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ABSTRACT

RECONFIGURABLE CNN ACCELERATOR DESIGN
USING DATAFLOW ANALYSIS

Alperen Kalay
M.S. in Computer Engineering
Advisor: Ugur Giidiikbay
Co-Advisor: Ozcan Oztiirk
September 2024

Dataflow reconfigurability plays a crucial role in Convolutional Neural Network
(CNN) acceleration by determining the optimal dataflow pattern for convolu-
tion operations. Fully reconfigurable architectures provide versatility and high
resource utilization by supporting multiple dataflow options, but this comes with
increased design complexity and operational overhead. On the other hand, non-
reconfigurable architectures, optimized for a single dataflow pattern, deliver high
efficiency for specific tasks but lack adaptability. This thesis introduces a novel
intermediate dataflow reconfigurable CNN accelerator that balances flexibility
and efficiency by integrating key dataflow patterns, enhancing adaptability and
performance across diverse CNN applications. Through a detailed analysis, key
dataflows are identified, and a unique architectural unit is developed for dataflow
selection, with an average of 0.15% excess latency compared to the optimal sce-
nario. Our specialized systolic array architecture accommodates various kernel
sizes, providing an additional layer of reconfigurability. Our architecture requires
39% less area and 35% less power than fully reconfigurable designs. Additionally,
it delivers an average of 33% better performance compared to non-reconfigurable
architectures. In terms of efficiency, it provides a 7% increase over fully reconfig-
urable designs and outperforms non-reconfigurable options by up to 3.57X.

Keywords: CNN accelerator, dataflow, reconfigurability.

il



OZET

VERI AKISI ANALIZI KULLANARAK YENIDEN

YAPILANDIRILABILIR CNN HIZLANDIRICI
TASARIMI

Alperen Kalay
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danmigmani: Ugur Gudiikbay
Tkinci Tez Damsmant: Ozcan Oztiirk
Eyliil 2024

Veri akiginin yeniden yapilandirilabilirligi, evrigim isglemleri i¢in en uygun veri
akigi modelini belirleyerek Evrigimsel Sinir Agi (CNN) hizlandirmasinda 6énemli
bir rol oynar. Tamamen yeniden yapilandirilabilir mimariler, birden fazla veri
akig1 secenegini destekleyerek cok yonliiliik ve yiiksek kaynak kullanimi saglar,
ancak bu durum artan tasarim karmasikligi ve islem yiikiinii beraberinde ge-
tirir.  Ote yandan, tek bir veri akigi modeli i¢in optimize edilmis, yeniden
yapilandirilamayan mimariler, belirli gorevler icin yiiksek verimlilik sunar an-
cak uyarlanabilirlikten yoksundur. Bu tez, esneklik ve verimliligi dengeleyen,
gesitli CNN uygulamalarinda uyarlanabilirligi ve performansi artiran, anahtar
veri akigi seceneklerini birlegtiren yenilikci bir ara seviye yeniden yapilandirilabilir
veri akighh CNN hizlandiricisi sunmaktadir. Ayrintili bir analizle, anahtar veri
akiglar1 belirlenmig ve veri akigi se¢ciminde kullanilmak tizere 0zel bir mimari
birim gelistirilmigtir; bu birim, optimum senaryoya kiyasla sadece ortalama %0.15
gecikme ile calismaktadir. Ozel tasarlanmig sistolik dizi mimarimiz, cesitli filtre
boyutlarini destekleyerek yeniden yapilandirilabilirlige ek bir katman eklemekte-
dir. Mimarimiz, tamamen yeniden yapilandirilabilir tasarimlara kiyasla %39 daha
az alan ve %35 daha az gli¢ gerektirmektedir. Ayrica, yeniden yapilandirilamayan
mimarilere kiyasla ortalama %33 daha iyi performans saglamaktadir. Verim-
lilik agisindan, tamamen yeniden yapilandirilabilir tasarimlara gore %7’lik bir
artig saglamakta ve yeniden yapilandirilamayan secenekleri 3.57 kata kadar daha
yiksek verimlilikle geride birakmaktadir.

Anahtar sézcikler: CNN hizlandirici, veri akisi, yeniden yapilandirilabilirlik.
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Chapter 1

Introduction

Convolutional Neural Networks (CNNs) are widely used in various applications
such as image and video recognition, object detection, and other visual data
processing tasks due to their ability to learn and extract features from raw data
automatically. Their effectiveness in capturing spatial hierarchies and patterns
makes them ideal for tasks requiring a high-level visual input understanding.
The growing demand for real-time processing in these applications has led to
significant interest in developing hardware accelerators specifically designed to
optimize CNN performance, addressing the need for faster, more power-efficient

implementations to handle modern neural networks’ computational demands.

CNN accelerators are specialized hardware architectures that significantly
enhance the performance and efficiency of CNNs, particularly in resource-
constrained environments. These accelerators, often implemented on platforms
such as FPGAs, ASICs, and GPUs, optimize CNN operations by leveraging
different techniques, including dataflow optimization, quantization, and spar-
sity. Dataflow accelerators use customized dataflows to maximize data reuse and
minimize memory access, achieving high energy efficiency and throughput [1].
Quantization-focused accelerators reduce computational complexity by convert-
ing weights and activations to lower-precision formats, thereby speeding up in-

ference while maintaining accuracy [2|. Sparsity-based accelerators exploit the



inherent sparsity in neural networks by skipping zero-valued computations, signif-
icantly reducing both computational load and memory usage [3]. These categories
of accelerators address the growing demand for high-performance, low-power so-
lutions, enabling advanced CNN models to be deployed effectively in real-world

applications.

Dataflow architectures in CNN accelerators are essential for optimizing per-
formance and energy efficiency by defining how data is processed and moved
through the system. Fully reconfigurable dataflow architectures offer flexibility
by dynamically adapting to various dataflow patterns based on the specific needs
of each layer [1, 4]. This adaptability allows these architectures to efficiently
handle different dataflow options without hardware modifications, optimizing re-
source utilization and minimizing memory access. In contrast, non-reconfigurable
dataflow architectures are fixed to a specific dataflow pattern [5, 6, 7]. These ar-
chitectures, while simpler, are limited to the particular dataflow patterns they

support, which can constrain their versatility across various CNN workloads.

The fully reconfigurable architecture’s flexibility allows a single accelerator to
support multiple dataflow options without hardware changes, enhancing versatil-
ity and utilization. However, the complexity of reconfigurable systems can lead
to increased design and operational overhead, potentially impacting performance
if not managed effectively. On the other hand, non-reconfigurable architectures,
such as those optimized for a single dataflow pattern, provide simpler design and
implementation with lower overhead. These systems can achieve high efficiency
for specific tasks but lack the adaptability to handle diverse convolution opera-
tions, which may limit their overall utility. This thesis presents a new approach
involving intermediate reconfigurability that combines some of the dataflow pat-
terns. This architecture balances flexibility and efficiency by offering a compro-
mise between fully reconfigurable and non-reconfigurable designs. Exploring the
intermediate reconfigurability of dataflows could provide a solution that leverages
the strengths of both approaches, offering improved adaptability and performance
for a range of CNN applications.



Therefore, we propose an intermediate dataflow reconfigurable CNN accelera-
tor, which is a systolic-array-based architecture to accelerate convolution layers

in CNNs. Our key contributions are as follows:

e We comprehensively analyzed exploitable dataflow dimensions, identifying
the most suitable CNN parameters for each dataflow option in processing
these CNNs. This enabled us to search for the optimal combination of

dataflows.

e We developed a systolic array architecture that supports intermediate re-
configurable dataflows. Our exploitable dimension analysis guided the se-
lection of dataflows, and the systolic array’s Processing Elements (PEs) are

tailored to the chosen dataflow combinations.

e Cooperation of systolic arrays is done with Collector Units. These units are
designed to work with various kernel sizes without losing efficiency. They

provide another type of reconfigurability on top of dataflow.

e The Dataflow Selection Unit, integrated within the convolution engine, dy-
namically selects the optimal dataflow for convolution tasks. A selection

algorithm is proposed to facilitate this on-the-fly dataflow selection.

In the rest of this thesis, we first discuss the background and the related
work in Chapters 2 and 3, respectively. We then provide a detailed analysis
of dataflow and reconfigurability in Chapter 4. Chapter 5 covers the proposed
architecture’s design and implementation. Our experimental setup is provided in
Chapter 6, while Chapter 7 presents our experimental results. We finally conclude
in Chapter 8.



Chapter 2

Background

2.1 Convolutional Neural Networks

CNNs are a class of deep learning models that have revolutionized the field of
computer vision and have applications in various domains, such as image and
video recognition, natural language processing, and autonomous driving. Unlike
traditional neural networks, CNNs are specifically designed to process data with a
grid-like topology, such as images, by exploiting spatial hierarchies. The founda-
tional idea behind CNNs is the convolution operation, which allows the model to
automatically and adaptively learn spatial hierarchies and extract features from

raw input images.

CNNs have shown remarkable success in various benchmarks and real-world
applications due to their ability to learn directly from data without requiring
manual feature extraction. This capability has led to their widespread adoption
and continuous development in both academic research and industry applications.
A typical CNN architecture consists of several layers: convolutional, pooling, and
fully connected. These layers work together to progressively transform the input

data into features that can be used for classification or regression tasks.



e Convolutional Layers: These layers apply the convolution operation to
the input data, producing feature maps. Each convolutional layer is defined
by the number of filters it uses, the size of these filters, the stride, and the
padding.

e Pooling Layers: These layers perform a down-sampling operation on the
feature maps produced by the convolutional layers. Pooling helps reduce
the spatial dimensions of the feature maps, thereby decreasing the compu-
tational load and aiding in extracting dominant features. Common types

of pooling include max pooling and average pooling.

e Fully Connected Layers: These layers are similar to traditional neural
network layers where each neuron is connected to the previous layer’s neu-
rons. They combine the features extracted by the convolutional and pooling

layers to make final predictions.

The convolution operation is central to the functioning of CNNs. It involves
sliding a filter (also known as a kernel) over the input data to produce a feature
map. The filter is a small matrix of weights applied to a local region of the input

data. Mathematically, the convolution operation can be expressed as:
(Ix K)(i,5) =Y Y I(i+m,j+n) x K(m,n), (2.1)

where I is the input matrix (e.g., an image), K is the kernel, and (i,j) are the
coordinates of the current position of the kernel on the input matrix. The sums

are taken over the dimensions of the kernel.



Convolution can be performed on 1D, 2D, and 3D matrices. In 3D convo-
lutions, the additional dimension is often called the channel, which allows the
network to process color images with multiple channels (e.g., RGB) or volumet-

ric data. Its illustration on a 2D matrix is given in Figure 2.1.

O I T B O IR P
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ololol1 110 . 110 1. 112433
olofo |1 [t o ------ * 010 — 1123 |4]n
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o|1|1]o]oflo]o 3|3|1]1]o0
1{1]o0flo]o|o]o

I K I*K
Figure 2.1: Convolution operation on 2D matrix.

The convolution operation in CNNs exhibits several fundamental properties
that make it particularly effective for tasks involving spatial data. First, local
connectivity ensures that each neuron in a convolutional layer is connected only
to a local input region. This allows the network to learn spatial hierarchies and
patterns, such as edges and textures in earlier layers and more complex structures
in deeper layers. Second, parameter sharing uses the same set of weights (the
kernel) across different spatial locations of the input, significantly reducing the
number of parameters and enabling the network to learn translation-invariant
features to recognize objects regardless of their position in the input image. Third,
the stride and padding properties control the movement and spatial dimensions
of the kernel over the input matrix; larger strides reduce the output dimensions
and computational complexity, while padding adds extra pixels (usually zeros)
around the border of the input to preserve spatial dimensions and allow the
kernel to cover border regions. Finally, after the convolution operation, a non-
linear activation function (such as ReLU [8], sigmoid [9], or tanh [10]) is typically
applied to the feature map, enabling the network to learn complex, non-linear

representations of the input data.



The convolution operation can be broken down into several steps:

e Kernel Initialization: The kernels in the convolutional layers are initially
assigned random values. These kernels are small matrices (e.g., 3 x 3 or

5 x 5) and can be considered feature detectors.

e Sliding the Kernel: The kernel slides over the input matrix from left to
right, top to bottom, applying the dot product between the kernel and local

patches of the input matrix.

e Generating the Feature Map: The result of each dot product operation
is a single value in the output feature map. This process is repeated for
every kernel position on the input matrix, generating a complete feature

map highlighting the presence of the features detected by the kernel.

e Applying Non-linearity: After generating the feature map, a non-linear
activation function is applied to introduce non-linearities into the model,

enabling it to learn more complex patterns.

In the context of a convolutional neural network, bias is an additional param-
eter used in the convolution operation. The purpose of the bias term is to allow
the activation of the convolutional layer to be shifted by a particular value, which
helps in better modeling the data and adds flexibility to the model. Formally, if
K represents the kernel weights and b represents the bias, then the convolution

operation can be expressed as:

(I K)(i,j) =Y I(i+m,j+n)x K(m,n)+b. (2.2)

The bias term b is added to every element of the resulting feature map after
the convolution with the kernel K. It can help the model learn better by shifting

the activation function.

Stride refers to the number of pixels by which the kernel moves (or ”strides”)
across the input feature map during the convolution operation. The stride de-

termines how much the kernel shifts at each step and thus affects the spatial

7



dimensions of the output feature map. The stride is denoted as s and can be
represented as s, for horizontal and s, vertical movements, respectively. If the
stride is s, the kernel’s position on the input feature map moves by s pixels at

each step.

For example, if the stride is 1, the kernel moves one pixel at a time, producing
an output larger than a stride of 2, where the kernel moves two pixels at a time.

The dimensions of the output feature map can be calculated as follows:

1 idth — K '
Output width — nput width - ernel width 1 (2.3)
Stride
Input height — K [ height
Output height = il , > +1 (2.4)
Stride

, where:

e |.| denotes the floor operation, which rounds down to the nearest integer.

Input width and height are the dimensions of the input feature map.

Kernel width and height are the dimensions of the kernel.

Stride is the step size for moving the kernel across the input feature map.

So, the bias allows for shifting the activation function, giving the model more
flexibility. At the same time, the stride controls the movement of the kernel across

the input, affecting the size of the output feature map.

The convolution operation generally enables CNNs to automatically and adap-
tively learn relevant features from the input data. The network typically learns
low-level features such as edges, corners, and textures in the initial layers. As
the depth of the network increases, the layers learn more abstract and high-level
features, such as shapes, objects, and scenes. This hierarchical feature extraction

is crucial for the success of CNNs in various computer vision tasks.

8



2.2 Toeplitz Matrices and Convolution

Toeplitz matrices and convolution are fundamental concepts in various fields, such
as signal processing, systems theory, and applied mathematics. Their interplay
is particularly significant in linear systems and digital signal processing, where

they provide efficient computational frameworks for a wide range of applications.

A Toeplitz matrix, named after the German mathematician Otto Toeplitz
[11], is a matrix in which each descending diagonal from left to right is constant.

Formally, an n x n Toeplitz matrix 7T is defined as:

s £ oty |
ot £ 1., N
T=1|t t to... tn_g (2.5)
_tn—l tn—2 tn—?; tO ]

Each element ?;; in the matrix is determined by ¢,; = ¢,_;. This structure leads
to the unique property that its first row and first column entirely determine a

Toeplitz matrix.

Toeplitz matrices are crucial in various computational problems due to their
structured nature, allowing for efficient matrix-vector multiplication algorithms
and linear system solving. This efficiency is paramount in large-scale applications

like image processing and time series analysis.

The relationship between Toeplitz matrices and convolution arises because
the convolution operation can be represented as a matrix-vector multiplication
involving a Toeplitz-like matrix. Specifically, if we denote the convolution of a
signal = with a kernel h as y=xz*h, this operation can be written in matrix form
as:

y=T(x)h, (2.6)



where T'(x) is a Toeplitz matrix constructed from the sequence z. The matrix
T'(x) encapsulates the convolution operation, with its structure ensuring that the
convolution can be performed efficiently, especially for large-scale problems. An

illustration is given in Figure 2.2.

h Yy

}
oy
1N

Figure 2.2: Convolution operation as matrix multiplication.

Xl
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2.3 Systolic Arrays and Dataflows

2.3.1 Systolic Arrays

Systolic arrays are a class of parallel computing architectures designed for high-
throughput data processing. They consist of PEs that rhythmically compute and
pass data through the system. The term ”systolic” derives from how data flows

through the array, akin to blood pulsing through the body.

The key characteristics of systolic arrays include the following:

e Regular and Repetitive Structure: Systolic arrays comprise a grid of
identical PEs, each performing simple operations. This regular structure

allows for efficient hardware implementation.

e Local Communication: Each PE communicates only with its immedi-
ate neighbors, minimizing the need for complex and power-hungry global

interconnects.

e Data Pipelining: Data flows in a pipelined fashion through the array,

enabling high throughput and efficient utilization of hardware resources.

Systolic arrays are particularly well-suited for tasks that require repetitive and
regular computations, such as matrix multiplication, convolution operations in

neural networks, and digital signal processing.

2.3.2 Dataflows in Systolic Arrays

The efficiency of systolic arrays is heavily influenced by the dataflow patterns used
to move data through the array. Different dataflow strategies can be employed
to optimize performance, memory usage, and power consumption. The three
primary dataflow patterns are Input Stationary (IS), Weight Stationary (WS),
and Output Stationary (OS).

11



2.3.2.1 Input Stationary (IS):

In the IS dataflow, input data elements remain stationary within the PEs while
weights and partial sums (psum) are moved through the array. This approach
reduces the need to repeatedly access input data from memory, thereby saving
memory bandwidth and energy. It is particularly effective when the input data
is reused multiple times across different operations, as is common in CNNs. The

illustration for IS is given in Figure 2.3.

Weights

Psum Psum

v A
06 @@%@@ @@

Iy I

Figure 2.3: Dataflow of IS on PEs. Psum indicates partial sums, while /; indicates
the input.

e Advantage: Reduces memory access for input data, suitable when input

datas are reused.

e Disadvantage: Requires efficient weight and partial sum movement man-

agement.

2.3.2.2 Weight Stationary (WS):

In the WS dataflow, weights remain fixed within the PEs while input data and
partial sums flow through the array. This method minimizes the overhead of
repeatedly fetching weights from memory, which can be beneficial when weights
are reused across multiple input data elements. Figure 2.4 shows the detailed

computational flow for WS.

12



Inputs
Psum Psum

VA v \’ v A
XO| || |®® ®®

Figure 2.4: Dataflow of WS on PEs. Psum indicates partial sums, while W;
indicates the weight.

e Advantage: Reduces memory access for weights, advantageous when

weights are reused.

e Disadvantage: May require more complex management of input data and

partial sums.

2.3.2.3 Output Stationary (OS):

In the OS dataflow, partial sums (intermediate results) remain stationary within
the PEs until the final result is computed. Input and weights flow through the
array to update these partial sums. This approach is beneficial for applications
where partial sums are frequently updated, as it minimizes the movement of

intermediate results. The details of OS execution are given in Figure 2.5.

Weights
Inputs | Inputs

Yv v v
| BB |®®| |(O®

o |

Figure 2.5: Dataflow of OS on PEs. P; denotes partial sum.

e Advantage: Reduces memory access for partial sums, suitable for opera-

tions with frequent updates.

e Disadvantage: Requires efficient input data handling and weight move-

ment.
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Each dataflow pattern offers unique trade-offs regarding computational effi-
ciency, memory bandwidth, and energy consumption. The choice of dataflow
depends on the specific characteristics of the application and the target hardware
architecture. Figure 2.6 shows different implementations of these dataflows on a
systolic array. In IS and WS, either input or weight is stored in PEs, while in

OS, accumulation is stored in PEs. Depending on dataflow, PEs store different

data.
A2 D2 f‘s
A T, A
A1 B1C12 A1 B1C123 A1 B1C12
D1|E1|F1 S D1 E1 F1 )3 D1/E1|F1 5
G1/H1 11 G1|H1|11 F G1H1 11

Filters

] . .
H - [~

urany

Input Stationary Weight Stationary Output Stationary

time

Figure 2.6: Different dataflows on a Systolic Array.

In IS, inputs are stored in PEs, and kernel weights are fed vertically to PEs.
Multiplication is computed and transferred horizontally in each cycle. In WS,
the structure is similar. The only difference is that weights are stored in PEs,
and inputs are fed to PEs. In OS, accumulation is not transferred. It is stored

in PEs. Inputs are fed horizontally, and weights are fed vertically.
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2.3.3 Applications of Systolic Arrays and Dataflows

Systolic arrays and the associated dataflow patterns are widely used in high-
performance computing applications. In particular, they are integral to accel-
erating machine learning and artificial intelligence workloads, enabling efficient
implementation of deep learning models. Based on the characteristic discussed
earlier in Sections 2.1 and 2.2, convolution is a very suitable operation for systolic
arrays due to its repetitive and regular computational patterns, which align well

with the structure and dataflow capabilities of systolic architectures.
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Chapter 3

Related Work

The increasing demand for faster and more energy-efficient implementations of
deep learning applications has sparked significant research and development into
various methods to tackle this challenge. This has driven researchers and engi-
neers to innovate and optimize hardware designs to meet modern deep learning
tasks’ performance and energy efficiency requirements. This section highlights
some notable contributions in this field. Initially, some pioneering works are dis-
cussed. Subsequently, accelerators that prioritize different dataflow options are
explored. A discussion on reconfigurable architectures follows this. Next, archi-
tectures focusing on quantization and sparsity are examined. Then, approaches
utilizing specialized memories are mentioned. Finally, a discussion regarding our

contribution is made.

In 1989, Treleaven and colleagues started the efforts on custom VLSI archi-
tectures for neural networks [12]. Later in 1992, Asanovic and his team created
a microprocessor for artificial neural networks called SPERT [13], and they im-
proved it in later years [14, 15]. More recently, systolic array-based accelerators
have replaced coprocessors and specialized processors. This trend grew after
Chen T. and his team developed the DianNao architecture family [5, 6, 16, 17].
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Since then, new methods have focused on essential concepts such as dataflow-
reconfigurability, quantization, and sparsity. Given the diverse nature of accel-
erator designs, Table 3.1 divides these efforts into categories in two dimensions.
The first dimension is about optimization used in the design. The optimization
approaches explored in the literature include dataflow, quantization, and sparsity.
Since quantization and sparsity are highly related to the model’s training, the fo-
cus turns to other strategies, like quantization-aware training for quantization
and activation function selection for sparsity. Therefore, architecture becomes
more model-specific. On the other hand, dataflow optimizations are closer to
hardware design, leading to more development in this area. The second dimen-
sion is about the reconfigurability of the implementation. Our approach falls into

the Reconfigurable-Dataflow category in the top left corner.

Optimization\Dynamicality Reconfigurable Non-Reconfigurable
FlexFlow [4], NeuFlow [18] )
Dataflow Origami [19], Eyeriss v2 [20], ShiDianNao [6], nn-X [23],

MAERI [21], AdaptFlow [22] | SCNN [24], INCA [25], UCNN [26]

Quantization BitFusion [27], Stripes [28], UCNN |[26], YodaNN [32],
UNPU [29], Loom [30], DRQ [31] OLAccel [33]
Sparsity Eyeriss [1], BIE [3], SCNN [24],Cnvlutin [35]

Cambricon-X [34]

Table 3.1: Categorization of related efforts. They are categorized in two dimen-
sions: optimization and reconfigurability.

Reconfigurability represents an innovative approach to empowering hardware
systems to adapt to various data reuse patterns as the need arises. These archi-
tectures manage some design choices on-the-fly. Non-reconfigurable architectures
refer to pre-defined and implemented optimizations. Most literature uses three
optimization techniques: dataflow, quantization, and sparsity. Reconfigurable
dataflow works focus on using different dataflows depending on convolution pa-
rameters, while non-reconfigurable cases try to select the best dataflow for their
architecture. In quantization, reconfigurable works aimed to work with varying
bit widths in the same architecture. On the other hand, non-reconfigurable ones
define the best possible bitwidth to quantize. Similarly, reconfigurable sparsity
focuses on on-the-fly compression of sparse data, while non-reconfigurable case

adapts a compression algorithm through the architecture.
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Regarding dataflow, each architectural design pursues the optimization of data
reuse in convolution operations, aiming to reduce the need for memory transfers.
This optimization is achieved through three distinct forms of reuse: input feature
map reuse, convolutional reuse, and filter reuse, each corresponding to specific
approaches. These primary approaches include IS, WS, and OS dataflows. In
IS dataflow, input feature maps are stored locally within PEs, while weights are
shared across PEs. For example, SCNN [24] focuses on accelerating convolution
with sparse inputs, showing speedups above 17% sparsity. INCA [25], another
IS dataflow accelerator, focuses on the processing in memory (PIM) approach
to reach inputs faster. WS dataflow involves storing filter weights in PEs while
input values are distributed across PEs. nn-X [23] operates as a low-power co-
processor, achieving 227 Giga Operations Per Second (GOPS) with less than 4W
power consumption. In OS dataflow, PEs store partial sums instead of weight
data, eliminating the need for an accumulation tree, as seen in WS dataflows. Ac-
celerators adhering to this paradigm can effectively leverage convolutional reuse.
ShiDianNao [6] directly acquires input data from sensors, thus avoiding DRAM
reads. It employs a similar Neural Functional Unit (NFU) architecture as in Di-
anNao, enhancing performance through inter-PE communication and improving
energy efficiency by up to 60x. UCNN [26] introduces factorization and memoiza-
tion techniques to expedite the computation of repetitive weight results, thereby
addressing sparsity issues. Gupta et al. [7] also adopt OS dataflow, focusing
on energy-efficient design and utilizing low-precision fixed-point arithmetic with
stochastic rounding. Considering all dataflow techniques, each has its advantages
and disadvantages. Different layers within neural networks may be more suited
to specific dataflow approaches. Research conducted by Hyonkjun Kwon and
Xianhong Hu explores the behavior of various dataflows, shedding light on their

relative performance characteristics [36, 37].

In addition to the mentioned dataflows, Chen Yu-Hsin and his colleagues
have developed a novel reconfigurable accelerator with a unique row-stationary
dataflow, as seen in Eyeriss [1] and Eyeriss v2 [20]. In this approach, input data
is distributed diagonally, filter weights are distributed horizontally, and output

values are collected diagonally using 1D convolutions. It stands out in terms
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of efficiency, aiming to minimize idle PEs across various convolution operations.
One of the other noteworthy examples in this regard is FlexFlow [4]. FlexFlow in-
troduces a complementary parallelism technique and determines loop parameters
through a utilization function. This function tailors the data to the specific char-
acteristics of a convolutional layer and utilizes a 2D mesh topology. On the other
hand, MAERI [21] employs a specialized tree topology known as the augmented
reduction tree. This approach mitigates the issues of excessive area occupation
and power inefficiency often associated with crossbar or mesh topologies. The
flexible interconnect in MAERI enables it to support various layer types such
as LSTM, pooling, fully connected, and convolution. Another example, Adapt-
Flow [22], features a flexible interconnect, a dataflow selection algorithm, and a
dataflow mapping technique, collectively improving performance and energy ef-
ficiency. NeuFlow [18] is optimized for computer vision tasks like optical flow,
showcasing real-time performance and efficiency. Origami [19] exemplifies WS
architecture focusing on scalability and adaptability to larger and smaller archi-
tectures. However, considering all reconfigurable architectures, it is essential to
note that the downside of reconfigurability is the overhead incurred when re-
configuring the system for each layer operation. While beneficial for adapting to
different reuse patterns, this additional step introduces a computational cost that

must be carefully managed.

Quantization and variable bit-width computation are essential concepts in neu-
ral network design. Variable bit-width computation allows for different precision
levels in neural network layers, enhancing accuracy in critical layers. Bitfusion [27]
uses decomposed multiplication, supporting 8, 4, and 2-bit precisions. Stripes [28§]
employs bit-serial multiplication, allowing real-time tradeoffs between latency and
accuracy. UNPU [29] and Loom [30] also use spatio-temporal and fully tempo-
ral designs, respectively, for variable bit-width computation. However, in such
approaches, high precision can increase latency. YodaNN [32] focuses on binary
neural network acceleration, eliminating the need for multiplication units and
benefiting from channel tiling. DRQ [31] and OLAccel [33] propose techniques
for handling quantization sensitivity. DRQ adjusts precision dynamically for sen-

sitive regions, while OLAccel includes specialized PEs for outlier values.
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Sparse accelerators are essential since some activation functions, like ReLLU in
neural networks, create sparse activations. This sparseness increases as activa-
tions get closer to the last layers. Besides activations, sparse weights can also be
present. Pruning can be used to create these sparse networks in deep learning
applications. To exploit sparseness, several designs are proposed from a hard-
ware point of view. Generally, sparse designs aim to compress data using various
compression methods like Compressed Sparse Row (CSR), Compressed Sparse
Column (CSC), Compressed Image Size (CIS), and Run Length Coding (RLC).
Cnvlutin [35] eliminates computations with zero activations, while Cambricon-
X [34] skips multiplications with zero weights. SCNN [24] uses a tiled approach
with compressed sparse formats for both activations and weights, and EIE [3]

broadcasts non-zero values to all PEs for multiplication.

Other accelerators try to look at the problem from different aspects.
TETRIS [38] and PRIME [39] aims to reduce memory transfer overhead by
performing computations near or within memory. TETRIS uses a 3D Hybrid
Memory Cube (HMC) for in-memory processing and PRIME employs the PIM
technique with Resistive RAM (ReRAM) for computation and storage. SC-
DCNN [40] uses stochastic computing for convolution operations, mapping data
range [-1,1] and utilizing basic logic operations for multiplication and addition,
offering power and area savings at some accuracy cost. ESCALATE [41] uses
kernel decomposition to filter weights, reducing computation in convolution and

enabling more prunable computation schemes.

In addition to all these efforts, we propose a custom accelerator in reconfig-
urable dataflow category. Previously proposed approaches in this category focus
on either applying one dataflow or making a reconfigurable accelerator to apply
these dataflows. However, intermediate reconfigurability is overlooked in such
approaches. Therefore, we concentrated on intermediate reconfigurability and
analyzed architecture overheads for different configurations. Our main contribu-
tion is to exploit reconfigurability in dataflow and propose a custom hardware
with a detailed exploitable dimension analysis. We implemented a dataflow se-
lection unit in the convolution engine. Furthermore, we proposed and verified

that combining two dataflows is enough to provide efficiency and performance.
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Chapter 4

Dataflow and Reconfigurability
Analysis

4.1 Dataflow Analysis

CNN accelerators generally exploit data reuse in one of the dataflow forms: IS,
WS, or OS. As mentioned in the literature review, most previous designs adopt OS
and WS dataflow since IS performs poorly in the proposed hardware topologies.
However, our analysis show that a custom hardware accelerator can benefit from

IS if designed accordingly.

Algorithmically, a convolution operation consists of 7 nested loops for 3D con-
volution, where each loop is responsible for a dimension. The number of loops
changes for 1D or 2D cases, but computer vision tasks generally deal with 3D
images where the third dimension is the channel. Table 4.1 gives possible param-
eters used in different dataflows. These loops can be reordered, and each dataflow
offers a different ordering. Since outer loops are reached at long intervals, they are
considered stationary. As also mentioned in the Background section, dataflows
have various stationary parts, and these stationary parts correspond to outer

loops in that specific ordering. An accelerator tries to parallelize the inner loops
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and reuse the outer loops as much as possible. Selecting an outer loop is not ideal,
as there can be a convolution operation with various parameters. Algorithms 1,
2, and 3 show loop orderings for IS, WS, and OS dataflows, respectively. Some

layers are suitable for exploitation with parallel computing. Red boxes indicate

a stationary section, and blue boxes represent a parallelizable section.

Batch Number (BN)

Number of inputs for one inference

Input Channel (IC)

Depth of input matrix

Input Height (IH)

Height of input matrix

Input Weight (IW)

Width of input matrix

Kernel Number (KN)

Number of kernels to be applied

Kernel Channel (KC)

Depth of kernel matrix (must be same with IC)

Kernel Height (KH)

Height of kernel matrix

Kernel Width (KW)

Width of kernel matrix

Output Channel (OC)

Depth of output matrix (must be same with KN)

Output Height (OH)

Height of output matrix

Output Width (OW)

Width of output matrix

Table 4.1: Possible parameters used in different dataflows in convolution.

IS

for bn € batch do
for ic € input channel do
for ih € input height do

for iw € input width do

for kn € kernel number do
for kh € kernel height do
for kw € kernel width do

output[bn][kn][(ih-kh)//stride][(iw-kw)/ /stride] +=weights[kn][ic][kh][kw]*inp[bn][ic][ih][iw]

Algorithm 1: Loop ordering of convolution operation for IS dataflow.

WS

for bn € batch do
for kn € kernel number do

for kc € kernel channel do
for kh € kernel height do
for kw € kernel width do

for oh € output height do
for ow € output width do

output[bn][kn][oh][ow]+=weights[kn][kc]|[kh][kw]*inp[bn] [kc] [stride*oh+kh][stride*ow—+kw]

Algorithm 2: Loop ordering of convolution operation for WS dataflow.
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OS

for bn € batch do

for oc € output channel do

for oh € output height do

for ow € output width do

for kc € kernel channel do
for kh € kernel height do
for kw € kernel width do
output|bn][oc][oh][ow]+=weights|oc][kec][kh][kw]*inp[bn][kc][stride*oh+kh][stride*ow-+kw]

Algorithm 3: Loop ordering of convolution operation for OS dataflow.

Selecting which dataflow to use is one of the main concerns in accelerator de-
sign. From this algorithmic perspective, it can be seen that OS can be used to
parallelize computations where some kernel dimensions change. Similarly, WS
may be suitable for large iterations related to output dimensions and can reduce
computing time over kernel dimensions. In other words, each dataflow exploits
convolutional dimensions in their corresponding inner loops. Exploitable dimen-

sions of dataflows are represented in Table 4.2.

Dataflow Reconfigurability
IS Output Channel, Kernel Height, Kernel Width
WS Output Height, Output Width
0OS Kernel Channel, Kernel Height, Kernel Width

Table 4.2: Exploitable dimensions for different dataflow techniques. Note that
they are inner loop dimensions in the corresponding algorithms.

To clarify Table 4.2, it is best to use;

e OS if input with a large channel size is convolved with large filters because
the parallelizable part in the OS algorithm involves dimensions related to

kernels.

e WS if the resulting output height and width are large because the paral-
lelizable part in the WS algorithm involves dimensions of output height and
width.

e IS if several filters are to be applied and filter sizes are large because the
parallelizable part in IS dataflow involves dimensions of kernel height, kernel

width, and number of kernels.
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4.2 Reconfigurability Analysis

A designer can merge different dataflows to not stick with one dataflow only.
Reconfiguration can be implemented to decide the dataflow on the fly. In our
case, the accelerator takes convolution parameters as inputs, and a deciding unit
selects one option best suited to the given parameters. Then, the convolution
operation is performed with this selected dataflow since different convolutions

demand different dataflows to be applied.

Reconfigurable architectures come with the advantage of flexibility, where dif-
ferent configurations can be used on the same hardware. In our hardware archi-
tecture, different dataflows can be applied for different convolutions in the same
accelerator. However, the overhead of area and power is inevitable. Because
hardware should be capable of working with all dataflows, the accelerator must
include all the necessary units, even if they are not used. Some parts of the
hardware will be idle for a convolution operation. For example, when working
with large input sizes, the accelerator selects WS dataflow as a suitable approach
for the required computation. Still, some specific units will be idle during that
computation, which is only related to IS. So, the overhead of combining similar

dataflows will be lower than combining very different structures.

4.2.1 Toeplitz Matrices and Similarity of WS 4 IS

Based on precvious discussion in the Background section, convolution can be
represented as matrix multiplication of Toeplitz matrices. As shown in Figure
2.6, WS and IS share similar structures: either inputs or weights are stored in
PEs, while the other is obtained from a matrix. Swapping the roles of inputs
and weights makes it easy to switch between WS and IS. The critical difference
between WS and IS lies in handling inputs and weights, allowing easy combination
by choosing which matrix to store or feed. However, this approach does not apply

to OS, which requires both inputs and weights simultaneously for computation.
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Partial sums in WS and IS move along the systolic array, updating the result
without additional memory. In contrast, OS generates results in PEs, requiring
an extra accumulator rather than a simple register, unlike WS and IS, where
stationary data is kept in registers without accumulation. Thus, OS necessitates
an additional unit for all PEs. While this is a trade-off, it highlights that WS

and IS are similar unlike OS.

4.2.2 Combining Exploitable Dimensions

In Section 4.1, Table 4.2 shows exploitable dimensions. If we examine them, it can
be seen that OS and IS have same two dimensions to exploit. Since output height
and width dimensions are only exploitable in WS, it would be wise to use WS. On
the other hand, combining both OS and IS may not be worthwhile since two of
the dimensions are same. Besides, OS is not similar to WS or IS in terms of their
similarity, as discussed in the previous section. So, adding extra accumulators to
every PE in return for exploiting only the kernel channel dimension may not be
a good design choice. By leaving OS out of our dataflow options, we can exploit
6/7 of the dimensions, requiring only minor adjustments to combine WS and IS.
Based on these observations, if we want to design a reconfigurable architecture,

combining WS and IS may not be as costly as combining WS or IS with OS.
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Chapter 5

Accelerator Architecture

The high-level architecture of our accelerator is illustrated in Figure 5.1. This
architecture comprises a convolution engine, memory blocks, buffers, Collector
Units, and PE arrays as core components. Initially, we will discuss the hardware’s
workflow and the finite state machine (FSM). Subsequently, the architectural

components will be examined, focusing on their reconfigurability.

Convolution Engine
g Input Weight Output
( Dataflow ] Memory Memory Memory
Selection Unit
1 1 |
Optional Units |—{ Input Buffer ||—{ Weight Buffer | Output Buffer |
] ] L A
Stride Controller I 1
Bias Controller [ 1 [ |
PE Array PE Array PE Array
Synchronization PIE—PIE F'IE'_'PIE pIE—pIE
Unit (FSM Driver) i el e PE—pE
Collector Collector Collector
L | |

Figure 5.1: High-level architecture of the accelerator.
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As discussed in Sections 2 and 4, reconfigurability comes with overheads due
to the extra hardware needed for executing different dataflows. Moreover, it is
analyzed that combining WS and IS might be more efficient in hardware com-
pared to any other combination involving OS. So, our proposed architecture has
reconfigurability of WSWIS. The similarity between these dataflows is a critical as-
pect of the architectural design. However, other reconfigurable architectures will
also be implemented and evaluated for comparison, highlighting the additional
requirements necessary for integration. In addition to that, non-reconfigurable

(only IS, WS, or OS) options will also be evaluated.

The accelerator primarily takes convolution operation parameters as input,
computes the results, and stores them in the output memory. Inputs and weights
are stored in SRAMs using a Toeplitz matrix format, while the output SRAM
collects results in the standard format, not using the Toeplitz structure. The
Dataflow Selection Unit inside the convolution engine determines which dataflow
to apply based on the given convolution parameters. It is the place where dataflow
reconfigurability is handled. Stride and bias controllers are used in convolution
operations for different stride and bias options. The synchronization unit manages
communication between arrays and generates signals indicating where to retrieve
the results. The PE arrays consist of distinct systolic arrays connected by small
Collector Units that either collect results or pass the current accumulation to the
following PE array. Each PE array contains a mesh topology of k£ x 9 processing
elements, where k£ stands for the number of kernels processed simultaneously. A

detailed description of these units will be provided in the subsequent sections.

As discussed in previous sections, one of the critical concerns is selecting the
appropriate dataflow. A reconfigurable architecture has been designed to compute
using WS and IS dataflows. Other combinations of these dataflows have been
developed and will be compared in the experimental results section. It is crucial

to co-design the architecture and dataflow to achieve optimal performance.
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5.1 Workflow and FSM structure

Our accelerator operates using a finite state machine (FSM) model, as illustrated

in Figure 5.2. The FSM structure comprises three states: idle, load, and execute.

Convolution Finished X Array Blocks Loaded 4/

Execution
Finished X

Convolution
Finished

Array Blocks Loaded X

Execution Finished J

Figure 5.2: FSM of the architecture.

The idle state is used to synchronize PE arrays during the loading state. In
this state, a buffer fetches a portion of data from either the inputs or weights,
depending on the selected dataflow. Subsequently, one PE array is provided with
the input data during each cycle. The FSM alternates between the load and
idle states throughout this process. The idle state is also employed after the

computation has finished.

The load state loads stationary data into the PE registers. It begins by check-
ing the dataflow selection and determines how many PE arrays will be loaded.
Depending on the active PE arrays, stationary data is loaded sequentially using
the weight or input buffer during each cycle. For the WS dataflow, a portion of
the channels is handled during each execution. The cursor for the channel portion
is updated after every load state. If the last channel portion is reached, the ker-
nel cursor is updated, and the procedure continues until all kernels are processed.
For the IS dataflow, a portion of the spatial locations in the input are handled.
The cursor for the spatial location portion is updated after every load state. If
the last spatial location portion is reached, the channel cursor is updated, and

the procedure continues until all channels are traversed. The pseudo-code for the
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loading procedure for both WS and IS dataflows is provided in Algorithms 4 and
5, along with their corresponding traversals on input and weight matrices, which

are shown in Figures 5.3 and 5.4.

Load State - WS

repeat

if channel cursor # last channel then
Load Stationary Data
Update(channel cursor)
State < Execute

else if kernel cursor # last_kernel then
Load Stationary Data
Update(kernel cursor)
Update(channel cursor)
State < Execute

else
Finished

end if

until Convolution Finished

Algorithm 4: Load state of WS dataflow.

Continues until the last
channels are reached
for the last kernels

27 Y 27 >
et pt pt B!
\ : u

Figure 5.3: Load state of WS on matrices. Blue parts represent the input and
kernel parts currently used for convolution.

Channel iteration Same procedure for
for some kernels different kernels

Considering Algorithm 4 and Figure 5.3, channels are updated for both input
and a group of kernels as the first step. After reaching the last channel, different
kernels are selected. The channel updating procedure holds for these new kernels
as well. The convolution ends when all the channels are reached for the last group

of kernels.

29



Load State - IS

repeat

if spatial cursor # last location then
Load Stationary Data
Update(spatial cursor)
State < Execute

else if channel cursor # last channel then
Load Stationary Data
Update(channel cursor)
Update(spatial cursor)
State < Execute

else
Finished

end if

until Convolution Finished

Algorithm 5: Load state of IS dataflow.

Continues until the
last spatial location is
reached for the
last channels

/7N 7N N

pE ¢ o€ |
= = B

Spatial location iteration Same procedure for
for some channels different channels

5
€

Figure 5.4: Load state of IS on matrices. Blue parts represent the input and

kernel parts currently used for convolution.

Considering Algorithm 5 and Figure 5.4, spatial location in input is updated

as the first step. After reaching the last spatial location, different channels are

selected. All kernels are handled together, so there is no need to choose a distinct

group of kernels. The spatial location updating procedure holds for these new

channels as well. The convolution ends when the last spatial location in input is

reached for all the channels of input and kernels.
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The execute state is performed after the arrays are loaded with stationary
data, as illustrated in Figure 5.5. Colorful boxes represent PEs; the data above
are non-stationary data provided at each cycle. Each PE in the PE arrays carries
out multiplication and accumulating operations. During each cycle, new non-
stationary data is fetched, multiplied by the stationary data at the PE, and
accumulated with the result from the previous PE. For example, at cycle 3, the
last sum is collected with the new multiplication of k3 x ¢3. This execution is
performed on a portion of the stationary data. Once all the stationary data
has been processed with the help of the loading state, as discussed above, the

convolution operation is complete.

Input

i1 ]i2]i3]i4|i5 Filters

i6 |7 |i8 |9 i10 k1|k2[k3| [k1[k2[k3| [k1[k2[k3
i11/i12[i13/i14i15 k4 k5 k6| k4 |k5|k6| k4 |k5 K6
i16/i17/i18i19i20 k7 k8 ka| [k7|k8|ka| k7 |k8 ko

i21[i22i23 i24 i25

s
o
]

0 0 0 0 0o 0 0 0 0 0 0 0 0 0 0 0 k9
0 0 0 0 0o 0 0 0 0 0 0 0 0 0 k8 k9
0 0 0 0 0o 0 0 0 0 0 0 0 k7 k8 k9
0 0 0 0 0 0 0 0 0 0 0 ké k7 k8 O
0 0 0 0 0 O 0 0 0 0 k6 ké k7 O 0
0 0 0 0 0 0 0 0 0 kd k5 k6 O 0 0
0 0 0 0 0o 0 0 0 k3 k4 k5 O 0 0 0
0 0 0 0 0 0 0 k2 k3 k4 O 0 0 0 0
0 0 0 0 0 0 ki k2 k3 0 0 0 0 0 0
0 0 0 0 0 0 0 ki k2 0 0 0 0 0 0 0
0 0 0 0 0 0 0 ki 0 0 0 0 0 0 0 0
i1 i2 i3 —i6 —|i7 — i8 [-{i11—i12}-{i13
i2 i3 i4 i7 i8 i9 [(—i12[—i13—i14

i3 [ i4 [—i5 —i8 9 —i10—i13—i14 —i15

At cycle 3: At cycle 3:
4 i3 v k3
i1*k1 + i2*k2 i1"k1 +i2*k2 + i3*k3 i1"k1 + i2*k2—p i3 —»i1"k1 +i2*k2 + i3"k3

Figure 5.5: The execution details of convolution in WS and IS.
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5.2 Incorporating OS in the Accelerator

We have discussed the general workflow from the perspectives of WS and IS
dataflows due to the reconfigurability analysis in Section 4.2. Next, we examine
the necessary changes for implementing an OS-capable accelerator. Figure 5.6
shows the FSM of the OS-capable architecture. As can be seen, it requires an
additional store state because the result is accumulated within the PE. The results

are collected and stored in the output memory during the store state.

Convolution Finished

Convolution Finished X Array Blocks LoadedJ

Execution
Finished

Array Blocks Loaded X

Convolution
Stored

Convolution
Stored

Execution Finishede/

Convolution Stored J

Figure 5.6: FSM of the OS-capable architecture. Note that green part is original
FSM.

Algorithm 6 provides the respective pseudo-code for the load state. It traverses
along the input spatial locations. When the last portion of the spatial location is
reached, the kernel cursor is updated. Figure 5.7 shows its corresponding traversal

on input and weight matrices.
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Load State - OS

repeat

if spatial cursor # last location then
Update(spatial cursor)
State < Execute

else if kernel cursor # last kernel then
Update(kernel cursor)
Update(spatial cursor)
State < Execute

else
Finished

end if

until Convolution Finished

Algorithm 6: Load state of OS dataflow.

Continues until the
last spatial location is
reached for the
last kernels

7N 7N 7N
e GES ¢

Spatial location iteration Same procedure for
for some kernels different kernels

N

-

Figure 5.7: Load state of OS on matrices. Blue parts represent the input and
kernel parts currently used for convolution.

[]
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Considering Algorithm 6 and Figure 5.7, spatial location in input is updated
as the first step, using all the channels in that spatial location for a portion of
the kernels. After reaching the last spatial location, different kernels are selected.
The spatial location updating procedure holds for these new kernels as well. The
convolution ends when all the spatial location in the input is reached for the last

kernel portion.
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During the execution state, Toeplitz inputs are received from both directions,
as illustrated in Figure 5.8. The MAC operation is performed within each PE
without transferring the operation to other PEs. At cycle 3, the accumulator is

updated by adding k3 x i3 to the previous accumulation.

Input

i1 |23 i[5 Filters

i6 |i7 | i8 | i9 [i10 k1k2[k3| [k1[k2[k3] [k1[k2|k3
i11i12/i13}i14]i15 k4 |k5 k6| [k4|k5|k6| k4 K5|K6
i16]i17i18/i19i20 k7|k8|ko| [k7|k8|ko| k7 k8|ko
i21i22/i23/i24i25

0os

0 k9 k8 k7 k6 k5 k4 k3 k2 k1/6

k9 k8 k7 k6 k5 k4 k3 k2 k1'0 0

A Atcycle 3:

k3
i1°k1 +i2*k2 + i3*k3

i3

Figure 5.8: The execution steps of convolution in OS.

Transitioning to an OS paradigm for our accelerator involves significant
changes. Unlike WS and IS modes, where data synchronization and multiply-
accumulate (MAC) operations are tailored similarly, OS requires accumulating
results within each PE and storing them directly in output memory. This shift
necessitates modifying the FSM to include a dedicated store state for result col-

lection.
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5.3 PE Arrays and Collector Units

The centerpiece of our architecture is PE arrays, which are responsible for com-

putation. There are a total of 18 PE arrays in the architecture, each containing

its own k x 9 systolic arrays. Collector Units are special units that are responsible

for PE array connections. PE arrays and Collector Units are discussed together

since they are highly coupled and collaborate. Figure 5.9 shows a PE inside a

PE array and a Collector Unit. A 2D systolic array resides in the PE array.

PEs at the last column of the systolic array are connected to the Collector Unit.

Depending on the signal from the synchronization unit in the convolution engine,

the Collector Unit decides to continue the computation in the following PE array

or collect the results from this PE array.
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Figure 5.9: Details of PE array, PE, and Collector Unit.

The following section explains the reasons behind architectural parameters in

the design and clarifies how PE arrays and Collector Units operate together. We

examine PEs inside the PE arrays and discuss their internal structure. We also

explain the changes and additional requirements resulting from incorporating OS

in the architecture.
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5.4 PE Array and Collector Unit Design

5.4.1 PE Array Height and Width

Considering Figure 5.9, the height of the systolic array is defined according to
the need for a maximum number of kernels that are used in parallel. It helps
to perform convolution of a matrix with multiple kernels at the same time. In
this context, k in the array dimension of k x 9 is a variable that aims to exploit
different kernels. The effect of this variable is examined in the experimental

results section.

The width of the systolic array is set according to the minimum kernel size
of 9. It is the base number for array width because larger kernels can be stored
with multiples of 9. Due to the nature of convolution, as also discussed in the
Background section, the convolution of a point in an input matrix is computed
when the center of a kernel matrix resides on that point. So, the relationship
of the input matrix element with its neighbor elements is concerned. Since the
minimum kernel size, larger than 1 x 1 and has a center point, is 3 X 3, nine
is selected as systolic array width. The architecture can store elements of 3 x 3

kernels along a row of one PE array.

5.4.2 Number of PE Arrays

The number of PE arrays and Collector Units is determined according to the
maximum kernel size and utilization of PE arrays together. The PE array width
is set according to the minimum kernel size. The Collector Unit comes into
play when working with larger kernels. Connecting multiple PE arrays allows
the architecture to work with larger kernels. So, duplicate rows of different PE
arrays can be used together, in a sense, extending rows. This extension can be
done with the Collector Unit up to a point determined by the maximum kernel

size and utilization of PE arrays.
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An essential part of network design is selecting kernel sizes for convolution.
Investigating various CNN models like LeNet [42], AlexNet [43], VGGNet [44],
GoogleNet [45], ResNet [46], DenseNet [47] and EfficientNet [48]; there is not a
convolution with larger than 11 x 11 kernels. Moreover, mostly 3 x 3 kernels are
preferred because using smaller kernels consecutively rather than a larger one is
more efficient [46]. Therefore, there is a general tendency towards using smaller
kernels in network designs. Considering this trend, our accelerator’s maximum
kernel size is 11 x 11. It requires 121 elements to store, which 14 PE arrays can
handle since 14 PE arrays can store up to 14 x 9 = 126 elements in one row.
Next, we analyze the utilization of this base configuration and try to find the
sweet spot. Table 5.1 shows the utilization of the architecture by indicating how
many of the PEs are active considering different numbers of kernel sizes. Both
static and reconfigurable architectures can compute convolutions with 11 x 11
kernels. Therefore, the PE array number starts from 14. The static case refers
to the scenario where there is no extension, and the connections of the PE arrays
cannot be reconfigured. The reconfigurable case refers to the architecture in which
Collector Units are used. Kernel sizes are commonly used sizes in previously
mentioned CNNs. As discussed earlier, even-numbered kernel dimensions are not
used due to the lack of center points. From minimum 3 X 3 to maximum 11 x 11,

all kernels are inspected.

Considering Table 5.1, utilization is better in reconfigurable architecture com-
pared to static one as expected. Moreover, if we want a static architecture to
work with bigger kernels, we lose utilization in smaller kernels. In reconfigurable
architecture, the utilization drop is due to excess PEs and PE arrays. However,
there is not a specific pattern. For example, a 7 x 7 kernel has 49 elements; at
least 49 PE should be connected to accumulate the result. So, the architecture
uses 6 PE arrays to process one channel of 7 x 7 kernel with the help of Collec-
tor Units. One row of 6 PE arrays has 54 elements, enough for this kernel size.
Therefore, a group of 6 PE arrays are used for one channel. If the architecture
has 14 PE arrays, 2 of the PE arrays will be idle. Also, 49 of the 54 PEs in a
group will be used. 5 PEs in every 6 PE array groups will be idle.
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Number of PE Array \Kernel Size | 3x3 5x5 <7 9x9 | 11x11
14 Static 71% | 19.8% | 38.8% | 64.2% | 96%
Reconfigurable 100% | 79.3% | 77.7% | 64.2% | 96%
15 Static 6.6% | 18.5% | 36.3% | 60% | 89.6%
Reconfigurable 100% | 92.6% | 72.5% | 60% | 89.6%
16 Static 6.3% | 17.4% 34% | 56.3% | 84%
Reconfigurable 100% | 86.8% 68% | 56.3% | 84%
17 Static 5.9% | 16.3% 32% 52.9% 79%
Reconfigurable 100% | 81.7% | 64% | 52.9% | 79%
18 Static 5.6% | 15.4% | 30.2% 50% 74.7%
Reconfigurable 100% | 92.6% | 90.7% | 100% | 74.7%
19 Static 5.3% | 14.6% | 28.7% | 47.4% | 70.8%
Reconfigurable 100% | 87.7% | 86% | 94.7% | 70.8%
20 Static 5% 13.9% | 27.3% | 45% 67.3%
Reconfigurable 100% | 83.4% | 81.7% | 90% | 67.3%

Table 5.1: Utilization of static and reconfigurable architectures with different
numbers of PE arrays for different kernel sizes.

Considering these observations, the 18-PE array case is the best option. Uti-
lization is at least 90.7% for all kernel sizes except 11 x 11. Because 3 x 3 kernel
requires 1 PE array, 5 x 5 kernel requires 3 PE arrays, 7 x 7 kernel requires 6
PE arrays, and 9 x 9 kernel requires 9 PE arrays for processing one channel.
More specifically, all these required PE array numbers (1, 3, 6, 9) are divisors of
18 leading to high utilization. If we take 11 x 11 into account, it needs 14 PE
arrays, and the least common multiple of 1, 3, 6, 9, and 14 is 126. However, an
architecture with 126 PE arrays would be drastically inefficient. The Toeplitz
matrices for input and weight would require lots of zeros, leading to enormous
sizes for these matrices. Besides, it would consume high power due to its size.
Moreover, usage of 11 x 11 kernel is rare and encountered in older networks, as
mentioned in the previous section. Our trade-off analysis indicates that enlarging
the architecture in return for active PE utilization does not pay off. Therefore,

we opt to work with 18 PE arrays in the default configuration.
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5.4.3 Cooperation of PE Arrays and Collector Units

The cooperation of PE arrays and Collector Units provides a different form of re-
configurability on top of dataflow reconfigurability. The primary role of Collector
Units is to manage various kernel sizes efficiently without compromising perfor-
mance. A PE array group includes multiple numbers of PE arrays according to
kernel size. A different group of these PE arrays works on other channels. Figure

5.10 illustrates the focus of the dimensions of the accelerator.

Differnet Channels

\4

<
«<

Kernel size
-3 >
Different
Kernels PE Array —— PEArray —— PEArray — PE Array . PE Array

Figure 5.10: Accelerator reconfiguration using different PE array dimensions.

As discussed, PE array height % is responsible for different kernels. PE array
width is responsible for kernel size and is set as 9. Kernel size can be adjusted
by combining multiple PE arrays with the help of Collector Units. Several PE
arrays for this kernel size form a PE array group and process one convolution

channel. Multiple PE groups are responsible for different channels.

Figure 5.11 illustrates how different channels can be processed for various
kernel sizes, where channels of the same color represent identical processing tasks.
The arrows near PE arrays represent results. We can collect results after different
PE arrays depending on the kernel size. Collector Units either collect or pass the
accumulations. If the computation is done, the result is collected. Otherwise,
accumulation continues. A PE array group, which includes a different number
of PE arrays according to kernel size, is responsible for one channel. Another
number of channels can be processed in parallel depending on the kernel size.
Essentially, this Collector Unit extension allows for dynamic adjustment of the
channels processed by the underlying hardware, ensuring adaptability to different

computational requirements.
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Figure 5.11: PE array adjustment for different kernel sizes.
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An example is given in Figure 5.12. Green PEs and arrows represent active

PEs and paths, respectively. Red ones represent idle PEs and paths. A 5 x 5

kernel requiring 25 weights can be accommodated within a minimum of 3 PE

arrays containing 27 PEs (9 x 3). Results are extracted from every 3 PE arrays;

the last 2 PEs in every 3 PE arrays do not make a computation and pass the

result, which is red. In this setting, there is no excess PE array that remains

idle. This setup essentially allows simultaneous processing of k kernels and their

six channels within the architecture. Since a PE array group responsible for one

channel includes 3 PE arrays, 18 PE arrays are utilized. This approach enables

efficient utilization of the architecture across various kernel sizes.
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Figure 5.12: Example of a convolution with 5 x 5 kernel. 18/18 of the PE arrays
are used. 25/27 of the PEs in every 3 PE arrays are used. So, six channels are

processed.
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5.4.4 Processing Elements

Figure 5.9 provides a detailed view of a single PE array. The extension on the
right side of each PE array manages output collection. Depending on the fil-
ter size, connections can be adjusted to gather results from various PE arrays.
Moreover, the PEs within these systolic arrays can adapt to different dataflow
configurations with minor adjustments. In the upcoming section, we will analyze
these structures in the context of WS and IS configurations and then discuss
additional OS requirements. This examination will highlight the advantage of

integrating WS and IS dataflows versus introducing OS into the architecture.

Each PE has a dedicated logic for MAC operations. Additionally, there are

three registers with details explained below.

e The weight register is used for multiplication and can be updated during

the load state when new weights are fetched.

e The input register facilitates multiplication and is updated every clock

cycle. Inputs flow downward to the lower PEs within the PE array.

e The previous sum register is employed for accumulation. It enables the

transfer of results from one PE to the next within the systolic array.

These registers are essential for executing MAC operations efficiently across the
PE array. For WS and IS cases, the architecture remains unchanged structurally.
The only difference lies in the inputs and weights managed by the registers. In
WS mode, the weight registers are loaded with filter weights, while in IS mode,
they receive input data. Likewise, the input registers are supplied with input data
in WS mode, whereas they store filter weights in IS mode. This distinction is
illustrated in the execution cycle diagram in the previous section, demonstrating
the architecture’s flexibility in accommodating different dataflow configurations

without requiring modifications to its core structure.
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5.4.5 Incorporating OS

While WS and IS configurations can directly be implemented in our architecture,
integrating OS such as WSwWOS, ISWOS, or WSWISWOS requires a different look.
In the OS case, the dimensions of the PE arrays are reevaluated because kernel
size becomes irrelevant. Since accumulation occurs within PEs, inputs, and filters
flow simultaneously in each cycle. Figure 5.13 illustrates the dimensional impact
in the OS configuration. The extension part of each PE array solely passes results.
All arrays collectively function as a k x 162 systolic array, where 162 comes from
9 PEs for 18 PE arrays (18 x 9). It emphasizes that kernel size does not dictate
the storage of inputs or weights. Each PE in this setup corresponds to different

spatial locations in the output, and each row is dedicated to other kernels.

Different Spatial Locations in Output

A
\ 4

Different

Kernels PEArray —— PEArray — PEArray — PE Array

PE Array

Figure 5.13: Accelerator reconfiguration using different PE array dimensions for

OS case.

Figure 5.14 depicts the PE suitable for OS, featuring an accumulator instead
of a previous sum register, where results are stored inside the PE in each cycle.
Figure 5.9 shows that the PE structure suits both WS and IS configurations.
However, combining OS with WS, IS, or both necessitates modifying the PE
structure, as shown in Figure 5.15. This modification clearly shows that inte-
grating OS into the architecture complicates the design compared to WS and IS

configurations.
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Figure 5.14: PE for OS case. Figure 5.15: PE for WSWISWOS case.

5.5 Convolution Engine

Convolution Engine is responsible for

e selecting dataflow depending on the convolution parameters,

e producing signals to handle synchronization among PE arrays and main-

taining computation,

e managing stride and bias features in convolution.

The below subsections explain respective units and discuss possible architectural

changes for different reconfigurable implementations.

5.5.1 Dataflow Selection Unit

The Dataflow Selection Unit within the convolution engine is required due to
dataflow reconfigurability. Depending on the convolution parameters, it selects
the dataflow to be applied. The algorithm’s parameters and meanings are given
in Table 5.2. The algorithm behind dataflow selection is given in Algorithm 7.
The performance of the Dataflow Selection Unit is discussed in detail in the

experimental results section.
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Parameters Meaning

IA Input area
KV Kernel volume
KA Kernel area
KN Kernel number
Ratio of kernel number to kernel channel
KN/KC (Larger kernel number means larger output channel,

larger kernel channel means larger input channel)
AVG(OH,0W) | Average of output height and output width dimensions
thr Threshold value for deciding between IS and OS dataflows

Table 5.2: Dataflow selection algorithm parameters.

Dataflow Selection Unit

if TA > KV & IA > KN x KA then
WS — Dataflow

else if KN/KC > AVG(OH,0W) x KA x thr then
IS — Dataflow

else
OS — Dataflow

end if

Algorithm 7: Dataflow selection algorithm.

Considering both the above algorithm and Chapter 4, WS is prioritized be-
cause there is not a WS dimension that can also be effectively exploited in IS or
OS. If the input area is much larger than the kernel volume, we know it produces
an output with a significant height and width, which WS exploits. So, one com-
parison is made between input area and kernel volume. Another comparison is
made between the input area and the number of kernels because a large kernel
number should imply the IS option. Suppose the input area is smaller in one of
the comparisons, leading to a non-WS option. In the next step, a comparison
between IS and OS is made. If the comparison is adjusted to set the threshold
alone, the algorithm’s ’else if” comparison turns into Expression 5.1. In this open
form, the numerator focuses on distinctive features of IS and OS. In contrast,
the denominator focuses on standard features of IS and OS, lowering the effect
of unique features. If the standard part is dominant, it is hard to see a drastic
change in results between IS and OS. A ratio of kernel number to kernel channel

is made. Because IS exploits kernel numbers, and OS exploits kernel channels.
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This ratio is divided by multiplying the average of the output area dimensions
and the kernel area. We added the other commonly exploited dimensions to the
denominator because these dimensions are exploited commonly. Kernel height
(KH) and kernel width (KW) are exploited directly in both data, adding them as
multiplication. Output height (OH) and output width (OW) values depend on
input height (IH), input width (IW), kernel height (KH), and kernel width (KW)
due to the nature of convolution. So, we added information from output that
was not as strong as directly exploited dimensions by simply averaging output
height (OH) and output width (OW). If this multiplication is more significant
than a threshold thr, IS dataflow is selected; otherwise, OS. It is reasonable be-
cause the number of kernels makes this result significant, forcing it to select IS.
If the kernel channel is much larger than the number of kernels, the ratio would
be small, causing the Dataflow Selection Unit to choose OS. The reason for the
threshold is to avoid IS or OS-biased decisions. Since kernels are smaller than
inputs and outputs, the threshold behaves like a normalization factor and helps
to prevent biased selections. If our dataflow is not WS, then thr behaves as a
switch between IS and OS. The default thr value is set as 0.004 experimentally.
The sensitivity analysis of this variable is further discussed in the experimental

results section.

KN/KC

””<(0H+OW

5 )mexKW)

While the Dataflow Selection Unit considers all dataflows, unnecessary com-
parisons are ignored for intermediate reconfigurabilities like WSWIS, WSwOS, or
ISWOS. For example, if WSWIS reconfigurability is implemented, only WS checks
would be enough. The selection unit does not require any modification when

comparing intermediate configurations and WSWISWOS architecture.
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5.5.2 Synchronization Unit

The Synchronization Unit primarily generates signals to facilitate continuous
computation within the accelerator. It incorporates cursors and counters to man-
age essential control signals that drive Collector Units. Table 5.3 shows signals

generated by the Synchronization Unit and their purpose. On the other hand,

Table 5.4 shows required signals for different dataflow options.

Signals

Purpose

Channel Iterator (CI)

Iterations over channel groups

Channel Cursor (CC)

Iterations inside a channel group

Kernel Tterator (KI)

Iterations over kernel groups

Kernel Cursor (KC)

Iterations inside a kernel group

Input Spatial Iterator (IST)

Iterations over spatial groups of input

Input Spatial Cursor (ISC)

Iterations inside a spatial group of input

Output Spatial Iterator (OSI)

Iterations over spatial groups of output

Output Spatial Cursor (OSC)

Iterations inside a spatial group of output

PE Reset (PER)

Reset accumulation register
(only in OS capable architectures)

Start Accumulate (SA)

Start accumulation
(only in OS capable architectures)

Write Ready (WR)

Write results to output memory

Load Finished (LF)

Loading state is finished

Execute Finished (EF)

Execution state is finished

Store Finished (SF)

Store state is finished
(only in OS capable architectures)

Table 5.3: Signals generated by the Synchronization Unit.

Dataflows

Required Signals

WS

CI, CC, K1, KC, 1SC, OSC, WR, LF, EF

IS CT, CC, KC, 11, 1SC, OSI, OSC, WR, LF, EF

(O

CC, KI, KC, 11, ISC, OSI, OSC, PER, SA, WR, LF, EF, SF

Table 5.4: Required signals for different dataflow options. Note that the required
signals are selected according to the loading schemes mentioned in the FSM dis-

cussion.

It can be seen that WS needs fewer signals than other dataflows.

OS-capable architectures.
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Figure 5.16: Stride effect in computation.
Combining different dataflows, such as WSWIS, WSwOS, ISwOS, or

WSWISwWOS, alter the Synchronization Unit’s design. These combinations typi-
cally require the addition of extra cursors and counters. The integration of OS
significantly impacts the unit. The general purpose nature of this unit is the same
among all architectures. However, generating required signals for OS-capable ar-
chitectures can be costly. We will evaluate the difference in synchronization units

regarding area and power between various dataflow configurations.

5.5.3 Convolution Options

This unit is responsible for how stride and bias options, explained in the Back-
ground section, are managed within the architecture. Regarding stride, adjust-
ments are made to the Toeplitz matrix to ensure that the architecture processes
related inputs and weights accordingly, effectively skipping over sections of the
matrix. The optional units’ cursors and counters are synchronized with the stride

information to facilitate this operation. Figure 5.16 shows the effect of stride in
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computation. As can be seen, some of the rows are skipped during loading. Re-
garding bias, input memory is used to store bias values and inputs. In both WS
and IS configurations, bias is added to the result during the final accumulation
of an element in the output matrix. This involves traversing all channels for that
specific output location and concluding the accumulation process by incorporat-
ing the bias value. The store state collaborates with bias incorporation for OS
scenarios during the storing process. Each result is stored after bias addition,

ensuring consistency across different computational modes.

5.6 Memories

Efficient data access is crucial for accelerated computation, making memory man-
agement a critical component. The architecture, depicted in Figure 5.1, features
three SRAM memories: inputs, weights, and outputs. Inputs and weights are
stored in a Toeplitz matrix format optimized for convolution operations, while
the output memory stores results in a standard 2D format. Data retrieval in-
volves two main steps facilitated by dedicated buffers for each memory type. The
input buffer fetches 18 x 9 data segments from the input memory, feeding these
to the uppermost PE line across all PE arrays. Similarly, the weight buffer re-
trieves k x 9 data segments from the weight memory and distributes them to the
respective PE array during the load state. During the execute state, each cycle
processes convolution operations across PE arrays. For instance, as discussed
previously, in a 5 x 5 filter convolution, every three PE arrays handle one chan-
nel. The resulting outputs undergo a reduction operation within the PE arrays,
aggregating results from different channels. This aggregation yields &k results for
each kernel. After reduction, the results from every three PE arrays are merged
and written to the output buffer. The buffer temporarily holds k£ data points,
which are transferred to the output memory. In the subsequent execute state,
results from the next channel undergo a similar reduction process and accumulate
with existing output locations. This accumulation ensures that results from all

channels are progressively stored in the output memory.
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All IS, WS, and OS configurations require essential storage elements within
the architecture. The critical distinction for OS is the simultaneous input and
weight data requirement in every cycle, as PEs do not retain either. From an
architectural perspective, each dataflow necessitates the generation of distinct
control signals but fundamentally relies on the same storage elements. There-
fore, combining different dataflows does not impact memory requirements, as the

essential storage elements remain the same across all configurations.
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Chapter 6

Experimental Evaluation

This chapter gives details about the accelerator design environment and experi-
mental setup. We used three tools as design and test environments. To evaluate
the performance of our accelerator, various convolutional neural networks and

the parameters of their convolutional layers are also discussed.

6.1 Design and Test Environment

The accelerator is designed using Chisel [49]. Chisel, which stands for Construct-
ing Hardware in a Scala Embedded Language, is a hardware description language
developed to streamline the design of digital hardware circuits. Embedded in
Scala, Chisel offers tools to describe complex hardware structures, allowing de-
signers to leverage high-level programming constructs and functional paradigms
to create flexible and reusable hardware components. Cycle-accurate simulations
are performed on the RTL, which Chisel generates, ensuring that the design meets

the required timing and functionality before it moves to the synthesis stage.

The designed RTL is subsequently synthesized using the Cadence Genus [50]
tool with the TSMC 40nm CMOS technology library, optimizing the design for

area, power, and timing constraints. Genus translates the RTL description into
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a gate-level netlist during synthesis, applying various optimization techniques to
ensure that the hardware meets the specified performance criteria. Performance
analyses, including power consumption, maximum clock frequency, and area uti-

lization, are reported post-synthesis to verify that the design goals are achieved.

However, because the physical structure of memories extends beyond the
Boolean logic that most synthesis tools are designed to handle, CACTT [51] is
used to model the power and area of SRAM modules. CACTI provides a detailed
analysis of the memory’s characteristics, such as access time, power dissipation,
and area footprint, allowing for more accurate results in the overall performance
evaluation. The accelerator’s design is refined by integrating these tools to bal-

ance high performance with efficient resource usage.

6.2 Implementation Alternatives

In our experimental evaluations, we used seven different alternatives for com-
parison. In addition to our accelerator representing a WSWIS scenario, we have
implemented the non-reconfigurable WS (Origami [19]), IS (SCNN [24]), and OS
(ShiDianNao [6]) cases. Furthermore, we have implemented the reconfigurable
WSwOS, ISwOS, and WSWISWOS (FlexFlow [4]). We have created a setup that
can be modified to represent these different implementations. Therefore, we per-
form experiments using the same settings and the same parameters to obtain a

fair comparison with the literature.

Considering other dataflows, Table 6.1 presents area and power consumption
results for different combinations: WS, IS, OS, WSWIS, WSwOS, ISWOS, and
WSWISWOS. Note that referenced architectures are not exact implementations.
Instead, they are our implementations of the representative dataflows in our
framework. To support such variations, we customized the same architecture

and implemented the different dataflow options in the literature.
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Architectures Area (mm?) Power (mW)

WS (Origami [19]) 1.98 66.76
IS (SCNN [24]) 1.99 67.49
OS (ShiDianNao [6]) 2.07 51.00
Accelerator (WSWIS) 2.02 68.09
WSwOS 2.63 79.74
ISwOS 2.68 81.02
WSHISWOS (FlexFlow [4]) 2.80 02.51

Table 6.1: Properties of different implementations used in our experimental eval-
uation. Area and power results for each implementation are provided here for ref-
erence. Note that referenced architectures are not exact implementations. They
are representative examples of the corresponding dataflow.

Each implementation’s area and power results are provided here for reference
but will be explained in more detail in the experimental evaluation chapter. As
seen from the second column of Table 6.1, the area required by each architecture
is different, ranging from 1.98 mm? to 2.80 mm?2. The third column of this table
shows the power consumption of each alternative. Depending on the complexity
of the design and used hardware units, the power consumption ranges from 51
mW to 92 mW. This indicates a possible trade-off analysis that we will explore

in our experiments.

6.3 Benchmarks

Three different convolutional neural networks are tested throughout the experi-
ments. AlexNet [43], LeNet [42], and VGG-16 [52] are landmark CNN architec-
tures that have significantly influenced the development of deep learning. LeNet,
developed by Yann LeCun in the late 1980s and early 1990s, was one of the first
CNNs designed for handwritten digit recognition (e.g., MNIST dataset [53]). It
consists of a few convolutional and pooling layers, followed by fully connected
layers, demonstrating the effectiveness of CNNs in image classification. AlexNet,
introduced by Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton in 2012, won
the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) and brought
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deep learning into the mainstream. It featured deeper layers, ReLU activation

functions, and GPU acceleration, setting new performance standards. VGG-16,

proposed by the Visual Geometry Group (VGG) at the University of Oxford, ex-
tended the depth of CNNs with 16 weight layers. It employed tiny (3x3) convolu-

tion filters, proving that deep networks with a uniform architecture could achieve

high performance. These architectures are foundational in computer vision, in-

fluencing subsequent models’ design and advancing neural network capabilities in

image recognition tasks. Tables 6.2, 6.3, and 6.4 give the convolution layers and

parameters for AlexNet, VGG-16, and LeNet, respectively.

Layers | Input Size | Filter Size | Number of Kernels | Stride | Padding
Convl | 227x227x3 11x11 96 4 -
Conv2 27x27x96 5x5H 256 1 2
Conv3 | 13x13x256 3x3 384 1 1
Conv4 | 13x13x384 3x3 384 1 1
Convb 13x13x384 3x3 256 1 1

Table 6.2: AlexNet convolution layers and their parameters.

Layers | Input Size | Filter Size | Number of Kernels | Stride | Padding
Convl 224x224x3 3x3 64 1 1
Conv2 | 224x224x64 3x3 64 1 1
Conv3 | 112x112x64 3x3 128 1 1
Conv4 | 112x112x128 3x3 128 1 1
Convb 56x56x128 3x3 256 1 1
Conv6 56x56x256 3x3 256 1 1
Conv7 28x28x256 3x3 512 1 1
Conv8 28x28x512 3x3 512 1 1
Conv9 14x14x512 3x3 512 1 1

Table 6.3: VGG-16 convolution layers and their parameters.

Layers | Input Size | Filter Size | Number of Kernels | Stride | Padding
Convl 32x32x1 5x5 6 1 -
Conv2 14x14x6 5XH 16 1 -

Table 6.4: LeNet convolution layers and their parameters.

For the above tables, input sizes are given as input height X input width X

input channel. On the other hand, kernels are represented by kernel height X

kernel width. It can be seen that smaller kernels are preferred. The reason lies

in the receptive field [54] concept. Applying two consecutive 3 x 3 convolutions
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to a matrix corresponds to a computation over 25 elements; the same applies
to a single 5 x 5 convolution. So, using two 3 x 3 convolution can be preferred
instead of one convolution with a 5 x 5 kernel because it has fewer parameters.
Some larger kernels are also used, where 11 x 11 is the largest. We should also
emphasize that our accelerator has a 100% utilization rate for 3 x 3 kernels. It

can also perform convolution up to 11 x 11 kernels.

6.4 Default Parameters

Default parameters for the architecture are given in Table 6.5. Due to the recon-
figurable nature of our accelerator, we performed tests with different PE array
heights and Dataflow Selection Unit threshold values. The variable k& for kernel
number is selected as 10 throughout the evaluations. This is a design choice de-
termined according to filter numbers in convolutions. If it is too small, too many
iterations on the load state would be required. If it is too large, the utilization at
the last iteration could be too low due to the processing of excess data. In Section
7.9, we give a detailed sensitivity analysis based on this parameter. The threshold
thr in the Dataflow Selection Unit is another variable for the architecture. Its
default value is set as 0.00/, determined experimentally to avoid any bias towards
OS or IS. Above this value, it starts to make OS-biased decisions. Similarly, be-
low this default threshold value, IS-biased choices are made. Sensitivity analysis

of threshold value will also be examined.

Parameter Value
Dataflow reconfigurability WSWIS
PE array width 9

PE array height (k) 10
Number of PE arrays 18
Total number of PEs 1620
Dataflow Selection Unit threshold (thr) | 0.004
On-Chip SRAM sizes 224 KB
Arithmetic precision 8-bits

Table 6.5: Default parameters used in our experiments.
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The design specifications for the architecture according to default parameters
are given in Table 6.6. It can be seen that core area and power values form a
small fraction of total chip area and power values. This is due to memory blocks
required for reuse in convolution. In terms of the number of PEs, there are a
total of 18 PE arrays each of which has 90 PEs. Therefore, there are 1620 PEs
(18 x 90) with 20ns clock.

Technology TSMC 40 nm
Clock Rate 50 MHz
Chip Area 17.883 mm?
Core Area 2.02 mm?

Chip Power Consumption | 824.05 mW
Core Power Consumption 68.09 mW

Table 6.6: Design specifications of the hardware implementation.

6.5 Accuracy

CNN accelerators are primarily designed to accelerate inference rather than train-
ing [55, 56]. The inference is usually performed online and does not involve com-
plex operations like backpropagation. However, these kinds of complex operations
are necessary during training. Due to these complex operations required for the

training, accelerators are typically built to work with pre-trained networks [57].

A vital training process step is quantization, as Chapter 3 highlights. Quan-
tization allows models to perform inference using lower precision data, often re-
ducing bit-width to 8 bits. Due to its efficiency and performance, this 8-bit
inference has been widely adopted in numerous applications, particularly in edge

computing scenarios [58, 59, 60].

Quantization enables faster computations, lower power consumption, and re-
duced storage requirements, which are ideal for resource-constrained environ-
ments like edge devices. In most cases, CNN accelerators are optimized for in-
ference on pre-trained 8-bit models, ensuring that the models can run without

requiring changes. The conversion from 32-bit to 8-bit is an earlier step before
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inference. So, the reduction in accuracy resulting from this conversion is indepen-
dent of the software or hardware architecture used to run the model. Since these
accelerators do not alter the pre-trained 8-bit models, their accuracy remains

unaffected. Therefore, accuracy analysis is often unnecessary [1, 4, 5, 19, 27, 39].

We also opted to use 8-bit model inference for our architecture. Several tests
are done on different images from different datasets to verify the accelerator’s
convolution operations. ImageNet [61], CIFAR-10 [62], and MNIST [53] datasets
are used for this purpose. They are popular datasets in the field of computer
vision. ImageNet contains over 14 million images labeled across 20,000 categories,
while CIFAR-10 consists of 60,000 32x32 color images in 10 classes. MNIST
features 70,000 grayscale images of handwritten digits. Images are cropped if
necessary to work as input to AlexNet, VGG16, and LeNet models. These images
are convolved with random kernels that are suitable for convolution shapes in
Tables 6.2,6.3,6.4. We selected random images for each dataset and convolved
with different kernels. The results obtained from the accelerator are compared
and verified against CPU results. All computations and convolution operations

are correctly performed, verifying the accelerator as expected.

o6



Chapter 7

Experimental Results

7.1 Dataflow Results

We constructed an accelerator operating in all configurations to compare all possi-
ble dataflows. As outlined in previous sections, the necessary registers and blocks
are incorporated for each dataflow, resulting in an accelerator compatible with
all three configurations. This section presents the performance of the dataflow

under various convolution parameters.

Initially, our focus will not be on reconfiguration. However, we will explore
the optimal reconfigurability options, considering both the dataflows’ cost and
performance. In the following sections, we aim to address questions such as: "Is
it worthwhile to combine a dataflow?” and ”Do we achieve a reasonable speedup

in return for the additional units required to construct the accelerator?”

The accelerator discussed in this section can perform computations in WS,
IS, and OS dataflows. As mentioned in the previous section, the convolution
parameters of three different CNNs are utilized. Figures 7.1, 7.2, and 7.3 display
the number of cycles required to complete the convolution operation for the given
parameters. Different convolutions are presented on the x-axis, whereas the y-axis

shows the number of cycles needed to finish the convolution.
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Figure 7.1: Computation cycles of AlexNet for different dataflows.
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Figure 7.3: Computation cycles of LeNet for different dataflows.

As illustrated in the figures, different dataflows perform better with varying
parameters. This observation aligns with the exploitable dimensions discussed in

the dataflow and reconfigurability analysis section.

In AlexNet, the IS performs better for the last three convolutions, which is
expected since the number of kernels (OC) provides opportunities for exploitation.
For the other convolutions, the WS is better in the first case, and the OS is better
in the second case, which is also coherent with exploitable dimension analysis in
Chapter 4. In VGG-16, the WS is the optimal choice in most cases, although the
IS occasionally performs better. In LeNet, WS consistently performs best, while
IS has a significant overhead. OS is comparable to WS but outperforms IS. For
all three networks, the performance of WS and IS is similar and often better than
OS in most cases. There is only one convolution parameter where OS is the best;
otherwise, WS or IS are preferable. Up to this point, it has been observed that
combining WS and IS dataflows is architecturally straightforward. Furthermore,

both WS and IS generally exhibit strong performance across various scenarios.
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7.2 Performance Results

Performance results of different architectures are given in Figure 7.4. This figure
compares computation latencies for the average of all convolutions. Considering
the previous section, reconfigurable architectures try to select the best option for
each convolution. As expected, WSWISWOS architecture performs best as it can
utilize all dataflows. The second best option with a slight difference is our accel-
erator architecture (with a WSWIS setup). It is better than all non-reconfigurable
architectures and only 0.2% worse than the optimal case (WSWISWOS). We ob-
serve that all alternative implementations with WS dataflow generate good re-
sults. Therefore, it is the most critical dataflow and explains why it is widely
adopted in the literature. We can also conclude that integrating OS into the
accelerator does not improve the convolution latencies significantly, as expected
and indicated in previous sections. In the following two sections, we will discuss
different architectures’ area and power results and explain why adding an OS

option to the architecture is unnecessary.
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Figure 7.4: The average execution times of all convolutions on different architec-
tures. Results are normalized with respect to WSWISWOS architecture. Lighter
shades of blue represent non-reconfigurable architectures, while darker shades in-
dicate reconfigurable architectures.
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7.3 Power Results

Power results of different architectures are given in Figure 7.5. These results are
independent of CNN models and their convolutions. We can see from this figure
that a non-reconfigurable OS is the best option for power with 51 mW. The reason
for lower power consumption lies in the accumulator inside the PE. Even though
the accumulator increases area, OS dataflow keeps the whole computation inside
the PE without requiring any data transfer during the computation, contrary
to other dataflows. The communication reduction is the key to the reduced
power consumption. On the other hand, our accelerator consumes 68 mW, which
is better than all other reconfigurable architectures and is very close to non-
reconfigurable ones. Combining OS with other dataflows significantly impacts
the power consumption of the architecture. However, WS and IS are not costly

to merge, which verifies our claim in previous sections.
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Figure 7.5: Power consumption (mW) of different architectures. Lighter shades
of blue represent non-reconfigurable architectures, while darker shades indicate
reconfigurable architectures.
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7.4 Area Results

Figure 7.6 shows area results of different architectures. Similar to power re-
sults, it is also independent of CNN models and their convolutions. As expected,
non-reconfigurable WS and IS options are the least area-demanding architectures
with close results. Specifically, they both require almost 2mm? area. If we fur-
ther investigate the figure, our accelerator stands out with an outstanding result,
much lower than reconfigurable architectures with a 2.02mm?2. It is only 1%
more than the minimum area and even better than the non-reconfigurable OS
option. Furthermore, OS-capable reconfigurable accelerators (WSwOS, ISWOS,
and WSWISWOS) increase the area by at least 30%. It clearly shows that design-
ing an OS-capable accelerator leads to higher area requirements. On the other
hand, our accelerator requires only 2% and 1.5% more area compared to WS and

IS options, respectively.

2,80
2,63 2,68
2,5
1,98 1,99 el 2,02
) I
0 T T T

WS [19] IS [24] 0s[6] Accelerator  WSWOS ISWOS  WSWISWOS [4]
(WSWIS)

N

Area (mm?)
=
(6]

=y

Figure 7.6: Area (mm?) of different architectures. Lighter shades of blue repre-
sent non-reconfigurable architectures, while darker shades indicate reconfigurable
architectures.
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7.5 Dataflow Selection Unit Performance

Dataflow decision performance is crucial because we build a reconfigurable ar-
chitecture and must benefit from reconfigurability. It is meaningful if only the
Dataflow Selection Unit selects the most suitable dataflow, which is computed
faster than others. Table 7.1 shows the performance of our dataflow. The second
column represents the ideal dataflow that should be selected, i.e., the fastest one
in the dataflow results above. The third column shows the choice of our Dataflow
Selection Unit. Considering 16 convolution layers from 3 different CNNs, our
decision-maker successfully selects 15 dataflows. The only exception is Conv8 in
the VGG-16 model. This convolution’s total cycle difference between the WS and
IS dataflows is only 2.4%

Convolutions | Ideal | Dataflow Selection Unit | Excess Latency
AlexNet-Convl WS WS -
AlexNet-Conv2 ON) oS -
AlexNet-Conv3 IS IS -
AlexNet-Conv4 IS IS -
AlexNet-Convb IS IS -
VGG-16-Convl WS WS -
VGG-16-Conv2 WS WS -
VGG-16-Conv3 WS WS -
VGG-16-Conv4 WS WS -
VGG-16-Convb WS WS -
VGG-16-Conv6b WS WS -
VGG-16-Conv7 WS WS -
VGG-16-Conv8 | WS OS 2.4%
VGG-16-Conv9 IS IS -
LeNet-Convl WS WS -
LeNet-Conv2 WS WS -

Table 7.1: Dataflow Selection Unit performance results.
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7.6 Synchronization Unit Evaluation

As discussed in Chapter 5, the synchronization unit produces different signals
for different dataflow options. Considering signals, WS and IS dataflows require
similar signals, while OS needs extra signals to control the accumulation register
in PEs. Figure 7.7 shows synchronization unit areas, and Figure 7.8 shows syn-
chronization unit power consumption for different architectures. It can be seen
that WSWIS is the best among reconfigurable architectures. It has the least area
and power consumption compared to reconfigurable architectures. Moreover, it is
very close to results from non-reconfigurable architectures. This also shows that

combining WS with IS is less costly than making an OS-capable architecture.
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Figure 7.7: Area (mm?) of synchronization unit for different architectures.
Lighter shades of blue represent non-reconfigurable architectures, while darker
shades indicate reconfigurable architectures.
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7.7 Efficiency of Dataflow Reconfigurability

In hardware design, the efficient utilization of components is a critical considera-
tion. This section compares various accelerators and underscores the significance
of dataflow combination suitability in constructing hardware. Among many pos-
sibilities examined, we observed that the WSWIS option performs best compared

to existing methods.

We evaluated reconfigurability efficiency using the most critical parameters
of the design. Expression 7.1 considers speed, power, and area as explained in
the literature [63, 64, 65]. More specifically, efficiency evaluation considers the
combined effect of speed, power, and area. It is similar to the PPA (Power,

Performance, Area) metric used in semiconductor applications.

layers

1
Ef ficiency = — Z
n

n=1

1

(7.1)
CyClQS X power X area
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Figures 7.9, 7.10, and 7.11 illustrate the efficiency of different architectures,
taking into account speed across various networks. The mean average cycle counts
for all convolution layers within each network are also provided. For example,
in Figure 7.2, the average cycle of each convolution in VGG-16 is calculated for
different architectures. This analysis provides insights into the value of incorpo-
rating reconfigurability into our architecture for different dataflows. It highlights
potential trade-offs between the overheads associated with reconfigurability and

the advantages of speedup.
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Figure 7.9: Efficiency of different architectures for AlexNet. Results are nor-
malized to WSWISwWOS architecture. Lighter shades of blue represent non-
reconfigurable architectures, while darker shades indicate reconfigurable archi-
tectures.
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Based on our comparisons of different architectures, WSWIS emerges as the
optimal choice when considering speedup, area, and power efficiency together. In
AlexNet, WSWIS is significantly better than all other options. For VGG-16, WS
is second best and closer to WSWIS. Only in LeNet, WS is the best option, and
WSWIS is the second best with a slight difference. Because LeNet includes only
two convolutions and is best suited to WS dataflow. As convolution layers in-
crease, the best option for dataflow may change. Moreover, LeNet takes an input
of 32 x 32 pixels, which is relatively lower than today’s deep learning models. As
a result, WSWIS stands out as the best option considering various CNN models.
Besides, among reconfigurable architectures, WSWIS performs better than others
significantly. As anticipated and discussed, combining WSWIS results in mini-
mal additional area and power consumption, yet it delivers significant speedup
through reconfigurability. Conversely, adding OS requires notable hardware dif-
ferences and additional units, increasing area and power consumption. Despite
OS’s speed advantage through reconfigurability, it does not sufficiently offset the

area and power overheads.

Therefore, it can be concluded that reconfigurability should be judiciously
employed, considering the underlying hardware constraints. One needs to care-
fully apply reconfiguration to achieve the optimal balance of performance and
efficiency. Based on our observations and experiments, WSWIS performs best

overall.
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7.8 Power and Area Breakdown

We analyzed the architecture regarding area and power, where breakdown results
are given in Figures 7.12 and 7.13. As we discussed, most of the consumption
comes from memories, both in terms of area and power. Besides the high mem-
ory requirement of the convolution operation, working with Toeplitz matrices
increases the need for data storage. In addition, output memory has a smaller
area and power demand because the result is stored in a standard 2D array, not
in a Toeplitz way. A Toeplitz matrix engine can be constructed to transform
some portion of the 2D array into Toeplitz form, which provides on-the-fly data.
This may be critical for future work in this architecture to reduce memories’ area
and power demand. For the core of the architecture, most of the area and power
consumption come from PE arrays, as expected. The convolution engine is the
least demanding part of the architecture because it works as a controller that

creates required signals.

13% 8%

3%
m PE Arrays
= Convolution Engine
m Input SRAM
32% = Weight SRAM
44% = Output SRAM

Figure 7.12: Area breakdown of our architecture.
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Figure 7.13: Power breakdown of our architecture.

69



7.9 Sensitivity Analysis
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Figure 7.14: Efficiency of architectures with different array height (k) values.
Results are normalized with respect to £=10.

We showed that WSWIS is the optimal choice of dataflow reconfigurability.
Based on this architecture, some sensitivity analyses are made. As indicated,
array height k is a customizable parameter set to 10 as the default value. For
different numbers of k values, Table 7.2 shows the average convolution cycle in
a network, area, and power values for corresponding architecture. As expected,
the scaled £ affects cycles, power, and area. For example, when £=10 is dropped
to k=5, cycles nearly get doubled, area nearly get halved, and power nearly get
halved. Similarly, when k=20, cycles nearly get halved, area nearly doubled, and
power nearly doubled. This behavior shows the scalability of our architecture.
The only exception occurs on LeNet. This can be explained by the kernel number
for the first convolution of LeNet being just 6. Since 6 is smaller than 10, 20,
and 50, latency would be the same for the first convolution. Smaller convolutions
lead to less efficiency for larger architectures. Figure 7.14 shows efficiency scaled
with k£ value. Expression 7.1 is used again for efficiency, and it is multiplied by

k. Tt shows that results do not change considerably among different k£ values

70



Models Average Latency (cycles) Core Area (mm?) Power (mW)

k=5 k=10 | k=20 | k=50 | k=5 | k=10 | k=20 | k=50 | k=5 | k=10 | k=20 | k=50
AlexNet | 347892 | 175883 | 89741 | 37198
VGG16 | 1722004 | 877015 | 442841 | 169835 | 1,02 | 2,01 4,09 | 10,18 | 34,09 | 68,08 | 135,45 | 342,84
LeNet 1474 738 738 738

Table 7.2: Average latency, area, and power results for different array height (k)

values.

for AlexNet and VGG as expected—the difference in LeNet results from working

with very small kernels. In general, scalability is preserved for larger kernels.

Another sensitivity analysis is made for Dataflow Selection Unit threshold,

thr. Figure 7.15 shows the average excess latency of the Dataflow Selection Unit

for different threshold values. Similar to Table 7.1, the excess latency of each

convolution is noted and then averaged. Based on these results, 0.004 leads to

a non-biased Dataflow Selection Unit. Below it, architecture tends to select IS;

above it, OS is selected with a biased tendency. Therefore, 0.004 is the sweet

spot for thr, where we observe results with the least excess latency.
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Figure 7.15: Average excess latency of the Dataflow Selection Unit for different
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Chapter 8

Conclusion and Future Work

This thesis proposes a reconfigurable architecture capable of working with both
WS and IS dataflows. During in-depth analysis of dataflow reconfigurability,
we showed that intermediate reconfigurabilities, which are mostly overlooked,
should be considered in addition to fully reconfigurable (WSWISwOS) and non-
reconfigurable (WS, IS, OS) architectures.

This approach allows for more granular control over the data processing
pipeline, enabling a finer balance between performance and resource utilization.
By exploring and implementing intermediate reconfigurability, the architecture
can adapt to varying computational loads more effectively, offering a more versa-

tile solution than traditional, rigid configurations.

Our proposed accelerator architecture integrates critical components such as
convolution engine, memory blocks, Collector Units, and PE arrays. It is de-
signed to focus on reconfigurability to support selected dataflows by leveraging
the similarities between WS and IS. The architecture efficiently handles the se-
lection of dataflows through the Dataflow Selection Unit. The careful co-design
of architecture and dataflows underscores the importance of selecting the most
efficient dataflow for optimal performance. This approach provides a flexible yet

high-performance solution to convolution operations.
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While our architecture is 39% less area and 35% less power demanding option
than fully reconfigurable architecture, it has also 3%, 57%, and 39% better per-
formances compared to WS, IS, and OS options, respectively. It achieves a 7%
improvement in efficiency over fully reconfigurable architecture, and its efficiency
outperforms non-reconfigurable options by up to 3.57X. Besides its efficiency, its
Dataflow Selection Unit works with an average of 0.15% excess latency for finding
the fastest dataflow option. Moreover, our architecture can work with different
kernel sizes by dynamically adjusting array blocks without losing efficiency, on

top of dataflow reconfigurability.

As future work, our accelerator could be further enhanced by incorporating
an additional Toeplitz matrix creation engine, which would help reduce the re-
quired data transfer size, and an activation function engine to offload more of the
computational workload of CNNs onto the accelerator. Moreover, implement-
ing application-specific reconfigurability can optimize the accelerator for various
tasks. For instance, image segmentation models produce outputs in the form
of images, whereas classification models give one-dimensional outputs. Analyz-
ing the commonly used convolutions and their exploitable dimensions specific to
these domains could lead to designing accelerators tailored to application-specific

needs.
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