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Abstract

Knowledge Distillation (KD) is one of the numerous model compression methods
that help reduce the size of models to address problems that come with large models.
In KD a bigger model termed the teacher, transfers its knowledge, referred to as the
Dark Knowledge (DK), to a smaller network usually termed the student network. The
key part of the mechanism is a Distillation Loss added in the loss term that plays a
dual role: one as a regularizer and one as a carrier of the categorical information to
be transferred from the teacher to the student which is sometimes termed DK [1]. It
is known that the conventional KD does not produce high compression rates. Exist-
ing works focus on improving the general mechanism of KD and neglect the strong
regularization entangled with the DK in the KD mechanism. The impact of reducing
the regularization effect that comes entangled with DK remained unexplored. This re-
search proposes a novel approach, which we termed Dark Knowledge Pruning (DKP),
to lower this regularization effect in the form of a newly added term on the Distillation
Loss. Experiments done across representative and benchmark datasets and models
demonstrate the effectiveness of the proposed mechanism. We find that it can help
improve the performance of a student against the baseline KD even in extreme com-
pression, a phenomenon normally considered not well suited for KD. An increment of
3% is achieved in performance with a less regularized network on CIFAR 10 dataset
with ResNet teacher and student models against the baseline KD. It also improves the
current reported smallest result on ResNET 8 on the CIFAR-100 dataset from 61.82%
to 62.4%. To the best of our knowledge, we are also the first to study the effect of
reducing the regularizing nature of the distillation loss in KD when distilling into very
small students. Beyond bridging Pruning and KD in an entirely new way, the pro-
posed approach improves the understanding of the knowledge transfer, helps achieve
better performance out of very small students via KD, and poses questions for further
research in the areas of model efficiency and knowledge transfer. Furthermore, it is
model agnostic and showed interesting properties, and can potentially be extended for
other interesting research such as quantifying DK.
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1 Introduction

1.1 Background
1.1.1 Artificial Intelligence, Machine Learning (ML), and Data

Artificial Intelligence (AI) can be broadly seen as the collective effort of certain disci-
plines, with the help of computer science, to mimic human intelligence [9]. It tries to achieve
it in terms of intelligent capabilities such as vision, language, knowledge representation,
planning, uncertainty, etc [10].

Machine Learning (ML) is a general term given to methods or systems that learn,
mostly from data, using some kind of learning algorithm rather than being explicitly pro-
grammed [10] and it is the reason prominent advances in Al are made starting by [11].
Typically, the fundamental task of these learning algorithms is to generalize beyond the
training samples they were trained with [12]. Customized for their own setup, these learning
algorithms have three important components to achieve their goal: data, representation, eval-
uation, and optimization [12]. Then, the task of ‘learning’ can be thought of as the process
of adjusting numbers, known as weights and biases, using the optimizer using the evalua-
tion [12]. Therefore, a common Machine Learning (ML) requires an algorithm, data, and
computation [12]. The main types of Machine Learning (ML) algorithms are Supervised
Machine Learning (ML), an approach where both the learning data and the ‘supervision’
or ‘mentorship’ for the learning come from the training data, Unsupervised Machine
Learning (ML), an approach where the algorithm learns from the data without directly,
and Reinforcement Learning (RL), human-like learning that happens via the interaction
of the agent, the algorithm, and its environment [9].

Neural Networks (NN), type of ML algorithm inspired by how biological neurons signal
to one another in the human brain, are behind the success of ML [13]. They are used as
building blocks of NN and almost all real-world tasks can be modeled by some arrangement
of these neurons[14]. Then, the question of how to arrange these neurons is again answered

by looking at the brain which represents concepts in hierarchical ways, with multiple levels of



abstraction and processes information through stages of transformation and representation
[15]. Inspired by this architectural depth, eventually, a class of algorithms that uses a stack
of artificial neurons, termed Deep Learning (DL)algorithms, emerged and frankly as of this
writing are state of the art in the field of AI [16] and are behind almost every breakthrough
heard in the news since 2012 [11].

Data is a core reason why ML are fruitful [12]. Thus, the critical pre-training stage of
an ML is related to data as it directly influences the choice of the model and the learning
algorithm. Commonly, representativeness, quality, type of encoding, dimensionality, size,
and most importantly whether or not it is labeled (annotated) or not are key characteristics
considered for analysis [12]. The Machine Learning (ML) stage where all these points are
addressed is called the pre-processing stage [12]. Data can be collected and prepared to
create a Dataset by taking the above points into consideration [9].

A model is the output of a ML algorithm in the form of a mathematical or computational
representation of a system, process, or problem domain [12], [16]. A typical ML task is the
process of optimizing the model, basically a collection of numbers, the parameters which
are organized into a carefully designed architecture or data structure that depends on the
algorithm chosen [12]. In the context of the broader picture of Al, the model represents the
brain of the agent that we are trying to make intelligent and use for predictions, generate
outputs, or understand patterns in data [12].

Training a model is the process of adjusting its parameters, such as weights and biases
so that it can accurately predict the output for a given input. This is done by what is known
as the Back Propagation Algorithm [17]. By iteratively adjusting the model’s parameters,
such as weights and biases, the training seeks to minimize both training and validation errors,
achieving a well-fitted model that captures the essential patterns in the data while avoiding
excessive complexity or oversimplification [10].

Overfitting and Underfitting. Training a model can also be looked at from the per-
spective of finding the optimal balance between overfitting and underfitting [18]. Overfitting

occurs when the network excessively adapts to the training data, capturing noise and irrel-



evant patterns, leading to a poor generalization of unseen data [19]. On the other hand,
underfitting arises when the network fails to capture the underlying patterns in the data,
resulting in high training and test errors [18]. The training process aims to strike a deli-
cate equilibrium, where the network learns to generalize well without over-relying on specific
instances. Since most NNs are large by design [20], in most cases the problem usually is
overfitting which is mostly solved by Regularization [17] which is a fundamental concept
in Deep Learning (DL) that helps prevent overfitting and improve the generalization per-
formance of models. Overfitting occurs when a model becomes too complex to the point
where it starts to memorize the training examples instead of learning the underlying pat-
terns and relationships in the data [17]. L1 and L2 regularization [21], Early stopping [22],
Data Augmentation [23], and Label Smoothing [24] most well known regularizers.

Different types of models and datasets exist in Artificial Intelligence (AI), depending
on the specific task or problem they are designed to address [20]. Since these models and
datasets are used as a landmark for progress in the Al literature, they are given names and
serve as benchmarks for comparison [20]. MNIST [25], CIFAR-10 and CIFAR-100 [8]and
Imagenet [26] are examples of benchmark datasets. Analogously, Alexnet [11], LeNet[25],
and VGG16 [27] are examples of such benchmark models. The image below shows the

evolution of these benchmark models.
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Figure 1: Size of benchmark vision and language models over the past years [2].

1.1.2 Problems of large models

The success of Deep Learning algorithms, as the name ‘deep’ indicated, is highly tied to
their size even though bigger models are not necessarily related to performance [20]. Thus,
model size is a consequence of an effort to increase a model’s performance [18]. Tt did help to
increase accuracy but on the other hand, bigger model size comes with its own disadvantages

[28]. Challenges of giant models include:
e Time-consuming training, inference, and iteration of models [29]
e Hard to deploy on resource-constrained and edge devices
e Economic and environmental impact [28]
e Complexity [30]

Model compression is a method to make big models small without losing performance

[31] in order to achieve a good balance between performance and efficiency.



1.2 Motivation

The exact number and arrangement of parameters in a ANN based model is still a hyperpa-
rameter, a decision of the designer. Bigger models are not necessarily related to performance
[20], yet the current approach is to design them big and then optimize them mostly via model
compression. Therefore, the first apparent motivation for anyone to study the area is the
resource intensiveness of big models and the problems that come with the efficiency issues:
Efficiency in terms of time, computation, data, etc. However, there are other contexts that
motivate researchers to explore and study model compression. The following are some of

them:
e To get a better understanding of how NNs work [18].

e Parallel growth of other technologies and their use cases that require small-scale models

[9]. For example IoT for agriculture use.
e Growing environmental concerns [28]

e To use them as a tool for a task beyond size reduction such as to increase the perfor-

mance of models [19]
e Inclusiveness of access to models [29].
e Re-purpose models for other tasks [29].

All the above-mentioned motivation played their role in pushing us to pursue this work.



1.3 Statement of the Problem

Knowledge Distillation [1] is a model compression method where the knowledge of a big
model is transferred to a smaller model, usually called the student, in classification tasks.
The key part of the mechanism is a Distillation Loss added in the loss term [1] as can be
seen in equation 1, and it plays a dual role: as a strong regularizer [32] and as a carrier
of the categorical information to be transferred from the teacher to the student which is
sometimes termed as Dark Knowledge [1]. Even though, the inefficacy of the conventional
KD to transfer knowledge from a teacher to a significantly small size student is known [33],
existing theoretical developments focus on improving the conventional KD by decoupling the
distillation loss into the target class and non-target class [34], replacing the outputs with
other designed outputs [35], manipulating the outputs of the teacher [36] before feeding it
to the student, adding noise to the outputs of the teacher [37], and exploring what makes
KD work in general, [32], [38]. The effect of the strong regularization that comes entangled
with the Dark Knowledge in the distillation loss remained unexplored in literature, even by
studies that specifically attempted to make distillation effective in cases where there is a
high size gap between a student and a teacher network [6], [39]. [6] studied the subject from
the perspective of the growing size of teachers holding the student size fixed, to suggest that
an extra new teacher network can fill the size difference. [39] introduced a new loss term

abandoning the original KL divergence.

KD Loss = Hard Loss(output, Hard Label) + Distillation Loss(output, Soft Label) (1)

This research studies the reduction of the regularization that comes entangled within the
Dark Knowledge in KD by applying a novel approach termed DKP. It adapts the concept of
pruning on the logits of the teacher. Pruning is another model compression method where
the parameters of a model are removed or set to zero for efficiency [40]. But, in the context
of the proposed approach, pruning is applied to the logits, the predictions, of the teacher

model by setting them to zero.



1.4 Research Questions

Considering the above statement of the problem, the main research questions are:

RQ1 How can the regularization in Knowledge Distillation be reduced from the distillation

loss for very small students?

RQ2 What happens to the performance of different-sized student networks if Pruning is

applied to the teacher’s predictions in the Knowledge Distillation framework?

RQ3 How do different hyper-parameters perform when Dark Knowledge Pruning is applied

to a student?

1.5 Objectives of the study
1.5.1 General objective

The general objective of the research is to study the effect of pruning the logits of a teacher

network as a means to shrink the regularization in the distillation loss of the Dark Knowledge.

1.5.2 Specific objectives

e Propose a mechanism to reduce the regularization in KD
e Design an experiment set up to apply the proposed concept.
e Apply optimization techniques to increase the performance of the DKP framework.

e Experiment with the proposed approach across different hyper-parameters to check

performance when Dark Knowledge pruning is applied.

e Compare the accuracy of compressed networks with and without pruned Dark Knowl-

edge in KD across different student network sizes



1.6 Scope

In general, the limitations emerge out of the lack of enough computation access. The follow-

ing points describe the scope of the thesis.

e This thesis studies the effect of applying Pruning teacher predictions (logits) on conven-
tional Knowledge Distillation. There are many variants of both Pruning and Knowl-
edge Distillation [33] but here only magnitude pruning and random pruning, along

with vanilla Knowledge Distillation are studied.

e The conventional KD [1] comes with its own hyperparameters such as temperature and
weight for distillation loss. Only the temperature is varied, in this experiment, we kept

the latter fixed.

e The experiments done are on computer vision tasks. Since the underlying principles

of training are similar, they can be extended for other tasks with minor modifications.

e Here, ResNet and LeNet are used along with CIFAR-10 and MNIST as they are used
commonly in literature [20]. Due to computational limitations, experiments on Ima-

geNet are not considered in this study.

1.7 Significance of the study

In general, studying Dark Knowledge in KD will be valuable in several sub-domains of Ar-
tificial Intelligence (AI). Especially, in the model efficiency and knowledge transfer domains,
it will have direct benefits. The following are some of the significance of this study in the

efficiency and knowledge transfer realms.

e A novel approach that can be used in the model efficiency and knowledge transfer

sub-domains of Al

e Small but performant models are required to be used in an energy-effective way. This

study will allow a better transfer of knowledge in KD.



Quantifying the Dark Knowledge can be attempted as an extension of this research

and it will be a significant development to take full advantage of KD.

e [t will, when extended, help debug the knowledge of a network in the context of com-
pression or otherwise which is beneficial for mechanistic interpretability, an emerging

and critical area of study.

e Pruning, in this context, is removing the contribution of the softmax outputs. Initially,

it has the effect of generalizing the conventional Knowledge Distillation (KD).

e It also for the first time links Pruning and KD in an entirely new perspective. There
has been very little work in applying KD to help recover the generalization of pruned
networks. But, applying the idea of pruning to help Knowledge Distillation is being
applied for the first time. This is an extendable work as both methods are widely re-
searched and applied and one can easily extend the idea to their variants. For example,

pruning in feature-based KD instead of Response based Knowledge Distillation.

e Initiates a whole line of research questions as discussed in the future works section 5.1.

1.8 Contribution

The following are the contributions of the paper.

e Proposed a new approach in the form of a loss term, the third term in equation 2, that
will allow better control of the flow of knowledge in Knowledge Distillation (KD) and

also generalize it.

Loss = Y., q; * log(p;) + 305 qi * log(qi/pi) — S5, q; * log(qi/p:) (2)

where s is the percentage of logits to prune or set to zero.

e Performance improvement. If one network is compressed in the conventional KD and

another network is compressed in the proposed approach, with selected hyperparam-



eters, the latter can outperform the former as demonstrated in the experiments and

results section 4.
e A model agnostic way of reducing the effect of regularization in KD.

e [t will, when extended, help debug the knowledge of a network in the context of com-
pression or otherwise which is beneficial for mechanistic interpretability, an emerging

and critical area of study.

e [t initiates research questions at the intersection of Pruning and KD. Different variants

can be explored for a deeper analysis of efficient knowledge transfer.

e To the best of our knowledge for the first time study the regularization effect in KD
for the inefficacy of KD for extreme compression, compressing networks to a size that
is very low compared to the teacher. Demonstrated cases where extreme compres-
sion disentanglement of regularization and Dark Knowledge in the case where a less

regularized network outperforms the regulated contrary to conclusions made earlier.

1.9 Thesis Organization

The remainder of this document is structured as follows. The theoretical backgrounds of Al,
statement of the problem, research question, and objectives of the study respectively have
been discussed in this first chapter. The next chapter, chapter 2 2, will be about a literature
review on Model Compression in general and related works that are closely related to the
proposed work in this thesis. Chapter 3 discusses the methodology of the thesis. It contains
important details about the proposed solution for the problem statement, its mathematical
interpretation, the datasets used, and the justification as to how the proposed method solves
the problem. Chapter 4 entails the experimental setup and results followed by the conclusion

and future works in chapter 5.
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2 Literature Review

2.1 Deep Neural Networks (DNN) and their variants

The huge success of Artificial Intelligence comes from a type of Machine Learning algorithms
fundamentally based on a biologically inspired unit termed the Perceptron that mimics a
neuron in a human brain [13]. A neuron is a special biological cell that accepts, processes, and
transmits information through electrical and chemical signals [41]. They are fundamental
building blocks for Deep Learning (DL) algorithms which are made up of multiple layers
of these artificial neurons [16]. Each layer of neurons performs a specific task, and the
layers are connected to each other in a way that allows the model to learn complex patterns
from the data [41]. The simplest and most basic form of a DL network arrangement is the
Multi Layer Perceptron (MLP) [41]. MLPs are composed of multiple layers of these
interconnected artificial neurons. Non-linearity is applied at each layer to transform the

input data into a representation space [10].
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Figure 2: The perceptron [3]

There are different variants of Neural Networks. The following are the most important

ones.
e Convolutional Neural Network (CNN) s are a type of NNs that try to mimic a

11



human vision with a design that enables them to pick up spatial ‘perception’ charac-
teristics. Commonly, they are made up of building blocks, such as convolution layers,
pooling layers, and fully connected layers which can be considered primitives of the
CNN architecture. They are one of the most successful NN architectures for vision-
related problems in AI [11]. Prominent examples from these architectures are LeNet
[25] and ResNet [42]. LeNet is a model constructed for the recognition of pictures of
handwritten digits [25]. The network is a mix of a Convolutional Neural Network for
feature extraction followed by an MLP network for classification. The convolutional
layers that make up the Convolutional Neural Network part entail convolution, pooling,
and nonlinear activation function(tanh) activation functions sections. The other model
the study is conducted with is a family of network architectures referred to as ResNet
[42]. These networks are designed to make deeper networks possible by a specifically
designed architectural trick termed the Residual module or connection as described
in 4. In networks before ReSNET, the deeper the network, the larger the error they
make. This problem is called ‘the vanishing gradient’ problem [10] and it happens
when the parameters earlier in the network don’t get enough gradient information to
learn from [42]. ResNet is a name for the family of architectures that use such residual

connection and there are multiple instances of this family that are used in literature

for benchmark purposes [20].

X
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Figure 3: LENET Figure 4: Residual connection

e Recurrent Neural Networks (RNN) are a type of NN commonly used for process-

12



ing sequential data, where the order of elements in the sequence matters [43]. RNNs
have a recurrent connection that allows information to be passed from one step to the
next, enabling them to capture temporal dependencies and context [43]. The funda-
mental building block of an RNN is the recurrent neuron or cell, which takes input at
each time step and produces an output and a hidden state which serves as the memory
of the network, allowing it to maintain information about past inputs [10] . The hidden
state at each time step is influenced by both the current input and the previous hidden
state, creating a feedback loop. They are widely used in various natural language pro-
cessing tasks, such as language translation, text generation, sentiment analysis, and
speech recognition [10]. They can also be applied to time series analysis, including

forecasting, anomaly detection, and signal processing [10].

Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) are
introduced to solve the problem of The vanishing or exploding gradient problem is one
of the challenges of training Recurrent Neural Networkss where the gradients become
extremely small or large as they propagate backward through time which can lead to
difficulties in capturing long-term dependencies [44]. Different These variants incorpo-
rate gating mechanisms that control the flow of information, enabling better handling

of long-term dependencies and mitigating the gradient problem [44].

Generative Adversarial Network (GAN)s are a family of complex networks that
use a combination of two or more fundamental NNs to generate synthetic data based
on real ones [45]. They have at least two components: generative and discriminative
[10]. The generative part is a network whose output is data that one wishes to mimic
for example an image. The output of the generator is fed into the discriminator which
is a separate network that takes in the generated data, and classifies it according to a
label [10]. The generator is good enough when the discriminator, which was trained on
the real samples of data to be generated, starts to label the generated data as the right
class. These networks have the potential to be used for both good and evil intentions

as they can simulate any data distribution [45].

13



e Autoencoders are NN that learn to compress and reconstruct unlabeled data to be
used for unsupervised learning, dimensionality reduction, anomaly detection, image

denoising, and inpainting, and feature extraction [46].

e Graph Neural Networks (GNN)s are NNs that learn from graph-structured data [47].
They do this by aggregating information from neighboring nodes and iteratively updat-
ing the node representation to capture both local and global patterns and dependencies

within the graph [47].

e Transformers are general-purpose architectures based on the attention mechanism,
which allows them to learn long-range dependencies in sequences [48]. As of this
writing, they are state-of-the-art in Natural Language Processing tasks such as machine

translation, text summarization, and question-answering [20].

2.2 Model Compression

Model Compression is a set of techniques [31] for reducing the size of large models without
a notable performance loss. Its necessity is increasing in parallel with the advancement and
complexity of models. Even though their recent attempts to train smaller networks from
the beginning [49], mostly, Model Compression is applied after training a bigger model as
the model needs much fewer parameters for inference than for learning. Model Compression
methods in literature can be classified into four major parts: Pruning, Knowledge Distillation
(KD), Quantization, and other methods. Pruning is removing an unwanted structure from
a trained network. KD is a mechanism to pass along the knowledge of a bigger model to a
smaller model. Quantization is reducing the number of bits of model parts required to be
represented, similar to approximating a number [50]. For convenience, the rest of the Model
Compression methods other than Pruning, KD, and Quantization can be organized in one

section and are referred to as Other methods.
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Figure 5: The taxonomy and categories of Deep Learning model compression methods.

2.2.1 Pruning

The oldest, most studied, and intuitive method of reducing model size is pruning [51]. It
is literally removing the weight of a node from a network based on how important it is.
The process introduces its own hyper-parameters. These include the compression rate [40],
magnitude to Prune with when it is magnitude weight, type of saliency metric to use, etc. The
approach towards these hyper-parameters categorizes the Pruning methods in the literature.
The earliest methods were mainly: Saliency based, where node or weight is checked for
importance, penalty based [19], [51], where the penalty term is added on the loss(objective)
function to induce weight decay [52], magnitude-based pruning, simply removing the smallest

link(weight) in each iteration.
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Figure 6: Pruning a network

A more ’educated’ way of dubbing a parameter as unimportant based on interpretability
or explainability [53]. Explainability is the notion of trying to explain the ’decision’ of a
model. This is equivalent to asking the question of what part of the input cause a specific
prediction. Currently, that is a hot topic as applications of Artificial Intelligence (AI) prevail
in more and more sectors including high stake areas. There are well-established methods out
there and a couple of them have been used in the context of pruning. An area of growing
interest is what is being popularized as Interpretable Pruning, an attempt to know what
is actually being pruned. Layer-wise Relevance Propagation (LRP) algorithm is proposed
in [53] to assign relevance scores to each and every unit in the network. The work in [54]
demonstrated a Neuron Importance Score Propagation (NISP) algorithm to propagate the
importance scores of final responses to every neuron in the network and then prune the CNN
filter with the least importance. Interpretability based Filter Pruning (IFP) is introduced
in [55] that utilizes Activation Maximization, a form of feature visualization method after
each activation layer of a CNN, to identify non-essential filters. The method identified filters
that learn redundant features and pruned them. An attempt to dynamically determine

what neurons to skip at inference time is demonstrated by [56]. This method incorporated a
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decision unit before every CNN layer which takes the input and gives output an indication
of the most probable channel. In convolutional neural networks, in addition to nodes and
weights, now there are channel pruning methods ( [57], [58] ) and filter pruning [59] pruning
methods. Such methods came to be known as structured pruning, removing structures,
as opposed to unstructured pruning, including removing weights or nodes as in the legacy
approaches.

Modern pruning-based compression approaches vary not just in the Saliency metrics they
use or other approach, but also in the overall pipeline of pruning. The ‘lottery ticket hypoth-
esis’ [49], whose stronger version was supported in [60], states that random initialization of
a network contains a small subnetwork (” the winning tickets”) that, when trained in isola-
tion, can compete with the performance of the original network. A rather bold finding by
[61] states that there is a randomly initialized sub-network that even without training can
perform as well as the original. The recent work [62], termed pruning from scratch, questions
the need for training the network and proposes a different pipeline as random initialization,
pruning, and then training. The work in [63], raises the question of why train a big model to
convergence when it is possible to attain better performance by training it for free iterations
and pruning it.

A new perspective in pruning is treating the task as a search in the space of sub-networks.
This is a consequence of advances in Neural Architecture Search, an emerging area of study
in the study of neural networks. The researchers in [64], applied neural architecture search
to search directly for a network with flexible channel and layer sizes where the number of
the channels/layers is learned by minimizing the loss of the pruned networks.

Pruning methods rely on manual design to get optimal performance. An emerging ap-
proach is to automate the process of pruning using Reinforcement Learning methods follow-
ing advances in the area. RL based pruning methods formulate the problem of removing
ad node or weight as a Markov Decision Process . These methods of pruning differ in their
design of the RL system which essentially requires defining a state space, an action space,

and a reward. The action and state space are obvious enough as they are almost always the
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set of all 'removing’ and the set of all possible sub-networks respectively. The rewards for
pruning can be a dense [65], appearing after every action is taken, or sparse[66], coming or
appearing to the agent after a certain sequence of actions. In [65] a magnitude is determined
in each step to remove or leave a layer. Almost all RL based methods incorporate structured
pruning for the actual pruning, which can be saliency or magnitude based. This is because
RL methods are by nature iteration intensive and if individual parameters are considered
for each action-state pair, the complexity will be exponential.

The most important gap common in all the pruning methods is that it is hard to compare
different pruning variants due to a lack of benchmark metrics. The only benchmark that
exists Shrinkbench [67], a framework that framework aiming to provide pruning performance
comparisons.

There is a critical difference between unstructured [40] and structured pruning g [59].
Unstructured pruning is implemented by making individual parameters be pruned to zero
[40]. This makes unstructured pruning almost surgical and more accurate in identifying what
to remove. But this implementation doesn’t actually reduce the computation time since the
GPU will do the operation anyway. On the other hand, structured pruning will remove a
complete layer or channel, or filter. And then the rest of the connections will be connected
afterward. This increases efficiency in both pruning time and implementation time. But this
too has its own consequences as it is not surgical. The layer or channel to be removed might
still have important weights that are needed for inference.

Another common limitation of pruning methods, which can be caused by the lack of a
common benchmark, is that they are architecture-dependent [59]. Albeit efforts in modern
approaches[49], almost all of them involve at least some amount of fine-tuning or retraining
which requires having original data to train the network is trained on which in some cases
might not be available [40]. Considering randomly dropping weights or magnitude-based

pruning [40], it is justified to say that pruning is the fastest compression method.
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2.2.2 Knowledge Distillation

Knowledge Distillation is a relatively new compression procedure originally introduced in
[31] and reinvented in [1]. A bigger model and well-performing model, which is termed the
teacher model, provides labels for a smaller network to train with. For each observation,
data label pair, out of the dataset the original network was trained on, the smaller network
will use the predictions of the bigger network as a label along with the observed label. These
predictions of the teacher model are termed soft labels since they are not ones and zeros
like hard labels are. These soft labels are termed Dark Knowledge. The intuition is an
image of a dog has a larger chance of being mistaken as a cat than as a car [1]. This is the

categorical information being transferred from the teacher to the student.
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Figure 7: Knowledge Distillation (KD) [4].

KD uses a constant value named Temperature, T, which magnifies the small probability

19



values in the prediction(the soft labels) which represent. Each output of the i-th class in
training, with logit z and a temperature T, is computed as:
exp(zi/T)

(2, T) = S cap(z/T) (3)

A powerful adaptation of KD, Fitnets [68], trains a student, deeper and thinner than the
teacher which is unlike [1], using the intermediate representations, features, learned by the
teacher as hints to improve the training process and final generalizing capacity of the student.
This work opened a whole new sub-category of KD termed as Feature Distillation making
the original to be called response-based distillation [69]. Response-based distillation is also
limited to supervised learning as the logits, the soft labels, are probability distributions.
Relationship distillation extends feature distillation by using outputs of specific layers in the
teacher model and exploring the relationships between different layers or data samples [70].

Knowledge Distillation methods actually construct a brand new smaller model that tries
to mimic the bigger model [32]. This means training a new model from scratch, and that
will take as much time as the training time for the teacher. The loss has to be a softmax
loss function whose output is a probability distribution [1]. methods, for compressing a NN,
don’t give a bigger size reduction [33]. Some might even need a teacher assistant to catch
up to the teacher|71].

At the core level, KD is a knowledge transfer mechanism [72]. Thus, it is extremely
versatile and model agnostic, any model can be used as a teacher or a student. Thus, it has
been used for other purposes including faster optimization [73], defense against adversarial

attacks[74], explainable networks [75], and even to improve the original network itself [76].

2.2.3 Quantization

Quantization, in simple terms discretization, is rounding up parameters of a network to re-
duce the number of bits required for representation. For example, reducing from 32 bits
floating point representations to limited precision, commonly in 8 bits or lower represen-

tations. The basic method of quantization is to train a model under a normal setup and
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Figure 8: Quantization

then to quantize each parameter, activation, or even input, using some sort of function or
mapping, which is sometimes referred to as a quantization operator [77]. When fine-tuning is
needed after quantization, Quantization Aware Training is used where a re-training is done
with floating point propagation but the weight is Quantized back after each update. Post
Training Quantization is quantization without retraining [78], [79]. It is preferred when QAT
is too complex to implement.

Normally, what is known as the clipping range, a range to make sure the individual
weights will lie in, is determined beforehand. The common formula is given:

r

07 )

Q(r) = Int(

where Q is the quantization operator, r is a real-valued number, since the clipping range is
not necessarily input (activation or weight), S is a real-valued scaling factor, and Z is an
integer. These variables are part of the hyper-parameters introduced by Quantization and
different applications’ adaptations of them create different variants of Quantization. Int is
the integer function that maps its input to the integer. A quantized number can be recovered
with reverse quantization, Dequantization.

The ideal Quantization is Binarization, making the parameters of a network binary [80]
for memory and compute efficiency. In fact, the most appealing feature of this method is
that it can potentially get rid of the need for multiplication at inference time by replacing

the dot product in the network with bitwise operators [81] to train networks with binary
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weights. In [82], the researchers showed CNNs with only binary weights and demonstrated
a binary quantized version of Alexnet [11], with 32 times smaller, with comparable accuracy
as the original version. Beyond binarization, an alternative network is a ternary network,
where the weights of the network are limited to three values instead of two as in binary.
Neither binary nor ternary Quantization methods are trainable with back-propagation with
gradient descent. Recent advances introduce Differentiable Quantization in order to learn

the hyper-parameters of Quantization [83].

2.2.4 Low-Rank Tensor Decomposition

Low-Rank Approximation [84] is a mathematical technique used to approximate a given
matrix by a matrix of lower rank. Particularly, Singular Value Decomposition (SVD) is a
widely used method for low-rank approximation in mathematics, as it decomposes a matrix
into three components: U, Y, and V. By selecting the most significant singular values and
their corresponding singular vectors, a lower-rank approximation of the weight tensor can
be obtained.

In Neural Networks (NN)s context, the weight tensors represent the parameters that
define the model’s behavior and low-rank approximation techniques aim to find a lower-rank
representation of the weight tensors that can approximate the original tensors accurately
[85]. They provide a way to reduce the complexity of these weight tensors while preserving
important information [85]. Especially, they are beneficial in Convolutional Neural Network
(CNN) based architectures that normally consist of convolutional layers with a large number
of weight tensors [85]. Applying low-rank approximation to these weight tensors allows for
a substantial reduction in computational and memory requirements without significant loss
in performance [86]. This is especially beneficial in scenarios where large-scale CNN models
are deployed on resource-limited devices or where efficient training and inference times are
critical. Thus, Convolutional Neural Network (CNN)s can be improved significantly [87],
[85], [88], [86].
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Figure 9: An example of hybrid Compression is the Deep Compression framework [5].

2.2.5 Hybrid Model Compression Methods

Fortunately, Model Compression methods are not disjoint: they can be combined [5]. The
resulting process would be more complex than the individual ones, but combining hybrid
methods is beneficial in cases where that is not an issue [5]. In fact, a symbiotic relationship
where the problems of one are addressed by the other can be achieved [89]. This section
highlights prominent works that combine compression methods.

Pruning and Quantization Pruning and Quantization are the most related ones es-
pecially unstructured Pruning which is simply setting a parameter zero [80]. The most
prominent work not just in the hybrid paradigm but also in Model Compression is the Deep
Compression framework [5] where iterative Pruning, Quantization, and Encoding are applied
one after the other. Its Pruning part is the same as [40].

The intuitive relationship between Pruning and Quantization is backed by recent advances
in Quantization that study differentiable hyperparameters in Quantization as a means to
unify them [90], [91].

Pruning and Knowledge Distillation There is also a positive relationship between
Pruning and Knowledge Distillation and it has been recognized relatively early in [92] where

Pruning is applied on distilled student networks on the task of Neural Machine Translation.
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Recent works are more generic than applied. A work demonstrated in [93] showed, a student
can learn better from the pruned teacher which serves as a better regularizer than otherwise
in the context of KD. The converse of it has also been shown in [94] where the authors argue
that the accuracy of a pruned model is well restored when the student is fine-tuned with
KD than vanilla training. A good example of a symbiotic relationship between the two is
[89] where unprunable parameters are compressed with KD and potentially redundancy is
addressed by Pruning[89].

Quantization and Knowledge Distillation

An early major work in the combination of Quantization and Knowledge Distillation
is the application of Quantization for the choice of a student model for KD [95] where a
the knowledge of a Quantized teacher model is transferred to a Quantized student. In this
setting, KD helps Quantization restore better performance. Conversely, Quantization also
benefits KD as in [96] where it has been used to enable on-device KD by introducing noise
that mimics the existence of a bigger teacher model. This addresses the problem of missing
teacher on edge devices to do vanilla KD and might even put the need of the teacher in the
first place in question. Their bond is strengthened by Quantization Aware KD [97] that aims

to solve the problem of performance degradation in Quantized distillation [95].

2.2.6 Other Model Compression Methods

In general, the goal of compression is intuitive: reduce size, and maintain accuracy. Thus,
people have tried whatever they think would work to achieve that goal including informa-
tion theoretics-based approaches [98], and Weight sharing and efficient architectures [99],
Inception [100], MobileNet [101] and SqueezNet [102].

2.2.7 Summary

The main model compression methods, Pruning [40], Quantization [50], and Tensor Decom-
position, in general, model compression can be seen in two broad categories. The methods

in the first category transform a trained model into a small model using a certain technique.
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Table 1: Summary of Hybrid Model Compression.

Hybrid Compression Remark

Pruning and Quantization can be applied one after the other easily be-

cause spare networks can be quantized easily

[5].

Pruning and Knowledge Distillation Mutually beneficial result. One solves the

challenges of the other.[89], [93] ,[92]

Quantization and Knowledge Distillation | Distillation restores performance damaged by

Quantization [95]. Quantization helps mimic

a non-existent teacher [96]

Pruning [40], Quantization [50], and Tensor Decomposition methods can be seen as model
transformation methods. They start with a trained model and transom it into an optimized
version of itself [40]. The methods in the second category try to create a new but smaller
model from scratch [1]. Knowledge distillation [1] can be seen as creating a model from
scratch, in the second category. Any other design choices that can reduce model size can be

categorized in the second category [98]. The following table summarizes these methods.
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Type Summary
Pruning Removing unnecessary structures from a network
Knowledge Distillation Transfer knowledge of a bigger model to a smaller
Quantization Reducing the bits required to represent parameters
Low-Rank Tensor Decomposition Weight metrics decomposition for CNNs
Hybrid methods Methods that combine two or more of them
Other methods Efficient design, dynamic NNs, etc

Table 2: Summary on Model Compression methods
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2.3 Related Work

As shown in [1] and also discussed in the previous section of this paper, KD works better than
a normal training mechanism. For a given network with logits z;, the softmax is computed

as:

_exp(z/T)
P = S ety 1)

Then the distillation loss becomes :

c c
Loss = Z qi x log(p;) + Z i * 1og(qi/pi) (6)

i=1 =1

Where p = [p1, D2, -, Pc)s ¢ = [q1, @2, ---qc] € R'C, are probability distributions from the
student and the teacher respectively. The second term in 6 is what is considered to contain
useful information from the teacher [1]. Tt is known as the Dark Knowledge. It is also known
that it serves as a regularize.

Since the inception of Knowledge Distillation, there have been several attempts to un-
derstand better the underlying mechanism of how it exactly works [38]. In general, they
can be seen in two broad categories: those that consider the method in general and those
that try to understand the mechanics around the loss function and the logits of the teacher
and student. Due to the former class of works, [72] argued that the conventional KD [1]
can be unified with the theory of learning with privileged information [103]. Unlike KD, the
information proposed in [103] is not necessarily predictions on a data point as a label, but
it can be different such as identifying the easy examples from the hard ones. In [38], they
tried to understand the exact knowledge transferred from the student to a teacher network
by using linear and non-linear polynomial classifiers and determined that the data geometry,
optimization bias, and strong monotonicity of the training set, how increasing the training
set also increases the performance, as key factors for the success of distillation. A relatively
recent work [32], raised the concept of fidelity, the capacity of the student to alight with
the outputs of the teacher. They claim that matching the teacher network can be a non-

desirable property to have for the student network, and the knowledge transfer from the
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Figure 10: Distillation with teacher assistant [6]

teacher to the student model in KD is very limited. What seems like an opposite result
is found in [104], where they argue that a good student network is the one that matches
a well-performing teacher network the least. But this can be explained by the fact that a
large and highly accurate teacher network induces give outputs that are close to hard labels.
[104] proposed to apply early stopping, another regularization technique, as a solution to
the performance and knowledge transfer trade-off. Overall, these contrasting perspectives
highlight that the degree of fidelity in KD and the optimal strategy for knowledge transfer
can depend on factors such as the complexity of the teacher network, the nature of the data,
and the performance goals for the student model [33].

Tampering with the mechanics around the loss function and the logits of the teacher
and student is becoming the trend to learn more about the distillation mechanism [37].
Complete reliance on having a well-performing teacher network is washing away as time as
the understanding of the mechanism increases [105]. This line of work is partially inspired by
exploring a non-performing teacher network and trying to understand the dark knowledge
separate from its regularization effect. A good example of such works is [76] where the
researchers tried to swap the non-argmax logits of the teacher in order to understand the

value of the dark knowledge. With this regard, [71] is the closest related work in terms of
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studying the size gap between a student and the teacher network. Their concern was to
enable teachers to get bigger and bigger rather than studying when the size of the students
as they get smaller and smaller a case where the regularization part of distillation can be a
concern [71].

It has been shown that two students can learn mutually without having a teacher network
to provide the dark knowledge [105] for themselves. In cases where a teacher is not performing
well another network that sits between the student and teacher model can be used to enhance
the outputs of the teacher before going to the student [36]. In another attempt to understand
and exploit the nature of the dark knowledge from a well-performing teacher, [34] treated
the loss in the conventional KD as a separate sum of two terms: the target class which is
a binary distribution of the prediction for the target class in both the student and teacher
outputs, and a loss term for the predictions both the student and the teacher for the classes
that are not target classes [34]. Both of the two terms are controlled with a weight. This
line of work, playing with the mechanics of the teacher logits and loss function goes as far
as removing the need for a teacher network itself. [106] proposed a teacher-free framework
to do regularization by designing outputs inspired by label smoothing.

One known limitation of KD is that it does not give a high compression rate [33]. Existing
works neglected this issue as there is only one work that studied this phenomenon [6]. the core
contribution of the conventional Knowledge Distillation (KD) lies in the second term of the
loss function in the training of the student network 6. This second term appears in the form
of a regularizer, indeed a strong one [1]. Therefore, there is an overlap between the service of
Distillation Loss as a regularizer [32] and its service as purely valuable categorical knowledge
[1]. This entanglement of the regularization and Dark Knowledge in the distillation is not
explored in literature. The following table summarizes the different kinds of loss functions
discussed in related work.

Table 7 summarizes related work on KD where the Distillation Loss is tampered with.
It also includes conventional label smoothing and confidence penalty that play a similar role

to the distillation loss plays in KD. The proposed method is applied at the end to make
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Type Added Loss Terms Reference
Knowledge Distillation (KD) S i xlog(qi/p:) 1]
Decoupled KD a(q; * log(q;/pi)) + (1 — Oé)ziczl ¢ * log(qi/p:) 34]
Teacher-Free KD chzl qf * log(pi) + Zlczl qf * log(qf/pi) [106]
Confidence penalty ZzC:1 pi * log(p;) [107]
Label smoothing (1—a)xy; +a/C [24]
Proposed z@c @i * log(qi/pi) — D271 ¢i * log(qi/pi) 1

Table 3: Summary on penalty terms discussed in this section

comparison easier.
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3 Methodology

This section describes the methodology of the research. It starts with the research design.
Then continues with the proposed approach which is termed Dark Knowledge Pruning, the
intuition behind it, and the algorithm proposed which is the core part of the thesis where a
slightly modified version of the conventional Knowledge Distillation (KD) is proposed. After
that, a brief description of the datasets and models used for the experiment is mentioned.
The two datasets, MNIST [7] and CIFAR-10 [8], are chosen as they are used in literature
for similar tasks [20]. The expected analysis directions are described i.e. how a network
is impacted by the proposed approach mathematically. Finally, the evaluation section is

presented.

3.1 Research Design

Design Science Research (DSR) is a problem-solving paradigm in studies such as informa-
tion systems, software engineering, and Al that seeks to create innovative artifacts to solve
problems and improve the environment in which they are instantiated [108]. We adapted

the standard DSR procedure in [109] to our work into the following processes :

e Problem Identification: we clearly defined the problem we are trying to solve in
1.3 as the inefficacy of Knowledge Distillation to produce high compression rates. The
problem lies in the umbrella of model compression and thus implicitly contains the

motivation lies embedded. Then subsequent research questions were provided in 1.4.

e Objectives: We set out a more general and encompassing objective that is decomposed

into smaller objectives to serve as a guide to address the research questions we set out.

e Design and Development : We proposed an adaptation to an existing mechanism
that is theoretically sound and will allow us to successfully reduce regularization in KD.
To ensure theoretical soundness we analyzed the mathematics and checked it against
an already existing formulation of KD in terms of grounded theoretical frameworks [6],

134].
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e Experimentation: A series of experiments will be designed and conducted on well-

suited datasets to evaluate the performance of the proposed algorithm enhancement.

The datasets will be randomly divided into appropriate-sized training and test sets as

allocated by the designer of the datasets as described in 3.6. The training sets will

be used to train the new algorithm enhancement and the baseline KD. The test sets

will be used to evaluate the performance of the new algorithm enhancement and the

baseline KD.

e Evaluation: We set an appropriate evaluation for the problem set up which is de-

scribed in section 3.8.

Problem
Definition

Objective
Formulation

-

Design
and
Development

- Experiment

-

Evaluation

Figure 11 shows the overall process followed throughout the research.

Figure 11: Research Design

It started out

with the problem identification process. Then continue to the objective formulation for the

problem identified which will shape the design and development of the approach we are

proposing. Then, the experiment stage follows which is carried out to validate our proposal.

Then, an evaluation section is followed.
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3.2 Proposed approach

The knowledge that comes from the teacher comes entangled with the regularization effect.
Proposed here is a mechanism to reduce this effect by adapting the concept of magnitude
pruning. Magnitude pruning is setting zero values less than a certain threshold as opposed
to removing the structure itself as a whole as in [87]. We call this threshold pruning rate.
The word Pruning is adapted from the Pruning in model compression vocabulary to allow
for a principled way of controlling it rather than just thresholding. In simple terms, the

proposed approach is similar to putting an activation function at the softmax layer.

3.3 Intuition

Training NNs can be seen as finding the right place in the spectrum of overfitting and
underfitting [12]. Regularization, as discussed in 2.3, is a solution proposed for networks that
are likely to overfit [19] by constraining the network from memorizing or over-training. But
in model compression the student, the focus is on smaller networks and smaller networks are
by design constrained and don’t have enough parameters to memorize with. But Knowledge
Distillation, as described in 2 section, works by adding what is known as a Distillation Loss
in the conventional training loss which serves both as a regularizer and as a categorical
knowledge carrier [1]. In fact, the regularization effect of the Distillation Loss in KD is
very strong [1], [32]. So, by when distilling into smaller networks, the regularization will be
constraining an already constrained network. We argue that the smaller the network, the
worse the regularization effect of the regularization in KD. Results in the experiment section

demonstrate this claim.

3.4 Dark Knowledge Pruning Algorithm

We termed the proposed approach Dark Knowledge Pruning (DKP). In the context of NNs,
pruning is removing part of a network either by setting a parameter zero or removing a

structure literally from the network to exclude it from contributing to the output without
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regard to whether the output is improvement or loss. But here, in this context, pruning is
applied to remove the contribution of certain parts of the teacher’s output which are called
the logits. This removal of contribution is done by setting them to zero. The reason why
pruning is applied or why the setting zero is termed pruning is, pruning gives a principled
way of setting a parameter zero and there is an extensive amount of work on pruning, as
described in 2, that can potentially be considered for extending this work.

The type of pruning applied here is what is known as Magnitude Pruning. It is simply
set to zero for the ones with lower magnitude, absolute value. Figure 12 shows the mechanism

of pruning with example numbers.

0.30 0.30 0.33
0.09 0.09 0.10
0.01 0.00 0.00
0.10 0.10 0.15
Teacher 0.07 |:> 0.00 |:> 0.00
network 0.15 0.15 0.20
0.07 0.00 0.00
0.02 0.00 0.00
0.01 0.00 0.00
0.18 0.18 0.22

Figure 12: Dark Knowledge Pruning (DKP)

Figure 12 shows a visual demonstration of what the proposed algorithm does. Out of
the ten logits from a teacher network, the smallest five of them are set to zero. The last,
tampered softmax logits are then used in the same way as the conventional KD.

This research aims to apply this concept to the outputs of the teacher’s knowledge. That
means setting parts of the predictions(logits) to zero at different places in KD. The pruning
is done after the softmax in KD. Pruning the dark knowledge simply refers to setting them to
zero. The other one is Pruning Softmax, setting zero as a subset of outputs of teacher logits
that are normalized already. This will disturb the normalized nature of softmax outputs.
Therefore, the resulting softmax needs to be normalized again.

Certain characteristics can be checked as to the effect of this pruning. But the generic
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Algorithm 1 Knowledge Distillation with Pruning Dark Knowledge. S : pruning rate

1: for each iteration do

2: for each input batch z do

3: Pass x through the network to get outputs

4: Get output vectors before softmax (logits) of x

5: Compute Cross Entropy Loss loss

6: Compute distillation loss with S of the softmax outputs set to zero and

re-normalize
7: Compute loss as the weighted sum of Cross Entropy loss and Distillation loss
8: Compute gradients and update parameters
9: end for
10: end for

11: result = result

issues are the focus of this paper. These are the mathematical interpretation, what happens
to the network while being trained, and how would the network performs after being trained
against metrics such as accuracy.

Pruning rate. DKP introduces one critical hyperparameter, the pruning rate. It refers
to how much of the logits to prune or set to zero. As described experiment section in 4,
it plays a key role in performance. An educated way of finding the right pruning rate or
learning it from data or making it dynamic is left as future work. Some high-level directions
are suggested in the discussion section.

Mode. is the mode of pruning. It determines which part of the threshold to set to zero
from the pruning rate on the logits. There can be many variants of these hyperparameters.
Experiments on the reverse are done only on the initial run on LENET. The stochastic
application of varying the pruning rate also gave a good result in CIFAR-100 with the

pruning rate.
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3.5 Theoretical Analysis
3.5.1 Mathematical Interpretation

The outputs of a classification network are converted into probability distributions via the

softmax function. Then, the effect of post-softmax pruning can be re-formulated as:

exp(z;/T)
PET) = S enply )

If for a training sample from the s-th class, the classification probabilities can be denoted

(7)

as p = [p1, P2y s Dss - D) @ = [q1, Gy ooy Gss -5 o] € RYC, where p;, q; is the probability of
the i-th class, C is the number of classes, T is the temperature of distillation, z; represents the
logit of the i-th class, then setting the s amount of the softmax outputs to zero is equivalent
to adding a negative of s amount of the same terms. Then, pruning will cause the equation

1 to be:

Loss = Y20y 5 log(pi) + 327 ai * log(as/ps) — X1, s * log(as/pi) (8)

Then the right-most term in equation 8 is the manifestation of the approach proposed in
this paper. It is a KL divergence between the student and the teacher on what those classes
that the teacher thinks are the least related to the actual class. The intuition is that, for a
given data, the teacher should teach what it knows well. It forces the right-most term in 8

to become:
= qixlog(g) + > qi *log(p) 9)

The following properties can be observed from the equation 9:

e The rightmost term in 8 is similar to rewarding the student for diverging from what

the teacher thinks is the least possible class for the given data.

e [ general, Pruning the Dark Knowledge generalizes the conventional Knowledge Distil-
lation described earlier. Setting the pruning rate to zero will yield the vanilla Knowl-

edge Distillation.
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e The first term in 9 rewards the network with the entropy of the teacher.

e The second term in 9 penalizes the network with the fidelity of the teacher on low

non-target class values [32].

e By putting weight factors on the two terms, a desired control of the behavior can be

achieved.

The two terms in 9 are equivalent to rewarding the network with the entropy of the
teacher and penalizing it with the divergence from the teacher over less important

(pruned or removed) class predictions of the teacher respectively.

3.5.2 Learning Theory Perspective

Computational or Statistical Learning Theory (CoLT) is a subfield of Al that studies the
design and analysis of mathematical frameworks to understand the difficulty of learning
tasks and the performance of learning algorithms [110]. We find it important to look at the
proposed method from a purely theoretical perspective.

To do so we adapt the formulation used in VC theory [103] and [72]. With regard to
[103], the error of a student classifier function f; trying to learn a target classifier function

f is given by:

R - B <=0 (125 4=, (10)

Where O(+) is the estimation error related to the statistical procedure for learning given
the number of data points, €, is the approximation error, « is a constant between 1/2 and 1
that is related to the rate of learning of f,, and n is the number of data points to learn from.

Then, by using the unification of the conventional KD with VC learning theory [72], KD

can be formulated as:

mm—meﬁo(%f)+% (1)

Where O(+) is the same estimation error described but €4 is the approximation error of

the student with respect to the teacher network while learning from a teacher [103].
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Considering our proposed approach, we are introducing an artificial teacher network out
of the existing teacher network. Let f, be the teacher that we introduce by pruning the

logits. Then, we can formulate it as:

R(f,) — R(f) <= O ('f;’f) e (12)

Then, distilling from the introduced teacher into the student network as opposed to the

original teacher will give the equation:

R(f,) — R(f,) <=0 (’é;f) +eyp (13)

Where O(+) is the same estimation error described but e, is the approximation error of the

student with respect to the new artificial teacher network we created.

Then, we can have the following:

R(fs) = R(fr) = R(fs) = B(f,) + B(f,) — R(f1) (14)

This is because adding —R(f,) + R(f,) is similar to adding 0 and thus will not make any

difference. Then, we can have :

R(fs) = R(fp) + (R(f,) — R(f1)) = R(fs) = R(f,) + (0) (15)

This is because both the estimation error and the approximation error made by the teacher

and the artificial error are the same. Then from 11, we can have :

R(fs) = R(fy) <=0 ('515) + eqt (16)

Where e, is the approximation error of the student with respect to the teacher network
while learning from an original teacher. The left-hand term in 16 is from 13 and represents
the case where the student learns from the proposed teacher. This concludes our proof.

Thus, when a student learns via the proposed method, the error bound is the same as

the error bound from the original teacher.
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3.6 Datasets

The two representative datasets are used in literature to demonstrate Model Compression

related tasks: MNIST [7] and Cifar-10[8]. Details of the datasets are discussed below.

3.6.1 MNIST

MNIST [7] is the earliest and most famous collection of images of handwritten digits. It
contains 50000 training and 10000 test samples. A single sample is a handwritten 28x28 pixel
image with its real label. The labels were these images were provided by actual humans who
didn’t write the data. The images are labeled into 10 classes matching the ten digits from 0
to 9. Due to its simplicity and accessibility, MNIST has become a standard dataset in the
ML community. Many popular machine learning frameworks and libraries provide built-in
functionalities to load and work with the MNIST dataset. Researchers and practitioners often
use MNIST as a baseline to measure the performance of new algorithms and techniques. And
also benchmarked various image classification models, including traditional ML algorithms

as well as DL models like CNNs.

NP O~
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N

Figure 13: The famous MNIST dataset [7]
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3.6.2 CIFAR 10 and CIFAR 100

CIFAR-10 [8] is another popular dataset used in the field of computer vision and machine
learning. It stands for the Canadian Institute for Advanced Research, which originally
released the dataset. CIFAR-10 consists of 60,000 color images, each of size 32x32 pixels,
divided into 10 different classes. The dataset contains a balanced distribution of 6,000 images
per class. The CIFAR-10 dataset covers a diverse range of object categories, including
animals, vehicles, and everyday objects. The goal of using CIFAR-10 is to develop models
that can accurately classify these images into their respective classes. Each training batch
contains exactly 5000 images. The 10 different classes are airplanes, cars, birds, cats, deer,
dogs, frogs, horses, ships, and trucks.

Similar to MNIST, CIFAR-10 is widely used as a benchmark dataset for evaluating and
comparing image classification algorithms. It presents a more challenging task compared
to MNIST due to the smaller image size and the presence of color, requiring models to
learn more complex visual features. CIFAR-10 has become a standard dataset in the ML
community and serves as a stepping stone for exploring more complex and real-world image
classification challenges. It’s popularity and widespread usage make it an essential resource

for researchers, educators, and practitioners working in the field of computer vision.
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Figure 14: Cifar-10 dataset [§]

CIFAR 100 [8] is the same as CIFAR 10 but it has 100 classes. CIFAR-100 is a dataset
of 60,000 32x32 color images, divided into 50,000 training images and 10,000 test images.
The dataset contains 100 classes, each with 600 images. The classes are grouped into 20
superclasses. Each image comes with a ”fine” label (the class to which it belongs) and a
”coarse” label (the superclass to which it belongs). As the task is more difficult than CIFAR
10, it is used as a benchmark for recent methods.

In summary, MNIST and CIFAR-10 have served as pivotal benchmarks for image classi-
fication tasks in computer vision. They have played a crucial role in advancing the field by
enabling comparisons, promoting reproducibility, and encouraging the development of new
algorithms and techniques. These datasets continue to be valuable resources for researchers

and practitioners working in the domain of computer vision and machine learning.
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Name Size | Type | Classes Remark

MNIST | 60000 | Image 10 28x28 grayscale handwritten digits [7]

CIFAR 10 | 60000 | Image 10 32x32 color images [8]

CIFAR 100 | 60000 | Image 100 32x32 color images [8]

Table 4: Summary of datasets used

3.7 Models

As discussed in the background section, there are prominent models that serve as a bench-
mark. Since these models are also milestones of the progress of the field of Al, they usually
have specific names like LeNet, Alexnet, and Resnet50. So, this research will use these
benchmark models: LeNet [25], RESNET [42], and their variants are selected as they are

commonly used in model compression and optimization literature.

3.8 Evaluation metric

Unlike in the case of a compressed file, a compressed model is not expected to reproduce the
exact contents before compression, but rather to perform just as well with a smaller file size
despite differences in structure. The overall aim of the thesis focuses on the conventional
KD which requires the network size to be fixed before the compression begins. This is
not the case in other compression methods such as Pruning or Quantization. This makes
taking compression rate as a metric infeasible. Therefore, one metric that can work is the
generalization capability of the student network. To measure it, accuracy is the metric used
which is the ratio of the data points the network got right divided by the points it got
wrong converted into a percentage. Therefore, the primary performance measure that is
being monitored is the accuracy of the test set. This choice of metric aligns with existing

literature such as [6] and [34].
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4 Experiments

This section discusses details of the experiments done on the selected models and datasets
to demonstrate the effectiveness of the proposed approach. It contains four key parts: the
general outline, which describes a high-level view of all the experiments done and their objec-
tives, the tools used in the experiment, a setup section which describes the hyperparameters

considered, and lastly, the last part presents the results of the experiments.

4.1 General Outline

To demonstrate the effectiveness of the proposed approach, three sets of experiments are
carried out on the selected model-dataset pairs. The first is on LENET-MNIST. It is done
to make a first run across a sweep of hyperparameters that were described above. The second
and third experiments are on RESNET-CIFAR10 and RESNET-CIFAR100. They are used
repeatedly used as a benchmark for similar works in literature [34], [71]. The objectives of

these experiments are described in the following table.

Experiment Objective

A range of initial runs on MLP and custom-designed LENET variants to get first
LENET-MNIST

insights about the proposed method DKP.

Both models from Pytorch Standard Library [111].

RESNET 50 into 18 on CIFAR-10 Trained on CIFAR-10 with selected hyperparameters

from the initial run on LeNet.

Smallest ResNet family (ResNet 8) with reported results

RESNET 56 into 8 on CIFAR-100 to demonstrate the efficacy of DKP.

[71]

Table 5: Outline of experiments done on LeNEt and ResNET
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4.2 Experimental setup and tools

The following table organizes the tools used for the experiment throughout the study.

Type Selected Description
Cloud Platform Google Coalb Pro Monthly subscription
Programming Python A language preferred for DL
Framework Pytorch Python DL framework
Library Pruning Pytorch prune Pytorch Pruning library
Numpy Numerical computation Python-based library
Visualization /Tracking Wandb Web-based ML experiment tracking tool
Computation hardware NVIDEA SMI Tesla T4
Local Platform Jupyter-notebook For small-scale experiments
Monitoring tool Tensorboard A Monitoring tool

Table 6: Hardware and Software tools to be used

Table 6 shows the tools used in this research. The table includes both hardware and
software tools that are free as well as premium ones.

Setup of hyperparameters. In training Neural Networks, a hyperparameter is the
decision of the designer or the programmer. Since the proposed method, Dark Knowledge
Pruning, tampers with the loss function directly as described in 3, a few hyperparameters are
swept across to find out experimentally how they would perform in the initial run. The initial
experiments are done on LENET and MNIST as they have been used for proof of concept
in literature repeatedly [40], [5]. Also, doing hyperparameters sweep across RENSET and
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CIFAR is computationally expensive and beyond the budget scope of this thesis. Then, from

these results, a couple of them will be selected for further experiments on the bigger datasets

and models, on the RESNET family on CIFAR datasets. To do so learning rate, pruning

rate, pruning type, optimizer type, activation function, and temperature of distillation [1]

are selected as a set of hyper-parameters.

e Teacher networks. The first thing needed for Knowledge Distillation (KD) is a

teaching model that is trained. Here, the teacher models are LeNet-5 and ResnNet50.

Both are types of CNNs with the following details presented in the table.

Type LeNET-5 ResNet56
Number of parameters in the model 60,000 23 million
Accuracy 96% 95%
Optimizer SGD Aadam
Loss CrossEntropy | CrossEntropy

Table 7: Details of teacher networks

e Pruning rate is how much of the logits from the teacher to prune(to set zero). This

is an obvious property to keep track of in the hyperparameters sweep set. This is also

where the conventional Knowledge Distillation (KD) [1] is embedded as a case when

this value is zero.

e Optimizer Optimizers such as Stochastic Gradient Descent actually do the learning

in Deep Learning (DL) by updating the parameters in the network [10].

e Learning rate controls how much to update a single parameter at a time.

Since

the behavior of the optimization which depends on the loss function that has been
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tampered with the proposed method is highly dependent on the learning rate, it is
selected for the sweep set [10].

Pruning type is the question of whether or not to do the pruning in reverse or forward
direction for a pruning rate. Again, pruning here is not the same as pruning the weights
[40] as presented in literature review, its on the logits. For example, if the pruning
rate is 0.3, then the pruning type can be whether to keep the top or bottom 0.3 logits
from the teacher outputs. The reversed mode is not run beyond the LENET MNIST

case, but its results on that can spark questions worth looking into.

Temperature is the hyperparamter introduced by the authors of [1]. it controls the
softness of the logits. As the tampering is applied directly to it, sweeping across

different values can also unravel interesting findings.

Activation functions can play a role in both ways of learning(forward pass and
backpropagation). The weights are updated through them. Thus, keeping track of

them can also show worthy results [46].

Epochs The teacher was trained for 100 epochs but for the students 200 were chosen

to observe their convergence speed as it can be expected to have a slow one.
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Type

Description

Values

Learning rate

controls the rate of update

[0.00001,0.0001,.001,.01,.1]

pruning rate

how much to prune from the logits

[0,.1,2, ... ,.9]

pruning type

does higher/lower magnitude pruning

[forward’'reverse’]

Temperature

control softness of logits

[5,10,15,20,25]

Activation

activation functions

'RELU’, "TANH’|
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4.3 Results

This section presents the results from the runs of the three sets of experiments. Only the
important results with regard to the evaluation metrics we set out in 3 are presented in
detail. The results are mostly presented in table form on par with similar works in literature
such as [71], [34], [76], etc. But in places it makes sense to, other types of visualizations are
presented such as time series graphs for accuracy and loss.

Initially the results from the runs of LENET and Multi Layer Perceptron on MNIST are
presented. These are used for the initial inspection of what can the proposed method do.
Then, the result from the RESNET family is presented along with reported results in the

literature.

4.3.1 Experiments on LENET and Multi Layer Perceptron on MNIST

The two images below are the results of accuracy and loss across all the runs. The two

images help see the general performance of the network comparison.

sy

Figure 15: Accuracy Figure 16: Loss

The above two images show the accuracy and loss values across a sweep of runs on
hyperparameters described earlier in 8. There are about 1000 runs as a result of permutations
from the hyperparameters. This result is meant to show a gist of what the proposed approach
is doing experimentally. A broader view of the experiments can also be visualized in a scatter.

Unlike the above time series plot for accuracy and loss, these plots allow us to see all the

metrics we care about at the same time.
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Figure 17: Top performer results more than 90% accuracy

Figure 17 shows a scatter plot of hyper-parameters that are top-performing (more than
90% accuracy). The second plot shows that the best results are obtained from the Adam
optimizer runs as opposed to the SGD runs. The third scatter plot shows results that are
most similar in accuracy across the different pruning rates from 0.1 up to 0.9 with a 0.1
increase. But it can also be seen that slight pruning rates, such as 0.2 and 0.3, can achieve
better performances Knowledge Distillation (KD). This is expected as the proposed method
generalized the conventional KD. The last scatter plot shows whether or not the DKP was
done forward or reverse. The reverse indicates thresholding the smallest logits rather than
the big ones. It can be seen that reversing almost never gives good results. This is expected

as it damages the labels.
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Figure 18: Worst performer results from 50-90% accuracy

Figure 18 shows the scatter plot of the results below 90% of over the runs. Worst-case

performances in the second plot are significantly visible in the reverse pruning runs. The

worst results are the reverse pruning run with a pruning rate of more than 0.7. This means

that making zero at least the top 70% predictions of the teacher model can significantly drop

a model’s performance. And all of them are using the SGD optimizer. This shows that the

Adam optimizer is resisting alterations caused by pruning the dark knowledge better than

the SGD. These results in general show the value of Dark Knowledge as tampering with

them is shown to potentially damage the teacher’s performance. This property of student

degradation can also be a desirable one.

Approach Best Worst
KD 60000 100% 96.71 T 15 p_rate 0.8, T 20, 96.77%
DKP p_rate: 0.2, 0.3, optimizer:Adam, T:15% | 96.35 T 20 p_rate 0.8, T 20, 96.4%

Table 9: Best and Worse performance results of the initial run.
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Table 11 shows the hyperparameters that gave the best and worst results from the runs
across hyperparameters when distilling LENET into a two-layer MLP. T is temperature and
p_rate is the pruning rate applied.

For extreme compression, two simple experiments were done on MLP students with 1%
size of the original LENET size and custom-designed variants of LENET. The former were
trained with a learning rate of 0.0001, a Cross-Entropy loss, and an Adam optimizer for
100 epochs. The following table summarizes the results in which the teacher is the original

LeNET and the student models are different-sized MLP networks.

Pruning rate | 0.0 KD | 0.5 | 0.6 | 0.7 0.8 0.9 1 (Hard Label)

Accuracy 9.43% 19.9% | 10.% | 10.% | 11.176 % | 11.76 % 11.76 %

Table 10: Average accuracy table for custom-designed MLP with 1% size on selected hyper-

parameters. p_rate is the pruning rate applied.

Obviously, these are examples of bad-performing models, but this is due to their extremely
small size, 1% of LENET, compared to the task trained on. But as it can be seen the higher
the pruning rate the better, the distillation compared to the baseline KD.

The following table summarizes the results in which the teacher is the original LeNet and

the students are small but customized versions of the model.

Model Details | Model Size | Size % | Baseline KD Proposed
LENET self 60000 100% 96.71 T 15 p_rate 0.8, T 20, 96.77%
5 layer Conv 9170 15% 96.35 T 20 p_rate 0.8, T 20, 96.4%
3 Layer Conv 4950 8% 96.45 T 20 prate 0.8, T 20, 96.50%

Table 11: Average accuracy table from LENET to smaller versions
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The above table shows the accuracy table for custom-designed compressed LeNet versions
learning from the original LeNet on MNIST on selected hyperparameters:T is temperature
and p_rate is the pruning rate applied. This is the best performing for both KD and the
proposed method. This experiment shows that, as the network size gets smaller, the size
performance gap between the proposed and the conventional KD increases. But this exper-
iment is inconclusive for= the success of the proposed approach, it only shows the potential
so far.

In summary, the above experiments on LENET and MNIST were done as an initial
run of the proposed method for the first time ever to get important observations. These

observations can be made from the experiments :

e There are cases where the student trained with a certain pruning rate and mechanism

will perform better, worse, or equal to the conventional KD method.
e Optimizers Adam was better across the experiments observed here.

e Worst-case performances in the second plot are significantly visible in the reverse prun-

ing runs.
e Smaller learning rates (such as 0.00001) do better in terms of accuracy

e ReLU is the best-performing activation function in the experiment done here for both

pruned and KD runs. Suggesting we keep RELU fixed for the next experimentation.

e Relatively high temperatures (such as 10 and 15 on the 10 class MNIST) give good

performance.
These served as suggestions for our next experiments. But they are themselves questions
that have to be answered potentially by another research.
4.3.2 Experiments on ResNET architectures and CIFAR datasets

Another experiment was done on two ResNET networks. The knowledge was being trans-

ferred from a ResNET50 into ResNET18. Since doing an extensive amount of experiments is
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expensive and infeasible within the budget scope of this thesis, the experiment is done once
but by making use of the best-performing hyperparameters from the LeNet experiments

above. The figure below shows the accuracy of two compressed models one trained with

conventional KD and the other with Pruned Dark Knowledge.

Model | Accuracy Details of the models
KD 74% pruning rate= 0.0, temperature : 15 , optimizer: adam
Prunned 7% p_rate= 0.2, T : 10 , optimizer: adam

Table 12: Accuracy table for compressed ResNET18 models via the conventional KD and

the proposed method under their best-performing hyperparameters. T : Temperature of

distillation, p,.ate : prunningrate

Experiment on Resnet

100 B Teacher

B Student

80 I Proposed

60

Accuracy %

40

20

Teacher Student,Proposed

Method

Figure 19: Experiment on Resnet

The above graph shows the result of a simple run of two ReNET models on CIFAR

10 being distilled from a teacher. The graph shows the performance improvement by the
proposed method.
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Type Dataset Naive Teacher Student Improved
CIFAR 100 | ResNet-20 69.06% ResNet-56-72.34% 70.66% 71.97%
Decoupled KD [34] CIFAR 100 | ResNet-110-74.31% | ResNet-32 71.14% 73.08% 74.11%
CIFAR 100 | ResNet-32-79.42% ResNet-8 72.50% 73.33% 76.32%
Professor Network [24] Cifar 100 | WResnet-16 78.8% | PreResnet-50 71.18% 71.76% 71.93%
CIFAR-100 ResNet-50 ResNet-18 75.87% 77.19% 77.36%
Teacher-Free KD Reg [106] | CIFAR-10 | ResNet-18 95.12% | MobileNetV2: 90.98% 91.69% 95.71%
CIFAR-10 | ResNeXt29: 95.76% ResNet18: 95.12% 95.80% 96.49%
CIFAR-10 ResNet8 88.52% ResNet 88.65% 88.98%
Teacher Assistant [6]
CIFAR-100 ResNet8 ResNet 110 61.41% 61.8%
CIFAR-10 ResNet ResNet-50 96% ResNet-18 74.0% 77.1
Proposed method
CIFAR-100 ResNet-8 ResNet-56 71% ResNet-8 61.41% |  63.62%

Table 13: Performance comparison across related work

The table above presents the results of experiments done on RESNET architecture on
the two CIFAR datasets along with results in literature in similar works.

The result on CIFAR-100 described in the last row of the table shows the fruitfulness of
the approach presented. As described in related works earlier, the work in [71] is the closest
related work in terms of studying the size gap between a student and the teacher network.
The presented result in the table is from a [6] work that studied the inefficacy of KD when
there is a high gap between the teacher and student. To the best of our knowledge, this is
the only work that studied this gap. Their concern was to enable teachers to get bigger and
bigger for a fixed student to choose a better one of them. The researchers reported results on
different datasets and model pairs. Here in the table (row one) is their result on CIFAR 100.
To achieve this they required an additional assistant network that tries to fill the size gap
between the teacher and student. The result from DKP does not need a teacher assistant

network to achieve a 62% accuracy to the same model they distilled to. Therefore, is justified
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to say the result proposed in this thesis shows competed against the current state-of-the-art

report on ReNET-8 without the need for an additional network in the middle.
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Figure 21: Distillation with teacher assistant
Figure 20: Proposed DKP 6]

Images 20 and 21 are presented side by side as a way to visualize how the proposed
approach (left) compares to existing work on the large size gap between a teacher and
student (right).

What is the cost of the proposed method? The proposed method’s space com-
plexity as compared to the naive KD is O(1) as it only needs to store the pruning rate. As
compared to the baseline KD, the proposed method requires more computation and thus
more computation time and resources due to the extra pruning step required. But as com-
pared to similar works such as [6] as can be seen in 21, it takes significantly less time and
computation resources as there is no network that sits between the teacher and the student.
In terms of Dark Knowledge, the proposed teacher introduces a new artificial teacher that
has the same performance as the original teacher because only the small logits are pruned.
So, the student is still learning from a teacher of the same performance. This is on par with

the privileged information formulation of KD [103], [72].

95



4.4 Explanation

In this section, we discuss the question What is it about reducing the reqularization that

helped the students perform well?.

e The added the term Zlczl ¢; * log(q;/p;) in 8, which is always positive and reduces the
regularization in KD, ensures the divergence of the student from the lower predictions

of the teacher, and not from the highest predictions of the teacher.

e Fidelity is inversely correlated with the regularization in KD. Less fidelity makes opti-
mization hard [32]. Although fidelity does not necessarily imply generalization [32], in
the case of the extreme compression experiment seen below, it is correlated with accu-

racy. By applying the proposed method, we are increasing the fidelity of the student

artificially.
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Figure 22: Fidelity in small networks.

The accuracy versus fidelity graph in figure 22 is from an experiment on KD as students’
capacity gets smaller. As it can be seen the fidelity of the student is directly correlated
with the accuracy of the teacher especially as the capacity drops below 10%.

e By maximizing chzl qi * log(qi/pi), the student is encouraged to diverge from whatever

the teacher predicts as less important.
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e Intuitively, regularization is a solution proposed for networks that are likely to overfit
[19] by constraining the network from memorizing or over-training. But in model
compression, the focus is on smaller networks which are by design constrained and
don’t have enough parameters to memorize with. But the regularization effect of the
Distillation Loss in KD is very strong [1], [32]. So, distilling into smaller networks with

the full regularization effect will be constraining an already constrained small network.

e The last result on CIFAR-100 and RESNET-8 is obtained by stochastically updating
it changing the pruning rate from 0.6 and 0.7. This is equivalent to mimicking multiple
teachers that have the same performance as the original teacher. This is because, at
every epoch, the student gets different predictions as if it’s them from different teachers.

This is similar to [37]

e Theoretical guarantee formulated in 3.5.2
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4.5 Findings
The following are key findings from the experiments done above:

e When a DKP is applied on networks when compressing networks via KD, the student
can perform as good, worse than, and better than the conventional KD. This was
expected as mentioned in the methodology section. the proposed study generalizes the

conventional KD.

e Performance can be enhanced by finding the right pruning rate for a given problem. For
example, in the MLLP experiment above, some students outperformed the KD baseline
method [1] with pruning rates 0.2 and 0.3 in the initial experiment, and in the last

experiments on RESNET-CIFAR.

e The cases where the proposed method outperformed the conventional KD demonstrate
that via experiment where a less regularized but better knowledge transfer than a

relatively higher magnitude regularizer.

e According to the small experiments done on LENET -MNIST on distilling into very
small students, including 1%, the non-distillation result was better followed by the
proposed approach, then KD. The experiments were the results of multiple runs which

gave different results and averages were presented.

e With regard to a similar experiment done from LENET into Multi Layer Perceptron,
fidelity, the teacher-student agreement becomes highly correlated as capacity drops
below 10% percent in distilling 22.

e As seen in the results section, there are setting that degrade over time to a point they
are worse than a random classifier. These are all cases when the DKP is applied in the

reversed setting which was tried in LENET-MNIST initial experiment.

e Experiment on CIFAR-100 outperformed the current reported smallest RESNET fam-
ily on the dataset [6] where the authors employed an extra network to assist the student

network.
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4.6 Discussion

The experiments conducted in this study showcase the effectiveness of the proposed approach,
which introduces a mechanism to reduce the effect of regularization. in KD.

The cases where a performance enhancement is observed, show that by finding the right
pruning rate, the baseline KD can be improved. This implies also that the proposed approach
can unlock the potential of the teacher untapped by the conventional approach. It is also fair
to conclude that the new works that outperform the conventional KD are less regularized
while performing well. This shows that they are either benefiting from purified information
from the teacher, or they are leveraging the reduced stress from less regularization. Ei-
ther way, this mechanism can potentially enable the disentanglement of regularization and
Dark Knowledge components within the distillation loss. It can even potentially assist in
quantifying Dark Knowledge.

As seen demonstrated in the results section in 18, reversing the pruning pattern can
deteriorate a student’s performance worse than the student network. This is an interesting
property that needs further research to be leveraged for something useful. For example, due
to the emergence of Data Free Knowledge Distillation, the security of models is becoming
an issue in its own right [112]. And therefore, the ability to deteriorate a student network at
will can be desirable. If a network is somehow made to output a distribution that is similar
to a reverse-pruned network, it can translate to the student being trained on that network
will be degraded. The question of How to train a network in that way ? is then a research
question to be explored. Assuming it is possible to do so, then by utilizing this approach, it
becomes possible to deteriorate the performance of a student network as desired. This level
of control empowers researchers and practitioners to manipulate the learning process and
optimize the student model based on specific requirements or objectives.

Moreover, the proposed method allows a student network to benefit from purified knowl-
edge that is derived from a network with less intense regularization. This implies that the
student can acquire valuable insights and information that might not have been as strongly

emphasized in the original network’s regularization process.

29



One noteworthy aspect of the proposed approach is that it operates externally to the
network itself. This model-agnostic nature implies that the method can be applied to differ-
ent types of networks, irrespective of their architecture or underlying design principles. This
flexibility and adaptability make the proposed approach a versatile and widely applicable
solution in the field of KD.

The following research questions were posed:

RQ1 How can the impact of the regularization be reduced from the distillation
loss in Knowledge Distillation (KD)? A novel approach to reduce the impact of
regularization has been proposed as described in 3. The proposed approach which we
termed Dark Knowledge Pruning is applied to the loss function to reduce regularization.
The proposed approach generalizes the baseline KD as it equals it when the pruning

rate is set to zero.

RQ2 What happens to the performance of different-sized student networks if
Pruning is applied to the teacher’s predictions in the Knowledge Distil-
lation framework? DKP is applied, initially, on LENET as a teacher and on a
custom designed MLP across a sweep of hyperparameters such as pruning rate, dis-
tillation temperature [1], optimizer, activation functions, etc. We find that the usual
hyperparameters such as learning rate, activation functions, and. The introduced hy-

perparameters’ pruning rate and mode of pruning are key to the proposed algorithm.

RQ3 How do different hyper-parameters perform when Dark Knowledge Prun-
ing is applied to a student? There are three types of hyperparameters. First, there
are the usual ones such as learning rate, activation functions, and optimizers preserved
their performance and behavior [10]. Second, there are hyperparameters introduced by
the distillation mechanism [1]. These are mainly the temperature and the distillation
weight. The latter was kept fixed at 0.5. But the results on temperature kept varying
across experiments. This can be explored in future research. The third set of hyper-

parameters is the pruning rate and the pruning mode. They are introduced by the
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proposed approach DKP. The former is the magnitude threshold to set to zero, and
the latter determines which part of the threshold to set to zero. The latter only has
two values forward’ and 'reverse’. 'reverse’ mode was experimented on the initial run
and highly deteriorates student performance. It misleads the network. The rest of the
experiments focused on the forward” mode. These imply smaller magnitude weights
will be set to zero. As seen in the results and described in the discussion section, there
can be an improvement, worsen, or equal the performance of the distillation across

these hyperparameters mainly across the pruning rate.

How to choose pruning rate 7 In general, the pruning rate is to be chosen according
to the problem at hand. Therefore, it can be considered as a hyperparameter introduced by
the proposed mechanism. The following are suggestions for an educated way of finding the
right pruning rate. Some of them are from intuitions learned from the above experiments

others are possible future directions.
e The smaller the student network, the higher the pruning rate.

e Dynamic pruning rate that depends on the data, behavior, epoch, or some other char-
acteristic. For example, the best results from the above experiment were found by
applying increasing it with epoch. Representation similarities such as Centred Kernel

Alignment can be considered [113].
e Reinforcement Learning based on choice of rate.

e Stochastic choice of the pruning rate as well as different modes of pruning.

61



5 Conclusion

Since the exact number of parameters and their arrangements is still not known for a given
problem, the current approach in NNs is to design big models that guarantee performance
and then optimize [20]. Their size comes with challenges such as longer training, inference,
and iteration time, difficulty to deploy on resource-constrained and edge machines, and
economic and environmental impact [28]. Model Compression is a way of reducing the size of
models with the smallest performance loss possible [31]. The necessity of model compression
algorithms is increasing in parallel with the advancement and complexity of models.

Knowledge Distillation is a model compression method that works by transferring the
knowledge of a bigger model into a student model. It is an effective, flexible, and model
agnostic [1] method, but it doesn’t give high compression rates. It doesn’t give a good
performance when the gap between the student and the teacher is too big. This phenomenon
is highly neglected in the literature.

This thesis proposed a novel approach termed as DKP to reduce the effect of the regu-
larization that is entangled with the Dark Knowledge in KD framework. Experiments were
done on benchmark datasets and models show fruitful results. A sweep of runs was con-
ducted on LENET-MNIST to observe initial run experiments, then on a family of ResNET
networks on the CIFAR-10 and CIFAR-100 datasets, which are considered an even more
common dataset-model pair is used as a benchmark to this day for validation. The proposed
approach outperformed the currently reported result in [6] on RESNET-8 and CIFAR-100
datasets by 0.58% from 61.82% to 62.4% without a need for an assistant model to sit be-
tween the student and the teacher to mediate the gap. Beyond generalizing the conventional
KD and bridging Pruning and KD in an entirely new perspective, the proposed approach
improves the understanding of the knowledge transfer in KD, allows the use of features of
KD separately at will, helps train better-compressed models and pause a variety of further
questions for further research for studies concerned in the efficiency and knowledge transfer

domains.
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5.1 Future Work

The idea proposed, the experiments done, and the results observed, pose a lot of open
research-worthy questions and ideas that can serve to guide future research directions. Most
of the future works are left as so due to computing power limitations.

The following are recommended directions for exploration.
e Variants. How will different variants of KD behave in light of the proposed idea?

e Does applying the concept for the pre-softmax results change observations made? This

question makes sense because the proposed method is applied after the softmax.

e Post the training properties of a network in the proposed way, further questions
can be asked. For example, how important characteristics of a student network change
as a result of the way it was trained is one such question. Here we can study essential

characteristics such as explainability, security, etc.

e On different network architectures The experiments done here are only on CNN
and MLP variants. But there are other state-of-the-art algorithms out there such as

transformer networks.

e Data The experiments done here are on small-scale datasets namely MNIST and
CIFAR. While they are in fact standard and have been used to demonstrate concepts,
they are considered small-scale datasets by today’s standards. Even, IMAGENET [11],
the large-scale image dataset served as a benchmark for the object classification tasks
in Artificial Intelligence (AI) research literature over 10 years since 2012 [20] is not
considered large scale anymore. Therefore, the idea can be explored on large-scale

datasets.

Besides scale, different kinds of questions can be explored with related data. For example,
by studying the proposed idea in relation to a dynamic whether or not, and how the learning
will behave under certain settings, as shown 4, the method can yield better results via

dynamic approaches: by assigning the settings such as pruning rate dynamically.
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