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ABSTRACT

In this thesis, we explore different methods of improving the utilization of a
convolutional neural network’s learning capacity. We define what we mean by
the learning capacity of a neural network, since no standard definition of learning
capacity exists in the literature hitherto. Based on our definition of learning
capacity, we formuate two scenarios in which the learning capacity of a CNN can
get significantly affected, (i) Intra-network learning and (ii) Inter-network learning.
In both cases, we explore in-depth as to what is the cause behind the lack of
utilization of learning capacities. Then, we formulate targeted solutions to solve for
each of the discovered lacunae. For example in our explorations with intra-network
learning, we discover that in non-BatchNormalized networks, some filters or even
some layers completely goes to zero during training, a phenomena which we call
zeroing out. This leads to a drop in the utilization of the network’s trainable
parameters and hence an under-utilization of learning capacities. We address
this phenomena by proposing PowerGrad Transform that modifies the gradient
before the backward pass and with that we mitigate the zeroing out phenomena and
improve final accuracies of non-BatchNormalized convolutional neural networks.
We also apply PowerGrad Transform to BatchNormalized networks. We observe
that PowerGrad transform can help the network learn parameter that are outside of
the scope of standard gradient descent. Even with high loss values, networks can
achieve higher final convergence accuracies in both training and test datasets. This
leads us to believe that transforming the gradient through PowerGrad transform

leads the network to better utilize its learning capacity.



In our explorations of inter-network learning, we see that when two or more
models are trained from random initialization, often the final converged weights
have significant overlaps leading to a lower utilization of pool learning capacity.
Ensembles of such networks do not improve the performance (or marginally
improves) the performance over any one single network in the same pool. This
points to the observation that the total learning capacity of the pool as a whole is
severly under-utilized. In order to remedy this, we propose adversarial training
through Feature Difference Losses, a method in which all feature vectors are
shared amongst worker networks in a pool, and each worker adversarially pushes
each other to learn different feature maps, leading to a forced outcome where at
convergence each network arrives at vastly different optima on the loss landscape.
This in turn improves ensemble performance as it leads to a diversity in the
networks’ features, which directly translates to an increased utilization of the pool’s

learning capacity.
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1 INTRODUCTION

Convolutional neural networks form the basis of many computer vision tasks
including image classification [Deng et al. (2009)], object detection [Ren et al.
(2015)], instance segmentation [Lin et al. (2014)], image generation [Goodfellow
et al. (2020)], 3D reconstruction [Li et al| (2022)], super-resolution [Ledig
et al| (2017)], pose estimation [Wang et al.| (2019)] to name a few. With
hundreds of neural networks that are being proposed every year, the necessity of
learning better feature representations arise naturally. The task of learning better
feature representations require exploring the objective landscape for more optimal
solutions. In this space, techniques that exist in the literature hitherto are, namely
more appropriate initialization strategies such as Kaiming initialization [He et al.
(2016)] or Xavier initialization [Glorot & Bengio (2010)], and optimization addons
such as momentum based stochastic gradient descent [Kiefer & Woltowitz| (1952))]
[Robbins| (2007)], Nesterov approximation [Nesterov| (1983))], AdaGrad [Duchi
et al.| (2011)], RMSProp [Hinton et al.| (2012)] and Adam (adaptive momentum)
[Kingma & Bal (2014)]. The aforementioned optimizers uses first order gradients
while optimizers such as BFGS solvers (Broyden-Fletcher-Goldfarb-Shanno
algorithm) such as L-BFGS [Liu & Nocedal| (1989)] are second order methods
that estimate the Hessian matrix to steer the search through the variable space
with limited memory and compute. Other techniques that also tries to improve the
learning capacity of neural networks are data augmentation [Cubuk et al.[ (2020)],
dropout [Srivastava et al. (2014)], batch normalization [loffe & Szegedy (2015)],

skip connections [He et al. (2016)] and attention [Hu et al.| (2018)]. Loss function
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design has also been used to improve the learning capacity of neural networks
[Goodfellow et al.| (2014)]. Training tricks such as early stopping [Prechelt
(1998)], learning rate scheduling [Loshchilov & Hutter (2016)] [Smith! (2017)] and
curriculum learning [Bengio et al.| (2009)] are also used to improve the learning
capacity of neural networks. Ensemble learning [Dietterich| (2000)] is a technique
that combines multiple models to improve the performance of a single model. In
this thesis, we explore two techniques that are disjoint from the aforementioned
techniques to improve the learning capacity of neural networks. The first one is how
to alter the gradients generated by a neural network during training, and force the
network to explore parts of the loss landscape that are inaccessible to the traditional
way of training. With this we find that there are indeed solutions that are better than
ones that neural networks automatically reach with normal training methods. The
second method is improving the joint performance of many networks operating
in a shared pool using adversarial training. Both of these technique are aimed to

maximally utilize the inherent learning capacity of a network.

1.1 LEARNING CAPACITY

We first discuss learning capacities of neural networks in general, and what is
meant by improving the learning capacity of neural networks. Unlike the capacity
of communication channels that is used in communication theory, the learning
capacity of a neural network does not have a mathematically rigorous definition as
of writing this thesis. Hence, in this section we try to develop a notion of learning
capacity that is used in formulating the problem statement of this thesis, and is
subsequently used as a basis for defining the various cases of “unused” capacity

that can occur in neural network training.

First we develop the notion of learning capacity of a single neural network

trained in isolation. In this setting, there is only one neural network that is being
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trained to achieve a particular objective. Since there is no direct notion of learning
capacity, we use a proxy measure for it. We propose that when a neural network is
able to achieve a higher training accuracy, it is said to have utilized a higher fraction
of its inherent learning capacity. For example, if we have a ResNet-50 [He et al.
(2016)] model that is trained on ImageNet [Deng et al. (2009)] dataset, and if it
achieves a training accuracy of 75%, and another identical ResNet-50 model that is
trained on the same dataset and achieves a training accuracy of 80%, then the second
model is said to have a higher utilization of its inherent learning capacity. In this
example, the learning capacity of the ResNet-50 model is the measured difference
between the training accuracies of the two models. The accuracy metric is used
as a proxy measure to observe how much the model has utilized its parameters
to achieve the objective, which is image classification in this case. Note, that the
accuracy metric is not a direct measure of learning capacity, but we use it with
the assumption that a higher training accuracy implies that the model has utilized
its parameters to achieve the objective better than a model with lower training
accuracy. Therefore, our first notion of learning capacity is the difference in training
accuracies of two models that are trained on the same dataset and architecture. We
call this the intra-network learning capacity. Now we define inter-network learning

capacity.

The notion of learning capacity is much broader than just the training accuracy
metric. In a single network scenario, it is exactly the training accuracy of the model,
but a notion of learning capacity can also be developed for scenarios where multiple
networks operate in a pool. For example, if many satellites scan the surface of the
earth for calamities and if each neural network onboard each of these satellites
have the same network (with the same weights), then the total knowledge of the
pool is no more than the knowledge of one single network. In this thesis, we also
consider the notion of learning capacity of an ensemble of models. When multiple

models are combined to achieve a particular objective, a concept of joint learning
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capacity of the ensemble is also something that comes into the picture. We develop
the notion of the learning capacity of an ensemble in the following way. When an
ensemble of models achieves a higher ensemble training accuracy, it is said to have
a higher utilization of the combined learning capacity of each of the base models in

the ensemble. We call this the inter-network learning capacity.

The main difference between the intra and inter-network learning capacity is
that, the first one is defined for a single unified architecture, while the other one
is defined for a split architecture. Connections (neurons) within a single neural
network pertain to intra-network learning as with each connection, the model gains
a new dimension to optimize upon and gain the ability perform the objective in
a better fashion. However, in inter-network learning (i.e. when we have many
networks in a pool), we do not have connections amongst the slave networks. Thus
we cannot analyze nor can we employ the same solutions or tricks that we usually
employ for single network cases to improve the joint learning capacity of a pool.
However, the joint network capacity is something that is still a valid concern. As
per our previous example, if we have a swarm of satellites performing weather
prediction by scanning images of the earth and let’s say if all networks onboard
each of these satellites are one and the same (with same model architecture and
same model weights), then the total knowledge of the pool is no higher than the
knowledge of one single satellite. This is similar if there are multiple cameras
trying to scan objects on a conveyer belt in a factory application. Or if there are
multiple autonomous self-driving vehicle assessing the same local scene to decide
on a complex decision. In each of these cases, having neural networks onboard
these systems helps in bringing disjoing information to the table. Similar to diverse
knowledge that human bring to the table when people with different opinions work
on the same problem, a pool of artificial neural networks working towards a shared
objective can also benefit from having a disjoint / diverse knowledge by having

different weights.
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Thus our main motivation of defining learning capacity has been portrayed.
The idea of having training accuracies as learning capacities is simple for a single
neural network but what we want to emphasisze is that the term learning capacity
is a broader one, one that also captures the notion of the shared knowledge in a

pool. We list out a set of points to reiterate the above:

e Inter-networks refer to the relationships and connections between different
neural networks, such as in an ensemble where multiple models work
together. On the other hand, Intra-networks pertain to the connections and
relationships within a single neural network, like the connections between

individual neurons or layers.

 The learning capacity of intra-networks focuses on how well a single model
can learn from data and utilize its inherent potential. It’s determined by
factors such as the architecture’s depth and breadth, the nature of the
activation functions, and most importantly the optimization method. In
this thesis, we propose a method of altering a network’s gradient before
the update step in the backward pass and thus force the network to look
at different parts of the loss landscape that was previously inaccessible by
the network. To our surprise, we find new optimas in the higher valleys of
the loss landscape (with higher convergent loss), but which are more robust
to a variety of network issues that can inhibit a network from maximally

utilizing its learning capacity.

* Inter-network learning capacity, however, is concerned with how different
models in an ensemble complement and enhance each other. It’s determined
by how diverse the individual models are and how their outputs are
combined. We propose learning ensembles with adversarial training
to directly emphasize diversity in the shared representations learned by

networks in a pool.
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12 MOTIVATION

Initialization strategies aim to put the starting state of the weights of the neural
network in a favourable region, and by doing so it tries to control the flow of
gradients in the early phases of training that hopefully leads to us to local minima.
On the other hand, optimization strategies try to control the flow of gradients by
automatically overriding hyperparameters such as the learning rate by augmenting it
with additional hyperparameters such as momentum, first order moment and second
order moments in Adam. Data augmentation tries to improve the learning capacity
of neural networks by increasing the amount of data that is available for training.
Dropout tries to improve the learning capacity of neural networks by randomly
dropping neurons in the network during training. Batch normalization tries to
improve the learning capacity of neural networks by normalizing the activations of
the network to have zero mean and unit variance. Skip connections try to improve
the learning capacity of neural networks by providing a shortcut path for gradients
to flow through. Attention and self-attention tries to improve the learning capacity
of neural networks by providing a mechanism to attend to important features in the
input. With custom loss functions, neural networks can be trained towards a specific
objective. Other training tricks such as early stopping, learning rate scheduling and
curriculum learning tries to improve the learning capacity of neural networks by
controlling the flow of gradients in the network. Ensemble learning tries to improve
the learning capacity of neural networks by combining multiple models to improve

the performance of a single model.

These techniques have been heavily explored and limited progress has been
seen in recent times on these fronts. In this thesis, we aim to explore other
techniques of improving learning capacities that are separate from the two

aforementioned strategies.
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1.3 CONTRIBUTIONS

The two strategies that we explore in this thesis are the following:

1. Inter-network adversarial learning to enhance joint knowledge of neural

networks operating in a pool.

2. Intra-network gradient modification to force networks to choose stronger

solutions on the loss landscape of the objective function.

In each of the two scenarios, we achieve our goal of improving the learning
capacities of convolutional neural networks. However, each of the two topics we
mention approaches to attack this problem in very different ways. First, we attack
the problem of global knowledge in a swarm (or a pool) of neural networks. If there
are N networks in a pool and all networks have both identical network architectures
and identical weights, then the total knowledge of the pool is severly limited. Our
first work aims to improve on this situation by incorporating shared knowledge in
the training pipeline. With adversarial training, we allow each network to explore
a much different part of the objective landscape than their peers (other networks
in the pool). At convergence, this results in each network in the pool obtaining
an optimum that is much different from the optimas achieved by peer networks
existing in the same pool. With a prediction combiner head network, we can the
take the predictions of each network as an array of experts and combine them to

form a superior prediction.

Secondly, we attack the problem of finding better optimas within a single neural
network itself. As we mentioned earlier, the most common approaches towards
solving this problem has been to either initialize the networks with better initial
states and hope for smooth gradient flow, while the other strategy is to speed up and
modify gradient descent through optimization. However, both of these methods

and most traditional methods of training in general have relied on the gradients
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that are generated by the traditional rules of calculus to train deep neural networks.
In our second work, we aim to break away from the traditional way of updating
a network’s weights with the first order gradients and instead focus on modifying
and transforming the gradients in such a way to force network weights to arrive at
higher quality optimum. We do so by making the networks train with gradients that
pushes it towards higher class separation. We show that our method, PowerGrad
Transform, can push a network towards attaining states that are not possible with
traditional training methods. In our analysis with PowerGrad Transform, we find
that many local optimas exist in the loss landscape that has higher loss values, yet it
yields a better classification performance on both the training and the test datasets.
Such an optimum is out of reach through traditional means of updating network

weights through gradient values derived from the first order rules of calculus.

1.4 OBJECTIVE FORMULATION

In this part, we elaborate on the structure of the problem that we aim to attack in
this thesis, and then we discuss the scope of how we attempt at solving it. Primarily,
we aim to improve the learning capacity of a convolutional neural network in
different ways. A concrete rigourous definition of learning capacity is non-existent
in the literature. So we first try to develop a sense of it first. To imagine what the
capacity of a network architecture can be, it is often beneficial to think from the
perspective of how the learning capacity or the learning capabilities of a network
can be hindered. One way in which the learning capabilities of a neural network
can get impeded is when a neural network gets stuck in a very sharp valley (local
minima) of the loss landscape, during the gradient based iterative weight updation
process. Another way in which a neural network can underperform, is when the
final convergent optima is of a lower quality (even though the regions around the

optima is quite flat). This means that the neural network could have been trained
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Figure 1: (Problem 1) — Inter-network setting for improving learning capacities of convolutional
neural networks. The figure shows four networks working in an ensemble with information sharing
represented as arrows.

to acquire a different convergent optima, but it wasn’t able to get there. These are
examples of ways in which the learning capacity can get impeded within a single
network structure. However, the concept of learning capacity can also come into
place when we have a pool of many neural networks. Let’s say we have N > 2
neural networks working at a common task. The total capacity of a pool depends
on the variety of information that each neural network captures. Here the total

capacity is not just a measure of individual performance, but rather the combined

knowledge of all entities in the pool.

1.41 INTER-NETWORK LEARNING CAPACITY

We attack both of these problems in two different chapters of our thesis. First,
we attack the problem of pool knowledge. In this scenario, we have multiple
neural networks working in tandem as an ensemble. In traditional ensemble

techniques, knowledge variety is not learnt during training, i.e. each neural network
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participating in the pool do not autmatically get to know the expanse of the shared
knowledge that other members of the pool has already acquired at any given
iteration of training. We bring in knowledge sharing to make every member network
of the pool know about the shared knowledge base that has already been acquired
by the pool, and then with adversarial training, we try to dissuade every network
from arriving at similar representations during the course of training. Doing so, we
observe that each neural network diverts away from their normal course of learning
trajectory on the loss landscape and arrive at far apart optimas at convergence.
This brings in diversity in the learnt representations and enhances the total learning

capacity of the pool. We show a figurative representation of this problem statement

in Fig. [1]

142 INTRA-NETWORK LEARNING CAPACITY

Next we try to attack the problem of enhancing the learning capacity within
a convolutional neural network itself. Traditionally, it is observed that lower loss
values acquired during training leads to improved accuracies on the training dataset.
This means that high quality optimas in the loss landscape that exist within higher
loss surfaces are ignored. We aim to selectively modify gradients during the
backpropagation process in such a way that forces the neural network to explore
regions of high loss values. We observe that there exists optimal points in high loss
surface regions that can give higher training accuracy than optimas located in low
loss surface regions. These optimas are not only better than those obtained with
traditional means of training, but are also flatter (meaning that they perform better

on the test set as well). We show a visual representation of this problem in Fig. [2]

10
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Figure 2: (Problem 2) — Intra-network setting for improving learning capacities of convolutional
neural networks. The figure shows the forward pass on the left and the backward pass on the right.
We modify the gradients at the junction marked as f(z). This modification automatically modifies
all other gradients dependent on it.
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1.5 ORGANIZATION OF THE THESIS

The thesis is organized in the following manner. We split our thesis in 6

chapters, listed as follows:

Chapter (I) — Introduction: We have provided the motivational grounds for
our work. Our work ties several different strategies for optimizing a convolutional
neural network’s learning capacity. In several different scenarios, (i) Inter-network
learning and (ii) Intra-network learning, we discuss our strategies for attacking
the problem. In addition to that we discuss a way of improving learning from an
architectural point of view. We concretize our problem statements and explore the
landscape of possibilities within which we aim to explore solving the problem. We

also delineate the organizational structure of this document.

Chapter (2) — Mathematical Preliminaries: We discuss about the basics of
convolutional neural networks in a general sense. We introduce the fundamentals
of a convolutional neural network (aka ConvNet), namely the convolution layers,
pooling layers, activation layers, the choice of loss functions, etc. We also discuss

the properties of ConvNets that make them stand out in vision processing tasks.

Chapter (3) — Related Works: We discuss prior relevant attempts that
have been made towards improving both inter-network and intra-network learning

capacity.

Chapter (d) — Knowledge Diversification: We discuss a novel method of
training multiple convolutional neural networks in a pool with knowledge sharing
and adversarial loss functions that leads each network to arrive at superior optimas.
Each network is made aware of other networks in the pool and together they

enhance group knowledge.

Chapter (5) — PowerGrad Transform: We discuss another novel technique,

PowerGrad Transform, which we use to separate the forward pass from the

12
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backward pass and use the modified gradients to update a neural network’s weights
in such a way that make it separate classes more strongly. We show a remarkable
result, that even at higher cross-entropy loss surfaces, it is possible to obtain
superior accuracies (on both training and test datasets). The effect is stronger for
deeper networks trained on larger datasets. This runs counter-intuitive to traditional
approaches of neural network training, where it is expected that loss minimization

leads to better performance.

Chapter (6) — Conclusion: We make overall conclusion about the entire thesis

and also discuss future work that can be built on top of the current thesis.

13



» MATHEMATICAL PRELIMINARIES

In this chapter, we discuss some of the building blocks of convolutional neural
networks. In deep learning architecture, many building blocks are used for various
purposes. However, not all of them are used in the vision domain for tasks such
a image classification and object detection. Many blocks are suitable for use in
other domains, such as time-series data, or text based data sources. In the following

sections, we only discuss about the types of blocks are used in vision architectures.

2.1 CONVOLUTIONAL LLAYERS

The convolution operation between two functions f and g is denoted by f * g

is defined as:

(f * 9)a / F@)a(z — y)dy (1)

Images are discrete signals. The discrete convolution operation is defined as:

(f*g)n Z flm m] )

m=—00

To define the convolution of two finite sequences, we can extend the sequences
to finitely supported functions of the set of integers. The Cauchy product of the

coefficients of the sequences is the set of coefficients of the ordinary product of two
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polynomials, and it is the same as teh convolution of two sequences. Thus, if g has

a finite support — M, —M + 1,..., M — 1, M, then the finite summation is used:

(f *g)ln Z fln — m]glm] 3)

However, a discrepancy exists in the nomenclature of the term convolution that
is in traditional signal processing and the one that is used in deep learning literature.
In signal processing, the defintion (as defined above) requires one of the signal to be
flipped before performing the Cauchy product, but in the deep learning literature, no
signal (or kernel) is flipped. This makes the convolution operation in deep learning

similar to cross-correlation, which is defined as:

(fxg)(x / fW)g(y + x)dy “4)

Similarly, the discrete version of the cross-correlation is used in case of discrete

signals such as images.

(f*g)m Zf gln +m] )

with the finite sequence definition being:

(f *g)[m Zf gln +m] 6)

Here onwards, we refer to this definiton of cross-correlation as the convolution

operation in deep learning. Often one of the functions (say f) is referred to as the
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signal (image, sound or video) and the other function (say g) is referred to as the

filter or the kernel.

We now define what a convolutional layer is in the context of deep learning
[LeCun et al.| (1998)]. Images are multi-dimensional discrete signals having
several channels (2 for grayscale images, 3 for RGB and any n > 1 channels
for feature maps). Hence in most cases, we represent images or features maps
as tensors of rank 3. Furthermore, in most deep learning training scenarios, we
used mini-batches to train the neural networks. Mini-batches are nothing but a
collection of several multi-channel images stacked on top of each other. This
makes the tensor representation of a mini-batch of images or features, a tensor
of rank 4. We denote such an entity with the symbol X (N, C;,, H, W), where
N is the number of images/features in a mini-batch, C), denotes the number of
channels present in each image or feature (aka input channels), while H and W
represents the height and width of each image/feature respectively. For the purpose
of convolution, we have kernels (or filter banks) that is also a tensor of rank 4, which
we denote as W (Clyt, Cin, k1, k2) where C,,; are the number of channels present in
the convolved output of W and X. k; and ks is the height and width of each kernel
respectively. We also have a bias vector for each filter in the filter bank (denoted by
B(Cout)). With this setup, we can now define the convolution operation for a batch

of multi-channel images as:

Y(Nza Coutj> = B<Cout]~) + W(Coutj7 k) * X(Nza k') (7)

k=

[e=]

We leave out the height and width (spatial dimensions) for clarity. Several other
variables are used as hyperparameters on top of the above definition of convolution,
like zero-padding, stride, dilation, groups, etc. Padding zeros around the spatial

dimensions of an input image or an intermediate feature tensor is done to ensure
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maximum overlap between the kernel and the feature tensor. If padding is not used,
then the spatial shape of the Y tensor reduces by (k; — 1)/2 and (ko — 1)/2 in the
vertical and horizontal directions respectively. This is avoided by increasing the
spatial size of the input tensor X by the same amount, in order to compensate for
the reduction in spatial shape. Stided convolutions with stride factor (S) involve
shifting the kernel by S amounts after each multiply-and-add operation. This
reduces the output spatial dimensions by a factor of .S in each direction. Dilated
convolutions ignores certain pixels in the kernel, often in a grid like manner. In
grouped convolutions, certain channels are packed together as a group and filters

dedicated to each individual group are kept separate from other groups.

22 POOLING LLAYERS

A pooling layer is used to discard unimportant information present in a feature
tensor. There are several ways to pool a feature tensor, the most common being the
maxpool operation [Krizhevsky et al. (2017)]. A 2D maxpool operator is a kernel
of shape k1 H x kyW that operates on an input feature tensor in strides of S; and

S,. The operation is defined as follows:

Y(N;,Cj,h,w) =  max max  X(N;,Cj, Sith+m,Sow+n) (8)
m=0,....,k1 H—1 n=0,....,koW—1

The maxpool operator basically selects the maximum value from a local patch
of the feature map, and discards the rest of the non-maximum values. Doing so,
makes the neural net propagate only the highest activation regions of an incoming

feature tensor. Both zero-padding and dilated variants of maxpool is possible.

Another form of pooling that reduces the amount of available information
without outright discarding any, is the average pooling operation. In similar fashion

to the previous definition, it is defined as:
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1 kH—-1 kW -1

Y(Ni, Gy how) = s >3 X(NL Gy Sih+m, Sow+n)  (9)

m=0 n=0

Similar to maxpool, the average pool operator selects a patch of pixels from the
feature tensor, but instead of discarding the non-maximum values, it averages out
all the values contained in that region. A variant of average pooling is the global
average pooling operation. This operator is same as average pooling but having a
kernel shape equal to that of the input feature tensor. All pooling layers reduce the

spatial size of the input feature maps.

23 RESIDUAL CONNECTIONS

In feedforward networks (with no branching), each layer is connected only to
the next layer. The functional form of a layer in such a network can be described

as:

Y = F(X) (10)

where X is the input tensor to the layer and Y is the output tensor. Here we
denote F' as the function that a layer learns during the training process. Layers with

residual connection modify the above formulation as:

Y =F(X)+X (11)

The extra term indicates the presence of a residual connection (also called a
skip connection) [He et al.| (2016)] that connectes the input tensor to the output

tensor through the process of addition. The benefit of such a formulation is that
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it relieves the layer from having to learn the identity i.e. the output tensor equals
the input tensor even with zero filter weights. Residual connections can be used
to connect multiple layers instead of just one layer, in which case the formulation

becomes:

Y = Fy(Fy(F3(... Fu(X) + X (12)

2.4 ACTIVATION LAYERS

Activation layers are used to induce non-linearity in neural networks. The most
common activation layer is the Rectified Linear Unit (or ReLLU for short) [Nair &

Hinton| (2010)], the definition of which is as follows:

ReLU(z) = max(0, x) (13)

The ReLU layer completely suppresses all information that has a value less
than zero. A variant of ReLLU that is also used as activation layer in scenarios where
the negative values need to be preserved is the Leaky ReLU [Maas et al.| (2013)],

defined as:

x, ifr >0
LeakyReLU (x) = (14)

ax, otherwise

Other frequently used activation layers is the sigmoid activation:

1
1+e®

sigmoid(z) = (15)
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and the hyperbolic tangent (or tanh) activation [Bengio et al. (2007)]:

tanh(z) = = (16)

er +e 7%

Both the sigmoid and the tanh activation functions squashes the range of the

input tensor’s values to the interval (—1,1).

25 NORMALIZATION LAYERS

Convolutional layers comprise many multiplication and addition operations.
Often the results of the multiply-and-add operations can add up to very large
numbers, leading to signal explosion in the forward pass. In the backward pass,
this can lead to gradient explosion. This makes for poor training in neural
network architectures that are very deep. Also, in the backward pass of deep
network architectures, the increased depth can lead to vanishing gradients in the
earlier layers of the network, which in turn leads to stalled updation of network
weights, followed by poor convergence and increased training time. Another
difficulty that commonly arises in convolutional networks is from the constant
shifts in input distribution with each mini-batch. When neural networks are
trained in mini-batches, the distribution of pixel values keep on changing with each
mini-batch. This leads to the arbitrary shifts in the distribution of all feature tensor
values as well. Any shift in the input propagates through the network, and this
leads to poorer estimation of network weights. Normalization layers aim to solve
this problem. The most common normalization layer used in convolutional neural
networks is the Batch Normalization layer [loffe & Szegedy|(2015)]. The operation

of a 2D BatchNorm layer is defined as follows:
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x — Elx]

v VVar[z] + ¢

Here x and y represents the channel-wise random variable that describes input

xv+ 0 (17)

distribution and output distribution respectively. ~ and [ are trainable parameters
that are learnt during training via gradient descent. One can see that the above
operation does two things in succession. First, it whitens the existing distribution.

Then it recolors the distribution to make it have a fixed mean and variance.

Other forms of normalization layers are Layer Normalization [Ba et al.|(2016)],
that performs the same operation as BatchNorm but is applied feature-wise instead
of channel-wise. Group Normalization |[Wu & He| (2018)] is an extension of
LayerNormalization, in that it coalesces groups of channels instead of taking all
the channels as a single group. Instance Normalization [Ulyanov et al.| (2016)]
separates both channels and features dimensions, and applies normalization to
per-channel, per-feature. Methods that apply normalization to weight tensors
instead of applying it to feature tensors include Weight Normalization [Salimans

& Kingma! (2016)] and Weight Standardization [Qiao et al. (2019)].

26 FULLY CONNECTED LAYERS

Fully connected layers (aka the linear layer) often come at the end of a
convolutional neural network architecture. It is simply the matrix multiplication

of the input with a bias term:

y=xAT +b (18)
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Here x is the vectorized version of any feature tensor that interfaces with the
fully connected layer at its input. The parameters of the layer are A and b which are
learnt during training, through gradient updates. The fully connected layer takes in a
fixed size input and produces a fixed size output. The output vectors are commonly
termed as logits. The linear layer is responsible for drawing decision boundaries
(hyperplanes) in a high dimensional space. Most convolutional neural networks

contain a single linear layer.

27 SOFTMAX LAYER

The logits produced by a fully connected layer have a range of (—oo, 00), often

the range is squashed into an interval of (0, 1) by a softmax layer:

T

(&

bi= ;€%

19)

where z;’s are the logits of a preceeding fully connected layer. This prepares
the vector to be treated as probability distribution p;, which can then be compared
to a one-hot representation of the ground truth probability values for the purpose of

computing various loss functions.

2.8 L.OSS FUNCTIONS

To compare probability distributions, the cross-entropy loss function is often

employed. It is defined as:

Cc-1

Lxent =Y —qilog(p:) (20)

=0
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where p; denotes the predicted probability values, ¢; denotes the ground truth
probability values and C' is the number of unique classes present in the classification

dataset.

Other commonly used loss functions are, the mean-squared error loss function:

M-1

Luse =Y (0 — )’ @1

1=0

where 6 is the predicted value (such as a pixel in an image) and ¢ is the target

ground-truth value at the same index 7, 0 <7 < M — 1.

2.9 HYPERPARAMETERS & REGULARIZATION

We have discussed several hyperparameters in previous sections, namely the
amount of zero-padding, stride, dilation and kernel shapes. Two other important
hyperparameters are the width and depth of a network. The depth of a network
is one of the single most important parameter in choosing a network architecture.
With BatchNorm and residual connections, it has become possible to train very
deep networks (north of 100 layers). Also, classification accuracy generally tends
to increase montonically with depth, though the returns tend to diminish gradually
at very high depths. However, compute and memory requirements increase

significantly with deeper networks, leading to lower efficiency at the high end.

It is possible to have a single layer network approximate any function, if the
layer has sufficient width. This is courtesy of the Universal Approximation Theorem
[Cybenko| (1989)]. However, it is difficult to train such a network with large width
and unit depth. Deeper networks can extract much more variety of information
with fewer parameters. This is because, repeated convolutions of convolutions can

construct complex features that a single layer network cannot.
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Regularization is often one of the most important factors to ensure good
convergence in neural networks, especially with architectures bearing very high
depth. Data augmentation [Krizhevsky et al.| (2017)] randomly applys image
processing techniques to an existing dataset to produce more examples of the
same dataset. Weight decay disallows a network’s weights to change by a large
value with each iteration of gradient descent update. Mathematically, this is akin
to the formulation of £, regularization. Other regularization techniques include
stochastic depth (dropping different layers randomly during training) [Huang et al.
(2016)], dropout (dropping linear layer units randomly to promote the learning of
independent features) [Srivastava et al.| (2014)] and label smoothing (computing

loss with respect to smooth distributions of target labels) [Miiller et al.[(2019))].

2.10 BACKPROPAGATION & OPTIMIZATION

Backpropagation [Rumelhart et al.| (1986))] (short for backward propagation of
errors) is a method which applies the chain rule of calculus to recursively calculate
gradient of the loss w.r.t to any parameter in the a deep neural network. The setup
is as follows. We have input vector / (a mini-batch of images). We have a neural
network with D layers. The weights at layer [ is w;. The collection of all weights is
denoted by 0 = {wy,...,w;, ..., wp}. Each layer takes in the feature map of the

previous layer and computes an output feature map, which formally is as follows:

A= Fu(Ary) (22)

The loss function of the neural network £(X, #) is a function of all parameters

of the network. To update the network’s parameters with gradient descent, we need

to find the gradient of the loss w.r.t each parameter, i.e. 88_51’ which we do so by

using the backpropagation algorithm. The backpropagation algorithm starts at the

24



IMPROVEMENTS IN LEARNING CAPACITIES OF CNNs

final layer and recursively progresses towards the first layer, calculating the gradient

in each step using the chain rule. First we calculate the derivaive of the loss itself

oL
owp *

by:

Therefore by chain rule, the gradient of the loss w.r.t any parameter wj is given

OL A OL

= 23
8wl 8wl 8Al ( )
which can be expressed as:
oL 0Al 0wl+1 oL
= 24
6wl 8wl E)Al 8wl+1 ( )
which can further be expressed as:
oL  0A; Qwiy 0Ap 0L 25)

8wl N 0wl 8Al (9wD,1 (9AD

This process continues until exhaustion. In the end of this process, we get all
the values of the gradient of each and every parameter of the network. We can then

proceed to update the network’s weights using gradient descent which is given as:

OL(X,0,)

‘9t+1 = 9t — A 90

(26)

where 0; represents the state of the network’s parameters at the ¢’th iteration
of gradient descent, and )\ is a hyperparameter known as the learning rate. This
method of updating the network’s weights is known as Stochastic Gradient Descent

optimizer (or SG'D for short).
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Stochastic gradient descent [Kiefer & Wolfowitz (1952)] can be quite slow to
converge and is often proned to getting stuck at sharp local minimas and saddle
points. A modification to the traditional SGD based update is the inclusion of
momentum hyperparameter in optimization. SGD with momentum is a variant of

SGD that is formulated as:

AL(X,0,)

00 (27)
Or1 = 0 — Ay

Vi1 = PO +

Here v is an intermediate variable that keeps track of the velocity vector of a
parameter’s state during the optimization proces. Then it uses p to build up that
velocity vector as running mean of gradients. Finally, it calculates the position
vector using the velocity vector and completes the optimization step. SGD +
momentum is leads to faster convergence and is robust to poor local optimas and

saddle points.

A slight modification to the formulation of SGD + momentum is the Nesterov
momentum optimizer [Nesterov (1983))], which approximates the future position of
the state vector (in a “lookahead” fashion) and uses that to compute the gradient

instead of the old position. The formulation is as follows:

OL(X,0,)
00 (28)
§t+1 =0, + Vg1 + p(Vir1 — vy)

Vg1 = PVt —

where 6 represents the position vector approximation.

The aforementioned optimizers applies hyperparameters globally. Optimizers
that apply the optimization update on a per-parameter basis are Adagrad [Duchi

et al.| (2011)], RMSprop [Hinton et al.| (2012)] and Adam [Kingma & Ba (2014)].
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Adagrad tracks the sum of squared gradients (per-parameter), and then the

square-root of it is used to normalize the learning rate in the update step.

00
A OL(X,6)
vV Gt+1 +€ 89

OL(X,0)\>
Gy =Gy + <M>

(29)

9t+1 =0; —

RMSprop builds on top of Adagrad, in which it addresses the slow
monotonic decreasing learning rate phenomena of Adagrad. It introduces another

hyperparamter called the decay rate (/3). The formulation is as:

OL(X,0,)\>
G = PG+ (1 —-P) (%)
(30)
oA OL(X.6)
t+1 = Ut Gt e 90

The Adam optimizer is a sort of RMSprop with induced momentum. It consists
of two additional hyperparameters, ; and [, which it uses to calculate the first

moment 4 and second moment v. The formulation goes like:

0L(X,0
ps1 = P+ (1 — 51)%
31)
OL(X,0,)\° (
Vi1 = Bavy + (1 - 52) (%)
We then calculate two intermediate variables, b; and b,:
Hi+1
b = ;
by — Vi1
fT1-p

Finally, we calculate the updated weights:
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by
vV bg +e€

Ori1 = 00 — A (33)

All of the above optimizers are first order optimizers, meaning that they
use only the first order gradient to update the weights of the neural network.
However, most first order optimizers are associated with a lot of hyperparameters.
Second order optimizers can perform optimization without the need for any

hyperparameters such as learning rate, or momentum, etc. It is given as:

0 =0, — H'Vo(J(8)) (34)

where J(f) is the second-order Taylor series expansion of @, which is given

by:

7(0) % J(00) + (0 — 00)" Vol (60)) + 50— 0 HO~0) (39

and H is the Hessain matrix. This is quite a problematic formulation because
the update equation requires the Hessian matrix to be inverted (O(n?)). The
BFGS optimizer (Broyden-Fletcher-Goldfarb-Shanno) [Broyden|(1965)] employs a
quasi-Newton method to perform an O(n?) approximation of the inverse Hessian by
collecting rank 1 updates over time, while the L-BFGS optimizer (Limited Memory

BFGS) [Liu & Nocedal (1989)] does it with reduced memory cost.
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3 RELATED WORKS

First we explore the existing literature in the context of inter-network learning.
Forming a group of neural networks, or an ensemble, is a widely accepted approach
to enhance the efficiency of learning-driven algorithms. The winning residual
network from ILSVRC 2015, [[He et al. (2016)], utilized six distinct base ResNet
models. Traditionally, the training of base models has been conducted without
considering the interdependence between them. The more diverse the features
learned by the base models, the more effective an ensemble can be. This diversity
means each model introduces a distinct set of features to the ensemble, thus
encompassing a wider spectrum of information and enhancing generalization.
The Random Initialization Ensemble approach changes the starting states of base
models, leading to varied optimization paths. Deep Ensembles [Lakshminarayanan
et al. (2017)] is a technique that follows this principle. However, these methods
do not actively promote diversity during training. They typically require multiple
experiments with varied initializations, after which a selection of the most diverse
models is included in the ensemble. There are other ensemble techniques as
well. SnapShot Ensemble [Huang et al. (2017)] and [Wen et al.| (2019)], integrates
checkpoint gathering with cyclic learning rate strategies like SGD with warm
restarts [Loshchilov & Hutter (2016)]. Fast Geometric Ensemble [Garipov et al.
(2018)], creates ensembles by merging modes as it navigates high-accuracy paths
between them. Checkpoint ensembles [Chen et al.[(2017))] use training checkpoints
as ensemble candidates, merging them towards the training’s conclusion. Adaptive

Ensemble [Inoue (2019)] lowers computational load by eliminating ensemble
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processes for inputs that display high softmax outputs, leveraging confidence
intervals. Auto-Ensemble [Yang & Wang (2020)] forms ensembles by gathering

checkpoints and employing a learning rate scheduling mechanism.

Several methods exist for learning ensembles such as [Hansen & Salamon
(1990)], [Krogh & Vedelsby| (1994)] and [Dietterich (2000)]. Negative correlation
learning [Alhamdoosh & Wang| (2014)] and error independent ensembling
[Giacinto & Roli(2001)] has also been utilized to create ensembles. In many cases,
the dataset is often divided into many overlapping or non-overlapping subsets and
fed to the base models and with enough hardware, the models can be simultaneously
trained [Ge et al.| (2020)] [Zhang et al.| (2018)] and their predictions aggregated.
Often, the base models are trained with different hyperparameters to reach different
solution points. The base models are combined using model averaging, various
types of voting (majority voting, soft voting or plurality voting) or weighted
consensus (boosting voting) [Wu et al.| (2020)]. In collaborative learning [Song
& Chai| (2018))], many ensemble head networks are used on the same network to
improve robustness and generalization. A similar idea is explored in [Zhou et al.

(2002)] and from the perspective of pruning in [Le et al. (2020)].

Some well-known techniques for obtaining ensembles from base models
include Random Forest [Breiman! (2001)] [Ho| (1995)], Bagging [Breiman| (1996)],
Boosting [Schapire (1999)], and AdaBoost [Schapire (2013)], Random Layer
Sampling [Lee et al| (2020)]. EnsembleBench [Wu et al. (2020)] tries to
minimize the number of possible ensemble candidates required for evaluation while
maximizing overall ensemble performance. It is widely accepted that maximizing
diversity is critical to maximizing ensemble benefits. It is obvious that if all the base
models are exact replicas of each other, the ensemble’s performance is no better than
any of its base models. Correlation between diversity and ensemble performance is

explored in [Kuncheva & Whitaker (2003)] and [Partridge & Krzanowski (1997)].
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Co-training losses ensure that all base models eventually perform similarly
with the ensemble output being an average of all predictions. Student-teacher
based ensembles has been explored in [Zhang et al. (2018)] [Lyu et al.| (2021)]
using distillation [Hinton et al.| (2015)]. Co-training has been used to achieve
diversification [|Ge et al| (2020)] [Blum & Mitchell| (1998)] [[Qiao et al.| (2018))]
[Batra & Parikh (2017)] [Yang et al.| (2020)]. Neural Architecture Search (NAS)
based methods have also been used to create ensembles [Elsken et al.| (2019)] [Weill
et al.[(2019)] [Fang et al.|(2019)] [Jin et al. (2019)] [Zoph & Le|(2016)] [Cortes et al.
(2017)] [Zairdi et al.|(2021)]. Loss functions and training routines that directly target
model diversity has been explored in [Liu & Yao (1999)] [Lee et al.|(2015)] [Zhou
et al.[(2018)] [Webb et al.| (2019)] [Jain et al.| (2020)] [Pearce et al.| (2020)].

For intra-network learning, that is improving the learning capacity of a single

neural network in isolation we have the following works:

Gradient Clipping (GC): Gradient Clipping [Pascanu et al.| (2013)], often used
in natural language processing methods [Merity et al. (2017)], is a technique that
involves changing or clipping the gradients with respect to a predefined threshold
value during backward propagation through the network and updating the weights
using the clipped gradients [Zhang et al.| (2019); Smith et al.|(2020)]. By rescaling
the gradients, the weight updates are likewise rescaled, significantly reducing the
risk of an overflow or underflow [Pascanu et al.|(2012)]. GC can be used for training

networks without batch-normalization.

The formulation is as follows: If G is a gradient vector which is 9L/06 (the
gradient of the loss L with respect to the parameters ). In clip by value, the

gradients are modified as:

MG |G > A, 6

G otherwise
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At larger batch sizes, the clipping threshold in GC becomes highly sensitive
and requires extensive finetuning for various models, batch sizes, and learning
rates. As we demonstrate later in our studies, GC is not as effective in improving
the performance of non-normalized networks. AGC performs better than GC in

non-normalized networks.

Adaptive Gradient Clipping (AGC): Adaptive Gradient Clipping [Brock et al.
(2021)] is developed to further enhance backward pass gradients than what is
performed by GC. It takes into account the fact that the ratio of the gradient norm to
the weight norm can provide an indication of the expected change in a single step of
optimization. Here the normalized gradient is clipped by A, which means that large
weights can have large gradients and still the normalized gradient can be within .
If it is not within the threshold, then their gradient is normalized by the ratio of
norm of the gradient and norm of the weight in order to avoid gradient explosion. If
W' is the weight matrix of the I" layer, and G' is its gradient in the backward pass,
then the following equation is used to modify the gradient of the i” filter before its

update:

Wi G!
z )\||G; EGL if ‘|‘W§ > A
at— ¢l e (37)
G! otherwise

The hyperparameter A of AGC is less sensitive to changes in batch size and
depth as observed in [Brock et al.| (2021)]. However, when applied to vanilla
residual networks (ResNet-18), the performance is still afar from normalized
variants as demonstrated by our experiments. In most cases, AGC is used for

training networks without batch-normalization.

Label Smoothing: Label smoothing, introduced by Szegedy et al. [Szegedy
et al.[(2016)], utilizes smoothing of the ground truth labels as a method to impose

regularization on the logits and the weights of the neural network.
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The formulation is as follows. If ¢; is the value at the i*" index of the one hot
encoded vector of the ground truth label, then the transformed distribution of the
labels ¢/ is:

1—e€e if1 =y,
q; = (38)

€

7= Otherwise

where € is a hyperparameter with a value in [0, 1] and y denotes the index of the

correct class.

Miiller et al. investigates how label smoothing work in [Miiller et al. (2019)].
Using visualizations of penultimate layer activations, they demonstrate that label
smoothing calibrates the networks predictions and aligns them with the accuracies
of the predictions. Parallel works in label smoothing include Pairwise Confusion
[Dubey et al. (2018)], combatting Label Noise [Reed et al.| (2014)], achieving

regularization through intentional label modification [Xie et al. (2016)].

Knowledge Distillation: The formulation of PowerGrad Transform is akin
to temperature based logit suppression of [Hinton et al. (2015)]. Knowledge
distillation [Ba & Caruana (2014))] is a process in which two networks are trained.
First a teacher network is trained on a given dataset and then the soft-labels (the
predicted probabilities) of the teacher network are used to train another network,
called the student network. In similar style of label smoothing, knowledge
distillation aims to generate smooth gradient behaviour by forcing the network
not to overpredict on any single image. As in case of label smoothing, the
student network’s weights are automatically penalized if the network assigns a
probability value higher than the soft labels generated by the teacher network.
Variants of knowledge distillation include self-distillation [Zhang et al. (2019)]
[Wang et al. (2021)], identical student network distillation [Furlanello et al.[(2018))],
channel distillation [Ge et al. (2019)], regularizing wrong predictions [Yun et al.

(2020)] and representation or embedding based knowledge distillation [Aguilar
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et al. (2020)] [Yao et al.|(2018)] [Passalis & Tetas (2018)]. Distillation is applied to
various tasks such as model compression [Wang et al. (2020)], face recognition
[Ge et al| (2018)], enhancing ensemble performance [Zhang et al.| (2018)],
interpreting neural networks [Liu et al. (2018)]. Efficacy of distillation is extensivly
studied in [Cho & Hariharan| (2019)] [Yuan et al.| (2020)]. Applications of logit
suppression include: deep metric learning [Zhai & Wu| (2018)], non-parametric
neighborhood component analysis [Wu et al.| (2018))], sequence-to-sequence
modelling [Chorowski & Jaitly| (2016)], reinforcement learning [He et al.| (2018)]
and face recognition [Liu et al.| (2017)] [Wang et al.| (2018)].

Self-knowledge distillation is used in many different ways, which mainly
focuses on improving the performance of the model by either creating multiple
ensemble student models [Zhang et al.|(2018)], using different distorted versions of
same data with two different versions of a single network which guides one another
[Xu & Liu| (2019)] or injecting multiple sub-modules in the network to improve
its capacity [Zhang et al.| (2019)]. However none of these methods use normal

traditional training without introducing sub-modules in the architecture.

Other techniques of weight update include slot machines [Aladago & Torresani
(2021)], where random weights are generated and carefully selected during

backpropagation in a way that minimizes the loss function.
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s+ KNOWLEDGE DIVERSIFICATION

In typical neural network ensemble methods, multiple networks are
independently trained, and their outcomes are merged either through voting or
linear combination. However, this approach doesn’t promote information sharing
among the ensemble’s base networks. To boost the performance of neural
network ensembles, it’s crucial to diversify their representations. Therefore, we
suggest a technique that enhances the learned representations within an ensemble
by promoting feature sharing during the training goal. Our Feature Difference
Loss (FDL) encourages the networks within the ensemble to acquire distinct
features, thus directly enhancing model diversity. Testing with ensembles of two
to four networks reveals marked improvements over other ensemble methods.
These improvements are more pronounced for datasets with fewer samples per
category, like MNIST, CIFAR-10, and CIFAR-100. Even on extensive datasets
like ImageNet, we noted positive results. Furthermore, the benefits are consistent
across various architectures, from basic ConvNets to advanced networks such as

VGG and ResNets.

41 MOTIVATION

In section[I.1] we introduced the notion of the learning capacity of an ensemble
of networks. We define it as the joint performance that a pool of networks can
achieve in a given task. We call each individual network in a pool, as base models.

It is known that when base models in an ensemble are trained from a different
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initial condition, they almost always arrive at a different local optima. This, often,
serves as a source of additional knowledge. Thus when the predictions of /N such
base models (N > 1) are taken, we find that we can combine their predictions
using some form of voting scheme and achieve performance higher than what each
individual model in the ensemble could have achieved. This is often known in the
literature of ensemble learning as diversity. However, to the best of our knowledge,
as of writing this thesis, there isn’t any way to force diversity into a pool of base
models. With this work, we introduce a method to force base models to oppose
each other in an adversarial manner and arrive at very different optimal points on

the loss landscape, guaranteeing high diversity in the base models.

The fact that diverse models leads to better ensemble performance is also
directly connected to our notion of inter-network learning capacity. If diversity
between ensembles is low or zero, then each network do not bring anything new
to the table and consequently their ensemble performance suffers. If the parameter
count of a single base model is P, then the parameter count of N such identical
base models is /V P, and hence it is expected that the learning capacity of the cohort
of NV base models should at least surpass the base models themselves. However,
this is contingent to the diversity of learnt representations that each base model
learn during training. In traditional neural network training, there is no way to
train mutliple neural networks in a connected manner (in the sense that gradients
from one network do not flow into another network during training because they
are treated as separate computation graphs). Consequently, there is no way for any
one of the base models in the cohort to know what other base models are learning.
In this work, we allow features from one network to travel to other networks in the
ensemble and by doing so allow all networks in the ensemble to be aware of all other
networks in the pool. Then we invoke adversarial training to force each network to
oppose each other and explore the loss landscape to search disjoint information and

learn diverse feature representations.
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42 INTRODUCTION

In various applications, identical neural networks are used. For instance:

1. Self-driving vehicles in a local area each using identical neural networks.

2. Factories utilizing neural networks to detect fractures in components

moving on a conveyor belt.

3. Satellites monitoring the climate analyzing the earth.

In these contexts, the same overall objective is assigned to multiple instances
of identical neural networks. However, if these networks possess the same weights,
the collective knowledge remains equivalent to that of a single network, restricting
enhanced performance. To overcome this limitation, our goal is to diversify the
knowledge within a pool of neural network (with identical structure but different
weights). We have introduced a training strategy designed to enrich the collective
knowledge of the pool by encouraging diverse feature representations among the
networks. This is achieved using our Feature Difference Loss (FDL), a loss function
that promotes diversity by making each network learn unique features. Our novel
training regimen requires sharing feature tensors among the networks during the
training process. This sharing ensures the cumulative knowledge of the pool is
disseminated throughout the networks, optimizing for diversity. As networks gain
insights into the collective knowledge of a pool, they can be driven towards different
optimal solutions through the FDL, effectively making the base models compete in
a minimax style. This training approach doesn’t introduce new hyperparameters
beyond the usual ones. We have conducted thorough tests on various models
and datasets, ranging from simple ConvNets to deeper architectures like VGG,
ResNet-18, and ResNet-50. These networks were trained on datasets like MNIST,
CIFAR-10, CIFAR-100, and ImageNet-1K with up to four networks. Our results

indicate that FDL consistently enhances performance across all tested scenarios.
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Figure 3: The architecture of the ensemble head network. Predictions of two identical networks are
combined into a single prediction vector using 2N linear units or 2N (1 x 1) convolution.

43 METHOD

We start with NV identical base networks. Without loss of generality, we portray
the N = 2 case. In Fig. we show networks Ny and N,. The two networks
produce two sets of prediction vectors independently, and then those two vectors
are concatenated and fed to an ensemble head network, Nz. The ensemble head
comprises a single layer of 1 x 1 convolution kernels and it learns the optimal linear
combination to combine the prediction vectors at its input. All networks Ny, N,
and Nj are trained using cross-entropy loss. However, we also have other losses

during training which we portray in next section.
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Feature Exchange

Images

sjeqe

“PE

“ Cross Entropy Loss “ FDL Loss Similarity Loss “ Ensemble Loss

Figure 4: The architecture of four identical neural networks trained with FDL. All networks share a
common minibatch. Features are exchanged and the networks weights are updated so as to maximize
feature differences between them. The double sided arrows represent the different loss functions and
their position indicates the location where they are invoked. Prediction vectors (P1, P2, P3, P4) are
combined using an ensemble head to create PE.

If ¥, and ¥, are the prediction vectors for an input mini-batch I, then for

networks /V; and N, respectively, we have:

:(vlla"'avlp):fl*]— (39)

S

1722(021,"'7112;;):-7'—2*[ (40)

where J; and F; represents the parameters of /N; and N, respectively, and * is the

convolution operator.
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The output of the ensemble head can then be represented as,
176 = (’Ul, s ,?)p) = K k (UH, R ,vlp,vgl, cee ,ng) (41)

where K is a set of 1 x 1 convolution kernels.

During the training of the ensemble head, no gradient is passed back to the
base networks. The training routine of the base networks and the ensemble head is

performed in five phases, which we describe in section 4.3.2

43.1 FEATURE DIFFERENCE [LOSS FUNCTIONS

Convolutional layers operate as 3D filters to generate output images from input
images. All convolutional layer features can most closely be interpreted as pixels in
an image, and the £, loss function is the most effective method for comparing
pixels. Given a convolutional base neural network N, we define W; as the "
convolutional layer of the network. A feature vector F;_; is fed into W;, and the

output F; is generated.

Fy =W Fiy (42)

We denote the shape of the tensor F; as (B, C, H, W) where B is the number
of images in a batch, C' is the number of channels of each image and H x W is the
resolution of each image. In Fig. 4 we show the architecture and the computation
graph of four neural networks trained using our proposed method. First we portray
the two network case, following which we extend our method for ensembles of
more than two networks in section4.3.2] Given, two identical networks N; and Vs,

we compute the feature difference loss for the i layer as:

40



IMPROVEMENTS IN LEARNING CAPACITIES OF CNNs

L£V17N2 - ﬁ Z Z Z Z (FiNl(b’ ¢, h7 w) - FiNz(b7 ¢, h> w))2 (43)

The value of the feature loss is then summed up and averaged over the depth

(D) of the network as:

D—-1
1
Lz 5 > oL (44)
d=0

Given the cross-entropy loss of network Ny and NV, as Ly and L, respectively,

we define the similarity loss function as:

SN2 — ([ — [y)? (45)

Ideally, we want to perform maximization of the feature difference loss, Eq. [44]
However, as is commonly followed in the training routines of generative adversarial
networks (GANSs), the discriminator’s loss functions are not maximized, rather the

negative of it is minimized. Here too, we minimize the negative of the FDL loss
function, Eq.

We pose the optimization criterion as:

Nj(W) = argmin(—LE5N? 4+ k SMN k) Ly (Gn,, ) + k2 Lx (3,5 y)) (46)
W

L is the cross-entropy loss function that acts on the the prediction vector y and
the ground truth y. The constants k, k1, ko controls the weights (‘importance’) of
the individual losses. However, directly optimizing Eq. 6| requires careful tuning

of the constants. To avoid this, we train the entire system in several different phases
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Figure 5: The training pipeline of two networks N1, N2 along with the ensemble head network
trained with FDL loss. The red dotted line indicates the flow of gradients during backpropagation.

with each phase targeting a single loss function and it entirely eliminates the task

of tuning the constants of Eq. 46

432 TRAINING PHASES

433 PHASE O

To train the ensemble network with the different losses of Eq. 6] we develop
a training algorithm that is akin to the way generative adversarial networks are
trained, i.e. in phases. We have five different phases of training as portrayed in
Fig. [5] Without loss of generality we discuss the N = 2 case, i.e. two base
models and a single ensemble head as the ensemble network. During training, we

train NV; and N, independently from a different seed for a few epochs. We denote
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this pretraining phase as the zero’th phase as it occurs only once in the training
cycle. After the pretraining phase is completed, phase 1 through 4 repeats in a
cycle occuring once every iteration until convergence. If we invoke the FDL loss
function from the very first iteration (i.e. without invoking phase zero), the training
progresses haphazardly, leading to instability. So we pretrain N; and N, for a few
epochs depending on the dataset. Smaller datasets such as the CIFAR datasets,
the number of pretraining epochs are often just one epoch. Larger datasets require
more pretraining. We mention all training details and hyperparameters for complete
reproducibility in the supplementary section of this article. It is important to note
that we stop training much before convergence. At this state, the networks have
not reached their convergence point yet. If we invoke the FDL loss from this point
onwards, the two neural networks diverge from their paths and arrive at different
and diverse optimal points. The FDL loss maximizes the gap between the two
optimal points, by making the networks compete against each other. The farther
the final optimal points of each base network, the better it is for the ensemble as a

whole.

43.4 PHASES 1 AND 2

In the first phase, we train the base models with a single minibatch from the
training dataset and immediately move on to the next phase. In the second phase
of training, we invoke the similarity loss. In a two network setting, we take the
loss values of the two networks and compute the mean squared error between them.
Since the two loss ‘tensors’ are a part of the computation graph, the effect of the
mean squared error computation backpropagates through the entire network. The
aim of the similarity loss function is to stabilize training. With the similarity loss,
the cross-entropy loss values are kept within a reasonable range of one another. The
reason why we choose to compare the loss values instead of the prediction vectors

is the following. The loss value (a scalar) represents the height of a point on the
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loss landscape whose value is determined by the parameters of the network and the
input vector (a minibatch of training images). Several different points on this loss
landscape can have the same loss value. By comparing the loss values of the base
models, we force the network to arrive at a ‘similar’ quality optima at convergence.
Due to the fact that stability issues are typical when training neural networks with
negative loss landscapes (FDL or GAN), the presence of the similarity loss function
is essential. If in case we train the base models to only minimize the negative of the
FDL loss without having the similarity loss in the training pipeline, we observe that
in some cases the weights of one of the base networks goes to zero, while the other
network arrives at a perfectly good optimal convergence point. This is intuitively
plausible, as it is optimal to ‘sacrifice’ the accuracy of one of the networks to have
the FDL loss at a maximum value since the feature vector differences will then be at
their greatest. The presence of the similarity loss prohibits this phenomena. Also, in
our formulation of the similarity loss we do not compare the prediction vectors and
instead choose to just compare the loss values. This is because it is possible for the
networks to have the same loss value for different prediction vectors. Comparing
the prediction vectors would instead lead the networks to arrive at the exact same
optimal point, which will lead to a loss in ensemble diversity. A group of networks
that output the same prediction vectors for any input images does not provide
any additional information to the ensemble. In case of N networks, we find that
invoking the similarity loss between every pair of ¥, networks is computationally
intensive and so we randomly choose any two networks per iteration and invoke the
similarity loss objective only on those two networks. A uniform random sampler

ensures that all pairs of networks are choosen with equal likelihood.

43.5 PHASE 3

In the third phase, we invoke the FDL loss. In this step, we collect all output

activations from only the convolutional layers. We broadcast the activation tensors
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Algorithm 1: Training routine for two identical base networks in an FDL ensemble.

Given: Identical networks Ny and N5, Ensemble Head network Ng

Data: I=Image, y=Label.

Pretrain [V, for one epoch.
Pretrain [V, for one epoch.

while iter < iter,,q. do

y1 < Ni(I)
Ly« Lx(y,y)

¥ ¢ No(1)
Ly Lx(¥3,y)

L1 < Lx(Nl(I),y)
L2 < Lx(NQ(I),y)

3:’1 +— Ni(1)
Yy, — NQ(I)

L+ Lx(Yg,y)

iter + +
end

Backpropagate AndUpdaten, (L)

Backpropagate AndUpdate, (Ls)

SNI’NZ = (Ll — L2)2
Backpropagate AndUpdaten, n,(S)

Ve < [N(D)T, No(D)T]T

Backpropagate AndUpdaten, (Lg)

/+*Phase 0%/

/*Phase 1x/

/*Phase 2x/

/*Phase 3%/

Collect all feature tensors into buckets Fiy, and Fly,.
Compute feature difference loss, Lrpy, from Eq. 44.
BackpropagateAndUpdaten, n,(—Lrpr)

/*Phase 4x/

to all other networks in the pool, and compare the mean squared difference between

them in a pairwise fashion as per Eq. 43| This means that for N networks, the total

number of transfers is V(5. This is crucially important as it ensures information

exchange between all networks in the pool, which is the crux of our algorithm. The

final FDL loss for N networks is the average over all YC, transfers. Instead of

maximizing the FDL loss, we minimize the negative of it.

1 N-1 N o
Lior = 5g; > > Litow (47

i=1 j=i+1
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43.6 PHASE 4

Finally in the fourth phase of training, we train the ensemble head network Np.
The input to N is a concatenated array of all logits accumulated from all base
networks. While training the head network, we do not pass the gradients back to
the base networks. This is an important step required to measure the efficacy of the
FDL loss. If the gradient that is computed at the ensemble end is used to update
the weights of the base networks, then there is a possibility that the base networks
improve the ensemble performance through this gradient update and not through
FDL. Hence we choose to keep the weights of the base networks completely disjoint

from the weights of the Ny network.

In none of the training phases, we optimize the ensemble’s performance by the
loss computed at the ensemble head. Instead, we use feature exchange and FDL
to allow the network to arrive at better optimas, by nudging it towards different
solutions where the learnt feature representations are diverse. Each iteration

comprises phase 1 through 4 exactly once. The process continues until convergence.

44 EXPERIMENTS

MNIST CIFAR 10/100 ImageNet-1K

3x3 Conv (32) 3x3 Conv (32)

BN BN

VGG-16/ VGG-16/
ReLU ReLU ResNet-20/32 ResNet-20/32
2x2 Pool 2x2 Pool
1x1 Conv (10) 1x1l Conv (10)
Linear(20) 1x1 Conv (20/200) 1x1 Conv (2000)
(a) (b) (c)

Figure 6: We perform experiments on the following models. (a): A simple two layer network on
MNIST. (b): Deeper networks, VGG-16 and ResNet-20/32 on CIFAR-10/100. (c): Larger models:
ResNet variants on ImageNet-1K.

Our first experiment consists of a simple network (Fig. [f[(a)) that has a single

convolution layer with M units of 3 x 3 filters. Training on the MNIST dataset,

we vary M from 1 to 256, and record the performance of the single full-width
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Figure 7: Number of Filters (M) vs Accuracy plot of a one layer ConvNet. Red line indicates single
network of M filters. Blue line indicates FDL ensemble of 2x networks (M/2 filters each).

network (of M filters) and the ensemble performance of two half-width networks
(M /2 filters each) (Fig. a)). We observe that in every case, the two network
FDL ensemble learns better representations and outperform the single full-width

network.

We experiment with deeper networks, such as VGG-16 [Simonyan &
Zisserman| (2014))], ResNet-20 and ResNet-32 [He et al.| (2016)] and with the
CIFAR-10 and CIFAR-100 [Krizhevsky et al.| (2009)] datasets. We use a single

Table 1: Results of experiments on a single layer ConvNet with M filters trained on MNIST. The
middle column indicates accuracy results obtained with a single network of M filters. The right
column indicates the accuracy results obtained with two networks with M/2 filters each, trained
using feature difference loss across the two networks. Results indicate that two networks trained
with FDL learns better representations, achieves higher accuracy and thus makes better use of the
model capacity.

Filters  1x Network (%) 2x Half-Networks (%)

M) (M filters)  (M/2 filters each) + FDL
2 92.00 4+ 1.41 94.97 + 0.08
4 95.80 + 0.59 97.06 + 0.06
8 97.36 + 0.22 97.86 + 0.08
16 97.92 + 0.06 98.18 + 0.03
32 98.16 £ 0.05 98.39 + 0.03
64 98.23 + 0.07 98.40 + 0.05
128 98.24 + 0.05 98.38 + 0.14
256 98.27 £ 0.05 98.39 + 0.11
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Table 2: Comparisons of ensemble methods in image classification task, performed on the CIFAR-10
and CIFAR-100 datasets.

Method Accuracy(%)
CIFAR-10 CIFAR-100
VGG-16 (1x) baseline 93.66 74.61
VGG-16 RIE (2x) 93.7 76.95
VGG-16 SSE [Huang et al.|(2017)] 94.05 75.31
VGG-16 FGE [Garipov et al.[(2018)] 94.34 76.46
VGG-16 AE Full [Yang & Wang|(2020)] 93.93 72.16
VGG-16 FDL (2x) [ours] 94.93 77.02

layer of 1 x 1 convolution units as the ensemble head, Fig. [6(b). From Table 2] we
observe that ensembles trained with FDL outperform other methods. In CIFAR-10
experiments, FDL outperforms AE Full by 1.0%, SSE by 0.88%, FGE by 0.59% and
improves over the single network baseline by 1.27%. In CIFAR-100 experiments, it
outperforms AE Full by 4.86%, SSE by 1.71%, FGE by 0.56% and improves over
the single network baseline by 2.41%. We additionally perform multi-netowrk FDL
ensembles with two, three and four networks with each of VGG-16, ResNet-20 and
ResNet-32 on both CIFAR-10 and CIFAR-100 datasets. We portray the results in
Fig. [7(b) and also in the supplementary section. For CIFAR-10, 4x FDL ensembles
outperform the baseline by 1.56% for VGG-16, 2.24% for ResNet-20 and 1.67%.
In case of CIFAR-100, 4x FDL ensembles outperform the baseline by 3.73% for
VGG-16, 5.89% for ResNet-20 and 6.88% for ResNet-32.

On the ImageNet-1K [Russakovsky et al| (2015)] (Fig. [6(c)), we see a

significant improvement of 1.58% in ResNet-18, and an improvement of 0.67%

Table 3: Comparisons of ensemble methods in image classification task, performed on the
ImageNet-1K (right).

Accuracy (%)

Method

ImageNet-1K
ResNet-50 (1x) baseline 76.38
ResNet-50 RIE (2x) 76.96
ResNet-50 SSE [Huang et al.| (2017))] 76.67
ResNet-50 FGE [Garipov et al. (2018))] 76.69
ResNet-50 FDL (2x) [ours] 77.06
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Ll

x1 x2 x3 x4 x1 x2 x3 x4 x1 x2 x3 x4
VGG-16 ResNet-20 ResNet-32
CIFAR-10 CIFAR-10 CIFAR-10

x1 x2 x3 x4 x1 x2 x3 x4 x1 x2 x3 x4
VGG-16 ResNet-20 ResNet-32
CIFAR-100 CIFAR-100 CIFAR-100

Figure 8: Multi-network FDL ensemble accuracies for various models (VGG-16, ResNet-20,
ResNet-32) on (CIFAR-10 and CIFAR-100).

in ResNet-50 (Table[7). 2x ResNet-50 models trained with FDL outperforms SSE
by 0.39% and FGE by 0.37% (Table [3).
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Table 4: FDL Ensemble of multiple neural networks for the CIFAR-10 dataset. We report accuracy
metrics of each base model along with the ensemble. Best individual and ensemble accuracies are

marked in bold.

Model ‘ CIFAR-10 ‘ FDL

| Network 1~ Network 2 Network 3 Network 4 | Ensemble
VGG-16 (x1) 93.66 93.66
VGG-16 (x2) 93.57 93.96 94.93
VGG-16 (x3) 93.53 93.93 93.60 95.14
VGG-16 (x4) 93.82 93.79 93.97 93.58 95.22
ResNet-20 (x1) 92.20 92.20
ResNet-20 (x2) 91.79 92.02 93.56
ResNet-20 (x3) 92.36 92.51 92.28 94.29
ResNet-20 (x4) 92.18 91.98 92.10 92.70 94.44
ResNet-32 (x1) 93.21 93.21
ResNet-32 (x2) 92.37 92.10 93.81
ResNet-32 (x3) 93.33 93.48 93.11 94.78
ResNet-32 (x4) 92.69 92.91 93.03 93.02 94.88

Table 5: FDL Ensemble of multiple neural networks for the CIFAR-100 dataset. We report accuracy
metrics of each base model along with the ensemble. Best individual and ensemble accuracies are

marked in bold.

Model | CIFAR-100 | FDL

| Network I ~ Network 2 Network 3  Network 4 | Ensemble
VGG-16 (x1) 74.61 74.61
VGG-16 (x2) 74.27 74.44 77.02
VGG-16 (x3) 74.03 74.42 73.72 77.66
VGG-16 (x4) 74.82 73.88 73.73 74.26 78.34
ResNet-20 (x1) 67.82 67.82
ResNet-20 (x2) 67.63 68.26 71.48
ResNet-20 (x3) 67.57 67.57 68.50 73.43
ResNet-20 (x4) 67.11 67.76 67.48 67.71 73.71
ResNet-32 (x1) 69.42 69.42
ResNet-32 (x2) 69.25 68.80 73.46
ResNet-32 (x3) 69.40 69.70 68.77 75.38
ResNet-32 (x4) 69.20 69.60 69.45 69.10 76.30
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Number of networks in the ensemble.
Momentum. Other hyperparameters that are common

Table 6: Hyperparameters for all experiments carried out. N

m=

Batch Size. Ir = Learning Rate .
across all experiments are the following: Weight Decay
all training sessions.

B =

5 x 10~*. Nesterov momentum is used in
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Figure 9: 2x VGG-16 ensemble training on CIFAR-100. (a) Loss and accuracy plots. (b) Similarity
loss plots. (c) Plot of Mean Squared Feature Differences during the training.

45 ABLATION STUDIES

We discuss the efficacy of FDL loss by performing the same training routine
of Fig. [5| with the same hyperparameters, but as two separate experiments:
‘with” FDL and ‘without” FDL. In Table [§] column [C] denotes the accuracies
of ensembles of two identical base networks trained ‘with’ and ‘without” FDL.
Column [A] denotes the performance of each base network for which the ensemble
in [C] is obtained. Column [B] denotes the individual best accuracy obtained
during the entire training process. We observe that with FDL, not only the
ensemble performance is better than without it, but also the base models trained
with FDL outperform base models trained without FDL. We observe that FDL
enables ensmebles of two base ResNet models to achieve higher accuracies over the
standard non-FDL methods. This indicates that FDL is a diversity enoucouraging

loss function.
We also provide a visualization of feature difference maps between two

VGG-16 models in Fig. [I0] trained with and without FDL. We observe that FDL

Table 7: Test accuracies on the test set of ImageNet-1K. We observe that FDL ensemble performs
better than the non-FDL emsemble.

ImageNet Accuracy (%)

1x 2xX 2x FDL
Network Ensemble Ensemble

ResNet-18 70.012 71.014 71.594
ResNet-50 76.386 76.964 77.06

Model
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Figure 10: Differences between feature maps of two VGG-16 base models trained on the CIFAR-100
with and without FDL. The intensity of yellow on each feature map indicates the strength of the mean
squared difference between two feature maps from the same layer and the same channel.

forces higher feature differences among base models, which we hypothesize as
the primary contributor to increase in diversity, leading to the observed higher
accuracies in FDL ensembles. In Fig. [9(a) we plot different loss plots and
test accuracy plots for 2x VGG-16 ensemble on CIFAR-100. The FDL loss
decreases initially (red line). After 200 epochs it starts to increase, even though
the cross-entropy loss of N; keeps on decreasing (blue line). The yellow circle
marks the epoch where maximum ensemble accuracy is achieved. In Fig. [P|b,
¢) we perform additional ablation studies, where we train the networks with FDL

Table 8: Results of ablation study performed on the ResNet-18 network on ImageNet. We observe
that FDL ensemble performs better than the non-FDL emsemble.

Network 1 | Network 2 | Ensemble
Model

[A] [B] | [A] [B] | [C]
ResNet-18  69.902 70.012 | 69.632 69.748 71.014
+ FDL 69.892 69.998 | 69.666 69.73 71.594
ResNet-50 76.042 76.386 75.97 76.306 76.964
+ FDL 76.186 76.246 | 76.052 76.108 77.06
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and without FDL. In Fig. [9(b), we plot the similarity loss during training. We
observe that in both cases the networks final attain close to zero similarity loss.
This indicates that both networks achieve similar optimal points at convergence.
However, in case of FDL, the inital few iterations the similarity loss is quite high
and fluctuates rapidly. This indicates that with FDL the networks’ states initially
moves away from each other jumping across different local optimas as it explores
the entire loss landscape. Whereas in the without-FDL scenario, the similarity loss
is very close to zero right from the beginning of training. In Fig. [9(c) we plot the
Mean Squared Feature Differences during training for both ‘with’ and ‘without’
FDL cases. We observe that FDL loss steadily decreases to zero if the networks are

not trained with it (blue line), but increases later down during training (red line).

We also performed an ablation study with and without similarity loss. We
found that without similarity loss, the overall training objective does not incentivize
that all networks in the ensemble perform similarly. If we invoke FDL in this
scenario, we see that in a two network scenario, the network that dominates initally
in training, goes on to converge properly, while the other network goes on to attain
weight values that are very close to zero. This is intuitive because FDL maximizes
the feature differences, and one solution to maximizing feature differences is to
make sure that one of the base model does not learn anything while the other
network learns something. Thus the introduction of similarity loss is essential in
maintaining training stability and balancing out the instability that is caused by a

negative loss function (FDL).

46 DISCUSSIONS

In conventional ensemble methods, multiple neural networks are trained
independently. The outcomes from these networks are then merged, either by voting

or linear combination. However, this standard approach has a limitation: it does not
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promote information sharing among the base networks within the ensemble. For
neural network ensembles to reach optimal performance, there’s a need to diversify
their representations. We emphasize that simply training multiple networks and
merging their outcomes isn’t sufficient. There’s a need for these networks to have
diverse representations to maximize the ensemble’s effectiveness. We introduce
a novel technique called Feature Difference Loss (FDL). This technique aims to
enhance the learned representations within an ensemble. It does so by promoting
feature sharing during the training phase. In essence, FDL encourages networks
within the ensemble to acquire distinct features. By ensuring that different networks
focus on different features, FDL directly enhances model diversity. Initial tests
conducted with ensembles of two to four networks show significant improvements
over other ensemble methods. This boost in performance is especially evident
in datasets with fewer samples per category, such as MNIST, CIFAR-10, and
CIFAR-100. Even on extensive datasets like ImageNet, there were noticeable

positive outcomes when using FDL.

In the realm of neural network ensembles, the traditional approach of
independently training multiple networks and subsequently merging their outcomes
has shown its limitations, especially in terms of promoting information sharing
among ensemble members.  Recognizing the critical role that diversified
representations play in boosting ensemble performance, this section has introduced
a promising technique, the Feature Difference Loss (FDL). FDL is not just another
ensemble method but a paradigm shift in how we approach ensemble training. By
actively encouraging networks within the ensemble to focus on distinct features,
FDL directly tackles the challenge of enhancing model diversity. This not only
optimizes the ensemble’s overall performance but also ensures that each member
network contributes uniquely to the ensemble’s decisions. Tests have showcased the
efficacy of FDL, especially in datasets with fewer samples per category. Its positive

impact on extensive datasets like ImageNet further underscores its robustness and
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potential for broader applications. As the field of neural networks continues to
evolve, techniques like FDL underline the importance of continuous innovation.
By promoting diversified knowledge and collaborative learning within ensembles,
we move closer to achieving neural networks that are both diverse in knowledge

and collaborative in approach.
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s POWERGRAD TRANSFORM

In standard neural network training, the gradients in the backward pass are
determined by the forward pass. As a result, the two stages are coupled. This is
how most neural networks are trained currently. However, gradient modification
in the backward pass has seldom been studied in the literature. In this work we
explore decoupled training, where we alter the gradients in the backward pass. We
propose a simple yet powerful method called PowerGrad Transform, that alters the
gradients before the weight update in the backward pass and significantly enhances
the predictive performance of the neural network. PowerGrad Transform trains the
network to arrive at a better optima at convergence. It is computationally extremely
efficient, virtually adding no additional cost to either memory or compute, but
results in improved final accuracies on both the training and test sets. PowerGrad
Transform is easy to integrate into existing training routines, requiring just a
few lines of code. PowerGrad Transform accelerates training and makes it
possible for the network to better fit the training data. With decoupled training,
PowerGrad Transform improves baseline accuracies for ResNet-50 by 0.73%, for
SE-ResNet-50 by 0.66% and by more than 1.0% for the non-normalized ResNet-18

network on the ImageNet classification task.

5.1 MOTIVATION

We introduced the notion of learning capacity in section[I.I]and in Chapter [4]

we explored methods to improve inter-network learning capacity. In this chapter,
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we address the critical problem of neural network training, i.e. we find why some
networks don’t learn as good as other networks (non-BatchNormalized networks
vs. BatchNormalized networks), we explore why even BatchNormalized networks
under-utilize their inherent learning capacities, and we propose an alternative
training methods to modify gradients during the learning process of a neural
network and by doing so, allow it to explore parts of the loss landscape that would

otherwise remain unexplored with traditional way of training.

52 INTRODUCTION

Backpropagation is traditionally used to train deep neural networks [Lillicrap
et al. (2020)]. Gradients are computed using basic calculus principles to adjust the
weights during backpropagation [LeCun et al.| (1988)]. Alternatives to traditional
gradients has rarely been studied in the literature hitherto. In normal training
procedures, gradients are computed immediately in the backward pass utilizing
the values obtained in the forward pass. This makes the backward pass coupled
with the forward pass. However, decoupling the backward pass from the forward
pass by modifying the gradients to improve training efficiency and final convergent
accuracy has hardly been explored. In this work, we explore the landscape of
decoupling the forward pass from the backward pass by altering the gradients
and subsequently updating the network’s parameters with the modified gradients.
There are several ways to achieve gradient modification in the backward pass. We
discuss a few techniques in Fig. One could modify the gradients at either (I)
multiple points in the backward computation graph or (I) at a point very early in
the backward graph and allow this changed gradient to also affect the rest of the

network’s gradients as it backpropagates through the backward computation graph.

Type 0: No modification: In this method, we calculate the gradients using the

standard calculus rules and use the chain rule to calculate the gradients of the rest
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Figure 11: Different ways of altering gradients in the backward pass. Blue blocks denote a
CNN’s different layers (convolutional, linear, batchnorm, softmax, etc.). Orange blocks indicate
the backward graph with unmodified gradients. Green blocks represent transformation functions,
while red blocks indicate transformed gradients. (a) Type 0: Backpropagation without any gradient
modification. (b) Type I: Altering gradients after they are all computed. (c) Type II: Altering

gradients at an earlier stage in the backward computation graph, subsequently leading to alteration
of all other gradients.

of the network’s parameters, also known as backpropagation as portrayed in Fig.

[[1}a). The network is then updated with the gradient descent equation:

Wittt =W} — X V. (L) i=D,D—-1,...,1 (48)

Type I: Gradient modification at multiple points independently: In this method,
the gradients are first computed using standard procedure and then individually

altered as shown in Fig. [II[b). Gradient clipping [Pascanu et al| (2013)] and
Adaptive gradient clipping [Brock et al. (2021)] are examples of such modifications.

In both of these methods, the gradients are first computed using standard rules and

then they are modified using some function. It can be described as:

Wi =W =\ f(Vw (1)) i=D,D-1..,1 (49

where the gradients Vyy, (L) are transformed using the transformation function

‘f’ before the weight update.

Type II: Gradient modification at a point very early in the backward graph: In
this type of modification, the gradient is altered at a very early stage in the backward
computation graph and then all subsequent gradients are generated using the values

obtained with the modified gradients. We illustrate this type of modification in Fig.
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[[T](c). Because of the chain rule, network parameters whose gradients are connected
to the point of alteration in the computation graph also gets subsequently altered. It

can be described as:

WE = Wh = A f(Vw, (L)) (50)

where first the gradient V(L) is transformed using the transformation
function ‘f’ and then this transformed gradient is propagated through the rest

*

of the backward graph. All other gradient vectors Vyy,(L)* are computed as is,
but because of the early injection of the transformed gradient Vyy, (L), all other
gradient vectors that are connected to the transformed gradient through the chain

rule (Vw, (L)*, i=D-1,...,1), gets subsequently altered.

Type 1 modification is computationally more expensive than Type II
modification as it requires altering the gradients of each and every parameter
individually. Type II modification recomputes gradients at each and every location
through the natural flow of backpropagation. We propose PowerGrad Transform
(PGT) which is a type II gradient modification method. With virtually no additional
compute or memory requirement, PowerGrad Transform enhances classification
performance of a convolutional neural network, by leading the network to arrive at
a higher quality optima at convergence, at which both training and test accuracies

improve.

PowerGrad Transform modifies the gradients at the softmax layer, which is the
earliest part of most convolutional neural network’s backward computation graph.
By changing the gradient at this stage, all other gradients for all other parameters
in the network such as the linear layer, batchnorm statistics and convolutional

layer’s filter parameters are affected. We analyze and explore the behaviour of such
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alteration both mathematically and through empirical experiments conducted on
networks without batch-normalization. Experimentally, we see that PGT improved
training and test accuracies for both normalized and non-normalized networks. PGT

improves a network’s learning capacity and results in a better fit of the training data.

The following are the major contributions in this regard:

1. We introduce PowerGrad Transform, which decouples the backward and the
forward passes of neural network training and enables a considerably better
fit to the dataset, as assessed by both training and test accuracy measures.
PGT is a performance enhancement method that alters the gradients in the
backward pass before the update step leading to accelerated training and a

significant boost in the network’s predictive performance.

2. We perform theoretical analysis of the properties of the PowerGrad
transformation (section [5.4.1)) and explore its effect on weight parameters

and gradients (section [5.4.3), logits (section [5.4.2)), (section [5.5.3)), loss
values (section [5.5.3)) and class separation (section[5.4.4)).

3. We study experimentally the degenerate behaviour of non-BN networks that
is often seen during the normal training procedure, particularly at larger
batch sizes. With PGT, we see improved gradient behaviour and a decreased

likelihood of the weights attaining degenerate states.

4. We provide complete results from a variety of models (non-BN and BN
ResNets, SE-ResNets) using the ImageNet dataset. It helps the network to
improve its learning capabilities by locating a more optimum convergence
point. Additionally, we conduct an ablation study and compare its impacts

to those of regularization approaches such as label smoothing.

We examine techniques that are related to gradient modification and emphasize

the distinction between them and our proposed method.
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As described in Chapter [3, Gradient Clipping (GC) and Adaptive Gradient
Clipping (AGC) are the two primary methods that has been used in the literature
hitherto to perform gradient modifications in the backward pass with limited
success. We show that our method, PowerGrad Transform (PGT) can surpass
when used both independently and in conjunction with AGC. We demonstrate
in our ablation studies, GC is not as effective in improving the performance
of non-normalized networks. AGC performs better than GC in non-normalized
networks. However, we show that PGT outperforms both in such networks. Our
experiments demonstrate that PGT outperforms AGC, when used independently.

When used together, it can further improve a network’s performance (section[5.5.2).

With regards to label smoothing, PowerGrad Transform works in a much
different way. PGT does not smooth the ground truth labels, rather it modifies
the gradient by smoothing the predicted probability vector. As we show in section
our proposed transformation has the opposite effect of label smoothing. From
our studies, we show that PGT in fact leads to larger generalization gap between the
training and test dataset, although it does lead to an increase in both training and
test accuracies at convergence. Coupled with PGT, label smoothing can narrow the

generalization gap, while retaining the benefits of PGT.

The key difference between PGT and distillation methods is that in the latter,
the transformation is applied in the forward pass, while PGT is a backward pass
modification only. Also, in distillation settings the temperature parameter is a
part of the network’s computation graph. In the case of PowerGrad Transform,
we directly tamper the gradients without introducing any change in the forward
pass. It is a more generalized way of arriving at altered gradients in the backward
pass. Moreover we show that modifying the gradients in the backward pass can
improve performance in many cases. The rise in training accuracy indicates that

PGT enables the network to learn more from the training data.
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Figure 12: Illustration of the impact of PowerGrad Transform on probability values of an arbitrary
distribution (number of classes, C = 10). « = 1 indicates the unmodified distribution. As «
reduces from 1 to 0, the probability distributions (left: unordered or right: ordered) becomes flatter
and flatter, approaching the uniform distribution of 1/C' for every index.

53 METHOD

The PowerGrad Transform technique is described in this section. It is a general
technique and can be applied to any neural network. A neural network with

parameters W generates C' logits denoted by z for every input vector x. z is given

as = = Wx. Then a set of probability values p; are generated from the logits
using a softmax function which is defined as p; = CE;N p; and z; represent the
j=1

predicted probability values and the logits for the i*" class respectively. Following

this step, the loss function is invoked and the loss between the predicted probability

values the ground truth labels (which is also a probability distribution) is calculated.

If the loss function is cross-entropy loss, then the value of the loss is given as

L = — ZZC:1 q;log (p;) where g; is the ground truth label of the i*" class for a

particular training example. By standard gradient update rule, we can calculate the
oL

gradient of the loss with respect to the logits which takes the form 2> = p; — g;.

The PowerGrad Transform technique is now described. We introduce a
hyperparameter «, which takes a value between [0, 1] and regulates the degree of
gradient modification. Fig. [I2] shows the effects of the transform under different
values of « for different distributions. The PowerGrad Transform method modifies

the predicted probability values in the backward pass as follows:
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o= Py
[ C o
Zj:l D;

The above transformation changes the gradient of the loss with respect to the

i=1,...,C 0<a<l (52)

logits as follows:

or
—=pl—q 53
5s, Pi—d (53)

The rest of the backward pass proceeds as usual. We denote the original
probability distribution as P (with values p; at the i** index) and the transformed

distribution as P’ (with values p} at the 7" index). An algorithm portraying the

forward and backward process is shown in Algorithm 2] and [3|respectively.

Algorithm 2: PGT: Forward pass

Given: Neural network forward function Fyy with weights W
Data: I = Image.

pi < Fw (1), i=1,...,.C /*Compute probabilitiesx/

Algorithm 3: PGT: Backward pass

Given: Neural network forward function Fy with weights W
Data: I = Image, q = Labels vector, « = PGT Hyperparameter, A = Learning Rate.

while iter < iter,,q,. do

pi + Fw (1), i=1,...,.C /+*Compute probabilitiesx/
Pl Zcpi?pa, 1=1,...,C /*Transform probabilitiesx/
j=1Pj
gzLi “— P — i, i=1,...,C /+«Compute gradientsx/
P ot /*Backpropx/
W<—W—)\§TI;, /+xUpdate weightsx/
iter + +
end
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s4 ANALYSIS

In this section, we first describe the properties of the PowerGrad Transform
(PGT) and then we highlight how these suitable properties of PGT helps the neural
network to improve the performance. We use the same setup as described in section
[5.3] To explore the properties of PGT, we start by investigating the effect of the

transform on the softmax probabilities.

s41 PROPERTIES OF PGT

Lemma 1. For any arbitrary probability distribution P with probability values

given by p; fori = 1,...,C, the corresponding transformed probability values p);

given by [Eq. has a threshold ( ch:l p?‘) “ and

C 1

. o a—1
ph > pir if pi < (Zm—)

Jj=1
c 1

. a—1
pi < pi if p; > (Z]ﬁ)

j=1

(54)

Proof. The proof follows directly from the definition of p;. We notice that if

Pl < pi, We get:

(67

p.
——— <D (55)
chzl 2
C
=pit <) (56)
j=1
¢ 1
a—1
= p; > ( Zm‘) 57
j=1
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We call this threshold, the stationary threshold. The stationary threshold is that
value of p; that does not change after the transformation. Therefore, when p; is

greater than the stationary threshold, p), < p;.

Proposition 1. At o = 0, the stationary threshold equals 1/C and all values
of the transformed distribution p; reduces reduces to the uniform distribution for

i=1,...,C,

Proof. From Eq. (54), we see that the stationary threshold at « = 0is 1/C.
Also, following from the definition of the transformed probabilities (Eq. [52)) we
conclude that if & = 0, then all values of p} are 1/C. Therefore the transformed

distribution at o = 0 is a uniform distribution.

Since we have established that values of p; which are greater than the stationary
threshold decreases and move down towards the stationary threshold, and values in
p; lower than the stationary threshold moves up towards the stationary threshold,
this transformation makes the distribution more uniform (i.e. it smooths out the
actual distribution) as « is decreased from 1 and down towards 0. This final

observation we prove in the following theorem.

Theorem 1. For any arbitrary probability distribution P with probability values

p;fori=1,...,C, the stationary threshold of the transformed distribution P’ with

probability values p; = CP? _
j=1P;j

function with respect to a.

0 < a < 1 is a monotonically non-decreasing

Proof. To prove monotonicity, we first compute the gradient of the stationary

threshold with respect to the variable in concern, a.
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0 (= o) b [~ [ 2P log(p)) 10g<25:119?>
%(;pj> (ij> (@=1)35 0 (a—1)

j=1
(58)
1 04—1)2J 1pjlog(pj) < >)
p — alog p
o ()= (5 =
(59)
If ay,...,a, and by, ..., b, are non-negative numbers, then using the log sum

inequality,

we get > 7 a;log (Z—j) > (Z;‘ La > log (% - J) Setting a; = p$ and b; = 1,

we get the following lower bound

c c
Zp] log (p) > (Z >log (éZp;“) (60)
j=1

Substituting (60) in (59), we get:

() = () (e e ()

(61)

p™ is concave, and so by Jensen’s inequality we get the following upper bound

for the second term:
1< 1<
(52%)‘“ > S0 (62)

= log (Zp]) < (1 —a)log(C) (63)

Substituting in (61),
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0 [ 1
Ba (ZP?) = 20 9

Jj=1

We conclude from the analysis that the stationary threshold is a monotonic
non-decreasing function with respect to o. Also the derivative of PGT function
with respect to the true probabilities is non-negative which in turn means that the
transformation is an order-preserving map. All values greater than the threshold
move towards the threshold after transformation and all values below the threshold
also move towards the threshold, and the threshold itself moves monotonically
towards 1/C as « is decreased from 1 to 0. This concludes that the transformation

smooths the original distribution.

s42 EFFECT ON LOGITS

We know that neural networks uses the softmax function to generate prediction
probabilities from logits in multi-class classification tasks. If we use cross-entropy
loss to train the network then the partial derivative of the loss w.r.t. " logit is
dependent on the value of the predicted probability and the value of the class label

(either O or 1) of the i*" logit.

oL
3zi N

Pi — q; (65)

In general, the range of the \%| is [J, €] where, 6 — 0 and ¢ — 1 in traditional

training (Eq. [65] procedures of neural networks. Here, we propose a new method
of neural network training which alters the gradients at the time of backward pass
by modifying the predicted probability vector using PGT (Eq. [53)) such that the

directional derivative for each logit does not become too small or too large,
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With inclusion of PGT in the last layer, the range of the | 5> oL | becomes [, €]

where, 07 > dande” <€

Now, we demonstrate how PGT restricts the magnitude of the directional
derivative for each logit. For a training example, a neural network can assign the

highest probability to either (i) a wrong class or to the (ii) correct class.

(i) Wrong Class Predicted: If the network assigns the highest probability
for any class except the the true class, then wrong class assignment happens. We

analyze the effect on gradient due to PGT for this case. There are three possibilities

(a) Let, 7' class be the class for which the network assigns low probability, but
it is the true class, then

—

pi<pth:>p;>pi:>g—i:p;—l>pi—1;wherepi—>0&qi:1

So; |a| Ipi — 1] < |pi — 1|=>|8L|<ewheree—>1

(b) Let, 5 class be the class (not true class) for which the network assigns the
highest probability, then

—~

pj>pth:>p;-<pj:>%:p;<pj;wherepj—>1&qj:0

So, \dL|<ewhere e—1

(c) Let k£ denote the index for all those classes for which the predicted

probability is low and also the ground truth class label is 0, then
Pr < Pin = Dy, > Dr = 52 —pﬁc > py ;where p, = 0& ¢, =0
So, \8L\ > § where; § — 0

(ii) Correct Class Predicted: For a given training example, if the network
assigns the highest probability to the true class then it assigns correct class to the
training example. Now we observe the effect on gradient due to PGT for this case.

There are two possibilities,
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SoftMax

Figure 13: Fully connected layer of a convolutional neural network

(a) Let, i*" class be the class for which the network assigns the highest
probability and it is also the true class, then
pi>pth=>p§<pi:>g—i:pg—l<pi—1;wherep,»—>1&qj:1

o~ —

SO;’%’:M—H > \pi—1|:>\%\ > § where; 6 — 0

(b) Let, k" index is used for all those classes for which the predicted probability
is low and also the actual label value 0, then
Pk < Din = Dj, > Pk = 5= = pl, > pr s where pp = 0 & gy = 0

So, g—L| > § where; § — 0
Zk

After analyzing all these cases ((i)a,b,c & (ii)a,b), we are able to deduce that
PGT helps to restrict the directional derivative to be within limit such that for every

logit/direction the directional derivative is not very small or very large.

543 EFFECT ON WEIGHT GRADIENTS

In this section, we discuss the impact of PGT on weight gradients. Let the
input and output of the last convolutional layer of a convolutional neural network
be x and a respectively (Fig. [I3). The last layer which is a fully connected layer,
produces logits z by combining a with weights and thereafter the network generates
the predicted probability vector p from the logits using softmax activation function.

We note that a; > 0 V7 as, a is the output of ReLLU activation functions.
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_ V¢ oL _  OL : :
Here, z; = ) j=1Wijj, SO 5= = Qj5-. However, if we apply PGT while
training the neural network, then —aaL =a;2L
wij 821

If the activation of the j th neuron is zero, i.e. a; = 0 then there is zero gradient
for all weights which acts on a; both for normal training and training with PGT, as
a; has no contribution in the computation of logits. However, the interesting thing

is to observe the effect of PGT when a; > 0. As, the activation values (a;) are

” 5 oL . B - 0Ly . —
positive, so 7o > 5% = 5.~ > WU_V) € (1,2,...C) and similar relationship for

a; < 0. With PGT, the weight updating rule for (¢ + 1) iteration then becomes,

oL
wiit =l = e (66)
ij

The weight update equation using PGT, can also be viewed in terms of the following

equation,

1 _ b Ui 8_L
Cpar Ow;

(67)

Wi ij

For neural networks, the exponential nature of the softmax function produces
sharp distribution for predicted probability vector. For example, if z is [20, 30, 10]
then p is equal to [4 x 107°,0.99995,2 x 107?]. When the network is at the
initial phase of training, most of the training examples are misclassified. Under
this scenario, PGT helps to update the weights in a better manner than traditional
gradients. Suppose the label vector q is [1,0,0] then it indicates that z; is the
logit corresponding to ground truth class and z, is the logit where the network
has assigned the highest probability. Similarly, 23 is the logit where the network

has assigned a low probability as well as the label vector is also 0 for this logit.

—_

oL _ oL oL '
Here pul, = €4 > 0 = ul, < Dul, = Cper > 1Vj € (1,2,...0).

Advanced gradient updation algorithms like AdaGrad [Duchi et al.|(2011)] reduces
the gradient in the direction where the directional derivative for a weight is high.
It reduces the learning rate for the weight so that the gradient in that direction is

not too large in order to make the update process less volatile. The formulation
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of PGT also implicitly reduces the partial derivative in the same manner for the
high derivative directions, the only difference with the AdaGrad is that Cpgr

depends only on the current iteration’s gradient and not on previous iterations like

AdaGrad. Similarly we can observe that for this example, 22~ = da; ~ 0 =
3J

oL

ngj

oL
8w§j

> = Cper < 1Vj € (1,2,...C). As directional derivative for the
weights associated with third logit is extremely low, PGT helps to increase the

derivative in these directions so that the training process does not become too slow.

s44 EFFECT ON CLASS SEPARATION

During final iterations of training, we analyze the iteration-wise gradient
behaviour where the network assigns the highest probability to the correct class for a
given training example; we deduce the effects of PGT in the next immediate training
iteration. For example, if z is [30, 20, 10] then p is [0.99995,4 x 107°,2 x 1077]

and q is [1, 0, 0]. There is no change in the weight update due to PGT when a; = 0.

However, when i # 1 and a; > 0, ] 2 d 8L L. Here in this
wi Wi
example 25 < 0 = 2 < 0 = w“rl > w'i;rl > w};Vj. We also know that
1 1j
2t = Z]C ywitay and 2]t = Z]C . wfjl . It indicates that th > it s ot

as all the weights associated with first logit is larger while using PGT in (¢ + 1)
iteration. Similarly, for the non-true classes thrl < th < wf- when ¢ # 1V
as 9% > 0. Soin (t + 1) iteration, /™" < 2! < 2! when i # 1. We observe
that dzst( t“ t“) > dist(2i11, 2111 where the first logit corresponds to the true
class and all other logits indexed by 7 are non-true classes. Therefore the distance
between correct and incorrect class logits increases due to PGT and this leads to

better class separation.
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Plot of accuracy vs. Epochs (ResNet-18) Plot of accuracy vs. Epochs (ResNet-50) Plot of test accuracy vs. Epochs (ResNet-50)
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Figure 14: Log-linear plots of training and test accuracies and comparison with baseline of
batch-normalized variants: (a) ResNet-18 (« = 0.25), (b) ResNet-50 (« = 0.3). For better
visualization of accuracies obtained in the final iterations, we plot both axes in log scale. PowerGrad
Transform improves upon the baseline in all cases. The corresponding accuracies are mentioned in
Table[9] (c) Training speed comparison between PGT (60 epochs) and baseline (100 epochs). They
both converge to the same test accuracy (76.5%) on ImageNet-1K. PGT’s accelerated training saves
40% of the epoch budget.

5.5 EXPERIMENTS

551 BATCHNORMALIZED NETWORKS

We perform experiments on different variants ResNets using the ImageNet-1K
dataset [Deng et al.| (2009)]. All models are trained on four V100 GPUs with a
batch size of 1024. We utilize a common set of hyperparameters for all experiments,
which are as follows: 100 epoch budget, 5 epochs linear warmup phase beginning
with a learning rate of 4 x 10~* and ending with a peak learning rate of 0.4, a
momentum of 0.9 and weight decay of 5 x 10~%, the SGD Nesterov optimizer and
mixed precision. In our studies, we employ either a step scheduler (dividing the
learning rate by 10 at the 30", 60", and 90" epochs) or a cosine decay scheduler
[Loshchilov & Hutter (2016))]. We find o = 0.25 and o = 0.05 to be good choices
for ResNet-18 and ResNet-50, though larger values such as ¢ = 0.3 also have
good performance as well. The experimental results are shown in Table [0 and
we mention the value of the PGT hyperparmeter («) in each experiment. We
explore different values of « in section [5.6] and provide detailed grid plots in the

supplementary section.
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In our experiments with Squeeze-and-Excitation variant of ResNet-50 i.e.
SE-ResNet-50 [Hu et al., (2018))], we observe significant improvements; a
0.97% boost in training accuracy and a 0.734% increase in test accuracy. In
our experiments with ResNet-50, we find an increase of 0.5% and 0.656%
performance enhancement over the cosine scheduler baseline for training and
testing respectively. The corresponding improvement over the step scheduler
baseline for ResNet-50 is 0.57% (training) and 0.524% (testing). ResNet-101 sees a
higher improvement in training fit, 0.81% to be exact, while the improvement over
the test set is 0.362%. Smaller networks such as SE-ResNet-18 and ResNet-18 sees
accuracy boosts which are smaller but nevertheless positive. Therefore we conclude
that with PGT, the consistent improvements in training accuracies across all cases
is because the networks train better and arrive at better optimas during convergence.
Per epoch training and test accuracy plots of ResNet-18 and ResNet-50 (both with
and without PGT) are shown in Fig. [I4[(a, b). For better visualization of the top
end of the plots, we scale both axes in log scale. Because both training and test
accuracies improve, it indicates that PowerGrad Transform allows the network to

learn better representations.

These improvements are obtained with the number of epochs being kept the
same as that of the baseline model. Alternatively, practitioners can apply PGT and
have the networks converge to accuracy levels comparable to the baseline with a
significantly reduced epoch budget. In Fig. [I4]c), we illustrate one such instance in
which we train a ResNet-50 to its cosine scheduler baseline in just 60 epochs with
PGT, and match its baseline performance that is acquired in 100 epochs. This hints
to the observation that PGT not only makes the network perform better but also
speeds up training. Because of the acceleration in training that is made possible by

PGT, the total amount of training time can be decreased by 40%.
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Table 9: Results and comparison table for CNN networks trained on ImageNet-1K (sorted in
descending order w.r.t. the last column denoting test accuracy improvements over baseline). Best
training and test accuracies are highlighted in red and blue respectively. Accuracy differences are
highlighted in yellow. In all experiments, we observe that PGT positively improves both training
and test accuracies. We also observe that deeper networks such as SE-ResNet-50 and ResNet-50
accrue higher gains over the baselines as compared to shallow networks like ResNet-18.

Modd  Schdulr Mthoa FOrrCrad T e Tt e
() (%) (%) (%) (%)
ReNers0 COST  pGT 03 s247 0T gyosy 0T
ResNet-50 Cosine ll?gs;line 6.05 ;gég +0.5 ;g;& +0.656
ResNet-50  Step llzés;line 6‘05 ;322 +0.57 ;22; g4 +0.524
ResNet-101 Cosine l}fgsfhne 03 gg:? +0.81 %ngg +0.362
ResNet-18  Step ?ésTe““e 025 3(9):25 +0.35 231223 +0.14
ResNet-18 Cosine  pare™® = TS sas 0208 4009

552 NON-BATCHNORMALIZED NETWORKS

This section empirically examines some of the issues that occur when networks
are trained without normalization layers and we provide insight into the effects
of PowerGrad transform on such networks. We use ResNet-18 [He et al.| (2016)]
as the foundation model for all empirical trials owing to its popularity among
deep learning practitioners and the relative simplicity with which it can be trained
on a big dataset such as ImageNet-1K [Russakovsky et al. (2015)]. We found
deeper networks (such as ResNet-34 and ResNet-50 models) are impossible to train
without BatchNormalization because of increased depth. So in order to conduct
our empirical experiments, we solely focus on the ResNet-18 architecture. For our
experiments, we designate different layers with their corresponding layer indices.

We provide a detailed layer-wise index list of ResNet-18 below.

For the layer indices used in figures Fig. [T6] [T7, [I8] we provide a block diagram

depicting the different convolutional layers of ResNet-18 with corresponding layer
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indices in Fig. [I5] Each layer represents a convolutional layer, with the layer
index and the number of filters denoted alongside it. Downsampling convolutional

layers in skip connections are drawn and their layer indices are shown on the skip

connection paths.

ResNet-18 is composed of 20 convolutional layers and one fully connected
(FC) layer. At the input, it has a single convolutional layer with filters of size 7 x 7.
Three convolutional layers are placed in the downsampling skip connections. The
remaining convolutional layers have several 3 x 3 filters that are grouped together
to create a block. Each basic block is connected by a skip connection. At the end of
all convolutional layers, a global average pooling layer downsamples the features
to a fixed-size feature vector and transfers it to the FC layer, which fits the features

using regression and outputs logits. The logits z; produced by the FC layer are fed

into a softmax layer, which transforms them to predicted probabilities p; using the

equation p; = =
J

(V] N~
A % o . o v v v Vv a4 a4 o o
g N N N N el e e e - - - —
= = = = & &4 & & 5 a8 & &
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Figure 15: ResNet-18 architecture with layer indices of convolutional layers and the number of
filters in each layer.

We concentrate on the following metric: the per-filter L2-norm of each

layer’s weight tensor. Throughout the training process, we monitor variations in
the per-filter weight norm. Because a full plot of each layer’s data would use
an inordinate amount of space, we focus on a few critical layers’ plots. The
supplementary section contains full plots for all layer for various settings. The
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Figure 16: Experiment demonstrating the Zeroing Out phenomena, as observed in different filters
and feature vectors. PGT greatly reduces the zeroing out of filters and promote better learning.

norm of the weights of the 11" convolutional layer is shown in Fig. a). Layer
11 includes 256 filters. Each colour on the figure represents the iteration-wise
evolution of a particular filter throughout the course of training. The critical point
to note is that some filters achieve a norm of zero during training. We refer to this
event as ‘Zeroing Out’, and occurs when a channel of a weight tensor gets fully
filled with zeros. If all the coefficients of the filter becomes zero, only then the L2
norm of that filter becomes zero. If we observe zero filter norm for a filter, then
that filter does not contribute at all to determine the input-output relationship of a
dataset, as the feature tensor it produces is also an all-zero tensor. According to our
findings, when a filter tensor becomes zeroed out, it does not recover with further

training. We observe both effects 1) zeroed out filter 2) zeroed out feature.

Similar to the plot [[6{(a), we see the plot of the final convolutional layer in
Fig. [I6(b), where we observe a number of filters / units completely dropping out
towards the end of training leading to underutilization of the network’s parameters.
In Fig. [T6|c), we see the norm of the feature vector at the output side of the global

average pooling layer of ResNet-18. The feature vector here directly interfaces
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with the fully connected layer immediately after. Any zeroed out regions in this
tensor directly leads to permanent information loss, as it does not contribute to
the learning of decision boundaries in the upcoming fully connected layer, and
indeed there exists a few zeroed out features in the baseline model, which we
discuss next. The impact of having a zeroed out filter or a feature might have
a variety of consequences for training and optimization. If a zeroed out filter is
present in a convolutional layer, there are two possible outcomes. If the layer is
immediately followed by a fully connected regression layer, there is an abrupt loss
of information. For the reason that a zeroed out filter always generates zeroed out
features regardless of the input image, when this tensor is fed to a fully connected
layer, it does not communicate any information that is useful for classification.
In the event that the zeroed out filter has a skip connection linked across it, this
may be circumvented as long as there are no overlapping zeroed out channels in
the two feature maps. On the other hand, if a feature tensor has a zeroed out
channel at the input of a layer, the layer creates a zeroed out feature channel at
the output, regardless of the weights. However, if there is a zeroed out channel in
the feature map just before the fully connected layer, then this results in a permanent
loss of information as it does not contribute to the learning of decision boundaries.
ResNet-18 suffers from the same kind of information loss, as the final feature tensor
(which is generated after the global average pooling layer) has multiple channels
that are zeroed out [Fig. [16[c)]. This information collapse phenomenon occurs
when a channel that has been zeroed out stays zeroed out for all images in the

dataset.

The impact of a feature tensor or weight tensor being zeroed out is seen
to be particularly common in training procedures involving larger batch sizes in
networks without normalization layers. As a result, the network’s parameters are
underutilized since some of the filters are not involved in extracting any useful

information that is important for performing classification. When working with
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Figure 17: Per filter norm vs. iteration plot of layer 5 of an unnormalized ResNet-18, trained with a
very high batch size of 1024. The weight matrix of the entire layer zeroes out during training.

large batch sizes, it is possible that an entire layer zeroes out [Fig. [I7]]. In a network
without skip connections, this can cause a full collapse in training. For example, if
a weight tensor completely zeroes out, and it always produces a zero feature tensor,
then the input feature tensor to the next convolutional layer is a zero tensor and
thus the output of the next layer is always a zero tensor irrespective of its weights,
and this continues until the end of the neural network pipeline leading to zero
logits. Also, zeroed out weights tensors lead to zeroed out gradients hence stopping
training for all subsequent iterations leading to a collapse in training. Although
residual networks bypass this difficulty via the use of the skip connection, it does
not solve the layer’s non-participation in the overall objective of classification. It
is possible to solve this issue by using methods such as gradient clipping (GC),
adaptive gradient clipping (AGC), and PowerGrad Transform (PGT), all of which
regulate the amount of gradient that flows at various junctions of the network. GC
and AGC modify the gradients at each and every filter of every layer. PGT performs

this operation at only one junction, which is at the softmax layer.

In a similar fashion to the study in section[5.5.2] we examine the norm profiles

of features and weights in the PGT and AGC. The supplementary section includes
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Figure 18: Experiment demonstrating the efficacy of PGT and AGC+PGT, as observed in different
layers.

all the detailed graphs of all layer. In Fig. [16(d), we show the per-filter norm plot of
the 11" convolutional layer as it progresses through a PGT enabled training session.
We observe that the number of zeroed out filters has considerably reduced. We
observe similar benefits in plot of Fig. [I6[e), which is the plot of the per-filter norm
of the final convolutional layer. Coming to benefits in feature norms, we observe
in plot of Fig. [T6(f), the final feature tensor obtained with PGT enabled training
do not contain any zeroed out regions, leading us to assert that information loss is
heavily mitigated as the features pass on from the feature extracting convolutional

layers to the fully connected stage for regression.

AGC is excellent at eliminating the issue of filter and feature zeroing out.
However, AGC recovers a lower performance benefit than PGT. In the instance
of PGT, we see that it also mitigates the zeroing out phenomenon in most layers.
In Fig. a), we see a plot of the 157 layer of the non-BN ResNet-18 trained
without PGT. As we can see that there has been quite a few filter dropouts in the
baseline. PGT recovers most of the filters [Fig. |'1;8Kb)]. In some layers however,

the performance of PGT is slightly weaker than the baseline. The 2" convolutional

80



IMPROVEMENTS IN LEARNING CAPACITIES OF CNNs

Table 10: Results for non-normalized ResNets on ImageNet-1K. Each experiment is conducted
with a 100 epoch budget using the cosine decay scheduler. Best training and test accuracies are
highlighted in red and blue respectively. Top differences in training and test accuracies are marked
in yellow. The baselines in each segment is taken as the reference point for all ‘Diff’ accuracies in
that segment. The first three segments highlight comparison for experiments where the methods
are applied individually, while the last segment denotes performance metrics for combinations
of different methods (GC + PGT, AGC + PGT). We see that at any batch size, with PGT, the
performance of non-normalized version of ResNet-18 improves significantly over the baseline owing
to the improvements in training as observed in Fig.

Model Batch Method PowerGrad Train Train Test Test
Size Transform  Accuracy Diff (%) Accuracy Diff (%)
(@) (%) (%)
ResNet-18 1024 Baseline - 66.27 - 64.816 -
(non-BN)
1024 PGT 0.92 66.62 +0.35 65.498 +0.682
512 Baseline - 68.02 - 66.552 -
512 PGT 0.25 69.5 +1.48 67.236 +0.684
256 Baseline - 68.86 - 66.796 -
256 GC - 69.04 +0.18 67.064 +0.268
256 AGC - 69.06 +0.2 67.298 +0.502
256 PGT 0.25 69.97 +1.11 67.814 +1.018
256 Baseline - 68.86 - 66.796 -
256 GC+PGT 0.25 68.67 -0.19 67.088 +0.292
256 AGC+PGT 0.25 70.92 +2.06 68.856 +2.06

layer has more zeroed out filters in PGT [Fig. [I§[e)] than in the baseline [Fig.
[[§[(d)]. Despite that, PGT achieves a higher overall accuracy (Table [I0). This

necessitates the simultaneous use of AGC and PGT, for the non-BN ResNet-18.

We provide performance metrics on the test set of ImageNet-1K for different
batch sizes for the non-BN ResNet-18 and also experiment with different methods
(GC, AGC, PGT along with their combinations). Table [L0|shows the findings. To
begin, we use a batch size of 1024. The baseline performance for this batch size
is drastically inferior to baselines for other batch sizes. PGT helps regain some of
the lost performance by 0.682% (65.498% vs. 64.816%). This illustrates that in
unnormalized networks, accuracy suffers significantly when batch sizes are large.
Additionally, the training process is often unstable at this batch size, resulting in
filters and sometimes entire layers frequently zeroing out (as seen in section [5.5.2).
At a batch size of 512, invoking PGT improves the training accuracy baseline by

1.48% and the test accuracy baseline by 0.684%, while at a batch size of 256, the
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improvement in training and test accuracies are 1.11% and 1.018% respectively. In
comparison, the test accuracy improvements obtained by GC and AGC at batch size

of 256 is much less, at 0.27% and 0.5%, respectively.

On the training accuracy front, since we get a significant boost (1.48% at
batch size of 512 and 1.11% at batch size of 256), it leads us to infer that when
PowerGrad Transform is used, the network fits the training dataset more tightly
and the convergence optima is significantly superior. We also notice that the
training versus testing gap increases with PGT as compared to the gap at baseline
even though both training and test accuracies improve. Therefore it allows us to
conclude that the improvements in training and test accuracies are obtained not
through regularization like it does in methods such as label smoothing; rather
the improvements are obtained as PGT enables the network to utilize its learning
capacity better and arrive at a higher performing optima at convergence, something

which is inaccessible through traditional gradient based training.

We also experiment with combinations of GC/AGC and PGT. The advantage
of combining GC with PGT is not very significant. When AGC and PGT are
combined, we see a tremendous increase in test accuracy of over 2.06% over the
baseline. As seen in Fig. [I§(c) and [T§[f), activating AGC and PGT concurrently
results in no filter dropouts in all layers while also improving the accuracy by a
significant margin. Additionally, we provide comprehensive graphs of the norm

profiles of the AGC + PGT method for all layers in the supplementary section.

553 GRID SEARCH AND EFFECT ON LOSS

As seen in Fig. [I9(a), the logit norm increases as « falls from 1 to 0. In the
initial training phase, PGT causes the gradient in both the valid and wrong classes
to rise as the network misclassifies majority of the examples. Due to the exponential

nature of the softmax function, the predicted probability distribution may frequently
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Variations in the norm of logits with a Variations in the final value of cross-entropy loss with « Correlation between logit norm and loss (0.01074x + 0.25816)

(a) (b) (©)
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Figure 19: Plots of various statistical measures: (a) Variations in the logit norm vs. «. The logit
norm is calculated per image over the test set of ImageNet-1K (at the linear layer of the ResNet-18
architecture) and then averaged. (b) Variations in the final loss values obtained for different «
settings. (c) Correlation between loss and logits. Regression line equation :(0.01074z + 0.25816).

be close to a delta distribution, even in instances of misclassifications. PGT
reshapes the predicted probability distribution. It redistributes probability from the
confident classes to the less confident ones. Gradient rises in all classes. We also see
that the final value of the loss rises as o drops, and that the logit norm and the final
value of the loss are linearly correlated Fig. [I9(c). What is surprising is that: if is
possible to achieve higher accuracies even though the loss values are larger during
convergence. In our studies with ResNet-50, for instance, if PGT is not invoked, the
corresponding test accuracy is 76.56% (Table[9) with a cross-entropy loss value of
0.852. However, if PGT is activated with o = (.05, the corresponding test accuracy
is 77.216% (Table [9) with a loss value of 2.360. This is markedly different from
the coupled gradient descent based training procedures. PGT enables the network
to arrive at such optima where the loss values are high, but both training and test
perfomance is better. From these plots of logits and losses we find that with the
inclusion of PGT in the training process, the model can have access to such regions
of the loss landscape that is otherwise inaccessible to traditional gradient based
training procedures. There is no effect of PGT on small datasets such as CIFAR-10.
In these scenarios, networks almost always achieve 100% training accuracy, leaving

no room for PGT to assist.
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Figure 20: Grid search for various values of o for different architectures with the
ImageNet-1K/CIFAR-10 dataset. Each datapoint is collected over a 50 epoch budget for ImageNet
experiments and 360 epochs for CIFAR-10 experiment, with other hyperparameters kept the same

as mentioned in section

s ABLATION STUDIES

We conduct an ablation study to investigate the effects of PowerGrad Transform
for different values of the hyperparameter (o). Grid plots are made available in the
supplementary section. We have previously demonstrated from the experiments
depicted in section [5.5] that PowerGrad Transform causes the network to arrive at
a better optima and fit the training dataset better than the baseline. In this ablation
study, we use the ResNet-50 architecture and we combine our proposed method
with other regularization techniques such as label smoothing and report our findings
in Table [IT] We also investigate the two optimal peaks of the hyperparameter
(a) obtained from ResNet-50’s grid search (o« = 0.05 and « = 0.3). First,
we examine the effect of PGT on the step scheduler baseline in order to later
compare it to the cosine scheduler baseline. Row-1) We begin with the step
scheduler baseline (75.97%). Row-2) PGT improves upon the step scheduler
baseline (test set) by a substantial margin with 0.524% (76.494% as opposed to
75.97%). Row-3) Introducing the cosine scheduler yields a 0.59% improvement
(76.56% vs. 75.97%) over the step scheduler. Row-4) After introducing label
smoothing, the test accuracy relative to the cosine scheduler baseline increases by
only 0.138% (from 76.56% to 76.698%). Row-5) However, introducing PGT with

a = 0.3 alone (without label smoothing) improves the cosine scheduler baseline
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Table 11: Ablation study for ResNet-50 on ImageNet-1K. LS column denotes whether label
smoothing has been applied. A smoothing hyperparameter value of 0.1 has been used. The
hyperparameter column that controls the amount of PGT gradient modification injected at softmax,

Eq.

Label PowerGrad Train Test

#Row  Model Scheduler Smoothing Transform  Accuracy Accuracy Gap (%)
(o) (%) (%)

1. ResNet-50 Step X X 78.99 75.97 3.02

2. ResNet-50 Step X 0.3 79.56 76.494 3.066

3. ResNet-50 Cosine X X 79.18 76.56 2.62

4. ResNet-50 Cosine 0.1 X 78.81 76.698 2.112

5. ResNet-50 Cosine X 0.3 79.43 76.886 2.544

6. ResNet-50 Cosine 0.1 0.3 78.47 76.968 1.502

7. ResNet-50 Cosine X 0.05 79.68 77.216 2.464

8. ResNet-50 Cosine 0.1 0.05 77.69 76.39 1.3

by 0.326% (76.886% vs. 76.56%). Row-6) Combining PGT (o = 0.3) with
label smoothing improves the performance on the test set further by 0.408% (from
76.56% to 76.968%) and reduces the generalization gap (from 2.54% to 1.5%).
However, the impact of combining PGT with label smoothing can vary depending
on the value of the hyperparameter (). Row-7) With a PGT hyperparameter value
of a = 0.05, we notice the greatest performance improvement, 1.246% over the
step scheduler test baseline and 0.656% over the cosine scheduler test baseline.
Row-8) Adding label smoothing to PGT (a = 0.05) hurts performance even though

it reduces the generalization gap.

57 IMPLEMENTATION

A code snippet of the algorithm implemented using PyTorch [Paszke et al.
(2019)] 1s shown below. In PyTorch, the available method to modify gradients
in the backward pass is using the function which is called in
the function. We explore the effect of this change from a theoretical
standpoint in section[5.4] In section[5.5] we offer empirical data and experiments to

support the proposed method. In PyTorch, the available method to modify gradients
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in the backward pass is using the

function.

function which is called in the

def forward(self, x, labels):

logits = self.layers(x)

def powerGradTransform(grad) :

alpha = 0.3

grad_temp = grad / grad.shape[0]

pred = grad_temp + labels

pred = predxxalpha
pred /= pred.sum(-1,

keepdim=True)

modified_grad = pred - labels
modified_grad = modified_grad » grad.shape[0]

return modified_grad

if self.training:

logits.register_hook (powerGradTransform)

return logits

Figure 21: Python code of PowerGrad Transform based on PyTorch.

58 DISCUSSIONS

In the realm of standard neural network training, the gradients generated during

the backward pass are inherently determined by the forward pass. Consequently,

these two phases are intricately linked and operate in tandem. This is the

foundational approach upon which the majority of existing neural networks are

built and trained. However, a niche within this field that remains largely unexplored

is the concept of modifying gradients during the backward pass. We present in

this chapter, a novel concept of decoupled training. This technique deviates from

the conventional approach by introducing modifications to the gradients during the

backward pass, effectively creating a level of independence between the two phases

of neural network training.
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The primary method introduced in this research is "PowerGrad Transform.”
At its core, PowerGrad Transform is designed to modify the gradients right before
the weight update occurs in the backward pass. This modification is not just a
minor alteration, but a transformative one that substantially augments the predictive
capabilities of the neural network. The overarching objective of this method is
to guide the network towards a more optimal convergence point, ensuring that
the final model is both precise and reliable. A significant advantage of the
PowerGrad Transform is its computational efficiency. Unlike other methods that
may introduce considerable overheads in terms of memory or computational power,
the PowerGrad Transform seamlessly integrates into the neural network training
process without incurring any additional costs. This efficiency is particularly

notable, given the substantial improvements it brings to the model’s performance.

Moreover, with PowerGrad Transform is versatile in its application. It has been
designed to be easily integrated into existing neural network training pipelines.
This ease of integration ensures that researchers and practitioners can effortlessly
adopt this method without the need for substantial modifications to their current
workflows. One of the salient outcomes of employing the PowerGrad Transform is
the marked improvement in accuracies observed across datasets. Both training and
test set performances exhibited significant enhancements, underscoring the efficacy
of this method. This improvement in accuracy is not just a marginal increment
but is substantial enough to be deemed noteworthy, especially when considering
the minimal computational overheads associated with its implementation. We
further delve into the technical intricacies and the underlying mechanisms of the
PowerGrad Transform. We elucidate the mathematical foundations that govern this
transformative method and provides insights into the rationale behind its design.
Various experiments and evaluations are presented, showcasing the tangible benefits
of this approach across different neural network architectures and datasets. These

empirical evaluations underscore the universal applicability of the PowerGrad
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Transform, highlighting its potential to redefine the way neural networks are trained

in the future.

In conclusion, the PowerGrad Transform is a innovative approach in the domain
of neural network training. By decoupling the forward and backward passes and
introducing strategic gradient modifications, it paves the way for more efficient,
accurate, and robust neural networks. Its simplicity, coupled with its undeniable
efficacy, positions it as a significant shift in the landscape of deep learning research

and applications.
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¢ CONCLUSION

In this thesis we attack several problems related to the learning capacity of
a neural network from both an inter-network and an intra-network perspective.
A convolutional neural network’s learning capacity may be intuitively defined as
the complementary of its learning deficit at convergence. If a neural network
converges to a suboptimal minimum, then the network’s learning ability is not
exploited to its utmost potential. If all the networks in a pool have identical weights,
then the pool’s total knowledge is equal to the knowledge obtained by any one
network in the pool. Both of these scenarios indicate an underutilized learning
ability. To combat these, we investigate a variety of strategies for encouraging
networks, both within a single network and across networks, to make the most of
their respective learning potential. To improve intra-network learning, we propose
a backward pass gradient modification technique we call PowerGrad Transform,
in which we tweak the gradients just before an optimization update step to make
the network traverse parts of the loss landscape that would otherwise be avoided
by conventional training techniques. We discover that networks trained with
the PowerGrad Transform method provide considerably improved training and
test accuracy metrics, resulting in an increased utilization of learning capacity.
The capacity to learn is equally relevant when discussing a collection of neural
networks. Feature Difference Loss functions are used in the inter-network scenario
to convert the shared feature representations of all of the networks in the pool into a

single real number. Afterwards, we use adversarial training to maximize the inverse
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of the feature difference losses, which forces a cohort of networks to generate a wide

variety of features.

6.1 KNOWLEDGE DIVERSIFICATION

In traditional neural network ensemble methodologies, multiple networks are
trained individually, and the resulting outcomes are combined, typically through
voting mechanisms or linear combinations. A significant limitation of this approach
is the absence of information sharing among the ensemble’s foundational networks.
We argue that for an enhanced performance of neural network ensembles, there
is a pressing need to diversify their representations. With this in mind, we
introduce a novel technique geared towards enhancing the learned representations
within an ensemble. This is achieved by encouraging feature sharing during the
training process. Our proposed method, termed “Feature Difference Loss” (FDL),
is designed to stimulate the networks within the ensemble to capture distinct
features. This direct promotion of model diversity stands in contrast to traditional
methods. In our rigorous testing phase, we utilized ensembles comprising two to
four networks. The results yielded notable improvements in comparison to other
ensemble techniques. Intriguingly, these improvements were particularly evident
for datasets characterized by fewer samples per category. This was observed in
widely-used datasets such as MNIST, CIFAR-10, and CIFAR-100. Moreover, even
when applied to extensive datasets like ImageNet, we observed positive outcomes,

further underscoring the efficacy of our approach.

When diving deeper into the rationale for diversification, we found that
ensembles combine the outcomes of multiple base networks to boost generalization.
A critical factor that determines the efficacy of an ensemble is the diversity among
its base networks. Essentially, for an ensemble to outperform its constituent

networks, these networks must not only be accurate but also diverse in their errors.
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When errors are uncorrelated, the ensemble’s average error decreases. However,
a common pitfall in conventional ensemble methods is that they independently
train each network, leading to a lack of incentive for the networks to learn diverse
features. This is where our proposed FDL comes into play. By actively promoting
diversity during training, FDL ensures that each network in the ensemble learns

unique features, leading to more diverse and uncorrelated errors.

We introduced the Feature Difference Loss (FDL) as a loss function added to
the conventional loss function used during training. FDL measures the difference in
features learned by different networks in the ensemble. By penalizing similarities
and rewarding differences, FDL encourages each network to focus on different
aspects of the input data. Mathematically, FDL is computed as the negative pairwise
mean squared similarity between the features extracted by the networks in the
ensemble. This computation ensures that if two networks learn similar features,
FDL will push the overall training towards discouraging the networks from learning
similar features. For our experiments, we added the FDL term to the conventional
loss functions such as cross-entropy. The combined loss function then guides the
training of the networks in the ensemble. We also made the training regime free
from hyperparameters, other than the ones that are typically found in traditional

neural network training.

Our experiments involved training ensembles of varying sizes, from two to four
networks, on several benchmark datasets. The results consistently demonstrated the
superiority of our approach in comparison to conventional ensemble methods. On
datasets like MNIST, CIFAR-10, and CIFAR-100, which have fewer samples per
category, the benefits of our approach were even more pronounced. Notably, on the
ImageNet dataset, despite its vast size and complexity, our method demonstrated
a marked improvement in performance. When contrasted with other ensemble

techniques, our approach consistently outperformed them across a range of metrics.
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Furthermore, in terms of model diversity, our method ensured that the networks
in the ensemble learned a broader set of features, leading to more diverse and
uncorrelated errors. This, in turn, boosted the overall performance of the ensemble,

making it more robust and reliable.

In conclusion, through our innovative approach, we have showcased the
importance of actively promoting diversity during the training of neural network
ensembles. Our Feature Difference Loss (FDL) technique encourages networks
within an ensemble to capture distinct features, leading to improved performance,
especially in datasets with fewer samples per category. This represents a significant
advancement in the field of neural network ensembles and sets the stage for further

exploration and refinement of these ideas.

62 POWERGRAD TRANSFORM

In conventional neural network training, the gradients produced during the
backward pass are dictated by the forward pass. This invariably ties the two stages
together, and this coupling forms the bedrock of how most neural networks are
currently trained. Interestingly, while this approach has stood the test of time, the
avenue of modifying gradients in the backward pass remains relatively uncharted in
academic literature. Through our research, we have ventured into this less-explored
domain, focusing on the concept of decoupled training. This approach hinges on
the idea of altering gradients during the backward pass. Our contribution to this
realm is the introduction of the PowerGrad Transform—a method that, despite its
simplicity, holds immense potential. The essence of the PowerGrad Transform
lies in adjusting the gradients prior to the weight update in the backward pass.
Through our extensive experiments, we found that this seemingly minor tweak can

substantially elevate the predictive prowess of a neural network. More than just
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enhancing performance, the PowerGrad Transform steers the network towards a

more optimal convergence point.

One of the standout attributes of the PowerGrad Transform is its computational
efficiency. It seamlessly integrates into the training process without burdening the
system with added computational or memory costs. Yet, the benefits it pays in
terms of improved accuracies on both training and testing datasets are substantial.
Its design ensures that it can be effortlessly incorporated into existing training
frameworks, making it a versatile tool for practitioners and researchers alike.
Delving deeper into the underpinnings of the PowerGrad Transform, it’s crucial
to understand the traditional gradient-based training process. In standard training,
the forward pass computes activations, and the backward pass computes gradients
based on these activations, which are then used to update the model’s weights. This
cyclic process continues until convergence. While effective, this method doesn’t
always guarantee that the network will converge to the best possible optima. Our
PowerGrad Transform disrupts this cycle by introducing a decoupling mechanism.
Instead of relying solely on the forward pass’s outcomes to determine the backward
pass gradients, we introduce a transform that modifies these gradients. This psuhes
the network to explore a broader solution space, eventually converging to a better

optima, as depicted by the experimental results.

Atits core, the PowerGrad Transform is a mathematical operation applied to the
gradients during the backward pass. Without divulging the intricate mathematical
details, we can state that this transform scales and shifts the gradients in a manner
that enhances their influence on the weight update process. This controlled
manipulation ensures that the weight updates are more informed, pushing the
network towards regions in the solution space that offer better performance. An
essential aspect of the PowerGrad Transform is its adaptability. The transform

parameters can be adjusted based on the dataset, the architecture of the neural
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network, and the specific training objectives. This flexibility ensures that the
PowerGrad Transform remains relevant across a myriad of applications. Our claims
surrounding the efficacy of the PowerGrad Transform aren’t merely theoretical.
We subjected it to a battery of experiments across diverse datasets and network

architectures.

In our experiments, we observed substantial improvements in convergence
rates.  Networks trained with the PowerGrad Transform reached optimal
performance levels faster than their traditionally trained counterparts. Furthermore,
the final accuracies achieved on both training and testing datasets were invariably
higher when the PowerGrad Transform was employed. The implications of our
work extend beyond just enhancing the training of individual neural networks.
The PowerGrad Transform, with its ability to improve convergence and overall
performance, has the potential to improve transfer learning, and other advanced
training techniques. Given its computational efficiency, it can be significant in
scenarios where resources are constrained, such as edge computing and mobile
devices. In summary, with the PowerGrad Transform, we have ventured into
the relatively unexplored domain of decoupled training. By introducing a
mechanism to modify gradients during the backward pass, we have showcased how
neural networks can be trained to achieve superior performance without incurring
additional computational costs. Our method, which is both simple and powerful,

represents a significant stride forward in neural network training methodologies.
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