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Abstract

Deep neural networks (DNNs) have gained significant traction in artificial intelligence
(AI) applications over the past decade owing to a drastic increase in their accuracy. This
huge leap in accuracy, however, translates into a sizable model and high computational re-
quirements, something which resource-limited mobile platforms struggle against. Embedding
Al inference into various real-world applications requires the design of high-performance,
area, and energy-efficient accelerator architectures. In this work, we address the problem of
the inference accelerator design for dense and sparse convolutional neural networks (CNNs),
a type of DNN which forms the backbone of modern vision-based Al systems. We first intro-
duce a fully dense accelerator architecture referred to as the NeuroMAX accelerator. Most
traditional dense CNN accelerators rely on single-core, linear processing elements (PEs), in
conjunction with 1D dataflows, for accelerating the convolution operations in a CNN. This
limits the maximum achievable ratio of peak throughput per PE count to unity. Most of the
past works optimize their dataflows to attain close to 100% hardware utilization to reach
this ratio. In the NeuroMAX accelerator, we design a high-throughput, multi-threaded,
log-based PE core. The designed core provides a 200% increase in peak throughput per
PE count while only incurring a 6% increase in the hardware area overhead compared to a
single, linear multiplier PE core with the same output bit precision. NeuroMAX accelerator
also uses a 2D weight broadcast dataflow which exploits the multi-threaded nature of the
PE cores to achieve a high hardware utilization per layer for various dense CNN models.

Sparse convolutional neural network models reduce the massive compute and memory
bandwidth requirements inherently present in dense CNNs without a significant loss in
accuracy. Designing sparse accelerators for the processing of sparse CNN models, how-
ever, is much more challenging compared to the design of dense CNN accelerators. The

micro-architecture design, the design of sparse PEs, addressing the load-balancing issues,



and the system-level architectural design issues for processing the entire sparse CNN model
are some of the key technical challenges that need to be addressed in order to design a
high-performance and energy-efficient sparse CNN accelerator architecture. We break this
problem down into two parts.

In the first part, using some of the concepts from the dense NeuroMAX accelerator,
we introduce SparsePE, a multi-threaded, and flexible PE, capable of handling both the
dense and sparse CNN model computations. The SparsePE core uses the binary mask
representation to actively skip ineffective sparse computations involving zeros, and favors
valid, non-zero computations, thereby, drastically increasing the effective throughput and
the hardware utilization of the core as compared to a dense PE core.

In the second part, we generate a two-dimensional (2D) mesh architecture of the SparsePE
cores, which we refer to as the Phantom accelerator. We also propose a novel dataflow that
supports processing of all layers of a CNN, including unit and non-unit stride convolu-
tions (CONV), and fully-connected (FC) layers. In addition, the Phantom accelerator uses
a two-level load balancing strategy to minimize the computational idling, thereby, further
improving the hardware utilization, throughput, as well as the energy efficiency of the ac-
celerator. The performance of the dense and the sparse accelerators is evaluated using a
custom-built cycle accurate performance simulator and performance is compared against re-
cent works. Logic utilization on hardware is also compared against the prior works. Finally,
we conclude by mentioning some more techniques for accelerating CNNs and presenting some

other avenues where the proposed work can be applied.
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Abstract

Deep neural networks (DNNs) have gained significant traction in artificial intelligence
(AI) applications over the past decade owing to a drastic increase in their accuracy. This
huge leap in accuracy, however, translates into a sizable model and high computational re-
quirements, something which resource-limited mobile platforms struggle against. Embedding
Al inference into various real-world applications requires the design of high-performance,
area, and energy-efficient accelerator architectures. In this work, we address the problem of
the inference accelerator design for dense and sparse convolutional neural networks (CNNs),
a type of DNN which forms the backbone of modern vision-based Al systems. We first intro-
duce a fully dense accelerator architecture referred to as the NeuroMAX accelerator. Most
traditional dense CNN accelerators rely on single-core, linear processing elements (PEs), in
conjunction with 1D dataflows, for accelerating the convolution operations in a CNN. This
limits the maximum achievable ratio of peak throughput per PE count to unity. Most of the
past works optimize their dataflows to attain close to 100% hardware utilization to reach
this ratio. In the NeuroMAX accelerator, we design a high-throughput, multi-threaded,
log-based PE core. The designed core provides a 200% increase in peak throughput per
PE count while only incurring a 6% increase in the hardware area overhead compared to a
single, linear multiplier PE core with the same output bit precision. NeuroMAX accelerator
also uses a 2D weight broadcast dataflow which exploits the multi-threaded nature of the
PE cores to achieve a high hardware utilization per layer for various dense CNN models.

Sparse convolutional neural network models reduce the massive compute and memory
bandwidth requirements inherently present in dense CNNs without a significant loss in
accuracy. Designing sparse accelerators for the processing of sparse CNN models, how-
ever, is much more challenging compared to the design of dense CNN accelerators. The

micro-architecture design, the design of sparse PEs, addressing the load-balancing issues,



and the system-level architectural design issues for processing the entire sparse CNN model
are some of the key technical challenges that need to be addressed in order to design a
high-performance and energy-efficient sparse CNN accelerator architecture. We break this
problem down into two parts.

In the first part, using some of the concepts from the dense NeuroMAX accelerator,
we introduce SparsePE, a multi-threaded, and flexible PE, capable of handling both the
dense and sparse CNN model computations. The SparsePE core uses the binary mask
representation to actively skip ineffective sparse computations involving zeros, and favors
valid, non-zero computations, thereby, drastically increasing the effective throughput and
the hardware utilization of the core as compared to a dense PE core.

In the second part, we generate a two-dimensional (2D) mesh architecture of the SparsePE
cores, which we refer to as the Phantom accelerator. We also propose a novel dataflow that
supports processing of all layers of a CNN, including unit and non-unit stride convolu-
tions (CONV), and fully-connected (FC) layers. In addition, the Phantom accelerator uses
a two-level load balancing strategy to minimize the computational idling, thereby, further
improving the hardware utilization, throughput, as well as the energy efficiency of the ac-
celerator. The performance of the dense and the sparse accelerators is evaluated using a
custom-built cycle accurate performance simulator and performance is compared against re-
cent works. Logic utilization on hardware is also compared against the prior works. Finally,
we conclude by mentioning some more techniques for accelerating CNNs and presenting some

other avenues where the proposed work can be applied.



Table of Contents

List of Figures . . . . . . . . . . e xi
List of Tables . . . . . . . . . . . e XV
Acknowledgements . . . . . . .. xXvi
Dedication . . . . . . . . .. xviii
1 Introduction . . . . . . . . . e 1
1.1 History and applications . . . . . . . .. . ... ..o 3

1.2 Pitfalls of high-accuracy DNNs . . . . . . ... ... .. ... ... ... D
1.2.1 Compute and energy bottleneck . . . . . . .. .. ... ... ... .. )

1.2.2  Sparsity considerations . . . . . . ... ..o 7

1.3 Contributions . . . . . . . . . ... 10
1.3.1 Dense accelerator - NeuroMAX . . . . . . ... ... ... .. .... 10

1.3.2  Sparse processing core - SparsePE . . . . . ... .00 0000 11

1.3.3 Sparse accelerator - Phantom . . . . . ... ... ... ... ... .. 12

1.4 Thesisoutline . . . . . . . . . .. 13

2 Background . . ... 14
2.1 Neural network architecture . . . . . . . ... ... ... ... ... 14
2.2 Popular CNN models . . . . . . . .. ... ... 18
2.3 Popular CNN datasets . . . . . . . . . . ... .. ... ... 22
2.3.1 MNIST dataset . . . . . .. . . ... .. ... 22

2.3.2 CIFAR . . . . . . 22



2.3.3 ImageNet . . . . . . . . 23

2.4 CNN processing hardware . . . . . . . .. ... ... ... .. 23
2.4.1 Kernel transformation for temporal architectures . . . . . . . . . .. 25
2.4.2 Dataflow design for spatial architectures . . . . .. .. .. ... ... 25
2.4.3 Near-memory processing . . . . . . . . . . . .. 27

NeuroMAX accelerator . . . . . . . . . . .. 28

3.1 Introduction . . . . . . . .. 28

3.2 Recent dense CNN accelerators . . . . . . . . ... ... ... ... ..... 30

3.3 Logmapping . . . . . . . . 32

3.4 Hardware architecture . . . . . . . . . ... 33
3.4.1 Top-level . . . . . . . 33
342 PEmatrix . . . . .. 35

3.5 Data flow and processing . . . . . . . ..o 39
3.5.1 3x3convolution . . .. .. ... 39
3.5.2 1x1convolution . . .. ... ... ... ... 44
3.5.3 Higher order convolutions . . . . . ... .. .. ... .. ....... 47

3.6 Implementation and results . . . . . . .. ... 48

3.7 Conclusion . . . . . . .. 55

SparsePE core . . . . . . .. 56

4.1 Introduction . . . . . . . .. 56

4.2 Recent sparse CNN accelerators . . . . . . . .. .. ... ... .. ...... Y4

4.3 Sparsity in CNNs . . . . . . .. . 58

4.4 SparsePE . . .. 60
4.4.1 Sparse binary mask . . . . .. ... 62
4.4.2 Selection . . . . ... 64
4.4.3 Computation . . . . . . . . . 76

X



4.4.4 Accumulation . . . . ... L 82

4.4.5 Output encoding . . . . . . . . ... 84

4.5 TImplementation and results . . . . . . ... ... L. 86
4.6 Conclusion . . . . . . .. L 90

5 Phantom accelerator . . . . . ... o o 91
5.1 Imtroduction . . . . . . . . . 91
5.2 Phantom . . . . . . . 93
5.2.1 RxC compute matrix . . . . . .. .. ... 93

5.2.2 Load balancing . . . . . . . .. .. 94

5.2.3 Regular/depthwise convolution . . . . . . ... ... ... ... ... 95

5.2.4 Pointwise convolution . . . . . . .. .. ... oo 97

525 FClayers . . . . . . 99

5.2.6 Intra-core balancing . . . . .. .. .. ... oL 99

5.3 Experiments and results . . . . . ... Lo 103
5.3.1 Ewvaluation methodology . . . . . . . .. ... ... ... ... .. 103

532 Results. . . . . . 104

5.4 Conclusion . . . . . . . . 114

6 Conclusions and future work . . . . . . . ... oL 116
Bibliography . . . . . . . L 119



1.1
1.2

2.1

2.2

2.3
2.4
2.5
2.6
2.7
2.8
2.9
2.10

3.1

3.2
3.3

List of Figures

DNN processing methodology . . . . . . .. . ... ... L.
Energy cost (relative to 8b Add operation) shown on a log10 scale for a 45nm

process technology (Adapted fromb?) . . . . . ... ... ...

A neural network example with 1 input layer, 4 hidden layers, and 1 output

Various nonlinear activation functions. (Figure adapted from DNN tutorial
SUIVEYZ) L o o
Multi-dimensional convolution operation performed in a CNN CONV layer .
Max and averaging pooling on a 6 x 6 ifmap . . . . . .. .. ... ... ..
AlexNet? architecture . . . . . . .. . ... ... ... ... ... ...
VGG-16* architecture . . . . . . .. ...
GoogleNet® architecture . . . . . . . . ... ... ... ... ... ...
Inception module® . . . . . . ...
SqueezeNet® architecture . . . . . . ..
Kernel transformation (a) Convolution to matrix multiplication using toeplitz

matrix (b) Equivalent FFT computation . . . ... ... ... ... .. ...

Linear vs. log quantization (a) 1.5 bits linear vggl6 net (b) 5.0 bits log vggl6
(c) 5.1 bits log vggl6 (d) 1.5 bits linear squeezeNet (e) 5.0 bits log squeezeNet
(f) 5.1 bits log squeezeNet . . . . . .. ... o
NeuroMAX system architecture . . . . . . . . ... ... ... ... .....
(a) Compute thread (b) Collection of threads to make a PE (d) 6x3 PE matrix
Oand addernet O . . . . . . . ...

x1



3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11
3.12
3.13

3.14
3.15
3.16
3.17
3.18
3.19

3.20

4.1
4.2
4.3
4.4

4.5
4.6
4.7

Adder net 0 psum generation . . . . . ... ... 37
A convolution example with 12x6 input, 3x3 filter for stride 1 and 2 . . . . 38

State controller operation (a) Input, stride 1 (b) Filter weights (c) Input, stride 2 39

2D weight broadcast dataflow . . . . . .. .. ... o000 40
Dataflow chart for 3x3 stride 1 Convolution in Figure 3.5. . . . . . . . . .. 41
Adder net 1 configuration (a) Stride 1 (b) Stride 2. . . . ... ... ... .. 42
1 x 1 convolution example . . . . . . . . .. ... ... ... ... ..., 42
State controller load operation . . . . . . . . .. ... ... ... ... 44
Dataflow chart for 1x1 convolution in Figure 3.10 . . . . . . . . ... ... 45

(a) Channel-wise accumulation for PE matrix 0 (b) All channel-wise accumu-
lations . . . ... 46

(a) 5 x5 convolution example (b) Input load operation (c) Weight load operation 47

Dataflow chart for 5 x 5 convolution in Figure 3.14(a) . . . . . . . . . .. .. 48
Adder configuration for 5 x 5 convolution . . . . . .. ... ... ... 49
Linear vs log PE LUT and FF cost (16-bit) . . . ... ... ... ... ... 49

Breakdown of (a) LUT cost (b) FF cost (¢) Power consumption for NeuroMAX 50
Hardware utilization of NeuroMAX for (a)VGG-16 (b) MobileNet v1 (c)
ResNet-34 . . . . . . o 52

PE count vs utilization vs throughput comparison of NeuroMAX with VWA” 53

Sparsity in CNNs (a) Sparsity in AlexNet (b) Sparsity in VGG-16 . . . . . . 59
Dense convolutions . . . . . . . . ... 61
SparsePE architecture . . . . . .. . ... ... L 62

Sparse data representations (a) Indexed-based representation (b) BM-based

representation (¢) CSR format . . . . . ... ... .. 63
Selection (SL) block diagram . . . . . . . . . .. ... L 65
Process of ANDing in the SL block . . . . .. . ... ... ... .. ..... 66
Selection for maximum multiplier utilization . . . . . . .. .. .. ... ... 67

xil



4.8

4.9

4.10
4.11
4.12
4.13
4.14
4.15
4.16
4.17
4.18
4.19
4.20
4.21
4.22
4.23

4.24
4.25
4.26

5.1
5.2
5.3
5.4
5.9

In-Order selection . . . . . . . . . .. 68

In-Order selection algorithm . . . . . . . ... .. ... .. ... ... 68
In-Order selection process for column 1 . . . . . . . .. .. ... ... .. 69
Generation of selection matrices . . . . . . .. ... o000 71
Selection algorithm for maximum multiplier utilization . . . . . . . .. . .. 71
Selection process for column 1 . . . . . .. .. ... oo 72
Selector implementation . . . . . . . . ... L 73
Computation (CM) block diagram . . . . . . . . ... ... ... ... ... . 75
Compute thread matrix . . . . . . . . ... ... 7
Mapping of compute thread matrix . . . . . . . .. .. ... ... 78
Thread scheduling for the example in Figure 4.4 . . . . . . .. ... .. ... 80
Accumulation for the example in Figure 4.4 . . . . .. ... ... ... ... 81
Accumulation stage map . . . . ... 83
Initial latency of the SparsePE core operations . . . . . . . .. ... .. ... 84
Output sparse mask generation . . . . . . . . .. ... .. ... .. ..... 84

1 x 1 convolution layer transformation into an equivalent 3 x 3, stride 3 con-
volution layer . . . . . . . .. 85
FC layer transformation into an equivalent 3 x 3, stride 3 convolution layer . 87
Breakdown of resource utilization for (a) LUTs (b) FFs (¢) SRAM memory . 88
Sparse binary mask vs. CSC DRAM access for (a) Sparse VGG16 (b) Sparse

MobileNet . . . . . . . . 89
Phantom architecture . . . . . . . . . . ... 92
Phantom support for regular/depthwise convolution . . . . . . . ... .. .. 96
Phantom support for pointwise convolution . . . . . . . .. ... ... . ... 98
Phantom support for FC layers . . . . . . . . .. .. ... ... ....... 100

Intra-Core balancing (a) Test example (b) Without balancing (¢) With balancing101

xiil



5.6 TDS-IO vs. TDS-OO (a) Per layer comparison with Ly = 6 (b) Comparisons

with changing Ly . . . . . . ... ..o 105
5.7 Balanced vs. unbalanced at Ly = 6 for (a) Sparse VGG16 (b) Sparse MobileNet 107
5.8 Sensitivity to sparsity and L; for VGG16 (a) Speedup (b) Average thread

utilization . . . . ..o 109
5.9 Sensitivity to sparsity and Ly for MobileNet (a) Speedup (b) Average thread

utilization . . . . ..o 111
5.10 VGG16 speedup comparison with SCNN and SparTen. . . . . . . ... ... 111
5.11 Speedup comparison with Eyeriss v2 . . . . . . . .. ... ... ... .. .. 112

Xiv



1.1

3.1
3.2
3.3

4.1

5.1
5.2
5.3
5.4
5.5

List of Tables

Popular CNN Models . . . . . . . . . .. ... 5
Resource utilization . . . . . . . . . ... 51
Comparison of NeuroMAX with previous designs . . . . . . .. ... .. .. 51
VGG16 latency comparison . . . . . . ..o 54
Resource utilization for SparsePE core . . . . . .. .. ... ... ... ... 88
Popular CNN layer dimensions . . . . . . . . ... . ... ... ....... 93
Operation parameters . . . . . . . . . ... ... 103
Accelerator configuration . . . . . . ... 103
Comparison of the Phantom accelerator with previous designs . . . . . . .. 112
Comparison of the Phantom accelerator with previous designs . . . . . . .. 113

XV



Acknowledgments

I would like to begin by thanking the Almighty God for giving me the knowledge, patience,
perseverance, and critical thinking that helped me succeed in this path. I would then like
to thank my Ph.D advisor, Dr. Arslan Munir, for accepting me as his Ph.D student despite
my lack of research experience. One thing that I am grateful for is the creative freedom
Dr. Munir gave me in choosing my own research direction and working on the problems
that I was interested in. Our technical discussions always helped me in formulating some
really interesting ideas that I was able to incorporate in my research. I would also like to
thank all my committee members for giving me invaluable suggestions during my technical
presentations. It helped me in taking a more focused approach towards the research problem.
I would also like to thank them for taking the time to review my dissertation and giving
helpful feedback. I am also thankful to the current and past members of the Intelligent
Systems, Computer Architecture, Analytics, and Security (ISCAAS) lab where T worked
during my Ph.D. I am also grateful to the Pakistani community here in Manhattan, Kansas
who made K-State feel like a home away from home. Special thanks to Kiran Ambreen
Ayub for providing support during each step of the way. This journey would not have been
possible without the support of my family and friends in Pakistan and the USA.

I would also like to extend my gratitude towards my managers and mentors at MathWorks
and Tesla, where I worked as an intern during the Summer and Fall of 2020, respectively.
The invaluable experience I gained in both companies played a critical role in shaping my
research. I was involved in solving real-world technical challenges and that broadened my
horizon. I was also able to learn some key technical skills that helped me perform some
crucial experiments to gather data for this thesis.

Finally, I would like to thank my colleagues at the Center for Advanced Research in
Engineering (CARE), Pakistan for helping me become the engineer I am today. Special

thanks go to Mr. Hammad A. Khan, my manager, for making me a member of a diverse and

XVl



highly competent team of engineers who taught me a lot about digital design and embedded

systems.

xXvii



Dedication

To my Mom and Dad who always believed in me and provided me the comfort and
the resources to pursue my dreams. To my elder siblings Wajiha and Umer for providing
me strong support and for continuously pushing me for success even during times of low
motivation. To my little sister Areej, whose smile brings me joy and whose presence I miss

every day during my studies abroad...

Xviil



Chapter 1

Introduction

Deep neural networks (DNNs) have enabled the deployment of artificial intelligence (Al) in
many modern applications including autonomous driving®, image recognition®, and speech
processing'?. In many applications, DNNs have achieved close to human-level accuracy and
in some, they have exceeded human accuracy!'. This high accuracy comes from a DNN’s
unique ability to extract high-level features from a huge quantity of test data using statistical
learning and improvement over time. This learning over time provides a DNN with an
effective representation of the input space. This is quite different from the earlier approaches
where specific features were hand-crafted by domain experts and were subsequently used for
feature extraction.

DNN processing is usually carried out in two stages, training and inference, with both
of them having their own computational needs. Training is the process where a DNN model
is trained using a large application-specific data set. The training time is dependent on
the model size and the target accuracy requirements. For high accuracy applications like
autonomous driving, training a DNN can take weeks and is usually performed on a cloud.
Inference, on the other hand, can be performed either on the cloud or the edge device (mobile
device, 10T, autonomous vehicle, etc.). Nowadays, in many applications, it is advantageous
to perform the inference process on the edge device, as shown in Figure 1.1. For example,

in cellphones, it is desirable to perform image and video processing on the device itself



Training dataset Device sensor capturing

real-world data
W% i o e

Edge device processing

system

Trained DNN Model
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Figure 1.1: DNN processing methodology

rather than sending the data over to the cloud for processing. This methodology reduces
the communication cost and the latency involved with the data transmission and reception.
It also eliminates the risk of losing important device features should there be a network
disruption or loss of connectivity. Another motivation for doing inference on the device is
the ever-increasing security risk involved with sending personalized data, including images
and videos, over to the cloud servers for processing. Autonomous driving systems which
require visual data need to deploy solutions to perform inference locally to avoid latency
and security issues, both of which can result in a catastrophe, should an undesirable event
occurs. Performing DNN inference on the edge presents its own set of challenges. This
stems from the fact that the embedded platforms running the edge device have stringent
cost limitations which limit their compute capabilities. Running compute and memory-
intensive DNN inference in these devices in an efficient manner becomes a matter of prime

importance and is a subject of this research.



1.1 History and applications

Neural nets have been around since the 1940s, however, the first practically applicable neural

t 12, was proposed in 1989. This neural network was designed

network, referred to as the LeNe
to solve the problem of digit recognition in hand-written numeric digits. It paved the way
for the development of neural networks responsible for various applications related to digit
recognition like an ATM. The slow growth and a little to no adoption of neural networks in
the early days is mainly due to the massive computational requirements involved with their
processing which limited their study to theoretical concepts. Over the past decade, there has
been an exponential growth in the research on DNNs with many new high accuracy neural
networks being deployed for various applications. This has only been possible because of two
factors. The first factor is the advancements in the processing power of semiconductor de-
vices and technological breakthroughs in computer architecture. Nowadays, computers have
significantly higher computing capability. This enables the processing of a neural network
within a reasonable time frame, something that was not achievable in the early days. The
second factor is the availability of a large amount of training datasets. As neural networks
learn over time, providing huge amounts of training data enables better accuracy. For ex-
ample, Facebook receives close to a billion user images per day, whereas, YouTube has 300h
of video uploaded every minute?. This enables the service providers to train their neural
networks for targeted ad campaigns bringing in billions of dollars of ad revenue. Apart from
their use in social media platforms, DNNs are impacting many other domains and expect to

make a huge impact. Some of these areas include:

e Speech Processing: Speech processing algorithms have improved significantly in the
past few years. Nowadays, many applications have been developed that use DNNs
to perform real-time speech recognition with unprecedented levels of accuracy'%!315,

Many technology companies are also using DNNs to perform language translation used

in a wide variety of applications. Google, for example, uses Google’s Neural Machine

Translation system (GNMT)! which uses recurrent neural networks (RNNs), a type

of DNN, for their language translation applications.



e Autonomous Driving: Autonomous driving has been one of the biggest technological
breakthroughs in the auto industry since the invention of the internal combustion
engine. It is not a coincidence that the self-driving boom came at the same time
when high accuracy DNNs became increasingly popular. Companies like Tesla!” and
Waymo!® are using various types of self-driving technology including visual feeds and
Lidar for their self-driving solutions. One thing which is common in all these solutions
is the use of DNNs for visual perception of the road conditions which is the main

back-end technology used in advanced driver assistance systems (ADAS).

e Medical AI: Another crucial area where DNNs have become increasingly useful is
medicine. Nowadays, doctors can use Al-assisted medical imagery to perform var-
ious surgeries. Al systems use DNNs in genomics to gather insights about genetic

19;20

disorders like autism DNNs are also useful in the detection of various types of

cancers like skin and brain cancer?!?2,

e Security: The advent of Al has challenged many traditional security approaches that
were previously deemed sufficient. The rollout of 5G technology has caused a massive
surge of IoT-based deployments which traditional security approaches are not able to

2325 were introduced to protect this

keep up with. Physical unclonablity approaches
massive deployment of IoTs against security attacks with minimum cost overheads.
These approaches, however, were also unsuccessful in preventing Al-assisted attacks
using DNNs2%27 Researchers have now been forced to upgrade the security threat

28;29

models to incorporate Al-based attacks Because of a massive increase in Al-

assisted cyber-attacks on cloud and datacenters, companies have realized that the best

way of defeating offensive Al attacks is by incorporating Al-based counterattacks3%3!.

Overall, the use of DNNs in various applications has seen exponential growth over the past
decade and this trend has been on the rise for the past many years. The massive increase
in DNN deployments on the edge devices requires the development of efficient processing

architectures to keep up with the computational requirements for successful DNN inference.



1.2 Pitfalls of high-accuracy DNNs

1.2.1 Compute and energy bottleneck

A common form of DNNs is convolutional neural networks (CNNs). CNNs are composed of
multiple convolution layers (CONV) which help in extracting low, mid, and high-level input
features for better accuracy. Although CNNs are primarily used in applications related to

1013~ gameplay®?, and

image and video processing, they are also used in speech processing
robotics®® applications. We will further discuss the basics of CNNs in chapter 2. In this
section, we will explore some of the bottlenecks when it comes to implementing high accuracy

CNN inference engines in embedded mobile devices.

Table 1.1: Popular CNN Models

CNN Model | Layers | Top-1 Accuracy | Top-5 Accuracy | Parameters | MACs
AlexNet? 8 63.3% 84.6% 62M 666 M
VGG-161 16 74.3% 91.9% 138M 15.3B

GoogleNet® 22 68.9% 88% 6.8M 1.5B

MobileNet? 28 70.9% 89.9% 4.2M 569M

ResNet-503* 50 75.3% 92.2% 25.5M 3.9B

3434736 i recent years have strengthened

The development of high accuracy CNN models
the notion of employing DNNs in various Al applications. The classification accuracy of
CNNs for the ImageNet challenge® has improved considerably from 63.3% in 2012 (AlexNet?)
to a staggering 87.3% (EfficientNetV2'! in 2021). This high jump in accuracy comes with
high compute and energy costs for CNN inference. Table 1.1 shows some of the most com-
monly used CNN models. The models are trained using the ImageNet dataset® and the top-1
and top-H classification accuracy is also given. It can be seen that the addition of more layers
results in better accuracy. This addition, however, also corresponds to a greater number of
model parameters, requiring more memory. It also results in higher multiply-add (MAC) op-
erations, causing an increase in computational complexity and resource requirements, which

in turn, affects the performance of the edge device. Even though some efforts have been

made to reduce the size of the high accuracy models, they still require massive amounts of
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Figure 1.2: Energy cost (relative to 8b Add operation) shown on a log10 scale for a 45nm
process technology (Adapted from*'?)

computations over a series of network layers to perform a particular inference task (classifi-
cation, segmentation, etc.). These tremendous number of computations (typically in tens of
millions) present a huge challenge for the neural network accelerators (NNAs) running
the CNN inference. NNAs are specialized hardware blocks inside a mobile device that speed
up the computations of the CNN inference process to maintain the real-time requirements
of the system.

Apart from the massive computational requirements, the addition of more layers for
higher accuracy drastically increases the CNN model size. This prevents the CNN model
from being stored in the limited on-chip SRAM memory of the edge device, and, therefore,
requires off-chip DRAM which presents high DRAM access energy cost.

To put this in perspective, the energy cost per fetch for 32b coefficients in an off-chip
LPDDR2 DRAM is about 640pJ, which is about 6400x the energy cost of a 32b integer
ADD operation®. The bigger the model is, the more memory referencing will be performed
to access the model data which in turn would expend more energy. Figure 1.2 shows the

energy cost of various compute and memory operations relative to an 8b integer add (8b



INT Add) operation. It can be seen that the DRAM Read operation dominates the energy
graph with the 32b DRAM Read consuming greater than 4 orders of magnitude higher
energy than the 8b INT Add. As a consequence, the energy cost from just the DRAM
accesses would be well beyond the limitations of an embedded mobile device with limited
battery life. Therefore, in addition to accelerating the total number of compute operations,
the NNA also needs to minimize the off-chip memory transactions for decreasing the overall
energy consumption.

Many algorithm-level techniques have been developed to minimize the computational
requirements of a CNN without incurring a loss in accuracy. Since, the main compute bot-
tleneck in CNN inference is the CONV operation, Mobilenets3%3% were developed to reduce
the total number of CONV operations. These DNNs drastically reduce the total number
of parameters and multiply-accumulate (MAC) operations by breaking down the standard
2D convolution into depth-wise separable and point-wise convolutions. This results in 8x
to 9x reduction in total computations compared to regular CONV operations, with a slight
decrease in accuracy. They also eliminate varying filter sizes, and instead, use 3 x 3 and
1 x 1 filters for performing convolution operations. This makes them ideal for embedded
mobile devices because of their relatively low memory footprint and lower total MAC op-
erations. A widely used approach for decreasing the memory bottleneck is the reduction
in the precision of both weights and activations using various quantization strategies3” 3.
This again does not result in a significant loss in accuracy and reduces the model size by a
considerable amount. Hardware implementations like Envision?’, UNPU*', and Stripes*?,

show how reduced bit precision, and quantization, translates into better savings in energy.

1.2.2 Sparsity considerations

Non-linear activation functions?, in addition to deep layers, is one of the key characteristics
that improve the accuracy of a CNN model. Typically, non-linearity is added by incorpo-
rating activation functions, the most common being the rectified linear unit (ReLU)?. The

ReLU converts all negative values in a feature map to zeros. Since the output of one layer is



the input to the next layer, many of the computations, within a layer, involve multiplication
with zeros. These feature maps containing zeros are referred to as one-sided sparse fea-
ture maps. The multiplications resulting from this one-sided sparsity wastes compute cycles
and decrease the effective throughput and hardware utilization, thus, reducing the overall
performance of the accelerator. It also results in high energy costs as the transfer of zeros
to/from off-chip memory is wasted memory access. In order to reduce the computational
and memory access volume, previous works**# have exploited this one-sided sparsity and
displayed some performance improvements.

Many pruning techniques have been developed for the compression of DNN models*64%,
Han et al.“% iteratively pruned the connections based on parameter threshold, and performed
retraining to retain accuracy. This type of pruning is referred to as unstructured pruning.
It arbitrarily removes weight connections in a DNN but does little to improve acceleration
on temporal architectures like CPUs and GPUs which rely on accelerating matrix multi-

0551 - reduces the

plications. Another form of pruning, referred to as structured pruning
size of weight matrices and maintains a full matrix to support the acceleration of matrix
multiplications.

Both pruning strategies resulted in two-sided sparsity, i.e., sparsity in both weights and
activations, which led to approximately 9x model reduction for AlexNet, and 13 x reduction
for VGG-16. It also resulted in 4 - 9x effective compute reduction (depending on the model).

These gains seem very promising, however, designing an accelerator architecture to leverage

them is quite challenging because of the following reasons:

e Data Access Inconsistency: Computation gating is one of the most common ways
by which sparsity is generally exploited. Whenever a zero in the activation or the
weight data is read, no operation is performed. This results in energy savings but has
no impact on the throughput because of the wastage of compute cycle. Complex read
logic needs to be implemented to discard the zeros, and instead, perform effective com-

52;53

putations on non-zero data. Some previous works use sparse compression formats

like compressed sparse column (CSC) or compressed sparse row (CSR) to represent



sparse data. These formats have variable lengths and make “looking ahead” difficult
if both the weight and the activation sparsity are being considered. Other than that,
developing the complex control and read logic to process these formats can be quite

challenging.

e Low Utilization of the Processing Element (PE) Array: Convolution operations
for CNN inference are usually performed using an array of two-dimensional PEs in a
CNN accelerator. Different dataflows (input stationary, output stationary, and row
stationary) have been proposed that efficiently map the weight data and the activation
data onto the PE array to maximize the throughput?. Sparsity introduces inconsistency
in the scheduling of data thereby reducing hardware utilization. The subset of PEs
provided with more sparse data have idle times while those provided with less sparse
(or denser) data are fully active. This bounds the throughput of the accelerator to the

most active PEs, and therefore, leads to the under utilization of the PE array.

Considering the above-mentioned issues, many accelerators have been proposed in the
past that attempt to strike a balance between hardware resource complexity and performance
improvements. Cnvlutin®?® attempts to exploit sparsity by skipping the computations during
zero activation data. It, however, does not avoid the transfer of zeros and only skips cycles
for zero-activations but not zero-weights. This results in exploitation of only one-sided

sparsity. Eyeriss?® only gates computations for sparse activations. Eyeriss v252

attempts to
address the two-sided sparsity by using CSC format for both the activations and weights.
It, however, requires complex read logic embedded within a PE that drastically increases
the area by ~ 93% when compared to the original Eyeriss**. Cambricon-X** does not store
activations in the compressed format while Cambricon-S®* forces regularity by employing
coarse grain pruning that affects accuracy. Even though it discards zeros during computation,
it still retrieves and stores them. EIE®® exploits the two-sided sparsity, albeit only in fully-
connected layers. EIE’s performance is equivalent to one-sided sparsity as it discards zeros

in the filter but wastes compute cycles due to being idle. Sparse CNN (SCNN)?® targets

two-sided sparsity but suffers heavily from inefficient microarchitecture and systematic load



imbalance as explained in®°.

It, also, cannot handle non-unit stride convolutions and FC
layers which are an essential part of CNNs. To address the complexity associated with
the CSC compression format, SparTen®® uses a sparse bitmask to represent the location of
zeros and non-zero data values. SparTen, however, needs an offline load balancing strategy,
which it refers to as Greedy Balancing, to address the systematic load imbalance. This form
of balancing adds extra latency and complicates the synchronization of various compute
threads. SparTen also employs Permuter and Output Collector Units for the computation
clusters to merge and/or accumulate the outputs from independently running compute units.
These circuits require rather complex hardware and the complexity grows exponentially as

the number of compute units is increased. In addition, SparTen, like SCNN, has no support

for FC layers.

1.3 Contributions

In this thesis, we address the compute and energy bottleneck associated with high accu-
racy CNN inference on the edge device. We present different accelerator architectures that
optimize the high compute volume and minimize the off-chip memory transactions for per-

formance improvement and energy efficiency.

1.3.1 Dense accelerator - NeuroMAX

We first explore a dense accelerator design that leverages the efficiency of logarithmic quan-
tization strategy for efficient data mapping and low area cost. The NeuroMAX accelerator®”

has the following features:

e It uses a multi-threaded, low-cost, log-based processing element (PE) core. The PE
cores are stacked in a spatial grid of 108 PEs and are capable of performing a wide
variety of CONV operations with high hardware utilization. The log quantization

ensures minimum hardware area overhead while maximizing the throughput.
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e [t uses a 2D dataflow that exploits the thread-based PE design to maximize the data
reuse and to minimize the off-chip DRAM memory access, consequently reducing the

energy consumption.

The NeuroMAX accelerator core is implemented on the Xilinx Zynq 7020 SoC’s FPGA
fabric. It displays significant performance improvement over other dense accelerator archi-

tectures and is more power-efficient than its other FPGA counterparts.

1.3.2 Sparse processing core - SparsePE

The NeuroMAX accelerator, even though, provides good gains in theoretical throughput,
does not, however, improves the effective throughput. The concept of effective throughput
comes after taking the sparsity in a CNN into account. Many high accuracy CNNs are incred-
ibly sparse which means that they have a significant amount of ineffectual computations, i.e.,
computations involving zeros. Here, we introduce SparsePE®®, a high-performance, multi-
threaded, generic processing engine core for sparse CNN computations. Unlike many previous
works, the micro-architecture design of this PE can exploit full or two-sided sparsity and can
be used for sparse computations in any layer in a typical CNN model. Apart from CNNs,
this core can also be used as a general-purpose, sparse dot product core which could be used

for other types of DNNs. In summary, the SparsePE core has the following features:

e The core works by actively skipping a huge number of ineffective computations (zero,, x
2€T04, ZET0y, X MON-ZET04, NON-ZET0, X 2€T04) involving zeros, while only favoring effec-
tive computations (non-zero, X non-zero,). This is accomplished by the use of novel
selection, computation, and accumulation blocks to dynamically allocate maximum,
non-zero computations, onto a thread matrix inside the core to drastically improve the
hardware utilization. The presented PE core does not target a specific architecture,

and thus, can be modified for any accelerator design.

e Unlike previous sparse accelerator approaches that use compressed sparse column

(CSC) format for their PEs, the SparsePE core uses bitmask (BM) representation

11



for sparse computations. We show that, on average, the CSC format has 3x higher
DRAM memory accesses compared to the BM representation which directly translates

into higher energy requirements for the CSC format.

In short, the SparsePE core shows a significant improvement in performance over a dense
PE core and requires fewer memory transactions because of its capability of exploiting the
sparsity in a CNN model. It, however, has a higher area overhead compared to a dense core

because of additional logic for the selection of non-zero computations.

1.3.3 Sparse accelerator - Phantom

The SparsePE core is a standalone core and cannot process a sparse CNN model on its
own. Here, we introduce a sparse accelerator, referred to as the Phantom accelerator®, that
leverages the power of multiple SparsePE cores for complete CNN inference. The Phantom

accelerator has the following features:

e Unlike many previously proposed accelerators, the Phantom accelerator is capable
of handling all types of convolution operations, including unit and non-unit stride
convolution (regular and separable). In addition, unlike the NeuroMAX accelerator, it

can also handle FC layers which makes it fully deployable for any CNN processing.

e It addresses the problem of load balancing by using a two-tiered, on-the-fly, load bal-
ancing strategy. Unlike previous approaches®®, this balancing does not require offline

processing or modification of the CNN model.

e Phantom accelerator has a performance gain of 12x over the dense NeuroMAX ac-
celerator. For two-sided sparse accelerators, it provides a performance gain of 4.2x,

2.38x, and 1.98x over SCNN%° Eyeriss v2°2, and SparTen®®, respectively.

Overall, the motivation behind the NeuroMAX accelerator is to show how an efficient,
non-linear, logarithmic quantization can result in an accelerator architecture that can signifi-

cantly speed up the computational efficiency at a very low hardware area increase. SparsePE
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takes the multi-threaded PE core design from the NeuroMAX accelerator and incorporates
low-cost circuits that exploit sparsity in a CNN model to drastically improve the perfor-
mance. SparsePE core also modifies the input data representation to minimize the off-chip
memory transactions by using a BM representation, thereby, reducing the energy consump-
tion. The Phantom accelerator uses a spatial grid of SparsePE cores and proposes a dataflow
that maximizes the utilization of the SparsePE cores. It also incorporates load balancing

strategies to further improve the system-level latency.

1.4 Thesis outline

The outline of the thesis is as follows:

e Chapter 2 gives a more detailed explanation of various CNN architectures. It also gives

a literature survey on different techniques for CNN inference processing on the edge.

e Chapter 3 dives deeper into the architectural details of the NeuroMAX accelerator. It
provides an overview of the logarithmic quantization strategy and efficient dataflow

design for leveraging the multi-threaded log PEs.

e Chapter 4 introduces the SparsePE core design. It gives details of various circuit-level

techniques to leverage the sparsity in a CNN model.

e Chapter 5 gives the details of the Phantom accelerator. It also shows the optimized
dataflow for performing both the CONV and the FC layer operations in a CNN. De-

tailed performance, energy, and hardware area comparison is also performed.

e Chapter 6 summarizes the thesis and discusses the possible future work in the domain

of deep learning accelerator design.
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Chapter 2

Background

In this chapter, we give an overview of the composition of different DNN models, specifically
the convolutional neural networks (CNNs), and explore the different layers that these neural
networks are made of. We then give a brief description of some of the most popular high
accuracy CNN models and the datasets on which these CNNs operate on. Finally, we review
some of the architectural and algorithmic techniques for efficient processing of high accuracy

CNN models on edge devices.

2.1 Neural network architecture

DNNs are a manifestation of the notion of deep learning, which comes under the umbrella
of AIl. The main inspiration behind DNNs is the way different neurons work in a brain
to process and communicate information. The raw sensory input is transformed into a
high-level abstraction in order to extract meaningful information and make decisions. This
transformation, referred to as inference, comprises many stages of non-linear processing, with
each stage called a layer.

Figure 2.1 shows a simple DNN with 4 hidden layers and 1 input and output layer. The
DNN layers receive a weighted sum of input values (w;z;) and compute outputs using a

non-linear function, referred to as the activation function. Many activation functions have
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Figure 2.1: A neural network example with 1 input layer, 4 hidden layers, and 1 output
layer
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Figure 2.2: Various nonlinear activation functions. (Figure adapted from DNN tutorial
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Figure 2.3: Multi-dimensional convolution operation performed in a CNN CONV layer

been proposed in the literature, some of which are shown in Figure 2.2. Rectified linear
unit (ReLU) is one of the most commonly used activation function with many modern
state-of-the-art DNNs using RelLU as the activation function. The weights in each layer are
determined through the process of training. Once the training is complete after meeting
a desired accuracy, the trained model is deployed on the edge device where inference is
performed. In this thesis, the main focus is on the efficient inference of the trained model
on the edge device.

DNNs come in various shapes and sizes depending on the target application. Multi-
layer perceptrons (MLPs) are DNNs that consist of many fully connected (FC) layers, with
each layer followed by a non-linear activation function. In MLPs, each neuron in layer;
is connected to every neuron in layer;;;. In this way, the FC layer computations can be
generalized as matrix-vector multiplications followed by the activation function. The FC

layer computation can be represented as:

y = f(Wi+b) (2.1)

Where i is the input vector, W is the weight matrix, b is the bias, and f is the activation
function. y represents the output activation vector. It can be seen that the DNN in Figure 2.1

is an example of an MLP network.
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CNNs, in addition to the FC layers, also contain multiple convolutional layers (CONV).
In CNNs, each successive layer extracts features that are at a higher level of abstraction
compared to the previous layers. Modern CNNs are capable of achieving superior perfor-
mance by employing a deep hierarchy of layers. The CONV layers in a CNN are composed of
multi-dimensional convolution operations, as shown in Figure 2.3. The input to the CONV
layer is an H x W x C matrix, called an input feature map (ifmap). Here, H and W are
the height and width, respectively, of the ifmap and C'is the total number of channels. For
an input layer of a CNN, this ifmap is usually a 224 x 224 x 3 image. Each channel of
the ifmap is convolved with a unique 2D filter (weight) from a set of filters, one for each
channel. The dimensions of the output feature maps are dependent on the size of the input
and the filters. Based on Figure 2.3, the following equation governs the multi-dimensional

convolution operation in a CONV layer of a CNN:

Olellullallyl = Blul + 3 ) p_AKUz +d[Uy + 5] x Wl (K]l 1],

0<z2<N,0<u<MO0<z<F0<y<EE=(H-R+U)UF=W-S+U)/U
(2.2)

Here O, B, I, and W are the ofmap, bias, ifmap, and filter matrices, respectively, whereas U
represents the convolution stride. Typically, a CNN also comprises of a few FC layers after
CONV layers for classification purposes.

Apart from the CONV and the FC layer, CNNs also contain pooling layers. Pooling is
performed to reduce the dimensions, and variations to small distortions, making the CNN
less compute-intensive and more robust. Pooling layers generally use max or averaging
operations on non-overlapping blocks of ifmaps. A stride of non-unit size is applied to
reduce the dimensionality of the ifmaps. Figure 2.4 shows an example of max and average

pooling applied on a 6 x 6 ifmap to produce 3 x 3 outputs.
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Figure 2.5: AlexNet® architecture

2.2 Popular CNN models

Many CNN models have been developed by researchers in the past. These models have
different architectures in terms of layer dimensions, the total number of layers, layer types,
and layer connections. In this section, we will give an overview of some of the most popular
CNN models. We start off by showing the AlexNet?® model which was proposed in 2012. It is
the first CNN to win the ImageNet challenge®. Figure 2.5 shows the architecture of AlexNet.
It comprises five CONV layers and three FC layers. Max pooling is performed after every
CONV layer to reduce the layer dimensions. AlexNet has a total of 61 million parameters

and achieves a top-1 accuracy of 57.2% and a top-5 accuracy of 80.3% on ImageNet dataset.
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Figure 2.6: VGG-16* architecture

The CONV layers of AlexNet have three kernel (filter sizes): 11 x 11, 5 x 5, and 3 x 3.

VGGNet* architecture was proposed in 2014 and it comprises different versions, with
each version having a different number of layers. The version shown in Figure 2.6 is the 16
layer version. It comprises of a total of 13 CONV layers and 3 FC layers. VGG-16 has a
total of 138 million parameters and achieves a top-1 and top-5 accuracy of 68.5% and 88.7%,
respectively. The accuracy jump in the VGG-16 net can be accounted towards the use of
a greater number of CONV layers for finer feature extraction. This, however, also results
in a significant increase in the model parameters which makes VGG-16 much slower than
the AlexNet. AlexNet, however, uses variable filter dimensions which makes it much more
difficult to implement in hardware. VGG-16, on the other hand, only uses filter dimensions
of 3 x 3 making it more hardware friendly.

GoogleNet?® was proposed in 2014 and is a very parameter-efficient CNN architecture.
Even though it has a total of 58 layers (57 CONV and 1 FC), it only has 7 million parameters.
GoogleNet comprises of specialized modules, referred to as the Inception modules, as shown
in Figure 2.8. The Inception modules comprise of 4 branches of variable length filters (1 x 1,
3 x 3, 5 x5). The GoogleNet achieves a top-1 and top-5 accuracy of 68.9% and 89.0%,
respectively.

SqueezeNet (Figure 2.9), proposed in 2016, targets mobile applications by having a rel-
atively smaller number of model parameters (1.2 million), but with accuracy comparable to
the AlexNet. It comprises of a total of 26 CONV layers and no FC layer. SqueezeNet has
8 unique modules, which it refers to as Fire modules. The Fire modules are an improve-
ment over GoogleNet’s Inception module and use 1 x 1 convolution and a pair of 1 x 1 and

3 x 3 convolutions. It has a top-1 and top-5 accuracy of 57.4% and 80.5%, respectively.
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Figure 2.7: GoogleNet® architecture
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Figure 2.9: SqueezeNet® architecture

SqueezeNet’s primary purpose is to provide CNN support for low-cost embedded platforms
where high accuracy is not a huge concern.

Another class of CNNs that significantly reduce the total number of MAC computations,
resulting from CONV operations, are the binary neural networks. BinaryConnect % modified
the weights to only have two possible values (-1 and +1). These reduced the MAC operations
to simple additions and subtractions. Binary Neural Network (BNN)®! further extended the
concept to activations as well which reduced the MAC operations to much more hardware-
friendly XNORs. This, however, severely impacted the accuracy of the BNN %2,

Recently, another class of CNNs, referred to as EfficientNets, have been proposed 53,
EfficientNet %, proposed in 2019, uses a dynamic scaling approach to scale all the dimensions
of depth, width, and resolution, using simple yet effective compound coefficient. A family
of neural nets, referred to as EfficientNets, are developed based on this dynamic scaling ap-
proach. The EfficientNet variant EfficientNet-B7 has a top-1 accuracy of 84.3% on ImageNet
while having a parameter count of 43 million. EfficientNetv2!! builds upon EfficientNet and

drastically reduces the total number of parameters to 24 million with a slight decrease in
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accuracy to 83.9%.
Overall, it can be seen that by applying various algorithmic approaches, the size of CNNs

continues to decrease while the accuracy keeps on increasing with time.

2.3 Popular CNN datasets

The complexity of a DNN is generally determined by the level of difficulty of the task the
DNN is used for. A simple task of digit recognition requires a much simpler DNN than a
DNN that is used for classifying an object into one of the 1000 classes of objects. LeNet!?,
which is a much smaller DNN; is designed for the task of digit classification, whereas, more
complex CNNs like AlexNet?, GoogleNet?, ResNet?*, and mobilenets?*3% are built for 1000-

class image classification task.

2.3.1 MNIST dataset

The accuracy of modern DNNs is determined using a wide variety of publicly available
datasets. The MNIST dataset®, introduced in 1998, is used for digit classification. The
dataset comprises of images of handwritten digits. The images are 28 x 28 in dimensions
and are in grayscale format. There are a total of 10 classes, one for each digit from 0-9. The
dataset consists of 60,000 training images and 10,000 test images. The LeNet-5'2 DNN was
able to achieve an accuracy of 99.05% on the MNIST dataset. This accuracy has further
increased to 99.79% using regularization techniques. The MNIST has become a fairly simple

dataset and is, therefore, rarely used as a metric for DNN performance.

2.3.2 CIFAR

CIFAR dataset% was introduced in 2009 and consists of 32 x 32 colored images of objects.
CIFAR-10 comprises of 10 classes of objects and has a total of 50,000 training images and

10,000 test images. Most modern DNN are able to acheive a high level of accuracy (=~ 96.5%)
on the CIFAR dataset.
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2.3.3 ImageNet

The ImageNet dataset?, introduced in 2010, is by far the most widely used dataset for the
accuracy modelling of modern DNNs. It contains color images of dimensions 256 x 256 in
1000 classes. There are multiple categories of classes with no overlap between each category.
The ImageNet dataset has a total of 1.3 million training images, 100,000 test images, and
50,000 validation images. The ImageNet uses two measures to report a DNN accuracy: Top-
1 and Top-5 error percentage. Top-1 requires the top-scoring category, determined by the
DNN, to be correct, whereas, Top-5 refers to the object being in the top-5 classifications of
the DNN. CNNs came into the picture, when, in 2012, the AlexNet? was able to take the top
spot when it achieved a Top-1 and Top-5 accuracy of 61.9% and 83.6%, respectively, on the
ImageNet dataset. The Top-5 accuracy of AlexNet displayed a significant 13.2% increase in
accuracy than the second place approach, which did not use a CNN. Since then, the accuracy
of CNNs has significantly improved with the latest CNNs having the top-5 accuracy as high
as 97%.

2.4 CNN processing hardware

The popularity of CNNs has led many researchers and companies to design specialized hard-
ware for accelerating the CNN processing on edge devices. Qualcomm’s neural processing
engine (NPE)% embedded Snapdragon processors enable accelerated processing of 8-bit
quantized DNN models on mobile devices. Xilinx provides a deep learning processing unit
(DPU)YT for its Zynq Ultrascale+ MPSoC devices. The Xilinx DPU specifically targets the
acceleration of CNNs in FPGA devices. Samsung Exynos 2100 mobile processor, power-
ing Samsung Galaxy S21 smartphones, uses triple-core neural processing unit (NPU)% and
can perform 26 TOPS for accelerated video processing applications. It is apparent that the
trend of shifting CNN inference on the edge has become increasingly popular and the effi-
cient design of hardware accelerators for CNN processing is of paramount importance. In

this section, we will explore some of the techniques for high-performance, energy-efficient

23



2 b abc_ab
c d c d
g h i

\ FFT transformation |

\ Toeplitz Matrix Transformation | v IFFT
a ' b/d e I:FTW X I:FTifmap = |:FTofmap
bl c e f
abcld x = abcd
d e g h
e f h i
(a) (b)

Figure 2.10: Kernel transformation (a) Convolution to matriz multiplication using toeplitz
matriz (b) Equivalent FFT computation

hardware acceleration of CNNs on edge devices.

Looking deeper into the structure of CNNs, we can see that the basic component in a
CNN is a multiply-accumulate (MAC) operation. Both the CONV and the FC layers use
MAC operation for the generation of ofmaps from ifmaps. Therefore, the main problem
of CNN acceleration boils down to the acceleration of MAC operations. The three most
commonly used computation paradigms for CNN processing are the temporal architectures,
spatial architectures, and near-memory processing.

The temporal architectures are equivalent to CPU and GPU architectures. They contain
a large number of ALUs, all of which can communicate directly with the memory, but, can-
not communicate with one another. These architectures use single instruction multiple data
(SIMD) processing for improving parallelism. They use computational transforms on the ker-
nel matrices to reduce the total number of computations for increasing the throughput. The
spatial architectures, used for CNN acceleration in ASIC and FPGAs, use different dataflows
for passing data among different ALUs (also called PEs) in an efficient manner to increase
the throughput and energy efficiency. Near-memory processing techniques reduce the energy
consumption by minimizing the off-chip data movement and performing computations in or

near the memory.
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2.4.1 Kernel transformation for temporal architectures

Many CPU and GPU architectures are optimized for matrix multiplication operations. These
platforms typically implement CONV and FC layers using matrix multiplications. Fig-
ure 2.10 shows two of the most widely used convolution transformations for reducing the
computational workload. Figure 2.10(a) uses Toeplitz transformation for converting convo-
lution operations to a general matrix multiplication which can be carried out using efficient
specialized hardware of a processor or a GPU. The disadvantage of using such transformation
is the additional memory requirement of storing redundant data which can lead to memory
inefficiencies.

Fast Fourier Transform (FFT) based approaches® ™ reduce the computational workload
from O(N?M?) to O(N?logoN), where the ofmap size is N x N and the filter size is M x M2
In FFT-based transformation, the input and the weight matrices are transformed into their
frequency domain counterparts and perform multiplication in the frequency domain. Inverse
FFT (IFFT) transformation is applied to the output to bring the result back in the spatial
domain, as shown in Figure 2.10(b). Even though FFT-based approaches reduce the total
number of computations, they require more memory and bandwidth as the size of the FFT
is determined by the size of the output feature map which is typically much larger than the
filter size. The FFT also produces complex coefficients which require more storage.

Many other algorithms have been proposed for reducing the total number of MACs
required for convolution by applying different transformation techniques. Cong et. al.™
uses Strassen’s algorithm™ for reducing the total number of multiplications from O(N?)
to O(N?*81). Similarly, Lavin et. al.” uses Winograd transformation’™ for accelerating

convolution operations involving 3 x 3 filters.

2.4.2 Dataflow design for spatial architectures

Many previously proposed accelerator architectures focus mainly on performance improve-
ment, however, one of the major bottlenecks that limit a CNN accelerator’s performance

is the data movement. CNN inference generates a significant amount of data that needs
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to be moved to and from the off-chip memory. There are 4 memory transactions during a
MAC operation in a CNN: filter read, ifmap read, partial sum (psum) read, and psum write.
Partial sums are intermediate outputs that are generated as a result of a MAC operation.
Because of big layer sizes and a limited number of parallel multipliers in hardware, inter-
mediate sums (psums) need to be stored in the memory, and then used later to generate
the ofmaps. Instead of using the DRAM, which results in higher energy consumption, spa-
tial architectures use local memory hierarchy for storing the intermediate results on the less
energy-consuming on-chip SRAM memory. Since the on-chip SRAM memory is very limited,
specialized dataflows are designed to maximize the reuse of the data brought on-chip from
the DRAM.

Many dataflows have been proposed to limit the movement of the data off-chip for mini-
mizing the energy consumption. The weight stationary dataflow (Figure 25(a) in?) minimizes
the energy consumption of reading weights by storing them in a local register file (RF) of
the PE. Since, in a CONV operation, the same weight matrix is convolved with the input
feature map, it makes sense to store the weight locally instead of reading it from DRAM
for every MAC operation. The global buffer present on-chip stores the generated psums and

5 and’® use

accumulates them across the PE array. Accelerator architectures presented in”
weight stationary dataflow for data reuse. Output stationary dataflow (Figure 25(b) in?)
stores the psums in the local RF of the PEs. It, therefore, minimizes the energy consump-
tion of psum movement. The psums for a particular ofmap are accumulated locally. No
Local Reuse dataflow (Figure 25(c) in?) eliminates the local memory (RF) inside the PEs,
and instead, uses a bigger global buffer. This is because, even though the RF memory is
energy efficient, it is not area efficient. Thus, eliminating it translates into having a larger
on-chip global memory for more local data storage. DianNao’" and DaDianNao™ use no
local reuse dataflow in their accelerator architectures. Another dataflow, referred to as the

row stationary (RS) dataflow, was proposed in Eyeriss accelerator?®.

It aims to maximize
the reuse of all data types (weights, ifmaps, and psums) for overall better energy efficiency.
Comparison of different dataflows shows that the RS dataflow is the most energy-efficient

owing to its minimum off-chip data movement .
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2.4.3 Near-memory processing

The previous sections show how energy consumption is minimized by the reuse of data locally
instead of going off-chip. There have been several enhancements towards bringing data
and processing much closer to accelerate the processing and minimize energy consumption.
Embedded DRAM (eDRAM) technology places high-density DRAM on the accelerator chip
for faster execution and minimum memory delays. It is approximately 2.85x denser than
a standard SRAM and is 321x more energy efficient than a DDR3 memory’®. A major
downside of eDRAM is its higher cost compared to standard DRAM memory. 3D memory
technology, referred to as hybrid memory cube (HMC), stacks DRAM on top of the chip to
minimize the data movement delays for higher performance. Works like Neurocube™ and
Tetris® use HMC technology for faster and more energy-efficient CNN inference.

Another approach found in the literature for faster and more energy efficient CNN in-
ference is processing-in-memory. Since CNN inference requires MAC operations, bringing
trivial computations involving MAC into the memory itself would eliminate the need for
data movement, which in turn, would decrease the energy consumption significantly. Zhang
et.al® integrated MAC operations directly in the SRAM array by using binary weights (41
and -1). This gives an energy saving of 12x compared to a standard 1b read from the SRAM

cell. It, however, hampers the CNN accuracy on the account of using binary weights.
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Chapter 3

NeuroM A X accelerator

In this chapter, we introduce NeuroMAX!, a dense CNN accelerator capable of accelerating
CONYV operations. Section 3.1 provides the motivation behind NeuroMAX and also summa-
rizes the main contributions. Section 3.2 gives an overview of some of the recently proposed
dense CNN accelerators. Section 3.3 gives the architectural details of the NeuroMAX accel-
erator. Section 3.4-3.5 details the proposed dataflow on some use cases. Section 3.6 gives

the implementation results and finally, Section 3.7 summarizes and concludes the chapter.

3.1 Introduction

Design of resource and compute efficient processing engine is of paramount importance when
it comes to processing CNN on the edge devices. Since the edge devices have limited re-
sources, the accelerator should be capable of providing the required throughput with mini-
mum resources and area. The design of an efficient dataflow for scheduling the data into the
accelerator is equally important. An inefficient dataflow results in reduced hardware utiliza-
tion which causes a decrease in throughput. Dataflow should also promote the reusability
of data, since, in most cases, the same kernels are being applied on the entire input feature

map to produce the output.

!This work has been published in the 39" IEEE/ACM International Conference on Computer-Aided
Design (ICCAD) 2020°7, DOI: https://doi.org/10.1145/3400302.3415638
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Section 1.2 gives an overview of the energy cost of various compute and memory opera-
tions. In summary, the movement of data to/from the DRAM memory is 200x more costly
in terms of energy consumption than a standard MAC operation!. Thus, the dataflow design
should not only optimize the throughput and the area, but also the data movement, in order
to ensure reduced energy expenditure. Log-based accelerators have recently gained quite a
lot of traction because of their simpler structure as compared to traditional accelerators with
linear processing elements (PEs). Each PE in a traditional CNN accelerator is essentially
responsible for one multiplication in a convolution operation. Log PEs replace the bulky
multiplier cores with low-cost barrel shifters without incurring a significant loss in accuracy.
We clarify that cost here primarily refers to the logic utilization cost, which is determined
by the number of Lookup tables (LUTs) for field-programmable gate arrays (FPGAs) and
gate count for application-specific integrated circuits (ASICs). This logic utilization cost is
important because there are limited resources on-chip, and thus, this cost also translates to
the monetary cost of the system-on-chip (SoC).

Many past approaches have designed log-based PE elements but have not exploited the
low-cost and overhead of such PEs. They instead rely on already established spatial architec-
tures and 1D dataflows used for linear PEs. The NeuroMAX accelerator comprises of 108
PEs arranged in a 6 X 3 x 6, 3D spatial grid. The accelerator optimizes the most commonly
used 3 x 3 and 1 x 1 kernel sizes to achieve high throughput and utilization. It can also be
used for larger kernel sizes because of its grid structure and configurable 2D dataflow. The

NeuroMAX accelerator has the following contributions:

e Design of a multi-threaded, low-cost, log-based PE core. Using this core, we generate a
spatial grid of 6 x 3 x 6 = 108 PEs, capable of performing a wide variety of convolution

operations commonly used in many CNNs.

e NeuroMAX utilizes a 2D dataflow that exploits the thread-based PE design to max-
imize the throughput and enhance the data reuse to minimize the off-chip DRAM

mMemory accesses.

e The NeuroMAX architecture is implemented in software and its perfomance is com-
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pared against recent dense accelerator architectures. It is also implemented on an
FPGA to show improvement in terms of resource utilization and static power con-

sumption.

3.2 Recent dense CNN accelerators

Many dense architectures have been introduced in the past for the acceleration of CNN

39;82-86

inference. The proposed accelerators either optimize the compute or the memory

8990 yse Booth encoding to avoid the use of zeros

bandwidth®7®8. Accelerators proposed in
and reduce the total computations. They, however, still transfer zeros to and from the
memory which incurs SRAM area and energy. Block circulant matrices for weights were
introduced in CirCNN?'. CirCNN, however, requires complex fast Fourier transform (FFT)
operations in its PE design which significantly increases the area overhead.

In-memory accelerators®?% have also been presented that use analog logic design to
perform matrix multiplications within memory. Analog circuits, however, are impacted by
noise and variations during the manufacturing process which can significantly impact the
CNN model accuracy during inference.

Chen et al. proposed Eyeriss*®, a non-systolic array, reconfigurable spatial architecture
along with a new dataflow scheme called row stationary to maximize the data reuse. This
design, however, incurs high PE costs owing to local storage and control in PE. It also has
low hardware utilization which results in low throughput per PE. Liu et al.** proposed an
FPGA-based CNN accelerator with an integrated depth-wise separable mode of operation.
This accelerator, however, has low throughput because of the usage of a 32-bit floating
point format. Bai et al.”” proposed an FPGA-based CNN accelerator having a dedicated
matrix multiplication engine (MME) on Arria 10 SoC. It achieves a frame rate of 266 fps,
however, its MME engine has a huge digital signal processing (DSP) cost of 1200+ DSP
blocks. Miyashita et al.?” introduced the concept of logarithmic data representation for
neural network accelerator designs. It also gives accuracy comparison between linear and

log quantization. Vogel et al.?® proposed an accelerator design using an arbitrary log base.
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It, however, does not utilize the low hardware overhead of the log-based PE and instead
rely on linear PE arrangements. Huan et al.”® proposes a reconfigurable design for various
convolution kernels. It uses a propagated input data flow scheme but incurs high latency

1.97 proposed a rescheduled dataflow for convolution

and low hardware utilization. Jo et a
to optimize the energy efficiency. Chang et al.” proposed VWA, a vectorwise accelerator
architecture, with the goal of maximizing hardware utilization. It supports various kernel
sizes from 1 x 1 to 5 x 5.

Although some of the recent designs achieve high hardware utilization, they are not able
to increase the peak throughput per PE count beyond unity owing to the use of single-core,
linear PEs with high area cost. NeuroMAX overcomes the limitations of prior works by

leveraging log PEs with multiple low-cost threads within each log PE and designing a 2D

dataflow that promises high throughput by exploiting multi-level parallelism.

3.3 Log mapping

Log mapping or log quantization maps an input value x to a logarithmically quantized value
2'. Many trained neural nets have weights w and input activations a which are non-uniformly
distributed. Mapping these 32-bit floating-point (fp32), non-uniformly distributed values
over fixed-point, linearly-quantized values introduces a significant amount of quantization
noise for small bit width. Most hardware platforms use fixed-point arithmetic for data
manipulation where the fixed point number is represented in signed (m.n format. Here,
m represents the integer part whereas n represents the fractional part. The range of values
which can be represented are rangey, = [-2™71, 2™ — ¢] where, € = 27", is the step size.

A linear quantizer rounds the fp32 value to the nearest multiple of € and then clips it as

follows:

xq = clip [(round(%)) e, —2mtgmTh e] (3.1)
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where,
.

max, T > max

clip(z, min, maz) = x, min < x < max (3.2)

min, otherwise

\

A log quantizer takes as input, x, and the quantization parameters < m,n,b >, where b
is the logarithmic base, and produces a log-quantized value 2’ as output. The quantization

process can be written as:

«' = clip [(round(logy(|z|))) , —2™"1, 2™ — €] (3.3)
0, z=0
v, = (3.4)
sign(z) - %', otherwise

Figure 3.1 shows some of the quantization results for the first five convolution layers
of VGG16* and SqueezeNetS. Instead of using log base-2 (logs) for quantization, we use
log base-v/2 (log vz) for more accurate mapping, as shown in Figure 3.1(c) and (f). In
fact, we observe that VGG16, pretrained on ImageNet dataset, with fp32 data, after log, 5
quantization, has top-1 accuracy decrement by only ~3.5% from 67.5% to 63.8%. This is

opposed to log base-2 quantization which decreases the accuracy by ~10%.

3.4 Hardware architecture

3.4.1 Top-level

Figure 3.2 shows the top level hardware architecture of the proposed NeuroMAX CNN accel-
erator on Zyng-7020 SoC. The CONV core is the accelerator module containing a memory
block, a state controller, PE grid, adder stages and post processing module. The memory

block contains the weight, input and output SRAMs with a total cumulative size of 3.8Mb.
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The PE grid consists of 108 PEs arranged in a 6x3x6 3D array. Figure 3.2 also shows
the internal structure of the PE grid containing PE matrices, numbered from 0 to 5. The
PE matrices are all connected to their respective input, weight, and output SRAM blocks.
Each PE matrix processes independent channels in parallel for standard and separable con-
volutions for maximizing the throughput. The outputs from the PE matrices are provided
to their respective adder nets within the PE grid. A total of six adder net Os are present
corresponding to six PE matrices. The configuration of these adder nets remain constant
regardless of the type of convolution used or the filter size. The output from the adder net
0 is provided to six configurable two-stage adders whose input connections change based on
the filter size and the convolution type. The first adder stage is referred to as adder net 1
and the second stage is the channel accumulation stage.

To perform a convolution operation, a tile of log-quantized input fmap and weight data
is loaded from the off-chip DRAM memory into the SRAMs in the CONV core by AXTI DMA
and interconnect. The processor also sends the parameter information containing the values
for filter size, input width, input height, output width, output height and total channels to
the state controller inside the CONV core. The state controller modifies the configurable
adders and determines the dataflow to be used for the convolution operation. The linear
convolution outputs are sent to the post-processing block which performs ReLLU operation
and quantizes the results back into log values using pre-computed log table. These output
log values are loaded into the output SRAMs and sent back to the off-chip DRAM memory
to be used for processing the next layer. No intermediate outputs or partial sums are stored
in the DRAM memory and all the intermediate processing is done within the CONV core to

minimize the off-chip traffic.

3.4.2 PE matrix

Figure 3.3 shows the hierarchical design of a single PE matrix (PE matrix 0) in a bottom
up view. Each PE receives a 1D vector of weight values and one input value. It should be

noted that both the input (0’) and the weight values (w0,.2”) are log quantized. The output
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Figure 3.4: Adder net 0 psum generation

vectors from PEs are provided to the adder net 0 which generates 18 psums (01-018). This
adder net works by summing the same color coded values generated within a row of PEs, as
shown in Figure 3.4.

Figure 3.3(b) shows the internal structure of a single PE element (PEq ). There are
three compute cores or threads, each processing a single weight data and the input value,
and in turn, produce three outputs (pii,pi2,p13). The lowest level of the PE matrix is a
thread within an individual PE, as shown in Figure 3.3(a). Basic log-based multiplication
operation is performed in a single thread. Assuming we have two log-quantized values, w,’
and a,’, representing the original weight (w,) and the activation input (a,) respectively, the

multiplication of these values in log domain can be carried out as:
wya, = sign(wy,) - 2% (3.5)

where,

’

9y = w; + a; (3.6)

Equation (3.5) can be implemented in hardware by decomposing the exponent into its

integer and fractional part as:

wya, = sign(wy) - 9INT(g,) . gFRAC(5,) (3.7)

!
2INT(gq

The integer part ) can be implemented by a shift operation, whereas, the fractional

part can be pre-computed and stored within the thread. The total number of fractional
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Figure 3.5: A convolution example with 12X 6 input, 3X 3 filter for stride 1 and 2

computations depends on the total number of fractional bits (n) used. In our case, we have
n = 1 and thus store 2" = 2 values in the thread memory. Equation (3.7) can now be

rewritten as:

wya, = sign(w,) - (LUT(FRAC(g,)) >> ~INT((g,))) (3.8)

The hardware implementation of equation (3.8) is shown in Figure 3.3(a). Since weights
can have negative values, which is not accounted for in the log computations, we use an
additional bit to represent the log weight data with the most significant bit w;[6] representing
the sign of the weight before quantization. This is not required for the input fmap values

since most modern CNNs use ReLLU activations which eliminate the negative outputs.
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2

3.5 Data flow and processing

The main idea behind designing an efficient dataflow is to minimize the data movement
to/from the off-chip DRAM memory. One MAC operation typically requires three memory
reads corresponding to weight, ifmap, psum, and one memory write, corresponding to the
updated psum. A neural net like AlexNet, with 724M MACs, will need ~3000M DRAM
memory accesses. Many efficient dataflows have been presented in literature to minimize this
data movement. Some of these include output stationary, weight stationary and, row sta-
tionary?. Since convolution operation requires the reuse of filter weights, input, and psums,
in successive operations, the dataflows are designed to optimize the re-usability without ac-
cessing the DRAM memory. We introduce a 2D weight broadcast dataflow for maximizing

the re-usability of the weights, input, and psums.

3.5.1 3 x 3 convolution

Figure 3.5 shows a 3 x 3 convolution example. Here, a 12 X 6 input is convolved with a 3 x 3
filter to produce a 10 x 4 output for stride 1 and a 6 x 3 output for stride 2. A total of

108 bits, corresponding to the 6 x 3 input tile, are received from the AXI4 interconnect and
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Figure 3.7: 2D weight broadcast dataflow

stored in the input SRAM. This input tile is modified by the state controller and provided
to the PE matrix in a row shifted pattern as shown in Figure 3.6(a) and (c) for stride 1
and stride 2, respectively. We also acquire a 2D weight array and broadcast it to the PE
matrix as shown in Figure 3.6(b). Figure 3.7 shows the dataflow and the operation of the PE
matrix for the first 6 x 3 input tile and the weight matrix at time stamp t = 1. The entire
input tile and the 2D weight array is loaded into the PE matrix simultaneously. Because of
the multi-threaded structure of PEs, each PE performs three multiplication operations using
three threads and the outputs are row-wise summed to generate the psums (01-018) using
adder net 0 (Figure 3.4). The dataflow chart and the processing of the entire 12 x 6 input is
shown in Figure 3.8. The output agwag;s, in Figure 3.8, represents the three outputs agwag,
agway, agwag generated by three threads within a PE. The adder net 0 computes the partial
sum outputs (01-018) the same way as shown in Figure 3.4, where p;; = agwag, p14 = bowbg

and py7 = coweg are the same colored (green) outputs along the row.
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Figure 3.8: Dataflow chart for 3x 3 stride 1 Convolution in Figure 3.5
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Figure 3.10: 1 x 1 convolution example
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The dark red outputs (row 5 and 6) in Figure 3.5 for stride 1 and green outputs (row 3)
for stride 2 represent the boundary outputs. The boundary condition occurs when the filter
overlaps two different column-wise input tile sectors. For clarity, we assume that the first
input tile at t = 1 is processed by the PE matrix. This corresponds to the first six rows and
the first three columns of the input. The PE matrix will process the last row-wise input tile
at t = 4 which corresponds to the first six rows and the last three columns of the input as
shown in Figure 3.6(a). The input tile will then jump to the next column-wise 6x3 input
tile which corresponds to the last six rows and the first three columns at t = 5 as shown in
Figure 3.6(a). However, it can be seen that the row 5 and 6 in the output are dependent on
the overlapping results from the two concurrent column-wise input tile sectors (e.g. at t = 1
and t =5, t =2 and t = 6 and so on). To resolve this, the three dependent psums (013, 017
and 016), generated from row 5 and row 6, of first column-wise tile sector of the 12x6 input,
are passed through a variable length shift register with the maximum length equal to the
width of the input. These psums are subsequently utilized when the next column-wise 6x3
input tile (ag to aj;) is being processed. Thus, the rows 1 to 4 in the output are generated
during the time intervals t = 1 to t = 4, whereas the rows 5 to 10 are generated during the
time interval t = 5 to t= 8.

The output in Figure 3.5, for stride 1, is generated by alternate colored, column-wise
summation of the psums in the adder net 1 as shown in Figure 3.9(a). Figure 3.9(b) shows
the output generation for stride 2 case. The shift registers (VAR Len SR) for generating
the boundary outputs are also shown in Figure 3.9. It can be observed that because of
the optimized dataflow, only 2 out of 18 or 11% psums require local storage as opposed
to (50% psums requiring storage (local or off-chip) in previously proposed dataflows. The
throughput for the above example is 45 OPS/cycle (total OPS/total cycles = 360/8 = 45),
which results in an 83.3% overall thread utilization (45/(3 x 6 x 3))x100. We will simply

use thread utilization as hardware utilization in this context.
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Figure 3.11: State controller load operation

3.5.2 1 x 1 convolution

1 x 1 convolutions are very popular in modern CNNs. These convolutions, along with the
depth-wise separable, are replacing the normal 2-D convolutions because of the less number
of MAC operations®. The 1 x 1 CONV operation convolves 1 x 1 x C' x P filters with a
M x N x C input to produce M x N x P outputs. Here, C is the number of channels, P is
the number of filters, M is the input width and N is the input height.

Figure 3.10 shows a 1 x 1 CONV example where a 3 x 6 x 6 input is convolved with 6,
1 x 1 x 6 filters to produce a 3 x 6 x 6 output. Since this convolution generates the psums
by channel accumulation, the outputs from the multiple PE matrices are utilized. For the
example in Figure 3.10, the state controller data scheduling for PE matrix 0 and 1 is shown
in Figure 3.11. It can be seen that the first three channels of the input are convolved with
the first three channels of all the filters in PE matrix 0, whereas, the last three channels of
the input are convolved with the last three channels of all the filters in PE matrix 1. The

time stamps during specific processing of input and weights in PE matrices are also shown
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Figure 3.12: Dataflow chart for 1x1 convolution in Figure 3.10

in Figure 3.11. It should be noted that for an input with more channels, the rest of the PE
matrices will also be used. Thus, by using the dataflow in Figure 3.11, the architecture can
process 18 channels concurrently by using the 6 PE matrices, with each PE matrix processing
3 input and filter channels.

The dataflow chart for the PE matrix 0 for the example in Figure 3.10 is shown in Figure
3.12. The same dataflow chart can also be generated for the PE matrix 1. As mentioned
earlier, the psums in 1 X 1 convolution are calculated using channel-wise accumulation. The
eighteen outputs (01-018) generated by the individual PE matrices are summed in their

respective adder net 1s. The input connections for adder net 1 (AN 1.0) and the channel
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Figure 3.13: (a) Channel-wise accumulation for PE matriz 0 (b) All channel-wise accumu-
lations

accumulator (CA 0) of PE matrix 0 are shown in Figure 3.13(a). Here, o1y is the psum output
from the PE matrix 0 and ol5 is the psum output from the PE matrix 5. Since the example
in Figure 3.10 is small, it only requires the first two PE matrices and their outputs, that
is, only 01p-18y and 01;-18; are active. The output in Figure 3.10 is generated by using all
six adder net 1s and the channel accumulators as shown in Figure 3.13(b). The throughput
for the above example is 108 OPS/cycle (total OPS/total cycles = (6 x 6 x 3 x 6/6 = 108),

which results in a 100% overall thread utilization (108/(3 x 6 x 3 x 2))x100.
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Figure 3.14: (a) 5 x 5 convolution example (b) Input load operation (c) Weight load oper-
ation

3.5.3 Higher order convolutions

The proposed NeuroMAX accelerator is designed to optimize 3 x 3 and 1 x 1 convolutions. It
can, however, also be used to accelerate larger kernel sizes.”® proposed a kernel decomposition
method such that an additional support for 4 x 4 and 5 x 5 filter is needed to implement any
filter size. Figure 3.14(a) gives an example of 5 x 5 convolution. As the size of the PE matrix
is 6 x 3, a filter of width greater than 3 and height greater than 6 needs multiple cycles to
calculate the output value. This can be seen in Figure 3.14(b) and (c) where the last two
columns of the input matrix and the weight matrix are loaded at time stamp t = 2. Figure
3.15 shows the dataflow chart which accounts for this configuration. The generated psums
(01-018) are provided to the adder net 1 as shown in Figure 3.16. For this convolution, the

output values are calculated as:

Vag, Vas = ((0ol 4+ 05 + 09) + (010 + 014))p1a + (01 + 05 + 09) pew (3.9)
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Figure 3.15: Dataflow chart for 5 x 5 convolution in Figure 3.14(a)

Vay = ((04 + 08 + 012) + (013 + 017)) 1q + (04 + 08 + 012) ¢4, (3.10)

In equations (3.9) and (3.10), the old value corresponds to the convolution output from
the first three columns of the input and the weight matrix at ¢ = 1, whereas, the new value
corresponds to the last two columns at ¢ = 2. The adder net 1 and the channel accumulator
configuration for this convolution is shown in Figure 3.16. A similar configuration and
dataflow chart is used for implementing a 4 x 4 convolution. In addition to this, the CONV

core can also perform pooling operation by choosing the appropriate stride and kernel.

3.6 Implementation and results

This section discusses the implementation of the proposed NeuroMAX accelerator and presents
the area cost, power consumption, performance, throughput, and hardware utilization re-
sults. The accelerator has been implemented in software and also on hardware (PL side of

Xilinx Zyng-7020 SoC operating at 200MHz). Figure 3.17 shows cost comparison between
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Figure 3.16: Adder configuration for 5 x 5 convolution

our multi-threaded log PE core and an area-optimized linear multiplier core with equal out-
put bit precision and latency. It can be seen that by choosing a thread count of 3 (shown
as log (3) in Figure 3.17), the LUT and FF cost is only 1.05x and 1.14x that of the linear
PE. Thus, a total of 108 linear PEs would be equivalent, in cost, to ~122 multi-threaded log

PEs. For fairness, we will use the cost adjusted PE number for performance comparison.

Lin. vs Log PE LUT count < Lin. vs Log PE FF count
0
200 s o 30 ~
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20 < ©
100 2 = o S 3
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Figure 3.17: Linear vs log PE LUT and FF cost (16-bit)

Table 4.1 shows the resource utilization of the implemented accelerator core as well as
the power consumption. Figure 3.18 (a), (b), (c) shows the breakdown of LUT cost, FF
cost and power consumption among different modules of the accelerator. The PE grid and
the adder net 0 combined have the highest LUT and FF count (81% and 91%, respectively).

The post processing block consumes negligible resources. The processing system (ARM core)
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Table 3.1: Resource utilization

Property Accelerator | Utilization
LUTs 20680 38%
FFs 17207 16%
36kB BRAMs 108 7%
Power 27271 W NA

Table 3.2: Comparison of NeuroMAX with previous designs

Property NeuroMAX | Eyeriss® | Liu et al.?* | Vogel et al.?® VWA’
Technology Zyng-7020 SoC | 65nm Zyng-7100 | Arria 10 SoC | Virtex-7
Precision(bits) 6-bit log 16-bit 32fp 16-bit 5-bit log
PE number 122(adjusted) 168 1926 1278 256
Processing clock (MHz) 200 200 100 133 Unreported
Peak Throughput (GOPS) 324 84 17.11 170.6 Unreported
Peak Throughput/PE 2.7(adjusted) 0.5 0.008 0.13 Unreported
Cost (LUTs(a),gates(b)) 20.6k(a) 1176k(b) | 142k(a) 66k(a) 29k (a)
Power (W) 2.72 0.278 4.083 Unreported 3.756

dominates the power consumption (57%), while the PE grid and adder net 0 have the second
highest consumption (26%) of the total.

Figure 3.19 shows layer by layer hardware utilization for various CNN architectures.
NeuroMAX achieves an average utilization of 95%, 84% and, 86% for VGG-16, MobileNet
vl and, ResNet-34, respectively. The dip in hardware utilization in some layers of mobilenet
and ResNet-34 is because of stride 2 convolutions which utilize only 50% of the available PE
cores. The low utilization in the first layer of VGG16 is because it only has 3 channels and
since each PE matrix processes one channel, the last 3 PE matrices remain idle which gives
an exact utilization of 50%.

Chang et al.” recently presented an accelerator, referred to as VWA, with 1D broadcast
dataflow which promises higher utilization and throughput (GOPS) than all the previous
designs. NeuroMAX is, therefore, compared against VWA in Figure 3.20 for various CNNs.
VWA uses a total of 168 PE cores and provides a utilization of 99% with throughput 166.32
GOPS, 93.4% with throughput 156.91 GOPS and, 90.2% with throughput 151.54 GOPS
for VGG16, ResNet-34 and mobilenet, respectively. We use 122 PE cores (cost adjusted),
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Table 3.3: VGG16 latency comparison

Layer NeuroMAX | Eyeriss® | VWA’
CONV 11 (ms) 1.35 38.0 557
CONV1_2(ms) 28.9 810.6 | 55.04
CONV2_1(ms) 14.4 4053 | 27.43

CONV2_2(ms) 29.26 810.8 55.7
CONV3_1(ms) 14.54 204 27.7
CONV3_2(ms) 28.6 408.1 54.5
CONV3_3(ms) 28.7 408.1 54.6
CONV4_1(ms) 14.4 1051 | 27.42

CONV4_2(ms) 29 210.0 55.23
CONV4 3(ms) 29.5 210.0 | 56.19
CONV5_1(ms) 7.24 48.3 13.79
CONV5_2(ms) 7.23 48.5 13.77
CONV5_3(ms) 7.11 48.5 13.54

Total(ms) 240.23 3755.3 | 457.5

a 28% decrease from VWA, and provide a throughput of 307.8 GOPS, an 85% increase,
281.8 GOPS, a 79.4% increase, and 268.92 GOPS, a 77.4% increase, for the three CNNs,
respectively. This increase in throughput with lower PE count is attributed towards our
low-cost, multi-threaded PE core design and an efficient 2D dataflow. We also achieve
somewhat similar hardware utilization, that is, 94% for VGG16, 87.3% for ResNet-34 and,
83% for mobilenet. It should be noted that VWA implements the accelerator on an ASIC,
whereas, we use an FPGA, thus, an accurate comparison in LUT count, FF count and,
power consumption cannot be made. It is, however, evident that the design in VWA when
ported into FPGA will have ~31% more LUTs and FFs owing to more number of PEs used.
Table 5.4 shows the comparison of our accelerator with previous state of the art ASIC and
FPGA designs. We see an improved performance in terms of PE number, peak throughput
and peak throughput/PE ratio. Only VWA has a peak throughput/PE ratio equal to unity
with average around 0.85. Our peak throughput/PE is 3 with average around 2.7 after
cost adjustment. The power comparison reveals that the FPGA-based designs inherently
consume more power compared to ASICs. We can, however, see that NeuroMAX consumes
significantly less power and has lower cost in terms of LUT count compared to other FPGA

designs. Table 4.21 gives a layer-by-layer processing latency comparison for VGG16. Both
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Eyeriss*® and VWA benchmark the latency of their accelerators on this CNN, therefore,
we also evaluate and compare NeuroMAX’s performance on VGGI16. It should be noted
however that VWA uses 500MHz processing clock in their design. For fair comparison, we
make suitable adjustments in their reported values. Our proposed NeuroMAX accelerator

has 93% and, 47% decrease in latency, when compared to Eyeriss and VWA, respectively, at
200 MHz clock.

3.7 Conclusion

This chapter explains the architectural details and working of NeuroMAX. NeuroMAX is
a dense accelerator which uses multi-threaded, log-based PE cores. The designed PE cores
are capable of providing a 200% increase in peak throughput while only increasing the area
overhead by 6%, when compared to a standard multiplier-based PE core. NeuroMAX uses
an efficient 2D weight broadcast dataflow scheme which exploits the multi-level parallelism
of the processing engine and enables hardware utilization close to a 100%. The accelerator is
capable of performing a wide variety of convolutions including standard and separable 3 x 3
stride 1 and 2, 4 x 4, 5 x 5 and 1 x 1 depthwise, required in modern CNN architectures.
NeuroMAX gives a throughput increase of 77.4% and a latency decrease of 47% with a
28% decrease in PE count against recently proposed accelerator designs for modern CNNs.
NeuroMAX also provides at least a 27% and a 29% decrease in power consumption and LUT

count, respectively, against prior FPGA-based CNN accelerators.
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Chapter 4

SparsePE core

In this chapter, we introduce SparsePE!, a processing element capable of accelerating sparse
computations. Section 4.1 introduces the SparsePE core and also summarizes the main
contributions. Section 4.2 gives an overview of some of the recently proposed sparse CNN
accelerators. Section 4.3 gives the motivation behind sparse CNN accelerator design. Section
4.4 details the working of the SparsePE core on some use cases. Section 4.5 gives the

implementation details and Section 4.6 summarizes and concludes the chapter.

4.1 Introduction

Modern CNNs owe their high accuracy to deep layers and the non-linear activation functions
like ReLU?%. The feature maps generated by ReLU comprises of zeros and are referred to
as one-sided sparse feature maps. Two-sided sparsity is introduced when, in addition to
the feature maps, the weight matrices also comprises of zeros. Han et al.*® presented an
approach based on iterative pruning which introduced sparsity in the weight matrices. This
led to approximately 9x model reduction for AlexNet, and 13x reduction for VGG-16. It
also resulted in 4 - 9x effective compute reduction. Computation reduction through spar-
sity, although very promising, introduces significant challenges in terms of implementation.

Section 1.2.2 gives a detailed overview of some of these challenges. The SparsePE core is

IThis work appears in the IEEE Access Journal®®, DOI: https://doi.org/10.1109/ACCESS.2021.3126708
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designed to overcome these challenges and provides the following contributions:

e Like the NeuroMAX PE, the SparsePE core is a multi-threaded, high-performance, pro-
cessing engine core which exploits two-sided sparsity to maximize the effective through-
put. The core’s micro-architecture is designed in such a way that it actively skipping
a huge number of ineffective computations (zero, X zero,, zero, X non-zero,, non-
zero,, X zero,) involving zeros, while only favoring effective computations (non-zero,,
X non-zero,). The core’s micro-architecture includes selection, computation, and ac-
cumulation blocks to dynamically allocate maximum, non-zero computations, on to a

thread matrix inside the core to drastically improve the hardware utilization.

e Unlike previous approaches that use compressed sparse column (CSC) format for their
PEs, the SparsePE core uses bitmask (BM) representation for sparse computations.
We show that, on average, the CSC format has 3x higher DRAM memory accesses
compared to the BM representation which directly translates into higher energy re-

quirements for the CSC format.

4.2 Recent sparse CNN accelerators

Sparse architectures reduce the compute and memory access volume by exploiting the ze-
ros in activations (one-sided), or both activations and weights (two-sided). Cnvlutin® and
Cambricon-X** exploit one-sided sparsity by ignoring zeros in weights or input maps, but not
both. Cnvlutin also does not avoid transferring zeros and only skips cycles for activations.

Tensaurus??

accelerates sparse and dense tensor factorizations by introducing compressed
interleaved sparse slice (CISS) dataflow. It, however, only supports one-sided sparsity. Re-

cent sparse GEMM (SpGEMM) accelerators'% 1% target generalized sparse-matrix, sparse-

02 01

matrix multiplications. Sigma'?? and ExTensor!'” use inner-product (output stationary)
dataflow for sparse matrix multiplications. Inner product, however, is inefficient for highly
sparse matrices because every element of the rows and the columns must be traversed even

though there are fewer effectual computations (non-zero x non-zero). This leads to a sig-
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nificant amount of wasted computations. SpArch!'® and OuterSPACE ! use outer-product
(or input stationary) dataflow to avoid the inefficiencies associated with the traversals inher-
ent in the inner-product dataflow. Outer-product, however, gives poor output reuse as the
partial outputs generated are much more than the final outputs causing significant mem-
ory traffic. Finally, MatRaptor introduces a modified version of the CSR format referred
to as channel cyclic sparse row (C2SR) for better reuse and memory efficiency but requires
complex encoding for output matrices. Eyeriss v2°? uses the CSC format for both weights
and activations to address the two-sided sparsity. It, however, suffers from systematic load
imbalance due to variations in the density of the sparse matrices. The PE design of Eyeriss
v2 also requires complex buffering logic that drastically increases the area by ~ 93% when
compared to the original Eyeriss*®. EIE®® exploits the two-sided sparsity in FC layers and
does not address the CONV layers. EIE essentially discards zeros in weights but remains
idle, thus, wasting compute cycles. Sparse CNN (SCNN)"® targets two-sided sparsity but its
PEs suffer from inefficient microarchitecture and system-level load imbalance (also pointed
out in®%). SCNN, also, is incapable of handling non-unit stride convolutions and FC layers.
SparTen®® attempts to strike a balance between data reuse and load imbalance by employing
an offline load balancing strategy. It, however, also cannot handle FC layers and requires
complex architecture-level circuits to enable synchronization between different PEs.
Although some previous accelerator architectures attempt to exploit sparsity in CNNs,
they do not address the issues related to high PE cost, inefficient micro-architecture, and
dependence of PE on accelerator design. The SparsePE core not only addresses the issues
present in the previous designs but also, can carry out general sparse dot product computa-

tions for any application.

4.3 Sparsity in CNNs

Sparsity refers to the fraction of zeros in a CNN layer’s weight and input activation matrices.
Weight sparsity is static and is introduced while pruning a network during training. Han

et al.*® developed an iterative scheme for pruning a network and retraining to retain the
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network’s accuracy. Activation sparsity is introduced dynamically during the inference phase
and is highly dependent on the input being processed. This sparsity occurs because of the
ReLU activation function, most commonly found in many CNNs, which converts all the
negative outputs of a layer to zero.

Figure 4.1 shows the weight and activation sparsity among two of the most commonly
used CNNs. We randomly select 50,000 images from the ImageNet dataset’ and run pre-
trained sparse AlexNet and VGG16. The weight sparsity values in Figure 4.1 were obtained
directly from the sparse CNNs, whereas, the activation sparsity values were obtained by
averaging out the layer-by-layer activation sparsity during the processing of the input images.

k1% It can be seen that the weight

The whole process was done using the Keras framewor
sparsity for AlexNet and VGG-16 can reach as high as 70% and 80%, respectively, for some
layers. Activation sparsity tends to be lower in the initial layers but rises considerably in
later layers with some layers of VGG-16 having activation sparsity as high as 85%. This
shows that many neural nets, though seemingly compute and memory bandwidth-intensive,
are incredibly sparse with huge amounts of redundant computations. A PE design that

efficiently exploits this redundancy can provide immense gains in both performance and

energy efficiency.

4.4 SparsePE

Figure 4.2 shows a typical convolution operation in a CNN. Here, a 3 X 8 sparse input is
convolved with a 3 x 3 sparse weight to generate a 1 X 6 output. The input and weight
matrices have sparsity of 42% and 45%, respectively. The convolution operation can be
broken down into 6 smaller convolution chunks (C0-C5), as shown in Figure 4.2. Each of the
9 multiplications in a single convolution chunk is performed by a compute thread within a
3 x 3 compute thread matrix. The multiplications in red are ineffective computations which
means that either one or both the multiplication operands are zeros, resulting in a wasted
computation, whereas, the multiplications in black are effective. It can be seen that, on

average, 66% multiplications in a convolution chunk are ineffective (Output Sparsity OS =
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6/9) which corresponds to an effective hardware utilization of only 33%. This represents
a significant loss in computational efficiency as most of the compute cycles are wasted on
ineffective computations. The SparsePE core addresses this issue and increases the hard-
ware utilization, consequently the throughput, by minimizing the total number of ineffective
computations performed by the 3 x 3 compute matrix. It does this by looking-ahead into the
computations beforehand and scheduling only the valid computations to minimize the total
compute cycles.

Figure 4.3 shows the high-level block diagram of the SparsePE core. The core takes the
binary mask (BM) and data input and performs sparse computations to generate output data
and binary mask. The SparsePE core consists of three main components: Selection (SL),
Computation (CM), and Accumulation (AM). The SL block uses the sparse binary masks of
input data/feature maps and weights to perform selection of valid computations (non-zero,
X non-zero,). These valid computations are represented by a set of binary matrices referred
to as select matrices. The CM block uses the select matrices to map the sparse input and
weight data onto a 3 x 3 matrix of compute threads. The mapping is performed in such a way
as to maximize the utilization of individual compute threads. The AM block accumulates
the CM outputs to produce valid output results. The output sparse binary mask (BM) is

also generated which will be used for the next CNN layer.

4.4.1 Sparse binary mask

Many previous approaches use compressed sparse row (CSR) or column (CSC) formats to

43;44;53

represent sparse data . We, instead, use a binary representation referred to as sparse
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binary mask (BM) for representing both weights and activations. The BM representation
provides a simplistic, and a more convenient method for representing the unstored zero data
and the stored, non-zero data. Unlike the CSR/CSC formats, this representation does not
require storage of count and data pointers which significantly decreases the memory footprint
of the BM representation. Figure 4.4 shows the dense, BM and CSR format representation
of the 3 x 3 weight matrix and the 3 x 8 input data/feature map given in Figure 4.2. In the
dense representation, both the zero and non-zero data is stored in the memory along with
the indices, as shown in Figure 4.4(a). Figure 4.4(b) shows the equivalent BM representation
where only the non-zero data is stored. The BM representation represents non-zero (stored)
data with the binary 1, and zero (unstored) data with the binary 0. Finally, Figure 4.4(c)
shows the CSR format representation, where the relative locations of the non-zero data are
represented by the row and col pointers. We will further analyze the superiority of the BM
representation over the CSR format in Section 4.5.

To process the input sparse data, the SparsePE core is provided the BM and the asso-
ciated data in the form of chunks for processing of a particular CNN layer. Although the
SparsePE core can work on any type of convolution or FC layer, for convenience and ease of
understanding, we will show the working of the core using the input and the weight matrix

in Figure 4.2. We also assume that the input and the weight data are 8 bits wide.

4.4.2 Selection

Lookahead masking

The convolution operation works by performing dot product between two vectors. In a two-
sided sparse CNN model, the dot product can result in four possible multiplication outputs.
i) zero, = zero, X zero,

ii) zero, = zero, X non-zero,

iii) zero, = non-zero, X zero,

iv) non-zero, = non-zero,, X non-zero,

It can be seen that the only valid multiplication is the mon-zero, which results when a
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non-zero weight (non-zero,) is multiplied by a non-zero input/activation (non-zero,). The
SL block has two user-defined parameters, n and k. The main purpose of the SL block
is to determine k, mon-zero, computations in a set of n convolution chunks. The value
of k represents the total number of multiplier threads in the CM block. In this design,
we have a 3 x 3 matrix of multipliers, making the value of £ = 9. We define n as the
lookahead factor, which represents the number of convolution chunks the core looks into
to determine k multiplications. There are a total of 6 convolution chunks (C0-C5) in the
example input, as shown in Figure 4.2. For this design, we consider the value of n to be 3.
This means that during one cycle, the core looks into £ = 9 valid multiplications in a set of
n = 3, 3 x 3 convolution chunks. The SL block does this by using a series of n, 2k-input
AND gates followed by a selector, as shown in Figure 4.5. Figure 4.6 shows the process of
ANDing. During the first cycle, the sparse masks of the weight and n = 3 chunks of the
input matrix are loaded into the core. Bit by bit ANDing is performed between the sparse
masks of the weight and the input to generate SEL_R1, SEL_R2, and SEL_R3, representing
the ANDed output of the first, second, and third, convolution chunks, respectively. The ones

in the SEL_R outputs represent the location of valid non-zero multiplications, whereas, zeros
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Figure 4.6: Process of ANDing in the SL block

represent in-effective computations involving zero operands. To process the six convolution
chunks, two cycles are needed and the final SEL_R outputs are shown in Figure 4.7. The
first cycle generates the ANDed outputs for the first three convolution chunks (C0, C1, C2),

whereas, the second cycle generates the ANDed outputs for the last three convolution chunks

(C3, C4, C5).

Top-down selector

The ANDed outputs are provided to the top-down selector (TDS) which selects the valid
multiplications in a column-major format. There are a total of n selectors each process-
ing a particular comma-separated column. For this design, the three columns Coly, Coly,
Coly (shown in Figure 4.7) are processed in parallel by the three selectors. The purpose of
the selector is to schedule the effective computations in each of the input columns (Coly,
Coly, Coly) on to the respective columns of the multiplier matrix. Since, at any point, the

maximum number of scheduled multiplications per column cannot exceed the total number
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Figure 4.7: Selection for maximum multiplier utilization

of multipliers per column of the multiplication matrix, the selector has to make sure that
during any cycle the total number of selected multiplications are equal to the multiplier
threads per column of the multiplier matrix ((k = 9)/3 = 3) to ensure maximum hardware
utilization. Since every 1 in the input columns (Coly, Coly, Coly) represents a valid computa-
tion, the selection algorithm works by counting the number of ones in the individual entries
and selecting the entries that maximize the utilization of the multiplier matrix. We develop
two selection algorithms for the TDS namely, in-order selection (TDS-10) and out-of-order
selection (TDS-0O0).

In-order selection: The TDS-IO process occurs iteratively in a linear fashion. Consider
the second column (Coly) in Figure 4.7 on which the second selector operates. The selection
algorithm is shown in Figure 4.9. The selector iterates over the first n = 3 values (valy, vals,
valg) and generates two accumulation values (accum;, accums). #ones function calculates
the total number of ones in a particular val. The first iteration comprises of the first three
values 001 (valy), 100 (valy), 101 (vals). The first value, i.e., 001 is assigned the highest
priority and the selector counts the total number of ones in this entry and stores the result,
which in this case is 1, in the init variable. It then computes the accumulator variables
(accumy, accumsy) using the next two values (valy, vals). The selector then selects the values

based on whether the total number of ones in accumulated values exceed the total number of

67



Col, Col; Col,
1 1

' SEL_R, =[100|, [001| , 100

t
1% | seL_R, =|oool, |100 , 101
cycle 5
SEL_R, =|100, [101], [101

| SEL_R, =[100], [101], 100

2nd
— SEL_R, =(100|, [100], 100
cycle 5

SEL_R;=[100f, [100|, 100 _

"Mz select_matrix 2
select_matrix 0 —

100 000 100], | 100 101 000
100 100 100 100 000 101

—— select_matrix 1 m
000 000000] 567" 660

000 000 101
101 100 000
000 000 100

Figure 4.8: In-Order selection

init = #ones(val,)
accum, = init + #ones(val,)
accum, = init + #ones(val,) + #ones(val,)
if(accum,) <= k/3

select val,, val,

init = val,
elseif(accum,) <= k/3

select val,, val,, val;
else

select val,

init = val,

Figure 4.9: In-Order selection algorithm
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compute threads in one column of the thread matrix (i.e. 3). The working of the algorithm
for Col; is shown in Figure 4.10. In the first iteration (cycle 1), the selector selects valy
and valy, based on the algorithm in Figure 4.9. The selector generates the output (outg) by
creating a single row of the selected values. Since a total of three values were considered,
the selector replaces the last unselected value (valy) by zeros in the outy output. In the
next iteration (cycle 2), the selector prioritizes the unselected value (valz) from the previous
cycle and repeats the same process to generate outy. It takes a total of four cycles for the
selector to process the entire input column. At the end, a total of three select matrices are
generated by the three selectors operating in parallel, as shown in Figure 4.8. Algorithm
1 (implemented on MATLAB R2020a) shows the In-Order selection process. LAM col is a

matrix containing the input columns and the select_matrix is the selection output.

Algorithm 1 In-Order Selection
Input: SEL_R Cols
Output: select_matrix

1: procedure T'DS_inOrder(LAM_col)

2: Initialize (select_matrix)

3: Accum = 0, jump = 0, row = 0;

4 for i < 0 to length(LAM col) - 1 do

5: Accum = 0;

6 col = 0;

7 for j < ¢ to numThreads + i do

8 Accum = Accum + count_ones(LAM col[j])
9: if (Accum < 3) then

10: select_matrix[row|[col] = LAM _collj];
11: jump = jump + 1;

12: else

13: select_array[row][col] = "000’;

14: end if

15: col++

16: end for

17: 1 =1+ jump;

18: row-+-;

19: end for

20: end procedure

Out-of-order selection: In-Order selection is highly dependent on the order in which
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Figure 4.11: Generation of selection matrices

init = #ones(val,)
accum, = init + #ones(val,)
accum, = init + #ones(val,)
accum, = init + #ones(val,) + #ones(val,)
if (accum,) <= k/3

select val,, val,, val,
elseif (accum,) <= k/3

select val,, val,

init = val,
elseif (accum,) <= k/3

select val,, val,

init = val,
else

select val,

init = val,

Figure 4.12: Selection algorithm for maximum multiplier utilization
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‘
\

\Y/
out, |001 100 000
out, |000 100 101
out, 101 000

select_matrix 1

Figure 4.13: Selection process for column 1

the inputs appear. This can lead to under-utilization of the threads in the PE, as shown
in Figure 4.8. Col; in Figure 4.8 takes a total of four cycles, whereas, both coly and col;
take three cycles. Therefore, the selectors for coly and coly, have to wait for 1 cycle for the
coly selector to process its own column, To minimize this effect, the TDS-OO process occurs
iteratively in a non-linear (or out-of-order) fashion. Figure 4.12 shows the algorithm for TDS-
OO. It includes one additional accumulator (accums) and an extra conditional statement. In
this case, the selection does not need to happen in a linear fashion, as shown in Figure 4.11.
Consider the second column (Coly) in Figure 4.7 on which the second selector operates. The
selector iterates over the first n = 3 values (valy, valy, vals) and generates three accumulation
values (accumj, accumy, accums). #ones function calculates the total number of ones in a
particular val. The first iteration comprises of the first three values 001 (valy), 100 (valy),
101 (vals). The first value, i.e., 001 is assigned the highest priority and the selector counts
the total number of ones in this entry and stores the result, which in this case is 1, in the
init variable. It then computes the accumulator variables (accum;, accums, accums) using

the next two values (valy, valy). The selector then selects the values based on whether the
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Figure 4.14: Selector implementation
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total number of ones in accumulated values exceed the total number of compute threads in
one column of the thread matrix (i.e. 3). The working of the algorithm for Col; is shown in
Figure 4.13. In the first iteration (cycle 1), the selector selects val; and valy, based on the
algorithm in Figure 4.12. The selector generates the output (outg) by creating a single row
of the selected values. Since a total of three values were considered, the selector replaces
the last unselected value (vals) by zeros in the outy output. In the next iteration (cycle 2),
the selector prioritizes the unselected value (vals) from the previous cycle and repeats the
same process to generate out;. It takes a total of three cycles for the selector to process
the entire input column, one less than the case of in-order selection. At the end, a total of
three select matrices are generated by the three selectors operating in parallel, as shown in
Figure 4.11. The hardware overhead of the out-of-order selector is roughly 1.03x that of
the in-order selector variant, but can increase the hardware utilization by as much as 60%.
SparsePE, therefore, employs the out-of-order selection variant of the TDS for higher thread
utilization and efficient mapping.

Figure 4.14 shows the implementation of the selection process for Col; in Figure 4.7. The
outputs from the AND network are stored in a local SRAM memory. On every cycle, a
new value is written into the memory and values are read based on the priority of selection,
with P1 being the higher priority. The selector block implements the algorithm presented in
Figure 4.12. After every iteration, the read address (rd_addr) gets incremented to read the
next value in the memory and the priorities are reversed. The outputs get stored into the
selection matrix based on the row numbers. The tag bits are a crucial part of this process
since they are used by the CM and the AM block for accumulation of data (explained in
subsequent sections). Whenever a particular value is not selected during a selection run, the
tag bit associated to that value is resetted to 0. The selection process ends when no more
values need to be read from the memory and read addresses for all the memories are the
same and the tag bits set to 1. The final select matrices, along with the associated tag bits

for every value are shown in Figure 4.14.
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Figure 4.15: Computation (CM) block diagram
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4.4.3 Computation

Figure 4.15 shows the process of computation in the CM block. The actual sparse data
and its BM representation for a particular layer are loaded into the on-chip SRAM. Based
on the BM of the input and the weight matrix, zeros are inserted at various locations for
length equalization, as shown in Figure 4.15. The CM block consists of a series of fifos
connected to the multiplier threads of the thread matrix. Since the size of multiplier matrix
is 3 x 3, a total of 9 fifos (fifog-fifog) are connected to the 9 individual multiplier threads.
Each column of the multiplier matrix gets a portion of the zero-inserted weight matrix. This
can be seen in Figure 4.15, where the first column of multiplier threads (thgg, thy g, ths )
gets the weight vector wag00, the second column (thg i, thyq, the) gets wboOwby and the
third column (thgs, thy s, thes) gets wegOwes. Zero-inserted data is also scheduled to the
threads from the fifos as shown in Figure 4.15. The enable pin of the fifos is connected to
the tag bits of the select matrices. Whenever the tag bit for a particular entry is 1, the
fifo is enabled and a new value from the fifo is passed to the multiplier which performs the
computation. Figure 4.16 shows the process of computation for the second column (thg,
thy 1, tho) of the thread matrix. In the first cycle, the first three values in the three fifos
(fifos, fifoy, fifos) are controlled by the first row of the select_matrix 1 (001 100 000). The
first three bits (001) along with the associated tag bit (1) controls fifos. Similarly the next
2 sets of the three bits control fifo, and fifos, respectively. Since the tag bits for the first
two values (001 and 100) are set to 1, the two corresponding fifos are enabled and the data
is moved to the corresponding multiplier threads. The multiplier determines the valid non-
zero computation based on the values from the select matrix. For the first value (001), the
multiplier extracts the last 8 bits corresponding to the weight value (wbs) and the data (bs)
and performs the multiplication to generate the output value bawby. Similarly the second
multiplier thread (th; ;) generates the value cowhy. Since the last three bits of the first row
of the select matrix 1 have a tag 0 associated with it, the fifo; enable is off and the multiplier
thy ; does not perform a valid multiplication. The same process repeats for the next two rows

of the select matrix for cycles 2 and 3. The green rectangles on the fifo entries in Figure 4.16
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Figure 4.17: Mapping of compute thread matrix

represent the fifo entries that have tag bits of 1 and are thus utilized in the current cycle,
whereas, the red rectangles indicate the entries that have tag bit of 0, and thus, are not
utilized in the current cycle. Parallel to this multiplier column, the first (thgg, thy, thsg)
and the third (thg g, thy o, the ) multiplier columns process the data in their own respective
fifos using their own select matrices to generate the outputs.

From Figure 4.15, it can be seen that the output of the multiplier threads is fed into the
level 1 (1) Adder circuit. The purpose of this adder is to accumulate the outputs which
belong to the same convolution chunk and to bypass the addition if the outputs belong to
different convolution chunks. To further illustrate this, consider Cycle 2 in Figure 4.16. The
outputs from th;; (dgwbg) and ths; (dewbs) belong to the same convolution chunk (C2
in Figure 4.2) and therefore need to accumulated, whereas, the output from thg; (fywby)
belongs to a completely different convolution chunk (C4 in Figure 4.2) and has no relevance
to the outputs from th; ; and thy ;. This happens because the selector in the previous step is

selecting the valid non-zero computations in a non-linear fashion to maximize the multiplier
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utilization and does not necessarily care about maintaining a proper flow of multiplications.
To circumvent this issue and to determine which multiplier outputs need to be accumulated,
the L1 adder uses a bit mapper that encodes the select matrix rows to appropriate values,
as shown in Figure 4.17(a). The two bits at the output encode the following information:
00: The thread outputs within the multiplier column are not added and passed as is.

01: The outputs of thy, and th;, are added, whereas, the thsy, output is passed as is.

10: The outputs of thy , and thy, are added, whereas, the thy, output is passed as is.

11: The outputs of all the threads within a multiplier column are added.

The mapping from the 9 bits of the select matrix to 2-bit output is straightforward. Since
every color-coded set of three bits represent a multiplication within a particular convolution
chunk, whenever there are multiple ones within the same set (black, blue, or orange), the
thread outputs associated with those values need to be added together. This can be seen
from entry 4 of Figure 4.17(a) (000 000 011 -; 01). The orange set has value 011, so
according to the above mapping, the first two thread outputs are added together because
they belong to the same convolution chunk. Similarly, the last entry (111 000 000) is mapped
to 11, meaning that all three thread outputs within a multiplier column belong to the same
convolution chunk, and therefore, need to be accumulated. Using this mapping, the L1 adder
can keep track of which thread outputs need to accumulate and which do not. Figure 4.17(b)
shows the internal structure of the L1 Adder. It comprises of three adders that add different
combinations of the thread outputs. It also comprises of an output multiplexer whose select
line is connected to the mapper output (2 bits). The L1 Adder operation for the second
column of the thread matrix (thg 1, th; 1, thy ;) is shown in Figure 4.17(c). The mapper maps
the individual rows of the select matrix to 2 configuration bits. Using the configuration bits,
the L1 Adder generates the outputs. In the first cycle, all three outputs (bawbs, cowbyg, 0)
belong to different convolution chunks and therefore the config bits are 00, which passes the
inputs to outputs without accumulation. In the second cycle, the select matrix row maps
to 10, which adds the last two thread outputs (dgwbg, dowbs) together because they belong
to the same convolution chunk and forwards the first thread output (fywbyg) as is because it

belongs to a different convolution chunk. In the last cycle, the first two thread outputs are
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Figure 4.18: Thread scheduling for the example in Figure 4.4

added and the last is passed as is. It should be noted that there are a total of three identical
mappers (Figure 4.18(a)), each belonging to a particular L1 adder in Figure 4.15.

Even though the row length of the select matrix is 9 which produces 2° = 512 combina-
tions, the mapper only needs to store those combinations for which the total number of ones
in the select matrix rows are less than or equal to the multiplier threads per column of the
multiplier matrix (3 in this case). Therefore, the total combinations that need to be stored

are only 130. Generally, the total combinations that need to be stored can be found using

the following equation:
k k k k
natt = 4.1
Combinations <0> + (1> + <2) + ..+ (n> (4.1)
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Figure 4.19: Accumulation for the example in Figure 4.4

Where, k represents the length of a select matrix row (9 in this case) and n represents the
total multiplier threads per column of the thread matrix (3 in this case). Therefore, the
total memory required for storing the three mappers is only 780 bits (130 x 2 x 3).

Figure 4.18 shows the cycle by cycle scheduling of the data onto the multiplier thread
matrix for the example in Figure 4.2. All the threads are connected to their respective fifos
and receive the data. The select matrices are used to schedule the data and for generating the
2-bit L1 Adder configuration bits (also shown in Figure 4.18). To compare the performance of
a dense design that does not exploit sparsity, we can see from Figure 4.2 that a dense approach
would take a total of 6 cycles to generate the output using the same number of multipliers
(9 arranged in a 3 x 3 matrix). The approach presented here utilizes just three cycles to

process the entire output by exploiting the sparsity and maximizing the scheduling of valid,
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non-zero multiplications during the majority of the processing cycles. This represents a 50%
increase in hardware utilization which consequently represents a 50% increase in throughput.
It should also be noted that the hardware utilization increases further when the input sparse
matrix is larger. It can be seen from Figure 4.18 that the last three multiplications in the
Thread Col 1 are all zeros because the input matrix has been exhausted. For a larger input
matrix, the average hardware utilization and throughput would be higher. We will further
explore the impact of the size of the input on the hardware utilization and throughput in

Section 5.3.

4.4.4 Accumulation

The accumulation (AM) block buffers and accumulates the partial dot product outputs from
the CM block to produce the final output results. The AM block consists of a series of fifos
(fifo;-fifog) connected at the output of the 3 L1 Adder circuits, as shown in Figure 4.19. The
output of the fifos is provided to a level 2 (L2) adder which accumulates the dot products
for a particular convolution chunk to generate the final output. The CM block outputs the
partial dot products as well as the tag values associated with every product. The tag bits
are shown in parenthesis in Figure 4.19. The process of accumulation occurs in two stages
by the same color-coded fifos (fifo; + fifos + fifo7), (fifoy + fifos + fifog), and (fifos + fifog
+ fifog). The outputs are either valid or partial, based on the tag values associated with
each accumulation stage. If the tag values for all the inputs are equal to 1, the output
is considered wvalid, otherwise, it is considered partial. Figure 4.20 shows the accumulation
stage map for the example in Figure 4.2. On every cycle, there are two accumulation stages.
In the first stage, the previously generated partial outputs are added to the new entries to
make the output valid. To do this, the AM block checks the tag bits in the partial output
and adds the missing tag 1 input to make the partial output complete/valid. In the second
stage, the AM replaces the already used tag 1 values with zeros and generates new partial
outputs by summing the unused tag 1 values. This process can be seen in Figure 4.20. The

O3 partial value is generated by summing the fifos F3, F6, F9 in cycle 1. The output is

82



Accumulation Accumulation

Cycle # Fifos Input,/tag Input,/tag Input,/tag Stage Output
1 F1+F4+F7 (agwap)/1 (b,wb,)/1 (coweg)/1 Stage 2 Oy (valid)
(dowe, + ;
1 F2+F5+F8 (0)/1 (cowhg)/1 sl b Stage 2 0,(valid)
1 F3+F6+F9  (cowap)/1 (0)/0 (0)/0 Stage 2 O,(partial)
2 F1+F4+F7  (dyway)/1 (0)/0 (foweg)/1 Stage 2 0,(partial)
2 F2+F5+F8  (eowa,)/1 (fowb,)/1 (0)/0 Stage 2 O.(partial)
. (dqwhbg + (eqwey + )
2 F3+F6+F9  Opartial) d,wb,)/1 e we)/1 Stage 1 O,(valid)
2 F3+F6+F9  (fyway)/1 (0)/0 Stage 2 Og(partial)
3 F1+F4+F7  O,partial) Stage 1 0,(valid)
- Outputs
3 F2 +F5 +F8 (0)/1 (0)/1 Stage 2 Exhausted
3 F2+F5+F8  Og(partial) (gowc,)/1 - Stage 1 Og(valid)
Outputs
3 F2 +F5+F8 (0)/1 (0)/1 (0)/1 Stage 2 Exhausted
3 F3+F6+F9  Ogpartial) (gowby)/1 (howeg)/1 Stage 1 Og(valid)
Outputs
3 F3 +F6 +F9 (0)/1 (0)/1 (0)/1 Stage 2 Exhausted

Figure 4.20: Accumulation stage map

partial because the Inputy and Inputs tag values are 0. Oz is made valid by summing the
Os(partial) with the now available Inputy and Inputs tag 1 values in the stage 1 during the
274 cycle. In the second stage, during the same cycle, the already used tag 1 inputs are
replaced by 0 and the new partial product (Og) is generated. This process is repeated in
subsequent cycles until all the inputs are utilized and all the outputs are valid.

Figure 4.21 shows the cycle-by-cycle processing latency of the various blocks of the
SparsePE core for the example in Figure 4.2. The process of ANDing takes a total of
two cycles for the generation of a pair of 3-tuples (SEL_R;, SEL_Ry, SEL_Rj3). After the
generation of the first tuple of the SEL_R;, SEL_Rs, and SEL_R3 values, the selection block
starts processing and takes a total of 3 cycles to generate the select_matrices and the associ-
ated tag values (Figure 4.14). The computation block gets triggered after the first row of the
select_matrices is generated and takes a total of three cycles to process the three rows of the
select_matrices (Figure 4.18). Finally, the accumulation block takes a total of three cycles

to process the partial product outputs from the computation block (Figure 4.20) to generate
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Figure 4.21: Initial latency of the SparsePE core operations
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Figure 4.22: Qutput sparse mask generation

the final outputs. Therefore, the initial processing latency to generate the first output is six

cycles. This initial latency, however, is amortized over processing over a larger input.

4.4.5 QOutput encoding

Figure 4.22 shows the process of output sparse binary mask encoding. Unlike the weight
masks, the output binary mask needs to be generated on the fly because of its dynamic

nature. From Figure 4.6, we can see that the SEL_R outputs show the presence of the non-
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Figure 4.23: 1 x 1 convolution layer transformation into an equivalent 3 x 3, stride 3
convolution layer

zero partial products for a particular convolution chunk. The presence of even a single one in
the SEL_R outputs show that the output is non-zero. To determine the output binary mask,
we can use the same metadata. The first step involves reduction of the individual SEL_R
outputs to a single bit (SEL_Ry,), based on an all-zero check, as shown in Figure 4.22(a).
This generates the sparse binary mask for the outputs before ReLU. Note that the SEL_R
values are taken from the test example (Figure 4.2). Figure 4.22(b) shows the second step
after ReLU, where the negative outputs, and their corresponding sparse mask locations, are
converted into zeros. This final sparse mask is stored as-is, whereas, the output is shifted
first to omit zero data entries, and then stored.

This concludes the processing that goes on in a single SparsePE core when convolution
is performed using a 3 x 3 filter. For a filter of size 5 x 5, 7 x 7, or higher, the kernel

6 is employed to convert larger filters into a set of smaller 3 x 3 filters. This

factorization '
factorization makes it possible to keep the design of PEs relatively simple and not incorporate

complex flow control to support larger filters. SparsePE, however, also supports 5 x 5 filters

85



by using a multiplier matrix of 5 x 5, instead of the current 3 x 3.

1 x 1 convolution, used in many modern CNN models, is performed the same way as the
3 x 3 convolution. Figure 5.2 shows an example of 1 x 1 convolution. Here, a 1 x 1 x 9
filter is convolved with a 3 x 1 x 9 input matrix to produce a 3 x 1 output. Figure 5.2 also
shows the transformation employed by the architecture to transform the 1 x 1 convolution
operation into an equivalent 3 x 3 stride 3 convolution. Here, individual channels of filter and
input matrix are transformed into a 3 x 3 matrix and scheduled to the core for processing.
The core then performs the selection, computation, and accumulation in the same manner
as explained previously.

SparsePE architecture also allows the processing of FC layers. Figure 5.3 shows an
example of FC layer processing. Here, a 9 x 1 input array and a 9 x 3 filter matrix produces
a 1 x 3 output. The input and the filter matrices are again transformed into an equivalent
3 x 3 stride 3 convolution. SparsePE then processes the transformed input to generate the
final outputs.

This concludes the processing that goes on in a single SparsePE core. In the next section,
we will show the performance improvement offered by an accelerator that uses a system of

SparsePE cores to accelerate the CNN inference process.

4.5 Implementation and results

An individual SparsePE core works by computing dot products between a subsection of the
sparse input data and the sparse weight data to produce a subsection of the output data.
To process multiple subsections, we envision a 7 X 4 matrix architecture, referred to as the
Phantom architecture, consisting of a total of 7 x 4 = 28 SparsePE cores. The Phantom
architecture will be explored in Chapter 5. We use the Xilinx Z-7100 SoC to implement the
SparsePE core design. The SoC is divided into two parts, the programmable logic (PL),
containing the FPGA fabric, and the processing system (PS), containing ARM cores. The
two are connected using an AXI on-chip communication subsystem. We implement the

SparsePE core on the PL and use the PS to transfer data to/from a desktop computer to
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Table 4.1: Resource utilization for SparsePE core

Property Available | Used | Utilization (%)
LUTs 277k 3.4k 1.23%
FFs 554k 6k 1.1%
On-chip SRAM | 26.5Mb | 2.1kB 0.01%

PL. The test design is implemented for the SparsePE having lookahead factor (If) = 27.
Table 4.1 shows the resource utilization results and Figure 4.25 shows the breakdown of the
utilization among various sub-blocks of the SparsePE core. The LUT and the FF cost are
dominated by the selection (SL) block with SL taking almost 40% and 34% of the overall
LUTs and FFs used, respectively. The SRAM utilization is dominated by the computation
(CM) block because of the bit mapping and the buffering fifos (Figure 4.16). The design has a
power consumption of 2.48W with the PS dominating the consumption (55%). Eyeriss v2°2,
implemented on 65nm ASIC, does not provide individual PE cost, which makes it difficult
to compare against SparsePE. It, however, uses a total of 2695k gates which represents a
108% increase in area cost when compared to the original Eyeriss®.

Energy comparison among different cores is somewhat challenging as it requires working
RTL implementations. Since the energy consumption is dominated by the total number
of DRAM accesses, therefore, by estimating the DRAM accesses, energy difference among
the cores can be approximated. Many of the recent works rely on the CSC/CSR formats

for the storage of non-zero data. We, therefore, compare the accessed memory for the

CSC format against the sparse binary mask format. Figure 4.26 shows the intermediate
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activations’ memory access comparison for selected sparse VGG 16 and MobileNet layers
2. The activation sparsity for different layers is also shown. In the initial layers with low
activation sparsity, the CSC format has approximately 4x and 3.7x higher DRAM memory
accesses than the sparse mask for sparse VGG16 and Mobilenet, respectively. In the deeper
layers with moderate to high sparsity, the memory requirement for the CSC format is around
1.7x that of the sparse mask.

This shows that the sparse binary mask format not only needs less encoding/decoding
logic but is also efficient when it comes to memory requirements when compared against the

CSC format. This translates directly to higher energy, area, and compute savings for our

SparsePE core which employs the sparse binary mask.

4.6 Conclusion

In this chapter, we gave a detailed architectural description of the SparsePE core. The
SparsePE is a multi-threaded, general-purpose, dot product processing core for sparse CNNs.
The designed core is capable of exploiting two-sided sparsity, that is, sparsity in both the
weights and activations, to maximize the throughput and hardware utilization. Unlike con-
temporary approaches that use the CSC format and the associated complex PE design, the
SparsePE core uses the sparse binary mask format and has relatively low complexity. The
core uses novel, low-cost circuits, including selection, computation, and accumulation, which,
when used in conjunction, allows the core to skip a huge number of computations involving
zero data and only favor computations involving non-zero data to maximize the through-
put. The core has a relatively low area overhead when compared against other cores with
similar functionality. In the next chapter, we introduce the Phantom accelerator which uses
multiple SparsePE cores. We also introduce a new dataflow that is capable of performing a

wide variety of operations used in high accuracy CNNs.

2The memory requirement for the non-zero data is not shown since it is the same for both the CSC format
and the sparse binary mask. The accessed memory comparison is made for the sparse binary mask and the
location vectors (column, index) of the CSC format.
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Chapter 5

Phantom accelerator

In this chapter, we introduce an accelerator architecture that uses a number of SparsePE
cores, arranged in a spatial grid, to process a wide variety of sparse CNN models. We refer to
this accelerator architecture as the Phantom accelerator. Section 5.1 introduces the Phantom
accelerator and summarizes the main contributions. Section 5.2 gives the architectural details
of the accelerator. Section 5.3 provides the simulation results of the accelerator and performs
comparison against some recent approaches. Section 5.4 summarizes and concludes the

chapter.

5.1 Introduction

Chapter 4 describes the working of the various blocks in the SparsePE core. The individual
core works by computing a dot product between a sparse weight matrix and a subsection
of the sparse input feature map to compute a subsection of the output feature map. To
compute the full output feature map, corresponding to a particular layer, we design a two-
dimensional accelerator comprising of the SparsePE cores, which we refer to as the Phantom

accelerator. The main contributions of the accelerator are as follows:

e The Phantom accelerator is capable of handling all types of convolution operations,

including strided convolution (regular and separable). Also, unlike the NeuroMAX
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accelerator, it can handle the FC layers which makes it fully deployable for any CNN

processing.

It addresses the problem of load balancing by using a two-tiered, on-the-fly, load bal-
ancing strategy. This balancing does not require any modification of the original CNN

model.

Phantom accelerator has a performance gain of 12x over the dense NeuroMAX ac-
celerator. For two-sided sparse accelerators, it provides a performance gain of 4.2x,
2.38x, and 1.98x over SCNN®® Eyeriss v2°2, and SparTen®®, respectively, which are

some of the most cited recent sparse CNN accelerators.
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Figure 5.1: Phantom architecture
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5.2 Phantom

Figure 5.1 shows the architectural overview of the Phantom accelerator. We envision that
the Phantom accelerator connects to a memory bus and accepts data and instructions from
a CPU. The accelerator contains on-chip SRAMs (weight, input, and output), the inter-Core
balancer and scheduler, the R x C' compute matrix, comprising of the SparsePE cores, and

the accumulator circuits.

Table 5.1: Popular CNN layer dimensions

CNN Layer Dims | Channel count
3 % [224 x 224] 3]
2 x [112 x 112] 2 x [64]
3 x [56 x 56] 2 x [128]
VGGE-16 ) g [28 x 28] 3 x [256]
3 x [14 x 14] 3 x [512]
4% [7Tx7] 3 x [512]
1 x [224 x 224] 3]
3 x [112 x 112] 2 x [32]
4 % [56 x 56] 2 x [64]
MobileNet | 4 x [28 x 28] 4 x [128]
4 x [14 x 14] 4 x [256]
4% [7Tx7 4 % [512]
2 x [1024]

5.2.1 RxC compute matrix

The compute unit consists of an R x C' matrix of the SparsePE cores and R adders for
channel accumulation. Here, R and C' refers to the rows and columns, respectively. The
design choice for R and C, and the dataflow associated with the transfer of data across

various SparsePE cores, is based on the following design goals:
G1: To maximize the data reuse (weights and input) across multiple input subsections.

G2: To optimize the data scheduling across various SparsePE cores to maximize the theo-

retical hardware utilization.
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G3: To support all layers of a CNN. This includes support for a variety of CONV layers
and the FC layers.

Looking deeper into the dimensions and configurations of various popular CNN models
(VGGnet*, Resnet 3!, MobileNets?336 Googlenet® etc), we observe that the channel count for
various CNN layers is almost always a multiple of 4 (Table 5.1). In the Phantom architecture,
the channels in a CNN layer are broken along the columns. Therefore, to ensure that the
cores are engaged most of the time, and thus, satisfy G2, we set the C' value equal to 4.
Similar rationale applies for the choice of R = 7. The input subsections are broken along the
vertical axis and distributed along the rows. Most of the popular CNNs have an input layer
size (width or height) S, a multiple of 7, thus, having R = 7, ensures equal distribution of

chunks of data among all the cores.

5.2.2 Load balancing

The design choice for R x C' matrix is highly dependent on the layer dimensions of various
CNNs. It, however, has no relevance to the static and dynamic sparsity in weights and inputs,
respectively. Efficient reuse of data is one of the key requirements to minimize the memory
accesses, repeatedly, for the same data. This reuse, however, amplifies the computational
imbalance among different PEs. If the same filter is held in the local memory of the PEs
and the input subsections are swept across the PEs, the subsections with higher density
would inevitably take more cycles to compute the output, compared to the PEs receiving
the subsections with lower density. This varying sparsity of the input maps would create a
system-level load imbalance among the PEs which would be exposed during the next filter
broadcast. Holding the input maps and sweeping the filters would also have similar results,
as would the buffering of data. In order to address this system-level load imbalance, we
incorporate a two-level load balancing strategy in the Phantom architecture. The Inter-
Core balancer (Figure 5.1), balances the computational load dynamically using the density
of the weight matrix such that each phantom core works on the weight matrices with the

same/similar density over the CNN layers (as described in Section 5.2.3 with an example).

94



This balancing is only performed when the weight data is actively being reused (e.g. in
regular and depthwise seperable CONV). The second balancer, referred to as Intra-Core
balancer, is local to each core, and performs column-wise balancing of the weight matrix. This
balancer is always enabled, regardless of the layer, and significantly improves the individual
thread scheduling performed by the TDS (Section 4.4.2).

In the subsequent sections, we demonstrate, with examples, the designed dataflow for
various CONV and FC layers. We choose the input sizes that fit well with the layer sizes of
actual CNNs. We also show how the balancing is performed to prevent idling of the cores,

which in turn, maximizes the throughput, all the while ensuring high data reuse.

5.2.3 Regular/depthwise convolution

Figure 5.2 shows a 3x3 depthwise separable convolution example, where 8, 3x3 filters are
convolved with 8, 9 X 5 inputs to generate 8, 7 X 3 outputs. We choose these size parameters
as an example because they fit well when considering the layer sizes of the actual CNNs.
Figure 5.2 also shows the scheduling and mapping of data on to the R x C' matrix. The
input is broken down into n chunks of size 3 x 3 along the rows, where, n is the number
of rows of the output. These n chunks are then scheduled along the rows of the R x C
matrix. Each SparsePE core processes 3 rows until all input columns are exhausted. The
filters FO to F7 represent the channel wise filters, with each column of the R x C' matrix
processing the same set of filters (Fr), thereby, achieving filter reuse (G1). The non-unit
stride convolutions follow the same dataflow. The L3 adder circuits perform accumulation
along the rows to generate the final outputs. Because of the efficient dataflow, and choice
of the R x C dimensions, all SparsePE cores are provided data for a particular processing

chunk, thereby, achieving a 100% inter-core utilization (G2).

Inter-core balancing

The inter-core balancing is performed for the layers that support filter reuse because of the

static nature of the weights. In the proposed dataflow, the layers that support filter reuse
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Figure 5.2: Phantom support for reqular/depthwise convolution
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are the regular and the depthwise separable convolution layers. As shown in Figure 5.2,
each R x C matrix column, at any given time, processes the same filter. The filters are
scheduled in a low latency, more dense and high latency, less dense approach. Assuming
that during the first filters (FO, F1, F2, F3) broadcast, the first column’s processing latency
is the lowest. The scheduler schedules the filter with the highest density (assume F4) and the
associated input channel to the first column, as shown in Figure 5.2. In a similar fashion, as
the columns proceed to completion, the next filters are scheduled based on the order of their
completion. This ensures that the processing completes uniformly across all the columns so
that the idle time on SparsePE cores is minimized. Computation of density is trivial as it
involves finding the total number of ones in the sparse mask of the filters, and thus, requires

minimal resources.

5.2.4 Pointwise convolution

Figure 5.3 shows a pointwise convolution example where a set of 1 x 1 x 36 x 7 sparse filters
convolve with a 3 x 4 x 36 sparse input to produce a 3 X 4 x 7 output. These dimensional
parameters are a good representative of the layer dimensions of actual CNNs. The right
side of Figure 5.3 shows the dataflow and the mapping of the various computations involved
for this example. It can be seen that the 7 filters (wa - wg) are scheduled along the 7 rows
of SparsePE cores with each row processing equal number of channels along the columns.
The channels are equally divided based on the number of combined compute threads in each
SparsePE core. Since, in this design, each SparsePE core consists of 3 PEs, with each PE
containing 3 threads, the channels are divided equally into batches of 9 and scheduled along
the columns to maximize the hardware utilization (G2). To enhance data reuse (G1), each
weight matrix is held locally in a particular core while the input is swept across it. The input
is scheduled in a channel-first manner, followed by rows, and then columns. From Figure
5.3, the input agp.p g.g is a 3 x 1 x 9 matrix. The 9 values ay y.g, in the first row are provided
first, followed by the 9 values in the second row. After all the rows have been exhausted,

the next column (b ¢.g) is evaluated in a similar fashion till all the columns have been
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Figure 5.3: Phantom support for pointwise convolution
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swept through. The L3 adder circuit gathers all the partial outputs from the cores along the

columns to generate the required outputs.

5.2.5 FC layers

FC layers are an inherent part of modern CNN designs and, therefore, need to be accounted
for in CNN accelerator designs (G3). AlexNet and VGG-16 both have FC layers with activa-
tion vectors that are 4K long and weight matrix that is 4K x 4K long. Similarly, Mobilenet
has an FC layer with activation vector that is 1K long and weight matrix that is 1K x 1K
long. The FC parameters comprise of a total of 24.3% of all the parameters in the Mobilenet.
FC computations, therefore, are crucial and need to be accounted for in CNN accelerator
designs (G3).

Figure 5.4 shows an FC computation example where a length 36 sparse input vector
(Ip-I35) is element-wise convolved with a 36 x 49 sparse weight matrix to generate a length
49 output vector. Figure 5.4 also shows the dataflow and the computational mapping of
the example onto the SparsePE cores in the Phantom architecture. Similar to the pointwise
convolution, the input and the weight channels are broken into 4 batches of length 9 and
scheduled across the columns. The input vector, is held stationary (input stationary) across
the rows and the individual weight vectors are swept over the input vector to generate the
partial outputs. Similar accumulation is performed by the L3 adders to generate the final

outputs.

5.2.6 Intra-core balancing

The Intra-Core balancer performs thread-level balancing inside every SparsePE core. This is
opposed to the Inter-Core balancer which performs balancing across all the SparsePE cores
in the Phantom architecture. Recall that the TDS (Section 4.4.2) operates in a column-wise
manner where each column of the SEL_R outputs are evaluated concurrently. Also, recall
that the total number of ones selected by the TDS per column are less than or equal to

the number of threads per PE (3 in this case). Because of the column-wise selection, the
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TDS latency is bounded by the column with the highest density. Figure 5.5(a) shows a test
example to explain the intra-core balancing and its significance. Figure 5.5(b) shows the
core operation without any balancing. The first column of the weight matrix has the highest
density. This is also reflected in the generated SEL_R values. This uneven distribution
results in the first column taking the highest number of cycles, whereas, the second and
the third column selection completing in only one cycle, as shown in Figure 5.5(b). This
stalls the core as the core must wait for the first column to complete all 3 cycles before
processing the next block which significantly decreases the thread utilization of the core
(Valid Computations/(Cycles x PEs x ThreadsPerPE) = 9/(3 x 3 x 3) = 33%).

Figure 5.5(c) shows how the intra-core balancer mitigates this issue by efficient distri-
bution of the load, prior to the TDS operation, in a relatively simplistic manner. A right
circular shift is performed on SEL_R, and SEL_Rj3 values, as shown in Figure 5.5(c). This
modifies the load distribution among the three SEL_R columns. Operation of the TDS this
time, ensures the selection of all three columns in one cycle. A circular left shift is performed
on the generated select_matrices in the same manner as the circular right shift in the first
step, to ensure a valid mapping by the computation block in the SparsePE. The updated
matrices, after shifting, are shown in Figure 5.5(c). The updated matrices are then used in
the computation block for computation mapping. The thread utilization of the core, in this
case, increases drastically (Valid Computations/(Cycles x PEs x ThreadsPerPE) = 9/(1 x
3 x 3) = 100%). Finally, it should be noted that the evaluation of the example in Figure
5.5, is performed with a lookahead factor (n in Section 4.4.2) of 3. In this section, for clarity,
we will use Ly to define the lookahead factor. We will further explore the combined affect

of both, the inter-core, and the intra-core balancing, on performance, in Section 5.3.
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Table 5.2: Operation parameters

Operation Level Parameters
TDS_inOrder
TDS SparsePl: TDS_outOrder
Unbalanced
Balancin SparsePE intra_core
& Phantom inter_core

Full(inter + intra)
Lookahead Factor (Ly) | SparsePE 3<Ly<27

CNN models Phantom Dense
Sparse

Table 5.3: Accelerator configuration

Configuration Parameter Value
Compute Matrix Size 28 (7 x 4)
PEs per SparsePE core 3
Threads per PE 3
Total Compute Threads/MACs 252

5.3 Experiments and results

5.3.1 Evaluation methodology

Cycle-Accurate Simulator: To accurately model the performance of an individual SparsePE
core and the Phantom accelerator, as a whole, we design a cycle-level performance simulator.
The simulator is parameterizable across various core and architecture level design parame-
ters to capture their effect on the system wide performance. Table 5.2 shows the modifiable
design parameters. The operations are categorized as core level and architecture level. Table
5.3 shows the arrangement and configuration of the Phantom accelerator’s compute matrix
containing SparsePE cores.

The simulator has a set of 5 built-in test scenarios which covers the sweeping of all the
parameters shown in Table 5.2. During the processing of each layer, every core outputs 7
values which includes the total cycles by a dense design, the cycles of TDS in-order and
TDS out-of-order, coupled with two-level load balancing, and the average thread utilization

for various configurations. The evaluation files in the simulator use the data provided by
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the individual cores and schedulers to generate the throughput and speedup results for var-
ious dense and sparse CNN models. The simulator also contains routines for NeuroMAX,
SparTen®®, SCNN®°, and Eyeriss v2°2 for performing comparisons.

Simulated Models: Although we test our design on many CNN models including Alexnet?,
VGG16%, MobileNet?>, MobileNet v23¢, and GoogleNet®, we present the results for sparse
versions of VGG16 and MobileNet for comparison purposes. The reason for our selection of
these models is because they cover the different types of layers usually present in all CNN
models. These layers include regular and depthwise separable, unit and non-unit stride con-
volutions and FC layers. We use the approach presented in*® to prune these networks using
the MATLAB’s Deep Learning Toolbox, and ensure that we achieve the same level of weight
sparsity as previous approaches, for fair comparisons. The activation sparsity is highly de-
pendent on the input and changes dynamically during the inference process. We, therefore,
average out the input sparsity for a batch of 100 randomly selected inputs. After pruning
of the network, we generate the sparse binary masks for every layer and generate a network
containing only the sparse masks, since only this information is needed to efficiently repre-
sent the MAC operations needed per layer for the Phantom accelerator. The sparse masks
are fed into the simulator in the model dimensions (i.e., mapped to the dimension of each
CNN layer in the model). The simulator’s scheduler uses the dataflow for various layers,
presented in Figures 5.2 - 5.4, to break down the dimensions, and schedule the individual

binary masks to different SparsePE cores.

5.3.2 Results

We capture the simulator’s results in an incremental approach, starting from the basic core-
level configurations, and moving towards system-level configurations. All the comparisons
are made with an equivalent dense architecture, having an equal number of MAC units, but
without leveraging the sparse optimizations. At the end, we compare different versions of

Phantom accelerator against previously proposed two-sided sparse architectures.

104



M Dense MWMTDS inOrder m™TDS outOrder

Layer Layer Layer Layer Layer Layer Layer Layer Layer Layer Layer Layer Layer Mean
1 2 3 4 5 6 7 8 9 100 11 12 13
VGG-16

(a)

mmw Dense W TDS_inOrder = TDS_outOrder =—@—Lf
20
18
16
14
12
10

Speedup
O L N W b U1 O

Speedup
OFR NWPRAUVLIONOWOO

Lookahead Factor (L)

ONBO

1 2 3 4 5
Iterations

(b)

Figure 5.6: TDS-10 vs. TDS-OO (a) Per layer comparison with Ly =6 (b) Comparisons
with changing Ly

105



TDS Variants Comparison

Figure 5.6(a) shows the performance comparison of the two TDS variants, namely, the in-
order TDS (TDS-IO) and the out-of-order TDS (TDS-O0), evaluated on a sparse VGG16
net. We set the lookahead factor (L;) (Section 4.4.2) for this test to 6 for both the variants.
The performance of the dense architecture can be modeled by setting the L; value equal
to 1. This would ensure that no future computations are observed by the TDS, thus, repli-
cating a dense accelerator like NeuroMAX. It can be seen that the first layer does not have
any significant performance gains over a dense architecture because of very low sparsity.
The performance gains increase drastically in subsequent layers with TDS-IO variant, on
average, being 4.5x, and the TDS-OO variant, being 4.8 faster, than the equivalent dense
architecture. This represents a 1.07x performance improvement of TDS-OO over TDS-I0.
The performance difference, however, improves substantially as Ly is increased, as shown in
Figure 5.6(b). We run the VGG16 net a total of five times, and average out the speedups,
while sweeping Ly from 6 to 18, with a jump of three in every iteration. For L; = 18, we
observe a 6.35x and a 7.9x performance gain of TDS-IO and TDS-OO, respectively, over
dense architecture, representing a 43% and a 68% increase, when switching from L; = 3 to
L = 18, respectively. TDS-OO, for L; = 18, gives a 1.24x performance gain over TDS-10O,
a jump of 16% from Ly = 6. These results are inline with our preliminary observations in
Section 2.4. The improvement in the core’s thread utilization from TDS-OO directly cor-

relates to the increase in performance. For the next experiments, we will always use the

TDS-OO0 variant.

Impact of Load Balancing

Figure 5.7 shows the impact of load balancing (inter-core + intra-core) on the performance
for sparse VGG16 and MobileNet with Ly = 6. During the initial layers for both the
CNNs, we observe a drastic improvement in performance (as much as 1.5x for VGG16 and
1.3x for MobileNet). On average, we observe a performance difference of 1.1x and 1.08x

for VGG16 and MobileNet, respectively. From our experiments, we also observe that the
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performance difference due to intra-core balancing increases drastically at high sparsity and
greater value of Ly. This conclusion is inline with the example in Figure 5.5, where the
increase in thread utilization from intra-core balancing increases the speedup by 3x. The
inter-core balancing is dominant in later layers where there are a large number of channels.
For reduction in simulation times, we only use approximately 25% of the channel filters for
our simulations in the case of regular (and depthwise seperable) convolutions, which prevents
us from exploiting the full power of the inter-core balancing. Hence, Figures 5.7(a) and (b)
do not show a significant improvement in layers with a large number of channels. Based
on our experiments, we observe, on average, a 7% increase in speedup by having 15% more

filters in our simulations.

Sensitivity to Sparsity and Ly

The performance simulator has the capability to sweep the weight/activation sparsity from
low 0.1/0.1 (10%) to high 1.0/1.0 (100%). This is shown in Figures 5.8 and 5.9. We also
plot the average thread utilization at different levels of sparsity for VGG16 and MobileNet.
For a dense architecture, we observe a higher thread utilization at low sparsity and lower
thread utilization at a higher sparsity, as shown in Figures 5.8(b) and 5.9(b). Phantom,
however, exhibits significantly higher thread utilization compared to a dense architecture,
even at high levels of sparsity. For VG(G16, Phantom consistently keeps the thread utilization
higher than 90% even at 60% sparsity for both weights and activations, whereas, as expected,
the utilization for the dense architecture decreases by 25 —30% and decreases by almost 50%
at higher sparsity levels. This thread utilization difference directly correlates to greater
speedups at mid to high levels of sparsity, as shown in Figures 5.8(a) and 5.9(a). At higher
sparsity levels (0.8/0.8 - 1.0/1.0), we observe a massive speedup over dense architecture even
when the thread utilization starts decreasing. This is because the Phantom accelerator starts
actively skipping all the zero computations without wasting compute cycles.

For convenience in comparing different versions of the Phantom accelerators, we rename

them as Phantom-C'V (conservative, with Ly = 9, balanced), Phantom-MD (moderate, with
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L; = 18, balanced), and Phantom-HP (high-performance, with Ly = 27, balanced). At low
sparsity, all three versions exhibit similar speedups and thread utilization. This difference
increases at higher sparsity levels with Phantom-MD and Phantom-HP being 1.43x and
1.65x faster, respectively, than Phantom-CV, at 80% sparsity. The unbalanced configu-
rations display a similar trend among each other. Comparison between the Phantom-HP,
balanced and unbalanced configurations, show a 1.4x speedup of balanced over unbalanced
at 80% sparsity. Analysis of hardware resources show that the Phantom-HP requires only
1.05x more LUTs than Phantom-CV. This is because the higher values of L; only increase
the LUT count of LAM and TDS blocks, whereas, the Mapper, CE, and the OB blocks’

LUT count remains the same.
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Comparison Against Past Approaches

Figure 5.10 shows the speedup comparison of the different versions of the Phantom accelera-
tors over dense architecture, SCNN, and SparTen, for sparse VGG16 net. Note that both the
SCNN, and SparTen, do not support FC layers, whereas, Phantom does. In addition, SCNN
also does not support non-unit stride convolutions present in Alexnet and MobileNet. There-
fore, for fair comparison, we omit the last three FC layers in our results and use sparse VGG16
which does not contain any non-unit stride convolution. We observe that the Phantom-CV
version, on average, performs 1.05x, 2.56x, and 6.4x, better than SparTen, SCNN, and
dense architecture, respectively. The speedup increases to approximately 1.57x, 3.8, and
9.9x for Phantom-MD, and 1.98x, 4.1x, and 11x, for Phantom-HP over SparTen, SCNN,
and dense architecture, respectively. Upon comparing different versions of Phantom, we
observe that, on average, Phantom-HP has a 67% and a 14% improvement in performance,
compared to the Phantom-C'V and Phantom-MD versions, respectively. Lastly, we would
like to point out the impact of FC layers on the Phantom versions. Our experiments show, on
average, a speedup of 13x, 11.4x, and 8.6x for Phantom-HP, Phantom-MD, and Phantom-
C'V, respectively, over dense architecture after inclusion of FC14, FC15, and FC16 layers of
the VGG16 net. This improvement corresponds to our efficient dataflow and scheduling for
the FC layers.

Figure 5.11 shows the performance comparison of the Phantom versions against Eyeriss
v2 on sparse MobileNet. Authors of Eyeriss v2 performed their comparisons against their
previous approach (Eyeriss?®). Eyeriss v2 uses twice the number of MACs as Eyeriss, which
doubles their final speedups. For fair comparison, we adjust the speedup values of Eye-
riss v2 for comparison against a dense accelerator having the same number of MACs and
only use the layers used by Eyeriss v2. We observe that, on average, Phantom-CV per-
forms 1.04x better than Eyeriss v2, whereas, the MD and HP versions, on average perform
1.71x and 2.86x, respectively, better than Eyeriss v2. Doing a layer by layer comparison, we
observe that Eyeriss v2 performs better than Phantom in CONV2-DW (DW indicates depth-

wise convolution) because of its efficient hierarchical mesh network-on-chip (NoC), however,
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Table 5.4: Comparison of the Phantom accelerator with previous designs

Property Phantom accelerator | Eyerissv2°? | SparTen®®
Technology Z-7100 65nm Cyclone IV
Precision(bits) 8-bit 8-20 bits 8-bit
PE number 252 192 256
Frequency (MHz) 200 200 50
Accelerator type Sparsey, Sparseya Sparsey,
Resources (LUTs(a),Gates(b)) 112k(a) 2695k(b) unreported
Core only Power (W) 3.7 0.460 unreported
Supported layers CONV + FC CONV + FC | CONV only

Phantom-HP catches up in deeper layers and almost always provides an improvement. Point-
wise layers are especially faster in the case of Phantom-HP, with the average speedup of 4.5x
over Eyeriss v2, and 25x over a dense architecture. This is because of the efficient channel
wise breakdown offered by our dataflow for these layers. Comparing different versions of
the Phantom accelerators, Phantom-HP, on average, offers 108.9% and 27.4% increase in
speedup over Phantom-CV and Phantom-MD, respectively, for sparse MobileNet.

Table 5.4 and 5.5 shows the implementation details of some recently proposed sparse
CNN accelerators. Eyeriss v2, implemented on a 65nm ASIC, supports two-sided sparsity
(sparseys), i.e., sparsity in both weights and activations. Eyeriss v2, however, uses a total
of 2695k gates which represents a 108% increase in area cost when compared to the original

Eyeriss*®. This is because of the relatively complex design of the PEs of Eyeriss v2. SparTen
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Table 5.5: Comparison of the Phantom accelerator with previous designs

Property ZASCAY" | Zhu et al.'%® | Xie et al.’® | Lu et al.'**
Technology 65nm ZCU102 Aria 10 ZCU102
Precision(bits) 16-bit 16-bit 8-bit 16-bit
PE number 192 192 512 288
Frequency (MHz) 200 200 170 200
Accelerator type sparse, sparsey sparsey, sparse,
Resources (LUTs(a),Gates(b)) 1036k(b) 390k (a) 102.6k(a) 132k(a)
Core only Power (W) 0.301 unreported 4.6 unreported
Supported layers CONV + FC | CONV + FC | CONV only | CONV only

accelerator®® is implemented on Intel Cyclone IV FPGA and operates at 50 MHz. It also
supports two-sided sparsity but has no support for FC layers. Although the implementation
cost of SparTen is not reported, the architecture of SparTen requires complex inter-PE
synchronization circuits which would greatly increase its cost. Zero-Activation-Skipping
Convolutional Accelerator (ZASCA)'7, implemented on a 65nm ASIC, uses a total of 192
PEs and runs at 200 MHz. Just like Phantom, ZASCA accommodates both the CONV and
the FC layers in its architecture. However, unlike Phantom, ZASCA only exploits activation
sparsity (sparse,). In addition, because of architectural limitations, ZASCA cannot fully
exploit it’s resources for 1 x 1 convolution, resulting in a significant decrease in hardware

utilization for such convolutions. Zhu et al. 198

proposed a structured sparse CNN accelerator,
implemented on Xilinx ZCU102 FPGA. The proposed accelerator uses structured pruning
to reduce irregularities in sparse weights and employs a sparse wise dataflow scheme for
high data reuse. The accelerator proposed in'%®, however, only exploits sparsity in weights
(sparsey) and cannot exploit activation sparsity. Because of the complex design and the
dataflow scheme, the accelerator proposed in'% has a huge logic utilization cost (390k LUTs).

108

Phantom accelerator, even though, employs 32% more PEs than'"®, it, however, utilizes 71%

lesser resources. Xie et al.1%?

proposed a flexible accelerator architecture that supports both
structured and unstructured weight sparsity. The accelerator is implemented on Intel Aria
10 SoC and uses a hybrid parallel (HP) dataflow. Even though, the resource count of

the accelerator is lower than Phantom, the dataflow employed in the accelerator does not

support FC layers. It, also, can only exploit weight sparsity (sparsey) and has no support
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for activation sparsity. The accelerator proposed in''® uses a weight-oriented dataflow that

performs element-matrix multiplication. It also uses a tile lookup table (TLUT) to match
the sparse weight with the input pixel to exploit weight sparsity (sparsey). Similar to!'%,
the accelerator proposed in''? is also a CONV only accelerator and has no support for FC
layers. It also, cannot exploit activation sparsity (sparse,).

Comparing energy among different accelerators is quite challenging as it requires working
RTLs. Also, many FPGA synthesis tools do not provide the DRAM energy for comparison
against the accelerator’s energy. We breakdown the energy into compute and memory en-
ergy, which can be further broken down into zero and non-zero access energy. Intuitively,
Phantom’s energy savings would be much closer to SparTen’s, since SparTen also uses the
sparse binary masks instead of a more traditional CSC format, used by Eyeriss v2. We have
already established the superiority of using the sparse binary mask against the CSC format,
when it comes to both compute and memory savings (Section 4.4). Authors of Sparten®®
have also confirmed this finding (Section 3.1 of Sparten®). The memory savings can be esti-
mated by normalizing the Phantom’s (non-zero) access with the dense architecture’s (zero +
non-zero) access. On average, a 35% and a 38% reduction in overall DRAM access for sparse
VGG16 and MobileNet, respectively, was observed. Eyeriss v2 uses the CSC format that
requires more DRAM accesses compared to the sparse binary mask, as already establish in
Section 4.4. It’s PEs also contain more complex logic to handle the CSC compressed, weight
and activation data, compared to the relatively simple SparsePE core design. It is, therefore,
established that the Phantom accelerator has superiority over Eyeriss v2 when it comes to

memory and compute energy savings.

5.4 Conclusion

Designing a CNN accelerator to leverage the two-sided sparsity is quite challenging owing
to the varying layer shapes and sizes, associated with a sparse model. In this chapter, the
Phantom accelerator has been introduced. Phantom comprises of a system of SparsePE cores,

arranged in a spatial matrix, and uses a novel dataflow that efficiently uses the capabilities
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of the SparsePE cores to accelerate the sparse computations. As opposed to many previous
approaches, the Phantom accelerator supports all layers of a CNN, including unit and non-
unit stride convolutions, and FC layers. In addition, the Phantom accelerator leverages a two-
level load balancing strategy that efficiently balances the load across the architecture level
(inter-core), and at the thread level (intra-core) to minimize idling of the compute threads,
thereby, further increasing the throughput. Comparisons have been made with many state-
of-the-art two-sided sparse CNN accelerators. The simulations show that, on average, the
Phantom accelerator performs 12x, 4.1x, 1.98x, and 2.36 x, better than NeuroMAX, SCNN,

SparTen, and Eyeriss v2, respectively, while retaining the energy efficiency of SparTen.
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Chapter 6

Conclusions and future work

The pace of research in the development of high accuracy CNN models has greatly in-
creased over the past few years. This has led researchers to develop high-performance and
energy-efficient CNN inference accelerators for deploying CNN models on edge devices. The
proposed accelerator designs are broadly classified as dense and sparse CNN accelerators.
The dense accelerators are relatively low-cost but experience performance issues owing to
the vast amount of computational requirements of a typical dense CNN model. The sparse
CNN models decrease the computational requirements at the cost of complex accelerator
architectures.

In this thesis, we first focus on accelerating the inference of the dense CNN models.
Since the CONV layers of a CNN model account for more than 95% of the total inference
processing, we focus on devising ways to accelerate the CONV layers. Towards this end, we
introduce NeuroMAX, a multi-thread, log-based accelerator for accelerating the processing of
dense CNN models. Unlike other accelerator designs that use linear quantization techniques,
the NeuroMAX accelerator uses log, 5 quantization. This type of quantization has two
advantages; 1) Because of the companding nature of the log operation, the log, 5 quantization
allows more efficient mapping of the weight and the activation data using a lower number of
bits as compared to linear quantization. This allows lower memory requirements for storing

data and decreases the total off-chip DRAM accesses, which improves the energy efficiency
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of the accelerator. 2) Performing multiply-accumulate (MAC), which forms the basis of
the CONV layers, is reduced to a smaller and more area and resource-efficient shift and
add operations. This allows the packing of more log processing element (PE) cores in the
accelerator within the same area as the linear PE cores. The NeuroMAX accelerator design
takes advantage of the above two points and uses a spatial grid of multi-threaded, log-based
PEs for processing the log-quantized weight and activation values. This gives a significant
performance improvement over other dense CNN accelerator designs with a minimal increase
in area.

A major bottleneck in performing CNN inference on the edge is the limited compute and
energy bandwidth of the edge device. Dense accelerators, even though resource-efficient, can-
not decrease the total computations involved in dense CNN models. This has led researchers
to come up with techniques, such as pruning, for reducing the total number of parameters in
a CNN model without decreasing the model’s accuracy. These models are commonly referred
to as sparse CNN models. Sparse model processing in hardware, however, is complicated
because of the variation in shapes and sizes of the weight matrices. Many accelerator archi-
tectures have been proposed that use compressed sparse row or column (CSR or CSC) for
representing the sparse data, and then use specialized PEs for sparse data processing. These
PEs are very complex and consume a lot of resources in the underlying hardware. To cir-
cumvent this problem, this thesis presents SparsePE, a high-performance, and area-efficient
multi-threaded core, capable of processing both dense as well as sparse data. The SparsePE
core uses a sparse mask for the representation of the sparse data. It uses simple logical blocks
for scheduling effective sparse computations in order to maximize the hardware utilization
and the throughput with a small area overhead. The use of a sparse mask for sparse data
representation also proves to be more energy-efficient than its CSR and CSC counter part.

In the last part of the thesis, we introduce Phantom, a sparse CNN accelerator that
leverages the advantages of the SparsePE core for processing sparse CNN models. The
Phantom accelerator employs a spatial grid of the SparsePE cores and uses a novel dataflow
that enables all-layer processing of a CNN model, including the strided CONV and the FC

layers. This gives Phantom a major advantage over other accelerator architectures that
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allow either the CONV layer or the FC layer processing, but not both. The Phantom
accelerator also introduces a two-level load balancing strategy for equalizing the uneven
distribution of the computational load across different SparsePE cores. This enables high
gains in performance when compared against other sparse CNN accelerator architectures.

The research on the development of efficient CNN inference accelerator architectures is
ongoing and many new techniques are being developed for improving the performance and
energy efficiency of CNN accelerators. One technique that can be explored in the future is the
use of approximate computing. Since sparse CNN accelerators decrease the total number
of computations in an inference pass by exploiting the sparsity, the computations can be
further decreased by pre-approximation of small intermediate results. Unlike pruning, the
approximation can be performed during inference in real-time to speed up the computations
by allocating resources for computations with a higher impact on the result.

Another possible avenue to explore in the future is to bring training on the device itself.
This thesis focuses primarily on inference at the edge. However, in many applications, like
self-driving vehicles, new data is constantly available during inference. This data can be
used to simultaneously improve the CNN model’s accuracy. This would require architectural
support for training in accelerator design. Lastly, the thesis focuses mainly on CNN inference.
Another avenue to explore is using the design techniques presented in this thesis to accelerate
the inference of other popular DNNs like recurrent neural networks (RNNs), long short-term

memory (LSTM) models, modular neural networks, and many more.
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