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Abstract

The demand for computing power in deep convolutional neural networks (DCNNs)
for artificial intelligence (Al) applications is exponentially increasing. Designing
application-specific hardware architectures poses significant challenges. Smaller systems
typically lack essential functionality, while large-scale chips become overly complex.
Dynamic switching of modules with different functions results in excessive data
movement, leading to high latency and underutilization of certain modules.

This research proposes a statistical-based improved structure comprising parameter
analysis, algorithm partitioning, and hardware mapping to construct a pipeline-based
architecture in Register Transfer Level (RTL).

The research results indicate that this architecture demonstrates improved hardware
reuse, sharing, and functionality on a single processing element (PE) compared to the
benchmark (e.g, MIT Eyeriss, UCLA DCNN Acc., Google TPU). It reduces activation

function latency and ensures that all functions operate in-core with consistent cycle times.

Keywords:
Computer Architecture, Deep Learning Accelerator (DLA), Deep Convolutional Neural

Networks (DCNN), Artificial Intelligence (AI), Algorithms.
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Chapter 1 Introduction

1.1 Background

Artificial intelligence (Al) - related applications have reached a preliminary level of
maturity in today's world, especially in machine vision and two-dimensional audio signal
processing, where deep convolutional neural networks (DCNN) have made significant
advancements. Alongside continuous improvements in software algorithms, there is a gap
in implementing mature algorithms as hardware solutions.

In Figure 1-1 and Table 1-1, the hierarchical relationships and positioning of DCNN in
Al are depicted, indicating that DCNN is just one branch and a specific application within

Al

/ Artificial Intelligence (Al) \
/ Machine Learning (ML) \

/ Neural Networks (NN) \

Deep Learning (DL)

[ CNN ]
— 2

Figure 1-1 The hierarchical relationships and positioning of DCNN in Al
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Table 1-1 Hierarchical relationships and positioning of DCNN in Al with explanations

Al

ML

NN

DL

CNN

Creating intelligent machines to perform human-like tasks.

Algorithms that enable computers to learn and improve from experience.

Algorithms inspired by the human brain, one kind of ML models.

A subset of ML automating feature extraction, creating multilayered

Specialized Deep Neural Networks for analyzing 2-D data.

DCNN has achieved remarkable success in diverse fields, including autonomous

driving, medical imaging, robotics, security and surveillance, art generation, quality

control (QC) in manufacturing, natural language processing, video games and agricultural

technology. And notably, in March 2016, Google's AlphaGo defeated world Go champion

4-1 using deep reinforcement learning and custom-designed Tensor Processing Units

(TPUs), a custom ASIC. TPUs accelerated the deep learning training process, enabling

AlphaGo to learn from a massive dataset of Go games rapidly and accurately [12] .

Al domain acknowledges the significance of three key elements: algorithms (such

as various renowned models), data collection (big data), and computing power (e.g.,

computers or devices capable of executing Al-related operations). Al computing involves

other crucial considerations, such as cloud (large-scale servers and data centers) and edge

computing (mobile devices like smartphones, digital cameras, surveillance cameras, etc.),

2
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which vary in computing performance and efficiency. Consequently, they exhibit

different performance in model training and model inference tasks.

1.2 Research Scope

Given the maturity of DCNN applications and the reliability of algorithms and
models based on a few main computational operations, it is appropriate to start
researching specialized hardware, specifically Application Specific Integrated Circuits
(ASICs). In addition to process technology advancements for improved performance and
efficiency, architecture plays a crucial role, which will be further discussed in the
literature review. Therefore, the research scope is defined as the architectural design of
an edge computing Intellectual Property (IP) core primarily focused on DCNN inference,

as depicted in Figure 1-2.

/ Computing Hardware \
/ IP Core (Architecture Level) \
/" for DCNN I

Edge Computing
Layers Inference

_ \ ,

s =,

Figure 1-2 Research scope and position
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1.3 Research Objectives

In this hardware architecture design, it is crucial to consider not only the current
situation but also extension and maintenance, such as changes in data input and
computation formats. Therefore, research objectives for this hardware architecture design
include the following two key elements of Al as shown in Figure 1-3 on the left and right

sides:

A. Future Algorithm Support: To enable emerging algorithms to be interpreted,
compiled, or transformed into a universal form supported by this work, this
includes models and different types of layers that may be separated or
transformed from a certain model.

B. Handling Increasing Data Trends: Designing efficient and high-performance
datapath and dataflow systems to mitigate bottlenecks caused by data
movement, addressing the potential increase in data throughput resulting from
the growing number of model parameters and the ever-expanding global data

volume.

Based on these two principles, design is further guided by six fundamental principles,

as shown in Figure 1-3 in the middle of the processor:

A. Layer-Compatible: The processor needs to support various common layer
computations, with a primary focus on convolutional operations. The reason
why the convolutional operation architecture is preferred will be explained in

section, 3.2.
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Timing Identical: Similar to the Reduced Instruction Set Computing (RISC)
approach, the fixed-stage pipeline design simplifies control and improves
efficiency.

DLA and PE Scalable: The design aims to create a Deep Learning Accelerator
(DLA) that is scalable to accommodate multiple cores or processing elements
(PEs), leveraging parallel computing to achieve improved performance (e.g.,
Giga floating-point operations per second, GFLOPS). This scalability allows
the processor to exhibit non-linearly decreasing performance improvements as
the number of cores increases [14] . The single processor IP in this study is
intended to be scalable, provideing the potential for future enhancements and
be expanded to core configurations.

Efficient Data Movement: Reducing data movement is critical due to its
higher relative energy cost, area cost[30] , and increased cycle times compared
to other arithmetic operations.

Data Reusable: The concept of data reuse involves utilizing adjacent operands
or data stored in PE registers to minimize data movement. This design includes
additional reusing channels to reduce data movement.

Modules and Path Sharing: Sharing hardware resources between sub-
modules and data paths will reduce the IC's area. This goal will be achieved
through pipelining and time-division multiplexing to enhance computational

speed and resource utilization[8] .
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/Computing Hardware \
. . Support as Ready for .
[Emerglng Algorithms ]—*{ General Layer ] [ High Throughput Increasing Data

/ In-Processor

Layer-
Compatible

DLA/PE

] [‘nming |demi°a'] [ Scalable

Efficient Data ] [Data Reusable] [ Module / Path ]

Movement Shared

>

A 4

[ Same Calculation Results ]

Figure 1-3 Research objectives in the emerging algorithms and increasing data trends

1.4 Contributions of This Research

First, this study adopts a soft-hardware co-design methodology. It begins by
analyzing layer parameters from popular DCNN models, then proceeds to define
functions and specifications, design algorithms, segment them, and finally, specify
hardware mappings. The outcome is a clear system flow chart and function level
instruction set for processing elements (PEs).

Second, this research focuses on crafting a single core with comprehensive
functionality and minimal latency, diverging from many other papers that delve into
issues like Network-on-Chip (NOC) or parallel computing, such as PE grouping. In
contrast, this paper presents more detailed insights into the architecture, revealing the
internal designs of the core in Register Transfer Level (RTL). This includes critical
aspects such as register quantity, individual datapaths, hardware units, and distinctive

instruction decoding for each stage.
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Third, the benchmark table demonstrates the superior hardware resource sharing and
minimal activation latency of the DLA architecture developed in this study. The core
processes all functions in-core effectively, avoiding delays associated with off-PE data
movement, and maintains uniform cycle time design across all functions, ensuring ease
of control and scalability. This approach significantly enhances overall operational

efficiency and performance.
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Chapter 2 Related Work

This chapter provides a systematically ordered literature review on the topic of
"Architecture Design of Deep Learning Accelerator for CNN," the focus of this research.
In the process of designing a novel hardware architecture, it is essential to comprehend
the domain and algorithms associated with the hardware application. Therefore, we
initiate a discussion on the field of artificial intelligence (AI) and delve into one of its
branches, Convolutional Neural Networks (CNN). Subsequently, a comparative analysis
is conducted among four major hardware architectures: Central Processing Unit (CPU),
Graphics Processing Unit (GPU), Application-Specific Integrated Circuit (ASIC) and
Field Programmable Gate Array (FPGA) are assessed for their merits and drawbacks in
the context of Al and CNN operations. Additionally, prominent architectures within the
academic community are explored, and an examination is conducted on how
commercially available chips from leading IC design companies are optimized for Al
computations. Finally, essential benchmarks and metrics within this domain are

consolidated.

2.1 Exploration of Al and CNN Domains

Convolutional Neural Networks (CNNs) belong to the field of Artificial Intelligence
(AI), specifically under the broader umbrella of machine learning and deep learning.
Mathematically, the essence of CNNs lies in linear algebra (y = w * x + b), where each
component is defined as follows: y signifies the neuron, x denotes the input, w
represents the weight, and b is the bias term. Activation functions introduce non-linearity
into the network, allowing it to learn complex patterns and relationships in the data. The

sigmoid function, for instance, maps the input values to a range between 0 and 1, which

doi:10.6342/NTU202400510



is particularly useful for binary classification tasks. ReLU (Rectified Linear Unit) is
renowned for its computational efficiency and its capability to mitigate the vanishing
gradient problem. ReLU maps the input values to a range between 0 and positive infinity.
As a large-scale simulation system is composed of numerous neurons, the mathematical
operations evolve into matrix computations [18] .

Deep Learning and Deep Neural Networks typically refer to structures with one or
more hidden layers, where the output of one layer serves as the input for the next. In
Convolutional Neural Networks (CNNs), the convolutional layer enhances model bias
and reducing flexibility through Receptive Fields and Parameter Sharing [19] .

Al computations are primarily divided into Training and Inference. Training aims to
generate a foundational model using techniques such as regression, gradient descent,
classification, and backpropagation [18] . On the other hand, DCNN Inference employs
the parameters of a pre-trained model for computations. Each layer represents a
mathematical operation, comprising various main layers such as convolution, pooling,
activation functions, etc. These layers can be sequentially connected or can diverge into
unrelated branches. This phenomenon is observed in several DCNN models, including
AlexNet [3], MobileNet [7] [31], GoogLeNet [9], ResNet [23], VGG [24], DenseNet

[15], and EfficientNet [33] .

2.2 Comparison of CPU, GPU, ASIC, FPGA in CNN

Firstly, based on AMD's 2019 announcement [29] , it was revealed that over the
preceding decade (2010-2019), technological advancements constituted the primary
driver of performance improvements, contributing to a 40% increase. Microarchitecture
emerged as the second most significant factor, accounting for 17% of the improvement

[29] . Concerning operations, the relative energy cost associated with data movement

10
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ranked highest, followed by multiplication, with addition being the least among the three.
The relative energy cost and relative area cost of floating-point operations exceeded those
of integer operations. Additionally, for operations with larger data widths, the relative
energy cost and relative area cost were higher than those with smaller data widths (e.g.,

32-bit > 16-bit) gEzR! FRAFISMEHKIF - . Furthermore, the single-core era was

characterized by microarchitecture advancements, voltage scaling, and limitations
imposed by power consumption and complexity. In contrast, the multi-core era emerged
driven by the pursuit of enhanced throughput but faced constraints related to power
consumption and scalability [10] .

There is a tradeoff between flexibility and efficiency. CPUs typically exhibit the
highest flexibility, followed by GPUs with better efficiency. FPGAs share a similar
characteristic, while ASICs possess optimal efficiency [32] . Dedicated ICs, such as
ASICs, demonstrate approximately 1,000 times better relative energy efficiency than
CPUs [30] . In terms of relative performance, they surpass CPUs by 10,000-100,000 times,
100-1,000 times more than GPUs [20] . GPUs predominantly handle the computation for
Al training, and they are also well-suited for Al inference. In comparison, FPGAs are
more suitable for inference tasks than GPUs. CPUs perform poorly in both training and
inference, although sometimes they can offer higher flexibility [26] .

Regarding commonly used microarchitecture techniques, pipelining increases delay
and area but reduces energy consumption. However, the utilization of pipelining and
time-division multiplexing in hardware design can keep the energy cost constant without
introducing delays, thereby reducing the required area [8] [5] [13] . These principles
contribute to variations in the application of the four computing architectures in Al

operations due to differences in their primary application scenarios.

11
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2.3 Optimizing ASIC Architectures in AI Computation

This section will introduce how various architectures optimize Al computation,
starting from Central Processing Units (CPUs), Graphics Processing Units (GPUs), and
some well-known Application-Specific Integrated Circuits (ASICs).

MIPS Technologies introduced the Microprocessor without Interlocked Pipeline
Stages (MIPS) architecture in 1985, embodied in the R2000 central processing unit (CPU).
The R2000 features a fixed five-stage pipeline, consisting sequentially of Instruction
Fetch (IF), Instruction Decode (ID), Execute (EX), Memory Access (MEM), and Write
Back (WB) [52] . In contrast to Single-Cycle CPUs, MIPS CPU aims to minimize the
latency of each stage by keeping the length of each stage as short as possible, achieving
a high usage rate through pipelining. The MIPS CPU employs the Reduced Instruction
Set Computer (RISC) instruction set architecture, simplifying control operations [46]
[47] . Additionally, the principles of the memory hierarchy in computer architecture align
with the philosophy of "Small is Fast, closer is faster" [48] . The concept of locality of
reference encompasses two primary types: Temporal and spatial locality. These types
suggest that if a memory location is accessed at one point, it is likely to be accessed again
in the near future, and nearby locations will also likely be accessed [42] .

Intel's AI on CPU solution in the Ice Lake architecture proposes an Ultra Path
Interconnect (UPI) channel uniformly connecting to the last-level cache memory (LLC)
of each core. This configuration highlights the significance of more interconnects
between cores, emphasizing the importance of data sharing among neighboring cores
[11] . Additionally, the transition from the historical Single Instruction, Single Data
(SISD) paradigm to Single Instruction, Multiple Data (SIMD) implies extensive parallel

processing in Al computations [1] . The CPU can function as an independent computing

12
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unit or be subdivided into tiles for partitioned processing within the CPU. The Intel Math
Kernel Library for Deep Neural Networks (MKL DNN) mathematical function library
places special emphasis on features such as data quantization, data prefetching, data reuse,
data buffering, vectorization, and memory access [6] .

The computational core of Google's Tensor Processing Unit (TPU) vl [35] is a
Systolic Array (SIMD) [53], enabling simultaneous operation of all processing elements
(PE), leading to high throughput and low latency at the expense of increased power
consumption. This array is managed by a Matrix Multiplier Unit (MMU or MXU),
containing 256x256 Multiply-Accumulate (MAC) units. TPU adopts a weight stationary
architecture. TPU v2, v3 quantizing 32-bit Floating Point inputs to Sign 8-bit and
Unsigned 8-bit, enhancing speed, reducing area, and lowering power consumption [17] .
Google introduces a non-IEEE standard FP bit format for TPU, with BFP16 Fraction
reducing by 3 bits and compensating with a 3-bit Exponent increase. This achieves
precision and dynamic range close to FP32 in Deep Neural Network (DNN) applications
while reducing memory bandwidth [43] . Multi-Layer Perceptron (MLP), Convolutional
Neural Network (CNN), and Recurrent Neural Network (RNN) constitute 95% of the
workload on TPU vl [2] . Google Cloud demonstrates the computation flow of CPU,
GPU, and TPU, where TPU's MXU avoids memory reads and directly passes
multiplication results to the MAC. Consequently, Google states that TPUs can achieve
high computational throughput in neural network calculations, especially for models
dominated by matrix computations, devoid of TensorFlow or PyTorch operations, or
when computation volume and time are exceptionally significant [16] .

NVIDIA is renowned for its Graph Processing Unit (GPU) designs. Observing its
recent system architectures, there is a continuous increase in the number of cores and

computational power for Tensor operations. The Turing architecture of the RTX2000
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series represents a breakthrough transition, notably introducing Tensor cores and Ray
Tracing (RT) cores within each Streaming Multiprocessor (SM). In addressing Al
computations, NVIDIA chose to preserve its well-established Compute Unified Device
Architecture (CUDA) without altering it but introduced additional modules like Tensor
cores and RT cores [38] [39]. The Turing architecture not only supports INT32 but also
extends Tensor core support to FP16 with FP32 accumulate, whereas the next generation
Ampere architecture extends support for BF16 Tensor to FP32 accumulate [40] . It
concurrently enhances memory bandwidth and provides more channels connected within
each core. The utilization of Winograd Transform optimizes convolution calculations
[37], aiming to reduce multiplications and substitute them with more additions. For Deep
Learning, NVIDIA not only augment Al computation support on its GPUs but also
designed the Nvidia Deep Learning Accelerator (NVDLA) architecture, which is open
source. Examining its system architecture, NVDLA features activation unit, pooling unit,
and normalization unit, following convolution buffer. The data flow sequentially
undergoes convolution, activation, pooling, and normalization. Additionally, each of
these units can Write Back (WB) to memory and supports Direct Memory Access (DMA),
providing increased flexibility [36] .

The University of California, Los Angeles (UCLA) has introduced its DCNN
Accelerator, featuring a system architecture where the Convolution Unit Engine (CU)
supports average pooling operations, while max pooling is segregated and placed in the
Accumulation Buffer. All operations are conducted in Intl6. There are a total of 16
Convolution Units, each containing 9 Processing Elements (PE), allowing support for a
maximum Kernel size of 3x3. If the Kernel size exceeds 3, weight filter decomposition is

employed. In the case of non-multiples of 3, Zero Padding is applied. For a 1x1 Kernel,
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only two PEs within the CU are utilized, with the other seven deactivated to conserve
power. These two PEs handle inputs for odd and even channels, respectively [27] .

The Energy-Efficient Multimedia Systems (EEMS) group at the Massachusetts
Institute of Technology (MIT) introduced the Eyeriss (version 1) DCNN accelerator in
2016 [54] [51] . For data transfer, Eyeriss vl employs a multi-level memory structure
comprising external DRAM, a Global Buffer, and Register Files (RFs) within Processing
Elements (PEs). It uniformly transforms two-dimensional matrices into one-dimensional
vectors for input, directly converts weights into one-dimensional vectors, and the Input
Feature Maps (Fmap) are reordered to two-dimensional Toeplitz matrices [50] , feeding
the data column-wise. Run Length Encoding (RLE) compression is utilized to minimize
off-chip DRAM traffic, and Zero Gate is internally employed within PEs to avoid
unnecessary multiplication operations involving zero values, achieving approximately
45% power savings, effectively combining data sparsity and processing power reduction
[54].

In a presentation video shared by MIT EEMS Group on YouTube [55], the dataflow
of Eyeriss v1 is demonstrated. They optimize data reuse through Row Stationary (RS),
where filter rows (weights) are reused horizontally across PEs, Input Feature Map rows
(Fmap) are reused diagonally across PEs, and Partial Sums (psum) accumulate vertically
across PEs. In convolution layer operations, this approach proves to be 1.4x — 2.5x more
energy-efficient than other DNN dataflows.

The Network-on-Chip (NoC) manages the transmission between the Global Buffer
(GB) and the PE array. The Global Input Network (GIN) is structured into two layers, Y-
bus and X-bus, creating a hierarchical memory structure. The Multicast NoC leads to over
80% energy savings compared to broadcast. Yu-Hsin Chen mentioned that as DNNs

become more compact, their Eyeriss v2 (version 2) [56] introduces the concept of
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Hierarchical Mech Network (HM-NoC). Only requiring circuit-switch (multiplexer) to
switch between four modes, it achieves a throughput speedup over 10 times compared to

Eyeriss v1.

2.4 Benchmarks for Deep Learning Accelerator

For a Deep Learning Accelerator (DLA), the computation of DCNN models
constitutes its primary application. Numerous popular models and their algorithms have
extensive framework support, such as TensorFlow [44] or Keras [25] , enabling direct
utilization of these models through APIs. Critical parameters for DCNN models within
these APIs include model size, top accuracy, parameters, depth, and inference time on
CPU and GPU. Analyzing the model's memory, parameters, and floating-point operations
(FLOPs) (multiplication and addition) allows estimation of the required hardware
resources for the model [28] .

In the realm of DNN hardware, the target metrics include accuracy, power,
throughput, cost, external memory bandwidth, required on-chip storage, and core
utilization, constituting additional factors. Key benchmark items encompass energy
efficiency, external memory bandwidth, and area efficiency (inclusive of process
technology) [21] . Other common metrics include core area, the quantity of Multiply-
Accumulate (MAC) units, and clock frequency. For Field Programmable Gate Arrays
(FPGASs), a comparison may involve the utilization of Look-Up Tables (LUT), Flip-Flops
(FF), Digital Signal Processors (DSP), and Random Access Memory (RAM). In the realm
of Energy Estimation, the methodology involves summing the processing of each MAC

and memory access to achieve normalized energy consumption for relevant comparisons

[45] .

16

doi:10.6342/NTU202400510



Chapter 3 Research Method and Design

3.1 Research Gap

In the preceding section on related works, various optimizations for Al computations
were discussed, encompassing how traditional CPUs and GPUs optimize Al operations,
as well as the development of dedicated ASICs for Al. However, many of these journals,
papers, and existing products often require extensive ecosystems and corresponding
compilers to serve as the interface between software and hardware. Numerous studies
also emphasize the design of data paths across PEs or cores, delving into aspects like
Network on Chip (NoC) or Mesh, and even advanced network configurations such as
groups or clusters.

This study adopts a different approach, concentrating on the statistical analysis of
model parameters and the sequential occurrence of layers. Subsequently it refines the
focus to the microarchitecture design within Processing Element (PE) or core while also

redefining a simplified instruction set architecture for it.

3.2 Deep Learning Accelerator Architecture Design Flow

In this chapter, a comprehensive explanation of the research methodology and design
process will be presented, as depicted in Figure 3-1. The process involves performing a
detailed analysis of popular DCNN models to understand their computational
characteristics. Subsequently, the algorithms are reorganized and decomposed, with
mappings to various hardware units. The design process begins with the creation of
individual sub-modules, followed by investigating a pipeline design that aligns with the
six design principles outlined in the 1.3 Research Objectives. the complete flowchart of

the research design will be presented, along with the development of a control instruction
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set for this flow. The final section will showcase the comprehensive processor

architecture diagram from a RTL.
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Figure 3-1 Deep learning accelerator architecture design flow
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3.3 Popular DCNN Models Analysis

In this chapter, commonly used DCNN models are selected, including different
variations with significant changes in algorithms or slight adjustments in the number of
layers. Some of these variations are suitable for edge computing, such as MobileNet [7]
[31] , while others, like ResNet [23] and VGG [24] , require more computational
resources. The focus has been on analyzing the number of convolution and pooling layers,
as these two types of network layers demand more significant computational power in
DCNNE .

As seen from Table 1-1 and Figure 3-2, the number of convolution layers far exceeds
the number of pooling layers. The variations in MobileNet v1, v2, and v3 indicate an
increasing trend in the number of convolution layers, which is related to the separable
convolution (depthwise convolution, pointwise convolution) algorithm discussed in the
previous literature review. Therefore, the layer count statistics do not directly represent
the computational workload.

Figure 3-3 also reveals that convolution operations dominate in DCNNSs, constituting
96.77% of the layers, while pooling layers only make up a 3.23% portion. Note: The data
for the analysis results presented in (Table 3-1 to Table 3-3) and (Figure 3-2 to Figure 3-
10) are investigated from this study.

In the previous statistics, Figure 3-2 including pooling layers, we observed two
primary types of pooling: Max Pooling and Average Pooling. From Figure 3-4, allows

for the analysis of the relative distribution and total count of these two types of pooling
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Table 3-1 Statistical analysis of convolution and pooling layers in popular DCNN models

(Models' reference sources: [3] [7] [31] [9] [23] [24] [15] [33])
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—
2 =
= 531°%
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5|1 3111 2225555523333444
II [ —— e e e O ... - -
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Convolutions Poolings
Hm AlexNet 5 3
m MobileNet vi1 27 1
m MobileNet v2 53 1
MobileNet v3 75 1
B GoogleNet vl 60 16
M ResNet 50 55 2
m ResNet 101 104 2
m ResNet 152 155 2
mVGG 16 13 5
mVGG 19 16 5
W DenseNet 121 121 5
W DenseNet 169 169 5
W DenseNet 201 201 5
m EfficientNet BO 50 2
EfficientNet B1 88 3
EfficientNet B2 110 3
M EfficientNet B3 139 3
| EfficientNet B4 176 3
W EfficientNet B5 209 4
m EfficientNet B6 247 4
| EfficientNet B7 293 4

Figure 3-2 Statistical analysis of convolution and pooling layers in popular DCNN models

(Models' reference sources: [3] [7] [31] [9] [23] [24] [15] [33])
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3.23%

= Convolutions = Poolings

Figure 3-3 Proportion of convolution and pooling layers in popular DCNN models

(Models' reference sources: [3] [7] [31] [9] [23] [24] [15] [33])

layers in each model. It was observed that Max Pooling and Average Pooling can coexist
within the same DCNN model. It is possible for a model to utilize only one type of pooling.
In Figure 3-5, it is observed that max pooling accounts for 63.29% of the pooling layers,
while average pooling constitutes 36.71% of the total. This observation emphasizes the
need for careful consideration in the design to accommodate mode switching or different
hardware configurations to support the possibility of both types of pooling occurring in

combination in the complete computation of a model.

In these models (different from the previous samples), a statistical analysis of the

interconnections between network layers was conducted, categorizing them into three
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Figure 3-4 Distribution of max pooling and average pooling layers across different

models (Models' reference sources: [3] [7] [31] [9] [23] [24] [15]

[331)
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Figure 3-5 Proportion of max pooling and average pooling layers in popular DCNN

models (Models' reference sources: [3] [7] [31] [9] [23] [24] [15]

[33])
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main groups: Convolution to Convolution (C-C), Convolution to Max Pooling (C-MPL),
and Convolution to Average Pooling (C-APL). Figure 3-6.

In addition to studying individual layer operations, examining the connections
between layers is important, as it relates to the reusability of Partial Sum or Output
Feature Map, which is a critical aspect. Figure 3-7 and Table 1-1 shows that C-C
connections are the most prevalent, and as models become larger or deeper, the number
of C-C connections also increases. However, the occurrences of C-MPL and C-APL are
independent of model characteristics (e.g., model size, depth, application domain,
parameter quantity, computing resources). The diagram does not include the Pooling-
Pooling category, as such connections do not occur in any network layers.

Figure 3-8 reveals that C-C connections constitute 96.13% of the total, while the

combined proportion of C-MPL and C-APL connections amounts to 3.88%.
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Figure 3-6 Layer to layer concept
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Table 3-2 Layer-to-layer connection quantities in popular DCNN models (Models'

reference sources: [3] [7] [31] [9] [23] [24] [15] [33])
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m AlexNet 2 3 0
m MobileNet vl 26 0 1
m MobileNet v2 52 0 1
GoogleNet vl 19 2 0
W ResNet 50 54 1 1
W ResNet 101 105 1 1
W ResNet 152 156 1 1
m VGG 16 8 5 0
m VGG 19 10 5 0
W DenseNet 121 120 1 4
W DenseNet 169 168 1 4
m DenseNet 201 200 1 4
| EfficientNet BO 48 0 1

Figure 3-7 Layer-to-layer connection quantities in popular DCNN models (Models'

reference sources: [3] [7] [31] [9] [23] [24] [15] [33])
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m C-C = C-MPL = C-APL

Figure 3-8 Proportion of layer-to-layer connections in popular DCNN models (Models'

reference sources: [3] [7] [31] [9] [23] [24] [15] [33])

3.4 Layers Parameters Statistics

Based on the preceding analysis, it was evident that the number of convolution layers
is the highest, and the occurrence of layer-to-layer connections is also most frequent.
Therefore, a further analysis is conducted on a critical parameter of these convolution
layers, which is the "Kernel Size." The kernel size not only affects the computational
workload but also influences the two-dimensional dimensions of the output layer.

As observed in Figure 3-9, kernel sizes of 1x1 and 3x3 account for the majority, both
being odd square sizes, with no even or asymmetric kernel sizes used in the convolutions.
Additionally, it should be noted that although the proportion of 1x1 kernels is high, they
are often combined with other kernel sizes in models. In two-dimensional operations, the

Ix1 kernel serves the purpose of linear operations by multiplying the matrix with a
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constant, frequently employed in the second step of separable convolutions (Pointwise)
to match the original channel dimensions (the third dimension's size). For kernel sizes
greater than 1x1, they better approximate our understanding of the receptive fields of

CNN neurons, such as the 3x3 kernel, while still being referred to as a "filter."

Figure 3-10 reveals that even when considering the inclusion of 1x1 kernels, the
proportion of 3x3 kernel sizes remains significant at 54.22%. This observation offers
crucial insights for designing the Register file size, data transmission types, and data

routing in this research.

Note: In scientific literature, the term "filter" is commonly used to refer to the convolution
kernel in DCNNE.
Note: The data for the analysis results presented in (Table 3-1 to Table 3-3) and (Figure

3-2 to Figure 3-10) are investigated from this study.

3.5 Function and Specification Definition

In this section, presenting a structured and comprehensive overview of the functions
and specifications require for designing a specialized DLA architecture tailored for Deep

Convolutional Neural Networks (DCNNS5), based on the earlier findings and analyses in
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Table 3-3 Convolution kernel size in popular DCNN models (Models' reference sources:

[31 [71 [31] [9] [23] [24] [15] [33])
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m MobileNet vl 13 27 0 0 0 0
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| EfficientNet BO 39 7 3 0 0 0

Figure 3-9 Convolution kernel size in popular DCNN models (Models' reference sources:

[31 [71 [31] [9] [23] [24] [15] [33])
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Figure 3-10 Proportion of different convolution kernel sizes in popular DCNN models

(Models' reference sources: [3] [7] [31] [9] [23] [24] [15] [33])

Section 3.3 and 3.4. Primary objective is to optimize the processing of convolutional
layers, which have a higher priority than pooling layers and other infrequently occurring
layers, with smaller kernel sizes taking precedence over larger ones. Additionally, must

consider the Convolution-to-Convolution (C-C) connection sequence.
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Table 3-4 Function and Specification Definition. Fully Connective Layer and Softmax
are currently not considered. The kernel size ranges from k = 1 to k = 12, with
consistent treatment of these kernel sizes across different layers as the same

hardware operation.

Supported Functions Function Type Parameters

Convolution Layer 2D Layer Kernel size: 0 to 12

Stride size: 0 to 3

Pooling Layer Max Pooling Kernel size: 0 to 12
Average Pooling Stride size: 0 to 3

Padding Layer Zero Padding Padding size: 0 to 2
Same Padding

Activation Rectified Linear Unit (ReLU) -

Function Layer

Other Definitions:
A. Input/Output Considerations:
The input data format should be in a vector, one-dimensional format,
which is commonly used to simplify the problem and reduce dimensionality in
this algorithm. This enables execution within a single Processing Element (PE)

and aligns with the scalability objective of this research.
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The output values after processing in this PE must not exceed the
dimensions of the input data format since they may become the next input,

requiring compatibility in data dimensions.

B. Control Aspects:
The objective is to minimize reliance on large-scale compilers and achieve

a more intuitive controller encoding.

C. Hardware Selection:

Priority is given to mode switching or data channel switching, employing
compact, fast, and cost-effective units such as Data Selector or multiplexer
(MUX) to support pipeline partitioning and timing analysis. The hardware
modules should be as small and minimal as possible, removing unnecessary

functionalities.

3.6 Algorithm Design and Segmentation

The following Figure 3-11 and Table 3-5 present a set of symbols (operators) that
are defined for use in the forthcoming examples and illustrations to facilitate a better
understanding of the designed algorithm and its segmentation. These symbols allow for

a more concise representation of the algorithm's operations and structure.
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Figure 3-11 Definition of input feature map, weight, and output feature map
Table 3-5 Operator symbols and their descriptions
Operator Symbols Descriptions
Convolution:
>< element-wise multiplication of the input feature map with
the corresponding kernel (weight) values, followed by
summing up the results. (Inner product)
Output
Max Pooling:
M P L Selects the maximum value within the kernel window for

each location in the input feature map during the pooling

operation.
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Average Pooling:
AP L Average pooling calculates the average value within the
kernel window for each location in the input feature map

during the pooling operation.

ReLU (Rectified Linear Unit):

f RelLU ReLU is an activation function exclusively considered in
this study, represented by these two symbols, which are
equivalent. It introduces non-linearity in the neural
network by keeping the output unchanged if the input is

positive and setting it to zero if the input is negative.

Padding:

P D . Zero Padding:
Zero padding adds zero elements around the edges of the
input feature map during the convolution or pooling
operation.
Replicate Padding:
Replicating border values for padding using the nearest

element in each direction.

Input / Output
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In this section, three primary algorithm examples are presented, Figure 3-12, Figure
3-13 and Figure 3-14 ,each showcasing the desired capabilities of our DCNN processor,
with a particular focus on the immediate reuse of output feature maps. These examples
demonstrate crucial concepts, such as performing convolution with simultaneous padding
and linear filtering, such as ReLU activation. Sequentially, each case will be elaborated
on, providing a comprehensive exploration of the proposed functionalities.

Based on our previous analysis, it is evident that convolution is often followed by
another convolution operation. In many models, padding with the appropriate size is
applied, which allows the output feature map's dimensions to remain consistent with the
input feature map's dimensions. Therefore, this requirement is also considered in the

algorithm examples presented here.

The first algorithm, Figure 3-12 illustrates the process of performing two
consecutive convolutions with zero-padding. The second algorithm, Figure 3-13, example
involves directly applying the ReLU activation, a linear adjustment, to the result of a
convolution operation with zero-padding. The third algorithm, Figure 3-14, example
builds upon the previous one, Figure 3 13, applying the ReLU activation, a linear
adjustment, to the result of a convolution operation with zero-padding. Subsequently,
either max pooling or average pooling is performed on the output feature map.

However, in addition to the aforementioned three examples, three issues were

encountered during the design and derivation of such algorithms as follow:
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Figure 3-12 Convolution with zero-padding followed by a second convolution.
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Figure 3-13 Convolution with zero-padding followed by immediate ReL U activation.
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Figure 3-14 Convolution with zero-padding followed by immediate ReLU activation and

pooling
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First, continuously merging layer-to-layer connections resembles extracting specific
cases within special cases, which may decrease the likelihood of alignment with the actual
models' required computational processes.

Second, adhering to the Input/Output considerations mentioned in section 3.5, where
"the output data dimensions must not exceed the input data dimensions," poses challenges
for the pooling operation. Figure 3-14, this operation requires either waiting for multiple
outputs from the same PE or simultaneously accessing outputs from different PEs as
pooling input. As a result, the pooling operation in algorithm design has been partitioned,
enabling output feature map reuse while not mandating the same PE to handle Example
Three computations.

Third, the phenomenon observed in pooling layers also applies to the input data for
the second convolution operation, necessitating a similar algorithm partitioning for the

second convolution to be executed in individual PEs.

3.7 Divide-and-conquer

Table 3-6 presents a summary of the algorithm partitioning issues discussed in the
previous section, indicating whether different input data sources (provided by the system
buffer or obtained from individual PE computations) can be supported by a single PE.
Additionally, it provides an overview of the arithmetic and logical processing unit

specifications required for each function.

These specifications also encompass the design principles, system assumptions, and
requirements formulated based on the research objectives previously outlined.

Several observations can be made:
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A. The arithmetic units for addition and multiplication are used not only in convolution
but also in average pooling calculations. To avoid introducing a separate division
unit, the division operation will be implemented using multiplication with fractional
values, requiring a floating-point multiplier.

B. ReLU functionality involves frequent comparisons with the value 0 to determine
whether to retain or output a value. Therefore, a zero register is necessary to facilitate
these comparisons.

C. Max pooling requires comparators to compare input data values. Due to the two-
dimensional data being transformed into a vector as per the design principles,
parallel comparators are not suitable. Thus, a feedback loop is essential for this
purpose.

D. The input data, represented as a one-dimensional vector, undergoes sequential
processing, where multipliers can only perform constant multiplications on two

elements at a time, and accumulators require feedback circuits.

These assumptions also address the intention to achieve hardware component
reusability, data channel sharing, and the control complexity of data input/output and data

reuse.
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Table 3-6 Algorithm partitioning and hardware mapping specifications

Functions Conv. Pooling Padding ACT.

Subfunction - M-PL. A-PL. Zero Replicate ReLU

Functions can be processed in a single Processing Element (PE)

Input data

Yes Yes Yes Yes Yes Yes
from system
Input data

No No No Yes Yes Yes
from a PE

Arithmetic and logical processing specifications

Adder Yes No Yes No No No
Multiplier Yes No Yes No No No
Comparator No Yes No No No Yes
Feedback Yes Yes Yes No No No
Zero Buffer Yes No Yes Yes No Yes
Const. Buf. No No Yes No No No
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3.8 System Flow Design

Figure 3-15 Flowchart of an eight-stage DLA PE architecture. The various hardware
submodules designed based on the typical layer sequence found in DCNN models are
organized into eight main stages. The division of these stages is based on design

experience and microarchitecture techniques.

In summary:
Stage 1:
Input data is transferred to the register file, and instruction decoding is

performed.

Stage 2:
Operands are transferred from the register file (1 operand/path) and decisions

are made regarding padding.

Stage 3:

Each operand on the main data channel is checked for zero values. Weight reuse
and input feature map reuse are also processed in this stage. Depending on the
operation mode, operands are directed to either the normal data path or the

specialized path for Max-Pooling.

Stage 4 & 5:
If no zeros are encountered, two operands are multiplied; otherwise, the

multiplier is shut down to save power. As multiplication operations are more
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complex and time-consuming than simple logic circuits, two stages are allocated for
the multiplication operation. In the case of Max-Pooling, operands are simply

transferred.

Stage 6:
The new operand is added to the previous one, and accumulation continues until
reset (until k x k times). For Max-Pooling mode, operands are transferred without

accumulation.

Stage 7:
This stage determines whether to activate (ReLU) the data or directly transfer
it to the next stage. For Max-Pooling mode, new operands are compared with the

previous ones (until k x k times).

Stage 8:
The output operand (Output Feature Pixel) is transferred to the next location

based on the selected output mode/path.

These stages and their operations are defined with strict adherence to the research
objectives, design principles, system assumptions, and hardware specifications

established in the study.
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Figure 3-15 Flowchart of an eight-stage DLA PE architecture
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3.9 Instruction Set Design

With the established data flow, hardware units, and the order of operations in each
stage, the design of instructions can be guided, enabling a better understanding of the
decoding sequence.

This approach to the instruction set differs from the typical pursuit of simple
instructions as fast as possible, which is commonly found in RISC CPUs. Instead, I
prioritize designing instructions based on functionality, following a hierarchy depicted in
Figure 3-16. In this hierarchy, higher-level instructions are more application-specific,
while lower-level instructions are closer to fundamental operations. Table 3-7, provides

examples of such instructions.

%

2
©
)
Q.
w
c
S
3 Process
a
Q
< (Layer to Layer)
State
(Layer Types)
2
% Simple Operation
L\ / (Common RISC CPU Instructions)

Figure 3-16 Instruction set hierarchy: from application-specific to fundamental operations
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Table 3-7 Examples of application-specific and fundamental instructions

Instruction Hierarchy Instruction Examples

Layer to Layer C-C, C-MPL, C-APL ...
Instruction Level
Layer Convolution: kernel size, stride, padding type or
Instruction Level not, filters parameters.
Pooling: pooling type, kernel size, stride.
Activation: ReLU.
Simple Arithmetic: add, sub, addi, addu, subu, addiu, mul,
Instruction Level mult ,div.
Logical: and, andj, or, sll, srl.
Data Transfer: load, store, move.
Others:  Conditional = Branch, = Comparison,

Unconditional Jump, System Calls ...
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Table 3-8 Instruction set architecture in this study's design

Padding Padding

Opcode Next Stage Mode . Reuse
Size Type
Convolution Conv 0 non-PD both
Max-Pooling Max-Pooling 1 zero-PD Weight
Average-Pooling Average-Pooling 2 Same-PD IFM
é Other Write Back X X Non (X)
S
=
=
'2
b3
=1
b=
E
Kernel Row Kernel Column ) ) Stride Column L
Stride Row Size Activation
Size Size Size

1 Same as Row X Same as Row Non

2 1 1 1 ReLU

3 2 2 2

4 3 3 3

5 4

6 5

7 6

8 7

9

10

11

X
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Table 3-8 presents the various operation codes, output mode codes, padding sizes,
padding types, data reuse channel mode switch codes (two flags to control two channels),
kernel row and column sizes, stride row and column sizes, and activation function's flags
to determine if ReLU is needed for each calculation.

Each instruction's order is also related to the RTL (Register Transfer Level)
combinational circuit's decoding sequence or instruction switching.

In section 5.1 Operations Cycle Time Analysis, further investigation will be
conducted to examine how different kernel sizes can impact the processing time required

by the processor to produce the output.
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Chapter 4 Implementation

4.1 Architecture Mapping to RTL

The experimental tools are established on a personal server with a valid licensed

agreement.
Table 4-1 Environment and Tools
Environment and Tools
Computer
Platform Windows 11 Pro 22H2
CPU Intel x64 Core 19-9980XE
Memory DDR4 Quad-Channels 128GB
GPU Nvidia RTX-2080Ti

HDL Simulation Software

AMD Xilinx Vivado Edition 2023.1

Intel Questa Starter FPGA Edition 2022 .4

Figure 4-2 DLA PE architecture design details in RTL diagram. This diagram
presents the DCNN processor architecture design in RTL view, divided into 8 stages by
vertical dashed lines. The spacing between the dashed lines does not indicate any spatial
or temporal relationships, as each stage corresponds to one complete clock cycle.

The diagram clearly illustrates the sequential arrangement of different functional
hardware units, the presence of feedback circuits, and the number of channels. Both data

and control signals propagate from left to right.
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Table 4-2 Explanation of DLA PE architecture design details in Figure 4-2

Color-Coded Areas

Yellow Control signal lines
Blue Weight reuse dedicated channel
White Main processing channel
Purple Input Feature Map reuse dedicated channel
Pink Applicable channel for max pooling
Colored Lines
Black Data transfer channels
Yellow Signal control lines
Green dashed Virtual data transfer channels in pooling mode

Green solid

Additional physical channels introduced

Arrow

Large hollow arrows

Represent input and output of data in the processor

Register Symbols
Reg Register
Zero Storage for zero values
C Buffer of constant values
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Symbols Explanation

Control signal lines

Weight Reuse dedicated
channel

Main Processing channel

Input Feature Map Reuse
dedicated channel

Applicable channel for
Max Pooling

Data transfer channels

A\ 4

,,,,,,,,,,,,,,,,,,, > Signal control lines

Virtual data transfer
channels in Pooling

Additional physical
channels introduced

,l: Represent I/O data in the
processor

Register

\4

Storage for zero values

pozmN |
Buffer of constant values

Figure 4-1 Caption of DLA PE architecture design details in RTL diagram
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Chapter 5 Results and Discussion

5.1 Operations Cycle Time Analysis

This section aims to analyze the total cycle times per processing task (per output
feature element) for convolution, average pooling, max pooling and activation in the
designed DLA PE. Considering a fixed stage configuration, where each stage represents
one cycle time, the investigation will focus on how various parameters impact the overall
cycle times. The analysis will be based on four main types of operation codes (Opcodes)

within the instruction set architecture.

A. Opcode Type 1: convolution (Figure 5-1, Table 5-1)
®  Accumulating time increases by the square of the kernel size.
® [t only obtains one result from the multiplier per cycle time, affecting the

overall cycle times.

B. Opcode Type 2: average pooling (Figure 5-2, Table 5-2)
®  Accumulating time increases by the square of the kernel size.
® The processing procedure is similar to convolution, as both operations obtain
only one result from the multiplier per cycle time, impacting the overall cycle

times.

C. Opcode Type 3: max pooling (Figure 5-3, Table 5-3)

® Comparison time increases by the square of the kernel size.
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® The comparator only compares two elements in one cycle, and this unit is
shared with the activation layer of ReLU, which doesn't require feedback
circuits.

® Similar to convolution and average pooling, max pooling is also a one-
dimensional vector operation, and its cycle times are affected by the total

number of elements in the kernel.

D. Opcode Type 4: activation (Figure 5-4, Table 5-4)
® The total cycle times are the same as when the kernel size is 1x1, which is the
minimum processing time for this processor: 8 cycles.
® Regardless of the number of ReLU data points, in the context of the processor's
architecture, processing a batch of n data points is equivalent to individually

processing each element n times with a 1x1 data kernel.

Upon observation of the four modes' graphs and tables, it becomes evident that the
three curves are identical, shown in Figure 5-4.

Despite the computations originating from different sub-units, the use of RTL and
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Table 5-1 Convolution processing cycles - cycle counts for each stage

Convolution Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 Stage 7 Stage 8
Kernel Size IF/ DataIn PD/Element Out  Zero Gate Multiplication ACC. Activation Data Output  Total Cycles
1 1 1 1 1 1 1 1 1 8
3 1 1 1 1 1 9 1 1 16
5 1 1 1 1 1 25 1 1 32
7 1 1 1 1 1 49 1 1 56
9 1 1 1 1 1 81 1 1 88
11 1 1 1 1 1 121 1 1 128
140
128
120
100
88
.- 80
(3}
2
56
© 60
40 32
16
20
8
0
0 1 2 3 4 5 6 7 8 9 10 11 12

Kernel Size (square)

Figure 5-1 Total cycles for convolution processing per output feature element
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Table 5-2 Average pooling processing cycles - cycle counts for each stage

Average Pooling  Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 Stage 7 Stage 8
Kernel Size IF/ Data In _ PD/ Element Out  Zero Gate Multiplication ACC. Activation Data Output  Total Cycles
1 1 1 1 1 1 1 1 1 8
2 1 1 1 1 1 4 1 1 11
3 1 1 1 1 1 9 1 1 16
4 1 1 1 1 1 16 1 1 23
5 1 1 1 1 1 25 1 1 32
6 1 1 1 1 1 36 1 1 43
7 1 1 1 1 1 49 1 1 56
8 1 1 1 1 1 64 1 1 71
9 1 1 1 1 1 81 1 1 88
10 1 1 1 1 1 100 1 1 107
11 1 1 1 1 1 121 1 1 128
140
128
[ ]
120
107
[ ]
100
88
(]
@ 80 71
_; (]
56
© 60
(]
43
40 -9
23 ®
16 Y
20
I
PS ]
0
1 2 3 4 5 6 7 8 9 10 11 12

Kernel Size (square)

Figure 5-2 Total cycles for average pooling processing per output feature element
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Table 5-3 Max pooling processing cycles - cycle counts for each stage

Max Pooling Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 Stage 7 Stage 8
Kernel Size IF/ DataIn PD/Element Out Zero Gate  Transfer Transfer Transfer Comp.  Data Output  Total Cycles
1 1 1 1 1 1 1 1 1 8
2 1 1 1 1 1 1 4 1 11
3 1 1 1 1 1 1 9 1 16
4 1 1 1 1 1 1 16 1 23
5 1 1 1 1 1 1 25 1 32
6 1 1 1 1 1 1 36 1 43
7 1 1 1 1 1 1 49 1 56
8 1 1 1 1 1 1 64 1 71
9 1 1 1 1 1 1 81 1 88
10 1 1 1 1 1 1 100 1 107
11 1 1 1 1 1 1 121 1 128
140 128
[ ]
120
107
[
100 88
[
o 80 ik
_g“ 56 dl
© 60 "
43
40 32 4
23 @
16 ®
20 8 11 PY
Ps L
0
0 1 2 3 4 5 6 7 8 9 10 11 12

Kernel Size (square)

Figure 5-3 Total cycles for max pooling processing per output feature element
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Table 5-4 Activation ReLU processing cycles - cycle counts for each stage

Activation Stage | Stage 2 Stage 3 Stage 4 Stage 5 Stage 6 Stage 7 Stage 8
Kernel Size IF/ Data In Element Out Zero Gate  Transfer Transfer Transfer  Activation Data Output  Total Cycles
1 1 1 1 1 1 1 1 1 8

fixed-stage strategy in the design ensures that the execution time for these instructions is
solely dependent on the product of the kernel size: row and column. Additionally, this
multiplied value applies to kernels of different operation modes, even though these
kernels may have different meanings for different computations of layers in DCNN.
Consequently, this results in the same point on the curve when the multiplied value is the

same.

—@— Conv. MPL. APL. Activation

140 128
120
100

80

Cycles

60

40

20

0 1 2 3 4 5 6 7 8 9 10 11 12
Kernel Size

Figure 5-4 Unified operation time curve for diverse processing modes in this architecture
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This characteristic is highly advantageous as it allows for a unified and simplified
approach in analyzing different models and their computation times when implementing
this architecture in a system-on-chip (SOC) or using it as an Intellectual Property (IP) for

other computing systems.

5.2 Performance Analysis and Simulation

In Figure 5-5, the performance curve of a single PE at different clock rates is
simulated. The actual chip's clock rate may vary due to factors such as chip fabrication
process, manufacturing quality, synthesis tools used, Placement and Routing (P&R), and
may be directly limited by factors such as Thermal Design Power (TDP), reducing voltage
values and clock rates to save power.

Figure 5-6 extends the performance curve from Figure 5-5 to simulate multi-core
parallel computing. These results are based on simulations with stable high hardware
utilization rates; however, actual performance may decrease due to parameter variations,

function switching, or different instruction sequences.

5.3 Data Reuse Rate

With the incorporation of data reuse channels and two separate register files (Input

data buffers) with the functionality of data reuse classification, the processor enables full
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Figure 5-6 Performance of multiple PEs at different clock rates
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reusability of weights and their propagation to neighboring processors.
Additionally, the input feature map can achieve a higher reuse rate, particularly with

larger kernel sizes.

100.00%
90.00%

90.91%
80.00% 88.89% °

85.71%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

0 1 2 3 4 5 6 7 8 9 10 11 12
Kernel Size

—e—Input feature maps —e—Weights
Figure 5-7 Data reuse rates for input feature maps and input weights with varying kernel

sizes

5.4 Design Comparison

After conducting cycle time analysis and defining the operations and their respective
durations, as well as obtaining information on data reuse rates, our study enables us to

make a comprehensive comparison between our designed architecture and well-known

57

doi:10.6342/NTU202400510



Al architectures mentioned in the earlier literature, as well as typical computing

architectures like MIPS CPU [52] :

This study compared to:

A. MIPS CPU [52]
® Advantages: Offers ease of control with lower instruction complexity and a
higher instruction level.
® Disadvantages: Limited flexibility is a result of this design's focus on arithmetic
logic unit (ALU) and the significant reduction in basic functionalities, as well
as the absence of a SISD (Single Instruction, Single Data) architecture.

® Similarities with This Study: Both architectures have fixed stages.

B. Intel Ice Lake [11]
® Advantages: Features a smaller core and a significantly reduced Instruction Set
Architecture (ISA), resulting in lower system complexity.

® Disadvantages: Flexibility, generality, compiler and its ecosystem.
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Google TPU [17]

® Advantages: lower system complexity and the need to perform activations in
the core.

® Disadvantages: Single core has higher complexity.

® Similarities with This Study: Both architectures implement weight stationary

operations and adopt SIMD (Single Instruction, Multiple Data) principles.

NVIDIA NVDLA [38] [39] [40]

® Advantages: having lower system complexity.

® Disadvantages: More interconnected path to memory at each unit and NVDLA
not need to wait for unnecessary cycles. It also supported reshape operations

® Similarities with This Study: Reconfigurability.

UCLA DCNN Accelerator [27]

® Advantages: Shares Max-Pooling with Activation Unit, reducing the hardware
complexity. Not Requires large kernel size of weight separation for certain
operations.

® Disadvantages: In this design, max pooling and average pooling share the main
channels, whereas UCLA's design can separate these two operations into two
independent hardware units.

® Similarities with This Study: This design average pooling layer is processed

within the convolution unit (CU).
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F.  MIT EYERISS [54]

® Advantages: This work’s design supports Average-Pooling Layers, while
EYERISS lacks this feature. Additionally, in this architecture, the activation
layer (ReLU) is executed immediately after convolution in the core, whereas
EYERISS requires data to be transferred from the Global buffer to DRAM
before performing this operation.

® Disadvantages: This work’s single PE is more complex and larger, whereas
MIT's design features a well-established mesh network for data routing, which
is a capability lacking in this study's architecture.

® Similarities with This Study: Both adopt a row stationary approach, utilize
vector input, and incorporate a Zero-Gate mechanism to skip zero-value

transfers.

5.5 Data Path Comparison
Comparing these two procedures in Table 5-5, this study's design in the DCNN

processor has a more streamlined and efficient approach, with fewer intermediate data
transfers and cache writes. This results in reduced latency and improved overall

processing efficiency compared to a traditional CPU using conventional instructions.
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Table 5-5 Convolution of inner product of a tile of input matrix, flow comparison

This study's architecture

Traditional CPU using basic instructions

1. Instruction decoding 1. Instruction decoding
2. Two operands are input 2. Two operands are input
3. The two operands are multiplied, and 3. The two operands are multiplied, and
the result is transferred to a register the result is transferred to a
temporary register
4. The temporary result is fed into the 4. The result in the temporary register is
accumulator written to the second or third-level
cache
5. The two operands' sum is calculated, 5. Instruction decoding
and the result is transferred to a
register
6. Linear adjustment or waiting for one 6. The result of the multiplication and
cycle before transferring the result to the partial sum are written to
the next register temporary registers
7.  The final result is written back to the 7. The two operands' sum is calculated,
buffer or used as the operands for the and the result is transferred to a
next computation register
8. The result in the register is written
back to the second or third-level
cache
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If the ReLU output needs to be immediately used for the next convolution or pooling

operation, in MIT EYERISS V1, it requires reading and writing between the global buffer

and DRAM before being processed in the PEs. The main difference between the two

architectures lies in the MIT EYERISS V1 ReLU step, which involves additional read

and write operations between the global buffer and DRAM. On the other hand, in the

design of this study's architecture, ReLU only requires one additional cycle, and the data

movement occurs internally within the processor, significantly reducing power

consumption and latency.

Table 5-6 Comparison of convolution operation followed by immediate ReLU activation

layer flows

This study's architecture

MIT EYERISS vl

1.

2.

Instruction decoding

Two operands are input

The two operands are multiplied, and
the result is transferred to a register
The temporary result is fed into the
accumulator

The two operands' sum is calculated,
and the result is transferred to a
register

Linear adjustment and the result is

transferred to the next register

1. Instruction decoding

2. Two operands are input

3. The two operands are multiplied, and
the result is transferred to a register

4. The temporary result is fed into the
accumulator

5. The two operands' sum is calculated,
and the result is transferred to a
register

6. The result is written to the global

buffer
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7.  The final result is written back to the 7. The result is passed to the ReLU
buffer function and undergoes linear
adjustment
8.  The adjusted result is transferred to
the next register
9. The final result is written back to

DRAM

5.6 Benchmark

In this study, benchmarks are conducted using three different methods. Figure 5-8 ,
compares the peak throughput (Giga Operations per Second) under similar conditions by
aligning the PE counts and clock rates of our study with three target comparisons.
However, the magnitude of Google TPU vl's performance [17] far exceeds others,
making it unmarkable on the graph; its results are mentioned in the description following

the figure title.

In Figure 5-9, chip performance is normalized per single PE for comparison. From
the trend lines of operations per second per PE, it is observed that higher values indicate
a single PE handling more computational tasks in the same timeframe. However, this does

not necessarily translate to better power efficiency or total performance.
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Peak Throughput of This Work vs. Others at Identical PE Counts and Frequencies

160

150 MIT Eyeriss v2, @200MHz.
UCLA DCNN ACC, @500MHz. (192, 153.6)
140 (144,152)
130 This Work @200MHz, 192 PEs
192,76.8
7 120 This Work @500MHz, 144 PEs a2, )
a (144, 144)
8 110
N
B 100
_g- This Work @250MHz, 168 PEs
g 9 (168, 84)
=]
= 80
=

70

MIT Eyeriss v1, @250MHz.
60 (168, 64)
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40
100 110 120 130 140 150 160 170 180 190 200

PE Counts
Figure 5-8 Peak throughput comparison of this work and other DLA architectures at
identical pe counts and frequencies. (Google TPU v1 achieves 92 TOPS with
65536 PEs at 700MHz, whereas this work achieves 91.75 TOPS.) [17] [27]

[54] [56] .

The performance metrics of these five works in Figure 5-9 , while displayed on the
same chart, vary in terms of input data dimensions and PE functionality. A simpler
microarchitecture with more MACs achieves a higher OPS/PE value. This work features
a more intricate PE processing flow compared to others, offering superior functionality
and 1-D vector input with straightforward data input control. It demonstrates good
performance in the mid-range due to optimal hardware reuse and hardware sharing (refer
to Table 5-7).

This metric serves as a fundamental indicator for parallel computation. Within the
same performance range, it indicates similar computational capabilities. If additional
functionalities are supported, it signifies enhanced processing capacity.

A multi-functional single core reduces hardware module diversity, simplifying

system complexity and control difficulty. Minimizing data movement outside the core
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can improve power efficiency and reduce latency. This is beneficial for enhancing overall

performance when scaling up hardware system.

Performance per PE

1.6

4 OPS/PE
1.4
UCLA DCNNACC
1.2 1.06

2 OPS/PE

1 ﬂ
This Work

1

Throughput per PE (GOPS)

0.6 MIT Eyeriss v2
0.8
0.4
‘\ MIT Eyeriss v1
0.2 0.38
0o
0 100 200 300 400 500 600
Frequency (MHz)

@MIT Eyeriss vl @OMIT Eyeriss v2 ~ @UCLA DCNN ACC

700

Google TPU v1.
1.40

1 OPS/PE

800 900 1000

Google TPU vl @This Work

Figure 5-9 Performance per single PE at its peak clock rate. The higher the GOPS per PE,

the further to the upper left. 1 OPS/PE represents 1 Operation per Second per

Processing Element. [17] [27] [54] [56] .
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Table 5-7 primarily compares which functionalities each design supports and

whether these functionalities can share computing resources (hardware). Additionally, it

compares the forms of PEs and the dimensions of data computation. Finally, it compares

where common CNN operations are processed in these designs, and an analysis of

function latency is provided, comparing the approximate cycle time required for

computation in these DLA architectures for various CNN layers.

Table 5-7 Performance and Functionality Comparison. (Tr. Is data transfer time)

[55] [27] [17]
MIT EYERISS v1  UCLA DCNN ACC.  Google TPU vl This work
Basic Info.
Peak Throughput 64 GOPS 152 GOPS 92 TOPS 144 GOPS
Precision Int 16 Int 16 BFP 16 FP 32
Clock Rate 100-250 MHz 500 MHz 700 MHz 500 MHz
No of PEs 12x14 144 256x256 12x12
No of MACs 168 144 65536 144
Functions
Max Pooling Support Yes Yes Yes Yes
Average Pooling Support No Yes Yes Yes
Activation Function ReLU ReLU ReLU, Sigmoid, tanh ReLU
Conv. & MPL. HW. Reuse No No No Yes
Conv. & APL. HW. Reuse No Yes No Yes
Conv. & ACT. HW. Sharing No No No Yes
Instruction Type - - CISC CISC
Function Operation
PE Calculation Dimension 1-D Vector 2-D Array 2-D Matrix 1-D Vector
PE Type MAC Multiplier MMU General Function
Convolution PE PE(CU) PE PE
Max Pooling Off-PE Off-PE(CU) Off-PE PE
Average Pooling Not supported PE(CU) Off-PE PE
Activation Function Off-PE, WB to DRAM Off-PE(CU) Off-PE PE, Immediately
Latency of Functions
Multiplication Cycle Time 2 cycles 1 cycle 1 cycle 2 cycles
Accumulation Cycle Time 1 cycle Tr.+1 Cycles (Off CU) 1 cycle 1 cycle
Convolution Cycle Time K*+1 cycles K+3+Tr.+ACC. cycles 2K-1 cycles K* +7 cycles
Max Pooling Cycle Time - K=2,3. Tr.+1,3 cycles (Off) - K* +7 cycles
Average Pooling Cycle Time Not supported K+3+Tr.+ACC. cycles - K* +7 cycles
Activation Funec. Cycle Time >>1 cycles (Read Out) >>1 cycles (Read Out) - 1 cycle
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Chapter 6 Conclusions and Future Work

6.1 Pros and Cons

In this chapter, an exploration of the six major research objectives established earlier

has been conducted as follows:

1. Layer-Compatible:
The design focuses on convolutional operations as the core process, allowing
various forms of pooling, ReLU, and other network layers to achieve the same

results.

2. Timing Identical:

With a minimum of 8 stages, the architecture ensures consistent processing
times, even for shorter max pooling operations where an additional 3-cycle delay
is introduced. This approach allows turning off the multiplier and accumulator
in the certain stages, leading to reduced power consumption. The analysis in
section 5.1 shows that processing times remain the same for kernels of identical

size.

3. PEs Scalable:
Adhering to the previous point, different processors can perform different
layer operations, such as some cores executing convolution while others handle
pooling. This flexibility enables the scalability of core numbers based on specific

requirements or grouping.
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4. Efficient Data Movement:
Beyond energy consumption considerations, incorporating common post-
convolution functionalities in the subsequent cycle reduces latency and

accelerates processing speed.

5. Data Reusable:
The design implements two reuse channels, reducing the data throughput
from system memory or global buffer into the processors array, avoiding
bottlenecks, and efficiently reusing neighboring data within the processor (near-

memory computation) to reduce data movement power consumption.

6. Module / Path Shared:

The architecture allows the convolutional operation multiplier to be shared
by using a denominator value for average pooling. Similarly, the comparator
used in max pooling can be shared with a third channel for comparison with zero
values, enabling ReL U, the most commonly used activation layer, to share this
hardware. Additionally, data transfer channels and other sub-modules are shared,
reducing the need for dedicated hardware for other network layers and saving
area, especially as non-convolution operations are infrequent based on model

statistics presented earlier.

However, the fixed-stage RTL architecture sacrifices some flexibility compared to
other edge CPUs. For instance, in order to share the multiplier within convolution and

average-pooling, all inputs must be in floating-point format instead of integers, despite
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the better precision it offers. Additionally, if there is no requirement for a linear filter

before the output, there will be a one-stage (cycle) delay.

6.2 Research Contributions

First, the research methodology of this paper involves a soft-hardware co-design
approach. The design flow begins with statistical analysis of layer parameters from
popular DCNN models, followed by function and specification definition, algorithm
design and segmentation, and finally algorithm partitioning and hardware mapping
specifications. The result is a clear system flowchart and instruction set of PEs.

Second, this study concentrates on designing a single core that supports full
functionality with low latency, aiming for a balanced design, while most papers focus on
issues such as NOC or parallel computing PE grouping. Detailed internal designs of the
core in RTL are publicly disclosed, covering register quantity, individual datapaths,
hardware units, and distinct instruction decoding for each stage.

Third, the DLA architecture of this research ensures ease of control and scalability
due to its consistent cycle time design across all functions. Benchmark tables demonstrate
the highest hardware resource sharing and lowest activation latency. With all functions
processed in-core, this approach effectively avoids the delays during off-PE data

movement, enhancing overall efficiency and performance.

6.3 Research Limitations

Throughout this research, one of the most significant challenges I encountered was

the lack of access to free EDA (Electronic Design Automation) tools. These tools are
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often highly confidential and require collaboration with semiconductor foundries like
Taiwan Semiconductor Manufacturing Company (TSMC) or United Microelectronics
Corporation (UMC), making it difficult to obtain free licenses. Additionally, the
development process involved verification on FPGA platforms, which come with a hefty
price tag and may not provide precise values for computation speed and time.

As a result, [ ultimately decided to implement and verify the design using licensed
software such as Intel Questa and AMD Xilinx Vivado, which allows for functional
simulations. Furthermore, in the field of computer architecture, papers related to
architectural-level hardware design often have limited detailed design information, and
there are few papers that provide results from actual chip fabrication, leading to limited
trust in the outcomes presented in the literature.

Compared to software applications or Al model applications in various fields,
conducting research in this topic demands a higher entry barrier and is not accessible for
enthusiasts.

Indeed, conducting research in this field demands a thorough understanding of
algorithms, mastery of microarchitecture design principles, and substantial experience in
IC (Integrated Circuit) design, including Verilog HDL and other related skills. The topic's
complexity requires significant time and effort, making it a challenging endeavor that

demands dedication and expertise.

6.4 Future Work

This is the inaugural investigation of DLA Architecture Design within my lab, with
a specific emphasis on microarchitecture and core development. Despite this, numerous

branches within this domain remain unexplored. As a result, I suggest that researchers
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capitalize on the simplistic instruction set crafted in this study for compiler development
to this general-purpose core. This initiative extends to the co-design of Network on Chip
(NoC) in both software and hardware. Moreover, researchers can further deepen their
exploration on core groups or core clusters with the trends observed in NN Models.
Another good avenue is the investigation of optimization between NN model algorithms
and compilers. Additionally, the integration of performance-oriented cores and
efficiency-oriented cores is proposed as a prospective research direction.

I also recommend that researchers undergo relevant coursework in computer
architecture, understand prevalent NN algorithms, comprehend each stage in the PE

pipeline within this research, and its instructions before further investigations.
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