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Abstract

Machine learning is becoming increasingly important across a wide range of hard-
ware platforms. Current frameworks rely on vendor-specific operator libraries and
cater to a small number of server-class GPUs. To be able to support a variety of
hardware accelerators from various suppliers, which may vary over time, it is criti-
cal to abstract the hardware in order to deploy the core neural network algorithms
across this heterogeneous hardware with minimal effort. There are various vendor
specific consortiums and standards available in the market by the respective vendors.
But to make the software portable, an abstraction layer should be build over the
vendor proprietary standards. In this thesis, we have used a compiler that provides
an abstraction level above CUDA and OpenCL so that we don’t bother to know the
details about CUDA /OpenCL programming, One such type of a compiler is Apache
TVM, which is a open source machine learning compiler framework for CPUs, GPUs
and other hardware accelerators. We have performed a comprehensive comparison
between the model compiled using Apache TVM framework and native compila-
tion for two different hardware vendors such as Nvidia and Qualcomm. Framework
models are fed into deep learning compilers, which provide optimised code for a
range of deep learning hardware. It exposes graph and operator-level optimisations
to enable deep learning workloads with performance portability across a variety of
hardware backends. TVM tackles deep learning-specific optimization problems like
high-level operator fusion, mapping to arbitrary hardware primitives, and memory
latency hiding. It also uses a evolutionary, learning-based cost modeling method
for quick exploration of code to automate the optimisation of low-level programs
to hardware features. Experiments show that TVM delivers performance compa-
rable to state-of-the-art, hand-tuned libraries for low-power CPUs, mobile GPUs,
and server-class GPUs across hardware back-ends. TVM’s ability to target new ac-

celerator back-ends, such as the GPU-based generic deep learning accelerator using
CUDA and OpenCL is also demonstrated.

Keywords: Deep machine learning, Apache TVM, GPU , OpenCL, CUDA, thesis,
self-driving cars, Nvidia Jetson, Qualcomm, performance, native programming.
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1

Introduction

Smart applications that aid modern driver assistance systems and self-driving ve-
hicles are increasingly being deployed to many devices, from cloud servers to edge
devices. One of the primary technologies that enable self-driving cars is deep learn-
ing (DL). The DL models have become more efficient in getting better accuracy by
handling large datasets, thus, making the computer systems capable.

The drawback of most of these frameworks is that they focus on a restricted number
of server-class GPU devices and defer target-specific optimisations to vendor-specific
operator libraries that are well designed. It requires more manual adjusting and is
too optimised and complex to move quickly from device to device.

Any efforts that are taken to increase the performance of these techniques are valu-
able. In this case, DL accelerators are used, which are hardware architectures that
are specifically designed to increase the performance of the hardware that is running
the DL algorithm. Vendors like Intel [1] and Xilinx [2] already provide accelerators
for various applications, including convolutional neural networks (CNN).

For an optimised deployment of current DL frameworks on different vendors’ GPU
targets, we can use parallel computing platforms and programming models such as
CUDA [3] and OpenCL [4] to abstract the efforts required in writing GPU code into
independent modules. Nvidia’s CUDA and Khronos Group’s OpenCL are widely
used frameworks for writing applications that can run on GPUs. CUDA can be used
only on Nvidia GPUs, but OpenCL can be used on many GPU device vendors.

The heterogeneity of the hardware characteristics in various hardware targets from
different vendors differ in the architecture of Instruction Set Architecture (ISA),
memory and compute unit organisations, which makes mapping DL workloads to
the hardware target difficult. Nevertheless, it is essential for software developers to
have an abstraction layer that enables simple deployment of the model on different
hardware vendor targets without much alteration in the application itself and less
focus on low-level details of the hardware target vendors. Furthermore, the challenge
in creating an abstraction is finding a hardware-independent, general programming
model that can handle different sets of functionality that should be performed by
accelerators [5].

Accelerators from different vendors, such as Nvidia and Qualcomm, can use OpenCL
for abstraction, as OpenCL supports both vendors. However, its generality may
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result in a performance penalty. For example, CUDA performs better in data trans-
ferring to and from GPU on Nvidia devices when compared with OpenCL [6].

The ultimate goal of this thesis is to develop an accelerator abstraction layer for
accessing the CNN application without being exposed to the low-level details of the
accelerator technology and compare its performance with the native implementation
of the model. The accelerator abstraction layer should be compatible with the pop-
ular programming environments and languages that developers are already familiar
with [5].

Therefore, this thesis will initially analyse various software abstraction layers for
CNN from the related current works. Then, we will find a suitable method to ab-
stract the CNN model adaptable for the suggested hardware. Then, we will design
a CNN model that can be abstracted and implement an optimal abstraction layer to
compute the CNN rapidly and efficiently using the heterogeneous hardware acceler-
ator. Furthermore, we will compare the efficiency of the abstraction layer with the
direct deployment of the model with native frameworks of the respective hardware
based on various performance metrics.

1.1 Background

Volvo cars is an automotive company that manufactures cars that also recently in-
corporated the autonomous driving feature. These autonomous cars have lidars and
cameras to perform various autonomous driving functionality connected to two main
computers in the car. The two main computers used in Volvo cars for autonomous
driving are Autonomous Drive Primary Module (ADPM) and Vehicle Control Unit
(VCU). Apart from these, many other microprocessors are present in the car to
perform various applications.

The primary control units are VCU and ADPM, which run the applications for
autonomous driving. One is the CNN application which translates pixels from the
camera input to driving commands and is deployed in the VCU. The VCU uses
Nvidia GPU accelerators to speed up the computing process of CNN. In the future,
the company might change the CNN application to be deployed in ADPM, which
uses Qualcomm GPU for redundancy. In this case, developing an algorithm for each
hardware vendor is not optimal. Thus a single programming interface for diverse
heterogeneous systems should be designed to overcome the cross-platform program-
ming barrier.

In this thesis, the scope is limited to Nvidia and Qualcomm boards. The pre-trained
YOLOV3 [7] and MobileNetV2 [8] model will be used as suitable CNN models for
testing purposes. Thus, DL compilers will be a good choice for abstraction that can
generate target-specific programs for CUDA and OpenCL. These suitable frame-
works result in a good performance for the corresponding accelerators. Then, we
will compare the performance of the CNN model using the DL compiler with di-
rect implementation using suitable frameworks. Some of the suggested performance
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metrics that are significant to analyse are throughput, adaptability, GPU usage,
memory, execution time, and how well our model adapts to new hardware with ease
and expressiveness, that is, how easy it is to express a wide range of CNN models
with various hardware vendors.

1.2 Related Work

Deep learning frameworks [9] give users a simple way to express deep learning
workloads and deploy them on various hardware backends. Rather than relying
on vendor-specific tensor operator libraries to run their workloads like the existing
frameworks.

In the present era of machine learning, compiler development for DNNs has re-
ceived considerable attention. A few prominent frameworks designed to compile
deep learning models into minimum deployable modules are Apache TVM [10], In-
tel’s nGraph [11], Nvidia’s TensorRT [12] , Google’s XLA [13] , and Tensorflow Lite
[14]. These frameworks take a computation graph from deep learning frameworks
like PyTorch, Caffe2, and Tensorflow and generate highly optimised code for ma-
chine learning accelerators.

Deep learning compilers [9] have gained prominence in recent years as a flexible
way to optimise and deploy deep learning models. Apache TVM [10], Glow [15]
and XLA [13] are three DL compilers that provide optimisation and code creation
for different hardware platforms.

A comprehensive survey by Chen Tiangi at al[16] shows that the TVM compiler is
suitable for platforms like server-class GPUs, embedded CPUs and GPU, low power
FPGA SoCs. Benchmarks were generated using real-world DL inference workloads
such as ResNet and MobileNet. Unlike an external operator library, TVM provides
end-to-end automatic optimisation and code generation compared to existing DL
frameworks.

1.3 Thesis Overview

We begin by providing a brief overview of CNN and the abstraction layer for het-
erogeneous CNN accelerators, explaining the choice of DL compiler, and discussing
relevant studies and our contribution to the present chapter. In the following Chap-
ter 2, we will give a more in-depth CNN description, implementation of CNN on
GPU, the introduction of Nvidia and Qualcomm GPUs, and a brief description of
how TVM works. Chapter 3 will help the reader understand the tools and DL
models designed using specific frameworks and describe the native implementation
of CNN and the abstraction layer. Chapter 4 will show the results of both the
methods described in the previous section and compare the two using performance

3
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metrics. In the final Chapter 5, we will give the conclusions drawn from our work
and suggest some future work.



2

Technical Background

In this chapter, we will explain the abstraction layer, the choice of DL compilers
as an abstraction layer and why the Apache-TVM DL compiler is chosen. We will
also explain the general structure of CNN, details of the hardware used, the general
architecture of the DL and TVM compiler and the GPU architecture of Nvidia and
Qualcomm.

2.1 Abstraction Layer

Currently, accelerator devices are employed in high-performance computing (HPC)
systems, where this tendency is discernible from desktop computers to conventional
supercomputers [17]. Therefore, the software executed on these targets should also
be deployed efficiently for an optimised result. To develop solutions to be deployed
in these heterogeneous systems, there can be two possible approaches: utilising a
single programming model to handle the conceptual and architectural variations
among the many computational devices and combining various programming mod-
els designed for each computing device [18]. However, the second approach is better
than the first approach because, in the first approach, displaying non-complete regu-
lar programs with complex communications or synchronisations can be challenging.
Also, the final code will not be as optimised as the original code. Furthermore,
the second approach requires more in-depth knowledge about various programming
models and various strategies used for memory access for different hardware targets
for the programmer, as the programmer is responsible for manually handling the
transfer of data from between various memory spaces at the opportune time based
on the device’s memory architecture and choosing the suitable kernel-launching con-
figuration parameters. Though it is a tedious process for manual adjustment, it is
more optimal.

In addition, several popular DL frameworks, such as TensorFlow and Darknet, are
proposed so that developers can build and deploy DL models quickly. A unified
model format, such as ONNX [19], can be used to provide interoperability for the
model to be used across different frameworks. Therefore, to bridge productivity-
focused deep learning frameworks and the performance-or efficiency-oriented hard-
ware backends, the compiler technology makes the process sophisticated by gen-
erating optimised kernel codes based on the hardware target. The compiler will
automatically help to manage some of the tasks, such as creating a program based
on the programming model such as CUDA and OpenCL to utilise the accelerators’
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computing capabilities, an optimisation system, memory management, and abstrac-
tion for indexed data structures. Compilers take DL models represented with DL
frameworks as input and generate optimised code based on hardware targets as out-
put [20].

Finally, when comparing multiple DL compilers such as TVM, nGraph, TC, Glow,
and XLA, TVM is a better choice of compiler based on the reasons such as bet-
ter performance on CPU for both full-fledged models and lightweight models and
also better tuning performance on both CPU and GPU. It also enables sub-graph
partitioning, quantisation, and unified optimisation, which means sharing advanced
optimisations and supporting new hardware platforms, differentiable programming,
privacy protection and training support [9].

2.2 Convolutional Neural Network

CNN is part of the artificial neural networks (ANN) family within DL, widely used
in computer vision applications in the automobile and medical industries. It has
three layers: convolution, pooling and fully connected. The convolution layer and
pooling layer extract features, while the fully connected layer maps those features
to the final output [21], as shown in figure 2.1.

fc_3 fc_ 4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelLU activation
Convolution Convolution 1 K—M
(Sl)fds) kg:;r?el Max-Pooling (S;ds) k;;r_\el Max-Pooling (with
valid padding (2x2) vaild padding (2x2) /N dropout)

‘92

> X

OUTPUT

INPUT nl channels nl channels n2 channels n2 channels |
(28x28x 1) (24 x 24 xnl) (12x12xnl) (8 x 8 xn2) (4 x4 xn2)

¢« 0604

n3 units

Figure 2.1: Convolutional Neural Networks
[22]

The fundamental component of CNN is the convolutional layer. The convolutional
layer is usually stacked with multiple layers that perform feature extraction, convo-
lutional operation, and activation function, as shown in figure 2.2. The convolutional

6
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operation is essentially an element-wise multiplication operation between two ma-
trices. One of the matrices is a kernel, a filter or group of weights used to extract
the image’s feature and always smaller than the size of the input image. The other
matrix is a portion of the input image. The input image has three RGB channels,
and if it is black and white, it has only one channel, and according to the number of
channels in the input image, the number of channels for the kernel also varies. The
kernel is passed throughout the image, element-wise multiplication is performed,
and the final output matrix is called a feature map.

The convolution method described above prevents the centre of each kernel from

/] Convolution A Activation A Max Pooling

/] // :
// // ARG ,/ Operation
/ / /
A A/ /
/| ¥ /] .’V /]
A4
7 ) jﬂ A -
/ / 2 %8 m——
£ 1 A e
) / i
/' Kernel Y/ /
y/ y/ y/
Y / Y
Y/ / Y
/ 4 4
Y/ y/ Y/
Input Output Activated Pooled
Image feature map feature map feature map

Figure 2.2: A basic CNN block depicting a single layer which applies a kernel on
an input filter followed by an activation function and a max pooling operation
[23]

overlapping the input of the outermost element of the tensor, reducing the output
height and width of the feature map compared to the input tensor. To deal with
this problem, zero padding is done as shown in figure 2.3. Zero padding adds ad-
ditional rows and columns of zeros to all sides of the input tensor so the feature
map would not get smaller after the operation. The stride is the distance between
two successive kernel points. Usually, the stride is one, but it can also be bigger.
The output of the convolution layer is sent to activation function which computes
f(x) = max(0, z).
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Padding

a 0 a o o o 0 a

final 8x8

Figure 2.3: Zero Padding
[24]

The next layer is the pooling layer which downsamples the output from the previous
layer by compiling a list of features seen in patches. The pooling layers do not have
learnable parameters, but hyperparameters like filter size, stride, and padding are
present, much like convolution operations. There are two types of pooling: max
pooling and average pooling, which are used to downsample the feature map and
then passed to the next layer. The final layer is the fully connected layer which
uses the output of the pooling layer and converts it into a one-dimensional (1D)
numeric array (or vector)as shown in figure 2.4. There are multiple fully connected
layers where every input is connected to every output by a learnable weight [25] [26].

Flattening Output value

Input Layer Fully Connected Layer QOutput Layer

Figure 2.4: A fully connected layer
[27]

2.3 DL Compiler

Various DL programming frameworks, such as PyTorch, MXNet, TensorFlow and
Keras, make the application of DL models easier. Interoperability between the
frameworks is critical for enabling emerging DL. models across existing DL models
depending on the tradeoffs in their designs. Therefore, an open-source standard

8
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was proposed - the "ONNX model" to improve interoperability. This model helps
convert all the DL models into different DL frameworks easily, as shown in figure 2.5.

Moreover, highly efficient DL chips customised to perform matrix multiplication
and improve the computing capability of the DL models were invented, such as
Google TPU and Hisilicon NPU, and some of the processor vendors are NVIDIA
Turing and Intel NNP. It is critical to efficiently map computation to DL chips
to speed up the DL models on various DL devices. Hence, various libraries were
released specifically tailored for DL operations, like Basic Linear Algebra Subpro-
grams(BLAS), to increase DL operations’ efficiency and faster computation.

The disadvantage of depending on libraries and tools for mapping DL models to
various DL chips is that they frequently fall behind the rapid growth of DL models,
causing them to be underutilised. DL compilers were utilised to address this limita-
tion. These compilers can take the model specifications provided in DL frameworks
as inputs and deliver an efficient, optimised code for the specified DL hardware.
Furthermore, existing DL compilers use mature toolchains from general-purpose
compilers (e.g., LLVM), resulting in improved portability across a wide range of
hardware architectures. The DL compilers use a layered design with a frontend,
multi-level intermediate representation (IR), and backend, focusing on optimisation.
In this thesis, we have used Apache TVM DL compiler for the following reasons [9]
such as supporting most of the common DL frameworks and DL hardware chips,
OpenGL to generate codes, the execution of the model in standalone mode using
ahead-of-time compilation (AOT) and also quantisation.

Currently popular DL Frameworks

T TensorFlow  PYTORCH & caffez  @xnet CNTK -/5/5520?%! Ed keras Caffe

Historical DL Frameworks |

theano &» Chainer “H.DL4Y € ONN)X ~ OXswpored

Figure 2.5: DL framework view: 1) Currently popular DL frameworks; 2)
Historical DL frameworks; 3) ONNX supported frameworks.

[9]

Thus, as mentioned in the above section, the Apache TVM compiler is used in this
thesis for the reasons explained above. It is an open-source machine learning com-
piler that distils the largest, most powerful deep learning models into lightweight
software that can run on the edge. This allows the acquired model to run inference
much faster on various target hardware (CPUs, GPUs, FPGAs accelerators) and
save high costs. The architecture of the TVM compiler is explained in more detail
in the next section.
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2.3.1 Design Architecture of TVM

This section presents the overall architecture of the Apache TVM. It consists of two
parts: the frontend and backend of the compiler, as shown in figure 2.6.

“Front End

veTema

Optimization Loop

N
®

Compiler Hardware
(Scalable RPC Runtlme

Lo

Tumng Algorithm :
(Machine Learning Based AutoTVM) ]

Deployable Module
Figure 2.6: TVM Model
[28]

The frontend and backend use the intermediate representation (IR), an abstraction
of the program used across the entire stack that consists of a collection of functions
used to optimise the program. The next step is the transformation which is carried
out for two reasons; firstly, for optimisation, where the same program is transformed
to a more optimised version and secondly, for lowering, that is, the program is trans-
formed to a lower level and closer to the target.

10
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Model creation “ Model deployment

<

»
w Ll :
Cloud inference
&S - Large gap
00, Data iiii- 08
o colect (7,09
collection, Green Al Performance/efficiency —
% curation, Model optimization and tuning is i 0o
dP‘{o annotation m : essential for viable deployment.
11100
Productivit
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| Changing deployment HW s @
requires significant manual effort b
@ Model

development

Figure 2.7: TVM Model creation and deployment
[29]

The figure 2.7 gives an idea about how the DL model is deployed using TVM. First,
the model is ingested through the frontend of the compiler to the IR, which has
a collection of functions representing the model concerning the internal representa-
tion.Numerous changes are made from one IR module to another IR module that is
functionally comparable. This is done in the case of quantising the model for a more
compact model representation, but this transformation is done independently of the
hardware. The next step is transformation based on the hardware specified where
the IR module translates (Codegen) to another IR module. Finally, the outcome is
packaged as a runtime module that can be exported, loaded, and executed on the
target runtime environment.

2.3.2 Overview of how TVM works

TVM has been built to achieve state-of-the-art results with hardware-specific opti-
misations on embedded CPU, GPU, embedded GPU and FPGA hardware. TVM
supports numerous hardware optimisations; initial graph level optimisations like
pruning and fusion are nearly identical for all hardware, but low-level hardware-
specific optimisation varies depending on different hardware.

TVM offers many levels of optimisation, as shown figure 2.8. When the model
is imported, the graph undergoes first-level optimisation, which includes graph level
fusion, layout transformation and memory management. This optimisation happens
at the tensor level at the code generation layer. The TVM stack has many layers;
firstly, the user interfaces layer. This layer is written in python and supports input
modules of various frameworks. In this layer, DL models designed with specific
frameworks such as TensorFlow, Caffe, and onnx are converted to TVM-compatible
graphs.

11
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Model in any framework like TensorFlow,
Keras

TVM
Frontend

NNVM Intermediate Representation
(sys,graph)

NNVM Compiler

\j
Compiled NNVM graph (sys,graph,lib)

TVM Backend

Y
Deployed on various backends like
LLVM, CUDA

Figure 2.8: TVM workflow

The second layer is the computation graph optimisation layer. The graph repre-
sentation is optimised by various passes like a pre-compute prune, which prunes
the graph nodes that can be computed at compilation time. The layout conver-
sion pass adds the necessary layout conversion operations (or nodes) across layers if
there is a layout mismatch between layers. Then, a fusion pass is added to convert
the computation of multiple nodes into one based on specific rules. For rapid code
optimisations, a breakthrough learning-based cost model method automates the op-
timisation of low-level programs to hardware characteristics.

The last layer in the stack is the schedule space and optimisations for low-level and
hardware-specific optimisations. Here, operators are built using a tensor expression
language and provide primitive changes in the program that generate various opti-
mised programs. We will discuss further the tools, code and implementation of the
CNN model using TVM in the subsections in detail [29].

2.4 GPU Introduction

A graphics processing unit (GPU) is one of the vital computing units designed to
perform parallel processing and is used in various applications such as graphics and
video rendering. It has many cores, and each core runs at a much slower clock speed
than a CPU. GPUs are designed to speed up the execution throughput of massively
parallel programs. For example, the Nvidia GeForce GTX 280 GPU has 240 cores,

12
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each of which is a heavily multi-threaded, in-order, single-instruction issue proces-
sor (SIMD single instruction, multiple-data) that shares its control and instruction
cache with seven other cores. So far, GPUs have been the best in handling floating
point operations per second.

GPUs are designed for data-intensive applications, created for designing 3D ren-
dering and necessitate storing a significant amount of texture and polygon data.
The caches cannot handle such vast amounts of data; the only way to improve ren-
dering performance was to raise the bus width and memory clock. The Intel i7, for
example, has a memory bus width of 192b and a memory speed of 800MHz, making
it the fastest processor currently available. The GTX 285 had a memory clock of
1242 MHz and a bus width of 512b. The GPU has hundreds of cores compared to
the 4 or 8 cores in the latest CPUs, as shown in figure 2.9.

GPU
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Figure 2.9: CPU-vs-GPU-architecture
[30]

2.4.1 GPU Architecture

A CPU handles complex tasks such as time slicing, virtual machine emulation, com-
plex control flows, branching, and security. They are in charge of billions of low-level,
repetitive tasks. They were initially meant to produce triangles in 3D graphics and
feature hundreds of arithmetic logic units(ALUs) compared to ordinary CPUs, which
typically have only 4 or 8. Many scientific algorithms spend most of their time doing
what GPUs are designed to do, that is billions of repeated arithmetic operations.
The graph in figure 2.10 depicts the improvement in the performance of GPU over
time when compared to classic CPU architectures.

A GPU program comprises a host component that runs on the CPU and one or
more GPU kernels. The CPU component of the program is typically used to set up
the parameters and data for the computation, whereas the kernel portion is respon-
sible for the actual computation. In some circumstances, the CPU part will include
a parallel application that uses a message passing interface (MPI) to accomplish
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[31]

message passing activities [32].

2.4.2 GPU Implementation of CNN

In high-performance computing (HPC) and real-time systems, the utilisation of GPU
platforms is becoming more common. Previously, GPUs were only used in the gam-
ing sector. However, because of their benefits, GPU increasingly being employed by
general platforms to meet the needs of many types of users. As a consequence of
all this, the general-purpose GPU (GPGPU) evolved. These devices show enormous
raw computational capability when compared to traditional CPUs. The architec-
ture of these cores differs based on the manufacturer. However, each core contains
pipelined ALU, which implements the essential arithmetic functions. Therefore,
these cores have a smaller instruction set when compared to CPUs. For example,
the GeForce GTX 560 GPU has 336 CUDA cores, for which 1.95 billion transistors
have been used [33].

The implementation of the DL model necessitates a significant amount of computing
power. Specifically, the training phase of the DL model requires more resources as
it takes a large number of inputs processed with adjustable weights during train-
ing and gives a prediction. These operations usually involve matrix multiplications.
Thus, an NN will use thousands of parameters to handle this operation, as shown
in figure 2.11. It is achievable using CPUs. However, it would consume more time.
Therefore, to make this process faster, GPU is a better solution as they parallelly
execute the tasks rather than executing one-by-one. One of the features of GPUs
is dedicated memory that performs the floating point computations required for
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graphics rendering [35].
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2.5 Nvidia GPU

In the late 1990s, Nvidia released the first GPU, the GeForce 256. GPUs have
become cheaper, more powerful, and smaller since then and have become one of the
significant components of deep learning. The GPU has multiple cores with high
throughput. Many of the major deep learning frameworks are compatible with this
platform, and Nvidia offers tools to use them, such as cuDNN and TensorRT [36].

2.5.1 Compute Unified Architecture(CUDA)

CUDA is a programming model for general-purpose computing on Nvidia GPUs,
which allows non-sequential tasks to be executed in parallel with other processes on
the GPU [33]. It is a C/C++ programming extension. CUDA is a parallel comput-
ing platform and an API model developed by Nvidia. CUDA combines hardware
and software technology that enables programmers to write well-optimised code for
a GPU architecture typical to all CUDA graphics cards. The CUDA architecture is
designed for the immense use of parallel computing applications and those that use
a lot of computation power. It assists programmers in writing programs in various
languages and providing keywords for extensions for languages such as C, C++,
Python, MATLAB and Fortran.

The architecture of CUDA consists of various components such as parallel com-
pute engines, OS-kernel level support for hardware initialisation and configuration,
device-level API for developers and PTX instruction set architecture (ISA) for par-
allel computing kernels and functions.

2.5.2 CUDA - GPU design

The figure 2.12 represents the architecture of a CUDA-capable GPU, which con-
sists of 16 streaming multiprocessors (SMs), each having eight streaming processors
(SPs), making a total of 128 SPs. Each SP has a multiply and addition unit and
an additional multiply unit. The GT200 has 240 SPs and exceeds 1 Tera floating
point operations per second (TFLOP) of processing power. Each SP is massively
threaded, and each application can run thousands of threads. For example, the G80
card supports 768 threads. Because each SM has eight SPs, each SP can support 96
threads. The total number of threads that can be run is 128 * 96 = 12,228. This is
why CUDA-capable GPU are referred to as "massively parallel" processors [32].
The CUDA parallel programming model has three critical abstractions at its core:
a hierarchy of thread groups shared memories and barrier synchronisation. The
CUDA abstractions provide fine-grained data parallelism and thread parallelism,
which are nested within coarse-grained data parallelism and task parallelism. They
show the programmer how to divide the problem into coarse sub-problems that can
be addressed independently in parallel by blocks of threads and finer sub-problems
that can be tackled cooperatively in parallel by all threads within the block.

A kernel is executed in parallel by an array of threads where all threads run the
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Figure 2.12: Architecture of a CUDA capable GPU
32]
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same code. Each thread uses an ID to compute memory addresses and make control
decisions. These threads are arranged as a grid of thread blocks where different
kernels can have different grid/block configurations, as shown in figure 2.13, and
threads from the same block have access to shared memory, and their execution can
be synchronised. It also provides an 8GB/s communication channel with the CPU
(4GB/s for uploading to the CPU RAM and 4GB/s for downloading from the CPU
RAM).
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o
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Figure 2.13: Grids and Threads
32]

The grid of blocks and the thread blocks can be 1, 2, or 3-dimensional as shown in
figure 2.14.

One of the main advantages of CUDA over traditional GPGPUs with graphics API
is that they have Integrated memory (CUDA 6.0 or later) and Integrated virtual
memory (CUDA 4.0 or later). They provide full support for bitwise and integer
operations. Moreover, CUDA has shared memory which provides more bandwidth
and improves performance [37].
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Figure 2.14: Grids and Threads with different dimensions
32]

2.6 Qualcomm GPU

Adreno is a sequence of GPU semiconductor intellectual property cores developed
by Qualcomm. These GPUs are used in many of their System-on-Chip (SoCs) [38].
These GPUs accelerate the rendering of complicated geometries, resulting in high-
performance graphics and a rich user experience while consuming little power [39].

To speed up the rendering of complicated geometry, the design of the Snapdragon
processor incorporates the AdrenoTM GPU. The Adreno GPU is a component of
the Snapdragon that produces excellent graphics with smooth animation (up to 144
frames per second) and HDR, (High Dynamic Range), which supports over one bil-
lion different shades of colour. The Snapdragon platform is depicted in the simple
block diagram in figure 2.15.

The GMEM in the block diagram above represents the local memory of the GPU.
It is used for fast colour and stencil rendering. The GPU effectively burst writes all
the blended pixels from GMEM to the frame buffer in system memory in a single
layer. In the Snapdragon, the Adreno is designed to improve GPGPU performance
to distribute the workload of the CPU cores to cover a wide range of use cases such
as computational rendering, computer vision, image processing, and machine learn-
ing.

The Adreno GPU utilises the unified shader architecture, which employs several
shader processors and is not tailored for either pixel or vertex processing, but rather
is capable of handling both instruction types and completing both tasks at once.
The shaders improve the efficiency of vertex and pixel shaders and offer a high de-
gree of latency for multithreading and FIFOs. The advanced architecture ensures
that nonvisible or concealed pixels are quickly rejected before texture fetch and pro-
cessing for better efficiency and performance.

All prominent graphics APT standards, such as OpenGL ES 3.2 (Android O or later),
OpenCL 2.0 FP-compliant, Google RenderScript, EGL 1.4 plus extensions, C2D 3.0,
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[40]

and Vulkan 1.0, are supported by the Adreno GPU (Android O or later) [40].

The Qualcomm Adreno 640 chip was introduced in early 2019 and was mainly used
for high-end Android devices. This GPU is a primary GPU for smartphones and
tablets, integrated within the Qualcomm Snapdragon 855 SoC. This GPU supports
Vulkan 1.1 APT [41].

A 10 nm technology was used to create the GPU. The Adreno 640 graphics processor
features 384 ALUs running at 750 MHz as shown in the figure 2.16 and is used in
games like Minecraft, Asphalt 9, Madout2, GTA, PUBG, Call of Duty, and others.

In this thesis, we are using an Adreno GPU high-level diagram from the perspective
of OpenCL programming.

2.6.1 OpenCL

OpenCL is another programming model that supports various accelerators found in
various embedded devices. OpenCL has a controller-device execution model, host
process running in the CPU, and task creation and managing is done in GPU. In
this case, the host creates the target device’s kernel code and submits the task for its
execution to the command queue hence the command queue schedules the task on
the GPU, sometimes asynchronously. It consists of four components: a work item,
a separate thread that executes the kernel software; work group, a group of threads
that work together in lockstep; local size, dimension of each workgroup which can
be up to three-dimensional arrangements; global size, The overall number of threads
that must be executed. The memory hierarchy in OpenCL has four types, private,
constant, local and global. OpenCL takes complete control of the hardware and is
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in charge of the parallelization process [42]. The basis of the OpenCL programming
model is the idea of a host device backed by an application API and other devices
connected through a bus, where the host API consists of platform and runtime
layers. Thus, the Qualcomm hardware uses TensorFlow, an open-source mobile
deep learning framework, and its OpenCL backend to compute kernels on GPUs.
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Methods

In this chapter, we will discuss the design of the DL model using specific DL frame-
works, its necessary tool-chain, and the specific library functions used to implement
the object detection CNN model and discuss the implementation of the abstraction
layer for heterogeneous NN accelerator using Nvidia Jetson Nano and Qualcomm
board respectively.

3.1 Need for abstraction layer

The limitation in this thesis is designing a DL programming model compatible with
both Nvidia and Qualcomm hardware accelerators. The abstraction layer we design
must be able to work on both this platforms irrespective of their internal hard-
ware designs and specifications. It might be challenging to program a shared and
optimal neural network with a commonality or intersection between these two hard-
wares. Since both the hardware platforms support a specific software development
kit (SDK), it might be cumbersome to study and test these SDKs with different
programs. HW accelerators could have different limitations in the NN layers they
support, such as integer and or float operation. Therefore, the abstraction layer
should support the intersection of available functionality or the union, where the
TVM compiler comes into the picture. TVM intends to close the gap between
developing machine learning models and their implementation in production. It
streamlines the time-consuming process of adapting the models to different types of
backend hardware, such as CPUs, GPUs, and specialised accelerators [43].

3.2 Nvidia Jetson Nano

In this section, we will discuss the features of the Jetson Nano development kit,
implementing CNN with native and TVM compilation on Jetson Nano.

3.2.1 Nvidia Jetson Nano Module

We have used the Nvidia Jetson Nano development kit as one of the vendors of
GPU-based accelerator and implemented the abstraction layer as shown in figure
3.1.
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Figure 3.1: Nvidia Jetson-Nano
[44]

The Nvidia Jetson Nano module is compact of size (69mm x 45mm) and a pow-
erful computer that features a 64-bit quad-core Arm Cortex-A57 CPU running at
1.43GHz, as well as an Nvidia Maxwell GPU with 128 CUDA cores capable of 472
GFLOPs (FP16), 4GB of 64-bit LPDDR4 RAM, and 16GB of eMMC storage. It
also runs Linux for Tegra. The 260-pin SODIMM connector on the 70 x 45 mm mod-
ule separates video, audio, USB, and networking interfaces and can be connected to
a compatible carrier board. The above features let us run multiple neural networks
in parallel for applications like image classification, object detection, segmentation,
and speech processing which delivers 472 GFLOPS of computing performance for
running modern Al workloads and is highly power-efficient, consuming as little as 5
watts [45] [46] [47].

The Nvidia Jetson Nano developer kit has a MicroSD card slot for storage. The
connections are via Gigabit Ethernet and M.2 Key E and a 2.0 Micro-B port to
connect the power source. The OS used is Ubuntu 18.04. The Jetson device is
configured with 2 GB reserved swap memory and 4 GB total RAM. The board fea-
tures peripherals such as USB ports, HDMI and DisplayPort, pin connectors, and
an Ethernet connector. The board can be powered using either a 5V/2.5A micro
USB or a 5V/4A barrel connector [48].

The Jetson Nano can be used as a standalone computer as it runs on Ubuntu.
As a result, it can take advantage of the frameworks, tools, and libraries available
for Ubuntu to improve efficiency during development. The Jetson Nano has power
options that need to be set to maximum to obtain the performance. The commands
sudo nvpmodel -m 0, sets the Jetson Nano to maximum power usage, and jetson
clocks, which disables dynamic frequency and voltage scaling (DFVS), can be used
to do this [49].
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3.3 CNN Model

Firstly, we implemented CNN using a pre-trained Yolov3 (You Only Look Once)
object detection model because it is fast and accurate. All Yolo models work by
performing regression, i.e. they work by predicting the bounding boxes and class
probabilities for each using a single network pass.

The Yolov3 model is a real-time object detection algorithm that identifies specific ob-
jects in videos, live feeds, or images. It is an improved version of Yolo and Yolov2.
There are significant differences between Yolov3 and previous versions regarding
class speed, precision, and specificity. In Yolov3 models, the bounding boxes get
predicted at different scales [7].

Along with the Yolov3 model, we have used the Darknet framework to train neural
networks. It is open source written in C or CUDA and serves as the basis for Yolo.
In addition, it acts as a backbone for the Yolov3 object detection approach.

3.3.1 Implementing CNN with Native Compilation

We implemented CNN with native compilation using the Yolov3 model as the infer-
ence. We used Pjreddie’s Yolo [50] model and compiled the Darknet using 'make’
along with OpenCV for building a deep learning model.

The first step we took was to install all of the package dependencies for the Yolov3
model on Ubuntu. The prerequisites for GPU acceleration using an Nvidia GPU
with Cuda cores, including the installation of libraries and versions of Cuda, have
been met. When we download the Darknet, a makefile is also installed. In order
to run this model on GPU, a few parameters must be modified in the makefile;
therefore, we enabled CUDNN and GPU to accelerate the training process three-
fold over actual training. Furthermore, we have enabled OpenCV in the makefile
to accelerate the DNN module’s implementation. After all the changes have been
made, the makefile is executed to implement the changes. The model is then tested
with a single image to detect the object. The pre-trained weights are trained using
the COCO dataset and then used in the model. After multiple trials, we set the
threshold value as 0.25 as it gives reasonable accuracy. After the model is executed,
an output image with bounding boxes and accuracy will be predicted. The time
taken to compile the model will be measured. This is one of the critical parameters
used for comparing the performance of the native model with the TVM compiler.

3.3.2 Implementing CNN with TVM Compilation

This section will explain the TVM compiler and how it is implemented to build a
unified, programmable software stack. We will also explain the installation of TVM
and the implementation of the Yolov3 model using the TVM compiler.
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3.3.2.1 Installation of TVM compiler

There are multiple ways to install the Apache TVM on a Ubuntu OS, one of which
is installing from a source. To begin with, we installed the TVM package from the
official website. Firstly, a git folder of the TVM package is cloned, and multiple files
and libraries are downloaded to a folder in the system.

The downloaded TVM package contains a makefile, which can be configured and
executed. For example, if we want to enable or disable the CUDA backend, we can
set set(USE_CUDA ON) or set(USE_CUDA OFF) . Likewise, if we want the
enable the graph executor and debugging functions, we set them as
set(USE_GRAPH EXECUTORON)and set(USE_PROFILER ON) respec-
tively. Similarly, we can also enable the 'debug with relay IR’ parameter. Then,
we install the LLVM package for CPU codegen, and suitable changes are made in
the TVM makefile file. Finally, the makefile is executed, where all the necessary
parameters are set to modify the TVM as required.

The next step is to setup a Conda environment as it is a great tool for obtain-
ing the dependencies that are needed to run TVM. Since, Jetson Nano is 64bit arm
cores and does not support Anaconda, we have installed Archiconda, which is a
distribution of Conda for 64 bit ARM and then, a Conda environment is built for
TVM. Finally, Python and C++ packages and their dependencies are installed.

3.3.2.2 Implementation of CNN using TVM compiler

We started with compiling and optimizing a basic CNN model like Resnet50 on
TVM and then tuning it by making use of the auto-tuner which is in-built into
the TVM. The Resnet50 is a model with 50 layers that are trained with multiple
numbers of images in various classifications. The image size given as input for this
model is 224 x 224.

Firstly, we used TVMC which is a command line driver of TVM that reveals TVM
features like auto-tuning compiling, profiling, and execution of models available
through the command line interface. The Jetson Nano can be used as a standalone
computer as it runs on Ubuntu. As a result, it can take advantage of the frameworks,
tools, and libraries available for Ubuntu to improve efficiency during development.
The Jetson Nano has power options that need to be set to maximum to obtain full
performance. The commands sudo nvpmodel -m 0, sets the Jetson Nano to maxi-
mum power usage, and Jetson clocks, which disables dynamic frequency and voltage
scaling (DFVS), can be used to do this and line interface. It is a Python application
that is installed with the TVM python package. The TVM supports a model in
various formats such as Keras, ONNX, Tensorflow, etc. For testing purposes, we
downloaded the Resnet50 in ONNX format from the web. Here, we are using CPU
for compilation and we give LLVM as the target. In case, we need GPU to com-
pile, we must give CUDA as the target. We then compile the model with the tvmc
compile command. After compilation, a Tape Archive files (TAR) file consisting of
three different files is generated. First, a mod.so file is generated. This file is the
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model represented as a c++ library that can be directly used in the TVM runtime.
Second, a mod. json file is generated which contains the computational graph rep-
resented in the text format, and then, a mod.params file is produced that contains
the parameters of the pre-trained model. This compiled model is then loaded in
the TVM runtime which is in-built into TVMC along with the input image. The
image is resized as required by the model and the ONNX format expects it to be in
NCHW (batch N, channels C, height H, width W) format. Therefore, it is converted
to NCHW format, and the image is normalised according to Imagenet. Finally, we
run the model in TVM runtime using tvmc run and predictions.npz file is pro-
duced as an output. Then, the predicted file is converted to a more human-readable
form to produce a proper output.

The next step is to optimise the model to run faster. Therefore, the model is tuned
according to the target. The tuning process is not similar to training or fine-tuning
because it does not make any changes in the accuracy of the model but rather just
improves the runtime performance. XGBoost package is also used for this purpose to
get an optimised distributed gradient boosting. This tuned output is again compiled
and run. Lastly, the performance of the tuned and untuned models are compared.

As a further step, we used the Yolov3 object detection model with Darknet deep
learning framework using OpenCV and CFFTI libraries and compiled using TVM.
The same weights cfg files and Darknet C+4+ libraries are used from the previous
task. When the frontend is executed, the graphical representation will be gener-
ated. This graph is then converted to relay using the functions of TVM. During
compilation, the target has to be set to GPU, therefore, it is set to CUDA. After
compilation, the input image is specified and the model is executed.

In this process, we did not tune the model due to memory restrictions in Jetson
Nano, thus we did not obtain an optimized model and the compilation time is
greater than expected. However, according to studies, the obtained compilation in
GPU will be 30 times better than the native compilation if the model is tuned.

3.4 Qualcomm Board

In this section, we will discuss the features of the Qualcomm board, implementing
CNN with native and TVM compilation on the Qualcomm board.

3.4.1 CNN Model

MobileNetV2 [8] is a mobile-optimized lightweight convolutional neural network de-
sign which is a good choice of CNN model to be implemented for the android plat-
form that improves the performance state.

CNNs, such as MobileNet, are designed to be used on embedded and mobile vi-
sion applications. They are built using depthwise separable convolutions, which are
lightweight DNNs that can have low latency for embedded and mobile devices.
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In order to successfully maximise accuracy while taking into account the constrained
resources for an on-device or embedded application, the MobileNets family of com-
puter vision models for TensorFlow was designed [51].

3.4.2 Qualcomm Module

We have used Qualcomm SA8155P automotive development platform (ADP), as
shown in figure 3.2, as another vendor of GPU-based accelerator and implemented
the abstraction layer on Android OS [52].

Figure 3.2: Qualcomm SA8155P ADP
[52]

Qualcomm SA8155P is an integrated, next-generation automotive cockpit platform.
It has a 7nm system-on-chip (SoC) designed with custom hardware blocks, including
eight Kryo CPUs, a Qualcomm Adreno 640 GPU, and a high-performance Hexagon
6 DSP.

This processor provides OEMs and ecosystem partners with access to QTT’s high-
performance automotive infotainment and advanced driver assists platform for de-
veloping, testing, optimizing and showcasing the next-generation in-vehicle infotain-
ment solutions using a 12V DC power supply. In addition, this ADP supports An-
droid 24 OS and provides connectivity for dual-band 802.11ac Wi-Fi and Bluetooth
5.0, an Ethernet port, and 4 Controller Area Networks (CAN).

3.4.3 Native Implementation of CNN

The native implementation of CNN was done using the Mobilenet model using Ten-
sorFlowLite (TFLite) on the Qualcomm board as discussed in section 3.4.1.

We built an Android application using Kotlin and Android Studio that could detect
the images. The prerequisites required to run this application such as the recent
version of the android studio(v 4.2+), installation of Kotlin, and necessary libraries
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were installed. Android Studio is the Integrated Development Environment (IDE)
for Android app development which provides the easiest tools for creating apps on
every type of Android device.

Firstly, we download a pre-trained TFLite object detection model from Tensor-
Flow hub. This downloaded model is a EfficientDet-Lite Object detection model,
trained on the COCO 2017 dataset, optimised for TFLite, and designed for perfor-
mance on mobile CPU, GPU, and EdgeTPU. Then, the pre-trained TFLite model
is integrated into our application by using TFLite task library which makes it easy
to incorporate mobile-optimised machine learning models into a mobile app. Next,
we copy the model we downloaded to the assets folder of our mobile application
and then, we update the Gradle file task library dependencies to run the TFLite
libraries. Then, we sync our project with all the Gradles in the Android Studio.

Secondly, we load and run on-device object detection on an image by creating
three different APIs. First, we write a function runObjectDetection(bitmap:
Bitmap)in file MainActivity.kt. The runObjectDetection function receives the
input image in decoded Bitmap format. Then, a simple API provided by TFLite
to create a Tensorlmage from Bitmap which is added to the function. Next, we
initialise the object detector instance by specifying the TFLite model file name and
the configuration options such as the maximum number of objects that the model
should detect, how confidence the object detector should be to return a detected
object and finally, we feed the image to the detector which returns a list of detection
that contains information about the object that the model has found in the image.

Now, the object detection app is built in the Android Studio. This file is extracted
as Android Package file (apk) and uploaded to Qualcomm board through android
interface. The app is run on the Qualcomm board and the time required by the GPU
to detect the image is calculated using Android Debug Bridge (abd) commands.

3.4.4 Implementation of CNN using TVM compiler

The Qualcomm Snapdragon SA8155P processor from Qualcomm Technologies, Inc.
(QTT) powers the third-generation Snapdragon Automotive Development Platform
(ADP). It provides OEMs access to advanced driver assist and a high-performance
automotive infotainment platform. The TVM compiler tool is used for analysing
the CPU and GPU on Android devices using Snapdragon processors.

The TVM stack comprises two components: a compiler and a runtime. Since we
use a Linux-based embedded system, a Qualcomm Snapdragon processor using the
Android operating system, we can only install the runtime API in the Qualcomm
module, and the compiler stack can be installed in the remote device. The TVM
runtime library will be cross-compiled, and the library can be linked to the tar-
get device. The runtime can be compiled natively or cross-compiled in the local
machine, but cross-compiling a runtime for a specific hardware architecture with
high-performance processors is a fast process. The relevant toolchain should be
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installed. The CMake is done for the specific toolchain in the local machine with
additional CMake arguments. The TVM4J core is installed in the local Maven
repository, using the built runtime library for aarch64 architecture, which contains
all java interfaces. Then using the java dependencies, compiled the JNI using Gradle
and built an apk file linking OpenCL, where the shared library for OpenCL is pulled
from the android device to the local machine; that is, an android application called
TVM RPC with tvm4j is generated.

The TVM RPC application launches an RPC server on the android device, which is
then connected to the python script in which the TVM model is developed. Firstly,
the apk file that is generated in the local host is installed on the android device
using ADB commands, and the app is launched. Then, to set up the compiler stack
locally, we need to build a standalone shared library (.so file) for the android device.
Then using the android NDK, a standalone toolchain is generated. It can then be
used to compile C++ source code and produce shared libraries for Android devices
running on the arm64 architecture.

The TVM setup environment in the local machine is run using a Docker image,
where we also configure the port that we will use to connect to the RPC server.
The RPC tracker is then started in the host, and the RPC server installed in the
android is configured with the IP address and port of the RPC tracker and turned
on parallel. The device is first paired to test the pairing and communication, and
we run a test script provided. That compiles a graph module on the CPU with
OpenCL and Vulkan by enabling the respective target.

As mentioned earlier, we will use the pre-trained MobileNetV2 classification model
with the Keras framework. A python script was developed where we downloaded the
Python and its weights and loaded it to the model. We first downloaded an image
to test the model and transformed its format into letters. Finally, in the script, we
added the compile instructions like the target, its architecture, and the model to be
compiled.

Now, the object detection app is built in the Android Studio. This file is extracted as
an Android Package file (apk) and uploaded to the Qualcomm board through the an-
droid interface. Next, the app is run on the Qualcomm board, and the time required
by the GPU to detect the image is calculated using Android Debug Bridge (abd)
commands and build the relay. We will get three return values after 'relay.build”:
graph, library, and the new parameter; because we are doing some optimization that
will modify the parameters while keeping the model’s outcome the same, then that
library is saved in the local repository. Then a remote runtime module is created
using the library and executed in the TVM runtime installed in the remote machine,
which is the android device.
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Results

In this chapter, we will explain our findings and compare them to the current state
of the art. We have tested and compared the performance of the abstraction layer
designed for the object detection model on the Jetson Nano and Qualcomm with
native compilation and TVM compiler, respectively.

4.1 Nvidia Jetson Nano

This section will discuss the results obtained while compiling Jetson Nano with
native compilation and TVM compiler using the Yolov3 model with the Darknet
framework. In native compilation, we have used OpenCV and compiled the model
using CUDA. In TVM compilation, we have used the TVM compiler that acts as an
abstraction for all DL frameworks to be executed without hardware vendor-specific
programming. We have used CUDA as the parallel computing platform in both
cases.

We used performance metrics like accuracy, compilation time, execution time, GPU
usage, power consumed and temperature to compare both compilations.

e Accuracy:
Accuracy is the percentage of correctly predicted data points among all the
data points, i.e. how frequently the ML model is correct overall. The accuracy
of the prediction varies a little with native and TVM compilation, as shown
in figures 4.1 and 4.2 respectively. However, as per the research, TVM does
not affect the model’s accuracy.
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Figure 4.1: Prediction from native compilation
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Figure 4.2: Prediction from TVM compilation

« Compilation and Execution time:
Compilation time is the period when the programming code (i.e. Python) is
converted to the machine code (i.e. binary code), and execution time is the
amount of time required by the task to complete its execution.

The compilation time is 1884.9860 milliseconds with an accuracy of approxi-

mately 99% for the model using the TVM compiler. Moreover, the compilation
time is 13.686 milliseconds for the model using the native compiler.
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e GPU usage:

The GPU usage during the execution of the model with the TVM compiler is
100% when compared with native compilation as shown in figures 4.3 and 4.4
respectively. These figures represent a simple graph of GPU activity for the
Nvidia Jetson Nano Developer Kit, allowing visualisation of GPU utilisation.
The Matplotlib command from Python implements the graph as an animated
graph. The Y-axis is plotted for GPU usage data, and the line is filled using
the MatLab function that fills selected areas in plots. The DL model efficiently
utilises the GPU and executes the tasks in parallel, resulting in a better exe-
cution time for the DL model. A 100 per cent GPU load indicates nothing in
the system that might cause the graphics card to bottleneck.
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Figure 4.3: GPU usage during native compilation
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Figure 4.4: GPU usage during TVM compilation

31



4. Results

e Memory usage and temperature:
The average memory consumed by GPU by both the compilation methods is
99%, and the temperature is between 41 - 44° C during the execution of the
model, as shown in figure 4.5 and 4.4 respectively.

jtop Nano (Developer Kit Version) - JC: Running - MAXN

NVIDIA Jetson Nano (Developer Kit Version) - Jetpack 4.6.1 [L4T 32.7.1]
[ ] 1.5GHz
[ ] 1.5GHz
[ ] 1.5GHz
[ ] 1.5GHz

1 (1fb 1x2MB)
] (1fb )
] (cached 2MB)
1 1.6GHz

] 921MHz
1
[info] [Sensor] — [Temp] [Power/mW] — [Cur] [Avr]
UpT: @ days 1:28:18 5V CPU 971 1172
[ ] Ta= CPU / L 3930 303
Jetson Clocks: running GPU 7495 3330
NV Power[0]: MAXN PLL
[HH engines] —— | thermal
APE: 25MHz
NVENC: [OFF] NVDEC: [OFF]
NVIPG: [OFF]

| EEYNW 2GPU_ 3CPU_ 4MEM _5CTRL _6INFO  Quit Raffaello Bonghi

Figure 4.5: Memory usage and temperature during native compilation

VIDIA Jetson Nano (Developer Kit Version) - Jetpack 4.6.1 [L4T 32.7.1]
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[ 1.5GHz
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1 (1fb
] (cached 1MB
] 1.6GHz

] 921MHz
1
[info] [Power/mW] — [Cur] [Awvr]
UpT: 0 days 1:5:54 5V CPU 1230 2252
[ ] Ta= ¢ U 5V GPU 1706 220
Jetson Clocks: running U ALL 5683 4259
NV Power[@0]: |
[HH engines] — | thermal
APE: 25MHz
NVENC: [OFF] NVDEC: [OFF]
NVIPG: [OFF]

Figure 4.6: Memory usage and temperature during TVM compilation
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« Power consumption:
The readings represent the power consumed using the command sudo tegrastats.
The command tegrastats show current and average power consumption (in
x/y format, x is current power consumption, and y is average value). In ad-
dition, it displays the total GPU and CPU power consumption in milliWatts

This result shows the power consumption while using the native compiler.

POM _5V_IN2976/3009POM _5V_GPU244/260POM _5V _CPU691/946
The above values show that the 2976 mW of 3009 mW total power is consumed.
Similarly, 244 mW of 260 mW of GPU power and 691 mW of 946 mW of CPU

power is consumed.

This result shows the power consumption while using the TVM compiler.
POM _5V__IN2215/3761POM _5V_GPU164/24TPOM _5V_CPU410/1728
The above values show that the 2215 mW of 3761 mW total power is consumed.
Similarly, 164 mW of 247 mW of GPU power and 410 mW of 1728 mW of CPU
power is consumed.
Where,

— POM 5V IN — totalinmW

— POM_5V_GPU — GPUinmW

— POM_5V_CPU — CPUinmW
While comparing these two results shows that the TVM compiler consumes
less power than the native compiler.

Table 4.1 summarises different performance metrics used to compare native and
TVM compilation using Nvidia Jetson Nano. As we can see, the accuracy remains
nearly the same, as the TVM compiler does not affect the model’s accuracy. In
comparison with the native model, the TVM compiler takes much less time to exe-
cute. The TVM compiler uses a high percentage of GPU resources compared with
the native model. In terms of GPU board temperatures, both native and TVM
compilers produce nearly similar results. In addition, we observed that the power
consumed when the model is compiled using TVM is about 700 mW less than when
it is compiled using the native compiler. Therefore, we conclude from the above
results that TVM compilers provide better results than native compilers.
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Performance metrics Native TVM compiler
Accuracy 0.99 0.97
Execution time 1884.986000ms 13.686281ms
GPU Usage GPU Usage during GPU Usage during
execution time is less execution time is
comparatively high
Temperature 40C 44C
Power consumption POM 5V IN POM 5V IN
2976/3009 total in 2215/3761 total in
mW mW

Table 4.1: Comparison of different performance metrics for Nvidia Jetson Nano.

4.2 Qualcomm

This section will discuss the results obtained while compiling Qualcomm GPU with
native compilation and TVM compiler using the MobileNetV2 model. In native com-
pilation, we have used the MobilenetV2 model with TFLite using Android Studio.
For DL compilation, the Apache TVM tool compiles and executes the MobileNetV2
model according to Qualcomm Adreno 640 GPU and CPU using OpenCL, which is
done by integrating the TVM runtime API on the target hardware so that it can
be accessed remotely. The android RPC app is launched on Qualcomm hardware
which acts as an RPC server. The RPC tracker, which is installed in the local host,
is started in a specific port, and the android device will also be configured to the
same port in the android application so that it connects to the android tracker. The
connection was successfully established, and that is verified as shown in figure 4.7

root@tvm: /workspace# python3 -m tvm.exec.query_rpc_tracker --port=3389
Tracker address 127.0.0.1:3389

Server List

total free pending

Figure 4.7: Tracker query test

Then, we ran a CPU, GPU test on the target device and the results are as shown
in table 4.2.
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which shows that the TVM IR is compiled to shared libraries without any

problem and the vector addition is run on the target android device correctly.
CPU test GPU test

104.41 secs/ops 136.203 secs/ops

Table 4.2: CPU, GPU test on the target Qualcomm device with OpenCL

mean median max min std
134.3509 ms | 132.840 ms 146.616 ms 128.838 ms 5.554 ms

Table 4.3: Execution time summary for MobileNetV2 output according to
Qualcomm Adreno 640 GPU and CPU using OpenCL

The MobilenetV2 model is then executed using the Python script we created, which
enables the model to operate on GPU and OpenCL in the Android target as shown
in table 4.3 Running the model using GPU is comparatively slower than running
the model using CPU, thus we have to optimise the schedule according to the GPU
architecture.

Table 4.4 summarises different performance metrics used to compare native and
TVM compilation using Qualcomm GPU. Due to time limitations, we could not test
different performance metrics and perform optimisation for the model on Qualcomm
platform. Similar to the results we obtained in Nvidia, the accuracy of model when
tested on the both the compilers remains nearly the same. However, we observed
that there is no much difference in the execution time when the model is executed
on both the compilers. This is because we did not tune the model because of time
constraints.

Performance metrics Native TVM-compiler
Accuracy 0.99 0.97
Execution time 130ms 134.3509ms

Table 4.4: Comparison of different performance metrics for Qualcomm GPU.
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4.3 Summary and Key Outcomes

The above results show that executing a DL model with the TVM compiler gives us
better results and proves a good choice. This DL compiler abstracts the hardware
irrespective of the programming language and delivers better performance when
compared with the native implementation of the model. In the TVM compiler, the
programming model is developed in the compiler’s backend, which can also be tuned
and optimised. It is also efficient as it reduces the programmer’s work as he/she
does not have to design the model for every DL framework and hardware accelerator
chip. Using the DL compiler as an abstraction layer is an efficient, easy, and less
time-consuming way to implement a model in the hardware. By effectively using
its resources, the TVM-DL compiler, as an abstraction method seems to deliver
higher outcomes on both Nvidia and Qualcomm platforms. Good usage of GPUs
by Nvidia and Qualcomm during TVM compilation, less power consumption when
implementing a model, and better execution time, which has been well shown in the
above results.
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Conclusion

In this thesis, we conducted a thorough analysis of the best approach for abstract-
ing the DNN application that needs to be used with DL accelerators so that the
application need not be altered every time based on the architecture and details
of the hardware accelerators. First, we analysed different types of abstractions, for
instance, using frameworks like OpenCL and Vulkan to abstract the DL applica-
tion, but that method had drawbacks. For instance, a programming model such
as CUDA produces better results for Nvidia accelerators than OpenCL. Then, we
explored further the standard architecture used by the current DL compilers, includ-
ing the multi-level IR, the frontend and the backend. Where it supported multiple
frameworks in the frontend and various hardware targets and programming mod-
els in the backend, this served the purpose of our problem and was an excellent,
versatile alternative. Finally, after examining several compilers, we selected one ap-
propriate for the hardware provided in the problem statement. Then, we conducted
the test by first developing the DL application and implementing it using the TVM
compiler on both hardware platforms. Next, we tested the native implementation
of the model. Finally, we evaluated the outcomes based on performance metrics
such as execution time, GPU usage, power consumption, and accuracy, and we also
monitored the temperature. As a result, we concluded that utilising DL compilers
is an excellent technique to abstract and has no discernible effect on the DL model’s
performance; in fact, it performed better than native implementation in execution
time and GPU usage.

5.1 Future work

There can be limitations in using DL compilers in some cases where if none of the
DL compilers supports a particular framework or hardware target, in that case,
an alternative solution has to be researched. However, due to time constraints,
we could not conduct additional testing on various performance metrics for the
Qualcomm accelerator. As a result, additional experiments can be conducted in the
future to assess the effectiveness of using TVM as a DL compiler for the Qualcomm
accelerator.
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