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ABSTRACT

Deep Neural Networks (DNNs) have been widely used in today’s applications. In many applications
such as video analytics, face recognition, computer vision, and classification problems like plant
disease classification, etc. DNN models are constrained by efficiency constraints (e.g., latency). Many
deep learning applications require low inference latency, which must fall within the parameters set by
a service level objective. The prediction of the inference time of DNN models raises another problem
which is the limited resources of Internet of Things devices. These devices need an effective way to
run DNN models on them. One of the most widely discussed technological developments since the
Internet of Things is edge machine learning (Edge ML), and with good reason. Edge Machine
Learning is a fast-growing well-known technological improvement since the existence of the Internet
of Things (IoT). Edge ML allows smart devices to use machine learning and deep learning techniques
to analyze data using servers locally or at the device level, which reduces the need for cloud networks.
This is caused by a variety of issues, including poor internet access, expensive cloud resources, low-
resource edge devices, and a high failure rate of Internet of Things (IoT) devices, either because of
battery or connection issues. Finding a way to effectively run the DNN models locally on IoT devices

1s crucial.
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CHAPTER 1

INTRODUCTION

One of the trends we're seeing in food and agriculture is more and more consumers wanting to know
things about their food and where and how it's grown and what's in it.

— Dan Glickman [1998]

Tomato Plant Diseases Classification

A key vegetable crop that boosts the world economy is the tomato. The red tomato, a
tasty fruit, originated on the Americas continent. Tomatoes are attacked by a variety of plant
diseases, including mosaic virus, late blight, and leaf mold. The treatment and complete control
of viral infections are generally challenging, even with excellent plant management efforts. Thus,
prompt, and accurate identification of plant diseases is necessary in order to address the problem

at an early stage.

In the world of agriculture, the identification and classification of plant diseases are
extremely important. The timely identification of diseases is essential to the health, quantity, and

productivity of the plants.

DNN model inference can be accelerated by offloading computing to the cloud, although
this is not always possible due to latency or connectivity concerns. A latency problem is raised
when offloading DNN inference to the cloud. Our method of model selection enables one to
choose a model based on the input. Hence, a locally designed automated system on an IoT device
is required in order to make the detection process autonomous with the least amount of human

involvement [104].



Although current deep learning systems frequently require a significant amount of CPU
resources to operate, image classification tasks are crucial for IoT devices, particularly for
sensing and diseases detection applications on smart farms. Even for straightforward operations,
running these models on IoT devices can result in long runtimes and a significant resource usage,
including CPU, memory, and electricity [120]. The efficient implementation of machine learning
(ML) algorithms is the goal of several projects. However even though they are frequently the
most time-consuming processes for analysts, three crucial difficult and iterative practical tasks in
employing ML—feature engineering, algorithm selection, and parameter tuning—have largely

been ignored by the data management community.

Compressing the model to lower its resource and computational requirements is a typical
technique for accelerating DNN models on [oT devices, however, doing so reduces precision
[108]. Other approaches involve offloading some, or all, computation to a cloud server. Due to
latency, a quick, reliable network connection is not always guaranteed, so this is not always

possible [102].

This work proposes a novel runtime strategy for DNN model selection on IoT devices
that aims to reduce inference time while still satisfying user needs. In order to choose the best
model to apply at runtime, we use machine learning to automatically create predictors. On the

Nvidia system administration interface [105] referred to as (NVSMI).

Our method will support farmers in early illness diagnosis and enable them to take
mitigation actions before it's too late. Using three convolution neural network architectures and a
probabilistic measure model selection strategy, we use deep learning to identify the diseases
[128]. For a given input, our system will guarantee the best DNN model to use, which will be

faster and use less power on [oT devices.

Dissertation Context and Motivation

Farmers get extensive information about every aspect of their operation from drones, and
remote sensors, such as soil moisture, nutrition levels, harvest information, and more. In smart
farms, plant stress, disease, and insect infestation can all be identified using crop photos taken by

robots, and drones. Machine learning based image classification is a scalable way to identify plant



diseases. These models can help us to recognize healthy plants by comparing data points from
millions of photographs. Farmers, urban planners, and data scientists are investigating new ideas
on how data can be used to assist make better decisions while using less energy and resources. It
is frequently impractical to shift tasks to the cloud in smart farms.

This is caused by a variety of issues, including poor internet access, expensive cloud resources,
low resource edge devices, and a high failure rate of Internet of Things (lIoT) devices, either
because of battery or connection issues. Finding a way to effectively run the DNN models locally
on loT devices is crucial. We present an efficient ML-based system to classify tomato plant leaf
diseases. Our system is specifically optimized to run on local IoT device coupled with “NVSMI”.
A unique feature of our system is that it dynamically chooses the most appropriate ML model
considering the tradeoff between inference time, accuracy, memory usage, throughput, and battery
consumption. We demonstrate the efficacy of our approach through a series of experiments using
a real-world dataset. In recent years, deep learning models have been widely adopted in lots of
fields. such as computer vision, pattern recognition, and classification problems like plant disease

classification.

Due to the large diversity among the computing devices that these models may run on, we need
to choose between the appropriate device based on cost and performance. Furthermore, finding the
suitable optimal device for a given project is a complex process that needs significant time and
resources. Prediction of inference latency DNN models is necessary for many tasks where
measuring the latency on real devices is either infeasible or too costly. This is a very challenging
problem, and most existing approaches fail to achieve high accuracy of prediction. While some
research has been carried out to predict the inference time of DNN models — most existing
techniques assume that training time is linearly related to the number of floating-point operations.
This paper designs and develops a framework to predict the inference time for deep learning
models and is generic to be easily extended for a large set of devices. Our key idea is decomposing
a given model inference into layers and conducting layer-level prediction. Our experiments

demonstrate that this strategy provides significant benefits in terms of prediction accuracy.

Deep Neural Networks (DNNs) have been widely used in today’s applications. In many
applications such as video analytics, face recognition, computer vision, and classification problems
like plant disease classification, etc. DNN models are constrained by efficiency constraints (e.g.,

3



latency). Many deep learning applications require low inference latency, which must fall within
the parameters set by a service level objective. The prediction of the inference time of DNN models
raises another problem which is the limited resources of Internet of Things devices. These devices
need an effective way to run DNN models on them.

Finding a way to effectively run the DNN models locally on 10T devices is crucial. Presently,
due to the expeditious advancement of deep learning, deep neural networks (DNNSs) have been
extensively utilized in diverse computer vision endeavors. Nevertheless, in the quest for improved
performance, sophisticated deep neural network (DNN) models have grown increasingly intricate,
resulting in a substantial consumption of memory and significant computational requirements.
Consequently, the use of these models in real-time scenarios poses challenges. In order to tackle
these concerns, the research community has directed its attention into the field of model DNN

compression.

In addition, the utilization of model compression approaches holds significant importance in
the deployment of models on edge devices. We conducted an analysis of diverse techniques for
model compression with the aim of aiding researchers in the reduction of device storage capacity,
acceleration of model inference, simplification of model complexity and training expenses, and
enhancement of model deployment. Therefore, we provide a comprehensive overview of the latest
advancements in model compression methods. These methods encompass model pruning,
parameter quantization, low-rank decomposition, knowledge distillation, and lightweight model
design. Furthermore, we evaluated the beforementioned approaches of DNN compression on

practical examples and analyzed the obtained results.

The motivation for our approach is to fill the gap by providing a prediction framework that can
deal with these non-linearities while also generalizing to previously unseen neural network models
or hardware. We also want to match out the limitations of the computation resources of our
hardware to provide good accuracy and avoid any failure during running the model. In our
approach, we train a deep learning network to predict the inference time for parts of a deep learning
network. Timings for these individual parts can then be combined to provide a prediction for the
whole model. Our approach reduces the computational time while maximizing the types of layers

that we can predict by employing atomic operations. The proposed approach can inform choices



when selecting appropriate hardware for training or inferring models, as well as aiding in the

decision-making of model design.

Dissertation Objectives and Contribution

The goal of the majority of the growing number of Internet of Things projects is cost
reduction. The present limitations of edge devices impose constraints on the ability to do real-
time inference of deep learning models for applications. Moreover, the act of sending data via a
network necessitates a greater expenditure of energy compared to local processing, mostly due to

the high cost associated with network transmission.

This dissertation has the following contributions, introducing a novel machine learning-based
method for automatically learning how to choose DNN models depending on input and precision
requirements, and developing a machine learning-based running locally on IoT device with
higher speed and lower power consumption by considering the model inputs and requirements

solution to classify tomato plant leaf diseases.

It is challenging to create DNNSs for mobile platforms since many good DNNs require a lot of
computing, and most mobile devices have computational, storage, and power limitations. The
influence of efficient deep-learning algorithms on distributed systems, embedded devices, and
field-programmable gate arrays (FPGAs) for artificial intelligence has been well recognized in
the literature [256]. As an illustration, for instance, one of the most well-known DNNs for image
classification, AlexNet [257], needs 724M MACs and 61M weights to analyze a single image.
Downloading those DNN-powered applications to local devices may become prohibitively
expensive. If used regularly, these DNN-based applications can potentially quickly deplete the
battery. Based on those findings, in this dissertation, we utilize some of the most common
compression techniques in the experiments. in order to try to address the aforementioned

problems of running the interference on low-power IoT devices.

We successfully got three models with a very small inference time. After that we train and
test these three models on image classification problem for tomatoes plant diseases. Since our
IOT device has limited storage and computational resources, we decided to design a selective

model to select between these three models based on different criteria such as accuracy, inference



time, memory usage and throughput, that is Chapter 3. Finally, in Chapter 5, we decided to use
model compression techniques to reduce the size of these three models which will save memory

and reduce inference.

Reduced computer costs during inference are compression's main advantage. The primary
motivation behind model compression is the decrease of computational resources. Model
compression decreases disk storage, memory, and CPU/GPU consumption. It can make a model

that would have previously been too expensive, too slow, or too big suitable for manufacturing.

Our work proposes a novel runtime strategy for DNN model selection on IoT devices that
aims to reduce inference time while still satisfying user needs. In order to choose the best model
to apply at runtime, we use machine learning to automatically create predictors. On the Nvidia

system administration interface [105] referred to as (NVSMI).

Our method will support farmers in early illness diagnosis and enable them to take
mitigation actions before it's too late. Using three convolution neural network architectures and a
probabilistic measure model selection strategy, we use deep learning to identify the diseases
[128]. For a given input, our system will guarantee the best DNN model to use, which will be
faster and use less power on IoT devices. We select the best model feature values depending on
the input and number of evaluation criterion such as inference time, accuracy, memory usage,
throughput, and battery requirement. It is a novel runtime strategy for DNN model selection on
IoT devices that aims to reduce inference time while still satisfying user needs. Hence,
determining which model to use is non-trivial. What we need is a technique that can

automatically choose the most efficient model to use for any given input using NVSMI [105].

Dissertation Organization

The following five chapters represent the remaining part of the dissertation. Chapter 2
presents an analysis of relevant background and related work materials. Chapter 3 focuses on
deep learning and IoT to classify tomato plant diseases. In chapter 4, we show how inference

time prediction of deep learning architecture can help in classify plant diseases effectively.



Chapter 5 will be towards model compression for deep neural networks. Chapter 6 of the

dissertation contains an overall conclusion.

In Chapter 4, we successfully get three models with a very small inference time. After that we
train and test these three models on image classification problem for tomatoes plant diseases.
Since our IOT device has limited storage and computational resources, we decided to design a
selective model to select between these three models based on different criteria such as accuracy,
inference time, memory usage and throughput, that is Chapter 3. Finally, in Chapter 5, we
decided to use model compression techniques to reduce the size of these three models which will

save memory and reduce inference.



CHAPTER 2

BACKGROUND AND RELATED WORK

Introduction

Deep learning systems frequently require a significant amount of CPU resources to
operate, image classification tasks are crucial for IoT devices, particularly for sensing and
diseases detection applications on smart farms. Even for straightforward operations, running
these models on [oT devices can result in long runtimes and a significant resource usage,
including CPU, memory, and electricity [120]. The efficient implementation of machine learning
(ML) algorithms is the goal of several projects. However, even though they are frequently the
most time-consuming processes for analysts, three crucial difficult and iterative practical tasks in
employing ML—feature engineering, algorithm selection, and parameter tuning—have largely

been ignored by the data management community.

Recent ground-breaking developments in deep neural networks (DNNs) make them
appealing for IoT devices. Machines are increasingly better at handling complicated tasks like
object recognition [112], facial recognition, audio processing [97], and image classification due

to recent developments in deep learning [98].

Our method will support farmers in early illness diagnosis and enable them to take
mitigation actions before it's too late. Using three convolution neural network architectures and a
probabilistic measure model selection strategy, we use deep learning to identify the diseases
[128]. For a given input, our system will guarantee the best DNN model to use, which will be

faster and use less power on IoT devices.

Compressing the model to lower its resource and computational requirements is a typical
technique for accelerating DNN models on [oT devices, however, doing so reduces precision.
Other approaches involve offloading some, or all, computation to a cloud server. Due to latency,
a quick, reliable network connection is not always guaranteed, so this is not always possible

[102].



Our work proposes a novel runtime strategy for DNN model selection on IoT devices that
aims to reduce inference time while still satisfying user needs. In order to choose the best model
to apply at runtime, we use machine learning to automatically create predictors. On the Nvidia

system administration interface referred to as (NVSMI).

On the Nvidia simulator, we propose performing a Tomato plant diseases classification
[105]. We evaluate the performance of the Googelnet, ResNet, and MobileNet convolutional
neural network designs [103]. These models were all trained using the Plant Village dataset [94]
and are all based on TensorFlow. For inference, the GPU is utilized. Our research demonstrates
that the input and assessment criterion affect the best model feature values. It is therefore not
simple to choose which model to apply. What we desire is a method that can select the most

effective model to apply for any given input automatically.

Edge-Based Machine Learning Systems

There has recently been a boom in the number of Al-powered goods and services entering
the market. In recent years, advances in computer power, storage options, machine learning
technology, and artificial intelligence have all contributed to the rapid development of machine
learning technology. In fact, if we peek behind the curtain, we may find several instances of ML
technology being used today in a variety of sectors, from manufacturing and financial services to
consumer goods and social media. But it still begs the issue of how, in such a short time, ML
went from science fiction to reality. After all, Arthur Lee Samuel, a data scientist, only succeeded
in creating a computer program that could teach itself how to play checkers in 1959. Let's map
the evolution of machine learning to identify the solution by looking at the past, present, and

potential future developments.

The development of ML can be linked to a series of pivotal events that occurred in the
1950s, when ground-breaking research demonstrated that computers are capable of learning. The
English mathematician Alan Turing created the renowned "Turing Test" in 1950 to evaluate
whether a machine demonstrates intelligent behavior equivalent to or similar to that of a human.
In 1952, Arthur Lee Samuel, a data scientist, was able to instruct an IBM computer program to
learn the game of checkers and get better every time it plays. Then, in 1957, the first neural
network was ever made for computers by Frank Rosenblatt. Experimentation increased after that.

Probabilistic interference such as Bayesian techniques in machine learning was first presented in



the 1960s. And in 1986, the machine learning community was exposed to the deep learning

technique by computer scientist Rina Dichter, which is based on artificial neural networks.
Utilizing a Data-Driven Strategy

The knowledge-driven approach of machine learning transmission to the data-driven
approach didn’t exist until the 1990s. Scientists began developing computer algorithms that
could analyze a huge quantity of data and draw conclusions from the findings. Kernel
approaches for algorithm pattern analysis, including Support Vector Clustering, gained
popularity in the 2000s. During this time, support vector machines became very popular as well

as recurrent neural networks.

The next major advance that helped ML become what it is today was the advancement of
technology in the early 2000s. The creation of graphics processing units for embedded devices
has dramatically accelerated algorithm training from weeks to days. A potent deep neural
network that could identify untagged YouTube cat photos was developed in 2009 using Nvidia
GPUs. A new paradigm of edge ML for software services and applications may begin if deep

learning proves to be practically feasible.

As businesses from a variety of industries use their data and collect the rewards of
machine learning, the demand for GPUs is now on the rise. Targeted advertising, machine
maintenance prediction, and medical diagnostics are some examples of current applications of
machine learning. However, there is a particular roadblock that is impeding development when it

comes to using ML models in the real world. And such difficulty is referred to as latency.

More enterprises are storing their data in the cloud. This implies that before the final
results can be delivered again to the edge device, model comparison data must be moved from
the edge device to the cloud. Sometimes, thousands of kilometers separate clouds. When time is
of the essence, as it is in fall detection, this is a major and potentially dangerous concern. Due to
latency difficulties, many enterprises are increasingly switching to the edge. With Intelligence on
the Edge, Edge Al, or Edge ML, data is processed locally by algorithms stored on a physical
device or edge rather than by algorithms maintained in the cloud. With real-time operations made
possible, electricity consumption and security hazards when processing data in the cloud are also

greatly diminished.

10



There are some issues with Edge ML Power Constraints, as efforts are made to deploy Edge ML
and Al to ever-smaller devices and wearables, resources are limited. How can we use Edge ML
applications while preserving precision and speed. To scale to the small models now on the
market that fit microprocessors, learning (ML) models still require a lot of memory and
processing power. By creating complex hardware, software, and algorithms, or by deftly

combining these components, this issue is attempted to be addressed.

As new advancements and landmarks are made in the present, the future of ML is
constantly changing. That makes it difficult to make precise predictions, but we can still spot

some major trends.

The following benefits are provided by the edge-cloud architecture:
Reliability

Edge-Cloud systems are particularly reliable because of redundancy and global data access.
Modern edge systems can be highly flexible because of remote edge device administration. To
save edge nodes in the event of fail issues or when hardware has to be fixed or replaced, some

systems build cloud devices two times of the particular edge devices [132], [133].

Scalability
Continuously adding or removing edge devices from the network is made possible by the
seamless scalability of edge nodes. Scalable deployments of real-world systems are possible

when more edge devices sign up [134]-[136].

Computational Expenses

The ability to reduce computing expenses is a significant benefit. Particularly for
computationally demanding jobs like computer vision using neural networks (NNs) and
processing resources in the cloud are still quite expensive. Although there are few resources
available at the edge device level, processing data locally is far more cost-effective and results in
sending a lot less data to the cloud. In any event, cloud computing requires network access, relies
on external security, raises privacy issues because of data transfer and storage, and has a longer
latency than local computing. Edge computing, on the other hand, offers workable, scalable, low-

latency computing [137]-[139].
Updated Privacy and Security
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Edge ML is the only way to meet updated business needs, such as those requiring extra
privacy, high security applications such as public safety organizations, government, and
situations where network connectivity is constrained or temporarily unavailable for example

intellectual property and privacy laws [140], [141].

Smart and Intelligent Systems

The largest retailers, e-commerce companies, telecoms, and logistics companies in the world
are moving beyond machine learning (ML) in order to create and manage smart intelligent
systems. Better profits, a route to a better customer experience, and an increase in operational
efficiency are all made possible by Al-driven management, intelligent video analytics, and
customer and store analytics. Typical edge devices that could be modeled using ML include Intel
NUCs and SoC PCs, both of which are well-known embedded computing platforms. Since there
is no predetermined form factor on Intel or ARM platforms, edge computers can be edge servers,
mobile devices, or other desktop computing devices with standard or embedded hardware [142]-

[144].

Powerful Integration

The potent pairing of Jetson GPUs with NVIDIA T4 at the edge for intelligent video analytics
and machine learning (ML) applications can be used for any application [152], [153].

Cutting-Edge Services

Edge ML enables telecom companies to provide greater client care and Al solutions,

generating new revenue streams [ 154]—[156].

Some of possible Areas of Edge ML in the Future, Amazon's Echo and Google's Home
are just two examples of smart speakers that are already supported by Edge ML. Some
businesses in the energy and industrial sectors have created Edge ML systems with anticipatory
sensors and algorithms that track the health of the parts and alert workers when repair is
necessary. Other Edge ML systems keep an eye out for situations like equipment meltdowns or
failures. Future healthcare and assisted living facilities may implement Edge ML-based systems
to keep an eye on things like patient heart rates, blood sugar levels, and falls (using radar sensors,

cameras, and/or motion sensors). These technologies have the potential to save lives, and if the
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data is analyzed locally at the edge, staff members would be alerted in real-time when immediate

action is required to save lives.
Sustainable Edge ML

The spectrum of potential solutions for developing very sustainable systems has
increased with the usage of Edge ML applications. They produce cost-efficient, intelligent,
mobile, low-power technology. Advanced supply chains, sustainable distributed energy grids,
environmental monitoring, agricultural applications, and weather and disaster predictions are just
a few of the applications that Edge ML can be used for. An estimated 200-terawatt hours of
power are used by data centers every year, which is more than some nations actually require.
Furthermore, it's estimated that they produce 2% of global CO2 emissions. Therefore, Edge ML

can aid in lowering data center power usage.
Unsupervised Machine Learning

The bulk of AT and ML programs dedicate the majority of their development time to
classifying and sorting data. According to the research firm Coanalytic, the time spent on an
average Al project (80%) is spent obtaining, filtering, categorizing, and enhancing data for
inclusion in ML models. Unsupervised learning can be so revolutionary because of this. Extra
machines will be able to recognize discovered patterns in unlabeled, uncategorized data sets all
alone. When it is unclear what the desired outcome will be, unsupervised learning is particularly
helpful for identifying previously undetected patterns in data collecting. Applications like
evaluating consumer data on edge devices to discover target audiences for new products or
spotting data abnormalities like fraudulent transactions or corrupted hardware can both benefit

from this.
At-the-Edge Hardware Acceleration

Semiconductor firms and startups try to make edge machine learning workloads—from
training to inference on the edge path—faster, less expensive, and more energy efficient. A
brand-new category of dedicated accelerator is starting to take shape. These accelerators promise
a huge increase in performance for edge hardware and edge machine learning systems. For
example, by relieving the CPU of edge devices from the challenging and taxing mathematical

work needed to run deep learning models. This is crucial to prepare for quicker projection. Many
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organizations are creating Edge ML chips designed for edge performance and low power

consumption, including Arm, GreenWaves, Syntiant, and many others.
Expanding Edge ML

As the cost of Al and machine learning technologies continues to decline, the Internet of
Things will eventually affect more elements of our daily life. But the infrastructure we already

have must be able to support the increasing number of edge ML devices.

In a recent post, it is stated that one trillion [oT devices are anticipated to exist by the year
2035, bringing considerable infrastructure and design challenges [131]. Our technology must
progress if we are to keep up. It suggests that Arm will continue to invest heavily in developing
the tools, software, and hardware required to support rational decision-making across the whole
infrastructure stack at the forefront of edge computing. Furthermore, it makes use of
heterogeneous computation across the network, not just at the processor level, but also at the

cloud, edge, and endpoint devices levels.
Key Components of Edge ML

The three most crucial components of an intelligent application are said to be data,
model, and computation [126]. If an intelligent application were a "person," the "body" would be
a model, and the "heart" would be computation. The "book" is then data. The "person" develops
their skills by absorbing information from the "book." After learning, the "human" begins to use
the new information. In accordance, the majority of intelligent applications' full deployment
consists of three parts: data collection and administration (creating the "book"), training
(learning), and inference [169]. Unsupervised learning-based applications are not included [127].
A fourth component that is not visible but is crucial to the other three is computation. These three
obvious components become edge cache (data storage at the edge), edge training (training at the
edge), and edge inference (inference at the edge), respectively, when combined with an edge
environment. Keep in mind that edge computers and edge servers are typically weak. Offloading
is typically used to do computation at the edge. The hidden component becomes edge offloading
as a result (computation at edge). Therefore, Edge ML's classification of data is based on these

four components. Each component's key development concerns are listed, and these

14



considerations are then divided into a number of smaller ones to provide a step-by-step

explanation.
Edge Caching

In order to provide intelligent applications to consumers at the edge, edge caching refers
to distributed data systems that are located close to clients and then collect (store) data from the
internet, edge devices, and surroundings. BS caches maintain data that the client has lately
acquired from the Internet in order to identify the user’s interest more accurately in suggested
applications [183]. In order to develop edge caching, the following three questions are addressed:
what, where and how to cache. Edge devices to macro and micro-BSs have fewer resources and
more mobility. Therefore, the issue of caching on a single edge device receives less attention. For
instance, the issue of what to cache based on communication and computation redundancy in
some specialized applications, such as computer vision, is studied in [184]-[186]. The majority
of researchers employ edge device collaboration for caching, especially in networks with many
users. The caching problem is often formulated as an optimization issue including content
replacement [187]-[190], association policy [191]-[193], and incentive mechanisms [194],
[195]. Content replacement must be considered since the storage capacity of macro-BSs, micro-
BSs, and edge devices are constrained. Studies on this issue concentrate on developing
replacement strategies, such as popularity-based schemes, and ML-based schemes to maximize

service quality [168], [196], [197].
Edge Training

Edge training is a decentralized training algorithm that finds the optimal weights and
biases, or hidden patterns, using an edge-cached training set. For instance, Google developed the
G-Board intelligent input tool, which leverages previous input to learn usage patterns and more
precisely forecast the user's upcoming input [182]. As opposed to conventional centralized
training methods on powerful servers or compute clusters, edge training is often conducted on
edge servers or edge devices that are less powerful than the central servers or compute clusters.
Thus, it must consider four major issues in addition to the challenge of the training sample

(Caching) when using edge training.
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* How to learn (the learning framework).

* How to accelerate the learning.

* How to optimize the learning.

* How to measure the unpredictability of the model's outcome.

Edge training is substantially slower than centralized training paradigms, where strong
CPUs and GPUs might provide a decent output with little training time. The acceleration of edge
training is a topic of interest for several academics. Works on training acceleration are split into
two groups in accordance with the training architecture: acceleration for collaborative training

[200], [201] and solo training [198]-[199].

Collaborative training refers to numerous devices that work together to train a single
model or algorithm, as opposed to solo training, which is conducted on a single device alone.
The majority of the literature now in existence focuses on collaborative training designs since

solo training puts a larger demand on the hardware, which is frequently unavailable.

Solo training is a closed system in which obtaining the ideal parameters or patterns only
requires iterative calculation on a single device. Collaborative training, in contrast, relies on the
collaboration of several devices and necessitates recurrent communication for updating. Update
frequency and update cost are two variables that impact training effectiveness and
communication success. Researchers in this field mostly concentrate on how to retain the
performance of the model or algorithm with reduced update frequency and cost because
collaborative training is public, and malevolent people can exploit it. There is also some
literature that focuses on security [202]-[205] and privacy problems. The output results of DL
training could be mistakenly regarded as model confidence. While estimating uncertainty is
simple for traditional intelligence, edge training requires a lot of resources. Some literature draws
attention to this issue and makes various suggestions for how to cut back on computation and

energy use [206], [207].
Edge Inference

Edge inference is the process of computing the output on edge servers and devices using

a trained model or algorithm to infer the testing instance in a single forward pass. As an
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illustration, programmers created a face verification application based on DL and used on-device

inference [208], [209], which achieves high accuracy and cheap computing cost.

The majority of edge ML models now in use are created with strong CPUs and GPUs in
mind; hence, they cannot be used in edge environments. Therefore, the key challenges of using
edge inference are how to develop new models or compress old models so that they can be
deployed on edge devices or servers, and how to speed edge inference so that real-time results

can be obtained.

In order to construct models that are appropriate to edge situations, researchers generally
concentrate on two research paths. Creating new models and methods that are more naturally
suited to edge contexts and have lower hardware requirements, as well as minimizing operations
during inference by compressing current models and deleting superfluous models. In the first
path, there are two ways of developing a new model. In order to find the optimal model to
construct a human-invented framework [215]-[217], there are group convolution [210], [211]

and depth-wise separable convolution [212]-[214], or let the computer use architectural search.

In the second technique, known as model compression, scientists concentrate on thinning
and condensing existing models in order to produce smaller, more potent, and computationally
efficient models with minimal to no accuracy loss. Five popular techniques for model
compression are Low-rank approximation [218]-[220], knowledge distillation [221], [222],
compact layer design [223]-[225], network pruning [80]-[82], and parameter quantization [44]—
[47]. Like edge learning, edge devices and servers are less potent than central servers and

computer clusters. Therefore, edge inference takes longer.
Edge Offloading

A key element of edge ML is edge offloading, a distributed software framework that
provides computer service for all previous edge components caching, training, and inference. If a
single-edge device is poorly equipped to handle a certain edge ML application, it may delegate
those tasks to edge devices and servers. The edge offloading layer allows seamless computing
services to the other edge ML components. The most important aspect of edge offloading is the
offloading strategy, which should carry out the tasks at the edge environment to the fullest extent
possible.
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Distributed cloud servers, edge servers, and edge devices are the available computing
resources. Accordingly, the majority of the literature now in circulation focuses on four
techniques: hybrid offloading, device-to-device (D2D) offloading, device-to-edge server (D2E)
offloading, and device-to-cloud (D2C) offloading. Studies on the D2C offloading approach [48]—
[50] pre-processing jobs on edge devices and offloading the remaining duties to a cloud server,
which might drastically reduce the quantity of uploaded data and latency. This technique is also
used by working on the D2E offloading approach [51], [52], which might further minimize

latency and cellular network dependence.

The majority of D2D offloading method studies [53], [54] concentrate on smart home
situations where smartphones, smartwatches, and IoT devices work together to accomplish
training and inference tasks. The strongest ability of adaptability, which makes the most of all the

resources available, is found in hybrid offloading schemes [55].

The rapid development of intelligent methods, including deep learning and machine
learning techniques, provides the theoretical foundation for the usage of edge intelligence [56]—
[58]. Autonomous piloting, speech recognition, and behavior prediction are just a few of the
fields where intelligent techniques are leading the way. Our lifestyle has significantly changed as
a result of these efforts. People desire to have access to smart services wherever they are and
whenever they want. Clients find it bothersome that the bulk of smart applications now available
are cloud-based. For instance, more and more people are using voice assistants like Apple Siri on

their smartphones. But in order to work, these applications need networks.
Choosing the Right Application based on Edge ML

Machine learning can be implemented on any computing device using contemporary co-
processors and Al accelerators. While there are big disparities between edge devices in terms of
computational power and technological design, recent advancements have proven that Al model
optimization is now feasible, leading to significantly smaller neural networks with significantly
greater effectiveness. Certain sorts of models are intended for use with low-power edge devices
such as TensorFlow Lite [158]. Due to the wide range of deep learning models, their frameworks
and application architectures, it is very difficult to compare the cost and performance of different
edge devices. Now, expensive GPUs can be replaced by scalable, affordable technologies that

cost a lot less and offer the same performance. For computer vision applications, it is essential to
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choose a platform that permits cross-architecture deployments that can be upgraded to new
hardware. Technological agility will have a substantial impact on the utility and responsiveness

of edge Al systems in the future.
Edge ML in Cloud Environment

As a development of cloud computing, edge ML brings cloud services closer to clients.
To provide computing, storage, and networking resources that are often found on the network

edge, edge computing offers virtual computing and ML platforms [129], [130], [157]-[159].

Edge servers, which can include IoT gateways, routers, and tiny data centers in mobile
network base stations, on automobiles, among other places, are the devices that deliver services
for end devices. Edge devices such as mobile phones, Internet of Things (IoT) devices, and
embedded devices ask edge servers for services. Three factors might be used to summarize the

edge ML paradigm's key benefits in a cloud environment.

I. Extremely low latency: processing typically occurs close to the data sources, reducing the
amount of time needed for data transfer. Responses from edge servers are delivered to end

devices very instantly [160]-[162].

II. Energy conservation for end devices: By delegating computational workloads to edge
servers, end devices might reduce their energy usage. As a result, end-user devices' batteries

would last longer [163],[165].

III. Scalability: Cloud computing is still accessible if edge servers or devices lack sufficient

resources. The cloud server would assist in carrying out duties in such a scenario [166], [167].
Edge ML in Edge Intelligence

The main issues with ML-based applications are resolved by using (edge computing), and
Machine Learning in combination with edge computing suggests a potential solution. This new
ML paradigm is referred to as edge [168], [169], or mobile intelligence [170]. Edge machine
learning (ML) refers to a group of interconnected systems and a number of devices that are used
for data collecting and processing, caching, and analysis that is close to the site of collection in
order to enhance the quality and speed up the processing and make sure the confidentiality and

privacy of data. Traditional cloud intelligence protects user privacy, speeds up inference times,
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and uses less bandwidth. Also, it requires devices to gather and send the data to a remote cloud

where edge ML processes and analyzes data locally, [171], [172].

By using their own data to train ML/DL models, users may further customize intelligent
apps [173], [174]. Edge intelligence is a very important aspect of the 6G network [175]. In
addition to that, edge computing may benefit greatly from Al. This paradigm, which differs from
edge intelligence, is intelligent edge [176], [177]. Edge intelligence places a strong emphasis on
leveraging edge computing to build intelligent applications in the edge environment whereas
intelligent edge concentrates on applying Al solutions to address edge computing issues like

resource allocation.

Numerous works that have used an edge intelligence paradigm in real-world application
fields have demonstrated the viability of edge intelligence. A facial recognition program is
implemented by Yi et al. on a smartphone and edge server [128]. According to the results, the
latency is lower when compared to the cloud-based paradigm, dropping from (900 ms) to (169
ms). In order to conduct recognition tasks, Ha et al. deploy a cloudlet, which reduces energy
usage by 30%—-40% [178]. Some academics focus on how Al performs in the setting of edge
computing. A limited DL model for activity recognition has been successfully implemented on
smartphones by Lane et al. [179]. The demo outperforms shallow models in terms of
performance, proving that common smart devices are suitable for basic DL models. Both
embedded devices [180] and wearable devices [181] undergo a similar verification process. The
most well-known example of edge intelligence is Google G-board, which employs federated
learning [182] to jointly train the typing prediction model on mobile devices. To teach G-board,
each user utilizes their own typing logs. As a result, the trained G-board could be put to use right
away, powering experiences that were customized by the way people interacted with this

application.
Traditional and Edge Intelligence

In traditional centralized intelligence, all edge devices submit data to the central server
first before doing intelligent operations, such as model training or inference. The main server or
data center is typically, but not always, situated in a distant cloud. Findings, such as recognition
or prediction results, are communicated back to edge devices following processing on the central

server. Whereas in edge intelligence, tasks like recognition and prediction are either carried out
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by edge servers and peer devices or by the edge-cloud cooperation paradigm. The data is either
sent to the cloud in very modest amounts or not at all. For instance, cloudlets, or BS and IoT
gateways, might operate fully intelligent models and algorithms to offer services to edge devices
in some areas. In another area, through various edge devices which are carried out, a model is
broken up into several components with distinct functions. Together, these edge devices

complete the process.
Inference Latency Of Deep Learning Models

Deep learning has flourished in the last years, due to its very high performance. Development in
deep learning is so rapid that it can solve a larger number of problems and be adopted in more
systems. Deep learning is an advanced level of machine learning that utilizes a multi-layered
hierarchical level of artificial neural networks to carry out the process of machine learning and

deliver high accuracy in tasks such as speech recognition, object detection, and language translation.

Deep learning models need to be equipped with adequate processing power to solve complex
real-world problems. To ensure better efficiency and less time consumption, data scientists switch
to multi-core high-performing GPUs and similar processing units. These processing units are
costly and consume considerable power. We have a large set of hardware to run deep learning
models on and each is suitable for a certain system. Thus, we are confronted with quite a few
design choices. It is important to understand the performance of different hardware for running
deep learning models, in terms of their inference times, memory usage and power consumption,

as these are vital for architecting systems to meet certain design requirements.

In deep learning, inference time is the amount of time it takes for a machine learning model to
process live data points and make a prediction/classification. Inference time is an essential
component that must be performed to achieve the required level of accuracy. Predicting inference
time is crucial in tuning DNN models (e.g., hyperparameter settings) to achieve required accuracy
and performance. Once the model is trained, it can be used to make predictions on new data very
quickly. This makes them well suited for use in real-time applications such as text recognition,

speech recognition, and facial recognition.

There have been several previous works in predicting inference time. One approach considers

FLOPs (floating-point operations) [5] [11] to be the atomic operations of the deep learning model.
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Such operator-level methods sum up the latencies of all operators. The problem with this approach
is that it does not consider any type of runtime optimizations or data loading time. Another
approach is BRP-NAS [1], which considers the deep learning model graph representation to
predict inference latency. However, this approach does not work well for many unseen model

structures.

In this thesis, we propose training deep neural networks based on the features that come from
computational resources such as RAM, CPU, GPU, etc. Here we propose a framework to predict
the inference time of deep learning models on a CPU device, by summing the inference time
prediction for each layer of a given DNN model. Training our proposed model is done by
generating a dataset of 60000 data points which will be discussed in this paper. Testing the model
is done using 13 Benchmarked deep learning architectures from [2]. The technical contributions
of this paper include providing a prediction framework that can deal with non-linearities while
also generalizing to previously unseen neural network models or hardware. In addition, predicting
the inference time by training our proposed model on many features that can potentially influence
the performance of deep learning inference times and providing flexibility while reducing the

computational time needed to train our approach and maximizing the types of layers.
Real-Life Applications Where Latency Prediction Served as a Key Role

The few real-world applications listed below where latency estimate, and prediction played a key

role are as follows:

1. In real-time Internet applications, network latency prediction is crucial for server selection

and quality-of-service estimate [86].

2. Optimal dataflow plans and/or assignments of operators to nodes are searched for a given set
of continuous queries. Re-optimization, which is the periodic modification of the continuous
queries on the basis of identified changes in input behavior, is an issue that is closely connected to
this one [88].

3. We must promptly and precisely forecast the related impact on the system when attempting

to add or delete a continuous query from the system [80].
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4. The system administrator must assess the impact of adding or removing CPU cycles or nodes

from the system'’s available resources under the system'’s present continuous query load.

5. Users require an accurate assessment of how their ongoing inquiries will behave. Such an
estimate ought to be based on a user-relevant statistic. The system's performance guarantees might
potentially be based on this [49].

6. One of the most significant applications is (vehicular-hoc) networks (VANETS), which have
been installed in the USA, Europe, and Asia, and have been envisioned to be promising in road
safety and many other commercial applications. The following are some characteristics of

vehicular ad hoc networks:

* Because of the great flexibility of the vehicles, the topology of (VANETS) changes
quickly. Due to inconsistent connection, VANETS often are unable to create a reliable end-to-end
channel to send data packets.

* The flexibility of vehicle nodes in this system is restricted by established highways. The
data transfer based on the V2V connections across VANETS is also limited by the roads due to
some obstructions. The most important issue is to select a forwarding path with the smallest packet

delivery delay [50].

7. Fog computing (FC) is a developing field of computer science that works in a dispersed setting.
FC wants to offer cloud computing capabilities to devices on the edge. The method is anticipated
to meet the minimal latency requirement for Internet-of-Things (I0T) devices in the healthcare
industry [41].

If we want to summarize the main advantages in a few points, we will say they are firstly,
our method provides a predictive framework that can manage nonlinearities while generalizing to
previously unseen neural network models or hardware, and secondly, through train our proposed
model to predict inference time on many parameters that may affect DL performance. Third, our
method provides flexibility while reducing the computational time and type of maximization
layers required to train our method. The benefit of our approach is to bridge the gap by providing
a predictive framework that can manage these nonlinearities while generalizing to previously

unseen neural network models or hardware. We would also like to tune the computational
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resource limits of our hardware to ensure good accuracy and avoid errors during model
execution. In this approach, we train DNN to predict the inference time of the DL network parts.
These individual parts of time can then be provided predictions for the entire model.

The approach reduces computation time while maximizing the types of layers we can
predict using atomic operations. To train our method, we generate convolutional layers with
random parameters on our hardware device for convenience. However, our method can be
generalized to any hardware by adding hardware parameters to the training data, e.g., (clock
frequency, FLOPS frequency). It can be done by just forward propagation or the full cycle.
Therefore, the method we propose can make decisions when choosing the appropriate hardware
to train or derive the model and help with model design decisions. We have a highly flexible
model that generalizes to various network models, data sizes, and hardware configurations. Our
method produces incredibly good results by using only convolutional layers, as this is the main
contributor to inference time.

Our approach here is to divide any deep learning model into layers and treat layers as
atomic operations in a DNN model. Then we train an FFNN (feedforward neural network) on a
large number of random parameters layers. Using the recorded time as the target, we test the
reliability of our model versus the benchmark model to validate our method. Prediction is done
by summing all predicted inference times for selected layers in the DNN architecture. This
approach allows us to save a lot of resources and time and eliminates the need to evaluate models
on hardware to determine if they are suitable for a particular application.

Compare the results of predicting the inference time of the feedforward path using our
method with the results of the linear regressor (FLOPs approach). The linear regressor clearly
fails to capture the complexity of the model and produces a large amount of inaccuracy (RMSE
9.3 ms). In contrast, the deep learning predictor (our approach) provided consistent predictions
compared to the actual measurement time (RMSE 2.98 ms). We can see these two results in
Figure 4 and Figure 5. This suggests that deep learning-based predictors are more suitable to use
in this case. This may be because linear regressors cannot account for the nonlinear relationship
between parameters and inference time. Also, different operations may take various times to
perform.

Furthermore, this is both implementation and hardware specific. Several devices, such as

GPUs, have a very non-linear dependence of inference time on operands. The data movement
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operation is not considered at all, since it is not a formal computational operation, but it takes
some time and can be significant at times. On the other hand, our approach shows that accurate
inference time predictors play a key role in NAS (Neural Architecture Search) where latency on
target hardware is important and existing latency predictors are too error-prone.

In addition, BRN-NAS is a new prediction-based NAS framework that gathers binary
relational accuracy predictor models and a data selection method to enhance the performance of
NAS [22]. The state-of-the-art BRP-NAS uses a GCN to predict the latency (inference time) of
the NASBench201 dataset on varied hardware. It captures runtime by using a representation of
the model graph and predicting latencies. BRP-NAS [22] outperforms previous FLOPs [21]
methods in productivity and accuracy. On the other hand, the GCN is dependent on the tested
model structure and is not working for many unseen model cases. Over and above that,
comparing our method (Layer Level prediction) with nn-Meter [20], a kernel-based prediction
system predicts the inference of (DNNs) models on different hardware very well. nn-Meter
proposes kernel detection, which records various operator fusion behaviors [20].

By collecting the most useful data, nn-Meter builds a kernel-level inference predictor.
nn-Meter provides high accuracy on unseen models which outperform previous BRN-NAS
methods [22]. nn-Meter addresses this problem by developing a more fine-grained approach to
characterizing kernel-level models. However, this approach involves extensive testing of all
kernels, which can finish in 1 to 4.4 days, depending on execution time. We propose a Layer
Level prediction method. Using our results, we have shown that by describing operator-level
hardware devices and runtimes, our model can accurately estimate neural optimization-based,
previously unseen runtimes in just in few minutes not many days, and the end-to-end latency of
the network architecture is executed. This means our method outperforms FLOPs [21], BRN-
NAS [22], and nn-Meter [20]. In our work, we propose a simple but efficient latency method that
yields the most accurate latency estimates for CPU devices, including optimization graphs. We
also observed additional gains when we produced a targeted uniform sampling and normalization
strategy. Our method shows particularly strong gains in estimating latency when trained on only
12 model architectures from a single device, yielding 95% accuracy.

The execution time required for the forward pass through the neural network is limited by
the floating-point operations (FLOPs). These FLOPs rely on the DNNs architecture and the size

of the data. The time consumed for each FLOP relies on the hardware features. Also, when data
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transfers are managed and memory bandwidth is used effectively, the time of communication
matches with data size.

Recent efforts in the literature have focused on this type of linear model. However, other
features, such as the activation function and the optimizer used, introduce sources of nonlinearity
into the system. Furthermore, computing resources and memory bandwidth are not fully utilized
in all cases. Consequently, more sophisticated methods produce unsatisfactory results and
generalize poorly across multiple types of hardware. Our approach helps to close this gap by
proposing a predictive framework that can handle these nonlinearities, delivering accurate results
while generalizing to previously unknown neural network models or hardware. We will describe
here the hardware we used to evaluate our method. We train the model on CPU and just use it to
compare different methods. We expect that a single model spanning more platforms will not only
be equally accurate but will also make predictions on previously unknown hardware.

However, due to the limited hardware we have available, we believe that combined models
may not currently achieve good accuracy compared to individual models.

Limitations of Latency Prediction in Deep Neural Networks (DNNs)

Deep neural networks (DNNs) have made great strides in the previous ten years, which has
prompted their use in a number of study areas where complex systems need to be represented or
understood, such as earth observation, medical picture analysis, or robotics. DNNs have gained
popularity in high-risk industries like medical image analysis [76][78], or autonomous vehicle
control [79][81]; however, their use in mission- and safety-critical real-world applications is still
in its infancy. The primary causes of this restriction include:

+ It is difficult to trust the outcomes of a deep neural network's inference model since it lacks
expressiveness and transparency [77].
+ The sensitivity to changes in a particular domain [82], the difficulty to distinguish between
samples that are inside and outside of a certain domain [83][84].
* Considering the prevalence of overly optimistic predictions and the inability to provide
reliable uncertainty estimates for a deep neural network's decision [85][86].
» Due to their susceptibility to adversarial assaults, deep neural networks are exposed and
insecure [87][88].

These problems primarily stem from a lack of understanding of the neural network or

uncertainty that is already present in the data (data uncertainty) (model uncertainty). It is crucial
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to offer uncertainty estimates so that doubtful forecasts can be discounted or forwarded to human
specialists in order to get around these restrictions [89]. Giving uncertainty estimates is vital for
safe decision-making in high-risk domains as well as in those where labeled data is scarce and
data sources are extremely homogeneous, like in remote sensing [90]. Uncertainty estimates are
critical not just for sectors where uncertainties play a major role in learning procedures, but also
for active learning [91] and reinforcement learning [86][80].

Researchers' interest in assessing DNN uncertainty has grown recently [66][71]. By separating
modeling, the uncertainty caused by the model (also known as epistemic or model uncertainty)
and the uncertainty caused by the data, the most popular method for estimating the uncertainty
on a prediction (the predictive uncertainty) is possible (aleatoric or data uncertainty). The second
one cannot be reduced; however, the first one can be by enhancing the model that the DNN
learns. Bayesian inference [86][34] ensemble approaches [57][78] test time data augmentation
approaches [45][36] or single deterministic networks with explicit components to represent the
model and the data uncertainty [52][83] are the most crucial methods for modeling this
separation.

For safe decision-making, estimating the forecast uncertainty is insufficient. Furthermore, it is
necessary to guarantee the accuracy of the uncertainty estimates. In order to do this, the level of
dependability of DNNs has been examined, and re-calibration techniques have been suggested
[57][62].

Following are the main challenges associated with latency prediction in DNNss:
Low-Quality Training Data

With real-world tabular data sets, data quality is frequently a problem. In contrast to the high
dimensional feature vectors created from the data, they frequently contain missing data [28],
extreme data (outliers), incorrect or inconsistent data [29], and have a limited overall size [30].
Tabular data are usually out of class due to the pricey nature of data collecting. All machine
learning algorithms face these difficulties; nevertheless, the majority of contemporary decision
tree-based algorithms can deal with missing data or different variable scopes internally by
seeking out suitable approximations and split values [31][32].

Missing Irregular Spatial Dependencies
In tabular data sets, there is frequently no spatial connection between the variables [86], or

there are quite complex irregular dependencies between features. Working with tabular data
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requires learning from the start the structure and connections between its characteristics.
Convolutional neural networks, a popular model for homogenous data, use inductive biases that
are inappropriate for modeling this type of data [33][35].
Dependency on Preprocessing

One major benefit of homogeneous data in deep learning is that it incorporates an implicit
step for learning representations [36], necessitating little to no explicit feature building or
preprocessing. However, the preprocessing approach chosen may have a significant impact on
performance for tabular data and deep neural networks [37]. Managing the category features is
still a difficult task [38] and can quickly result in a very sparse feature matrix or provide a
synthetic ordering of previously ordered items such as using an ordinal encoding scheme. Last
but not least, deep neural network preprocessing techniques may result in information loss and a
decline in predicting accuracy [39].
Importance of Single Features

Single features are important because, unlike changing the class of an image, which often
needs coordinated changes to multiple characteristics, such as pixels, a single categorical or
binary feature can completely affect the outcome of a prediction on tabular data [40]. Decision-
tree algorithms, as opposed to deep neural networks, can handle shifting feature relevance
remarkably well by choosing a single feature and suitable threshold (ex, splitting) values and
ignoring the remainder of the data sample. Individual weight regularization may lessen this

difficulty, according to [40][42].

Existing Approches And Limitations

DNNSs have demonstrated remarkable performance in a variety of activities that initially
appeared challenging [123, 117]. Even though many IoT devices need highly accurate sensing
capabilities, the implementation of DNN models on such systems has moved very slowly [125].
This is mainly because computation-intensive tasks like DNN-based inference execute slowly on

IoT devices because of their constrained resources.

There are several ways to minimize the computational requirements of a deep model,
including compressing a pre-trained network [122, 109, 114], developing small networks directly

[108, 92], or combining the two [113]. With the use of these methods, a user must now choose
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when to employ a certain model in order to satisfy the overall accuracy criterion with the least
amount of latency. Making such a crucial choice is not easy because the application context
(such as the model input) is frequently uncertain and ever-changing. By automatically choosing a
suitable model to detect and categorize tomato diseases, our approach lessens the strain on

farmers.

Neurosurgeon determines when it is advantageous to offload a DNN layer to be
calculated in the cloud (for example, in terms of energy usage and end-to-end latency) [116]. We
strive to reduce on-device inference time, unlike Neurosurgeon, without compromising
prediction accuracy. For each layer of a CNN, the Pervasive CNN generates numerous
computing kernels, which are then dynamically chosen in accordance with user requirements and
inputs. By selecting the best model to utilize at runtime, our approach enables having a broad

selection of models rather than just allowing the ability to fine-tune a single network structure.

Many software-based solutions have recently been made out to speed up CNNs on [oT
devices. By utilizing task parallelism [118, 126], parameter tuning [119], computational kernel
optimization [99, 110], and trading precision for time, among other strategies, they seek to
reduce the length of the inference process. Since one model is unlikely to satisfy all the accuracy,
inference time, and energy consumption requirements across inputs [120], it is desirable to have
a method for dynamically choosing the best model to utilize. Our work complements these

earlier strategies by precisely offering this capability.

DNN model inference can be accelerated by offloading computing to the cloud, although
this is not always possible due to latency or connectivity concerns [102]. The latency problem
that arises when offloading DNN inference to the cloud is somewhat addressed in the work
reported by Ossia et al [132]. Our method of model selection enables one to choose a model
based on the input. Running our models locally on an [oT device is especially advantageous

when cloud offloading is unfeasible due to the demand for latency or a lack of connectivity.

Machine learning has been used for a number of optimization tasks [93], including work
scheduling [100, 107] and code optimization [121, 124, 129]. Our strategy is quite similar to
supervised learning, which uses numerous models to address an optimization issue. This method
has been demonstrated to be helpful in optimizing the use of application memory and scheduling

simultaneous processes.
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On the Nvidia simulator, we propose performing an image classification [105]. We
evaluate the performance of the Googelnet, ResNet, and MobileNet convolutional neural
network designs [103]. These models were all trained using the Plant Village dataset [94] and are
all based on TensorFlow. For inference, the GPU is utilized. Our research demonstrates that the
input and assessment criterion affect the best model feature values. It is therefore not simple to
choose which model to apply. What we desire is a method that can select the most effective

model to apply for any given input automatically.

In our previous work [103]. We come up with the top 3 influential convolutional neural
network architectures: Googelnet, ResNet, and MobileNet that got the most accurate predicted
inference time using our A Layer Decomposition Approach to Inference Time Prediction of Deep

Learning Architectures [103].

We demonstrate that our approach reduces computational time while maximizing the
types of layers that we can predict by employing atomic operations. Inference time was proved
as a very effective and efficient criterion for identifying the best network architecture to
implement and determining the amount of data required for training within the required cost
range. We build up our research [103] to show how to select the best model feature values
depending on the input and number of evaluation criterion such as inference time, accuracy,
memory usage, throughput, and battery requirement. It is a novel runtime strategy for DNN
model selection on IoT devices that aims to reduce inference time while still satisfying user
needs. Hence, determining which model to use is non-trivial. What we need is a technique that
can automatically choose the most efficient model to use for any given input using NVSMI

[105].

Deep Neural Networks (DNNs) have been widely used in today’s applications [3]. In many
applications such as video analytics, face recognition, AR/VR, etc. DNN models are constrained
by efficiency constraints (e.g., latency). To design a model with both high accuracy and
efficiency, model compression [4] [7] and the recent Neural Architecture Search (NAS) [8] [9]

consider the inference latency of DNN models as the hard design constraint.

However, measuring the inference latency for DNN models is laborious and expensive. In
practice, it requires developers to perform a deployment process on the physical device to obtain

the latency. The engineering effort is tremendous for diverse devices (e.g., mobile CPU/GPU and
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various Al accelerators) and different inference frameworks (e.g., TFLite and Pytorch). A high cost
can hinder the scalability and make the measurement-based method practically infeasible to support

the fast-growing number of devices.

There are many approaches to predict the inference latency of deep learning models. First,
predicting inference latency considering FLOPs (floating-point operation) [6] [12] to be the atomic
operation of the deep learning model. Such operator-level methods sum up the latencies of all
operators. The problem with this approach is that it doesn’t consider any type of runtime

optimizations or data loading time.

Second, the state-of-the-art BRP-NAS [1] uses graph convolutional networks (GCN) to predict
the latency of the NASBench201 [14] dataset on various devices. Individual network levels serve

as the vertices of a graph, and the edges represent the data flow between those layers.

A feature vector, or layer representation, identifies each vertex. How to create effective layer
representations that contain sufficient data to forecast the latency of real-world DNN architectures
is a significant challenge. For instance, the network layer type one-hot encodings are used by BRP-
NAS. The unique collection of DNN architectures supplied in the NAS-Bench-201 dataset
complements this extremely straightforward technique effectively [48]. However, in general, the
parameters of the layers, such as the shape of the input and output tensors, as well as the layer types,
affect the latency of individual network layers and, consequently, of entire DNNs. As a result, more

realistic DNN designs do not generalize well to this layer representation.

BRP-NAS is a new prediction-based NAS framework that gathers a binary relational
accuracy prediction architecture and a purified data selection strategy to improve the performance
of NAS. BRP-NAS outperforms previous NAS methods in both sample efficiency and accuracy on
NAS-Bench-101 and NAS-Bench-201, and also beats DARTS in its search space. However, this
model graph-based approach is highly dependent on the tested model structure and may not work

for many unseen model structures.

There are two phases for BRP-NAS. The first phase is to predict the ranking of all candidate
models (accuracy comparisons between two models) includes the outputs from a binary relation
predictor, which is trained to forecast the binary relation. In the second phase, the models with high
predicted ranks are fully trained based on the predicted rankings, and the model with the best-trained
accuracy is then chosen.
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Third, the NN-meter [15] approach uses kernel-level operations to predict inference latency. nn-
Meter is a successful and precise inference time-predicted method of DNN models on edge devices.
By dividing the model-wide inference into kernel or device execution units, the basic idea behind
nn-Meter is to make predictions at the kernel level. The two main methods that nn-Meter develops
are kernel detection, which employs a carefully crafted set of test cases to automatically identify a
model's execution units, and the optimal configuration, where adaptive sampling effectively selects
the space for the development of precise kernel-level latency predictors. Three popular types of
edge hardware are employed for its implementation ex, mobile CPU/mobile GPU. When put to the

test on a huge dataset of 25,000 models, it remarkably beats the prior state-of-the-art [54].

Depending on the hardware and runtime, a kernel can be a single operator or a combination
of many operators. The latency sum of all the kernels in the model is used by nn- Meter to forecast
the overall latency of a model. This kernel-level prediction design decision is based on two findings.
First, in deep learning frameworks, particularly on edge devices, the kernel is the functional unit
(for example, GPU kernels). As a result, the term "kernel” naturally encompasses a variety of
runtime improvements, including operator fusion, the most significant optimization that has the
most potential to reduce latency. The types of operators and kernels are stable with a very limited
collection, despite the fact that there are a lot of DNN models available. Any model is basically a
collection of various operator and kernel combinations. As a result, kernel-level prediction can

enable previously unseen new models.

To nn-meters, there are two basic challenges. The first challenge is figuring out how to divide
the model effectively into a number of kernels for each edge device. The operating kernel will differ
from device to device due to different runtime improvements. In contrast to mobile CPUs and Intel
VPUs, conv-add is not a concatenation operator on mobile GPUs. Numerous inference frameworks
are also closed-source. The kernel ought to be created for open-source kernels that demand
hardware expertise. Second, creating precise kernel predictors is challenging. The issue may be
resolved using two methodologies, automated kernel discovery and adaptive transmission sampling
[54].

Fourth, Paleo based DNN model. It is currently unclear how to employ parallel and distributed
computing resources to speed up their deployment and training, although various adjustable deep

learning packages have been suggested. Furthermore, the efficiency of contemporary parallel and
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distributed systems varies significantly depending on the neural network design and dataset in issue.
To efficiently explore the universe of adjustable deep learning systems and measure the efficiency

for a particular issue instance, the PALEO analytical performance model is presented.

The computational requirements for building and analyzing a neural network are
declaratively stated in the architecture of the network. From a specific architecture's requirements,
we can match them to a location within the design space of hardware, software, and communication
approaches, PALEO may efficiently and precisely forecast the predicted performance and
scalability of a hypothetical deep learning system. PALEO is unaffected by the choices of hardware,
network architecture, software, and communication protocols, or parallelization strategies. It can

accurately replicate some recently reported DNN scalability findings [42].

The convolutional layer is one of the most often utilized and computationally costly types of
layers in contemporary DNNs. There have been numerous highly efficient implementations as a
result [43][44]. It is simple to derive reasonable FLOPs counts for other kinds of layers. The
selection of the algorithm matrix multiplication depends on the filter size, strides, input size of the
convolutional layers, and memory workspace and is thus problem-specific. It is crucial for PALEO
to make decisions similar to real-world systems in order to produce credible estimations for user-
specific DNNs equivalent to actual executions. PALEO is resilient to changes in network design,
hardware, software, communication protocols, and parallelization techniques resulting in reduction

of inference time.

To choose between these algorithms, existing DNN software frameworks and libraries use two

typical methods:

v Using pre-established heuristics based on offline benchmarks

v Using auto-tuning to experimentally assess available algorithms on the provided specification.

Since auto-tuning depends on platform and software implementations, PALEO by default

employs the first strategy for maximum universality [42].

Fifth, NeuralPower based DNN model. It is a sparse polynomial regression-based layer-by-layer
prediction approach for estimating the serving energy consumption of a DNN deployed on any GPU
platform. NeuralPower provides an accurate prediction for runtime and energy across all layers in

the entire network given the design of a DNN, assisting machine developers in diagnosing the
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power, runtime, or energy bottlenecks. In order to help machine learners, choose an energy-efficient
DNN architecture that better balances energy usage and prediction accuracy, the energy precision
ratio (EPR) metric is assessed. NeuralPower exceeds the most accurate prediction model that has
been released so far, improving prediction accuracy by up to 68.5%.

The accuracy of predictions is assessed at the network level by forecasting the runtime, power,
and energy of state-of-the-art CNN architectures, with average accuracy ratings of 88.24% in
runtime, 88.34% in power, and 97.21% in energy. Neural Power’s effectiveness is a measurement
that affirms it as a solid machine learning framework by putting it to the test on various GPU
systems and Deep Learning software programs [45]. Better estimation is obtained by NeuralPower

model as it involves simpler computations based on the idea of regression.

Some other related work is Blackthorn based DNN model. As deep neural network (DNN)
accelerators and more robust and efficient embedded devices become approachable, machine
learning is turning into a crucial aspect of edge computing. Finding the ideal platform for a
particular application gets harder as the number of these devices increases. Application developers
frequently struggle to find the best affordable DNN and device combo that satisfies accuracy and
latency criteria. Blackthorn (Layer-wise based DNN model) is a layered latency estimation method
for embedded Nvidia GPUs that is based on analytical models. Accurate forecasts for each layer,
assistance for developers in locating bottlenecks, and DNN design optimization for target platforms

are some of its benefits [46].

Many issues with data collection are resolved by selecting the benchmarking websites that
provide the most information to decrease the essential measures. Analytical layer designs based on
characteristic templates are used to increase the generalizability of the estimator while keeping the
sparseness of the underlying dataset. This is also the only technique for producing layer-wise
models by mapping a limited number of characteristics and linear functions to the observed latency
based on the authors' knowledge. With Blackthorn, networks can be evaluated fast, compression
algorithms can be guided to make better use of a platform (including platform-aware pruning), and
network improvements may be foreseen, and their effects predicted network architecture seek
(NAS).

Utilizing vendor-specific inference frameworks, the profiling tool creates estimation models

based on measurement results collected from a platform. The estimation tool uses the derived
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estimate models to forecast the inference time of a network. Blackthorn can save developers time
and money by assisting them in swiftly determining the optimum platform and optimizations for

their use-case [46].

Layer-wise predictors have been proposed that can efficiently aggregate the delays of
individual neural network layers. Blackthorn, while more accurate than proxy, has a distinct

disadvantage: it cannot capture the complexity of multiple layers running on real hardware.

Another related work is COBRA, which analyzed the source code and then extracts the
corresponding network graph and layer implementations. The layer implementations are made up
of little pieces of code that invoke deep learning framework functions. Second, it incorporates each
layer implementation into a representation that is ideal for latency estimation using a transformer
encoder [49]. To learn source code embeddings that are particularly useful for DNN latency
prediction, a novel training approach is suggested for the transformer encoder. These extracted layer
representations are then combined by a GCN that measures the DNN's latency and captures the data

dependencies between function calls.

COBRA is contrasted with BRP-NAS, a predictor built on the GCN that makes use of hand-
crafted layer representations that include the kind of layer, all of the layer's characteristics, and the
measured layer latency [49]. It's interesting to note that COBRA routinely beats GCN-based

predictors that make use of such hand-crafted representations.
COBRA goes through three phases:

 The layer implementations and their call graph are extracted from the code after it has been

interpreted.

* A transformer encoder that incorporates layer implementations into feature vectors one at a

time.

* A GCN that computes an estimate of the defined DNN's latency using both the call sequence

and the layer embeddings
COBRA offers two benefits:

« In contrast to BRP-NAS, it leverages learnt properties rather than custom-made ones to encode

distinct function calls. As a result, adding additional layer types is simple.
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« It produces equivalent performance to BRP-NAS++ without requiring the measured delay of

individual function calls.

In addition, a related work Hardware-adaptive Efficient Latency Predictor (HELP) that models
the device-specific latency estimation issue as a meta-learning problem, allowing developers to
predict the latency of a model's performance for a particular task on an unknown device with a
small number of samples. To do this, innovative hardware embeddings are presented to embed any
devices, treating them as black box functions that output latencies, and meta-learn the hardware-
adaptive latency predictor in a device-dependent way using the hardware embeddings.

Its validity is demonstrated on unidentified platforms, where it outperforms all relevant
baselines and achieves good estimate performance with as low as 10 measurement samples. In
latency-constrained environments, end-to-end NAS is assessed frameworks utilizing HELP versus
ones without it, and the results demonstrate that it significantly decreases the overall time cost of
the fundamental NAS technique [50].

HELP is incredibly flexible and all-encompassing because it can be used with any hardware
platforms and architecture search areas. In order to alleviate its computational constraint and
produce latency-constrained topologies, HELP may also be connected with any NAS framework.
In particular, HELP may complete the full latency-constrained NAS procedure for a new device
very rapidly when combined with quick NAS techniques like MetaD2A [51], OFA [26], and HAT
[52]. Utilizing the latency dataset for a large device pool in the HW-NAS-Bench dataset [53], the
authors evaluated the latency estimate performance of HELP on the NAS-Bench-201 space [48]

with numerous devices from different hardware platforms.

In brief, HELP is a new latency predictor that uses meta-learning to generalize a few-shot
regression model across hardware devices and can estimate the latency of an unknown device using
a small number of observations [50]. With a relatively low overall time cost, HELP achieves

noticeably better latency estimate performance than baselines.

On the other hand, HELP has a drawback, while HELP and the NAS methods perform are
more accurate than LUT-based estimators, the research presented in nn-Meter [54] shows that
existing LPMs (Latency Prediction Models) have difficulty estimating latency when running
inference at runtime that optimizes the model graph. HELP investigates this issue in this paper [50].
For example, frameworks such as TensorRT (TRT) perform kernel auto-tuning and layer and tensor
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fusion to accelerate inference. In other words, some layers and operations can be merged or run in

parallel compared to the sequential execution order set by the model designer.

Last related work is A regression network that is trained on architecture-latency pairings in
combination with a hardware-runtime descriptor called MAPLE-Edge, a variant of MAPLE
designed specifically for edge devices. MAPLE-Edge, a version of MAPLE created exclusively for
edge devices, uses hardware execution descriptors together with architectural and latency
combinations to train regression connections. This cutting-edge delay analyzer is made for
multipurpose hardware. This state-of-the-art latency predictor is built for general-purpose
hardware. With only 10 measurements from an unobserved target device, MAPLE-Edge
outperforms the former state-of-the-art methods on optimized edge device runtimes by up to
+49.6%. This is in comparison to MAPLE, which uses a bigger set of CPU performance counters

to describe the runtime and target device platform [55].

By using a method to normalize performance counters by the operator delay in the observed
hardware-runtime, MAPLE-Edge can generalize across runtimes more successfully than MAPLE
since it provides better when run on devices having a shared runtime. Collecting more samples from
the target device can improve performance for runtimes that don't achieve the requisite precision;

an additional 90 samples result in improvements of about 40% [55] [56].

A hardware-aware regression model known as MAPLE-Edge is capable of reliably
estimating the inference latency of deep neural network architecture on an embedded system that is
not yet visible [55].

When there are several devices, MAPLE Edge produces a 26.08% improvement over HELP
and a 7.65% improvement over MAPLE. When trained on about 800 designs from a single device,
MAPLE-Edge shows very substantial increases for predicting latency, with an average
improvement over HELP and MAPLE of 17.04% and 21.59%, respectively. MAPLE Edge
illustrates that it is feasible to accurately estimate latency on optimized edge runtimes by using
substantially less adaption samples than other methods, opening the door for more effective

architectures for embedded vision to be found via Neural Architecture Search [55] [57].

Hardware gets old and slow by the time of calculating floating points operations. We always
need to predict inference time. Inference time is a very important aspect when training complex

networks and analyzing big quantities of data. We must consider the computational cost.
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It will take time to overcome humans’ ability or just achieve an acceptable level of accuracy.
Inference time plays a prominent role in training models. It is very effective and efficient for
identifying the best network architecture that is possible to implement, determining the best hyper-
parameters for the network, determining the amount of data required for training within the required

cost range.

Prediction of inference latency DNN models is necessary for different cases in which measuring
the latency on real machines is either infeasible or too costly. This is a very challenging problem,
and most existing approaches lack high accuracy of prediction. While some research has been
carried out to predict the inference time of DNN models — most existing techniques assume that
training time is linearly related to the number of FLOPs. We designed and developed a framework
to predict the inference time for deep learning models that is generic to be easily extended for a
large set of devices. Our key idea is decomposing a given model inference into layers and
conducting layer-level prediction. Our experiments demonstrate that this strategy provides

significant benefits in terms of prediction accuracy.

In our work, we propose training deep neural networks based on the features that come from
computational resources such as RAM, CPU, GPU, etc. we propose a framework to predict the
inference time of deep learning models on a CPU device, by summing the inference time prediction
for each layer of a given DNN model. Training our proposed model is done by generating a dataset
of 60000 data points which will be discussed in this paper. Testing the model is done using 13
Benchmarked deep learning architectures. The contributions of our paper include providing a
prediction framework that can deal with non-linearities as well as including previously unseen NN
models or hardware, predicting the inference time by training our proposed model on many features
that can potentially influence the performance of deep learning inference times, and providing
flexibility while reducing the running time needed to train our approach and maximizing the types

of layers.

Further benchmarking of our model on a wider variety of hardware will be helpful, along with
further investigation of a wider variety of appropriate 'features' used for training it. With this
additional work, we will ultimately have a highly flexible model and can generalize across a

wide variety of network models, data sizes, and hardware configurations.
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Latency Estimation in Mobile GPU

Deep neural network-based algorithms can perform well in a wide range of computer vision
applications, including segmentation, object detection, and image recognition [58], [59], among
many others [60], [61]. Numerous applications necessitate real-time computer vision issue
solving at the end devices, including mobile phones, embedded systems, in-car computers, etc.

The hardware, software, and architecture of each of the devices is distinct.

Most often, researchers consider the accuracy FLOPs trade-off while optimizing neural
network architecture. The issue, especially for mobile computing devices, is that the actual
inference time of the employed neural networks can vary greatly from the theoretical. For
instance, in comparison to MobileNet [62], fast and accurate ShuffleNet [63] achieved actual
speedup at Qualcomm Snapdragon 820 processor is more than 1.5 less than theoretical. More
examples can be found on the TensorFlow [64] Lite (TFLite) benchmark comparison [65], which

shows how pervasive the problem is.

Many deep learning applications would like to run on mobile platforms. For most of them, it
1s important to provide accuracy and inference. Although FLOPs are frequently employed as a
proxy for NN latency, they may not always be the ideal option. The researchers employ LUT of
all feasible layers for the calculation of the inference on a mobile CPU in order to get a better
estimate of latency. There aren't many experiments necessary. Unfortunately, this approach

exhibits low accuracy and is not easily usable on a mobile GPU.

Finding a neural network model that is both quick and precise for each target device and
implementation is the key challenge. The task of hand-crafting, an architecture that directly
optimizes the accuracy-latency trade-off for each new device is too expensive and time
consuming, despite the fact that each new device has some valuable differences in inference time

for the same architecture.

Finding a neural network model that is both quick and precise for each machine and
implementation is the key challenge. The task of hand-crafting, an architecture that directly
optimizes the accuracy-latency trade-off for every new machine is very costly and takes so long

time, despite the fact that new machines are different in inference time for the same architecture.
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The potential NAS (automatic neural architecture search area) may hold the answer. A
specific optimization approach is being used in this domain to search for neural network
architecture while maximizing the speed-accuracy trade-off. NAS techniques have already
surpassed manually created systems on a number of tasks, including semantic segmentation,
object detection, and picture categorization [66]. It results in the creation of the unique datasets,
NAS Benchmark 101 [67] and NAS-Benchmark 201 [48], for the purpose of an efficient
automatic architectural search. These files include every cell that might be created using different

numbers (4—7) of blocks.

On those datasets, a number of effective NAS algorithms, including DARTS [68] and a
number of others [69], show efficiency, although they focus on architectural optimization in
terms of FLOPs or server runtime. Instead of the actual performance of architectural search
techniques, our focus is on the proxy used to quantify architecture complexity and inference
time. Once apps prioritize target device speed above the complexity of the number of processes.
In their work on MnasNET, the authors provided (NAS) for architectural search and came up
with evaluations for each recommended model on a portable CPU [48]. Because of this, they
proposed an exceptionally efficient architecture for exploiting mobile devices that did not require
the mobile GPU. In order to directly measure real-world inference time, they developed models
in TensorFlow Lite and ran the model on mobile devices for NAS. This strategy inevitably calls

for doing several actual field tests on the target machinery.

The other approach is used by researchers in Efficient Net-Edge TPU [70]. They created an
excellent simulator of the required machine (the mobile CPU), which can operate concurrently
on conventional clusters but requires a significant amount of technical work. TFLite is used to
implement it as well. The creators of FBNet [27], ChamNet [71], and ProxylessNAS [72] all
adopt a lighter and less expensive methodology. Models in these works were implemented using
a very effective int8 implementation using Caffe2. The lookup table of all blocks was built by the
authors. Next, the total of the individual latencies of the relevant blocks is used to calculate
latency. This method does not necessitate extensive testing on the target devices and is extremely

effective for modeling mobile CPU delay.

Surprisingly, despite the fact that GPU or dedicated NPU are selected for NN latency

(inference), there is relatively few research regarding latency modeling for mobile GPU. The
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authors of MOGA [73] investigated GPU-awareness for the various search spaces and discovered
that, in situations where latency is estimated for all blocks of the equal structure and input form,
the aforementioned lookup table is efficient even on mobile GPUs. In that work, TensorFlow Lite

was used to implement the models.

Because they thought a lookup table technique was inadequate for GPU delay prediction, the
authors of BRP-NAS [47] offered their own solution Graph Convolution Network (GCN),
however no source code or open datasets are provided. On a smartphone without the popular
Snapdragon Neural Processing Engine architecture, they ran experiments (SNPE). According to
the research, layer-wise neural network latency prediction on a portable GPU is affected by LUT

to a very substantial extent.

The field of latency modeling is still in its infancy, and there are no established methods for
estimating the speed or time of neural network inference, particularly on mobile GPU. With the
suggested technique and LETTI pipeline, this research aims to close this gap. The CPU or GPU
architecture, the number of cores and processing units, the memory hierarchy, the bandwidth
between memory levels, and other factors all have a significant impact on latency. Additionally,
it's crucial to tailor the software's implementation to the intended architecture (how to layout data
and perform processing of them). It is worthwhile to draw attention to a crucial point: in addition
to technology, implementation has a significant impact on how quickly neural networks can

predict inferences [74].

There are currently just a few methods for estimating inference time on mobile devices [75].

Every one of them has a strength and a weakness. Generally, they are expressed in Table 1.
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Table 1. Inference Time Estimation Techniques on Mobile Devices Advantages/Disadvantages

Sr. Inference Time
No. Estimation Advantages Disadvantages
Techniques
1 FLOPs v" Simple to calculate. Time requirements for various
v Informs about the quantity of computing operations can vary.
processes, which is obviously related to That is additionally hardware-
latency. and implementation dependent.
Many devices, including the
GPU, have a fairly nonlinear
relationship between inference
time and number of operations.
Because moving data is not
technically a computational
operation, it is not considered at
all even if it takes time and
occasionally is important.

2 Lookup Table e Only a few numbers of experiments are It does not consider model
necessary to reach the whole number of loading on a device or data
potential blocks. transit across blocks.

It can require a lot of inference.

3 Build Simulator | » Provides accurate latency without the Significant technical work is
(target device) need for actual experiments. needed to build a simulator for

» Unlike trials on a mobile device, more each piece of target hardware.
durable. Difficult to use on non-CPU
» It can be executed in parallel on clusters. machines.

4 Direct o Allows for accurate inference time Inference is very different from
measurements  on estimation using a direct approach. different runs, necessitating a
device for each | o It most closely matches the actual user number of tests to obtain a
model experience. reliable estimate.

5 Direct measurement | v/ Requires a timetable of numerous field A model is not accurate as
of models (small tests for even one test gadget. actual measurements.
subset)/construction | v Achieves accurate experimental latency The nn training is insufficiently

prediction model

results that match user experience.

representative of the entire

search space.

42




Deep learning models have demonstrated remarkable success in a myriad of applications,
ranging from image and speech recognition to natural language processing. However, the
proliferation of large-scale deep neural networks has led to significant challenges in deploying
these models on resource-constrained devices, such as mobile phones and edge devices. This
necessitates the exploration of techniques to compress deep learning models without
compromising their predictive performance. The aims and motivations behind the compression
of deep learning models are rooted in addressing the inherent limitations associated with model
size, computational complexity, and memory requirements [258]-[260]. This section provides a
comprehensive overview of the key motivations and objectives driving the research and

development of model compression techniques.
In general, there are three common aims when deciding to use DNN model compression:

1. Deployment on Resource-Constrained devices: Large-scale deep learning models often
demand substantial computational resources and memory, making them unsuitable for
deployment on devices with limited hardware capabilities. Model compression aims to reduce
the size of these models, enabling their efficient deployment on resource-constrained devices,

such as smartphones and Internet of Things (IoT) devices [258].

2. Enhanced interference speed: Compressed models facilitate faster inference times, a critical
factor in real-time applications where quick decision-making is imperative. By reducing the
number of parameters and operations, model compression techniques contribute to improved
inference speed, making deep learning models more practical for time-sensitive applications

[259].

3. Energy-efficient interference: The energy efficiency of deep learning models is paramount,
particularly in applications where devices are powered by batteries or operate in environments
with limited power resources. Model compression aids in the reduction of computational
requirements, leading to energy-efficient inference, thereby extending the operational life of

battery-powered devices [260].

On the other hand, the motivation to utilize DNN model compression is commonly dedicated
to scalability, network bandwidth and latency reduction, and privacy and security. The scalability

of model deployment becomes a pressing concern as deep learning models continue to grow in
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size and complexity. Compression techniques motivate the development of scalable models that
can be deployed across a diverse range of devices, ensuring that advancements in deep learning
are accessible and applicable across various technological landscapes [259]. Transmitting large
neural network models over network connections introduces latency and consumes considerable
bandwidth. Compression addresses these challenges by reducing the size of models, facilitating
faster model transfer and lowering communication costs, which is crucial in distributed systems
and edge computing scenarios [258]. Model compression contributes to privacy and security by
enabling on-device processing. This reduces the need for transmitting sensitive data to external
servers, mitigating privacy concerns associated with data transfer and storage. Additionally,
compressed models are less susceptible to adversarial attacks, enhancing the overall security of

deployed systems [259].
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CHAPTER 3

HARNESSING DEEP LEARNING ON IOT TO CLASSIFY TOMATO
PLANT DISEASES '

Chapter Overview

Finding a way to effectively run the DNN models locally on 10T devices is crucial. In this
chapter, we present an efficient ML-based system to classify tomato plant leaf diseases. Our
system is specifically optimized to run on local IoT device coupled with “NVSMI”. A unique
feature of our system is that it dynamically chooses the most appropriate ML model considering
the tradeoff between inference time, accuracy, memory usage, throughput, and battery
consumption. We demonstrate the efficacy of our approach through a series of experiments using

a real-world dataset.

The timely identification of diseases is essential to the health, quantity, and productivity
of the plants. Hence, a locally designed automated system on an IoT device is required in order
to make the detection process autonomous with the least amount of human involvement. Using
the Plant Village dataset [94], we test the three DNN architectures and calculate accuracy, power
consumption, throughput, memory usage, and inference time. Additionally, we examine the
relationships between these performance indices to gain information into which DNN
architecture would best meet the resource limitations of real-world deployments and applications

[103].

This chapter proposes a novel runtime strategy for DNN model selection on IoT devices
that aims to reduce inference time while still satisfying user needs. In order to choose the best
model to apply at runtime, we use machine learning to automatically create predictors. On the

Nvidia system administration interface [105] referred to as (NVSMI).
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Method Description

Our method relies on a prediction model to determine which of the three trained image
classification models should be used for a specific input given a new, unseen tomato image. Our
prediction models are based on a number of input image features, including the brightness,
contrast, aspect ratio, and number of edges. The input image is sent to the selected model after it
has been selected, and it then tries to classify the image (tomato disease). Finally, the selected

model's classification data are returned as outputs. The use of our prediction models will function

\ 4

} Feature Extraction F‘P Model Selection =" Inference | Labels

Tomato Plant Image
Figure 1. Overview of method

precisely like the use of any other model, with the exception that we have the ability to

dynamically select the best model to employ. Figure 1 depicts the overall process of our method.

Figure 2 shows the three k-Nearest Neighbors (KNN) classification models that make up
our prediction model. Our model receives an image as input, analyzes it for features, makes a

prediction, and then outputs a label indicating which image classification model should be

applied.
KNN1
Input
Image > Model 1?
Features No KNN2
Al - e
Model 2?
l = ‘ ‘ < No KNN3
Keypoints "| ¢ cContrast ) “ ML : Yes \
) - A = Model 32
’ 4 No
Avg_perceived_ Model 2 L ; Yes \ SE—
) Prlghtness : S - All Models Fail
Model 3 3 =

Figure 2. Prediction model architecture includes 3 KNN Models each predicts either use one of the three image
classification models
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A. Model Description

To build our prediction model, we compare a variety of machine learning methods, such
as Decision Trees (DT), Support Vector Machines (SVC), k-Nearest Neighbors (KNNs), and
Convolutional Neural networks (CNNs). While developing an inference model selection method
for an IoT device, two key objectives to consider are rapid execution time and high accuracy. In
our work, we predict the best inference model to use, including MobileNetV2, Googlenet, and

Resnet18.

In Figure 3, we evaluated the efficacy of the various models DT, SVC, KNN, and CNN.
We selected KNN since it has a rapid prediction time (1ms) and the highest accuracy at solving
our challenge. We deployed three different KNN models, each of which makes a prediction about
whether or not to use a single image classifier. Lastly, we selected a collection of image features
(7 features) to represent each image; the feature selection procedure is covered in more detail in

the following section.

73% 2%
68% 68%
I
LR SGB NB SvC DT RF KNN Ada NN

Figure 3. Accuracy comparison of multiple machine learning techniques for constructing our prediction model

Accuracy %'
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B. Criteria Selection

We will explain the procedure we used to decide which DNNss to include in our
prediction model. The first DNN we include is always the one with the highest accuracy in our
training data, or based on other indices such as inference time, throughput, or memory
utilization. As a result, a prediction model is created, with Modell being Googlenet, Model2

being MobileNetV2, and Model3 being Resnet18.

C. Feature Selection

Obtaining the appropriate features to describe the input is one of the crucial components
in creating a good predictor. Edge-based features (more edges result in a more complicated
image), contrast (lower contrast makes it harder to see image content), and other features that
have a major impact on the image were chosen. We choose features based on correlation. We
maintain the other feature and discard the other if any pair of features exhibits high pair wise
correlation. The relevance of each of our remaining features was then assessed. We first trained
and used accuracy to evaluate our prediction model before determining feature relevance. We

considered a total of 7 features, shown in Table 2.

Table 2. The selected features

Feature Description

Area_by perim Area/perimeter of mail object

Edge_length {1-7} A7-bin histogram of edge
lengths

Avg_brightness Average brightness

Key_points Number of key points

Contrast The level of contrast

Hue Histogram of the different hues

Aspect_ratio The aspect ratio of the main
object
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D. Prediction Model Training

We train our model to predict the same for any new, unseen inputs by first determining
which DNN works best for each of our tomato training images. The feature values and associated

optimal model for each tomato image in the training dataset are based on an evaluation criterion.

The candidate DNN models must be used on tomato images that have not yet been seen in
order to assess their performance. To create training data for our prediction model, we use the
approximately 23,000 image Plant Village [94] validation set. The results of each candidate
model's exhaustive execution on the images are then measured, together with the inference time,
power usage, accuracy, throughput, battery usage, and prediction results. Lastly, we create our
entire training dataset by extracting the above feature values from each tomato image and pairing

them with the best classifier for that image.

The training data is utilized to choose the best classification models to use together with their
appropriate hyper-parameters. We employ a conventional supervised learning technique to train
our prediction model because we chose KNN models to build it. The training data utilized in
KNN classification is used to label each point in the model, and during prediction, the model
uses the Euclidian distance to find the K nearest points (example, K=2). The output label is the

one with the most points relative to the prediction point.

Experimental Setup
A. Models and Platforms

We evaluate our approach on (NVIDIA-SMI) NVIDIA System Management Interface
program. Nvidia-SMI (also NVSMI) which monitors and manages NVIDIA GPUs such as Tesla,
Quadro, GRID, and GeForce. It is installed along with the CUDA toolkit and provides us with
meaningful insights. Below Figure 4 is an output of “Nvidia-SMI” command line. The GPU’s is

Tesla T4 with memory usage of 15360 MiB and power capacity of 70 watt.
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'nvidia-smi

Mon Apr 17 13:29:41 2823

+ — - - - — — — —— —

| NVIDIA-SMI 525.85.12  Driver Version: 525.85.12  CUDA Version: 12.8 |

| GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC

I
| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
| | | MIG M. |
I + + I
| 8 Tesla T4 0ff | 00GOGOAD:00:04.8 Off | @ |
| N/A  46C P8 W /78w | @MiB / 1536@MiB | @% Default |
I I I N/A |
+ - == = — - - == o - == 4
+ - - - - - - - - - - 1
| Processes: |
| GPU GI (I PID Type Process name GPU Memory |
| ID 1ID Usage |
I I
| Mo running processes found |
A 2 i i s o i s : m s i

Figure 4. Tabular output from the nvidia-smi command showing details of the NVIDIA Tesla T4 GPU

For System Software, we use TensorFlow v.2.12.0, CUDA (v12.0), Pytorch V. 2.0.0+cul18.
Our prediction model is implemented using the Python scikit-learn package. Three trained DNN
models for image classification from the TensorFlow-Slim library are considered when
discussing deep learning models. The models are created with TensorFlow and trained using
images of tomato diseases. The ResNet-18 model has 68 layers, 11.181,.642 total parameters,
11.181.642 trainable parameters, 0.57 MB input size, 62.79 MB Forward/backward pass size,
and 42.65 MB parameters size. GoogleNet model has 196 layers, 5.610.154 total parameters,
5.610.154 trainable parameters, 0.57 MB input size, 94.10 MB Forward/backward pass size, and
21.40 parameters size. Mobilenetv2 has 158 layers, 3.504.872 total parameters, 3.504.872
trainable parameters, 0.57 MB input size, 152.87 MB Forward/backward pass size, 13.37 MB

parameters size.

B. Models Evaluation

On the Plant Village validation set [94], we analyze our prediction model using 10-fold cross-
validation. To be more precise, we divide the 27,500 validation tomato images into 10 sets of
equal size, each of which has 2750 images. The remaining nine sets are used as training data, and

we keep one set for evaluating our prediction model. Each of the 10 sets is used only once as the
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testing data in this process, which is repeated ten times (folds). A machine-learning model's

capacity for generalization is assessed using this accepted methodology. We assess our strategy

using the following parameters:

» Accuracy is the percentage of tomato images with accurate labels to all the test images and

greater accuracy is better.

* Inference time is the time between an input and an output produced by a model, including

our prediction model overhead and smaller is better.

* Battery usage is the power consumed by a model to draw conclusions. This also covers our

prediction model's energy usage according to our method. The static power consumed by the

hardware when the system is not in use is subtracted.

Results

A. Model Performance

100 A

80 4

60 1

Accuracy (%)

40 A

20

Resnet GooglLeNet MobileNet Ours

Figure 5. Accuracy and our approach performance against individual models

Figure 5 contrasts the accuracy level attained using each model. We also demonstrate the
greatest accuracy attainable for model selection provided by an optimum combination predictor.
It should be noted that there are situations in which all DNNss fail, therefore it does not provide

100% accuracy. Yet not all DNNs are equally ineffective; for example, ResNet can classify some
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tomato photos that MobileNet cannot. Thus, our approach surpasses all individual inference
models by successfully utilizing several models. Despite the fact that we trained with high
overall accuracy, this result demonstrates how our strategy can increase each model's inference

accuracy.

Inference Time (ms)

Resnet GooglLeNet MobileNet Ours

Figure 6. Inference time and our approach performance against individual models

Figure 6 illustrates how our approach and several DNN models compare in terms of
inference time. Resnet is the least accurate but the fastest inferencing model, beating both
MobileNet and Googlenet, respectively. Our prediction model is faster than Resnet on its own.
Feature extraction is where our prediction model involves most of its overhead. Our method's
average inference time is less than one second, which is a little bit longer than MobileNet’ s
average inference time of 0.7 seconds. The most precise inference model in our model set,
Resnet, is slower than our method. Given that our strategy can greatly increase Mobilenet's

prediction accuracy, we think our prediction model's moderate cost is reasonable.
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Figure 7. Memory usage and our approach performance against individual models

Figure 7 illustrates how our method and several DNN models use memory. Compared to
Googlenet and Resnet, respectively, Mobilenet requires less storage but is less accurate. Our
prediction model requires less storage than Resnet on its own. Given that our approach can

greatly reduce the amount of RAM used.
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Figure 8. Throughput (No.of. Images/s) and our approach performance against individual models




Figure 8 shows that our approach outperforms individual DNN models in other evaluation
metrics. Specifically, our approach gives the highest overall throughput, which in turn leads. In

our approach, the selected model will always be the one with the highest throughput.

B. Comparable Models for Prediction Model

The next three Figures 9, 10, and 11 demonstrate how well various methods for building the
prediction model worked. Predicting which of the inference models—MobileNet, Googlenet, and
ResNet—to utilize in this situation is the learning task. In addition to K-Nearest Neighbor
(KNN), we also consider Naive Bayes (NB), Decision Trees (DT), Random Forest (RF), and
Support Vector Machines (SVM), as well as Logistic Regression (LR) and AdaBoost (Ada).

To create the prediction model, we employ a neural network structure that is intended for
embedded inference. We use the same training examples to train all of the models. The KNN,
DT, and SVM feature sets are also utilized. We optimize the training parameters for the NN using
a hyper-parameter tuner, and we train the model for more than 200 epochs. In all instances of
various sorts of priority, our chosen KNN model has superior accuracy that is comparable to the
DT and the SVM, as well as another model. Our general approach to feature selection and model
selection is still valid even if the optimum method changes when the application domain and

training data size change.
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90% 80%79% 78%
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Figure 9. Comparable modeling techniques for Prediction Model (Priority is Accuracy)
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Figure 10. Comparable modeling techniques for Prediction Model (Priority is Inference Time)
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Figure 11. Comparable modeling techniques for Prediction Model (Priority is Memory Usage)

C. Importance of Features

We discuss the process we used to choose the features that would be used to represent each
image in our prediction model in the third section, part c. Below, in Figure 12 and Figure 13 we
highlight the significance of each of the seven features we looked at in Table 7. It is evident from
observation that the seven features we kept are the most crucial; the significance of features

dramatically decreases at feature #7 (level of contrast).
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Figure 12. Features Correlation against different indices when priority (accuracy, inference time)
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D. Impact of Feature Sizes

In the next Figure 14 and Figure 15, we demonstrate how changing the number of features
we use has an effect on prediction model accuracy. Accuracy dramatically changes when the
number of features is reduced. It is evident that the overhead increases significantly as the feature
number increases, but, interestingly, accuracy also slightly decreases. This leads us to the

conclusion that using six features is the best size when priority is accuracy or memory usage.

Impact of feature sizes ON ACCURACY OF KNN
MODEL (Priority is Memory Usage)

Accuracy %

= MobileNet ™ GooglLeNet

Figure 14. Feature size and accuracy impact when priority is accuracy

Impact of feature sizes ON ACCURACY OF KNN
MODEL (Priority is accuracy)

Accuracy %

¥ MobileNet ™ GoogLeNet © Resnet

Figure 15. Feature size and accuracy impact when priority is memory usage

The accuracy of the prediction model is demonstrated in the following Figure 16 by showing
how it is impacted by the number of features we employ. When inference time being the priority,

this leads us to the conclusion that employing seven features is the best size of feature.
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Impact of feature sizes ON ACCURACY OF KNN
MODEL (Priority is Inference Time )

Accuracy %

#7

¥ MobileNet ™ GooglLeNet " Resnet

Figure 16. Feature size and accuracy impact when priority is inference time

Chapter Summary

In a few years, we will have billions of connected devices installed in homes, cities, cars,
and businesses around the world. User and device environments interact with resource-
constrained devices. To interpret the behavior in sensor data, make accurate predictions, and
make judgments, many of these devices rely on machine learning models. The number of
connected devices that can block the network will become a bottleneck. Therefore, machine
learning techniques are needed to integrate intelligence into end devices. Using machine learning
on these edge devices can reduce network congestion by being able to perform computations
close to the data source. In addition, servers and other powerful computers have traditionally
been the only platforms used for machine learning. But with advances in chip technology, we
now have portable libraries that can fit in our pockets. Therefore, due to the current
advancements in processing power, energy storage, and storage capacity of these devices, the
opportunity to gain significant benefits from machine learning on Internet of Things (IoT)
devices has emerged. Implementing machine learning inference on edge devices holds great
potential but is still in its infancy. With the rapid development of IoT and Al research efforts to
fully realize Edge ML will increase in the coming decades. This study provides a detailed
assessment of the past, present, and future of the Edge ML literature. Additionally, caching
difficulties and best practices for Edge ML training are clearly discussed. Additionally, Edge ML

computational latency for designing realistic and responsive applications is studied. In this
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chapter, an innovative method for dynamically choosing the best deep learning model between
three CNN models for an IoT device is provided. In terms of accuracy, inference time, and
energy usage, our method offers a significant advantage over individual deep learning models.
Our strategy relies on designing a Machine learning based system to classify tomato plant leaf
diseases running with higher speed and lower power consumption; and depending on the model
input and the required level of precision that is running locally on IoT device. A number of input
features that are tuned and chosen by our automated approach form the basis of the prediction.
Using the Plant Village validation dataset, we applied our method to the tomato image
classification task and assessed it on the Nvidia system administration interface referred to as

(NVSMI).
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CHAPTER 4

INFERENCE TIME PREDICTION OF DEEP LEARNING ARCHITECTURES FOR
PLANT DISEASES CLASSIFICATION *

Chapter Overview

Prediction of inference latency DNN models is necessary for many tasks where measuring the
latency on real devices is either infeasible or too costly. Due to the large diversity among the
computing devices that these models may run on, we need to choose between the appropriate
device based on cost and performance. Furthermore, finding the suitable optimal device for a given
project is a complex process that needs significant time and resources. Prediction of inference
latency DNN models is necessary for many tasks where measuring the latency on real devices is
either infeasible or too costly. This is a very challenging problem, and most existing approaches
fail to achieve high accuracy of prediction. This paper designs and develops a framework to predict
the inference time for deep learning models and is generic to be easily extended for a large set of
devices. Our key idea is decomposing a given model inference into layers and conducting layer-
level prediction. Our experiments demonstrate that this strategy provides significant benefits in

terms of prediction accuracy.

2 This chapter partially appears as:
Algahtani, Ola et al., “A Layer Decomposition Approach to Inference Time Prediction of Deep Learning Architectures ,
ICMLA by 21* IEEE
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Proposed Solution (System Design)

In this section, we describe the overall architecture of our system and the datasets used.
Figure 17 illustrates the system architecture. It shows the components to realize the accurate
latency prediction for a DNN model. The idea is to train an FFNN (Feedforward neural network)

to predict the inference time of different deep learning architectures.

For training our approach, we generated convolutional layers with random features on one [8]
[2] [15] hardware device for ease. However, this approach can be generalized to any hardware by
adding hardware features to the training data such as (clock speed, frequency of FLOPS, ...). It
can be performed either by only forward propagation or full cycle. Training data features and

model design are mentioned in the next sections.

For testing our approach, we used 12 DNN model architectures unseen in the training data
and pretrained them on the ImageNet dataset [16]. Then, we fine-tuned the models on the plant
village dataset [17]. The dataset includes classes with over 87,000 images. We benchmarked
these models on our hardware like in [18]. These architectures will be split into layers and each

layer will be an input to our prediction DNN Model.
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Figure 17. System Architecture

Layer-by-Layer Level Prediction
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Training Data Features

In this section, we define the features which can influence the inference time of deep
learning models. There can be multiple hardware and layer-specific features. Here, we will show
some of these features. Notice that lots of secondary features can be defined based on these core
features. Our approach has got very good results by only working with convolutional layers as

it’s the main contributor to the inference time.

A. Layers Features
These relate to features regarding a particular layer within the neural network, and all these
features can be encoded in the feature set by one-hot encoding. Some of them are the activation
function, optimizer, and batch sizes. Activation functions features can include ReL U, leaky
ReLU, softmax, sigmoid, and None. Then, optimizer features that can be used for updating the
weight of neural network models, and this can include Adam, SGD, Adadelta, Adagrad, RMS
prop, and None. Lastly, batch Size that represents the number of data that gets processed together

through the neural network.

B. Layer Specific Features

There are lots of layers in a deep learning model (convolutional layers, pooling layers, fully

connected layers, etc.). we will show some of them in the following list:

1) Convolutional layer features: There are many convolutional layer features such as kernel
Size, matrix size, strides, padding, input channels, and output channel. Kernel size is the size of
filters applied to processed data. Matrix Size is the size of the input image. Strides are the size of
strides to be used with kernels. Padding is the size of padding applied to processed data. Input
Channels are the number of input channels to a conv layer. Output Channels are the number of

output channels from a conv layer.

2) Pooling layer features: Kernel Size is the size of the pooling kernel. Stride Size is the size of

the stride with the kernel. Input Padding is the size of added padding to processed data.

3) Fully connected layer features: A few inputs are the number of outputs from the previous
layer as all layers are fully connected. Several neurons are the number of outputs of the layer

within this layer.
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Main parameters for predicting the inference time for DNNs:

In order to predict inference time for a DNN with desired quality accuracy, the correct
choice of parameters is critical. Many deep learning applications require low inference latency,
which must be within the parameters set by service level objectives. To achieve service level
goals, the inference application developer must design or choose neural networks (NNs). But
often application developers cannot determine the inference latency of the application until the
NN has been deployed on the inference service system. Numerous variables such as network

architecture, software environment, and hardware platform can affect inference latency.

Here we discuss inference time prediction for a DNNs. Many methods for predicting
DNN latency have been proposed. The most advanced of these is probably the GCN-based
predictor (graph convolutional network) currently proposed for BRP-NAS [22]. From the
network graph representation of DNN, it is necessary to use GCN to predict its latency.
Individual network levels are used as vertices of the graph, and edges represent the flow of data
between these levels. A feature vector or layer representation identifies each vertex. How to
create an efficient hierarchical representation containing enough data to predict the latency of
real-world DNN architectures is a major challenge. For example, BRP-NAS uses network layer
type one-hot encoding. This extremely simple technique is effectively complemented by the
unique collection of DNN architectures contained in the NAS Bench 201 dataset [21]. In general,
however, the parameters of a layer, such as the shape of the input and output tensors, and the
layer type affect the latency of a single network layer and thus the entire DNN. As a result, more

realistic DNN designs do not generalize well to such layer representations.

Here we define parameters that may affect execution time predictions when performing training.
We divide these parameters into layer parameters, layer-specific parameters, implementation
parameters, and hardware parameters. Each of these categories can contain an almost infinite list
of parameters. As such we outline here a core subset of those parameters but argue that other

features could easily be added.

A) Layer parameters refer to the parameters of all layers within the neural network and the

hyperparameters associated with those layers. These include but are not limited to:
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The activation function is applied to a single neuron. These can include ReLU, softmax, sigmoid,
tanh, and none. They can be encoded into parameter sets using one-hot encoding. Second, the
optimizer, which is a key element in the learning process of an ML model. Since the main goal of
an ML model is to reach the minimum of the loss function, to locate the minimum within the loss
function range the optimizer is used. This is where the optimizer comes into play. It defines how
to tune the parameters to approach the minimum value. These may include gradient descent,
RMS Prop, Adagrad, Adam, Momentum, and Adadelta. These optimizers can be encoded into
parameter sets using one-hot encoding. Third, batch size is a very important parameter here since
it represents the number of training samples which are processed together as part of the same
batch. It should be stated that each individual layer within the network may hold different values

for these parameters. As each layer is predicted independently this is not a problem.

B) Layer specific parameters, here we will discuss parameters specific to a specific layer

type in a neural network:

1) MLP parameter (Multi-Layer Perceptron): Since this represents the (fully) connected layer in
the network, we don't only care about how many neurons are in this layer, but also the neurons in
the front and rear layers. First enter the count of layers. Since all layers are fully connected, this
value is actually the number of outputs from the previous layer. Second, the count of neurons in

the layer, that is, the number of outputs of the corresponding layer.
The selected Dens Layer Specific parameters used for predicting inference time are:

['batchsize', 'dim_input', 'dim_output', 'memory_ weights', 'peak performance', 'cores', 'clock’,

Activation Function, optimizer].

2) Convolutional parameters: relate to those parameters relevant for convolutional layers within a
network. These include "matrix size", which is of the input data to train on, "kernel size", which
is the filter applied to the image data, and "input depth", which is the count of channels or levels
in the input data , "output depth" is the count of channels or layers in the output data, "stride" is
the step size to be taken by the convolution kernel, and "input padding" is the count of edge
layers that add zeros to the outside of the matrix to allow correct analysis of edge pixels [25].

The selected Convolutional Layer Specific parameters used for predicting inference time are:
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['batchsize','matsize','elements _kernel', 'channels in', 'channels_in', 'kernel size', 'padding’,

'strides', 'use bias', 'memory _in', 'memory_out', Activation Function, optimizer].

3) Pooling parameter: It is a parameter unique to the pooling layer in the network. Parameters
include: 'Kernel Size' of the pooling kernel, 'Stride Size' is the stride of the pooling kernel, 'Input
Padding' is the edge layer matrix of zeros added to the outer to allow correct analysis of edge

pixels.

4) Recurrent parameters: Indicates those parameters that define the RNNs. RNN contains the
same parameters as MLP (Multi-Layer Per Ceptron) i.e., the count of inputs and the count of
neuroses. Additionally, they include: First, "Recurrent types", there are many types of recurrent
that define one-hot encodings for these types, including: default, LSTM, and GRU. Second,
"Bidirectional" is a binary value indicating whether or not the RNN is bidirectional. Additional
parameter sets and individual parameters can be added, but these are considered core parameters

that cover most deep neural networks in use today.

In order to obtain an execution time prediction model for a deep learning network, we
developed our own fully connected feed-forward deep learning network, trained on the set of
parameters defined above and the actual 'training' run of the deep learning network results. Our
neural network architecture consists of m layers with jn neutrons in the nth layer. Each layer is
followed by a dropout layer for the training only, and the last dense layer produces a single
output. To create an accurate deep learning predictor, we evaluated multiple runs of our predictor
using various parameters. Optimization is the process of finding optimal parameters for a model
that significantly reduces the error function. The parameters considered in this optimization
process are m, jn (n € [0, m]), dropout rate, loss function, activation function, and model
optimizer. Activation function (ReLU): An activation function is a simple mathematical function
that transforms a given input into a desired output with a specific range. It is so called because it
activates the neuron when the output reaches the set threshold of the function. Basically, they are
responsible for turning neurons on/off. Neurons receive the sum of input products and randomly

initialized weights, as well as predicting static biases for each layer in the model [25].

An activation function is applied to this sum and produces an output. The activation
function helps applying to this sum and provides an output. The activation function provides

(non-linearity) to allow the DNN to learn complex types in the data, like images of plants.
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Without an activation function, our model works like a linear regression model with small
learning ability. We already mentioned in our answer that activation functions can contain ReL U,
Softmax, Sigmoid, Tanh and None. A linear activation function (ReLU) is a linear function that

outputs immediately if the input is regular, and zero otherwise.

It is the most effective activation function in (CNN). So (ReLU) is more efficient than
Sigmoid or Tanh. If an optimizer like SGD (Stochastic Gradient Descent) is used during
backpropagation, it works like a linear function with positive values, so it becomes easier to
compute the gradient. This near-linearity allows property preservation and makes it easier to
optimize linear models using gradient-based algorithms. Additionally, ReLU increases the
sensitivity of the weighted sum, preventing the neuron from becoming saturated (i.e., when there
is little or no output change). Dropout Rate: is a very effective parameter that ignores randomly
selected neurons (nodes) during training. They will be "eliminated" at random. This collaboration
to activate downstream neurons is temporarily eliminated in the forward pass where there is no
weight updates to the neurons in the backward pass. If a neuron drops out of our DNN during
training, other neurons must step in and process the required representation to predict inference-
time for the lost neuron. This causes the network to learn multiple independent internal
representations. Dropout is only used during model training, not when evaluating model skills.
Dropout can be applied in the body of a DNN model. We used a dropout rate of 20% and limited
the weights of these layers. Loss function: to measure the error, we took the contrast of the actual
output and the predicted output. The function we used to measure the error is called the (loss
function) or (cost function). The main focus is the parameter estimation using mean squared error
(MSE). MSE is a very important parameter. It is often used in linear regression as a performance

measure.

Model Optimizer: The optimizer is helpful to update the weights and biases to reduce errors.
for prediction error or loss minimization, the model updates the model's weights parameters as it
learns examples from the training set. These error calculations, when plotted against weights, are
also called cost function plots, as they determine the model's cost. The most important technique

and foundation for our training and optimization of models is the use of gradient descent.

It is used when we plot a cost function to find a way to reach this minimum cost. In this

algorithm, it starts with random model parameters, computes the error for each learning iteration,
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and then upgrades the model parameters to approach the values that provide the minimum cost.
The gradient is measured with respect to each model parameter. The cost function takes the
variable of the number of parameters [1 to n]. (a or alpha), is the learning rate of how fast we

want to approach the minimum. The learning rate we use in the prediction model is equal to 0.01.

There are three ways to perform gradient descent: One is batch gradient descent, which uses
all training samples to upgrade the parameters at each iteration. Second, Mini-Batch GD splits
the training set into smaller sizes called batches. This mini-batch is used to upgrade the model
parameters in each iteration. Third, Stochastic Gradient Descent (SGD), uses only one training
sample per iteration to upgrade parameters. Training instances are usually chosen randomly.
When there are hundreds of thousands or more training examples, (SGD) is often preferred to
optimize the cost function for faster convergence than batch gradient descent. There are other
important optimizers, I'll mention them and talk about the specific optimizer (Adam) we used in

our prediction models.

They are RMSprop, Adagrad, and Adam. 'Adam' is Adaptive Moment Estimation, which is
another method that uses previous gradients to find out the current gradients. Adam also uses the
concept of momentum by adding the number of the previous gradient to the current gradient.
This optimizer is very effective to train DNNs. We did a parametric search of various fully
connected feedforward deep learning networks and identified different depths required for
different problems. Also, using the dropout layer after the last hidden layer, using the ReLU
activation function, and L2 regularization with a regularization constant of 10-5 by each layer of
the network, helps generalization and maximizes the overall accuracy. To emphasize that in the
importance of accurate results in common low-cost operations, we used log mean squared error
(RMSE) in the loss function. To minimize the loss, Adam's decreasing learning rate optimizer is

used.

Ou model allows for deriving the execution time of each layer of the DL model.
Therefore, it is used to predict the influence of arbitrary changes on the model architecture or
parameters such as batch size or optimizer used. Our deep learning predictor approach nicely
demonstrates the different computational time scaling properties of different batch sizes and
different layers. While batch size has little effect on the execution time of fully connected layers,

the execution time of convolutional layers increases greatly with increasing batch size.
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Therefore, for small batches, fully connected layers dominate, while for larger batches,
convolutional layers dominate. While these results show some variation, especially for large
batch sizes, they are helpful to infer the computational complexity of a given model and estimate
the training time for an epoch. Furthermore, it is possible to predict the impact of different
hardware and different model properties, such as, optimizer on the resulting execution time. Let
me discuss some hardware parameters that can be included in predicting the execution time of a
DNNs. Hardware parameters describe the CPU or GPU used and the system on which the GPU
card is located. For example, some available hardware parameters like number of cores are the
number of processing units (core-count), maximum clock speed recorded in Hertz (clock-speed),
hardware memory is the memory available per hardware i.e., per CPU or per GPU, Hardware
Count is the number of CPUs in the system (or GPU), Hardware Memory Bandwidth is recorded
in GB/s, and lastly, hardware peak performance is recorded in GFLOPS that is a result of CPU
clock speed and CPU core count.

From the above considerations it can be concluded that speed, feed, and depth of cut are the
most important parameters. Optimizing these parameters results in a better surface finish. The
use of parametric design techniques is considered to be a successful and efficient method for
optimizing machining parameters, which tends to reduce inference time and increase
productivity. The results of this model can be used to predict the execution time of a full deep
neural network. This allows the model to provide a good basis for making informed decisions
when choosing the appropriate hardware to train the model on or derive predictions from, while

also helping to make informed decisions about model design and layout.

Figure 18 shows the coloration matrix of selected convolutional parameters that we used to
predict the inference time. Also, Figure 19 shows the coloration matrix of selected dense

parameters used to the inference time.
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Figure 18. Coloration Matrix of All Selected convolutional parameters used to predict Inference Time
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Figure 19. Coloration Matrix of All Selected Dense parameters used to predict Inference Time

The following Table 3 shows the correlation between each parameter we discussed above and
the target (inference time). In order to select a highly correlated parameter, the correlation
between the parameter and the inference time is assumed to be greater than (0.01). By this table,
we conclude our answer for this question by defining the main parameters that need to be

included in predicting the execution times for a DNN.
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Table 3. The Coloration between each Parameter and Inference Time

Coloration with Inference
Parameter Time
batchsize 0.292164
matsize 0.286154
kernelsize 0.226384
channels_in 0.0159185
channels_out 0.0249471
padding 0.054595
elements_matrix 0.287445
elements kernel 0.226123
memory_ weights 0.030074
memory_in 0.404868
memory_out 0.378331
act None 0.3316411
act_sigmoid 0.020235
opt ASGD 0.10551
opt Adam 0.1153059
dim_input 0.323868
dim_output 0.318699
bandwidth 0.298580
cores 0.279249

Methodology

Our approach here is to break up each deep learning model into layers and consider layer as
the atomic operation in DNN models. Then, we train an FFNN (Feedforward neural network) on
a large set of layers of random features. By using the time recorded as a target, we test the model
accuracy over benchmarked models to validate our approach. The prediction is done by summing

all the predicted inference times of chosen layers in a DNN architecture. By this approach, we
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can significantly save resources and time, and eliminate the need to test models on hardware to

determine if they will fit a certain application.

A. Model Architecture

To obtain a predictor for our approach, we used the same model architecture used in [18] to
predict the training time of deep learning models. This model has m layers and Jn neurons in layer
n. Each layer is followed by a dropout layer except for the last layer which consists of one neuron

to produce the predicted inference time.

To obtain an accurate deep learning predictor, we evaluated numerous runs of our model with
different parameters. The parameters considered during the optimization process included dropout

rate, loss function, and the model optimizer.

B. Model Prediction

After training the model as discussed, we need to split the benchmarking models into layers to
produce output. Then, we use the convolutional layers as an input to our model, and sum over all

the layer inference times to get the inference time for the whole model:

Ti

ﬂ
Il
I

[TER 2]

Where “N” is the total number of layers, “i” is the count of the current layer, “7i” is the

predicted inference time of “i” the layer, and “T” is the total predicted inference time for a model.

Experimental Setup

The CPU features are an 11th Generation Intel(R) Core i5 device, 4 cores, 8 logical
processors, and 8 GB of RAM. Multiple platforms can be worked with such as (CPU, GPU,
TPU, VPU), but for the sake of simplicity, we went with CPU only.

A. Test Case: Fully Connected Layer

To evaluate our deep learning predictor for fully connected layers we used the implementation

torch.nn.Linear to generate fully connected layers. We tested 30,000 of the possible parameter
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combinations. Our batch sizes are in the range of 1 to 64, input and output dimensions in the

range of 1 to 4096.

B. Test Case: Convolutional Neural Layer
To consider the convolutional layer, we used a torch. Conv2d layers with features in ranges
of 1 to 64 batch size, 1x1 up to 512x512 matrix size, etc in the process of testing the model, and

as a part of the generated model. Then, we predict the time used for each convolutional layer.

C. Data Collection and Preparation

Features sets were randomly selected with no independence on the previous choice. For each
feature, we performed two benchmark runs and used the median of used time as input to our
model. The data was split into (80%) training data, (10%) validation data, and (10%) testing data.
We can see in Figure 20, the data distribution in case of backpropagation or no backpropagation
between the number of operations for a layer on the “x” axis and time recorded for inferring this

(Y

layer on the “y” axis.
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Figure 20. Data Distribution in Case of Backpropagation or No Backpropagation

Minimum requirements in terms of hardware and software to achieve the results in a reasonable
amount of time and resources:

Hardware
This section describes the hardware features used to predict the inference time for deep
neural networks. Despite the high financial cost of training deep learning networks, little

research has been done on predicting execution time and choosing the best hardware.
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In order to find the suitable hardware for inference time prediction for DNNSs. It depends on
the operations we want to perform, which in turn depends on the size and the datasets we'll
mostly be working with. Let's take a look at the CPU first. However, GPUs are what deep
learning is all about. After all, the deep learning "ImageNet moment" is based on an introduction
by Alex [23]. Training convolutional neural networks like AlexNet on GPUs are more efficient
than on plain old CPUs. Older CPU hardware has very long execution times and larger absolute
deviations in predictions. A suitable CPU makes a big change, mostly in training that inherits
from good multithreading, e.g., running multiple physics simulations for reinforcement learning
can achieve optimal performance while ensuring cost-effectiveness.

The inference performance directly affects the results. This means it is critical to carefully
analyze the hardware parameters that affect model performance and make sure that the selected
hardware is suitable for performance targets. Depending on performance targets, we consider
different hardware parameters when finding the hardware such as memory, clock speed, memory
bandwidth, core count, and peak performance. We will explain the two examples below to
illustrate this relationship. If the performance goal is to minimize latency, then we need to
consider memory when choosing hardware because memory is not a bottleneck, we can choose
cheaper hardware and reduce costs. If maximizing throughput is the performance goal, then the
hardware must be able to support high memory bandwidth to handle large batches [24].

Starting from the model and the resources required by the hardware; we definitely realize
which hardware can best process the data at a given time. For example, let's check the latency
performance of (ResNet-50) on a number of the hardware. When using the hardware (Skylake
int8 CPU), the inference time is (116ms), but when using a (2080TI TRT16), the inference time
is (1.27ms). This is a very big difference in performance [24]. On a GPU or CPU device, the
inference time (latency) of a model depends on the ability to work with large batches. The reason
is that running the same model on varied hardware provides a range of throughput performance,
it is essential to realize whether the hardware you choose can support the needed target and
performance. Our approach is aimed to match the computation resources limitations of the
hardware to provide good accuracy and avoid any failure during running the model.

Our CPU power is an 11th Gen Intel(R) Core i5 - Device, 4 cores, 8 logical processors, and 8
GB RAM. It can be used with multiple platforms such as (CPU, GPU, TPU, and VPU), but for

simplicity, we have chosen only CPU. Related work [25] made a comparison of performance of
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predicted execution times for different hardware by using five different NVIDIA Tesla GPU
cards (V100, P100, M60, K80, K40). Each has a different clock, memory, cores, and memory
bandwidth features. V100 has 1455 MH, clock, 16 GB memory, 5120 cores, and 900 GB/s
memory bandwidth. P100 has 1303 MH, clock, 16 GB memory, 3584 cores, and 732 GB/s
memory bandwidth. M60 has 1178 MH, clock, 16 GB memory, 4096 cores, and 320 GB/s
memory bandwidth. K80 has 875 MH, clock, 12 GB memory, 2496 cores, and 240 GB/s
memory bandwidth. K40 has 875 MH, clock, 12 GB memory, 2880 cores, and 288 GB/s
memory bandwidth. For this approach evaluation [25], the model was trained on these individual
GPU cards as well as on a combined set of GPU cards. The measured time and predicted time for
convolutions in (Tesla V100), the RMSE is 1.86 ms. In (Tesla P100), the RMSE is (3.50 ms). In
(Tesla M60), the RMSE is (9.07 ms). In (Tesla K80), the RMSE is (8.12 ms). In (Tesla K40), the
RMSE is (12.73 ms).

In the following Table 4, we show the hardware requirements that we used in our inference
time prediction model for a DNN that performed 2.98 ms of predicted time for convolutions
versus measured time.

Table 4. Lenovo ThinkPad L14 Gen 2

Feature Specification
Processing (CPU) 11th Gen Intel(R) Core i5 - Device, 4 cores, 8 logical processors (2.40GHz)
Memory 8 GB DDR4-3200MHz
Hard Drives 256 GB SSD M.2 2280 PCIe TLC Opal
Display 14" FHD (1920 x 1080),4K 282ppi IPS LCD glossy
Graphics (GPU) NVIDIA GTX 1050 GPU with 4GB RAM
Software

This section describes the software features that have been used in predicting inference
time of DNNs. We implemented a benchmark framework for DNN comparison in Python. We
used PyTorch package for NNs processing with cuDNN-v5.1 and CUDA-v9.0 as backend. All
code used to estimate hypothetical performance metrics, and all considered DNN models are
written in Python. All pre-trained models expect the input image to be normalized in the same

way, i.e., mini-stack of RGB images of the form 3 x H x W, where H and W are expected to be
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(330) pixels for the NASNet-A-Large model; - (220) pixels for InceptionResNet-v2, and (223)
pixels for all other models. For testing our approach, we used 12 DNN model architectures
unseen in the training data and pretrained them on the ImageNet dataset. We will briefly describe
the analyzed 12 model architectures. We have chosen different architectures; some are designed
to be more effective, and others are more efficient and therefore better suited for certain
applications. The model architectures are Bninception, Cafferesent101, Mobilnet v2,
Densenetl121, Densenet161, Densenet201, Dpn68, Googlenet, and Nasnetamobile. Resnet34,
Resnet18, and Resnet50. In some cases, the name of the schema is followed by a number. Such
numbers indicate the number of convolutional layers or fully connected layers that are containing
the parameters to be learned such as:

1. Alex Net; VGG architecture family (VGG-11, -13, -16, and 19), with and without batch
normalization (BN) layers.

2. BN-Inception, GoogleNet, ResNet34, DenseNet-121 and -201 have a growth rate of 32, and
DenseNet-161 has a growth rate of 48.

3. ResNet50 (32x4d) and ResNet18 (64x4d), where the numbers in parentheses indicate the
number of groups and the bottleneck width of each convolutional layer, respectively.

In addition, we also consider the following efficiency-oriented models, such as
MobileNet-v2. In the result section below, we found the average inference time per frame over
10 runs for the 12 DNN models considered. In our approach, we used 7 batch sizes on our device
(CPU) equal to 1, 3, 6, 12, 24, 48 and 96. Inference time is measured in milliseconds, and the
entries in Table 1 are color-coded for easy conversion to frames per second (FPS). We found that
the mobilenet v2 architecture can achieve hyper-real-time performance (0.12 ms) on our CPU
when the batch size is 3. Other models achieve the lowest real-time performance under the same
batch size 3. Namely: densenet121, desnet34, densenet201, cafferesnet101, and densenet161.

This DNN prediction approach illustrates different computation time scaling performances for
different batch sizes and different layers. In our paper, we show that we created a deep learning
model that can outperform classical methods by predicting inference time. By summing the
inference time of the deep learning architecture layer by layer and treating each layer as an
atomic operation of the model. Our method can be generalized to include more hardware and
software features. This is time and money-consuming and extends the time-to-market for many

products that use deep learning for each task.
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The following Table 5 shows the software requirements that we used in our inference time

prediction model for a DNN.

Table 5. Software Requirements

Version
Written in
Software Platform Cost Algorithms or Features
language
0.20
Classification
Regression
Scikit Linux, Mac OS, Free Python, Cython, C,||Clustering
Learn Windows |IC++ Preprocessing
Model Selection
Dimensionality reduction.
1.9.0
Linux, Mac OS Python, C++ Autograd Module
PyTorch ’ ’ F ! ’ im M I
yTorc Windows ree CUDA Optim Module
nn Module
Version
Linux, Mac OS, Python, C++, Provides a library for dataflow )
TensorFlow|| Free .
Windows CUDA programming
. 2.3.0
Keras.io Cross-platform Free ||Python API for neural networks
2.1.0
Mac OS, Supports libraries of PyTorch, Keras,
A d F Python, C
haconda Windows ree Fython TensorFlow, and OpenCV
2.7
Linux, Mac OS, Supports libraries of PyTorch, Keras,
Pyth F C
ython Windows ree TensorFlow, and OpenCV
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Results
A. Model Architecture Inference Time

Here we find the Average per image inference time over 10 runs for the 12 DNN models
considered. They are reported in Table 6. We used 7 batch sizes equal to 1, 3, 6, 12, 24, 48, and
96 on our device (CPU). Inference time is measured in milliseconds and the entries in Table 5
are color-coded to easily convert them in frames per second (FPS). From the table provided, the
architecture mobilenet v2 can achieve super real-time performances (0.12 ms) on our CPU,
when a batch size of 3 is considered. Other models achieved the lowest real-time performances
with the same batch size 3, namely: densenet121, desnet34, densenet201, cafferesnet101, and

densenet161.

Table 6. Inference Time Per Image Vs. Batch Size of our CPU

Bninception 0.35 024 020 032
: : 150
Cafferesnet101 il 02 Biks
Mobdenet_v2 1.50
Densenot121
165
Densenet16 120
Z Densenat201
2 Oprss
050
Googlenet
Nasnetamobile I 0.60
Resnet50
1
Resnot18 0.30

Resnot34 JE 068 029
1 3 6 2 24 48 %%
Batch size

B. Best DNN at Given Time

Table 7 shows the best DNN architectures in terms of inference time. This analysis is done for
our device (CPU). The high-quality model was obtained with the lowest inference time shown in
Table 7. Mobilenet v2 was the Top 1 model where the inference time was (0.12 ms). Then,
resnet34 was the fifth model with an inference time of (0.288 ms). Also, Googlenet ranked

average among the top five deep networks.
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Table 7. Inference Time with Top 5 Models

N. Architecture Models Inference time (ms)
| Mobilenet v2 0.119
2 Resnet18 0.150
3 Googlenet 0.171
4 Bninception 0.201
3 Resnet34 (.288
C. Estimating Inference Time for Convolutional and Fully Connected Layers

In this section, we show the results of training our model using the features we defined
above. We explained that our approach uses CPU and can be easily generalized to any hardware

and any type of layer.

Here we train a predictor deep learning model with architecture as stated above in the model
section. Then, we generate predictions of inference time for fully connected layers implemented

using the TensorFlow framework and hardware specifications as mentioned above.

Figure 21 shows the RMSE and number of FLOPS when predicting CPU performance using
models with different numbers of hidden layers. We can notice that there is an inverse
relationship between RMSE and number of FLOPS with several hidden layers. The 6-layer has
the lowest RMSE and the highest number of FLOPS. However, the benefits to the 4-layer
network are negligible when compared to the increased training time. Following these results, we
use four hidden layer neural networks to predict CPU performance for less computational

complexity and less RMSE.

5.76 ms 359,391

3.33 ms 2.96ms 2.96 291 ms 2.87ms

Number of Hidden layers

EmRSMEms ===No. of Flops

Figure 21. RMSE of Inference Time Predictions and Number of FLOPS for Convolutional Layers on CPU Using Models with
Different Numbers of Hidden Layers
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Figure 22 shows the result of using a deep learning predictor to predict the inference time of
the feedforward path. Figure 23 shows the result of a linear regressor [19]. The linear regressor
clearly cannot capture the complexity of the model and produces a large amount of inaccuracy
(RMSE 9.3 ms). In contrast, deep learning predictors provide consistent predictions compared to
the actual measured time (RMSE 2.98 ms). This suggests that deep learning-based predictors are
much better to use in such cases. This is probably the result of the linear regressor not being able

to explain the non-linear relationship between the feature and the inference time.

predicted time (ms)
= N w B (9] [9)]
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0 10 20 30 40 50 60

measured time (ms)

Figure 22. Predicted Inference Time for Convolutions on CPU Versus the Measured Time for the Deep Neural Network Model of
a Forward Pass Only (RMSE 2.98 ms)

predicted time (ms)

0 0
measured time (ms)

Figure 23. Predicted Inference Time for Convolutions on CPU Versus the Measured Time for Linear Regression Model for a
Forward Pass Only (RMSE 9.3 ms)

Our work designs and develops an inference time prediction framework for deep learning
models that is general and easily scalable to a large number of devices. Our key idea is to
decompose a given model inference into layers and perform hierarchical predictions. Our
experiments show that this strategy has a significant advantage in prediction accuracy. Compared
to linear methods, this has the advantage that more complex situations can be simulated. But it is

also able to predict inference time for cases not seen in the training data.
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In our approach, we propose to train deep neural networks using parameters from
computing resources such as RAM, CPU, etc. Here, we propose a framework to predict the
inference time of deep learning models on CPU devices by performing inference time prediction
for each layer of a given DNN model. Our proposed model is trained by generating a dataset of
60,000 data points, which is discussed in our article. The model is evaluated against 13
benchmark deep learning architectures.

In this approach, we train DNN to predict the inference time of the DL network parts.
These individual parts of time can then be provided predictions for the entire model. The
approach reduces computation time while maximizing the types of layers we can predict using
atomic operations. To train our method, we generate convolutional layers with random
parameters on our hardware device for convenience. However, our method can be generalized to
any hardware by adding hardware parameters to the training data, e.g., (clock frequency, FLOPS
frequency). It can be done by just forward propagation or the full cycle. Therefore, the method
we propose can make decisions when choosing the appropriate hardware to train or derive the
model and help with model design decisions. We have a highly flexible model that generalizes to
various network models, data sizes, and hardware configurations. Our method produces
incredibly good results by using only convolutional layers, as this is the main contributor to
inference time.

Our approach here is to divide any deep learning model into layers and treat layers as
atomic operations in a DNN model. Then we train an FFNN (feedforward neural network) on a
large number of random parameters layers. Using the recorded time as the target, we test the
reliability of our model versus the benchmark model to validate our method. Prediction is done
by summing all predicted inference times for selected layers in the DNN architecture. This
approach allows us to save a lot of resources and time and eliminates the need to evaluate models

on hardware to determine if they are suitable for a particular application.
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Chapter Summary

While highly desirable, latency prediction is also expensive. Due to the varied models
inference latency brought on by the runtime optimizations on different edge devices, it is highly
difficult and current techniques are unable to attain a high level of prediction accuracy. This
chapter reviews the possible challenges involved in the prediction of latency. Further, it
comprehensively discusses the various DNN models that don’t only reduce the inference time
but also predict it accurately. It is found from this chapter that inference time is dependent upon
the computational complexity, data size, and features. Accuracy is reciprocal of inference time.
Computational complex models and large number of features reduce the inference time. Also,
here we discussed here the strengths and weaknesses of various deep neural network models for
latency prediction, various real-world application domains where latency played a crucial role,
and the limitations and challenges of current methods for latency predicting in Deep Neural
Networks (DNNs) in real-world applications. The resolution of these limitations would be the
possible future directions in latency prediction. We demonstrated that we created a deep learning
model that can outperform the classical approaches by predicting inference time. By summing
the inference time layer by layer for deep learning architectures and think of each layer as the
atomic operation of a model. This approach can be generalized more to include more hardware
and software features. This will save lots of time and money and will increase the time to market

many products that are using deep learning for any task.
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CHAPTER 5

MODEL COMPRESSION FOR EFFICIENT DEEP NEURAL NETWORKS BASED ON
PLANT DISEASE CLASSIFICATION

Chapter Overview

Presently, due to the expeditious advancement of deep learning, deep neural networks (DNNSs)
have been extensively utilized in diverse computer vision endeavors. Nevertheless, in the quest for
improved performance, sophisticated deep neural network (DNN) models have grown increasingly
intricate, resulting in a substantial consumption of memory and significant computational
requirements. Consequently, the use of these models in real-time scenarios poses challenges. In
order to tackle these concerns, the research community has directed its attention into the field of
model DNN compression. In addition, the utilization of model compression approaches holds
significant importance in the deployment of models on edge devices. This chapter conducted a
diverse technique for model compression with the aim of aiding researchers in the reduction of
device storage capacity, acceleration of model inference, simplification of model complexity and
training expenses, and enhancement of model deployment. Therefore, this chapter provides the
latest advancements in model compression methods. These methods encompass model pruning,
parameter quantization, low-rank decomposition, knowledge distillation, and lightweight model
design. Furthermore, we evaluated the beforementioned approaches of DNN compression on our

classification models and analyzed the obtained results.
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Challenges and limitations

In addition to the evident benefits discussed in the preceding section, there are certain
acknowledged difficulties and constraints associated with the application of deep neural network
compression methods. One of the foremost obstacles is in the task of compressing models while
minimizing any substantial degradation in their predictive capabilities. Achieving a harmonious
equilibrium between the decrease of size and the preservation of accuracy is a goal that is not
easily accomplished [259]. The development of efficient compression methods necessitates the
consideration of the algorithmic complexity associated with deep learning models. In order to
achieve a balance between compression ratios and minimal performance loss, it is necessary to
employ advanced approaches [258]. The development of efficient compression methods
necessitates the consideration and mitigation of the algorithmic complexity associated with deep
learning models. The achievement of optimal compression ratios while minimizing performance
degradation necessitates the utilization of advanced methodologies. The existence of
heterogeneous hardware configurations across various devices presents a significant obstacle
when attempting to develop compression techniques that can be universally used. The inclusion
of several hardware architectures in the optimization of models introduces a level of intricacy to

the compression process [259].

In relation to the constraints associated with the implementation of deep neural network
(DNN) compression methodologies, a predominant limitation arises from the application-specific
issues. These challenges pertain to the efficacy of compression strategies, as their effectiveness
may fluctuate depending on the particular application under consideration. The utilization of
specific compression techniques, such as quantization, has the potential to result in a reduction in
the interpretability of models. The importance of comprehending model decisions is evident in
applications, as highlighted by Han et al. [258]. Finding a compromise between attaining optimal
compression ratios and ensuring flexibility for various datasets and applications might provide a
significant challenge. According to Cheng et al. [259], an excessive application of compression

techniques can result in a decrease in the flexibility of the model.
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Model Compression

Deep learning models have achieved remarkable success across various domains, showcasing
unprecedented accuracy and capabilities. However, the widespread adoption of these models is
hindered by their inherent resource-intensive nature, posing challenges for deployment on
devices with limited computational power and memory. The problem at hand revolves around the
urgent need to compress deep learning models without sacrificing their predictive performance,
thus addressing the following critical issues. As a result, the models are difficult to apply in real
time. To address these issues, model compression has become a focus of research. Furthermore,
model compression techniques play an important role in deploying models on edge devices.
Considering these challenges, the compression of deep learning models emerges as a critical
research area. Effectively addressing these issues requires the development of compression
techniques that strike a balance between model size reduction and the preservation of predictive
performance. The goal is to enable the deployment of efficient, fast, and energy-conscious deep
learning models across a spectrum of devices and applications. Therefore, we will analyze
various model compression methods to assist researchers in reducing device storage space,
speeding up model inference, reducing model complexity and training costs, and improving
model deployment. The state-of-the-art techniques for model compression, including model
pruning, parameter quantization, low-rank decomposition, knowledge distillation, and

lightweight model design.

DNN (either fully-connected, CNN or RNN) is made of a variety of layer types.
Convolutional Neural Networks (CNNs) such as AlexNet [257] and VGG16, as described by
Simonyan and Zisserman [249], incorporate both convolutional layers and dense layers in their
architecture. Previous studies have indicated that deep neural networks (DNNs) impose
significant demands on both storage and computational resources [258]. The majority of the
parameters in deep neural networks (DNNs) are derived from the dense layer, while a significant
portion of the computational resources is dedicated to executing multiply-accumulate (MAC)
operations within the convolutional layer [261]. Li et al. [262] found that within the VGG16
model, the proportion of parameters in the dense layer compared to the convolutional layer is
90:10. Additionally, the study revealed that around 99% of the multiply-accumulate (MAC)

operations are attributed to the convolutional layer. Significantly reducing the storage and
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computation overheads of deep neural networks (DNNs) can be achieved by decreasing the
number of parameters in the dense layer and the multiply-accumulate (MAC) operations in the
convolutional layer. This section provides an elucidation of several strategies in Figure 24,
provided by researchers to reduce the parameters of the dense layer, and minimize the number of
multiply-accumulate (MAC) operations in feed-forward neural networks (NN) and convolutional

neural networks (CNN).

A 4

Model pruning

Parameter
quantization

DNN model N Low-rank
compression decomposition
N Knowledge
distillation

| Lightweight model
design

Figure 24. The common groups of DNN model compression techniques

Model pruning

The initial technique employed for pruning was known as biased weight decay [263]. During
the 1990s, researchers employed the goal function within a Taylor expansion technique to
identify the neuron that had the minimal effect on the loss [264]. The aforementioned techniques
were primarily concerned with eliminating non-essential elements from deep neural networks
(DNNs) while minimizing any noticeable impact on their overall performance. As the
investigation advanced, the process of model pruning was categorized into two distinct methods:

structured and unstructured.
1. Structured pruning

The conventional methodology for structured pruning entails employing a channel (or filter)
as the basic element for pruning, as illustrated in Figure 25 [241], [264]-[266]. The process of
channel pruning leads to the elimination of the corresponding channels along with it [262]. The

method of channel-based structured pruning was employed to evaluate the importance of
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particular channels. Li et al. [262] measured the relative significance of channels in each layer by
calculating the total absolute weights of the channels. The methodology employed did not need
the use of a sparse convolution library, nor did it result in the establishment of sparse
connections. In contrast, it demonstrated a reduction in time consumption in comparison to the
method of repeatedly refining the model layer by layer. The observed increase in efficiency
resulting from time-saving measures was particularly evident while performing the pruning
process on deep neural networks. However, as a result, there was a decrease in the model's
performance. Therefore, Lin et al. [267] proposed a thorough and flexible pruning methodology

with the objective of removing unnecessary channels.

In the first stage, a global discriminant function was utilized to remove the irrelevant channels
across all layers, considering the historical global knowledge associated with each channel.
Following this, the precision of the filters was continuously adjusted by comparing the pruned
and sparse networks, to correct any mistakenly pruned channels. Following that, the model was
subjected to a process of retraining with the aim of improving its overall performance.
Furthermore, Li et al. [268] proposed a novel methodology that integrates max-average pooling
with an upgraded channel-attention mechanism within deep neural networks (DNN5s) to boost the
representation of features. Kuang et al. [268] investigated to ascertain the importance of a
channel. This was achieved by evaluating the influence of each channel on a loss function that is
contingent upon the specific task. A reduction in the loss of function value is indicative of a drop
in the relevance of the channel. The authors Li et al. [269] proposed a method for refining
pruning techniques in deep neural networks (DNNs) at the software level. This approach led to

enhanced efficiency in the hardware-level inference process [270].
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Figure 25. Generalized visualization of structured pruning

Channel-based pruning has been utilized in the domains of picture segmentation and object
detection as well. In their study, Sawant et al. [271] introduced a strategy known as optimal-
score-based filter pruning (OSFP) that aims to eliminate unnecessary filters based on their
similarities in the feature space. The OSFP protocol implemented the removal of redundant
filters, resulting in enhanced segmentation performance and quicker network learning. Sparse
training [272] and mask learning [273] have been proposed as pruning techniques that introduce

new connections while performing the pruning procedure.

In the domain of object identification, Chu et al. [274] introduced a model-compression
approach consisting of three stages: (1) dynamic sparse training, (2) group channel pruning, and
(3) spatial attention distilling. The technique of group channel pruning involves partitioning the
network into several groups based on the size of the feature layers and the similarity of the
module design within the network. Subsequently, the channels within each group underwent
pruning based on varying criteria. Furthermore, Chang et al. [275] introduced an automated
technique for channel pruning. The proposed approach initially conducts hierarchical channel
clustering by simultaneously considering feature map similarity and early network trimming.
Subsequently, a technique for population initialization was introduced with the aim of converting

the trimmed architecture into a set of potential candidate populations.

Ultimately, the most efficient compression architecture was discovered through the utilization

of particle-swarm optimization. Liu et al. [276] introduced a technique for network slimming that
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involved assessing the efficacy of its parameters. Notably, this approach did not necessitate the
utilization of specialized software or hardware accelerators for the model. Throughout the
training phase, channels that were deemed unnecessary were automatically detected and
subsequently eliminated. The utilization of a L1 regularization [277] was implemented to induce
sparsity in the weights of the batch-normalization (BN) [278] layers. Subsequently, the technique

of repetitive pruning was employed to get elevated rates of pruning.

The energy-aware pruning algorithm was proposed by Yang et al. in their study [279]. The
procedure was directed by the algorithm, which utilized the computing resources of the
convolutional neural network (CNN). The process of pruning was executed in a sequential
manner, with each layer being pruned individually. This approach proved to be more efficient
compared to previously suggested pruning techniques, since it focused on reducing mistakes in
the output feature map rather than modifying the weights of the filters. To achieve this, the
weights were initially trimmed on a per-layer basis. Subsequently, a process of local fine-tuning
was conducted by closed-form least squares in order to restore the accuracy following the
pruning procedure. Ultimately, the layers underwent pruning, and afterwards, the entire network
underwent global fine-tuning through the utilization of back-propagation. In their 2021 study,
Fan et al. [280] introduced a hierarchical channel pruning technique that involves grouping
several layers to decrease the model accuracy of the pruned network. Following a predefined
order, the network underwent retraining after pruning each layer. The network model
experienced a slight decline in accuracy, while the computing resources allocated to the hardware
were significantly diminished. To mitigate the computational burden associated with many
training iterations, Chen et al. [281] introduced a training and pruning framework known as only-

train-once (OTO).

The OTO approach significantly simplifies the intricate multi-stage training process employed
in existing pruning methods. In addition, a novel approach known as the half-space random
projection gradient method was introduced to address the issue of structural sparsity-induced
regularization. In contrast to the need for several fine-tuning processes, OTO (One-Time Only)
pruning only necessitated a single technique, hence greatly streamlining the pruning procedure.
In their study, Chung et al. [282] conducted channel pruning on specific convolutional channels

inside the initial layer of a pre-trained convolutional neural network (CNN).
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The act of pruning the initial layer significantly aided in the process of compressing the
channels in the subsequent convolutional layers. Nevertheless, the initial input to the first layer
consisted of only one channel. To tackle these concerns, Chen et al. [283] put out a proposition to
strategically modify neurons by the process of "grafting" suitable levels of linearized
unimportant rectified linear unit (ReLU) neurons, with the aim of eliminating the non-linear
elements. Nevertheless, to restore the performance of the model, it was necessary to optimize the
corresponding slopes and intercepts of the replacement linear components. The original multiple
pruning and fine-tuning methodologies were designed to be employed only once, despite the
ongoing advancements in structured pruning algorithms, including layer-based and filter-based

techniques.
2. Unstructured pruning

The technique of unstructured pruning in Figure 26 was developed using a heuristic
methodology to eliminate insignificant characteristics, such as weight magnitude [258], gradients
[284], and hessian [241] statistics. Historically, this phenomenon has commonly led to
enhancements in competitive performance. However, the process of acceleration has encountered

challenges mostly attributed to irregular sparsity [285].

Figure 26. Generalized visualization of unstructured pruning

In the year 1989, LeCun et al. [241] proposed the notion of optimal brain damage, wherein

second-derivative information was utilized to strike a balance between the complexity of the
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network and the inaccuracy in the training set. This approach aimed to eliminate insignificant

weights from the network.

In their study, Han et al. [258] introduced a technique known as train-prune-retrain, which
aims to minimize the memory usage and computational requirements of neural networks by
selectively learning the significant connections. The performance was enhanced by a factor of
ten without compromising the precision. In their study [280] the authors employed the energy
consumption of individual layers as a criterion for determining the order of pruning. In their
study, Yang et al. [286] developed latency tables that employed a greedy algorithm to ascertain

the optimal layers for cropping.

Additionally, Yang and colleagues [286] conducted comparative experiments employing L1
and L2 regularization techniques. Based on the empirical findings, it was observed that the use of
L1 regularization in the pruning process resulted in higher accuracy compared to the utilization
of L2 regularization, both in the context of post-pruning and without further retraining. This
phenomenon transpired due to the application of L1 regularization, which resulted in a higher
number of parameters being shifted towards zero. However, it was observed that L2
regularization had superior performance compared to L1 regularization following the process of
retraining pruning. The authors Guo et al. [287] introduced a method called dynamic network
surgery, which effectively decreased the complexity of a network by selectively removing
connections in real-time. In contrast to the methodology employed in the previous study, Guo et
al. incorporated linked splicing throughout the entire process to mitigate the risk of erroneous
pruning. The incorporation of a learning process into the procedure of distinguishing between
significant and insignificant parameters enabled a more precise determination of the ideal
parameters. In their study, Neill et al. [288] used two weight regularizes with the objective of

enhancing the alignment between units of pruned and unpruned networks.

This approach was employed to address alignment issues in pruned cross-lingual models. The
implementation of unstructured pruning resulted in a significant reduction in both the number of
parameters and computational requirements. Nevertheless, in the context of neural networks,
unstructured pruning involves setting superfluous neurons to zero instead of completely
removing them from the network [289]. Consequently, the potential benefits of non-regular

sparsity in enhancing model acceleration were not fully realized in accordance with existing

91



hardware architectures. Hence, it is imperative to do further investigation into the optimization of

unstructured pruning approaches for their application on contemporary hardware architectures.
Parameter quantization

The process of parameter quantization has been shown to effectively decrease the dimensions
and inference duration of models [290], [291]. The process of parameter quantization has a high
degree of versatility and may be effectively applied to a wide range of models and hardware
devices. The process of parameter quantization in neural networks involves the conversion of the
weights and activation values of a network model from a high precision representation to a lower
precision one. There are several advantages associated with the use of this technology in an
academic context. Firstly, it offers reduced storage overhead and bandwidth requirements, which
may be highly beneficial for managing large amounts of data efficiently. Additionally, this
technology is characterized by lower power consumption, which is advantageous in terms of
energy efficiency and sustainability. Lastly, it enables faster calculation speed, which can

significantly enhance computational performance.

Parameter quantization establishes a data-mapping relationship between fixed-point and
floating-point data, allowing for better gains at a smaller cost in terms of accuracy loss. The

generalized process is presented in following equations [292]:

S = Rmax - Rmin
Qmax - Qmin

R
Z = Qmax — r;ax

where R represents a real floating-point number, Q represents a quantization fixed-point value,
Z represents the quantization fixed-point value that corresponds to the zero floating-point value,
and S represents the scale factor of quantization. Furthermore, S and Z serve as quantization
parameters within the context of this study. It is worth noting that the data type of S is FP32, while
the data type of Z is INT8. The values of O and R are obtained from below. Specifically, O
represents the quantization value, while R represents the floating-point value that is back-

propagated. If the values are beyond the upper limit of their respective ranges, it becomes

92



necessary to apply rounding procedures. The equation for converting floating point numbers to

fixed point numbers is as follows.
R
Q=§+Z
The equation for inverse quantization from fixed point to floating point is as presented below:
R=(Q-2)*S
where S and Z are found by the following the equation:

max

Z = Qmax — S

Following the process of quantization, it is typically necessary to adjust the parameters of the
model. The process of acquiring a model through retraining is sometimes referred to as
quantization-aware training (QAT). The process of acquiring a model without the need for

retraining is referred to as post-training quantization (PTQ).

1. Quantization-Aware Training

The process of quantization introduces disturbances into the parameters of the trained model,
resulting in a greater deviation from the convergence point compared to training with floating-
point precision [293]-[295]. To achieve convergence towards a more optimal loss point, it is
possible to address the issue by retraining the quantization parameters. One often utilized approach
in this context is the Quantification during both forward and backward propagation (QAT) method
[296], [297].

Nevertheless, the parameters of the model are quantified subsequent to every gradient update.
It is crucial to execute this computation after the adjustments in weight using floating-point

precision.

In the same vein, it is crucial to execute the backward transfer using floating-point operations.
This is because the accumulation of gradients with quantization accuracy has the potential to result
in significant mistakes in zero gradients or gradients, particularly when employing low-precision

quantization.
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2. Post-Training Quantization

Post-training quantization emerged as a viable alternative to Quantization-Aware Training
(QAT) due to its ability to perform quantization and weight adjustment without the need for fine-
tuning [294], [298], [299]. Hence, the expense associated with PTQ was exceedingly minimal and
inconsequential. Furthermore, PTQ could be applied with limited or no labeling of data, which
was a major advantage. Nevertheless, the process of Post-training Quantization (PTQ) necessitated
a substantial amount of training data for retraining purposes. Regrettably, the resulting accuracy

rate was relatively low, especially when it came to low-precision quantization.

In order to tackle the issue of declining accuracy in PTQs, scholars have put forth a range of
methodologies. Banner et al. [300] and Finkelstein et al. [301] identified a fundamental bias in the
average and variability of the quantified weight values. To address this issue, they put forth a bias-
correction approach. Meller et al. [302] and Nagel et al. [303] showed that balancing the weight
ranges across the layers or channels could reduce the quantization errors. ACIQ [300] performed
an analytical calculation to determine the ideal range for clipping and the appropriate channel bit

width settings for PTQ.

While ACIQ did see a decrease in precision, the implementation of channel-wise activation
quantization in hardware devices proved to be challenging. In order to tackle this issue, the OMSE
approach [304] implemented a solution that removed channel quantization during activation.
Additionally, they offered PTQ (Post-Training Quantization) by maximizing the L2 distance
between the quantized tensor and its corresponding floating-point tensor. Furthermore, in order to
address the negative consequences of outliers more effectively in PTQ, Zhao et al. [305] introduced
a technique known as outlier channel-splitting. This method involves duplicating and subsequently
halving the channels that include outliers. An additional significant contribution was made by
AdaRound [306], which introduced an adaptive rounding technique that demonstrated improved
efficacy in minimizing losses. While AdaRound limited the range of variation in quantization
weights to £1, AdaQuant [307] introduced a more comprehensive technique that enabled the
adjustment of quantization weights as required. In the process of Post-training Quantization (PTQ),
the weights and activation quantization parameters were established without conducting any

retraining of the neural network models. Hence, the employment of PTQ proved to be an
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expeditious method for quantifying neural network models. Nevertheless, the PTQ method

exhibited a lower level of accuracy compared to the QAT approach.

Low-rank decomposition

The techniques of low-rank decomposition involve utilizing a matrix with a low rank to
provide an approximation of the weight matrix within a neural network [308]. Utilizing such low-
rank approximation for the weight matrix yields notable efficacy, resulting in a compression ratio
of three times on the fully-connected layer. Nevertheless, the acceleration of the model is not
substantial as the primary computational activities of the Convolutional Neural Network (CNN)
predominantly occur in the convolution layer. Hence, the compression rate is enhanced by

decreasing the quantity of convolution layers.

The derivation of the idea of low-rank decomposition was based on the hypothesis that a 3-
dimensional (3D) tensor possesses a structural capacity. In the study conducted by [309], the
convolution kernel was conceptualized as a three-dimensional tensor, while the fully connected
(FC) layer was seen as either a two-dimensional matrix or a three-dimensional tensor. The
utilization of low-rank filters was employed as a means to expedite convolutional procedures. The
proposal made by [310] introduced the concept of acquiring separable 1D filters through the
utilization of a dictionary learning methodology. In their study [311], Denton et al. introduced
clustering algorithms that incorporate low-rank decomposition and convolution kernel techniques
into basic DNN models. A twofold boost in speed was attained in a solitary convolution layer.

Nevertheless, there was a drop in the classification accuracy of 1.00%.

Multiple techniques exist for using low ranks in fully connected (FC) layers (97,101). As an
illustration, Denil and colleagues [242] employed a low-rank technique to decrease the quantity of
dynamic factors within a deep model. The study conducted by Sainath et al. [312] investigated the
application of low-rank matrix factorization to the final weight layer in deep neural networks
(DNNs) used in auditory models. In their study, Lu et al. [313] employed a truncated singular value
decomposition (SVD) technique to breakdown the fully connected (FC) layers, with the aim of

developing compact multi-task deep neural network (DNN) models.

The utilization of the low-rank decomposition method proved to be a straightforward approach

in the context of model compression. Nevertheless, the implementation of the low-rank
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decomposition method proved to be challenging primarily due to the inherent complexity of the

decomposition procedure.

Another issue that arose was the utilization of layer-by-layer low-rank decomposition in recent
techniques, which hindered the ability to compress global parameters due to the presence of
varying information across different levels. The identification of redundant parameters in deep
neural networks (DNNs) was accomplished through the utilization of matrix and tensor
decomposition techniques. The tensor representing the filter in a neural network is commonly
conceptualized as having four dimensions: width (W), height (), number of channels (C), and
number of convolution kernels (V). The impact of C and V' on the network architecture is
significant, prompting the utilization of low-rank decomposition methods for network
compression. These approaches leverage the properties of information redundancy present in the

convolution kernel (W x #) matrix and its low-rank property.

Due to the predominant concentration of weight vectors within a low-rank subspace, the
convolution kernel matrix was recreated using a limited set of basis vectors to mitigate memory
constraints. Low-rank decomposition techniques have demonstrated significant advancements in
compression and computational efficiency, particularly in the context of large convolutional
kernels and networks of small to medium sizes. In recent years, there has been a growing trend in
the utilization of 1 x 1 convolutions in emerging networks. The utilization of low-rank
decomposition is not advantageous when employing a 1 % 1 convolution. Furthermore, the matrix
decomposition procedure incurs high computational costs. The decomposition performed layer-
by-layer does not facilitate efficient global parameter compression and necessitates extensive
retraining to attain convergence. Tackling the mentioned issue, Jaderberg et al. [314] introduced a
two-step approach aimed at enhancing the performance of convolution layers in extensive
convolutional neural networks. This method relies on tensor decomposition and discriminative

fine-tuning [315].

Knowledge distillation

Knowledge distillation [316] is a common method for efficiently passing on information from
a more complex model (the instructor) to a simpler one (the student). Knowledge distillation (KD)
typically involves the formulation of a loss function aimed at minimizing the discrepancy in output

or intermediate features between the student and the teacher. The designs of loss functions

96



employed in recent studies on distilling NLP models are summarized, as depicted in Figure 27.
The approaches can be further classified into logit-based knowledge distillation, feature-based
knowledge distillation, knowledge distillation with a dynamic target, and module replacing,
depending on the designs of the loss function. Commonly we divide the approaches to KD into
two groups: Logit-based KD and Feature-based KD. Those are explained more in-depth in the

following.

Teacher network —-| soft labels

Teacher loss Loss

Input

Soft predictions
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Figure 27. Generalized loss approach design to knowledge distillation

1. Logit-based KD

According to Hinton et al. [316], the utilization of logit-based knowledge distillation (KD)
techniques represents the initial endeavors in compressing a big pretrained language model in order
to enhance its computational efficiency. Logit-based knowledge distillation (KD) uses the KL
divergence or mean squared error (MSE) as optimization objectives to reduce the discrepancy in
logits between the student and the teacher. In their study, Tang et al. [317] employed a task-specific
approach to distill a BILSTM model from a fine-tuned BERT model. The BILSTM model trained
with knowledge distillation significantly beats the BiLSTM model trained without knowledge
distillation by a substantial margin. To distill BERT model, as proposed by Sanh et al. [318],

undergoes a process known as distillation. This process involves pretraining BERT on the specific
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objective of masked language modeling (MLM). The loss function comprises three constituent
elements: the initial loss of the MLM model, the cosine distance, and the KL divergence. Following
the process of distillation, the model has the potential to undergo fine-tuning, hence enabling its
performance in various downstream activities. In this study, Turc et al. [319] investigate the impact
of initiation on the student. The researchers discovered that employing a student BERT model that
was pretrained with Masked Language Modeling (MLM) yielded superior results compared to
random initialization and shortened teacher models [318], [320] when utilized for initializing the

student model.

2. Feature-based KD

The concept of feature-based knowledge distillation (KD) refers to a method in which a teacher
model transfers its knowledge to a student instead of solely relying on the ultimate result, feature-
based knowledge distillation (KD) endeavors to synchronize the intermediate characteristics of

both the teacher and the learner.

In the distillation process, the initial step involves training the instructor model using the
provided training data in order to acquire task-specific features that are pertinent to the given task.
The student model is subsequently trained to acquire identical characteristics by decreasing the
disparity between the features acquired by the teacher model and those acquired by the student
model. The process is commonly executed by employing a loss function that quantifies the
disparity between the acquired representations of the teacher and student models, such as the mean

squared error or the Kullback-Leibler divergence [321].

One of the primary benefits of feature-based knowledge distillation is in its capacity to
facilitate the acquisition of more informative and resilient representations by the student model,
surpassing what it might achieve through independent learning. The reason for this is that the
teacher model has already acquired the most pertinent and enlightening characteristics from the
material, which may be imparted to the student model via the process of distillation. In addition,
the utilization of feature-based knowledge distillation exhibits a broad applicability across various

tasks and models, hence demonstrating its versatility as a technique.

Nevertheless, feature-based knowledge distillation does have its inherent limitations. The

computational cost of this technique may be higher compared to other forms of knowledge
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distillation due to the necessity of extracting the internal representations from the instructor model
throughout each iteration. Moreover, it is important to consider that a feature-based approach may
not be appropriate for tasks in which the internal representations of the instructor model are not

transferable or pertinent to the student model.

The authors of the study conducted by Sun et al. [320] propose the utilization of a mean
squared error (MSE) loss function to measure the discrepancy between layer representations. A
comparable methodology is also expounded upon in the work of Aguilar et al. [322]. Building
upon the concept of Progressive Knowledge Distillation (PKD), Jiao et al. [323] proposed the
integration of an attention loss mechanism in TinyBERT. This attention loss mechanism is
designed to align the attention matrices at different levels between the instructor and the student
models. The findings of TinyBERT further support the notion that including knowledge distillation

(KD) in both the pretraining and finetuning phases might lead to enhanced performance.

In a similar vein, the attention matrix and value-value scaled dot-product (referred to as value
relation loss) are aligned in MiniLM [324], [325]. The additional functionality serves as a
supplement to the attention matrix, specifically the queries-keys scaled dot-product, enabling the
seamless transfer of multi-head self-attention. In their recent study, Wu, Wu, and Huang [326] put
up a novel approach for distilling a student model by using intermediate features and soft labels
from different professors. This framework aims to enhance the performance of the student model.
The DynaBERT model, as proposed by Hou et al. in [327], employs a layer-wise knowledge
distillation (KD) loss mechanism to transfer knowledge from a teacher model to a student model.
The student model is designed with sub-networks of varying widths and depths. Hence, the
identical model can be applied across diverse devices that possess varying computational

resources.

The MobileBERT model, as proposed by Sun et al. [328], presents a modified BERT
architecture specifically tailored for utilization on mobile devices. In addition to the methodologies
proposed by Sun et al. [80] for layer-wise feature distillation and Jiao et al. [323] for attention
distillation, the authors of this study provide a progressive knowledge transfer mechanism that
involves distilling the model layer by layer, as opposed to distilling all layers simultaneously. Liu
et al. [329] utilize structural characteristics at both the token and span levels to establish alignment

between the student and the teacher.
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Lightweight model design

The concept of lightweight deep neural network (DNN) model design involves modifying the
existing DNN structure to decrease the number of parameters and computational complexity. Table
4 presents an overview of the design skills pertaining to the lightweight model. In their study,
Iandola et al. [330] introduced SqueezeNet as a novel approach that involved substituting 3 x 3
convolution kernels with 1 x 1 convolution kernels. The number of parameters in a 1 x 1
convolution kernel is one-ninth of the number of parameters in a 3 X 3 convolution kernel.
Nevertheless, the utilization of this approach resulted in a reduction in the quantity of input

channels accessible in comparison to the 3 % 3 convolution technique.

Through the acquisition of knowledge pertaining to ResNet and the subsequent integration of
bypass branches into the initial network architecture, a discernible enhancement in classification
accuracy of roughly 3% was seen. The MobileNet architecture, as presented by Howard et al.
[260], introduces a novel approach to convolution by separating it into two distinct operations:
depth-wise convolution and point-wise convolution. In the context of depth-wise convolution, each
individual convolution kernel filter exclusively conducts convolutional operations on a singular
input channel. The technique of point-wise convolution involves utilizing a convolution kernel
with a size of 1 x 1 to merge the outputs of the depth-wise convolution layer, which consist of
many channels. In their study, Zhang et al. [331] introduced ShuffleNet, a novel approach that
incorporates channel shuffling to enhance the learning capacity of the model. By rearranging the
input groups into channels, ShuffleNet ensures that the receptive fields of each convolutional

kernel are distributed over multiple input groups, hence facilitating improved learning capabilities.

In their study, Gao et al. [331] made enhancements to the efficacy of lightweight models within
the context of self-supervised learning. In their study, Tan et al. [332] introduced MnasNet, a
method for neural architecture search (NAS). The integration of the model's time consumption on
the device was achieved by means of multi-objective optimization within the search space.
Subsequently, the utilization of a deconstructed hierarchical search space enabled the network to
preserve layer diversity while simultaneously simplifying the search space. This facilitated a more
optimal balance between precision and efficiency in the search algorithm. Huang and colleagues
[333] postulated that the concept of group convolution may be effectively learned. The learning

group convolution technique was further developed by integrating the training process with
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pruning to enhance the accuracy of the pruning procedure. Mehta and colleagues [334], [335]
introduced an end-to-end speech processing network (ESPNet) as a lightweight network designed

for semantic segmentation. The key component of ESPNet was an ESP module.

The ESP module included point-wise convolution and a spatial pyramid of dilated
convolution, demonstrating superior efficiency compared to MobileNet and ShuffleNet. The
utilization of depth-wise separable convolution resulted in a reduction in both the computational
time and the number of parameters within the network. Conversely, point-wise convolution
exhibited the highest number of parameters. In response to this, Gao et al. [336] introduced a
convolution technique that separates channels and depths. The ChannelNet architecture was
developed by substituting the fully connected (FC) layer and the global pooling layer of the
network. The utilization of group convolution in the interleaved group convolution (IGC) series

network was found to be quite pronounced, as evidenced by previous studies [337]-[339].

The IGC approach involves decomposing the conventional convolution operation into
numerous group convolutions, resulting in a reduction in the overall number of parameters.
Moreover, the idea of complementarity and the sorting operation facilitated the exchange of
information among groups while minimizing the number of parameters involved. The FBNet
series, specifically FBNet-143 to FBNet-145, represents a collection of lightweight network
architectures that were developed exclusively using the Neural Architecture Search (NAS)
methodology. The FBNet architecture [340] integrates the principles of DNAS (Differentiable
Neural Architecture Search) with the consideration of resource restrictions. FBNetV2 [342] has
incorporated a search feature for channel and input resolution. The FBNetV3 model [342]
employed accuracy prediction as a means to conduct an efficient exploration of network
architectures. At present, efforts are being made to optimize the performance of deep neural
networks (DNNs) to enhance performance in the following three domains: enhance the network's

width, augment the network's depth, and enhance the resolution of input photos.

Enhancing the precision of a network can be readily achieved by adjusting a single dimension.
Nevertheless, the process of simultaneously modifying two or three aspects of the network
necessitates laborious human adjustment and poses challenges in terms of optimization. To tackle
these issues, Tan et al. [343] introduced a hybrid scaling approach for model scaling. This method

offers improved selection of breadth, depth, and resolution dimensional scaling, hence facilitating
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the attainment of enhanced accuracy in the model. In their study, Han et al. [344] introduced a
Ghost module as a means to extract a greater number of features while utilizing a reduced number
of parameters. Initially, the Ghost module employed the output that entailed the least number of
raw convolution processes. Subsequently, a sequence of elementary linear operations was applied
to the resulting data to develop additional characteristics. The GhostNet architecture was
introduced as a modification of the Ghost module, wherein the conventional convolution layer is
substituted with the Ghost module. The empirical findings demonstrated that GhostNet exhibited

favorable compression capabilities while still preserving high levels of accuracy.

In their study, Ma et al. [345] introduced a novel dynamic generative network called
WeightNet. This network effectively combined the characteristics of two existing models, namely
squeeze and excitation networks (SENet) and CondConv, within the weight space. WeightNet is a
convolutional neural network that employs a dynamic approach to build kernel weights by
considering sample characteristics. Additionally, it optimizes the hyperparameters to strike a

balance between accuracy and computational efficiency.

In their study, Li et al. [346] introduced MicroNet, a novel architecture that incorporates
micro-factorized convolution with dynamic shift-max. The utilization of micro-factorized
convolution in this study ensured the preservation of input-output connectivity while
simultaneously reducing the overall number of connections by employing low-rank
decomposition. Self-supervised representation learning (SSL) has garnered considerable interest
in recent times. Nevertheless, subsequent research has determined that there is a significant decline
in performance as the size of the model is reduced. The authors Gao et al. [331] introduced a novel
approach termed distillation contrast learning (DisCo) as a potential solution to address the
limitations of existing SSL approaches that mainly depend on contrast learning for network
training. The final embedded limitations of lightweight pupils were aligned with those of teachers

by DisCo, aiming to optimize the transfer of teacher knowledge.
Proposed solutions

The process of training and testing deep neural network models can impose significant
computational demands. The particular software and hardware needs are contingent upon the

intricacy of the models, magnitude of the datasets, and the financial resources at our disposal.
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Although not obligatory, possessing a GPU (Graphics Processing Unit) is strongly advised for the
purpose of training our deep neural networks. Deep learning frameworks have the capability to
utilize graphics processing units (GPUs) in order to achieve notably accelerated training speeds.
NVIDIA graphics processing units (GPUs) are widely used and enjoy extensive compatibility with

a majority of frameworks.

In order to enable GPU acceleration, it is necessary to install the CUDA (Compute Unified
Device Architecture) and cuDNN (CUDA Deep Neural Network) libraries if an NVIDIA GPU is
being used. These factors are crucial in facilitating accelerated training. Data manipulation libraries
are software tools that are used to perform various operations on data. These libraries provide a set
of functions and methods that enable users to manipulate, transform, and Libraries such as NumPy,
pandas, and scikit-learn are widely employed in the field of data science for the purpose of data

manipulation, preprocessing, and analysis.

Depending on the specific requirements, it may be advantageous to utilize supplementary
tools such as Tensor Board for data visualization, Jupyter Notebooks for interactive programming,
and scikit-learn for machine learning applications in conjunction with deep learning

methodologies.

For the hardware aspect of model compression, a contemporary multi-core central processing
unit (CPU) is necessary, although the majority of the computational workload during the training
process will be delegated to the graphics processing unit (GPU). It is strongly advised to utilize a
specialized graphics processing unit (GPU) for the purpose of training deep neural networks.
NVIDIA graphics processing units (GPUs), namely those belonging to the GeForce and Quadro
series, are extensively employed in the realm of deep learning applications. Deep learning work
often utilizes high-end graphics processing units (GPUs) such as the NVIDIA GeForce RTX

series because of their widespread popularity.

The utilization of memory in deep learning models can be substantial. It is advisable to
possess a minimum of 16 gigabytes of random-access memory (RAM), while a greater amount is

preferable when dealing with larger models and datasets.

Sufficient storage capacity is essential for accommodating datasets, model checkpoints, and

experiment logs. The utilization of a Solid-State Drive (SSD) is recommended in order to
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enhance the speed of data loading and model saving processes. It is imperative to consider the
power supply unit (PSU) capacity in relation to high-end GPUs, since they have a substantial
power consumption. Therefore, it is crucial to ascertain that the PSU is capable of

accommodating the power demands imposed by these GPUs.

Deep learning tasks have the potential to create substantial thermal energy. Sufficient
cooling, encompassing effective airflow and appropriate cooling mechanisms, is important in
order to avert the occurrence of overheating. Cloud services such as AWS, Google Cloud, and
Azure provide GPU instances for deep learning, which can be particularly beneficial in cases
where individuals lack access to high-performance local machines. This approach offers a cost-
effective means of obtaining the necessary hardware. The hardware and software requirements
may exhibit variability contingent upon the magnitude and intricacy of the deep learning
endeavor. It is advisable to consult the specific guidelines provided by the selected deep learning

framework and GPU manufacturer in order to determine the most appropriate combinations.
Experimental Results

1. Model Pruning Compression Technique

Pruning is a model compression approach wherein certain neurons or connections are
eliminated from a deep neural network model in order to decrease its dimensions and computing
demands. The utilization of pruning techniques on a deep neural network model can yield several

benefits as well as potential limitations.

There are several benefits associated with the practice of pruning. The process of pruning
results in a substantial reduction in the size of the model, hence resulting in smaller files and a
decrease in memory usage. The adoption of this technology on devices with limited resources is
advantageous. The utilization of smaller models often leads to accelerated inference times,
rendering them well-suited for real-time applications and edge devices. Pruned models exhibit a
decreased memory footprint throughout the inference process, hence offering a notable

advantage for devices that possess constrained random-access memory (RAM) capacity.

The utilization of pruned models in the context of energy efficiency during inference is of
significant importance, particularly in the case of battery-powered devices. The utilization of

pruned models enhances scalability, enabling their deployment across a broader spectrum of
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hardware configurations. One advantage of smaller models is the potential for cost savings due
to reduced storage space requirements. This can result in lower expenses associated with hosting
and distributing the models. The transfer speed can be enhanced by lowering the size of model

files, resulting in less latency during internet transmission.

The process of pruning has the potential to result in a decrease in the accuracy of a model,
particularly if executed without due caution. The removal of critical neurons or connections has
the potential to detrimentally impact the performance of the model. Fine-tuning is a commonly
employed strategy to address the issue of accuracy loss in pruned models. Additionally, strategies
such as repeated pruning are sometimes utilized to further offset this loss. However, it is

important to note that these approaches typically result in an increase in training time.

The concept of complexity refers to the level of intricacy or difficulty in a particular system or
the process of determining which neurons or connections to prune and the degree to which they
should be pruned can be a multifaceted undertaking. Additional hyperparameter adjustment may
be necessary. The efficacy of pruning is contingent upon the particular task and architecture at

hand. Certain jobs may exhibit a higher degree of tolerance towards pruning compared to others.

The concept of balance refers to the state of equilibrium or stability achieved when opposing
forces or elements Trade-off: A trade-off exists between the reduction in model size and the level
of accuracy achieved. Achieving an optimal equilibrium is of utmost importance. Certain pruning

strategies may not exhibit direct compatibility with all deep learning systems, necessitating the

need for special code during implementation.

In brief, the utilization of pruning as a strategy holds significant potential in diminishing the
dimensions and processing demands of deep neural network models, hence rendering them more
appropriate for implementation on edge devices and real-time applications. Nevertheless,
achieving an optimal equilibrium between reducing model size and preserving satisfactory model
performance necessitates meticulous deliberation and empirical investigation. Moreover, the
specific outcomes will be contingent upon the model, task, and the pruning methodologies
employed. Below Figure 28 represents the result of pruning compression techniques that applied

to our trained resnetl8 model on the Tomato Plant Diseases dataset.
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Pruning Compression techniques For Trained
Resnet Model on Tomato Plant Disease
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Figure 28. Pruning compression techniques for trained resnet18 Model on Tomato Plant Diseases

We can observe from the above-mentioned figure 28 that both measured properties of the
model (parameter size and number of model parameters) are significantly reduced. Also, the
inference time is significantly reduced from 80.26 MS to 54.143 MS. Regarding the downside of
this compression approach, there is a noteworthy predictive performance penalty resulting in the
predictive performance (accuracy) decreasing from 98.91% to 97.00%. Therefore, as mentioned
before, we have to accept a tradeoff between the compressed model properties and reduced

predictive performance.

The figure 29 below represents the results of applied pruning compression techniques on
Googlenet model trained on the Tomato Plant Disease dataset. Observing the results, we can also
detect the significantly reduced model size, model parameters as well as the inference time. On the
other hand, there is still some predictive performance penalty but not nearly as significant as can
be observed in previous figure on the resnet18 model. In this case, the predictive accuracy dropped
only by 5% which can be acceptable while reducing the model by significant amount as well as

reducing the inference time, which can be crucial in the domain specific applications.
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Figure 29. Pruning Compression techniques for trained Googlenet Model on Tomato Plant Diseases

Presented in figure 30 below, we can show the results of the applied pruning compression
techniques to the Mobilenet model trained on our Tomato Plant Diseases dataset. Similar to the
results of the resnet18 model, we can observe a significant drop of model parameter size as well
as the number of model parameters. There is also a decrease of the inference time by 10 MS but
on the other hand there is also no difference in the predictive accuracy of the Mobilenet model

from 98% to 98% providing us a good productive performance.

Pruning Compression techniques For Trained
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Figure 30. Pruning Compression techniques for trained Mobilenet Model on Tomato Plant Diseases

Based on the presented results of our experimental pruning techniques applied to different model
architectures, we can conclude that the Googlenet model is more prone to the model pruning

technique than the resnet18 and the Mobilenet model, since it has the least predictive performance
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decrease than the other two models. Therefore, Googlenet is the most appropriate model to choose

when we are going for the utilization of pruning model compression techniques.
2. Knowledge Distillation Compression Technique

The process of knowledge distillation involves training a smaller model, referred to as the
student, to emulate the behavior and performance of a bigger model, known as the teacher. When
the technique of knowledge distillation is employed in the context of a deep neural network model,
numerous significant outcomes and benefits can be discerned. The size of the student model is
generally smaller compared to that of the teacher model, resulting in decreased memory and
storage demands. The adoption of this technology on devices with limited resources is

advantageous.

The speed of inference is influenced by the size of the model, with smaller models generally
exhibiting faster inference times. This characteristic renders them well-suited for real-time
applications and edge devices. The utilization of knowledge distillation has been observed to
enhance the generalization capabilities of the student model, surpassing those achieved through
training from scratch. The transfer of valuable information from the instructor model to the

learner is facilitated through the distillation of knowledge.

Another technique that can be employed to regulate the level of confidence in the predictions
made by the student model is temperature scaling. This feature enables the user to optimize the
trade-oft between the accuracy of the model and its ability to generalize to unseen data. The
regularization effect of knowledge distillation is observed as it serves as a mechanism to

regularize the student model, hence mitigating the risk of overfitting.

The technique of knowledge distillation can also be employed to extract knowledge from a
collection of instructor models, thereby inducing an ensemble effect within the student model.
This process has the potential to enhance the student model's resilience and precision. The
transferability of the knowledge encapsulated in the student model can be enhanced across other
domains or activities, as the student is acquiring knowledge from the experiential expertise of the

teacher.

Compression and distribution of student models can be facilitated by reducing their size,

resulting in potential benefits such as decreased bandwidth usage and storage expenses during

108



model deployment. Nevertheless, it is crucial to acknowledge that there are certain potential

trade-offs.

There is generally a trade-off between the accuracy of a model and its level of compression.
Although knowledge distillation has the potential to enhance generalization, it is important to
note that the student model may not attain the same level of performance as the teacher model.
The incorporation of knowledge distillation in the training process introduces an additional layer
of complexity since it necessitates the training of both a teacher model and a student model. It is
imperative to engage in meticulous hyperparameter tweaking and demonstrate a keen focus on

details.

The process of selecting a teacher model. The selection of the teacher model holds significant
importance, as the efficacy of the distilled information is contingent upon the instructor's
performance and architectural attributes. In brief, information distillation is an advantageous
methodology for diminishing model dimensions, enhancing generalization, and generating more
compact and efficient models. The utilization of models on edge devices or in situations with
restricted computational resources can be particularly advantageous. Nevertheless, achieving the
ideal balance between accuracy and compression necessitates meticulous implementation and the

careful selection of suitable hyperparameters.

Figure 31 represents the results of the applied knowledge distillation compression techniques
for Resnet18 model trained on the Tomato Plant Diseases in the experimental phase of our work.
As we can observe from figure 31 there is a small amount of reduced parameter size and number
of parameters, however the interference time is significantly reduced from 20.66 MS to 19.91 MS.
Regarding accuracy, we can observe a significant reduction in predictive performance where

accuracy has dropped from 98.91% to 93.67, which translates to the margin of 5.24% decrease.
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Figure 31. Knowledge Distillation compression techniques for trained Resnet18 Model on Tomato Plant Diseases

Figure 32 illustrates the outcomes of employing knowledge distillation compression methods
on the Googlenet model that was trained using the Tomato Plant Diseases dataset. Similar to the
findings in the Resnet18 experiment, it is evident that there is a smaller reduction in the size of the
parameters, as well as a decrease in the number of model parameters. In this scenario, the inference
time is reduced in a comparable manner to that observed in the Resnet18 model. In comparison to
the Resnet18 model, the drop in classification performance seen in this scenario is rather minor,

with a difference of only 2.1%.

Knowledge Distillation Compression Techniques
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Figure 32. Knowledge Distillation compression techniques for trained Googlenet Model on Tomato Plant Diseases
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Represented in Figure 33 are the results of applied knowledge distillation techniques for trained
Mobilenet model against the Tomato Plant Diseases dataset. Similar to the previously presented
experimental results, here also we can observe the same behavior in terms of reduced parameter
size, number of parameters, and decreased inference time. Similar to the Googlenet model, the
Mobilenet model also experiences a quite smaller performance accuracy reduction. The accuracy
in this case was only decreased by 1.45%, which is the least of all of the evaluated model

architectures.

Knowledge Distillation Compression Techniques
For Trained Mobilenet Model on Tomato Plant
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Figure 33. Knowledge Distillation compression techniques for trained Mobilenet Model on Tomato Plant Diseases

Examining results of the three presented architectures, the one with the least downsides when
it comes to the applying the knowledge distillation techniques turns out to be the Mobilenet, which
while reducing the parameter size, number of parameters as well as the inference time it manages
to achieve classification accuracy with least accuracy reduction. Therefore, when applying the
knowledge distillation technique, the most suitable of the compared models would be a Mobilenet

architecture.
3. Parameter Quantization Compression Technique

Quantization is a model compression technique that entails the reduction of precision in the
weights and/or activations within a deep neural network model. When implementing
quantization techniques on a deep neural network model, several outcomes and impacts might be

noticed.
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The advantages of quantization often include a reduction in model size, speedier interference,
scalability, cost savings, and compatibility. However, there are also certain negatives associated
with quantization, such as a reduction in accuracy, increased complexity, and dependence on the

specific task at hand.

The process of quantization is employed to decrease the memory usage of the model by
utilizing lower bit precision to represent weights and activations. This is particularly important
when deploying the model on devices with limited resources. The utilization of lower-precision
computations can lead to enhanced inference speed, rendering quantized models well-suited for
real-time applications and edge devices. Energy efficiency is enhanced by reduced precision
operations, as they generally consume less power. This, in turn, contributes to more efficient
inference processes. This holds particular significance in the context of gadgets that rely on

battery power.

The deployment of quantized models allows for broader hardware configuration
compatibility, hence facilitating scaled deployment. Cost savings can be achieved by using
smaller model sizes, which can effectively minimize the expenses associated with storing and
distributing models. The expedited transmission of smaller model files via the internet results in
decreased latency during the process of model downloads. In general, quantization is widely
compatible with most deep learning frameworks, as several frameworks offer dedicated tools for

facilitating the process of quantization.

The utilization of quantization techniques, particularly with low bit precision, has the
potential to diminish the correctness of a model. Achieving a balance between accuracy and the
level of quantization is of utmost importance. Fine-tuning, also known as retraining, is a crucial
step following the quantization process to potentially restore the accuracy that was diminished.
The process of determining the appropriate quantization level and bit accuracy for weights and
activations is intricate and necessitates empirical investigation. The impact of quantization can

differ according to the particular task, dataset, and architecture involved.

Quantization-Aware Training (QAT) involves the utilization of certain training methods that
consider the eventual application of quantization techniques. By incorporating this knowledge
throughout the training process, the model might potentially get benefits from the subsequent

quantization.
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Quantization seems to be a helpful strategy in the context of reducing the size of models,
raising the speed of inference, and improving energy economy during the deployment of deep
neural network models. Nevertheless, achieving an optimal equilibrium between reducing model
size and preserving satisfactory model performance necessitates meticulous deliberation and
empirical investigation. The outcome will be contingent upon the specific model, task, and

quantization techniques employed.

Figure 34 represents the results of our quantization compression techniques which we employed
against the Resnet18 model trained on the Tomato Plant Diseases dataset. As we can observe from
Figure 34, the parameter size and number of model parameters are significantly decreased as well
as the inference time from 20.663 MS to 18.2 MS. We can also observe a significant reduction of
predictive performance of trained model. From an initial 98.9% it was reduced to 91%, which is a
7.9% decrease. Utilization of such quantization approach to Resnet18 model architecture would
be suitable only on edge devices with some strong hardware constraints which would make the

reduction of accuracy acceptable.

Quantization Compression Techniques For Trained
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Figure 34. Quantization compression techniques for trained Resnet18 Model on Tomato Plant Diseases

The results of the applied quantization techniques on the Googlenet model trained against the
Tomato Plant Disease dataset are presented in Figure 35. Similar to the previous results on the
Resnet18 model, also here on the Googlenet model we can observe that the number of parameters

and parameter size are significantly decreased: The parameter size is reduced from 21.4 MB to
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6.03 MB, which would enable us to deploy such model in really hardware constrained edge
devices. Also, the inference time was decreased but not as much as in Resnet18 experiment. The
reduction of the predictive accuracy is also significantly noticeable in this experiment. The
accuracy after the employment of the quantization techniques dropped by 4.93 % from initial

97,93%, which is significant but not as large as we observed in the Resnet18 model.
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Googlenet Model on Tomato Plant Diseases
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Figure 35. Quantization compression techniques for trained Googlenet Model on Tomato Plant Diseases

Lastly, Figure 36 below represents the results of quantization compression techniques applied to
the Mobilenet model trained on the Tomato Plant Diseases dataset. The results of this experiment
are quite similar to the previously presented ones utilizing Resnet18 and Googlenet predictive
models. From Figure 36, we can observe a significant reduction of parameter size as well as in
number of parameters. Regarding the inference time, it is reduced from 22.55 MS to 20.5 MS,
which means that the reduced margin is more or less on par with other analyzed model
architectures. Similar to the previous two experiments, the decrease in model’s predictive
performance is also significant. We can observe the performance drop of 5.12%, which is more

than we experienced utilizing Googlenet and less than in Resnet18.
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Quantization Compression Techniques For Trained
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Figure 36. Quantization compression techniques for trained Mobilenet Model on Tomato Plant Diseases

Based on the findings from our experimental analysis, which involved the application of
quantization techniques to various model architectures, it can be inferred that the Googlenet model
exhibits a higher susceptibility to model quantization techniques compared to the Resnetl18 and
Mobilenet models. This is evident as the Googlenet model demonstrates a relatively smaller
decrease in predictive performance compared to the other two models, while simultaneously
achieving substantial reductions in the number of parameters, parameter size, and inference time.
Hence, the Googlenet model is seen as the most suitable choice for implementing pruning model

compression strategies.
Discussion

In the preceding part, we provided comprehensive findings from our performed experiments,
wherein various model compression strategies like as pruning, knowledge distillation, and
quantization were applied to three distinct model architectures: Resnetl8, Googlenet, and

Mobilenet.

Upon analysis of the data, it is evident that the Googlenet model architecture exhibits the highest
level of suitability among the compared architectures for the application of diverse compression
algorithms. The Googlenet predictive model demonstrated the highest classification accuracy
among the applied model compression techniques in two out of three experiments and achieved
the second-best score in the remaining experiment. This indicates that the Googlenet model is the

most optimal choice among the compared model architectures. Based on the experiments we ran,
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the Mobilenet architecture emerged as the second-best performing model, while the Resnetl8
architecture performed the least effectively. Naturally, it is imperative to acknowledge and account
for the constraints inherent in our experimental study. The experiments in this instance were only
conducted on a single dataset, hence limiting the ability to extrapolate the findings of the study.
Furthermore, the evaluation of model compression strategies has been limited to only three distinct

model designs, hence constraining the ability to derive overarching conclusions.
Chapter Summary

Model compression strategies refer to a set of methodologies employed to decrease the
dimensions and processing demands of deep neural network models, while simultaneously
maintaining or decreasing their performance. These strategies yield multiple notable effects and
benefits such as, the size of deep learning models can be greatly reduced through the
implementation of model compression techniques, including quantization, pruning, and
knowledge distillation. This aspect holds significant importance when it comes to the
implementation of models on devices with limited resources or for expediting the transfer of
models over the internet. In addition, the utilization of smaller models frequently leads to expedited
inference times. Low latency is a crucial need in real-time applications, mobile devices, and edge

computing.

Compressed models exhibit a reduced memory footprint, hence rendering them compatible with
devices possessing constrained RAM capacities, such as smartphones and embedded systems. The
process of model compression has the potential to enhance the energy efficiency of inference, a
critical factor for devices reliant on battery power and applications like mobile and Internet of
Things (IoT). The utilization of compressed models facilitates the implementation of deep learning
solutions on a broader spectrum of hardware, hence enabling efficient and scalable deployment.
The generalization performance of a smaller student model can be improved through the utilization
of compression techniques, such as knowledge distillation, which involves the transfer of

knowledge from a bigger instructor model.

One potential benefit of utilizing smaller models is the potential for savings on storage costs.
This is due to the fact that smaller models require less storage space, resulting in a reduction in

expenses associated with hosting and distributing these models.  The acceleration of training can
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be observed in certain instances through model compression, as the utilization of smaller models
necessitates fewer computational operations throughout the training procedure. The utilization of
compressed models is advantageous in the context of federated learning, a paradigm in which
models are trained on distributed data sources. Compressed models effectively mitigate the
burdens associated with communication and computing, making them highly suitable for this
decentralized learning approach. The implementation of model compression approaches plays a
crucial role in facilitating the deployment of deep learning models on edge devices. These
techniques enable the utilization of on-device artificial intelligence (Al) capabilities, eliminating
the need for dependence on cloud services. It is imperative to acknowledge that the precise impacts
of model compression may differ based on the employed approaches, the nature of the model, and
the given task. Although model compression presents various advantages, it entails a compromise
with model performance. The degree to which a model may be compressed while preserving
satisfactory performance relies on the particular use case and the effectiveness of the compression

techniques employed.
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CHAPTER 6

CONCLUSION

While highly desirable, latency prediction is also expensive. Due to the varied models
inference latency brought on by the runtime optimizations on different edge devices, it is highly
difficult and current techniques are unable to attain a high level of prediction accuracy. This
chapter reviews the possible challenges involved in the prediction of latency. Further, it
comprehensively discusses the various DNN models that don’t only reduce the inference time
but also predict it accurately. It is found from this chapter that inference time is dependent upon
the computational complexity, data size, and features. Accuracy is reciprocal of inference time.
Computational complex models and large number of features reduce the inference time. Also,
here we discussed here the strengths and weaknesses of various deep neural network models for
latency prediction, various real-world application domains where latency played a crucial role,
and the limitations and challenges of current methods for latency predicting in Deep Neural
Networks (DNNs) in real-world applications. The resolution of these limitations would be the
possible future directions in latency prediction. We demonstrated that we created a deep learning
model that can outperform the classical approaches by predicting inference time. By summing
the inference time layer by layer for deep learning architectures and think of each layer as the
atomic operation of a model. This approach can be generalized more to include more hardware
and software features. This will save lots of time and money and will increase the time to market

many products that are using deep learning for any task.

In a few years, we will have billions of connected devices installed in homes, cities, cars, and
businesses around the world. User and device environments interact with resource-constrained
devices. To interpret the behavior in sensor data, make accurate predictions, and make
judgments, many of these devices rely on machine learning models. The number of connected
devices that can block the network will become a bottleneck. Therefore, machine learning

techniques are needed to integrate intelligence into end devices. Using machine learning on these
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edge devices can reduce network congestion by being able to perform computations close to the
data source. In addition, servers and other powerful computers have traditionally been the only
platforms used for machine learning. But with advances in chip technology, we now have
portable libraries that can fit in our pockets. Therefore, due to the current advancements in
processing power, energy storage, and storage capacity of these devices, the opportunity to gain
significant benefits from machine learning on Internet of Things (IoT) devices has emerged.
Implementing machine learning inference on edge devices holds great potential but is still in its
infancy. With the rapid development of IoT and Al, research efforts to fully realize Edge ML will
increase in the coming decades. This study provides a detailed assessment of the past, present,
and future of the Edge ML literature. Additionally, caching difficulties and best practices for
Edge ML training are clearly discussed.

Additionally, Edge ML computational latency for designing realistic and responsive
applications is studied. In this chapter, an innovative method for dynamically choosing the best
deep learning model between three CNN models for an IoT device is provided. In terms of
accuracy, inference time, and energy usage, our method offers a significant advantage over
individual deep learning models. Our strategy relies on designing a Machine learning based
system to classify tomato plant leaf diseases running with higher speed and lower power
consumption; and depending on the model input and the required level of precision that is
running locally on IoT device. A number of input features that are tuned and chosen by our
automated approach form the basis of the prediction. Using the Plant Village validation dataset,
we applied our method to the tomato image classification task and assessed it on the Nvidia

system administration interface referred to as (NVSMI).

Model compression strategies refer to a set of methodologies employed to decrease the
dimensions and processing demands of deep neural network models, while simultaneously
maintaining or decreasing their performance. These strategies yield multiple notable effects and
benefits such as, the size of deep learning models can be greatly reduced through the
implementation of model compression techniques, including quantization, pruning, and
knowledge distillation. This aspect holds significant importance when it comes to the
implementation of models on devices with limited resources or for expediting the transfer of

models over the internet. In addition, the utilization of smaller models frequently leads to expedited
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inference times. Low latency is a crucial need in real-time applications, mobile devices, and edge

computing.

Compressed models exhibit a reduced memory footprint, hence rendering them compatible with
devices possessing constrained RAM capacities, such as smartphones and embedded systems. The
process of model compression has the potential to enhance the energy efficiency of inference, a
critical factor for devices reliant on battery power and applications like mobile and Internet of
Things (IoT). The utilization of compressed models facilitates the implementation of deep learning
solutions on a broader spectrum of hardware, hence enabling efficient and scalable deployment.
The generalization performance of a smaller student model can be improved through the utilization
of compression techniques, such as knowledge distillation, which involves the transfer of

knowledge from a bigger instructor model.

One potential benefit of utilizing smaller models is the potential for savings on storage costs.
This is due to the fact that smaller models require less storage space, resulting in a reduction in
expenses associated with hosting and distributing these models. The acceleration of training can
be observed in certain instances through model compression, as the utilization of smaller models
necessitates fewer computational operations throughout the training procedure. The utilization of
compressed models is advantageous in the context of federated learning, a paradigm in which
models are trained on distributed data sources. Compressed models effectively mitigate the
burdens associated with communication and computing, making them highly suitable for this
decentralized learning approach. The implementation of model compression approaches plays a
crucial role in facilitating the deployment of deep learning models on edge devices. These
techniques enable the utilization of on-device artificial intelligence (Al) capabilities, eliminating
the need for dependence on cloud services. It is imperative to acknowledge that the precise impacts
of model compression may differ based on the employed approaches, the nature of the model, and
the given task. Although model compression presents various advantages, it entails a compromise
with model performance. The degree to which a model may be compressed while preserving
satisfactory performance relies on the particular use case and the effectiveness of the compression

techniques employed.
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Future Directions

The advantages of edge ML are clear: it prepares the way for the final mile of Al, enables the
delivery of highly effective intelligent services to users, drastically reduces reliance on
centralized cloud servers, and may successfully safeguard data privacy. Reiterating that there are
still some unresolved obstacles to achieving edge intelligence is important. It is essential to
recognize, examine, and seek out fresh theoretical and technical answers to these problems. In
this perspective, some significant edge ML issues are highlighted along with some potential

solutions.

If the model is trained centrally, this issue could be resolved quickly. The ability to learn the
invariant features of the variations is ensured by the centrally located huge training set. But this
is outside the purview of edge intelligence. Future work on this issue should concentrate on
finding ways to counteract the variation's detrimental impact on model accuracy. In order to do
this, representation learning, and data augmentation are two potential research topics. To make
the model more resistant to noise, data augmentation could be used to supplement the data during
model training. For instance, speech recognition software for mobile devices introduces a variety

of background noises to mask the fluctuation brought on by the environment.

In addition, noise brought on by sensor hardware might also be included to address the
inconsistent problem. The models are more resistant to these variations thanks to the training
with the augmented data. The effectiveness of models is significantly impacted by data
representation. When creating models, representation learning focuses on learning how to
represent data to extract more useful characteristics, which may also be used to disguise
hardware disparities. For this issue, when using the same data source, the model's performance
would be greatly enhanced if a "translation" could be established between two sensor
representations. Therefore, representation learning is a viable approach to lessen the effects of
inconsistent data. Future initiatives in this direction could include creating processing pipelines

and data transformations that are more efficient.

The model is often first trained on a central server before being distributed on edge devices in
edge ML-based Al applications. Once the training process is complete, the trained model won't
need to be retrained. These statically trained models perform poorly and provide poor user

experience because they are unable to handle fresh, unexpected data and tasks in unfamiliar
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situations. On the other hand, local knowledge is the only input for models trained using a
decentralized learning approach. As a result, these models might only become authorities in their

specific localities. The quality-of-service declines as the serving region grows.

Two options may be taken into consideration to deal with this issue: sharing knowledge and
lifetime machine learning. An advanced learning paradigm called lifetime machine learning
(LML) permits ongoing knowledge building and self-learning on new tasks. Instead of being
instructed by humans, machines are taught to acquire new knowledge on the basis of previously
acquired knowledge. Meta learning, which enables computers to automatically learn new
models, and LML are slightly distinct from one another. Lifelong machine learning (LML) could
be used by edge devices with a variety of learnt tasks such as directory updating, apps updating
or data adding/ deleting to adjust to changing environments and deal with unseen data. It is
important to remember that the LML is not primarily intended for edge devices, therefore
significant computing hardware is anticipated for the machines. Therefore, if LML is used,

model design, model compression, and offloading mechanisms should also be considered.

The exchange of knowledge across various edge servers is made possible via knowledge
sharing. If an edge server receives a task for which it lacks the knowledge necessary to deliver
quality service, it may send knowledge requests to other edge servers. The server with the
necessary knowledge answers the query and completes the task for users because the knowledge
is distributed among various edge servers. In such a knowledge sharing paradigm, a method for

knowledge appraisal and a system for knowledge querying are necessary.

The two most crucial phases of edge ML are data collecting and model training/inference.
It is difficult to guarantee the accuracy and usefulness of the information contained in the
collected data. When sensing and gathering data, data collectors use their own resources, such as
battery life, bandwidth, and processing time. It is unrealistic to anticipate that all data collectors
will be willing to contribute, let alone for resource-intensive preparation like feature extraction,
data cleaning, and encryption. All participants must work together to complete a task in order to

train or infer models.
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