Search

6.1 Overview

Deep learning optimizers are built for solving optimization problems, where the
goal is to find a set of parameters that optimizes a loss function in an efficient
amount of time. The optimization landscapes of deep neural networks are vast and
complex terrains with steep cliffs, saddle points, plateus, and valleys (Goodfellow
et al., 2016). Being able to efficiently and intelligently maneuver across these
landscapes is vital in order to achieve better performance and evaluation. The
simplest way to update the weights of a network is through batch Stochastic
Gradient Descent (SGD). With the goal of expediting convergence, adaptive
methods have been created to efficiently scale the learning rate per parameter,
such as RMSProp, AdaGrad (Duchi et al., 2011), and Adam (Kingma and Ba,
2014). Since the success of these adaptive methods, many researchers have explored
other possible optimizers that could increase convergence and performance (Dozat,
2016; Zaheer et al., 2018; Ma and Yarats, 2018; Lucas et al., 2018; Chen et al.,

2022a). Coupled with the optimizer is the learning rate schedule, which also
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directly influences the quality of training (Xu et al., 2019; Gotmare et al., 2018).

Since the success of AutoML (He et al., 2021) and neural architecture search
(NAS) (Elsken et al., 2019), automated methods have been applied to finding
complete deep learning optimizers in the hopes of finding an optimizer that could
outperform SGD or Adam as a drop-in replacement (Bello et al., 2017a; Carvalho
et al., 2022; Chen et al., 2022b). Searching for candidate optimizer functions can
be referred to as neural optimizer search (NOS). However, previous work in NOS
has become outdated in the sense that their proposed search spaces were created
with few operations and argument types. I utilize current deep learning optimizer

research to update these deficiencies.

6.2 Specific Related Work

NOS is a relatively new and sparsely explored subdomain of AutoML and NAS
(Bello et al., 2017a; Carvalho et al., 2022; Chen et al., 2022b). Chen et al. (2022b)
evolved deep learning optimizers for image classification by utilizing a program-
based search space. Carvalho et al. (2022) evolved deep learning optimizers using
a grammar-based representation with very few operations and arguments. Finally,
Bello et al. (2017a) learned deep learning optimizers by maximizing the reward
of an recurrent neural network (RNN) controller through reinforcement learning.
the work heavily stems from the success of Bello et al. (2017a), which utilized a
grammar-based representation containing unary and binary operations. Not only
did Bello et al. (2017a) learn the weight update equation for optimizers, but also
allowed the controller to decay operands from a set of four possible decay schedules.
I greatly expand on this in the proposed search space. Previous work in NOS

utilized search spaces containing very simple and primitive operations. Although
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Bello et al. (2017a) used a much larger search space than others (Carvalho et al.,
2022; Chen et al., 2022b), and simultaneously allowed to decay operands, the
search space has become outdated with regards to current deep learning optimizer
research.

Since the emergence of SGD, Momentum, Nesterov Momentum (Nesterov,
1983), RMSProp, AdaGrad (Duchi et al., 2011), and Adam (Kingma and Ba,
2014), many other deep learning optimizers have been created (Loshchilov and
Hutter, 2019; Dozat, 2016; Zaheer et al., 2018; Phuong and Phong, 2019; Zhang
and Mitliagkas, 2017; Jain et al., 2017; Zhuang et al., 2020; Zeiler, 2012; Shazeer
and Stern, 2018; Tong et al., 2019; Ginsburg et al., 2019; Ma and Yarats, 2018;
Lucas et al., 2018; Zhao et al., 2020; Chen et al., 2022a). The formulation and
innovation of these new deep learning optimizers can be used for the advancement
of a newer and more powerful search space for NOS. Now I list the most recent
deep learning optimizers that have influenced the proposed search space the
most. AdaBelief (Zhuang et al., 2020) extends Adam by changing the update
rule for the exponential moving average of the squared gradients by replacing the
squared gradients term with the squared difference between the gradient and its
momentum. AMSGrad (Phuong and Phong, 2019) extends Adam by updating
the momentum term to be the maximum between the previous momentum term
and the current time-step calculation. SADAM (Tong et al., 2019) extends Adam
by incorporating a softplus activation around the square root of the exponential
moving average of the squared gradients to calibrate the adaptive learning rate.
Demon (Chen et al., 2022a) extends Adam by utilizing a decaying momentum
schedule to /3 for improved convergence. QHM (Ma and Yarats, 2018) replaces the
gradient term in standard SGD with a linear combination between the gradient and

the momentum term to introduce quasi-hyperbolic momentum. AggMo (Lucas
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et al., 2018) extends momentum SGD by taking the average between multiple
momentum terms, each with their coefficient, to break oscillations through passive
damping. I leverage these concepts by incorporating them in the creation of the
new dual-joint search space.

Instead of using a grammar-based representation for the optimizers, I use the
search space discussed in Chapter 4. Although reinforcement learning applied to
RNN controllers has been successfully used in previous AutoML deep learning
problems (Bello et al., 2017a; Zoph et al., 2018), I choose to use its antithesis
of evolutionary algorithms to search the search space, which also has had great
success in similar scenarios (Real et al., 2019; Chen et al., 2022b; Liu et al., 2020,

2021).

6.3 Contribution

I perform NOS by evolving optimizers on a small ConvNet evaluated on the
CIFAR-10 (Krizhevsky and Hinton, 2009) dataset, transferring the final optimizers
to CIFAR-100 and TinylmageNet (Le and Yang, 2015), and also fine-tuning
EfficientNetV2Small (EffNetV2Small) (Tan and Le, 2021) using their published
ImageNet1K weights on Flowers102 (Nilsback and Zisserman, 2008), Cars196
(Krause et al., 2013), and Caltech101 (Fei-Fei et al., 2004). My summarized
contributions are: (1) I propose a new dual-joint search space for NOS, allowing
for greater exploration of possible optimizers, and the simultaneous exploration
of internal decay functions and learning rate schedules; (2) I propose a simple
integrity check able to eliminate degenerate optimizers from wasting valuable
computational time; (3) I propose a problem-specific, mutation-only genetic

algorithm able to be massively parallelized; and (4) I discover and present a set

70



No MOMENTUM MOMENTUM NESTEROV

Zig1 = Bixzi —axU Zig1 = Bixzi —axU
Wit1 =w; —axU Wit1 = Wi + Zit1 Wig1 = Wi + B * 241 —ax U

Table 6.1: Optimizer update equations of the form no momentum, momentum, or
Nesterov momentum.

of new deep learning optimizers, learning rate schedules, and Adam variants that
are capable of surpassing Adam as drop-in replacements across multiple image

recognition tasks.

6.4 Methodology

6.4.1 Search Space

The proposed search space is composed of two integral parts, one for the weight
update equation and another for decay functions (which includes learning rate
schedules). I also expand upon Bello et al. (2017a) by allowing for the inclusion
of momentum-type weight updates. Each optimizer took the form of either no
momentum, momentum, or Nesterov momentum, listed in Table 6.1, where i is
the i*" time-step, a is the learning rate, U is the weight update equation that is
searched for by the evolutionary algorithm applied to the proposed search space,
B; is the momentum coefficient (cycled between 0.85 and 0.95 during training),

and z; is an intermediate state saved variable.

Optimizer

The 20 proposed operands are listed in Table 6.2, where 0, §, )\ are the running

exponential moving averages of ¢, ¢%, and ¢, with 8, = 0.9, 8, = 0.99, and
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3 = 0.999. Unlike Bello et al. (2017a), I do not bias the optimizers towards
Adam or RMSProp by incorporating them as operands. The 23 proposed scalar
unary operations are listed in Table 6.3, where drop(x,p) drops the entries of
x with probability p, and norm(x) scales the tensor x by the L2 norm. the 10
proposed binary operations are listed in Table 6.4, where clip(zy, £|z3|) clips 21
to the range —|z5| to |zs|. In addition to simple scalar type unary operators, I
also propose unary operators that perform state-holding operations. Specifically,
each state-holding unary operator maintains a state variable z; that is updated at

each time-step. The 3 proposed state saving unary operators are shown in Table

6.5.
OPERANDS
g 9°
g° b
3 A
sign(g) sign(0)
1 2
107w 105w
10~ %w 103w
0.3g + 0.7% 0.059% + 0.953

0.01¢% + 0.99X

%zz Bivl —g  for f7 =[0,0.9,0.999]
D> i Blsi —g* for B9 =10,0.99,0.999]
32BN —g* for BT = [0,0.999,0.9999]

Table 6.2: The proposed sets of operands and scalar unary operations for the
optimizer update equation search space.

Each computational graph is initialized with four hidden state nodes and one
output node. Each node is initialized by sampling its operation from the set of all
binary and unary operations. Each connection for each hidden state node was

sampled from all input connections and hidden state nodes. The momentum type
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SCALAR UNARY OPERATIONS

x —x
In(ja| + ¢ Y

e 21
sigmoid(x) %sigmoid(w)
softsign(z) %softsign(x)
softplus(z) erf(z)
tanh(x) arctanh(z)
bessel;ie(x) arcsinh(x)
max(z,0) min(z, 0)
drop(z,0.5) drop(z,0.3)
drop(z,0.1) norm(z)
erfe(x)

Table 6.3: The proposed set of scalar unary operations.

BINARY OPERATIONS

xr1 + X2 X1 * T2

T1 — T9 x1/(z2 + €)
z1/\/1+ 23 max(x1, )
min(x, x2) 0.9521 + 0.05x9
clip(xy, £|x2|) |1 |*2

Table 6.4: The proposed set of binary operations.

of the weight update was sampled uniformly from the three choices mentioned
in Section 6.4.1. Lastly, each connection within the graph had a probability of
generating a decay function. Figure 6.1 shows an example optimizer’s weight

update equation after random initialization.

Decay Function

A decay function is a scheduled function with the ability to decay operands or
hidden state nodes within the optimizer graph. Unlike Bello et al. (2017a), I do

not apply a simple decay function to operands and outgoing connections, but
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STATE SAVING UNARY OPERATIONS

Zi4+1 = 095561 + 00521
Zitl = Ti — %
ziy1 = max(x;, 2;)

Table 6.5: The proposed set of state saving unary operations.

allow for the creation of decay functions through a separate search space. This
subsequent search space is applied to each argument connection between hidden
state nodes in the weight update graph. Much like the proposed search space
for the weight update, the search space for decay functions is represented as a
computational graph with free-floating nodes, along with the same properties as
before. The operands in this search space refer to decay schedules. The binary
operations stay the same; however, I limit the unary operations to operations with
an upper limit of 1 for values between 0 and 1. This was performed to prevent
scaling input argument values to greater than their original value. The updated

choices of unary operators for the decay functions are shown in Table 6.6.

Unary Operations

x sigmoid(z)
%sigmoid(m) erf(x)

erfe(x) tanh(z)
arctan(x) bessel;1c(x)
z? Vi
softsign(x) %softisgn(m)
%tanh(z‘)

Table 6.6: The proposed set of reduced unary operations for the decay functions

Unlike Bello et al. (2017a), I do not limit the decay schedules to decay only, but
also include their increase as well. the proposed schedules are the following: linear

decay (ld), linear increase (l7), linear decrease with restart (ldr), linear increase
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__9-%
In(|10™*w))

Figure 6.1: Example optimizer graph with two active (blue) hidden state nodes,
two inactive hidden state nodes (grey), and one root node (white). The final
weight update equation is given above the root node. Note that this does not
include momentum type.

with restart (lir), cosine decay (cd), cosine increase (ci), cosine decrease with
restart (cdr), cosine increase with restart (cir), cyclic cosine decay (ccd), cyclic
cosine increase (cci), exponential decay (ed), exponential increase (ei), demon
decay (dd) (Chen et al., 2022a), and demon increase (di). In total, there are 14
different possible schedules to be used as operands within the decay search space
graph, shown in Table 6.7.

Lastly, the decay functions can be used to create unique learning rate schedules.
Unless the decay function is applied inside a non-distributive function, such as

tanh(x), the decay function can be factored out alongside the learning rate. As
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Decay Schedules

ld 1—-t/T

li t)T

ldr 1— mod (2t,T7)/T
lir mod (2t,T)/T

cd 1+ cos(tn/T))

0.5(
ci 0.5(1 — cos(tw/T))

cdr 0.5(1 + cos(m mod (2¢,7)/T))
cir 0.5(1 — cos(m mod (2¢,7)/T))
ced 0.5(1 + cos(2tmw/T))

cci 0.5(1 — cos(2tmw/T))

ed 0.01¢/T)

ei 1—0.01%7
(0.95%(1—t/T))

dd (0.0510.95+(1—1/T))

i 0.95 —  0:95+(1=t/T)

(0.05+0.95+(1—¢/7))

Table 6.7: The proposed set of decay schedule operands for the decay function
search space. t denotes the current timestep while 7' denotes the maximum
number of timesteps.

a result, the proposed complete search space can optimize not only the weight
update equation, but also the learning rate schedule and internal decay functions
for non-distributive functions.

Each computational graph for the decay functions is initialized with one
hidden state node and one output node. This was performed to simplify the decay
schedules. Each node in the decay function graph was initialized similar to the
weight update equation graph. Figure 6.2 shows an example decay function being

applied to a connection from within the example optimizer graph from Figure 6.1.

6.4.2 Integrity Check

All together, the proposed search for both the weight update equation and decay

functions contain an enormous number of possible combinations, creating an
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Figure 6.2: Example decay function applied to the 10~*w operand before being
applied in the In(|z|) operation. The decay graph contains one active (blue)
hidden state node, zero inactive hidden state nodes (grey), and one root node
(white). The final decay function equation is given above the root node.

extremely sparse search space for workable optimizers. To prevent degenerate
optimizers from wasting valuable evaluation time, an integrity check was imple-
mented from the motivation of Liu et al. (2021) in their evolution of loss functions.
The integrity check needs to be accurate in detecting degeneracy while also being
simple to compute. the proposed integrity check was based on the shifted sphere
optimization problem, where the goal is to minimize f(z) =Y ! (z; — £;)* for n

variables, where f3; is a shift constant for the i** variable.
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Each optimizer was tested at minimizing the optimization problem with
different learning rates. Each optimizer was given the same initial point and was
run for a set number of iterations. If none of the final objective function values for
each learning rate was below a hand-designed threshold, it was rejected as it was
unable to achieve moderate convergence on a simple problem. The chosen initial
point, associated shift constants, number of variables, number of iterations, and
threshold were hand designed based on the success from current deep learning
optimizers.

Upon initialization, if a connection was sampled to contain a decay function,
the associated decay function underwent a simpler integrity check: the decay
function was rejected if it scaled the component to less than 0 or more than 1.
The decay function looped initialization until it found a graph that satisfied this

integrity check.

6.4.3 Surrogate Function

With the goal of learning optimizers that perform well on large-scale deep learning
models, evaluating each candidate optimizer on a large-scale model can be ex-
tremely computationally expensive. Surrogate functions are cheap proxy models
used to estimate the performance of deep learning components at large-scale (Liu
et al., 2020; Bingham et al., 2020; Bello et al., 2017a). From the success of Bello
et al. (2017a), I also choose to utilize a small ConvNet as the surrogate function.
The ConvNet contains three convolution layers, followed by batch normalization
(Ioffe and Szegedy, 2015) and Swish activation (Ramachandran et al., 2017). Ex-
cept for the first convolution layer, each subsequent convolution layer maintained

a stride of 2, and doubled the previous number of filters/channels. The starting
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number of filters/channels for the first convolution layer was referred to as the

base.

6.4.4 Early Stopping

Even though an integrity check was implemented to prevent degenerate optimizers
from wasting valuable evaluation time, some optimizers may not perform well for
deep learning tasks. To prevent these optimizers from wasting valuable time, two
early stopping mechanisms were implemented. First, each optimizer was trained
on the ConvNet with base 48 (totaling to 0.212M parameters) for 800 steps at
each of the following learning rates: 10, 1, 0.1, 0.01, 0.001, 0.0001, and 0.00001.
In addition, a one cycle cosine decay learning rate schedule with a linear warmup
(Smith, 2018a) was applied to every optimizer. As a result, all optimizers were
learning to change the given learning rate schedule using their decay functions
during evolution. If none of the final training accuracies from each learning rate
session yielded an accuracy above a hand-designed threshold of 25%, the optimizer
was rejected. Second, if the optimizer passed the first early stopping mechanism,
the optimizer was trained again on the ConvNet, except for 8,000 steps using the
best found learning rate. After 1,000 steps, if the training accuracy ever fell below
a hand-designed threshold of 40%, training was stopped and the best validation
accuracy was returned as the fitness value. If the optimizer passed both early
stopping criteria, the best validation accuracy was used as the optimizers final
fitness value. For the validation dataset, 5,000 of the 50,000 training images for

CIFAR-10 were set aside as validation.
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6.4.5 Particle-Based Genetic Algorithm

Real et al. (2019) applied regularized evolution, a mutation only, population based
genetic algorithm (GA), to the NASNet search space with great success, but
I found it non-optimal for the problem. In some preliminary runs, reqularized
evolution converged extremely fast. I believe that this occurrence was due to
the extremely sparse search space, paired with the integrity check, creating an
extremely sharp local minima for each optimizer. As a result, only a few non-
degenerate solutions exist nearby each optimizer, which are quickly exhausted
within a few iterations of the algorithm. To address this problem, I propose a
problem-specific, particle-based GA with the same components as reqularized
evolution, (1) mutation only, (2) aging, and (3) parallelism (as described in
Chapter 4). The full pseudocode for the proposed particle based GA is given in
Algorithm 5.

Because the search space is extremely sparse, a poor initial point would be
likely to generate poor mutations. As a possible solution, I use an enlarged initial
population, as I performed in Chapter 5. For each run, I generate 10n randomly
initialized optimizers and evaluate them on a ConvNet with base=32. The best n
were then taken to be the initial points for each run. I ran the particle-based GA
three times, each with different configurations. With the goal of having each run
evaluate approximately 1,800 optimizers over the course of evolution, I ran the
following three configurations: (1) n =50, k =6,t=6; (2) n="50,k=5,t=T;
and (3) n =50, k =7, t = 5. Although the proposed algorithm allows for massive
parallelization, it was performed sequentially as I only had access to one NVIDIA
4090 GPU during evolution. Each run took approximately six days to complete.

Mutation was performed by selecting an active node randomly, and then

80



Algorithm 5 Particle-Based Genetic Algorithm
1: Input: n (Number of Particles), k& (Number of mutations), ¢t (Number of
timesteps)
2: initial Particles = Optimizerlnitialization(100xn)
3: walidationAccuracies = ConvNet(initial Particles, base = 32)

4: particles = BestParticles(initial Particles,
validationAccuracies, n)

5: for particle in particles do

6: for timestep in t do

7 mutations = | |

8: for j in k do

9: repeat

10 child = Mutation(particle)

11: until child.IntegrityCheck( )

12: mutations.append(child)

13: end for

14: mutationV alidation Accuracies = ConvNet(mutations,

base = 48)
15: particle = BestParticle(mutations,

mutationV alidation Accuracies)
16: end for
17: end for

performing one of six possible mutations. First, the operation was mutated
by randomly sampling the list of remaining available operations. Second, the
argument connection was mutated by randomly sampling the list of remaining
available arguments and hidden state nodes. Third, a unary operation was
changed to a binary operation, or visa-versa. For unary to binary, the extra
connection was sampled randomly from the list of possible connections (either
argument connections or other hidden state nodes); for binary to unary, one of the
connections was randomly dropped. Fourth, which was only available for binary
operations, the argument connections were swapped. Fifth, the momentum type
of the weight update was sampled from the list of remaining types. Lastly, the

decay schedule for one of the connections of an active node was mutated. If a
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decay schedule was not present for the given connection at time of mutation, a
randomly initialized decay schedule was assigned. If a decay schedule was present,
it was either deleted or mutated. If mutated, the computational graph of the
decay schedule was mutated using the operations one through four.

Each mutation was passed through the integrity check, from Section 6.4.2,
to ensure non-degeneracy. If the integrity check failed, mutation was looped
until a child mutation was found that passed the integrity check. All mutated
child optimizers were then evaluated using the surrogate function described in
6.4.3. If the optimizer failed the first early stopping mechanism, mutation was
performed again until a child mutation was found that passed the first early

stopping mechanism.

6.4.6 Optimizer Elimination Protocol

I previously showed the disparity of correlation between selected surrogate func-
tions and larger models for loss functions. Therefore, I devised an optimizer
elimination protocol that progressively eliminated optimizers based upon their
performance on increasingly larger ConvNets, because I are unsure how well the
optimizers trained on a small ConvNet would correlate to larger models. For each
run of the particle-based GA, I took the best 50 optimizers and trained them on
a ConvNet with base 64 (0.375M parameters) for 16,000 steps. The best 24 were
then taken and trained on a ConvNet with base 96 (0.839M parameters) for the
same number of steps. The best 12 were then taken and trained with base 128
(1.487M parameters). Unlike the surrogate function used during evolution, the
optimizer elimination protocol ran each optimizer three times for each ConvNet

size to get an average of the validation accuracy on the CIFAR-10 dataset to use
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Name Momentum Weight Update Equation Decay Functions

Optl None (0.3g + 0.70)+ None
softsign(clip(10~°w,
10w — (0.05¢% + 0.953)))

Opt2 None (0.3g + 0.70)+ i None
softsign( \/1+(10*5w11)(0.:)1)592+0.95§))2 )
Opt3  None (0.3g + 0.70)+ None
softsign( 10w —)
14+(10=5w—(0.01g3+0.99)))2
Opt4 None £, (0.39+0.70) t} = erfe(erfe(ci))

t2clip(2,t3e?)
t? = Ltanh(cir)

t3 = arctan(dd)

Opt5 None %‘Z—é{)@':)@ t; = erfc(erfe(ci))
' t? = Ltanh(cir)
Opt6  None %1—? t} = erfe(erfe(ci))

t? = Ltanh(cir
t? = Ltanh(ci)

Opt7 None tanh (¢} arcsinh(0.3g + 0.70)) t} = max(cci, lir)
Opt8 None arcsinh (¢} arcsinh(0.3g + 0.70)) t! = max(cci, lir)
Opt9 Nesterov — t!gearctan(0.059°+0.955) t! = erfc(ed)
Optl0 Nesterov bessel; . (bessel;1.(t1g)) th =ddx*li

Table 6.8: Final 10 optimizers found after evolution. The momentum type, weight
update equation, and decay functions used by each optimizer are listed. I refer to
each optimizer in the paper by the associated name.

for comparison.

Finally, after performing optimizer elimination, the best six from each run
were taken and trained on EfficientNetV2Small (20.3M parameters) using their
proposed progressive RandAug regularization (Cubuk et al., 2020) for 64,000 steps.
This was performed to ensure the best optimizers performed well on large-scale
deep learning models. From the final 18 optimizers (best six from each of the

three runs), the best six were hand selected based on their validation accuracy
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and uniqueness. To ensure that the search space for each final optimizer had
been completely exhausted, the final six optimizers from the proposed optimizer
rejection protocol were taken to be used as initial particles in the proposed GA.
Each particle ran for £ = 12, t = 3, and with base = 64. In addition, each
child mutation was trained on the ConvNet three times to obtain a mean of the
validation accuracy. This was performed to reduce the noise of training stochastic
neural networks. The final best 24 optimizers from the six runs were evaluated on
EfficientNEtV2Small. The best 10 optimizers from all optimizers evaluated on

EfficientNetV2Small were then taken to be the final reported optimizers.

6.4.7 Adam Variants

[ performed two supplementary experiments with the goal of (1) obtaining variants
of the Adam optimizer and (2) variants of learning rate schedules for Adam. For
the first experiment, I hand programmed the Adam optimizer into the search
space and ran the proposed GA using Adam as the initial particle. It ran using
k = 16, t = 3, and base 48. I allowed all components to be mutated. For the
second experiment, I used the Adam optimizer again as the initial particle to
the proposed GA, except this time only the decay schedules were allowed to be
mutated for each connection, not the weight update equation. It ran using k = 12,

=4, and base 48.
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6.5 Results

6.5.1 Final Optimizers

The final 10 optimizers discovered after optimizer elimination are listed in Table
6.8. There appear to be three families of optimizers present in the final results,
with two outsiders. All optimizers, except the two outsiders (Opt9 and Opt10),
used the quasi-hyperbolic momentum (Ma and Yarats, 2018) update equation
(0.3g + 0.70), showcasing the importance of a linear combination between the
gradient and its exponential moving average. The first family of optimizers (Opt1,
Opt2, and Opt3) took the form (0.3¢g +0.70) + softsign(z), where x was dependent
upon the optimizer. This family heavily relied upon a weight decay of 105w
inside the softsign operation. The second family of optimizers (Opt4, Opt5, and
Opt6), took the form (¢£(0.3g + 0.79))/(t?x) where z was dependent upon the
optimizer. This family heavily relied upon decay functions, with the majority
directly affecting the learning rate schedule. The last family of optimizers (Opt7
and Opt8) are exactly the same, except for Opt8 trading the outside tanh(x)
function of Opt7 for arcsinh(z). Lastly, the two outsiders (Opt9 and Opt10) seem
to be descendants from two non-included families of optimizers; however, they
are the only two final optimizers to incorporate a momentum type. Seven of the
final ten optimizers contain decay functions, with four of them directly effecting

the learning rate schedule.

6.5.2 Supplementary Experiments

The final best five optimizers found from the first supplementary experiment for

finding variants of Adam are shown in Table 6.9. As one can see, the evolution
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swapped the division operator between v and § in favor of the clip operator, as

well as replacing the square root operator for § with some other function. From

the second supplementary experiment on finding learning rate schedules for Adam,

I took the best schedules found, along with the best learning rate schedules found

during the standard evolution, to report in Table 6.10. Note that each learning

rate schedule present is multiplied by lr.4, the cosine learning rate decay schedule

with linear warmup mentioned in Section 6.4.4. See Appendix 6.8 for the plots of

the discovered learning rate schedules and internal decay functions.

Adam Variants

A o)V

Al clip(d,V3)
A2 clip(v, |In(8)])
A3 clip(v,

A4 clip(v, sigmoid(8))

A5 norm(clip(v, v/3))

Table 6.9: The best five Adam variants found during the first supplementary
experiment. Note that all optimizers listed here did not use a momentum type.

Learning Rate Schedules

LR1

LR2

LR3

LR4
LR5

erfc(erfe(ci))
%tanh(cir) LR6
erfc(erfe(ci))
%tanh(ez’r)*%tanh(ci) LR7
arctan(li) LRS
% tanh(lri)* \/% softsign(di))
sigmoid(l)? LR9

sigmloid(Q*softsign(ld))

erf(ed)

arctan(li)*erfc(cct)
%softsign(cci)
I S
d—dzsoftsign(lir)
1
\/softsign(arctan(ei))

tanh(max(cci, lri))

Table 6.10: The best nine learning rate schedules found from standard evolution
and the supplementary experiment on finding learning rate schedules for Adam.
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6.6 Transferability Experiments

To assess generalization, all found optimizers, Adam variants, and learning rate
schedules (trained on Adam) were transferred to various image classification tasks.
Each were trained on CIFAR-10 and CIFAR-100 from scratch using EffNetV2Small
with progressive RandAug regularization strategy. Each were also trained on
TinylmageNet (Tiny) using a custom ResNet9 (6.5M parameters). For further
study on fine-tuning scenarios, each were trained for fine-tuning EffNetV2Small
using its official ImageNet1K weights on Flowers102, Cars196, and Caltech101.
For comparison, the results for Adam, RMSProp, SGD, and Nesterov momentum
are recorded as well for each experiment. In addition, as a baseline comparison
to Bello et al. (2017a), I have included their best two discovered optimizers,
PowerSign-1d (linear decay) and AddSign-1d (linear decay). Lastly, because many
of the discovered optimizers heavily utilize the quasi-hyperbolic momentum term, I
also include the original QHM (Ma and Yarats, 2018) optimizer for comparison. To
assess how much the decay functions influence the quality of the found optimizers
containing them, each were re-run without them. Opt4d was retrained twice,
once without using ¢! and t? (Opt4;); and a second time without using any
t; (Optdsy). Opt6, Opt7, Opt8, Opt9, and Optl0 were all retrained without
using any t; (Opt6;, Opt7y, Opt8;, Opt9;, Optl0;). See Section 6.9 for exact
implementation and training details for each experiment. The results for all
image recognition experiments are recorded in Table 6.11. In addition to image
recognition, a supplementary experiment was performed where the final optimizers
were evaluated on language modeling for the PTB (Marcus et al., 1993) dataset.

Those results are discussed in Section 6.10.
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6.7 Results and Discussion

OPTIMIZER CIFAR-10 CIFAR-100 FLOWERS CARS CALTECH TINY

ADAM 95.69+0.15 77.2440.33 97.36+0.14 91.30+0.16 91.41+0.11 47.43+0.82
RMSPRroP 95.55+0.05 77.62+0.23 97.4440.21 90.68+0.16 91.5340.34 46.934+0.38
SGD 95.04+0.19 77.341+0.30 97.48+0.07 91.39+0.21 92.761+0.44 44.60£0.27

NESTEROV 95.2140.22 77.784+0.24 97.73£0.18  91.2940.17 91.5240.28 48.38+0.44

POWERSIGN  95.51£0.25 78.01£0.26 97.61£0.18  90.39+0.24 92.23+0.19  47.84+0.27

ADDSIGN 95.2740.14 78.15+0.15 97.524+0.17 90.5240.16 91.87+0.25 48.15+0.18
QHM 95.0040.10 77.45£0.18 97.66+0.19 91.31+0.16 92.10+£0.25 47.49+0.20
OrpTl 95.5840.19 78.5540.18 97.4540.09 91.47+£0.28 92.224+0.10  47.46+0.41
OprT2 95.4840.20 78.8740.31 97.361+0.11 91.54+0.09  92.16%0.29 47.56+0.40
OpT3 95.47£0.27 78.95+0.29 97.76%0.12 91.54+0.20 92.15+0.29 47.83+0.73
Orr4 95.95+0.06 79.31+0.15 97.24+£0.12 89.36+0.36 92.23£0.25  47.96£0.81
- OpT4, 95.21£0.17 77.45£0.27 97.35+0.09 91.40+£0.21  92.06+0.10 45.88+0.56
- Orr42 95.484+0.12 77.4240.37 97.4540.09 90.331+0.22 92.1040.20 45.13+0.92
OprT5 96.02+£0.19 79.05+0.37 97.234£0.21 89.08+0.10 92.184+0.23 47.80+1.02
OpT6 96.16+0.16  79.46+0.36  97.27£0.17 89.06+0.23 91.7140.32 48.5140.42
- OrT6, 94.984+0.15 77.554+0.12 97.51£0.15 88.87+0.17 92.174+0.45 48.20£0.53
OpT7 95.8240.07 79.44+0.21  97.254+0.12 89.3240.19 91.65%0.15 47.92+0.54
- OprrTy 94.9940.09 77.4540.26 97.37+0.11 88.9440.21 92.1840.28 48.23+0.50
OpT8 95.74£0.09 79.23+£0.29  97.26+0.15 89.46+0.17 91.98+0.25 47.96+0.19
- OrT8; 95.0240.20 77.4740.41 97.59+0.09  89.07£0.10 92.08+0.22 47.91+0.36
OpT9 95.8540.19 79.06+£0.49  97.54%+0.15 90.57£0.21 91.084+0.35 46.64+1.64
- OpPT19; 95.6440.18 77.514£0.23 97.514+0.13 90.9240.07 91.4240.32 47.44+0.66
OpT10 96.04+0.13  79.80+0.27 97.11+£0.16 89.20+0.19 91.974+0.29 47.60+0.41
- OpT101 95.5140.18 78.1240.11 97.324+0.13 90.5840.10 91.9940.16 48.8240.48
LR1 95.994+0.15  77.6440.20 97.31+0.14 90.53+0.10 91.36+0.49 43.23+0.29
LR2 96.13+0.10  78.10£0.17 97.18+0.24 90.2540.30 91.21£0.43 43.31+0.19
LR3 96.23+0.07  78.4840.07 97.2940.23 90.56+0.04 91.20+0.34 41.89+0.27
LR4 95.57£0.06 77.15£0.15 97.53+0.24 90.45+0.26 90.90+0.24 44.80+0.32
LR5 95.97+0.13  78.5540.45 96.7240.20 91.4740.09 88.9940.19 47.04+£0.65
LR6 94.5740.11 74.4240.29 97.41£0.16 89.63+0.36 91.76+0.16 39.8140.76
LR7 95.6340.12 77.314£0.40 97.234+0.20 91.7940.21 89.931+0.14 46.84+0.38
LRS 95.284+0.15 76.6440.23 97.2140.08 91.744+0.11 89.47+0.35 48.2040.32
LR9 95.76£0.05 77.69£0.36 97.61£0.20 90.61+£0.17 91.39£0.35 43.27+0.45
Al 95.26+0.16 77.5040.22 97.66+£0.13 91.36+0.15 92.20+0.28  47.924+0.45
A2 95.17£0.16 77.60£0.35 97.1940.18 91.2240.20 92.21+0.12  48.12£0.40
A3 95.0440.23 77.0440.29 97.5010.09 91.2940.06 92.20+0.16  47.6540.22
A4 95.0440.19 77.2940.27 97.50£0.18 91.30+0.13 92.214+0.13  48.154+0.43
A5 94.9540.38 77.554+0.23 97.65+0.21 91.60+0.14  91.92+0.18 48.40£0.50

Table 6.11: Results for all optimizers and learning rate schedules for CIFAR-10,
CIFAR-100, Flowers102 (Flowers), Cars196 (Cars), Caltech101 (Caltech), and
TinylmageNet (Tiny). The mean and standard deviation of the test accuracy
across 5 independent runs are reported. Red indicates Top 3 performance, while
bold indicates Top 8 performance.

From Table 6.11, one can see that many optimizers, learning rate schedules,

and Adam variants were able to outperform Adam and the other standard deep
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learning optimizers across the image recognition datasets. The results can be
broken down into two sections: those trained from scratch (CIFAR and Tiny) and
those fine-tuned (Flowers, Cars, and Caltech). When training from scratch on
CIFAR and Tiny, Opt4, Opt5, Opt6, Opt7, Opt8, and Opt10 performed relatively
well compared to the baseline deep learning optimizers. However, Opt6 elevated
itself above the rest by always being in the Top 3. Opt6; is the quasi-hyperbolic
momentum update equation (0.3g+0.70) scaled by exponential of the weight decay
exp(10~*w). For small weight values, the exponential weight decay approaches
one, making Opt6 equivalent to standard quasi-hyperbolic momentum. However,
Opt6 simultaneously learned decay functions. These decay functions can be
factored out along side the learning rate, giving rise to LR2. The success of Opt6
is heavily dependent upon the inherently learned LR2 schedule, as Opt6, always
under-performed Opt6 when training from scratch. Opt10;, always out-performed
Nesterov’s momentum when training from scratch. Appendix 6.8 discusses the
effect of the scaling on the gradients for Nesterov. I empirically noticed that
Opt10; liked large learning rates around 10. I believe that the double scaling
of the gradients clips larger gradient values, allowing for larger learning rates
to scale gradients near zero to have more of an effect, which empirically seems
beneficial. When fine-tuning using transfer learning, there appears to be a flip
in performance between the optimizers, as Optl, Opt3, Al, and A5 achieved
Top 3 atleast once across Flowers, Cars, and Caltech. Optl, Opt2, and Opt3 can
be seen as extensions of QHM as they are detailed by QHM+x, where x, was
dependent upon the optimizer. Although the results for Opt1-Opt3 are similar to
QHM for fine-tuning, the results from CIFAR reveal that the additional terms
are beneficiary as Opt1-Opt3 all outperformed QHM. Appendix 6.8 discusses the

effect of each learned term to the weight update equation. For the Adam variants,
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the majority of their success occurs when fine-tuning, as all achieved Top 8 once
across the three datasets. Not regarding CIFAR-10, A1 and A5 outperformed
Adam across all other datasets, giving empirical evidence to the swapping of the
division operator with the clip, along with adding a normalization operator for

Ab.

6.8 Analysis of the Final Optimizers

In this section, more investigation is performed into the analysis of the final
discovered decay functions, learning rate schedules, and adaptations of the QHM

optimizer.

6.8.1 Observing the Final Learning Rate Schedules and

Internal Decay Functions

The base learning rate schedule applied to all experiments was one cycle cosine
decay with linear warmup. The learning rate is linearly warmed up to its peak,
being held for a number of iterations, before being decayed using cosine decay
back down to zero. All evolved optimizers learn to adapt this schedule through
the use of distributive decay functions. For visualization, Figure 6.3, Figure 6.4,
and Figure 6.5 plot the discovered learning rates over time normalized between
0 and 1 to allow for comparison. The actual scaled differ quite drastically. In
each, the one cycle cosine decay with linear warm-up base schedule is plotted in
dashed lines for comparison. From the figure, there appear to be two families of
learning rates (Figure 6.3 and Figure 6.4), along with two outsider learning rates

(Figure 6.5). Figure 6.6 plots the three internal decay functions used by the final

90



optimizers, Opt4, Opt7/8, and Op10.
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Figure 6.3: Learning Rate Family 1

6.8.2 Observing the Final Decay Function

To assess how the three internal decay functions affect the weight update over
time, in conjunction with the respective learned learning rate, eight time slices
were plotted for the output distribution of the weight update. A one cycle learning
rate totalling to 96,000 steps, with the first 6,400 being used for warm up and then
being held for the next 12,800 before being cosine decayed, was used for obtaining
the time slices. The eight time slices were recorded, at iterations 1K, 10K, 25K,
45K, 65K, 75K, 85K, and 93 or 95K. For example, for the internal decay function
t3 in Opt4, given an input of z = €? ranging from 0 to 20, the output of clip(2, £3z)
times the learned learning rate of ¢} /t? is plotted in Figure 6.7. As one can see,
this conjunction warms up to clipping 2 before being decayed over time, eventually

clipping 2 to zero. Although it may seem that this learned internal decay function
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Figure 6.4: Learning Rate Family 2

inside the clip operator with conjunction of the learned learning rate decreases
the weight update value, it actually increases the weight update as it is used as
the divisor of (0.3g + 0.70), where smaller values yield larger quotients. Unlike
Figure 6.7, Figure 6.8 and 6.9 give the raw weight update values for optimizers
7 and 10. Figures 6.8 and 6.9 are extremely similar as they perform symmetric
squashing functions on their respective inputs, greatly limiting the magnitude of
the output. Scaling of the output is achieved by changing the maximum learning

rate.

6.8.3 Observing the Adaption of QHM

Optimizers Optl, Opt2 and Opt3 can be seen as extensions of QHM, QHM +
softsign(x), where x is dependent upon the optimizer. In an aid to assess how
each softsign(z) effects the weight update equation for their various variable

inputs, Figure 6.10, 6.11, 6.12 gives the 3D plots for Optl, Opt2, and Opt3. For
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Figure 6.5: Outsider Learning Rates

example, the two primary inputs to softsign(x) for Opt3 are the weights w and

the exponential moving average of the cubed gradients 0.01¢> + 0.99\. With these
serving as the x and y axis, the output of

1 —5
softsign( v —))
V14 (107w — (0.01g% + 0.994))?

from Opt3 can be seen in Figure 6.12. As one can see, the term only influences
the weight update equation when the exponential moving average of the cubed
gradients is centered around zero, where the sign and magnitude of w directly
control the sign and magnitude of the update. Because the weight update equations
for Opt4/5, Opt6, and Opt7 can be easily represented by two variable inputs,

their 3D weight update equation with respect to their variable inputs is plotted

in Figure 6.13, 6.14, and 6.15.
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Figure 6.6: Evolved Internal Decay Functions
6.9 Experimental Implementations and Details

Six primary datasets were used in this work, CIFAR-10, CIFAR-100, Stanford-
CARS196, Oxford-Flowers102, Caltech101, and Tiny. For each experiment, all
optimizers and Adam-based learning rate schedules performed a learning rate
test by selecting the best learning rate, from 10, 1, 0.1, 0.01, 0.001, 0.0001,
and 0.00001, after a 1/3 of the training epochs (for Adam-based learning rate
schedules, the learning rate test was performed for 2/3 of the training epochs).
For CIFAR-10 and CIFAR-100, all optimizers were trained for 96,000 steps with
a batch size of 64 on EffNetV2Small. Progressive RandAug regularization was
used for image augmentation. For TinyImageNet, all optimizers were trained
for 300,000 steps with a batch size of 256 on ResNet9 (6.5M parameters). For
image augmentation, the images were resized using bicubic interpolation to 72x72,
before a random 64x64 crop was applied, followed by random translation and

horizontal flipping. For CIFAR-10, CIFAR-100, and TinylmageNet, the learning
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Figure 6.7: Opt4 Internal Decay

rate was linearly warmed up for 6,400 steps, being held for 12,800 steps at its
maximum value, before being decayed with cosine annealing. For fine-tuning, the
published ImageNet1K weights for Eff NetV2Small were used as the initial weights
before being fine-tuned for 10,000 steps on Flowers102, Cars196, and Caltech101
with a batch size of 64. For regularization, dropout of 0.5 was placed before
the softmax layer, while RandAug regularization of magnitude 15 was used for
image augmentation. For fine-tuning, all images were resized to 224x224. Due
to the limited number of weight updates, the learning rate test was altered to
fine-tune the learning rate. Specifically, the best found learning rate using the
procedure described earlier was tested after being halved and multiplied by five.
For example, a best found learning rate of 0.01 is tested at 0.05 and 0.005, where
the final learning rate is chosen from this final set. All code was implemented in

Tensorflow (Abadi et al., 2015), although the PTB experiments were performed
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Figure 6.8: Opt7 Weight Update

in Pytorch (Paszke et al., 2019).

6.10 Supplementary PTB Experiments

To assess generalization across deep learning domains, the final optimizers and
learning rate schedules were transferred to language modeling on the PTB dataset.
A three layer AWD-LSTM (Merity et al., 2017) with 1150 hidden units (24M
parameters), softmax weight tying, variational dropout, embedding dropout,
gradient norm clipping, truncated back propagation, and Ly weight decay, was
trained for 99,600 steps. The best validation perplexity for each optimizer is
reported, where lower is better. The results are recorded in Table 6.12. From
Table 6.12, three key points can be discussed. First, the best optimizer is arguably

tied between Nesterov’s momentum and Opt10;, Opt10 without a decay function.
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Figure 6.9: Opt10 Weight Update

Opt10; can be seen as an extension of Nesterov’s momentum with weight gradient
scaling. In addition, Opt10; greatly outperformed Opt10, possibly showcasing
how the learned decay function is specifically designed for image recognition as
Opt10 outperformed Opt10; on CIFAR. Second, all the discovered Adam variants
outperform Adam for language modeling. Due to the clipping nature of the
Adam variants, the absolute magnitude of the exponential moving average of
the gradients is inherently reduced during the weight update, which prevents a
moving average of exploding gradients from affecting the quality of the model, a
common problem with LSTMs (Zhang et al., 2019). However, LR5, LR6, and LR7
were able to push standard Adam past all the Adam variants without the need
of clipping. Third, despite Optl, Opt2, and Opt3 being extensions of QHM, all

outperformed QHM, indicating the importance the respective additional terms.
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Figure 6.10: softsign(clip(10~°w, 107w — (0.05¢* 4 0.953)))
6.11 Conclusions

In this chapter, I expanded on previous research in NOS by proposing a new
search space containing the most up-to-date research from deep learning optimizers.
This new search space allows for the simultaneous optimization of the weight
update equation, internal decay functions, and adaptation of the learning rate
schedule. I searched the space using the proposed particle-based GA that is able
to be massively parallelized. I save computational resources by incorporating
an integrity check to get rid of degenerate optimizers with the initialization and
mutation operator in order to make intelligent mutational choices. In addition, I
perform two supplementary experiments to obtain Adam variants and new learning

rate schedules for Adam. After transferring the final optimizers, I found five
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Figure 6.11: softsign( 10w )

V/1+(10=5w—(0.0592+0.955))2

new optimizers and two Adam variants, that consistently outperformed standard
deep learning optimizers when training from scratch and fine-tuning on image
classification tasks: Optl, Opt3, Opt4, Opt6, Opt10, A1, and A5. My code can

be found here: https://github.com/0UStudent/NeuralOptimizerSearch.
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Figure 6.15: tanh(arcsinh(0.3g + 0.79))
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OPTIMIZER PTB

ApAM 68.56+£0.13
RMSPRroP 67.47+0.20
SGD 68.07£0.33
NESTEROV 65.331+0.22
POWERSIGN 71.64+0.20
ADDSIGN 70.72+0.17
QHM 69.2240.15
OrpTl 67.74+0.10
OrT2 67.62+0.18
orT3 67.62+0.15
OrT4 69.81+£0.21
- OrT41 67.451+0.12
- OrT4s 68.99+0.10
OprTH 71.56+0.15
OrT6 70.27+0.13
- OrT6, 69.25+0.22
orT7 70.474+0.14
- OPTT; 69.29+0.24
OrT8 72.514£0.17
- OpPT8; 69.11+£0.19
OorT9 68.73£0.19
- OpPT91 70.69+0.23
OprT10 71.99+0.15
- OpT104 65.34+0.15
LR1 73.19+0.26
LR2 72.14+0.31
LR3 71.82+0.33
LR4 73.31£0.32
LR5 67.87+£0.07
LR6 67.84+0.11
LR7 68.01£0.15
LRS 73.20£0.12
LR9 72.57+0.20
Al 68.26+0.20
A2 68.22+0.12
A3 68.28+0.12
A4 68.22+0.14
A5 68.41£0.21

Table 6.12: Results for all optimizers and learning rate schedules for PTB. The
mean and standard deviation of the best validation perplexity is reported (lower is
better) across 5 independent runs are reported. Red indicates Top 3 performance,
while bold indicates Top 8 performance.
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Chapter 7

Neural Learning Rate Search

7.1 Overview

The learning rate for a deep learning optimizer controls the magnitude of the step
size to take into the direction of the gradient. Too small of a magnitude and the
model either takes much longer to converge, or never reaches the same solution
space, as a larger learning rate. Too large of a magnitude and the weights of the
model could diverge by either jumping out of an optimal solution space or lead to
infinity weights.

To combat both of these issues, learning rate schedules have been devised to
change the learning rate throughout the training strategy. Typical learning rate
schedules warm-up the learning rate from zero to its maximum, being held for a
number of epochs, before finally decaying back down to zero. This allows for the
early parts of learning to take larger steps, while decaying the step size for better
convergence towards the end of training.

Fine-tuning is a popular technique in transfer learning where a larger model

trained on a harder problem is transferred to a smaller problem (Kornblith et al.,
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2019). Typically, these models are not trained for a full training schedule on the
smaller problem, but a reduced number of epochs in order to save computational
resources. Being able to achieve sufficient performance in a limited number of

epochs can be partially responsible to the learning rate schedule.

7.2 Specific Related Work

The learning rate of a deep learning optimizer has long been known as a key
factor in the final quality of a deep learning model (Bottou, 1998; Lecun et al.,
1998). Success in terms of improved model quality from introducing a learning
rate schedule can be seen in early works, such as LeNet (Lecun et al., 1998). These
early learning rate schedules were piece-wise functions that often times halved the
learning rate at fixed epoch locations (He et al., 2016; Zagoruyko and Komodakis,
2016). In doing so, the lower learning rate towards the end of the training schedule
would allow for better convergence to the final solution. Much research has gone
into creating new deep learning optimizers or SGD variants to reduce the need of
learning rate tuning (Kingma and Ba, 2014; Zeiler, 2012; Tieleman et al., 2012;
Schaul et al., 2013; Martens, 2010). Most notably, the Adam optimizer (Kingma
and Ba, 2014) was proposed as an adaptive deep learning optimizer with the
ability to adaptively change the learning rate for each individual parameter of the
model up to the maximum set learning rate as a means to increase performance
and reduce the necessity of learning rate tuning. However, performance can still
be increased with scheduled learning rates.

Despite intuitional belief that large initial learning rates would improve perfor-
mance, success has been found in warming up learning rates. The learning rate

starts from zero and is warmed up to its maximum value before being decayed
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(Vaswani et al., 2017; Li et al., 2019). Learning rate warm up schemes were
introduced as heuristics for adaptive deep learning optimizers, such as Adam and
RMSProp, to reduce the variance of their batch statistics (Liu et al., 2019).

Smith has contributed much to the conversation on learning rate schedules
(Smith, 2017, 2018b; Smith and Topin, 2019). Smith (2017) showed that the
learning rate can be cycled between a minimum and maximum bound during
training, either with or without a piece-wise or exponentially decreasing value, for
faster convergence. Smith and Topin (2019) also showed faster convergence can
be achieved using only one cycle for cyclic learning rates schedules. In this one
cycle cyclic learning rate schedule, the learning rate exhibits curriculum learning
until it reaches its peak, before being decayed, exhibiting simulated annealing
(Smith and Topin, 2019).

From the inspiration of restart techniques in gradient free optimization,
Loshchilov and Hutter (2016) proposed a simple warm restart technique for
SGD. In this proposal, the learning rate is decreased using cosine annealing
multiple times throughout training (i.e. restarts).

Transfer learning is a popular technique in computer vision where a model
trained on a larger and harder dataset is transferred over for fine-tuning on a
smaller and easier dataset for improved performance (Kornblith et al., 2019; Tan
and Le, 2019, 2021). It is standard to take the final ImageNet trained model and
fine-tune on these smaller datasets. The primary of objective of fine-tuning in
these scenarios is to achieve acceptable performance with a limited computational
budget, not requiring a full training strategy from scratch.

From the success neural architecture search (Zoph et al., 2018), other compo-
nents of neural networks have been explored. In the context of this work, both

Bello et al. (2017a) and I searched for deep learning optimizers along with internal
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decay functions. These internal decay functions can be factored out alongside
with the learning rate, giving rise to new learning rate schedules. In this work, I
expand upon both Bello et al. (2017a) and my previous work on optimizers by
solely focusing on searching for learning rate schedules. Although the learning rate
schedules found by me, previously, were shown to be superior to one cycle cosine
for the Adam optimizer, the scaling of the final found learning rates were very
different, with many learning to either increase or decrease the maximum learning
rate. This inherently biases learning rate schedules to particular datasets and
architectures. In the hopes of finding maximum learning rate agnostic learning
rates schedules, I eliminate this bias in the work for accurate comparison by always

re-scaling all learning rates between zero and the maximum set learning rate.

7.3 Contribution

My previous work on neural optimizer search was not primarily focused on finding
learning rate schedules. In this work, I expand upon my previous work by solely
focusing on neural learning rate search, not only when training from scratch, but
also fine-tuning. I perform a mutation-only, particle-based genetic algorithm for
massive parallelization to search the proposed search space. For schedules when
training from scratch (96,000 weight updates), I search for candidate learning
rate schedules on CIFAR-10 using ResNet18v2. The best were then transferred to
ResNet52v2 and WideResNet (He et al., 2016; Zagoruyko and Komodakis, 2016) for
CIFAR-10 and CIFAR-100 (Krizhevsky and Hinton, 2009), and EfficientNetV2B0
(Tan and Le, 2021) for TinylmageNet (Le and Yang, 2015). For schedules when
fine-tuning (10,000 weight updates), I search for candidate learning rate schedules

using an aggregated fitness on Cars, Caltech, and Flowers using EfficientNetV2B0.
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The best were then transferred to Cars, Caltech, Flowers, Dogs, and Pets (Krause
et al., 2013; Fei-Fei et al., 2004; Nilsback and Zisserman, 2008; Khosla et al., 2011;
Parkhi et al., 2012) using EfficientNetV2Small.

In the end, I found multiple learning rate schedules across both environments
that outperformed standard, and previously found, learning rate schedules in

terms of aggregated fitness, and mean and median rank across the tasks.

7.4 Methodology

7.4.1 Search Space

My previously designed search space for learning rate schedules in Chapter 6
had its limitations. Namely, each learning rate schedule was created by relying
on the joint multiplication (or division) of decay schedules (needing to jointly
optimize multiple graphs simultaneously); limited computational graph sizes for
each decay schedule (only two node computational graphs); and, limited number
of decay schedule operands (included only basic schedules). I expand upon these

limitations in the work.

Unary Operations Binary Operations
stePinc, o(x) C%U(x) 1 + T2 T1 * T
StePincg softsign(z) %softsign(m) T — T2 z1/(z2 +€)
stePinc, erf(x) erfc(z) z1/4/1+ 22 max(z1,T2)
StePincs tanh(z) arctanh(z) min(z1,x2) cato.o5(z1, z2)
Stepdec2 besselile(;t) \/E Cat0,25(:61, $2) Cato‘50(1‘17 1‘2)
StepinC3 x 22 Cat0,75($1,a€2) Cato‘gs(.rl,l‘z)
stePgec, stePgecy reverse(x)

Table 7.1: The proposed set of unary and binary operations.

For the adaptation of the my previous search space, a computational graph is

used to represent a candidate learning rate. Each computational graph consists
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Figure 7.1: (Top Left) Decreasing decay functions. (Top Right) Increasing decay
functions. (Bottom Left) Decreasing decay functions with two restarts. (Bottom
Right) Example of step wise decay (two steps) for both linear and cosine decay; and,
example of the concatenation binary operator (catgs(x1,22)) between exponential
and cosine decay.

of three integral parts. (1) Base learning rate schedules, which perform a basic
learning rate schedule that can be used as an input connections for later in
the graph. (2) Free-floating nodes (four in total), termed hidden state nodes,
that accept an input connection (or another hidden state node) as an argument,
perform an operation (either unary or binary), and output its result to be used by
other hidden state nodes. (3) A final hidden state node, termed the output node,
which is used as the final operation before the learning rate schedule is produced.
The final output node is a multiplication between an output from a selected
hidden state node and a scheduled decay function. Because the output node only
selects the output from one hidden state node, there remains a probability that

some of the nodes in the graph become unused. This mechanism allows for the
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Figure 7.2: (Top Left) Standard learning rate schedules. (Rest) Best 10 found
learning rate schedules for training from scratch.
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Figure 7.3: (Top Left) Standard learning rate schedules. (Rest) Best 10 found
learning rate schedules for fine-tuning.

learning rate schedule to grow or shrink in complexity through the utilization of

more or lesser nodes. An input connection to a node can either be the output
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from another node or base learning rate schedule.

There exist five base decay functions: linear, cosine, exponential, triangle, and
demon (Chen et al., 2022a). The base learning rate schedules are an adaption
of a decay function through the following two choices. First, the decay function
is either increasing or decreasing. Second, the function either has 0, 1, 2, or 3
restarts. With these options, numerous base learning rate schedules can be formed
prior to even being used inside the graph. The final scheduled decay function is
a standard learning rate schedule for a particular decay function. Meaning, it
includes a typical warmup, hold, and decay period. Figure 7.2 (Top Left) depicts
the four possible types of scheduled decay functions. For each candidate learning
rate schedule, one of these scheduled decay functions was chosen to be multiplied
by the input connection of the output node. More information can be found in
Section 7.6.

Each hidden state node performs either a unary or binary operation. In the
proposed search space, there exist 22 possible unary and 13 possible binary opera-
tions. The 22 proposed unary operations are listed in Table 7.1, where bessel;;.
is the Bessel function of degree 1; ¢ is sigmoid activation; softsign is softsign

activation; softplus is softplus activation; erf is the Gauss error function; erfc is the

. d

; 7- refers to the derivative of the respective function;

complementary error function
stepy,, refers to a step wise increase with i steps; stepg,,, refers to a step wise
decrease with i steps; and reverse simply reverses (horizontally flips) the learning
rate. The unary operations were adapted from my previous work, including only
operations whose output are between zero and one, while also introducing three
more types of operands: stepy,,, stepge.,, and reverse. The 13 proposed binary

operations are listed Table 7.1, where cat;(z1, z9) is a concatenation of the first

i% of z1 and the last (1 — )% of z5. Figure 7.1 depicts both decreasing and
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increasing decay functions, and the restart, step wise decay (halves at every step),
and concatenation operator.

Figure 7.4 depicts the representation for one of the final found fine-tuned
learning rate schedules (F}) in the search space. The two bottom rectangles refer
to the base learning rate schedules that are used as operands to the hidden state
nodes (blue nodes). The output node is shown in white. The gray rectangle refers
to the final scheduled decay function that is multiplied to the argument of the
output node to produce the final candidate learning rate schedule. Note, unused

nodes in the graph are not depicted for brevity.

7.4.2 Genetic Algorithm

To search the proposed search space, I rely upon evolutionary computation due
to its success in similar scenarios. Although regularized evolution has shown
great success in searching for components of neural networks, especially on the
original NASNet search space (Real et al., 2019), T decided to use a mutation-only,
particle-based genetic algorithm due its simplicity and success in the preliminary
runs. The simplicity of a mutation only algorithm allows for incremental local
steps towards a local optimal solution.

Mutation in the proposed computational graph was performed by either
randomly sampling from the remaining scheduled decay functions for the output
node, or mutating one of the hidden state nodes (including output node). If a
node was to be mutated, it was performed by either randomly sampling operations
(either unary or binary), randomly sampling input connections from other nodes
or base learning rate schedules, or changing an already existing base learning rate

schedule. If a base learning rate schedules was to be mutated, it was performed by
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Ir = cdscheduled * [cd_inc_1, + stepinc, (tri_inc_3,)]

Cdscheduled

cd_inc_1, tri_inc_3,

Figure 7.4: Exact implementation of F; learning rate schedule in the proposed
computational graph.

either swapping from increasing to decreasing (or visa versa), randomly sampling
from the remaining decay functions, or randomly sampling number of restarts.
Although the proposed search space allows for more diverse learning rate
schedules, I found that mutation proved difficult for phenotype (actual learning
rate schedule) exploration following standard mutation techniques in current

NASNet derivative search spaces. Although the genotype (computational graph
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Figure 7.5: Phenotype depiction of S; along with two possible mutations, a local
and global.

representation) of a schedule could be easily mutated through the procedure
described above, the resulting phenotype can be extremely different. Figure 7.5
shows an example of S; along with two possible mutations. The first, called local
mutation, simply swaps the scheduled cosine decay of S; with scheduled linear
decay, allowing for a very similar, but different, learning rate schedule. The second
on the other hand, called global mutation, yields a much different learning rate
schedule than S7, but only simply swaps the scheduled cosine decay with scheduled
exponential decay. One simple switch of the scheduled decay inside the genotype
of the learning rate equation and the phenotype of the learning rate schedule
becomes drastically different. I believe this is sub-optimal behavior as mutations

should be performed in localized fashions, equating to incremental steps towards a
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local optima. To handle this problem, I propose a phenotypical mutation system
that only accepted mutations whose phenotype change was within a certain range
of difference from the original. Specifically, I mutate each particle a total of 1,000
times, choosing only the closest k (using Euclidean distance - ignoring repeats)

for evaluation.

7.4.3 Surrogate Function

Unlike neural architecture search, automated methods or heuristics cannot be
applied to estimating the performance of a learning rate schedule due to its
direct impact of training during all phases of training. As a result, all candidate
learning rate schedules must be fully evaluated. Following tradition, all candidate
learning rate schedules when training from scratch were evaluated on CIFAR-10
before being transferred to other datasets. For fine-tuning, no recognized dataset
or protocol currently exists. I propose to evaluate all candidate learning rate
schedules, when fine-tuning, on Cars, Caltech, and Flowers by aggregating their
results in the hopes of finding dataset independent learning rate schedules. This
was performed as preliminary results showed learning rates schedules became
highly sensitive to specific datasets when fine-tuning.

To ensure ample exploration of the search space, I sampled 400 learning rate
schedules, selecting the best n = 8 to be used as the initial particles. Each
particle was ran with & = 12 mutations for ¢ = 3 time-steps. When searching
for training from scratch, all candidate learning rate schedules were trained
using an ResNet18v2 (5.5M parameters), RandAug (Cubuk et al., 2020) image
augmentation (n = 2, m = 10), Stochastic Depth (Huang et al., 2016) of 0.10,

dropout of 0.5, Adam optimizer, maximum learning rate of le-3, and batch
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size of 128 for 96,000 weight updates. The Adam optimizer was used due its
inherent in-variance for tuning a maximum learning rate, unlike for SGD. When
searching for fine-tuning, all candidate learning rate schedules were trained using
EfficientNetV2B0, dropout of 0.5, RandAug image augmentation (n = 2, m = 10),
SGD optimizer with momentum of 0.9, and batch size of 128 for 10,000 weight
updates. The maximum learning rate for SGD was chosen by running each

schedule on three possible maximum learning rates (0.1, 0.05, and 0.01) for each

dataset, selecting the best for each.

7.5 Results and Discussion

RESNETH52v2 WIDERESNET ErrNETV2B0

RATE \ CIFARI10 CIFAR100 CIFARI10 CIFAR100 TINY
LINEAR 95.962+0.075 78.782+0.446 96.580£0.112 80.288+0.297 55.590+£0.455
COSINE 95.798+0.150 78.833+£0.322 96.630£0.103 80.458+0.267 55.154+0.594
DeEMON 95.948+0.132 78.558+0.198 96.633£0.052 80.190+£0.334 56.036+0.305
EXPON. 95.142+0.158 76.272+0.250 96.008+0.062 78.842+0.182 53.056+£0.305
S1 96.027+0.153 79.540+0.263 96.805+0.084 80.820£0.321 55.658+0.353
Sa 96.170+0.172 79.570+0.177 96.792+0.152 81.135+0.347 55.998+0.283
Ss 96.215+0.081 79.820+0.185 96.730£0.099 80.867+0.305 56.146+0.355
Sa 96.265+0.076 79.775+0.215 96.710£0.064 80.602£0.212 55.102+0.446
Ss 96.258+0.068 79.942+0.101 96.788+0.099 80.530+£0.215 55.582+0.466
S6 96.267+0.076 79.908+0.156 96.683£0.130 80.920+0.202 55.050£0.474
S7 96.185+0.108 79.978+0.315 96.752+0.146 80.683+0.312 55.178+0.170
Ss 95.995+0.153 79.567+0.268 96.775£0.126 80.962+0.170 56.01440.304
So 96.135+0.099 79.780+0.376 96.810+0.087 80.870£0.321 55.696+£0.393
S10 96.228+0.132 80.167+0.221 96.7974+0.050 81.0504+0.151 55.766+£0.400
LRo 96.293+0.116 80.598+0.211 96.803+0.123 80.877+0.251 54.920+0.367
LRy 96.347+0.080 80.458+0.285 96.737£0.118 80.898+0.285 54.876+£0.327
LR2 96.360+0.161 80.520+0.378 96.755£0.108 80.863£0.191 54.974+0.402
LR4 96.123+0.117 79.348+0.237 96.725+0.150 80.818+0.112 50.000+0.314
LR~ 96.010+£0.080 79.185+0.370 96.337£0.071 79.137+0.147 52.506£0.354
LRg 96.128+0.096 79.930+0.217 96.718+0.058 81.015+0.157 55.926+0.154

Table 7.2: Results for training from scratch (S; is ours). Four standard learning
rate schedules, along with the best found learning rate schedules from Chapter 6

(LR;) are shown for comparison.
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EFFICIENTNETV2SMALL

RATE \ CARS CALTECH FLOWERS Doas PETS
LINEAR 90.837+0.186 92.465+0.237 97.863+0.229 88.972+0.228 92.859+0.139
COSINE 90.730£0.260 92.426+0.141 97.8144+0.188 88.932+40.149 92.679+0.313
DEMON 89.780+0.215 92.212+0.181 97.632+0.199 89.037+0.186 92.854+0.117
EXPON. 91.332+0.115 92.344+0.378 97.84440.101 89.373£0.177 93.034£0.146

Fq 90.658+0.054 92.202+0.200 97.8144+0.119 90.3474+0.175 93.099+4+0.270
Fa 90.832+0.126 92.558+0.200 97.866+0.171 89.580+0.328 93.055+0.056
F3 90.936£0.190 92.535+0.155 97.756+0.181 90.01440.190 93.039+0.085
Fy 90.889+0.361 91.798+0.474 97.726+£0.124 89.559+0.073 92.532+0.261
Fs 90.917£0.157 92.465+0.138 97.723+0.080 89.466+0.165 92.963+0.089
Fe 90.991+0.123 92.255+0.201 97.746+0.132 88.832+0.070 92.799+0.184
Fr 90.889+0.118 92.600+0.162 97.749+0.091 88.865+£0.217 92.788+0.136
Fg 91.103+0.246 92.594+0.195 97.642+0.134 89.145+0.086 92.837+0.262
Fg 90.969+0.128 92.390£0.157 97.779£0.135 88.937+0.141 92.95240.278
Fio 90.805+0.058 92.364+0.114 97.710+0.173 89.828+0.173 93.104+0.134

LRo 90.061£0.103 92.419+£0.183 97.681£0.114 90.464+0.167 92.701£0.355

LRy 89.882+0.257 92.170£0.481 97.795+0.184 90.562+0.126 93.306+0.197

LRo 90.086+0.215 92.360+0.201 97.707£0.313 90.207+0.172 93.061+0.249

LRy 90.412+0.242 92.308+0.291 97.580£0.182 89.713£0.164 93.006£0.120

LR~ 91.043+0.113 92.032+0.252 97.795+0.083 89.170+0.146 92.979+0.118

LRsg 90.320£0.246 92.304+0.231 97.739£0.092 89.897+0.151 93.017£0.092

Table 7.3: Results for fine-tuning (F; is ours). Four standard learning rate
schedules, along with the best found learning rate schedules from Chapter 6 (LR;)
are shown for comparison.

7.5.1 Final Learning Rates

The best 10 found learning rate schedules when training from scratch (referred
to as ;) and fine-tuning (referred to as F;) are reported in Figures 7.2 and
7.3. The exact learning rate equations can be found in Section 7.7. When
training from scratch, there are two major observations that can be made. First,
S1.23809.10 greatly delay the learning rate warm-up period, peaking around 20%
into training. Second, Sy 567 exhibit extremely unique behavior with very sharp
inclines and declines. When fine-tuning, two major observations can be made.
First, F1 234580910 €xhibit many full or partial restarts, possibly indicating that
learning rates with restarts can be beneficial for fine-tuning. Second, F} is
extremely similar to S;, indicating that this type of learning rate can perform

extremely well in both environments.
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FROM SCRATCH S; FINE-TUNE F;
RATE \ Ava. Ac. MN. R. MD. R. \ Ava. Ac. MN. R. MD. R.

LINEAR 81.440 15.8 17.0 92.599 9.20 10.0
COSINE 81.375 16.2 17.0 92.516 12.2 13.0
DEMON 81.473 14.6 18.0 92.303 16.8 16.0
EXPON. 79.864 19.6 20.0 92.785 7.00 7.00
F/S1 81.770 9.80 11.0 92.824 8.40 5.00
F/Sa 81.933 6.40 5.00 92.778 5.80 5.00
F/Ss 81.956 7.60 9.00 92.778 5.80 5.00
F/S4 81.691 11.4 13.0 92.501 14.4 13.0
F/Ss 81.820 8.60 6.00 92.707 9.80 11.0
F/Se 81.766 9.20 8.0 92.525 13.2 15.0
F/S7 81.755 9.40 9.00 92.578 11.0 10.0
F/Ss 81.863 8.60 7.00 92.664 10.2 14.0
F/Se 81.858 7.40 8.00 92.605 10.2 9.00
F/S10 82.002 4.60 4.00 92.762 9.20 10.0
LRo 81.898 6.00 3.00 92.665 12.6 17.0
LRy 81.863 7.60 6.00 92.743 9.20 7.00
LRs 81.894 7.20 8.00 92.684 10.4 11.0
LR4 80.603 14.4 13.0 92.604 13.0 13.0
LR~ 80.635 17.6 19.0 92.604 10.2 10.0
LRsg 81.943 8.00 7.00 92.655 11.2 12.0

Table 7.4: Rank results for training from scratch (S; is ours) and fine-tuning (F; is
ours). Four standard learning rate schedules, along with the best found learning
rate schedules from Chapter 6 (LR;) are shown for comparison.

7.5.2 Transferability Experiments

To assess generalization for training from scratch, all learning rate schedules were
evaluated on CIFAR-10 and CIFAR-100 using ResNet52v2 (15.7M Params) and
WideResNet (36.5M Params), dropout of 0.5, Stochastic Depth of 0.2, RandAug
image augmentation (n = 2, m = 10), Adam optimizer, maximum learning rate
of 1le-3, and batch size of 128 for 96,000 steps. In addition, all learning rate
schedules when training from scratch were also evaluated in TinylmageNet using
EfficientNetV2B0 (5.3M Params), dropout of 0.5, RandAug image augmentation
(n =2, m = 10), Adam optimizer, maximum learning rate of le-3, and batch size
of 256 for 95,795 steps.

To assess generalization for fine-tuning, all learning rate schedules were evalu-

ated on Cars, Caltech, Flowers, Dogs, and Pets using EfficientNetV2Small (20.6M
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Params), dropout of 0.5, RandAug image augmentation (n = 2, m = 15), SGD
optimizer with momentum of 0.9, and batch size of 128 for 10,000 weight updates.
The maximum learning rate was chosen by running each schedule on five possi-
ble maximum learning rates (0.1, 0.075, 0.05, 0.025, and 0.01) for each dataset,
selecting the best for each.

The results for training from scratch and fine-tuning can be found in Tables 7.2
and 7.3. For comparison, the results from four standardly used learning rate
schedules are shown (Linear, Cosine, Demon, and Exponential). In addition, the
best found learning rate schedules found in my previous work were also evaluated
for comparison (referred to as LR;, as denoted in original chapter). The mean and
standard deviation across 5 independent runs are recorded for each experiment.
Bold indicates Top 5 performance for that particular experiment. As one can see
from Table 7.2, only once did a standard learning rate achieve Top 5 performance
on a task. To assess overall generalization across datasets and architectures,
Table 7.4 records the average mean test accuracy, and mean and median rank
for both training from scratch and fine-tuning. Rank refers to sorted order in
performance for a particular experiment (lower is better). As one can see, Sig
achieved the highest average mean test accuracy and lowest mean rank. However,
LRy did achieve the lowest median rank. The Sy learning rate schedule has four
main characteristics. First, it greatly slows down reaching the maximum warm-up
period until 29% into the schedule; second, the warmup period is not linear, but
exhibits Gaussian like structure; third, it eliminates holding the learning rate
when the maximum learning rate is reached; and lastly, it exhibits a cosine like
decay. These characteristics could reveal letting the learning rate take longer to
warmup using a non-linear function can improve performance.

From Table 7.3 for fine-tuning, the results are not as dominate than when
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training from scratch. Multiple standard learning rate schedules achieved Top 5
performance across multiple datasets. In fact, Table 7.4 shows that the exponential
decay schedule achieves Top 5 performance for fine-tuning for average mean test
accuracy, and mean and median rank. Table 7.4 also reveals that F} achieved the
highest average mean test accuracy across the datasets while being tied for first
in terms of median rank. Both F, and Fj tie for third place for average mean
test accuracy, and first for mean and median rank. Both Fy and Fj are extremely
similar, learning four restarts with decreasing peaks. This could possibly indicate
that learning rates with restarts may perform well when fine-tuning. Arguably,
Fy is the most drastic looking learning rate, with multiple inclines and declines
during the early phases of training before smoothing out for later stages. Despite
these unorthodox mechanisms, Fj surprisingly tied for best median rank and
achieves first for highest average mean test accuracy. A sibling to F, S7, did
not achieve top performance when training from scratch, but outperformed all
standard learning rate schedules in terms of better average mean test accuracy,

and mean and median rank.

7.6 Scheduled Decay Functions

All scheduled decay functions when training from scratch warmed up the learning
rate from 0 to 0.001 over the course of 1,000 steps, being held at its maximum for
12,800 steps, and was then decayed back down for the rest of the 82,200 steps
(totalling to 96,000 steps). All scheduled decay functions when fine-tuning warmed
up the learning rate from 0 to its respective maximum over the course of 500
steps, being held at its maximum for 500 steps, and was then decayed back down

for the rest of the 9,000 steps (totalling to 10,000 steps). Figure 7.6 depicts the
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components of the F; learning rate and how they are combined to form the final
learning rate schedule. Note, the results from all operations in the computational
graph for all learning rate schedules are rescaled between 0 and 1. Only the final

learning rate schedule is multiplied by the maximum learning rate to obtain the

end result.
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Figure 7.6: Components of F;.Note that all operations are rescaled between 0
and 1.

7.7 Final Learning Rate Equations

The final 10 learning rate equations for both training from scratch and fine-tuning
are given Table 7.6. The z_y_z template formatting refers to scheduled decay

function with a = decay function, being either increasing (y = inc) or decreasing
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(y = dec), along with z number of restarts. For example, the [dspequiea for St
means that the scheduled decay function was selected to be linear decay. The
ed_inc_0, refers to a base learning rate schedule argument that exponentially

increases with 0 restarts.

Decay Schedules

ldgec 1— mod (r«t,T7)/T
ldine mod (r*t,T)/T
cdgec 0.5(1 + cos(m
mod (r*t,7)/T))
cdine 1 —0.5(1 + cos(m
mod (r*t,T)/T))
CCec 0.5(1 + cos(2tm/T))
CCine 1 —0.5(1 + cos(2tw/T))
edgec base ™od (r*t,T")
edine (1 _ base) mod (r*t,T")
dd e, mod (0.95%(1—rxt/T))

(0.05+0é19?g(91571(t{T)) )
mo 95x%(1—rxt
ddine 0.95 — (0.05+0.95%(1—¢/1))

Table 7.5: The proposed set of scheduled decay functions. Where r controls the
number of restarts, base was set to 0.9999 for training from scratch and 0.99925
for fine-tuning, ¢ is the current time-step, and 7T is the total number of timesteps.

7.8 Conclusions

In this chapter, I expanded upon previous research in automated methods for
discovering learning rates by specifically focusing on neural learning rate search
for both training from scratch and fine-tuning. I proposed a new search space
that allowed for many diverse and novel learning rate schedules. After searching
the search space using a mutation-only, particle-based genetic algorithm, 10
learning rate schedules for both environments were reported. In the end, Sig

and F} 2 3 performed the best when training from scratch or fine-tuning, in terms
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NAME \ EQUATION

Sl ldscheduled * [(edil‘ncior)m‘ctan(tri,decjr)]

52 ldscheduled * [(6diin670r)arctan(step,inCQ (tri,decjr))]
S ldseheduiea * [cato so(ed_inc_0,, arctan(tri_dec_2,))]
Sy ldscheduiea * [reverse(arctan(dd_dec_1,.)]

S5 ldseheduiea * [reverse(arctan(dd_dec_2,.)]

S Cseheduiea * [Teverse(arctan(dd_dec_2,.)]

Sr ldschedutea * [cd_inc_1, + step_incy(tri_inc_3,)]
Ss Clseheduled * [%tanh(ed,dec,OT)]

89 Cdscheduled * [Step,z'nc4(6d,dec,07n)]

SlO Cdscheduled * [%Softsign(ed,dec,or)]

o cscheduted * [cd_inc_1, + step_incy(tri_inc_3,)]
F2 ldscheduled * [ (ld nc_ 3 )]

Fy Clseheduled * [Teverse(ld inc3,)]

Fy cscheduted * [Mixo5(cc_ine 2, cc_inc_0,)

F clseheduled * [MIT, 5(00 inc_2,, (ed_inc0,)?)]

Fs csecheduted * |0 (L so ftplus(cd_dec_0,.))]

F Ccheduled * [erfc(—softszgn(dd dec_0 ))]

Fy Cseheduted * | dgctanh( o(cd_inc_ otri-dec-1r ))]

Fy Cschedutea * [Z=tanh(step- alecg(cd,mc,()g,m ~dec 1T)))]
Fio Clscheduted * [0 (dd_dec_2,) + step_incs(cc_inc_12)]

Table 7.6: Genotype equations for the final 10 learning rate schedules for both
training from scratch and fine-tuning .

of either yielding the best average mean test accuracy, or mean and median
rank across the environment respective datasets and architectures. My code
can be found at the following repository: https://github.com/0UStudent/

EvolvingLearningRateSchedules/.
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Chapter 8

Neural Output Function Search

8.1 Overview

Recently, success from neural loss function search (Liu et al. (2021); Gu et al.
(2022); Gonzalez and Miikkulainen (2020), including my previous works), the
search for finding a replacement of cross-entropy for classification, has yielded
very promising results. From the success of automated machine learning being
applied to many different facets of neural networks (Real et al., 2019; Bello et al.,
2017a; Ramachandran et al., 2017), I propose to search for a parametric output
activation function layer that could simply be used as a drop-in replacement for

Softmax.

8.2 Contribution

In this work I use a search space designed for parametric output activation
functions, based off the NASNet search space for architectures (Zoph et al., 2018).

The search space was then explored using my mutation-only, particle-based genetic
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algorithm. The candidate parametric output activation functions were evaluated
on the CIFAR-10 dataset (Krizhevsky and Hinton, 2009) using a ResNet52v2
(23.5M parameters) (He et al., 2016) for a limited number of epochs. The best
were then evaluated using ResNet52v2 and EfficientNetV2B0 (5.3M parameters)
(Tan and Le, 2021) on CIFAR-10, CIFAR-100, and TinyImageNet (Le and Yang,
2015). From the success of NLF'S and NAFS, I perform and propose the first ever,
to the knowledge, neural output activation function search (NOAFS), with the
goal of finding a drop-in replacement for the Softmax activation in deep learning

for image classification.

8.3 Methodology

8.3.1 Search Space

In this work, each output activation function was represented by an activation
function. In order to create a probability distribution for all output activation
functions, each output per class was normalized by the sum of the outputs for all
other class nodes for the activation. This can be seen in Equation 8.1, where x; is
the output of the i** node, and A is the output activation function.

A(z;)

Output(z;) = =———7— (8.1)

22 Alzy)

The same search space discussed in Chapter 4 was used in this work, adapted
for activation functions. Each activation was constructed by a computational
graph containing three integral parts. First, each hidden state node receives an
input, either from other hidden state nodes or the input to the layer (x). Second,

each hidden state node performs either a unary or binary operation. Lastly, a
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root node is used to denote the final operation before the activation values are
returned. All nodes not connected to the root node, either directly or indirectly,
are unused and not used in the final computation. This allows for the dynamic

increase or decrease in complexity of the activation.

b_i0(—Burri )
1+(In(|z;)+B2)*

b i0(——2lt ) Out(z;) = b_i0(Bz2 * /[z: + Bi)
o \/m Z-b_iO(ﬁﬂm)

Out(z;) =

$+ﬂ2 /82*1}

Bixx @ z+ B

Figure 8.1: Exact graph representation for (Left) A, and (Right) A7. Note, all
unused nodes are not shown for brevity.

To allow for parametric activation functions, trainable coefficients were ran-
domly assigned, upon initialization, to the connection paths between hidden state
nodes to either adjust the slope (5 * Zinput) O intercept (Zippu: + ). Parametric
coefficients for activation functions are usually applied at three different levels:
neuron, channel, and layer. Assuming an input, =, with shape (32,32, 3), then
neuron level parametric variables would have shape (32,32, 3) as well; channel
level parametric variables would have shape (3,), being applied only along the

channel axis; and layer level parametric variables would have shape (1,). In order
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to keep the output activation shape the same for all neurons, and limit the number
of added parameters, the trainable coefficients were only applied at the layer level.
All slope coefficients were initialized to one during training, while all intercept
coefficients were initialized to zero. Figure 8.1 shows the computational graph
representation for two of the final discovered activation functions,A; and A; using

the described search space.

8.3.2 Genetic Algorithm

From my previous success, I chose to use my mutation-only, particle-based genetic
algorithm to search over the search space. The pseudocode for the algorithm can
be found in Algorithm 1. After randomly sampling 400 random candidate output
activation functions, the best 24 were taken to be used as initial particles. Each
particle ran for ¢t = 3 timesteps, performing £ = 8 mutations at each timestep.
Mutation on the computation graph was performed by randomly selected a
node, either a root or hidden state node, and mutation either its connection,
operation, or trainable coefficient. A connection was mutated by randomly
sampling from the list of remaining possible connections. An operation was
mutated by randomly sampling from the list of remaining possible operations. A
trainable coefficient was mutated by either randomly adding a slope or intercept,

if it was not present, or randomly removing a slope or intercept, if it was present.

8.3.3 Surrogate Function

Like previous works in searching for components of neural networks for image
classification, I evaluate all candidate output activation functions on the CIFAR-10

dataset for a limited number of epochs. All initial random candidate output activa-
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tion functions were trained on a simple three layer ConvNet. This was performed
to save computation. When running the particle-based genetic algorithm, each
particle was trained using a ResNet52v2 (23.5M parameters), RandAug (Cubuk
et al., 2020) image augmentation (n = 2, m = 10), Stochastic Depth (Huang
et al., 2016) of 0.20, dropout of 0.5 before the final dense layer, Adam (Kingma
and Ba, 2014) optimizer, maximum learning rate of le-3, and a batch size of 128
for 41 epochs (totaling to 16,031 steps). A one cycle cosine decay (Smith, 2018a)
learning rate schedule was also used for training, using three epochs to warm-up

the learning rate.

8.4 Results and Discussion

8.4.1 Final Output Activation Functions

After running the particle based genetic algorithm, the final seven found output
activation functions are shown in the top half of Table 8.1, where Soft refers to
Softmax, Soft, refers to parametric Softmax (exp(f;*x+(2)), and A; refers to the
it" discovered output activation. From the table, four major observations can be

made. First, A; and A3 can be seen as mutations of Softmax and Sigmoid. Second,

Aj_3, use the common expression, 3 * x/+/1 + (In(|z| + betaz)?. Third, A, 7 all
use the base function of besselip(+/]z[), while only changing the number and
placement of the parametric parameters. Lastly, all discovered output activation
functions included trainable parameters.

Due to the majority of the discovered output activation functions being
based around the besselio(+/]]) function, five output activation (B; through Bs)

functions were constructed to study their effects, also shown in Table 8.1. Lastly,
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Reference Output Activation

" _ Bixx
. 0'( 1+(1n(\x|)+g2)2 * ﬁg)
(o B
Ay besseljo ( 1+(1n(\x|)+52)2)
N exp(——212 )

1+(In(Jz[)+B2)?
Ay besselio(1/|51 * x| + 52)
As besselyo (81 * \/]z] + B2)
Ag besselio (51 * /|82 * x + B3| + B4)
Az besselio (81 * \/|z + P2|)

o |81 % x + Ba

o |81 * = + fa

Bs besselio(81 * z + B2)

B bessel;o ()

B besseljo( \/m)

B besseli0<1+(lg(x|)+,31)2)
(__Bixa

B7 beSSel’LO( 1+(1n(|l"))2 )

B besselio(———=)

1+(In(|z))?

Table 8.1: The seven final discovered output activation function equations (A;),
along with eight constructed functions (B;).

three other activation functions (Bg through Bg) were constructed to study the

effects of the different parametric variables for A,.

8.4.2 CIFAR and TinyImageNet

To assess generalization, all discovered output activation functions were trans-
ferred to CIFAR-10, CIFAR-100, and TinyImageNet using a ResNet52v2 and
EfficietNetBOv2 architectures. The training for ResNet52v2 across all datasets was
the same as the surrogate function, except for 246 epochs. For EfficientNetB0v2,
the training schedule was the same as ResNet52v2, except Stochastic Depth was
not used. For all experiments, each output activation function was evaluated

across 10 independent runs. Table 8.2 and Table 8.3 shows the mean, standard
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RESNET52v2

CIFAR-10 CIFAR-100 TINYIMAGENET

OUTPUT | MEANZSTD. MEDIAN |  MEAN£STD MEDIAN |  MEAN£STD MEDIAN
Soft 95.978+0.099 95.945 78.825+0.419 78.820 64.059+0.310 64.030
Softy 33.778+32.32 24.600 16.9524+31.90 01.000 00.500+0.000 00.500
Aq 96.561£0.162 96.540 49.815437.99 80.555 00.735+0.118 00.785
Ag 96.6551+0.123 96.665 81.518+0.162 81.490 64.549+0.504 64.585
As 96.6931+0.071 96.710 81.589+0.228 81.590 58.289+19.81 65.990
Ay 96.587+0.147 96.580 81.465+0.199 81.400 00.500+£0.000 00.500
As 96.579+0.087 96.580 81.225+0.274 81.190 66.4251+0.370 66.525
Ag 96.543+0.099 96.535 81.187+£0.215 81.225 65.736+£1.495 66.220
Az 96.650£0.103 96.625 81.247+0.259 81.235 66.5011+0.205 66.530
B1 18.4464+1.903 03.280 17.90440.608 03.280 00.786+0.162 00.720
Bo 20.340+1.372 19.780 02.136+0.335 02.060 00.754+0.082 00.690
Bs 96.502+0.146 96.440 80.715+0.428 80.655 63.048+0.393 63.040
By 76.514+27.07 88.040 47.082411.57 45.660 21.886+£2.793 23.510
Bs 93.156+0.172 93.205 81.496+0.271 81.390 66.608+0.190 66.610
Bsg 96.679+0.129 96.665 81.453+£0.204 81.520 64.463+0.386 64.460
By 96.484+0.103 96.475 79.927+1.823 80.880 63.568+0.362 63.625
Bg 91.894+1.997 92.075 76.267£5.960 79.075 60.838+3.720 62.635

Table 8.2: Results for ResNet52v2 on the CIFAR and TinylmageNet datasets.
The Top 3 best mean test accuracies for each dataset is highlighted in bold.

EFFICIENTNETBOV2

CIFAR-10 CIFAR-100 TINYIMAGENET

OuTPUT | MEAN£STD. MEDIAN |  MEAN+STD MEDIAN MEAN+STD MEDIAN
Soft 84.869+2.697 83.775 58.875+1.710 59.045 55.020+0.618 55.065
Softp 10.00040.000 10.000 62.514+0.784 62.240 55.450+0.551 55.730
A 88.540+0.913 88.510 62.897+0.543 62.840 53.411+£0.607 53.590
Ao 90.286+0.375 90.230 63.064+0.610 63.195 55.393+0.440 55.375
As 90.181+0.188 90.180 62.889+0.725 62.815 34.332+20.50 35.145
Ay 88.452+1.830 88.730 60.100+£3.083 60.875 00.500+0.000 00.500
As 89.52540.730 89.895 60.806+£2.239 61.370 55.174+0.459 55.085
Ag 84.370+9.424 89.055 53.639+18.46 61.605 55.365+0.575 55.470
Az 87.292+4+4.337 89.280 62.624+1.005 62.600 55.706+0.294 55.730
B 15.698+1.568 15.330 01.977+0.168 02.105 00.654+0.045 00.680
B 16.1444+1.039 16.000 01.884+0.119 01.920 00.660+0.075 00.630
Bs 10.00040.000 10.000 62.785+0.502 62.775 55.465+0.411 55.370
By 10.00040.000 10.000 59.604+1.797 60.190 54.836+0.343 54.730
Bs 87.579+3.165 88.935 63.020+0.725 62.900 55.593+0.553 55.625
Bsg 90.014+0.289 90.030 63.102+0.490 63.070 55.687+0.457 55.675
By 90.122+0.388 90.215 62.423+0.811 62.345 55.489+0.370 55.585
Bsg 89.759+0.295 89.720 62.912+0.534 62.705 55.530+£0.224 55.575

Table 8.3: Results for EfficientNetBOv2 on the CIFAR and TinylmageNet datasets.
The Top 3 best mean test accuracies for each dataset is highlighted in bold.

deviation, and median values for all output activation functions for ResNet52v2

and EfficientNetB0v2 across CIFAR and TinylmageNet. Bold indicates Top 3
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Figure 8.2: Training (Left) and test (Right) accuracy for ResNet52v2 on CIFAR-10
for Softmax and Ay 37.

performance for that particular column.

From Table 8.2, six major observations can be made. First, never once did
either Softmax nor parametric Softmax achieve Top 3 performance. Second,
parametric Softmax performed extremely poorly, revealing the results are not due
to parametric parameters alone. Third, despite Az being a derivative of Softmax,
its results were much more stable than parametric Softmax while also achieving

Top 3 performance across two of the datasets for best mean and median values.

This indicates that scaling the input x by B; x /+/1 + (In(|z| + betas)? before
being fed into exp can lead to more stable results. Fourth, top performance was

consistently achieved across multiple datasets for Ay, Az, and A7, two of which
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Figure 8.3: Training (Left) and test (Right) accuracy for EfficientNetB0Ov2 on
CIFAR-10 for Softmax and Ay 3 7.

use the bessel;y function, and two of which use the B; * z/+/1 + (In(|z| + betas)?
operator. Fifth, both B; and B, fail to learn, indicating that the trainable absolute
value and square root of the absolute values are not enough to contribute to the
success of A4_7. In addition, By, being only the bessel,y function, also fails to
learn, indicating that it is not enough to learn by its own. However, with the
inclusion of parametric values, Bs does improve learning for the CIFAR datasets.
Despite this deficiency, Bs matches and exceeds performance on CIFAR-100 and
TinyImageNet compared to A;. This indicates that the bessel;y function alone, or

with parametric values, does not contribute to its success, nor does the absolute
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Figure 8.4: Training (Left) and test (Right) accuracy for ResNet52v2 on CIFAR-
100 for Softmax and Ay 37.

or square root values, but their unique combination. Lastly, Bg under-performs
Softmax across all datasets, while both Bg and B; outperform on, except for B;

on TinyIlmageNet. This indicates that the placement of either parametric value in

the expression (1 x x/y/1 + (In(|z| + betay)? is vital for its success, where 3y x x

appears to be the most important.
From Table 8.3, four major observations can be made. First, despite poor
performance of the parametric Softmax on ResNetbH2v2, the results are much

better on EfficientNetB0v2, as Soft, outperformed Softmax only on CIFAR-100
and TinylmageNet. However, Soft, failed to learn on CIFAR-10. Second, A
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and Aj perform extremely well on CIFAR-10 and CIFAR-100, but Aj struggles
on TinylmageNet for both architectures while A, does not. It appears the
bessel;p function solves this issue as a replacement of the exponential. Third,
the non-parametric Bs performs well again across all datasets, taking two Top 3
performances. Lastly, Bg once again under-performs both Bg and By, while
both Bg and B; outperform Softmax, indicating that the inclusion for one of the
parameters is vital for performance.

Lastly, Figure 8.2 and 8.4 show the training and test accuracies for the median
runs of As 37 and Softmax on CIFAR-10 and CIFAR-100 using the ResNet52v2
architectures. As one can see, the speedup, the time it takes for Ay 37 to reach
Softmax, is almost half. Figure 8.3 also shows the training and test accuracies for
the median runs of A 37 and Softmax on CIFAR-10 using the EfficientNetBOv2
architecture. As one can see, the speedup for A 37 to reach Softmax is actually
less than half. As A, reaches the test accuracy of Softmax by epoch 55 out of
246, a 77.6% speedup.

Due to the parametric nature of Ay, A3z, and Ay, the exact output distribution

for each node can be plotted per epoch. This is shown in Chapter A.

8.4.3 Bessel Functions

Although a few discovered output activation functions did not include a Bessel
function (A; and Ajs), they did not outperform Softmax across all datasets and
architectures. In fact, only Ay 57 and Bg were able to outperform Softmax across
all datasets and architectures. Although A, and Bg, and A5 and Ay, have similar
components, they both share the same operation, bessel,;. The bessel;; is the

modified Bessel function of the first kind with degree zero. Figure 8.5 shows the
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output of the bessely, function and its derivative (which is defined to be bessel;; -
the modified Bessel function of the first kind with degree one). Equation 8.2 gives
the exact calculation of the modified Bessel function of the first kind, where n
denotes the denotes the degree. The function is symmetric, elevated above the

x-axis, and a exhibits parabolic shape. Despite the similarity to a parabola, the

derivative is much different, as %ﬁ = 2x is a straight line.
1 " zcost
L(x)=—= ] e cos(nf)do (8.2)
T Jo
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Figure 8.5: Output of bessel;y and bessel;;.

Named after Friedrich Wilhelm Bessel, during his study of planetary motion,
the Bessel functions were first discovered as solutions to differential equations from
Kepler’s equations of planetary motion (Britannica). These functions also appear

as solutions for differential equations in other fields of physics and mathematics

136



(Robert, 1990). The Bessel function is the solution to the second-order ordinary
differential equation given in Equation 8.3, where the solutions are the Bessel
function of the first and second kind.

2 d*y dy

2 2 _

The modified Bessel function is the solution to the second-order ordinary
differential equation given in Equation 8.4, where the solutions are a combination
between the Bessel and modified Bessel functions of the first and second kinds.

d’y | dy

2 2 2y,
a:@jwc%—(x +n7)y=0 (8.4)

8.5 Conclusions

In this chapter, I introduced a new domain of neural component search, through the
combination of neural loss function search and neural activation function search,
to introduce neural output activation function search. After searching the search
space using a particle-based genetic algorithm, multiple output activation functions
were found that greatly improved performance over Softmax. Namely, As 57 and
Bg were able to outperform Softmax across all datasets and architectures. Each
of them contained the the modified Bessel function of the first kind with degree
zero, bessel;p. My code can be found here: https://github.com/0UStudent/

NeuralOutputActivationFunctionSearch.
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Chapter 9

Optimizing CIFAR-10

In Chapters 5, 6, 7, and 8, neural components were discovered that outperformed
their respective counterparts. However, each of these components were evaluated
in a plus one manner. Meaning, never were they combined together to observe
any improvement in performance. In this section, the objective is to maximize
the test accuracy on the CIFAR-10 dataset using the same ResNet52v2 training
procedure discussed in Chapter 8. To do so, the best output activation function
was chosen. Next, using that chosen output activation function, the best loss
function was chosen. Next, using that chosen output activation and loss function,
the best optimizer was chosen. Lastly, using that best combination of output
activation, loss function, and optimizer, the best learning rate was chosen. This
final combination contains purely evolved components.

From Table 8.2, it can be seen that the A3 output activation function achieved
the best mean test result on CIFAR-10 for ResNet52v2. Therefore, it was selected
as the output activation function. Table 9.1 lists the results across 10 indepen-
dent runs of ResNet52v2 on CIFAR-10 for a group hand-selected loss functions

discovered in Chapter 5 using the A3 output activation function. As one can
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see, N L, outperformed all other loss functions while also outperforming Az with
cross-entropy. Next, the optimizers were tested. Results for all optimizers under
performed As. It appears that the success of Aj is heavily tied to the Adam opti-
mizer, as it was used during its evolution. Lastly, the learning rate schedules were
tested. Using the A3 output activation function, N L, loss function, and Adam
optimizer, the results across 10 independent runs of ResNet52v2 on CIFAR-10 for
a group of hand-selected learning rate schedules discovered in Chapter 6 and 7
are reported in Table 9.2. As one can see, the LRy learning rate outperformed all

other schedules.

OuTrPUT \ MEAN=£STD. MEDIAN
Soft 95.978+0.099 95.945
As 96.693+0.071 96.71
NIy 96.765+0.096 96.770
NL, 96.601+0.154 96.595
NL; 96.587+£0.105 96.585
Co 96.652+0.125 96.630
Ch 96.493+0.110 96.480
Cy 96.664+0.119 96.680
M, 96.520+0.161 96.495
My 66.676+36.36 96.140
Ay 96.609+0.135 96.605
As 96.630+0.127 96.605

Table 9.1: Results for ResNet52v2 on CIFAR-10 for each loss function using As.

In total, the A3 output activation function with N L; loss, Adam optimizer,
and LRy learning rate schedule was able to improve performance for the standard
components on CIFAR-10 for ResNet52v2 from a median test accuracy of 95.945%
t0 96.880%. To check for dataset transferability, this final best combination of
components were evaluated using the same architecture and procedure, except on

CIFAR-100. The results across 10 independent runs are listed in Table 9.3. As one
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OUTPUT \ MEAN=+STD. MEDIAN

Soft 95.978+0.099 95.945
NL, 96.765+0.096 96.770
Sa 96.8044+0.131 96.800
Sa 96.687+0.115 96.655
Se 96.731+0.098 96.715
Sg 96.806+0.101 96.835
Sy 96.774+0.115 96.780
S1o 96.741+0.096 96.695
LRy 96.840+0.126 96.880
LRy 96.746+0.123 96.715
LRy 96.705+0.097 96.710

Table 9.2: Results for ResNet52v2 on CIFAR-10 for each learning rate schedule
using As + NL;.

can see, the best combination greatly outperformed Softmax and As, improving
performance from a mean test accuracy of 78.820% to 81.960%, indicating that
the best combination did not over-fit to CIFAR-10. In addition, Table 9.4 shows
the results when transferring the best combination to TinylmageNet. As one
can see, the best combination greatly outperformed Softmax and As, improving

performance from a mean test accuracy of 64.030% to 67.730%.

OUTPUT \ MEAN+STD. MEDIAN
Soft 78.825+0.419 78.820

As 81.589+0.228 81.59

As+ NLy + LRy | 81.977+0.237 81.960

Table 9.3: Results for ResNet52v2 on CIFAR-100 for the best combination.
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OuTPUT \ MEANZESTD. MEDIAN

Soft 64.059+0.310 64.030

A, 64.549+0.504 64.585

As 58.289+19.81 65.990

As+ NLy + LRy | 67.679+0.250 67.730

Table 9.4: Results for ResNet52v2 on TinylmageNet for the best combination.
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Chapter 10

Conclusions

Deep learning models learn through direct influence of the loss function, output
activation function, optimizer, and learning rate schedule. These four major
components of the learning procedure can be referred to as the learning components
of a network. From the success of neural architecture search, applications of
automated machine learning, and increases in computational resources for training
deep learning models, the learning components of neural networks have been
explored. Specifically, neural loss function search was performed to find a drop-
in replacement of cross-entropy for classification; neural optimizer search was
performed to find a drop-in replacement for the Adam optimizer; neural learning
rate search was performed to find a drop-in replacement learning rate schedule
for one cycle cosine decay; and finally, neural output activation function search
was performed to find a drop-in replacement activation function for Softmax.
After performing each search individually, the best components were chosen to
optimize results on the CIFAR-10 dataset using the ResNet52v2 architecture.
Performance from baseline components was able to be improved from 95.945%

to 96.880%, from 78.820% to 81.960% on CIFAR-100, and from 64.030% to
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67.730% on TinyImageNet. In the end, the learning was improved through neural

component search.
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Appendix A

Appendix

A.1 Neural Loss Function Search

In this appendix, the binary and three-dimensional phenotypes of the discovered
loss functions from Chapter 5 (Image-augmentation specific evolution) will be

covered.

A.1.1 Base Losses

The normalized and raw binary phenotypes of the final base losses are shown
in Figure A.1. The non-normalized three-dimensional representations for B0,
B1, and B2 are shown in Figures A.2, A.3, and A.4. As one can see, the base
functions are extremely different from CE. Specifically, their slope values are much
less steeper than CE. Their three-dimensional representations look like saddles.
Perhaps these saddle representations pose problems at higher dimensions, more

than one class, as all base functions collapse when transferring to CIFAR-100.
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Figure A.1: Binary Phenotype of the final Base losses against cross-entropy for
both normalized and raw loss values.

A.1.2 Cutout Losses

The normalized and raw binary phenotypes of the final cutout losses are shown
in Figure A.5. The non-normalized three-dimensional representations for C0,
C1, and C2 are shown in Figures A.6, A.7, and A.8. As one can see from the
binary phenotypes, the final cutout functions learn a little hook around § ~ 1, a
small label smoothing value. Unlike the base losses, the cutout losses are not so
similar in their three-dimensional representations, despite having similar binary

phenotypes. For example, C0 and C'1 are similar, but are very different from C?2.

A.1.3 Mixup Losses

The normalized and raw binary phenotypes of the final mixup losses are shown

in Figure A.9. The non-normalized three-dimensional representations for MO0,
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Figure A.2: 3D plot of the raw phenotype of the B0 loss.

M1, and M2 are shown in Figures A.10, A.11, and A.12. As one can see from
the binary phenotypes, the final mixup loss functions learn less steeper slopes
than CE. In addition, M2 and M1 appear to have the same normalized values,
indicating that they have the exact same shape, but different scaling. From
the three-dimensional representations, M0 is different from M1 and M2, better

resembling CE, except with more exaggerated curves when y and ¢ are most

different, resembling A2.
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Figure A.3: 3D plot of the raw phenotype of the B1 loss.

A.1.4 RandAug Losses

The normalized and raw binary phenotypes of the final mixup losses are shown
in Figure A.13. The non-normalized three-dimensional representations for RO,
R1, and R2 are shown in Figures A.14, A.15, and A.16. As one can see from
the binary phenotypes, the final RandAug functions host a variety of differences
within themselves. Mainly, RO is the only loss function discovered where its
maximum loss value does not occur when y = 0 for y = 1, but actually when
9y = 1. Meaning, R0 gives the greatest penalty to when the model’s output directly

matches the target. It seems that this level of regularization is too much for deep
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Figure A.4: 3D plot of the raw phenotype of the B2 loss.

learning models as R0 performs extremely poorly on CIFAR-100.

A.1.5 All Losses

The normalized and raw binary phenotypes of the final mixup losses are shown in
Figure A.17. The non-normalized three-dimensional representations for A0, Al,
and A2 are shown in Figures A.18 and A.19. As one can see from the binary and
three-dimensional phenotypes, the three final all functions are extremely similar
in shape. The main difference is A2 has larger raw loss values. Empirically, these

results seem to support the larger raw loss values as A2 consistently outperformed
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Figure A.5: Binary Phenotype of the final Cutout losses against cross-entropy for
both normalized and raw loss values.

both A0 and Al.

A.2 Neural Output Function Search
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Figure A.6: 3D plot of the raw phenotype of the C'0 loss.
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Figure A.7: 3D plot of the raw phenotype of the C'1 loss.
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Figure A.8: 3D plot of the raw phenotype of the C2 loss.
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Figure A.9: Binary Phenotype of the final Mixup losses against cross-entropy for
both normalized and raw loss values.

164



Figure A.10: 3D plot of the raw phenotype of the MO0 loss.
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Figure A.11: 3D plot of the raw phenotype of the M1 loss.
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Figure A.12: 3D plot of the raw phenotype of the M2 loss.
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Figure A.13: Binary Phenotype of the final RandAug losses against cross-entropy
for both normalized and raw loss values.
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Figure A.14: 3D plot of the raw phenotype of the R0 loss.
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Figure A.15: 3D plot of the raw phenotype of the R1 loss.
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Figure A.16: 3D plot of the raw phenotype of the R2 loss.
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Figure A.17: Binary Phenotype of the final All losses against cross-entropy for
both normalized and raw loss values.
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Figure A.18: 3D plot of the raw phenotype of the A0 loss.
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Figure A.19: 3D plot of the raw phenotype of the Al loss.
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time for EfficientNetB0v2 on CIFAR-10.

Figure A.20: Ouput of A, over
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time for EfficientNetB0v2 on CIFAR-100.

Figure A.21: Ouput of Ay over
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time for ResNet52v2 on CIFAR-100.

Figure A.22: Ouput of A, over
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time for EfficientNetB0v2 on CIFAR-10.

Figure A.23: Ouput of Aj over
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Figure A.24: Ouput of A3 over time for EfficientNetB0Ov2 on CIFAR-100.
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Figure A.25: Ouput of A3 over
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time for EfficientNetB0v2 on CIFAR-10.

Figure A.26: Ouput of A; over

181



Figure A.27: Ouput of A7 over time for EfficientNetB0Ov2 on CIFAR-100.
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time for ResNet52v2 on CIFAR-100.

Figure A.28: Ouput of A; over
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