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Abstract
In the domain of Artificial Intelligence and Deep Learning, Convolutional Neural Networks
(CNN) are powerful models used in image classification, speech recognition, medical image
analysis, etc. However, those models require a large number of parameters and operations to be
executed. Therefore, GPUs are the dominant platform to implement CNNs thanks to their huge
computational resources and memory. However, such platforms are power-hungry and limit
the implementation of CNNs on mobile and embedded devices. A solution would be to use,
rather than GPU, FPGA which are more energy efficient but do not possess enough resources
to implement the most performing models.

The analysis of the literature revealed a series of optimizations that could be applied to make
it possible to efficiently implement CNNs on FPGA. From this analysis, two optimizations
appeared to be most promising.

Therefore, this thesis aims at combining the advantages of those two optimizations, pruning, and
depthwise separable convolution, to reduce the number of parameters and operations required
by a CNN and make an efficient implementation of CNNs on FPGA possible. To demonstrate
the performance of the pruning scheme, an FPGA-based accelerator was designed combining
both optimizations.

This thesis shows that combining both pruning and depthwise separable convolution provides an
efficient way to reduce both the number of weights and computational complexity. Moreover, the
proposed pruning scheme can be efficiently handled on FPGA without any loss of performance
when the sparsity increases.
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Introduction

Since the last decade, Artificial Intelligence (AI) has become increasingly part of our daily
lives: chatbot, self-driving car, or chess game are a few examples [1]. AI is indeed an “umbrella
term” that includes multiple approaches and a large diversity of fields such as computer vision,
natural language processing, voice recognition, etc. An interesting approach of AI is the ability
of a machine to learn automatically. This field is called Machine Learning (ML) and it has
revolutionized several technology domains such as data mining, classification of new astronomical
structures, etc. [2, 3]. Mitchell [3] gives us a definition of what ML is: “The concept of ML
relates to the question of how to construct computer programs that automatically improve with
experience”.

Arnold et al. [4] report that one of the challenges of traditional machine learning, given a task
of interest, is the handmade selection of the most relevant features. Automatic learning of
theses features using Neural Network (NN) can be used to tackle this issue. Deep Learning (DL)
architectures are, based on this idea, composed of layers of non-linear processing. Since the
previous decade, DL has made breakthroughs and its fields of application have multiplied [5].
The accuracy of the models using this paradigm has also significantly increased. For example, in
2015, the models submitted for the image classification task achieved on average 94.5% accuracy
[6]. In comparison, the submitted models for the image classification task in ILSVRC2012
achieved on average 71.3% accuracy [7].

A type of DL model, Convolutional Neural Network (CNN), demonstrates its value in applications
such as image and speech processing, thanks to is high performance [8]. However, the drive for
improving the accuracy of such models is to increase their size, which comes at the price of a
large computational and memory cost (billions of operations and millions of parameters) [9, 10].
For example, ResNet [11] requires 25.6M parameters and 11.3B floating-point operations for
224× 224 input images.

To implement and train such computationally-intensive models, dedicated accelerators seem to
be more suitable than a general Central Processing Unit (CPU) [12]. Graphical Processing Unit
(GPU), Application-Specific Integrated Circuit (ASIC) and Field-Programmable Gate Array
(FPGA) can be used to improve the throughput and latency of CNN. Today, CNNs are executed
on clusters of GPU and CPU because they provide the best throughput [13]. However, they
are highly demanding in terms of energy and therefore not adapted for embedded systems with
constrained power resources.

For these resource-constrained embedded systems, FPGA and ASIC seem to be a promising
solution because they are more energy-efficient. This was demonstrated by Qasaimeh et al. [14].
FPGA has a lower energy consumption compared to GPU by several orders of magnitude, as
the vision application’s pipeline complexity grows (which is the case for CNN). We can observe
in Table 1 the FPGA’s energy reduction ratios to GPU for various vision application’s pipelines.
Moreover, because the FPGA has the property of reconfigurability comparing to the ASIC,
developing accelerators on FPGA is time and cost-effective [15]. Therefore, FPGA should be
the platform to run CNN on mobile devices.
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Pipeline Energy/frame (mJ/f)
Background Subtraction 1.74 ×

Color Segmentation 1.86 ×
Harris Corners Tracking 3.94 ×
Stereo Block Matching 8.83 ×

Table 1: FPGA’s Reduction Ratios to GPU, from [14]

Furthermore, while GPU is currently the most dominant platform to perform CNNs, trends
confirm that in the future, FPGA will be more suitable to accelerate them, according to
Nurvitadhi et al. [16]. Two reasons can explain that. First, the advances in FPGA technology
show that the performance disparity between FPGA and GPU has lessened. Second, recent
CNN trends use pruning and extremely quantized data types to reduce the size of the CNN.
It is in favor of the FPGA because those two approaches are easier to handle on it. However,
FPGA is resource-constrained (limited memory, I/O bandwidth, and computing resources). As
a result, the challenge is to find a mapping between the computational and the execution model
[17].

According to Abdelouahab et al. [18], there are 2 phases when executing a CNN. The first phase
is the training, where the model learns using the back-propagation algorithm [19]. The second
phase is the inference, where the model predicts the output of new data samples, using the
learned model and the feed-forward algorithm [20]. We can see the different processes in Figure
1. Usually, CNNs are trained once on GPU or FPGA and inference is executed every time CNN
has to process new input. So, most efforts need to be focused on accelerating the inference phase
[18]. The core of this work is therefore aimed at proposing a way to accelerate the inference of a
model on FPGA.

Training

Inference

Model

Model

Training data

New data Predic�on

Figure 1: CNN execution phases, inspired by [16]

The inference can be accelerated using various optimizations. According to Abdelouahab et al.
[18], these optimizations can be grouped into 3 main categories:
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• Algorithmic Optimizations: the computational complexity of CNNs can be reduced
by vectorizing the operations or using faster algorithms.

• Datapath Optimization: because of the limited resources on an FPGA, memory is often
the bottleneck, and optimizing the memory management can increase the throughput.

• CNN model Optimization: an important issue of CNN is their computational com-
plexity and hardware utilization. A solution is to trade accuracy for acceleration by using
approximate computing.

CNN model Optimization is going to be the key point of this work because the CNN size
and arithmetic complexity are the major issues when implementing a CNN on mobile devices
[21]. One of these optimizations, named weight pruning, consists of removing all unnecessary
weights of the network [18].

This work focus on weight pruning. The irregular data access and the custom data type of the
non-pruned weights show it is suitable to implement pruning on FPGA. Therefore, this work
concentrates on building an architecture using pruning on Depthwise Separable Convolution
(DSC), an alternative way to perform convolution which uses fewer parameters and has a lesser
computational complexity. The objective of this work is then to build an efficient architecture on
FPGA implementing a sparse CNN network using DSC. To assess the benefits of the proposed
pruning, we have chosen MobileNetV2 because it offers state of the art performance [22].

These work achievements are the following:

• A structured pruning scheme is proposed to reduce the number of parameters and the
computational complexity of the DSC.

• To reduce memory usage, a compressed format is developed to store the non-pruned
weights.

• An accelerator is designed to support the MobileNetV2 building block performing the
sparse DSC.

• The obtained results show that the structured pruning scheme allows a reduction of
the computational complexity and the number of parameters, and a faster inference by
reducing the latency to execute the DSC.

Structure of the thesis

This master thesis is composed of 3 chapters.

Chapter 1 details the background information about the two main topics of this thesis: CNN
and FPGA. First, we explore the theory behind CNN and go deeper into its computational
background in Section 1.1. Then, the concept and workflow of FPGA are explained in Section
1.2.

Using knowledge of Chapter 1, we explore in Chapter 2 the state of the art techniques on
accelerating the inference on FPGA. We explore algorithmic and model optimizations to reduce

3



the cost of the convolution operation and the size of the models. The chapter also details
datapath optimizations which reduce the inefficiency of the convolution on FPGA. We also
review various FPGA architectures implementing DSC and pruning of standard convolution.

Chapter 3 uses the knowledge from Chapter 2 to design an efficient architecture using pruning
and depthwise separable convolution. It also details the experimental setup to measure the
performance of the developed architecture and discusses the obtained results.

Finally, the outcome of this work is shown in the Conclusion. A discussion on the methodology
and future works is also presented.
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Chapter 1

Background

In the frame of this thesis, knowledge about CNN and FPGA is required. The purpose of this
chapter is then to detail all the background information.

First, Section 1.1 develops the theory behind CNN. We explore how such a model can be
constructed, what are the state-of-the-art models and how can we train a CNN.

Finally, Section 1.2 explains what is a FPGA and what are its main components. We also detail
the FPGA design flow.

1.1 Convolutional Neural Network

CNN is a type of NN specialized in analyzing visual imagery and natural language processing.
CNNs are feedforward, sparsely connected NNs, and structured as a pipeline of layers [18].
It showed superior performances in different competitions related to Computer Vision and
Image Processing [10]. Nowadays, CNNs are used in character and gesture recognition, video
classification, face detection, etc [8]. This section aims at investigating the different aspects of a
CNN.

First, the building blocks of a CNN are developed in Section 1.1.1 starting from its basic element,
the perceptron. Then, we describe how to use multiple perceptrons to build layers that can
perform complex functions. Finally, we detail the other types of layers required to improve the
efficiency of the model, such as the pooling layer.

Then, Section 1.1.2 describes how to effectively combine these layers with a focus on state-of-
the-art networks like AlexNet, VGG16, ResNet, and MobileNetV2.

Finally, Section 1.1.3 focuses on the training of CNN. We briefly explain the back-propagation
algorithm, which consists of a forward-propagation and a back-propagation.

1.1.1 Structure of a CNN

CNN is a pipeline of layers that can be stacked to form a network [18]. A layer is a high-level
building block, which consists of a set of operations, weights, and non-linear functions. The
output of one layer can be used as input of the next layer or as the final output of the network.

This section first introduces the simplest building element of a CNN: the perceptron. We describe
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its different components and notably its activation function. Then, we can use this element
to build more complex layers such as the fully connected and convolutional layer. Finally, we
present the pooling layer which is used to reduce the spatial dimensions of the output of the
previous layer.

Perceptron

The perceptron is a computational model that was developed in 1957 by Rosenblatt et al. [23].
This computational model is inspired by the neurons which are the computational units of the
human brain. A neuron receives information and when its threshold is reached, this information
is released and transmitted to other neurons (the neuron “fires”) [23, 24].

The perceptron corresponds to the computational model of a neuron in a human brain. The
perceptron is composed of Nin inputs x = {x1, ...xNin

}, Nin weights w, and a bias b. Figure 1.1
illustrates the working principle of a perceptron. When it receives an input vector x, a weighted
sum of this vector is computed. If its result is higher than the threshold (controlled by b), the
perceptron is “activated” and its output becomes a non-zero value. Otherwise, the perceptron
outputs a zero value. Equation (1.1) represents the mathematical formula of the perceptron
where h is the activation function of the formula developed in Equation (1.2) [24].

h(x|w, b) = h

Nin∑
i=1

xi · wi + b

 = h
(
wT · x + b

)
(1.1)

h(wT · x + b) =

1, if wT · x + b > 0
0, Otherwise

(1.2)

𝑥1

𝑥𝑁𝑖𝑛

+

×

𝑤1

×

𝑤𝑁𝑖𝑛

b

ℎ(𝑥|𝑤, 𝑏)

Perceptron

Figure 1.1: The Perceptron

As the perceptron computes a weighted sum, the perceptron can learn a task of interest by
modifying those weights. However, this model is limited by the functions it can achieve. Later
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section details how we can use multiple perceptrons to create a fully-connected layer, learning
more complex functions.

Activation functions

To decide if a perceptron is activated or not (if its threshold is reached), an activation function
needs to be defined. To apply the back-propagation algorithm which makes CNN learn (will be
further detailed in Section 1.1.3), this function needs to be differentiable [19]. Indeed, during
the optimization of the network, the gradient of the activation function is computed. Therefore,
Equation 1.2 cannot be used as an activation function because of its zero-value gradient. The
learning does not converge and hence the CNN does not learn. Various activation functions
were proposed with different properties, as illustrated in Figure 1.2. According to Khan et al.
[10], the choice of an appropriate activation function can accelerate the learning phase and some
activation functions have lower computational complexity than others [25].
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Figure 1.2: Activation functions

Sigmoid and Hyperbolic Tangent (Tanh)

Sigmoid and Tanh are smooth activation functions that limit the R domain into a narrower
domain: [0, 1] for Sigmoid, and [−1, 1] for the Tanh, as shown in Figure 1.2 [24]. They can be
described using Equations (1.3) and (1.4) [25].

h(x) = 1
1 + e−x

(1.3)

h(x) = ex − e−x

ex + e−x
(1.4)

However, they saturate at the asymptotes, which means that their gradient is close to 0 outside
the input range [−4, 4] [26]. As the back-propagation algorithm (see Section 1.1.3) requires
gradient multiplication, gradient far away from the output vanishes (close to 0) and deep models
do not learn. It is the vanishing gradient problem [10, 24, 27, 28].
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ReLU and ReLU6

To overcome this vanishing gradient problem, the Rectified Linear Unit (ReLU) which is defined
by Equation (1.5) was developed by Krizhevsky et al. [25].

h(x) = max(0, x) (1.5)

This function increases the learning and computational speed compared to the Tanh and Sigmoid
functions. It also improves the efficiency of the propagation gradient (avoiding vanishing or
exploding gradient) [18, 28]. However, some perceptrons can become inactive after learning.
It means that their output is zero for all inputs. It is called the dying neuron problem
which decreases the model capacity [24]. A solution would be to use a derivative of the ReLU
activation function designed to solve this problem such as leaky ReLU for example [24, 28].

We can also use the dying neuron property to learn sparse features. It was done by Krizhevsky
[29] by setting an upper bound to the ReLU output. For example, they chose to limit the output
of the perceptron to 6, as described in Equation (1.6). This activation function is called ReLU6
because its output range is limited to [0, 6].

h(x) = max(0, x, 6) (1.6)

ReLU6 has the advantage to be designed for fixed-point operations and quantization approaches
(which will be described in Section 2.1.2), instead of floating-point operations. It means the
number of bits for the integer part can be limited to 3 bits because the output ∈ [0, 6] (with
3 bit, we can represent numbers in the range [0, 23 − 1] = [0, 7]). The accuracy of the model
can thus be increased by assigning the other available bits to the decimal part. This property
makes ReLU6 to be used in models that aim mobile and embedded platforms like MobileNet
[30]. Indeed, fixed-point operations, especially on FPGA, are more efficient in terms of hardware
utilization and power consumption [31]. In the frame of this thesis, the ReLU6 activation
function is used.

Fully Connected layer

The perceptron described in Section 1.1.1 can be considered as a linear classifier for which the
decision boundary is a hyperplane defined in equation (1.7) [24].

b+ w1 · x1 + ...+ wnin
· xnin

= 0 (1.7)

The perceptron is therefore limited because it has only a linear decision boundary. For example,
it means that the perceptron can learn the AND and OR Boolean functions but can not learn
the XOR function [32]. To be able to build non-linear models, a topology of perceptrons needs
to be used, as illustrated in Figure 1.3 [10]. Therefore, a fully connected layer used in CNN is a
set of Nin inputs that are fed to Nout perceptrons. The Nout outputs are either fed to another
fully connected layer or are used as the output of the CNN.

8



𝑥1

𝑥𝑁𝑖𝑛

1

𝑦1

𝑦𝑁𝑜𝑢𝑡

𝑁𝑖𝑛 𝑁𝑜𝑢𝑡

𝑏𝑖𝑎𝑠

Figure 1.3: A fully connected layer

A fully connected layer is characterized by the number of neurons, activation function, and
the value of weights. The output vector y is defined by equation (1.8), where x is the input
vector (x0 = 1 corresponds to the biases), w is the weights vector (wi

∗ are the weights of the ith
perceptron and w∗0 are the biases), and h is the activation function [18].

y = h(wT x) ⇔ ∀o ∈ {1, ..., Nout} : yo = h(
Nin∑
i=0

wo
i · xi) (1.8)

As we have seen that perceptrons can be used to construct a non-linear classifier, we see in
the next section the main operation in the CNN: the convolution, which extracts the features
from input images.

Convolutional layer

As said previously, fully connected layers are non-linear classifiers. They take the extracted
features of the input converted as a one-dimension vector [10]. As a result, the fully connected
layers are usually placed at the end of CNNs. Therefore, the first layers extract features from
the input to feed the fully connected layers [12]. Those extracting features layers are named
convolutional layers.

The main operation in a CNN is the convolution which consists of extracting the features from
the input image, also called input Feature Map (FM) [12, 33]. It is the main operation on a
CNN, and it is the layer that gives the network its name. The first layers extract low-level
features of the input FM while the deepest layers use these low-level features to build high-level
ones [27].

The notation for describing the different entities of the layer is inspired by Ma et al. [34]. The
input FM is characterized by 3 parameters: Nix the width, Niy the height, and Nif the depth.
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As shown in Figure 1.4a this FM can be seen as successive layers of pixels forming a cuboid.
Each layer is called a channel composed of Nix ×Niy pixels.

Then, the convolution layer is used to correlate this FM and a 4D weight filter to build an
output FM, composed of high-level features [33]. This filter is composed of Nof kernels, where
each kernel has size Nkx × Nky × Nif , as can be seen in Figure 1.4b. The output FM is also
characterized by three parameters: width Nox, height Noy, and depth Nof . Figure 1.4c illustrates
the general layout of an output FM. The purpose of each kernel is to produce one channel of
the output FM.

𝑁𝑖𝑥

𝑁𝑖𝑓

𝑁𝑖𝑦

(a) Input FM

𝑁𝑘𝑥

𝑁𝑖𝑓

𝑁𝑘𝑦

𝑁𝑜𝑓

(b) A convolution kernel
𝑁𝑜𝑥

𝑁𝑜𝑓

𝑁𝑜𝑦

(c) Output FM

Figure 1.4: Volumes involved in the convolution operations

The convolution operation is illustrated in Figure 1.5. It can be considered as a specialized
linear operation and is divided into five steps [24, 35]:

1. A window of the same size as a kernel extracts a chunk of pixels from the input FM.

2. The extracted chunk of pixels is element-wise multiplied with a kernel.

3. The output pixel is obtained by summing the products from the previous step.

4. The previous steps produce one output pixel of one channel. To compute one output
channel, we simply slide the window on the input FM and repeat the first three steps.
The output pixel at position (x, y) is obtained by the movement of the sliding window
from the top left of the input FM.

5. We repeat the previous operations with each kernel of the weight filter to obtain the
output FM.
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Figure 1.5: Convolution operation

Except for 1× 1 kernel, a spatial reduction between the input and output FM is observed, while
the convolution can be used to increase the number of channels (if Nif < Nof ). It is explained
by the fact that the sliding window movements can not go beyond the size of the input FM.
Indeed, as the number of output pixels in one spatial axis is determined by the movement of the
sliding window from the top left of the input FM, if the spatial dimensions of the two FM were
equal, the sliding window extracts a chunk of data of spatial size Nkx ×Nky centered around
each pixel of the input FM. However, it would also mean that the sliding window can extract
pixels that do not exist for the chunk of data centered on the edges of the input FM. Therefore,
we can express the spatial reduction using equation (1.9) [34].

No{x,y} = Ni{x,y} −Nk{x,y} + 1 (1.9)

Padding can be used to avoid this spatial reduction. It consists of increasing the spatial
dimensions (width and height) of the input FM by inserting extra pixels (usually 0 value)
around the edges of the input FM [12]. Using padding, the spatial dimension increase can be
expressed using Equation (1.10), where Ni′{x,y} are the spatial dimensions of the input FM with
padding applied. If we replace Ni{x,y} by Ni′{x,y} in Equation (1.9), there is no reduction in the
dimensions.

Ni′{x,y} = Ni{x,y} +Nk{x,y} − 1 (1.10)

The sliding movement of the window on the input FM is called the stride and is initially set to
1. The stride can be increased to decrease the spatial dimensions of the output FM [12]. For
example, if padding and a stride of 2 are used: Nix

Nox
= Niy

Noy
= 1

2 , and hence the output FM has
4 times fewer pixels. Equation (1.11) represents the spatial reduction during convolution as a
function of the stride [34]. There are also other ways to reduce the spatial dimensions of the
output FM. One of them, named pooling, will be developed in the next section.

No{x,y} =
⌊
Ni{x,y}

S

⌋
−Nk{x,y} + 1 (1.11)

In summary, the whole convolution operation can be mathematically defined by Equation (1.12)
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[18].

∀ox ∈ {1, ..., Nox}, oy ∈ {1, ..., Noy}, of ∈ {1, ..., Nof} :

FMO[ox, oy, oc] =
Nif∑

if=1

Nkx∑
kx=1

Nky∑
ky=1

FMI

[
ox · S + kx−

⌊
Nkx

2

⌋
, oy · S + ky −

⌊
Nky

2

⌋
, if

]
·W of

if [kx, ky]

(1.12)

According to Goodfellow et al. [27], the convolutional layer shows several advantages compared
to the fully connected layer. Indeed, the convolutional layer is sparsely connected, which means
that there are fewer connections between the different layers. The convolutional layer is then
easier to train and the convolution keeps spatial information.

Moreover, it has also parameter sharing: the same kernel is used to compute one channel of the
output FM and fewer parameters are needed. To illustrate this weight reduction, in AlexNet
[25], 94% of the weights are used in the fully connected layers. However, convolution is a
computationally heavy operation. For example, in VGG-11, 98.2% of the operations are done in
the convolution layers [36].

Furthermore, if the input FM is a vector (Nix = Niy = 1), then it means that the convolution
and the fully connected layer perform the same operation.

As the convolution has a huge arithmetic complexity, we see in the following section an alternate
way to perform convolution while reducing its complexity.

Depthwise Separable Convolution

Depthwise Separable Convolution (DSC) was first introduced by Sifre et al. [37]. According
to Chollet [38], “A depthwise separable convolution consists in a depthwise convolution,
i.e. a spatial convolution performed independently over each channel of an input, followed by
a pointwise convolution, i.e. a 1 × 1 convolution, projecting the channel’s output by the
depthwise convolution onto a new channel space”.

It means that the DSC is composed of a depthwise convolution followed by a pointwise convolu-
tion, as illustrated in Figure 1.6. This alternative form of convolution was developed to reduce
efficiently the number of weights and the arithmetic complexity, in exchange for a limited loss
of accuracy [12]. As a result, the DSC has significantly fewer parameters and operations to the
standard convolution, which was described previously. Equations (1.13) and (1.14) are used to
express the reduction factors on weights and operations, where F∗ are the reduction factors,
Wsc and Osc (resp. Wdsc and Odsc) are the weights and operations required for a standard
convolution (resp. DSC) [12, 39].

Fw = Wdsc

Wsc

= Nkx ×Nky ×Nif +Nif ×Nof

Nkx ×Nky ×Nif ×Nof

= 1
Nof

+ 1
Nkx ×Nky

(1.13)
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Figure 1.6: Depthwise Separable Convolution, inspired by [12, 39]

Fo = Odsc

Osc

= Nkx ×Nky ×Nif ×Nox ×Noy +Nif ×Nof ×Nox ×Noy

Nkx ×Nky ×Nif ×Nof ×Nox ×Noy

= 1
Nof

+ 1
Nkx ×Nky

(1.14)

Using Equation (1.13), Equation (1.14), and 3×3 kernels, the reduction factors of computational
complexity and weights are about 9 times (in comparison with the standard convolution) [40].

Pooling

A Pooling layer is used to replace the output of the previous layer by a summary statistics of
this output [27]. It is usually inserted between two successive convolutional layers to modify the
output further.

Its goal is first to make the output approximately invariant to small translations. Second, it
decreases the spatial size of each output FM. It means that we need less memory to store the
parameters [27]. In summary, it reduces the number of parameters and computation of the
network while increasing the receptive field [8, 24].

The pooling layer divides each FM into regions of size K ×K and outputs one pixel from each
region. This way, the number of channels is kept constant while their spatial dimension is
reduced by factor K. Various pooling functions exist, but the most common form uses filters of
size 2× 2. For example, the MAX pooling selects the highest value pixel from 4 samples, and
the AVG pooling selects their average (meaning a 75% reduction of the pixels) [41]. Figure 1.7
illustrates an example of a pooling layer using MAX and AVG pooling.
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Figure 1.7: Examples of pooling layers

Summary

The summary of this section is provided in Figure 1.8. First, an input image is fed to the CNN.
Then, three different kinds of layers can be used:

1. The convolutional layer, which extracts the features from the input.

2. The pooling layers, which summarizes the output of the previous layer.

3. The fully connected layer, which is a non-linear classifier.

A typical CNN is composed of two parts, which are built from stacking the previously mentioned
layers [24]:

1. The feature extractor part, composed of blocks made of convolutional, activation, and
pooling layers.

2. The classifier part, composed only of fully connected layers.

Input image

CNN

… Output

Fully connected
layers

Convolu�on layer

Channel of FM

Pooling layer

Channel of 
pooled FM

…

Feature extractor Classifier

ac�va�onac�va�on ac�va�on ac�va�on

Figure 1.8: Working principle of a CNN and the different layers which composing it
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1.1.2 CNN Models

After the analysis of the CNN structure in Section 1.1.1, this section details some of the
well-known CNN networks. They are examples of how to construct an efficient CNN.

AlexNet

AlexNet is a famous CNN which was developed in 2012 by Krizhevsky et al. [25]. It was a
breakthrough in the deep CNN field and this model won the ImageNet competition. Krizhevsky
et al. used some parameter optimizations and made the model deeper to considerably improve
the learning ability of the CNN [10]. It is composed of 5 convolutional layers and 3 fully
connected layers, as seen in Figure 1.9. Each convolutional layer has a ReLU activation function
and it uses pooling.

Figure 1.9: An illustration of the architecture of AlexNet, from [25]

VGG

After the success of AlexNet in 2012, research was carried out to reduce the computational
complexity while keeping accuracy. In 2014, VGG, a deeper variant of AlexNet was developed
by Simonyan et al. [42]. It is composed of 5 groups of convolutional layers, where the number
of layers depends on the version of VGG. It won the localization in the ImageNet challenge in
2014 [42]. An illustration is provided in Figure 1.10. This level of depth was possible thanks to
the application of very small (3 × 3) convolution kernels. They allow a larger receptive field
with fewer parameters and more non-linearities than a larger kernel [24]. However, it has a high
memory request. 100MB per image needs to be stored in all FMs for the forward propagation
[24].
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Figure 1.10: An illustration of the architecture of VGG16, from [42]

ResNet

He et al. [11] developed ResNet in 2015. It is a very deep network which can contain from 50 to
1000 convolutional layers. It is composed of structures that are more complex and irregular than
in the networks described previously. He et al. [11] showed that an increase in the depth of the
network does not lead to an improvement in the performance. Indeed, beyond a certain amount
of layers, a continuous increase of the depth leads to the degradation of the accuracy. This is
not due to overfitting. It is because the deeper models are harder to optimize than shallower
ones (vanishing gradient described in Section 1.1.3) [24].

However, deeper networks should at least have similar or better performance than shallower
ones. Indeed, let’s compare a deep and a shallow network. If the deeper network is composed
of the same layers than the shallower one and that the other added layers are just identity
mapping, then the network should have the same performance as the shallower one. Therefore,
a deeper network should not have worse performance than shallower ones [24].

To overcome this issue, He et al. [11] introduced an identity shortcut connection which skips one
or more layers and set weights to the identity, as can be seen in Figure 1.11. These weights
associated with the shortcut connection can be used to learn a residual F(x) to improve the
solution. The performance of this very deep network allowed it to win the 2015 ILSVR for both
localization and classification.
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Figure 1.11: ResNet building block, from [11]

MobileNetV2

According to Cheng et al. [21], the performance of CNN in recent years became outstanding.
These improvements came at the cost of storage and computational complexity. It is not an
issue for the CNN training phase, because the GPU and CPU also gained in computational
units and memory. However, for the inference phase, the computational complexity and the
storage requirements are way beyond the capabilities of most of the embedded applications and
mobile devices such as FPGA [21].

• The enormous computational complexity of CNNs makes it difficult to deploy on real-time
applications and it consumes battery power.

• The large number of parameters of CNNs consumes considerable storage and run-time
memory.

To overcome this issue, Sandler et al. [22] introduced a network called MobileNetV2 in 2018. It
is specifically developed for constrained environments. First, the size and number of operations
are decreased thanks to DSC (see Section 1.1.1) and thanks to a new type of layer Bottleneck
residual block that performs the bottleneck convolution, which can be observed in Figure 1.12
and Table 1.1. This layer is composed of a 1× 1 convolution to expand the number of the input
FM channels by a factor t (Nintf = t×Nif ). It is then followed by a DSC. The purpose of the
first convolution layer which increases the number of channels is supposed to counterbalance the
loss of information that occurred by the ReLU activation. They also added a skip connection to
build a network of great depth, and the last convolution has a linear activation function [22].
Moreover, the bottleneck convolution uses padding and the output FM spatial dimensions are
reduced using the stride S.
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Input Operator Output
Nix ×Niy ×Nif 1× 1 conv2d, ReLU6 Nix ×Niy × (t×Nif )

Nix ×Niy × (t×Nif ) 3× 3 dwise s=s, ReLU6 Nix

s
× Niy

s
× (t×Nif )

Nix

s
× Niy

s
× (t×Nif ) 1× 1 conv2d Nix

s
× Niy

s
×Nof

Table 1.1: Bottleneck convolution, from [22]

Figure 1.12: Bottleneck residual block, from [22]

MobileNetV2 is also composed of standard convolution, pooling, and 1× 1 convolution layers.
More information about the structure of MobileNetV2 can be found in Appendix A. In the
frame of this thesis, we design an FPGA-based accelerator that implements MobileNetV2.

1.1.3 Training

The previous section described the common building blocks present in CNNs and how to design
a CNN. This section aims at detailing how a network improves automatically its performance
for a specific task. This is called learning.

The learning phase starts after designing the network. However, before the model can learn, we
have to initialize the weights. The most common initialization is a random Gaussian distribution
[43]. However, the learning phase is affected by the initial values of the weights. If it is too
small the network does not learn or if it is too large it might take a very long time to converge.
Different initializations were suggested to improve the learning phase: Xavier initialization [26]
and He initialization [43].

When values are assigned to the weights, the back-propagation algorithm can be performed
to improve the efficiency of the network. The back-propagation algorithm is composed of two
steps: the forward-propagation and the back-propagation. In the following sections, we briefly
review each of them.
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Forward-propagation

The first step of the backpropagation algorithm is the forward propagation. During this step,
the training data are used as input of the model, and each input is propagated through the
network using the initialized weights. A vector of outputs is produced and is compared using a
loss function (for example mean-square error defined by Equation (1.15)) with the label of the
input (target t) [24]. The weights are then adjusted to minimize the loss function. This can be
done using the algorithms found in the next section. When the model is trained, the inference
consists only of the forward-propagation [18].

L(x,w) =
N∑

i=1
(ti − p(xi,w))2 (1.15)

Back-propagation

According to Ruder [44], gradient descent optimization algorithms are the most common ones
used to perform optimizations on NN. These algorithms derive from the idea of gradient descent.
As said in the previous section, gradient descent is a way to minimize the loss function to
parametrize the weights of the model. Equation (1.16) defines the gradient descent algorithm,
where η is the learning rate, a positive scalar determining the size of the step in the direction
minimizing the gradient [27, 44]. If we update the weight in the opposite direction of the
gradient, we can reach a local minimum.

w = w − η∂L(x,w)
∂w

(1.16)

The original gradient descent or batch gradient descent computes the gradient using
the whole dataset (the batch) [24, 44]. Equation (1.17) is used to compute this batch gradient.
However, this might be impossible to do in practice if the dataset is too large. Indeed, the
gradient of the whole dataset has to be computed for each update. Therefore, variations of this
algorithm have been proposed to make the gradient descent practical.

∂L(x,w)
∂w

= 1
Nin

Nin∑
i=0

∂L(xi,w)
∂w

(1.17)

Stochastic gradient descent, instead of using the entire dataset, performs the gradient
descent algorithm on each training sample of the whole dataset [44, 24]. Equation (1.18)
computes the stochastic gradient descent. It avoids the redundant computation of the batch
gradient descent. It learns faster and can reach better local minima, however, it is complicated
to find the global minimum.

∂L(x,w)
∂w

= ∂L(xi,w)
∂w

(1.18)

Mini-batch gradient descent is a trade-off between the two previous approaches [44, 24]. It
performs an update of the weights for every mini-batch of the whole dataset. Equation (1.19)
computes the mini-batch gradient descent, where N is the number of training samples. It shows
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a better convergence than stochastic gradient descent by reducing the variance and has fewer
computations than batch gradient descent.

∂L(x,w)
∂w

= 1
N

N<Nin∑
i=0

∂L(xi,w)
∂w

(1.19)

1.2 Field Programmable Gate Array (FPGA)

As developed in the Introduction, the focus on this study is on accelerating the inference stage
on FPGA. According to Mittal et al. [45], FPGAs provide higher energy efficiency than both
GPUs and CPU and higher performance than CPUs. Besides, FPGAs are very flexible hardware
that can be tailored for each particular NN [46]. Furthermore, we can expect in the future that
FPGAs will provide higher performance for performing CNNs than GPU [16].

According to Harris et al. [47], the definition of an FPGA is: “a Field-Programmable Gate
Array (FPGA) is an array of reconfigurable gates”. The characteristic of this platform is that
it can implement combinational and sequential logic but also multilevel functions. An FPGA
also integrates built-in multipliers, high-speed I/Os, data converters, large RAM arrays, and
processors.

An illustration of the general FPGA layout is provided in Figure 1.13. An FPGA consists of an
array of configurable logic elements (LE), also called configurable logic blocks (CLB) [47]. Each
LE can be configured to execute either combinational or sequential logic. Each LE is connected
to other LEs to form an array. To interface with the outside world, the array is connected to a
set of input/output elements (IOE).

Figure 1.13: General FPGA layout, from [47]

Designs can be implemented on an FPGA using a software programming tool that can use either
a Hardware Description Language (HDL) or a schematic. An HDL is a language that gives
the specifications of digital design. The interest in using this language is the fast development
cycle compared to a schematic, due to the higher abstraction level and the gate optimizations
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[47]. The most popular HDL are VHDL and SystemVerilog which mostly differ on syntax. The
architecture of this work is implemented in SystemVerilog.

The design flow of an FPGA can be described as follows [48]. First, the programmer creates the
design of interest using either a schematic or HDL. Second, the design is synthesized, which
means that the software determines how to configure the components of the FPGA to execute
the specified function. Third, the software assesses if the design is correct using a functional
simulation. If it is correct, the software fits the element into the FPGA and does the timing
analysis. This step simulates the real delay to check if the timing requirements are met. Finally,
the design is programmed into the FPGA when the timing analysis simulation is correct.

To perform a functional simulation of the proposed Device Under Test (DUT), we can use a
testbench [47]. According to Harris et al. [47], “The testbench contains statements to apply inputs
to the DUT and ideally, to check that the correct outputs are produced”. However, this practice
is tedious and error-prone. Instead, we can use a self-checking testbench. In the frame of this
thesis, we chose an alternative approach. Since we have to verify a huge number of outputs, the
testbench produces instead an output file, which contains all outputs produced by the DUT.
Therefore, we can compare the obtained results with the expected ones using a programming
language (Python has been used).

Conclusions about the Background:

We have shown in this chapter what is a CNN, how to build, and train it. We
have also seen that the most performing models have a huge computational complexity
and memory utilization, which limits the implementation of such models on mobile
platforms, such as FPGA. We have also seen what is an FPGA, what are its components,
and how to construct a hardware design on it.
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Chapter 2

State of the Art

Chapter Background detailed all the background information required to understand the theory
behind CNN and FPGA. This chapter aims at reviewing the main optimization techniques
known in the literature to implement an efficient CNN accelerator on FPGA, to achieve the
objective of this thesis.

Section 2.1 details optimization techniques to modify the computational model of the CNN
allowing an efficient inference on FPGA. Section 2.1.1 is focused on reducing the algorithmic
complexity of the CNN by optimizing the convolution operation while Section 2.1.2 covers
techniques to trade accuracy for a reduction of the number of parameters and algorithmic
complexity.

Section 2.2 is focused on studying efficient ways to handle a CNN on FPGA. First, we review
how a general CNN is implemented while reducing inefficiencies. Then, we look at architectures
that successfully implement DSC in Section 2.2.2, and pruning in Section 2.2.3.

2.1 CNN optimizations for FPGA

Section 1.1.2 highlighted the issues experienced when implementing the inference phase on
mobile devices such as FPGA. Indeed, the computational complexity and the storage utilization
required by the most performing models are beyond the FPGA resource capability. Therefore,
this section explores the state-of-the-art approaches to reduce the arithmetic complexity and
hardware utilization to accelerate the inference stage on FPGA. Section 2.1.1 details how to
efficiently optimize the convolution operation on FPGA. Section 2.1.2 covers techniques to
reduce the size of the model and hence the number of parameters and operations required.

2.1.1 Algorithmic Optimizations

According to Shawahna et al. [8], 90% of computation time in CNN is consumed by the
convolution operation. Therefore, decreasing the number of operations in a convolution will
reduce the computational complexity of CNN. This section investigates algorithms that accelerate
the convolution operation.
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GEMM

General Matrix Multiplication (GEMM) is commonly used to process CNN on CPU and GPU
[18]. The GEMM converts the convolution operation as a matrix-vector multiplication. In
other words, a mini-batch of input FM and kernels are transformed into two 2D matrices, as
illustrated in Figure 2.1. It is done in such a way that the multiplication between those two
matrices gives the same result as a standard convolution.

Figure 2.1: GEMM-based processing of a standard convolution layer, from [18]

The advantage of this method becomes more significant as the size of the mini-batch grows [18].
However, this approach is not appropriate for FPGA. Indeed, Zhu et al. [35] and Sze et al. [49]
pointed out that the FMs, when converted to a vector, must be copied multiple times. It leads
to huge memory storage requirements, memory footprint, and complex memory management
access patterns. Furthermore, it does not reduce the arithmetic complexity of the convolution
[50].

Fast algorithms for convolution

As mentioned previously, the GEMM can accelerate the convolution but it does not reduce
the number of operations. Therefore, we can investigate algorithms that aim at computing the
convolution operation with fewer operations, named fast convolution algorithms. According
to Liang et al. [50], there exist two fast convolution algorithms that perform efficiently the 2D
convolution: Winograd minimal filter algorithm and Fast Fourier Transform (FFT).

The idea behind these fast convolution algorithms is to transform a kernel and a tile of input
into a target domain, where the convolution corresponds to an element-wise multiplication in
that domain [18]. In the end, we can obtain the corresponding tile of output by applying the
inverse transformation on the product tile. As a result, the fast algorithm produces a tile of
output (rather than a single pixel) and reduces the total number of operations by computing an
element-wise multiplication (rather than a multiplication followed by an addition).

Therefore, both fast convolutions can be described by a common formula, as expressed in
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Equation (2.1), where To (resp. TI) is the output (resp. the input) tile, K is the kernel, H (resp.
H−1) is the domain transformation (resp. the inverse transformation) required to perform the
algorithms and � is the element-wise multiplication [50].

TO = H−1[ H(TI) � H(K) ] (2.1)

Winograd-based convolution

The Winograd minimal filter algorithm was first introduced by Winograd [51]. According to
Equation (2.1) and Abdelouahab et al. [18], the algorithm can be defined using the following
steps:

• An input FM tile TI of size (Tix × Tiy) is pre-processed:

H(TI) = GTTIG

• In the same way, the kernel K, of size (Kx ×Ky) is also transformed:

H(K) = BTKB

• The inverse transformation function is then applied to obtain the output tile:

H−1(E) = ATEG

Where E is the result of the element-wise multiplication of the two transformed tiles.

E = H(TI) � H(K)

As a result, the output tile TO, of the Winograd Filtering algorithm denoted F (Tix×Tiy, Kx×Ky),
is computed using Equation (2.2) [51]. The advantage of using the Winograd-based convolution
is that the transformation matrices G, B, A can be computed off-line once (Tix, Tiy, Kx, Ky)
are fixed, using the Winograd Algorithm [51]. Therefore, these domain transform operations
become multiplications with a constant and can be optimized on FPGA [50].

TO = AT [ GTTIG�BTKB ]A (2.2)

According to Winograd [51], the Winograd convolution reduces the number of multiplications
at the cost of an increase in the number of additions. The gain obtained is defined in Equation
(2.3) [51]. For example, if Tix = Tiy = 2 and Nkx = Nky = 3, the complexity reduction factor
Fmultiplication equals 2.25 [52].

Fmultiplication = Tix × Tiy ×Nkx ×Nky

(Tix +Nkx − 1)× (Tiy +Nky − 1) (2.3)

FFT-based convolution

The FFT, introduced by Cooley et al. [53], is an algorithm used to compute the discrete Fourier
transform. As presented earlier, once the tile and kernel are in the frequency-domain, the
operation corresponding to the convolution is the element-wise multiplication. Therefore, we
can use the FFT to perform the convolution operation described in Equation (2.1), where [50]:
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• H(∗) = FFT (∗)

• H−1(∗) = IFFT (∗)

Using FFT, the computational complexity factor can be reduced from O(Nix×Niy×Nkx×Nky)
to O(Ni{x,y}log2(Nk{x,y})) [54].

Comparison between the two fast convolution algorithms

Winograd-based convolution seems to be a preferred way to perform fast convolution. Indeed,
Lavin et al. [52] demonstrated that Winograd convolution is more efficient when the kernel and
the stride are small (K∗ ≤ 3 for the kernel) while FFT-based convolution is more adequate
when the kernel is large [55, 56]. However, current CNN trends use small kernels [22, 50] and so,
the Winograd convolution.

Moreover, there are examples of successful FPGA implementations of Winograd algorithm: Liang
et al. [50] and Aydonat et al. [57] used Winograd transform and reduced their computational
complexity by around 50%. However, the Winograd algorithm also increased bandwidth
utilization [58].

Yet, Liang et al. [50], Chitsaz et al. [56], and Zeng et al. [59] worked on the optimization
of the frequency-domain convolution on FPGA with small filter by using Overlap-and-Add
(OaA) technique [54] to lower the number of operations and increase the data parallelism.
However, according to Liang et al. [50] and Podili et al. [60], FFT-based convolution still requires
more memory, bandwidth, and logic resources (additions and multiplications) than Winograd.
Furthermore, Zhang et al. [61] pointed out that performing FFT convolution with 1× 1 kernel
is inefficient, and they performed it in time-domain only.

2.1.2 Model Optimizations

As mentioned previously, the major issues, when implementing a CNN on an FPGA, are the
CNN size and its computational complexity. Research was done to develop techniques tackling
those two issues by directly modifying the CNN architecture. Nurvitadhi et al. [16] believe that
sparsity exploitation and extremely compact data types will become the norm in next-generation
CNNs.

Efficient Model Design

Section 1.1.2 presented several state-of-the-art models. However, those models (except Mo-
bileNetV2) were designed to provide the highest performance possible but did not consider the
implementation of such models on mobile and embedded devices [62]. Therefore, several other
models were designed to run on such constrained platforms trading a reduction of the number
of parameters and operations in exchange for a drop of accuracy. Indeed, if we observe Figure
2.3, the lightweight models do not match the high-performance ones in terms of accuracy only.
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A clever choice of design decreases the number of parameters and computations of the model
while reducing the drop of accuracy. As many approaches were proposed to reduce the size of
a model, this study will focus on architectures that target the embedded space. This section
describes five of these architectures:

• SqueezeNet [62] was focused on reducing the number of parameters of AlexNet (see
Section 1.1.2) by introducing a new building block: Fire Module. Therefore, their
architectures are very similar. SqueezeNet replaces all layers (except the first and last
one) by Fire Modules. The Fire Module, observed in Figure 2.2a, is composed of two
convolutional layers. The first one called squeeze block only performs 1× 1 convolutions to
squeeze the number of input channels. The reduction of the number of channels decreases
the computational complexity and number of parameters of the next convolutional layer.
Moreover, they also chose 1 × 1 convolution because it requires fewer parameters than
3× 3 convolution. The second convolutional layer called expand block is composed of 1× 1
and 3 × 3 convolutions. With this architecture, the size of AlexNet is decreased from
240MB to 4.8MB [62]. It can even be reduced to 0.47MB without a drop in accuracy
method by applying Deep Compression [63]. However, it has a big memory footprint, is
slower in runtime, and consumes more energy than AlexNet [49].

• MobileNet [30] uses DSC, described in Section 1.1.1, to build small and low latency
models that can fulfill the design requirements, as can be seen in Figure 2.2b. Two
hyper-parameters are used to set the model size and throughput:

– The width multiplier α ∈ [1; 0[, which reduces the number of input and output
channels at each layer,

– The resolution multiplier ρ ∈ [1; 0[, which reduces spatially the input and output
FMs at each layer.

• ShuffleNet was developed by Zhang et al. [64], in 2018. It is designed to be a computation
efficient architecture, especially for mobile devices with very limited computing power.
Indeed, it reduces the computation cost while maintaining the accuracy by using pointwise
group convolution, decreasing the computation complexity of 1 × 1 convolutions. It
also uses channel shuffle operation on the channels such that group convolutions
obtain information from different groups. Then more powerful structures can be built with
multiple group convolutional layers. However, the group convolutions and the bottleneck
structures add Multiply-Accumulate (MAC) which is a non-negligible cost [65]. The group
convolution contributes to network fragmentation and reduces parallelism. Moreover, the
“Add” operation, as seen in Figure 2.2c, is quite significant.

• NasNet was developed by Zoph et al. [66], in 2018. The idea was to use a search method
called Neural Architectural Search (NAS), to find good convolutional architectures on a
specific dataset. For that purpose, NasNet uses a Recurrent Neural Network (RNN) to
generate efficient architectures. The RNN generates sample child networks with different
architectures, which are trained to convergence. The accuracy of the child networks is
used to train the RNN, which will generate better architectures over time. A convolution
layer can be seen in Figure 2.2d. The learned architecture is flexible as it may be scaled
in terms of computational cost. The network provides a higher accuracy with comparable
parameters and MAC than MobileNet and ShuffleNet (described previously) [66]. However,
the resulting network ends up very complex [22].

• MobileNetV2 was developed by Sandler et al. [22], in 2018. It is an improvement
of MobileNet (described previously) in terms of accuracy and does not require special

26



operators. It has also a smaller memory footprint. Furthermore, MobileNetV2 has faster
inference and fewer parameters than MobileNet. MobileNetV2 has already been explained
in Section 1.1.2.

(a) Squeezenet Fire Module[62] (b) MobileNet convolutional block [30]

(c) ShuffleNet convolutional block [64] (d) NasNet convolutional blocks [66]

(e) MobileNetv2 convolutional blocks [22]

Figure 2.2: Convolutional block from different architectures

The architecture used in this work was developed to implement MobileNetV2 because of its
simplicity and its state-of-the-art performance (see Table 2.1). Moreover, MobileNetV2 requires
fewer parameters while providing state-of-the-art accuracy when comparing to the different
architectures, as shown in Figure 2.3.

27



Network Top 1 Params MAdds CPU
MobileNetV1 70.6 4.2M 575M 113ms

ShuffleNet (1.5) 71.5 3.4M 292M -
ShuffleNet (x2) 73.7 5.4M 524M -

NasNet-A 74.0 5.3M 564M 183ms
MobileNetV2 72.0 3.4M 300M 75ms

MobileNetV2 (1.4) 74.7 6.9M 585M 143ms

Table 2.1: Performance on ImageNet, comparison for different networks [22]

Figure 2.3: Ball chart reporting the Top-1 accuracy of various architectures vs. their computa-
tional complexity [67]

Pruning

To improve the inference phase of a CNN, pruning can be used, especially for platforms with
limited computational resources [68]. According to Liu et al. [68] and Denton et al. [69], the
huge number of parameters in a network might create a problem of over-parametrization.
Over-parametrization means that there are redundancies in NN parameters and that the same
performance could be achieved with only a subset of them. In other words, a lot of parameters
are unimportant or unnecessary [21]. Pruning is defined as removing the parameters considered
as not important. For example, Baoyuan Liu et al. [70] achieve more than 90% sparsity of
parameters in convolutional layers in AlexNet with less than 1% accuracy loss.

We can explain why pruning works by The Lottery Ticket Hypothesis [71, 72]: “A randomly
initialized, dense neural network contains a subnetwork that is initialized such that—when trained
in isolation—it can match the test accuracy of the original network after training for at most
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the same number of iterations.” From this postulate, those unimportant weights can be set to
zero (prune) because they do not improve the accuracy of the model.

According to Cheng et al. [21], pruning has two major benefits for the inference phase. First,
less storage is required. Indeed, the non-pruned weights are sparsely distributed among the
kernels. Thus, they can be stored in a compressed format reducing memory utilization. Second,
pruning reduces the arithmetic complexity of the network. As convolutions perform a weighted
sum with the input FM, each Multiply-Accumulate (MAC) operation with a pruned weight can
be discarded. Moreover, Han et al. [73], Mao et al. [74], and Kang [75] pointed out that some
pruning ratios can also improve the accuracy of the network, which can be explained by a form
of regularization.

Various pruning schemes are focused on increasing the sparsity of the network without a drop
of accuracy [63, 73]. We call this pruning scheme where all unimportant parameters are pruned
without extra constraint unstructured pruning [21]. However, it is challenging to exploit
the performance and the high parallelism of FPGA with this kind of pruned network. Indeed,
this kind of pruning scheme creates irregularities in the data access pattern [35]. It means that
the number of pruned weights is different in each kernel, and we should adapt the circuitry to
the worst case. As a consequence, all filters conduct wasteful operations except the worst case
[76]. Furthermore, Anwar et al. [77] pointed out that unstructured pruning requires overhead
for computing addresses of the sparse non-pruned elements. Therefore, we should find pruning
patterns that would be more hardware-friendly.

In contrast to the unstructured pruning, we have structured pruning schemes [75]. They
combine a structure regularization for accuracy and locality optimization for computation
efficiency. According to Anwar et al. [77], “Structured pruning has no or little extra costs”. We
can categorize the various schemes into different groups [21, 75, 77, 78]:

• Depth-wise: all the weights of a layer are pruned. The layer is then removed.

• Kernel-wise: instead of pruning all the weights, we keep a ratio of kernels, which means
a reduction of the number of output channels. This pruning scheme is provided in Figure
2.4a.

• Channel-wise: it is one of the most popular methods because it still can fit in the
convolutional deep learning frameworks [68]. A layer of the input FM is pruned, which
means that the layer is also pruned in all the kernels, as can be seen in Figure 2.4b.

• Shape-wise: we prune the same weights in each kernel or group of kernels. For example,
this pruning scheme was used in Zhu et al. [35]. It is illustrated in Figure 2.4c
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(a) kernel-wise pruning (b) channel-wise pruning

Group 1

(c) shape-wise pruning

Figure 2.4: Structured pruning schemes, where the yellow weights are the pruned ones, inspired
by [21]

The previously cited pruning schemes are ordered from very coarse-grained to fine-grained
sparsity [74]. As explained previously, coarse-grained sparsity (channel-wise and filter-wise
pruning) provides a higher acceleration and can be used when implementing CNN on GPU or
CPU [21, 74]. However, finer-grained ones provide higher accuracy and as the sparsity increases,
the accuracy is less affected, as can be seen in Figure 2.5. Therefore, this work focuses on
developing customized hardware that can exploit a more fine-grained sparsity [74] to provide a
higher pruning while limiting the drop of accuracy.

Figure 2.5: Accuracy-Sparsity Curve of AlexNet obtained by pruning [74]

Some studies focused on the acceleration of the inference step of lightweight models thanks to
pruning. Zhang et al. [40] and Tu et al. [79] applied pruning on DSC kernels. They both chose
Channel-wise pruning because it does not create sparse connections and it efficiently improves
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the speed of the inference. It also reduces the computational cost of the 1 × 1 (pointwise)
convolutions, which has the biggest number of parameters and computational complexity. In
MobileNet, it is about 95%. By discarding one channel, the associated depthwise convolution is
also avoided. Moreover, the pointwise kernel producing that channel in the previous block can
also be pruned. We can see the process in Figure 2.6.

Figure 2.6: Pruning a depthwise separable convolution [79]

In this work, we focus on a structured pruning scheme for depthwise separable
convolution. More precisely, we develop an architecture on FPGA than combines
both advantages of pruning and depthwise separable convolution.

Quantization

Quantization is an approach to trade accuracy for a decrease of the storage requirements of
a network [63]. Indeed, we can define quantization as the reduction of the number of bits
representing a weight or pixel. Moreover, instead of using a floating-point number, we can use
a fixed-point number [21]. As said previously, fixed-point numbers are known to be more
efficient on hardware such as FPGA because we can use integer arithmetic [31]. Quantization to
fixed-point numbers can then reduce the memory requirement and the latency of the inference
stage.

The format to encode the fixed-point representation of a real number is the Q-format [80]. A
N-bit number, noted Qm.n, is divided into two parts separated by an implied binary point. The
m bits are used to represent the integer part of the number (including the sign bit), and the
n bits are used to represent the fractional part, as can be seen in Figure 2.7. The bitwidth
associated with each part can be either the same, either fine-tuned for each layer after analysis.
Indeed, Qiu et al. [81] and Yin et al. [82] choose a different range for each layer, but doing it for
every weight is not memory-efficient.

Sign bit

Integer part
(m bits)

Implied binary
point

N bits

Frac�onal part
(n bits)

Figure 2.7: Illustration of the Q-format
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As pointed out by Han et al. [63], quantization and pruning techniques are orthogonal and can
be combined to compress further the network. Unfortunately, not all existing networks are
friendly for quantization, like MobileNet. MobiletNet with quantized pixels and weights has a
large drop of accuracy compared with its Non-quantized version (70.50% using floating-point
model vs 1.80% using an 8-bit pipeline) [83]. However, the work of Sheng et al. [83] showed
that the source of the accuracy drop was the design of the separable convolution core layer.
They proposed therefore a new quantization-friendly separable convolution core layer. Works
on MobileNetV2 should then be done to verify the fixed-point inference accuracy. Still, an 8-bit
pipeline might not be optimal for MobilNetV2 as increasing the bitwidth to 16-bit could boost
accuracy [21]. This bitwidth is also widely used [84, 39].

Therefore, 16-bit fixed-point Q-format is adopted for input data, weights, and
intermediate data in the frame of this thesis. Moreover, as said previously in
Section 1.1.1, we can limit the integer part to 3 bits (one bit is added to express
the sign of the weights), and we can use Q4.12.

2.2 CNN optimizations on FPGA

Section 1.2 provided a general layout of what is an FPGA and how it works. This section is
focused on how to implement a given model on an FPGA, and what hardware optimizations
can be made to accelerate the inference.

Section 2.2.1 reviews de various approaches to perform an efficient inference of a general CNN
on FPGA.

Section 2.2.2 gives an overview of how to perform DSC on FPGA and Section 2.2.3 is focused
on successful FPGA-based architecture that implemented pruning.

2.2.1 General CNN inference on FPGA

As described in Section 1.2, FPGA is an array of programmable gates that can interface with
the outside world. As a result, to perform the convolution operation, the FPGA has to fetch
weights and input FM from the outside world (for example an external memory) and compute
the convolution with them. Once the result is obtained, the FPGA can output the results
through its IOE.

According to Chen et al. [85], the data movement can often be more energy-consuming than
actual computation. Therefore, smart memory management is required to implement CNN on
low power devices such as FPGA. We discover in this section various techniques for handling
the Datapath on the FPGA.
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Systolic Arrays

Systolic arrays were implemented on the early FPGA-based accelerators [18, 86, 87]. A static
systolic array is a static array of Processing Element (PE), controlled by the CPU. The PE
is the basic computing unit for convolution. Therefore, each PE is involved in a part of the
computation and can communicate with adjacent PEs. An illustration of this principle can
be found in Figure 2.8. The configuration can only support convolution with a kernel size K∗
lower than a maximal kernel size, such that K∗ ≤ Km (because the number of PE is fixed). The
systolic array allows spatial data reuse between rows and columns, high clock frequency, and
temporal data reuse using FIFO queues [88, 89].

External memory DMA

FPGA

PE PE

PE PE

PE

PE

PE PE PE

bo�leneck

Figure 2.8: Static Systolic Arrays, inspired by [18]

However, Systolic Arrays have inefficiency problems. First, when the kernel size is much smaller
than the maximal kernel size (K∗ << Km), there is an underutilization of the resources. For
example, [87] notes that for 3× 3 kernels, only 9% of the Digital Signal Processing (DSP) blocks
are used. Second, data caching is not implemented. It means that it has always to fetch input
from the external memory and it increases latency [18, 90]. The device performance is depending
then on the memory bandwidth and it becomes memory-bounded. Furthermore, it is not energy
efficient. According to Horowitz [91], the DRAM accesses severely impact both throughput and
energy efficiency. External memory accesses are more expensive by several orders of magnitude
in terms of energy and latency.

Data-flow MoC for CNNs (2D mapping)

Data-flow Model of Computation (MoC) can be used to accelerate CNNs on FPGA. This
approach is motivated by the feed-forward aspect of the inference stage of CNN, which is purely
data-driven [18]. Data-flow Model of Computation (MoC) was firstly investigated by Li et al.
[92]. CNN can be represented as a graph where:

• Nodes are processing units called actors. Each actor follows a data-driven execution
where the execution is triggered by the availability of input, which is the case for a CNN.
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• Edges are communication FIFO channels. Actors exchange data called tokens through
those FIFO channels.

A representation of such a network can be found in Figure 2.9, where FM i
∗ is the ith layer of

the FM.

𝐹𝑀𝐼𝑛
1

𝐹𝑀𝐼𝑛
𝑁𝑖𝑛

Conv 2D

Conv 2D

∑ Ac�va�on func�on 𝐹𝑀𝑂𝑢𝑡
1

Conv 2D

Conv 2D

∑ Ac�va�on func�on 𝐹𝑀𝑂𝑢𝑡
𝑁𝑜𝑢𝑡

Figure 2.9: Graph representation of a convolution layer, inspired by [18]

As the number of tokens produced and consumed by an actor can be specified in a CNN, we can
apply a static data-flow [93]. Therefore the CNN can be modeled as a topology matrix and we
only need to optimize those matrix components to minimize latency or energy consumption [94].
Those parameters are then used to derive PE and buffer configurations. However, as pointed by
Abdelouahab et al. [95], we need to have direct hardware mapping between the graph and the
FPGA to be efficient. It means that all the computations must be unrolled. However, we are
then bounded by the hardware resources and the size of CNN, preventing implementing this
approach for deep models [18].

Loop Optimizations

To overcome the inefficiencies of Systolic arrays and because Data-flow MoC can only be applied
to small networks, data must first be cached into the on-chip memory of the FPGA before
processing. However, according to Ma et al. [34], the on-chip memory of FPGA is not large
enough to store all the data (requiring gigabytes). As a result, we need tiling to fit a smaller
portion of data into memory on-chip [20]. We can summarize the dataflow as follow: the FPGA
fetches a tile of data from external memory to on-chip buffers. Then the data is fed to the PEs
to compute the convolution. The results of the computation are transferred back to on-chip
buffers and afterward, to the external memory. When the results are written back to memory,
we can fetch a new tile of data. We can see the process in Figure 2.10
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Figure 2.10: FPGA memory hierarchy, from [34]

Consequently, we can define a storage hierarchy with different energy costs. We can define the
memory levels as [49, 91]:

1. External Memory: it stores all the CNN data. It has a large memory capacity (~GB)
but accesses are costly in terms of energy and latency.

2. On-chip memory: it stores the data fetched from external memory to feed the registers
and PEs. Accesses are less expensive to the external memory but it has less storage
(~hundreds of KB).

3. Register: is associated with the PEs. The storage capacity is less than a few KB but it
is faster and more energy-efficient. Accesses are 1 or 2 orders of magnitude lower energy
than from External memory.

Therefore, after tiling, the convolution operation can be decomposed in multiple loops, as
observed in Figure 2.11. Nevertheless, an improper loop tiling may degrade the performance of
the FPGA because we must minimize access to expensive memory levels. The major challenge
when implementing a CNN on FPGA is then to maximize data reuse in small cost memories. To
address those problems, loop optimization techniques are applied to the nested loops in Figure
2.11. There are three techniques:

1. Loop tiling: as said above, the on-chip memory of the FPGA is not large enough to
store all the weights and FMs of all CNN layers [18]. The FPGA stores a tile of the data,
accessed from the external memory, and the lower bound is set on the required on-chip
buffer size. The tiling parameters represent the tile size. They are defined as T∗, where ∗
is the name of the dimension. For example, the size of an input pixel buffer (resp. output)
is Tix × Tiy × Tif× pixel_datawith ( Tox × Toy × Tof× pixel_datawith). Furthermore, we
have the following constraint: T∗ ≤ N∗.

2. Loop interchange: it defines the order of sequential computation of the convolution
loops. There are 2 types of loop interchange: intratile, patterns of data movements from
on-chip memory to registers (loop one to four in Figure 2.11); intertile, patterns of data
movements from external memory to on-chip buffers (the other loops).

3. Loop unrolling: it determines the number of parallel computations. Four types of
unrolling configuration can be done (depending on the loop to unroll). The different
configurations can be seen in Figure 2.12. As the FPGA has constrained resources, it is not
always possible to fully unroll a loop. The unrolling parameters are defined as: P∗, where
∗ is the name of the dimension. We also have the following constraint: P∗ ≤ T∗ ≤ N∗.
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1 for (int of =0;of <N;of+= Tof){
2 for (int iy =0;iy <Niy ,iy+= Tiy){
3 for (int ix =0;ix <Nix ,ix+= Tix){
4 for (int if =0;n<C;if+= Tif){
5 // DRAM: Load in on chip buffers the tiles
6 // X[l,if:if+Tif ,iy:iy+Ty ,ix:ix+Tix]
7 // Theta [l,n:n+Tof ,if:if+Tif ,j,k]
8 for (int tof =0; tof <Tof;tof ++){ -> Loop -4
9 for (int tiy =0; tiy <Tiy ,tiy ++){ -> Loop -3

10 for (int tix =0; tix <Tix ,tix ++){ -> Loop -3
11 for (int tif =0; tof <Tif;tif ++){ -> Loop -2
12 for (int ky =0;ky <Nky ,ky ++){ -> Loop -1
13 for (int kx =0;kx <Nkx ,kx ++){ -> Loop -1
14 Y[tof ,tiy ,tix] += X[tif ,tiy+ky ,tix+kx] *
15 W[tof ,tif ,ky ,kx];
16 }}}}}}
17 // DRAM: Store output tile
18 }}}}
19

Figure 2.11: Loop Tiling, from [18]

Figure 2.12: Loop unrolling configurations, from [34]

The loop optimization design variables determine the number of PEs (unrolling parameters),
the buffer size, and the number of external memory access (tiling parameters). We are going to
review different studies of the design space exploration of unrolling parameters, tiling parameters,
and loop interchange, to design the most efficient accelerator on the target platform.
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The work of Zhang et al. [20] proposes an analytical solution using the roofline model [96] to
identify the CNN design with the best performance and lowest FPGA resource requirement.
They chose a loop unrolling of (Tif × Tof ) to avoid complex connection topologies for all arrays.
It allows spatial reuse of pixels for Tof unrolls, and the temporal reuse of weight for (Tox × Toy).
However, the disadvantage of this method is the need for a large local memory to store the
partial sums (Tof × Tox × Toy).

Once the loop ordering and unrolling parameters have been set, the roofline model can be used
to find the optimal tiling parameters. Mittal [89] defines this design space exploration method
as: “The roofline model relates performance to computational performance and off-chip memory
traffic”. As an implementation can either be computation-bounded or memory-bounded, it uses
those two limits to find the best trade-off between memory bandwidth and computational speed,
where CTC is the communication-to-communication ratio.

1. Computational roof : = # of operations
# of execution cycles

.

2. CTC ratio: = # of operations
# of external data access

Therefore, the achievable performance can be computed using equation 2.4.

Att perf = min (Computational roof ;CTC ratio× bandwidth) (2.4)

The roofline method is shown in Figure 2.13. We can conclude that the best solution to pick is
solution C since it offers the best performance while requiring the least bandwidth [20].

Figure 2.13: Design space of platform-supported designs, from [20]

Motamedi et al. [15] chose the best parameters according to the resources and the best data
reuse scheme of the target platform. They did not tile on the kernel on the spatial axis because
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recent CNNs have small filters and it would mean that a pixel can be loaded multiple times. As
the tile goes over the input and output FM channel, there is a choice between maximizing the
reuse of the input FM (MIR, each FM is loaded once but some intermediate results have to
be written back to memory) or output FM (MOR, to avoid writing back intermediate results
to memory but some input FM have to be loaded more than once). Then they performed
an exhaustive search on the tiling and PE parameters to find the optimal design. It can be
layer-specific (but the FPGA needs dynamic reconfiguration and Zhang et al. [20] proved that
it is inefficient) or values are fixed for all layers.

A different approach, studied by Ma et al. [34], proposes a design space exploration regarding
various design objectives:

• Latency: P∗ should be common factors of T∗ for all convolution layers to fully utilize
PEs and T∗ should be the common factors of N∗ to make full use of external memory
transactions.

• Partial sum storage: to minimize the concurrent storage of partial sums in local memory
and allowing to keep them into the PE, we should promote the computation of an output
pixel to evacuate it to the external memory.

• On-chip memory access: on-chip memory access can be minimized by reusing at most
pixels or weights in the PEs.

• External memory access: to minimize external access, a sufficient buffer size should
be assigned to pixels and weights.

They proposed two flowcharts in Figure 2.14 to determine the number of partial sums and
external accesses.

(a) (b)

Figure 2.14: Design space exploration of: (a) total number of partial sums that need to be
stored in memory; (b) the number of external memory accesses, from [34]
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2.2.2 DSC

Two studies of the implementation of the DSC appeared to be relevant for this work: Bai et al.
[39] and Liu et al. [12]. They present an FPGA accelerator that implements both standard
convolution and DSC. Networks like MobileNetV2 use both convolutions, the first one for
keeping as much information as possible, the second one to speed up the inference.

They both use a commonly used DL architecture that is called a heterogeneous system: a CPU
which controls the memory accesses and an accelerator that computes the convolution [12]. The
accelerator is designed in such a way that it can perform each layer of the network.

The accelerator in each work has the same structure. The accelerator uses weights, input,
and output buffers. To use the same accelerator for both convolutions, they first compute an
element-wise multiplication followed by an adder tree. The pattern of additions varies between
the studies.

On one side, Bai et al. [39] divide depthwise and pointwise convolution. As the element-wise
multiplication produces a cuboid, we only have to sum either in the spatial or channel axis, or
all the cuboid pixels to perform the desired convolution.

On the other side, Liu et al. [12] perform both convolutions using the same adder tree. The
dataflow to feed the adder tree depends then on the convolution. However, to use the same
structure for both convolutions, it must fill some registers with zero-value (the DSC has fewer
arithmetic operations, if we use the same structure we adapt it to the operation with the biggest
arithmetic complexity).

To improve the throughput of the network, they use a ping-pong buffer for the weights. Instead
of using one buffer that stores the data for convolution, they use two buffers. Alternatively, one
fetches weights for the next tile while the other is used for convolution. An illustration is found
in Figure 2.15.

Figure 2.15: Weight buffer in ping-pong structure, from [39]
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Finally, Liu et al. [12] used the roofline model as a method for design space exploration.

2.2.3 Pruning

When implementing a pruned CNN on an FPGA, we must address the problem of sparsity to
keep the parallelism and the performance of the FPGA [35]. As a regular data access pattern is
assured by applying a structured pruning scheme, there are some sources of inefficiency that an
implementation must handle.

First, the PEs must avoid performing computation involving 0 weights. Kang [75] fetches Npar

data in the channel axis and the Nnon−zero weights corresponding to the fetched group. A
multiplexer is used to choose the pixels associated with non-zero weights. An improvement can
be made by avoiding 0 value pixels. Zhu et al. [35] clock gated the computation involving pixels
with 0 value to save energy.

Second, to reduce the storage utilization, the zero-weights in a kernel must be discarded. The
weights must be encoded in such a way that we keep both values and index of the weights to
reduce the overhead of computing the output address. Usually, kernels are encoded in a format
derived from the Compressed Sparse Row (CSR) [74]. For example, [35] modified the format to
compress further and accelerate the inference.

Finally, the problem of load-imbalance can arise if the number of non-pruned weights is
different in each PE [97]. Therefore some PE can finish before another one and it can lead to
inefficiency. Zhu et al. [35] and Kang [75] solved this by setting a uniform number of weights in
each kernel or group of fetching weights.

Conclusion about the State of the Art:

We knew from the previous chapter that the best performing models have a huge
computational complexity and memory utilization, which limit the implementation of
such models on mobile platforms, such as FPGA. Therefore, we reviewed the literature
to find optimizations that would allow an efficient implementation of CNNs on FPGA.
We have explored algorithmic optimizations, but they only reduce the computational
complexity while increasing hardware utilization. Model optimizations seem to be more
relevant because they aim at reducing both the number of parameters and operation
in exchange for a drop of accuracy. Therefore, we can investigate the combination of
different optimizations to further compress models, like pruning and quantization.

As a result, this work focuses on developing a pruning scheme on DSC to assess if their
gain can be combined. To study the performance of the proposed pruning scheme, we use
it on a state-of-the-art model that contains DSC: MobileNetV2. Moreover, as quantizing
is an orthogonal approach to pruning, we also use fixed-point formats to accelerate further
the inference of the architecture. We chose 16-bit because the loss of accuracy can be
controlled.
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Chapter 3

Accelerating Convolutional Neural Net-
works for FPGA using Depthwise Sepa-
rable Convolution and Pruning

In the previous chapter, we introduced pruning, which reduces both size and computational
complexity of CNNs. We also showed that there exist various pruning schemes. Each of them
can be categorized from coarse-grained to fine-grained. Coarse-grained pruning schemes have
the advantage that they can be easily implemented on GPU and CPU in exchange for a drop of
accuracy. On the other hand, fine-grained pruning schemes can limit this reduction of accuracy
but can create irregular access pattern that makes them difficult to implement on such platforms.

To have an efficient FPGA-based accelerator, we should focus on implementing the most fine-
grained pruning scheme possible to apply a high sparsity while limiting the loss of accuracy.
This shows the advantage of using FPGA accelerator because, as said previously, this type of
pruning scheme is not easily implementable on CPU and GPU

In this chapter, we define an FPGA-based accelerator architecture that integrates both pruning
and DSC (see Section 1.1.1) to reduce the number of weights and operations. To show its
applicability, this architecture implements a state-of-the-art network that includes DSC and
targets an embedded platform: MobileNetV2 (Sections 1.1.2 and 2.1.2). Since the pruning
can cause degradation of the performance, we have to determine the design objectives of the
architecture and its associated pruning scheme, which are the following:

1. The pruning scheme is as fine-grained as possible.

2. The pruning scheme reduces the computational complexity.

3. The pruning scheme allows for a reduction of the memory required to store the weights.

4. The proposed architecture provides a logically correct output.

5. An increase in the sparsity improves the performance of the architecture.

Moreover, the FPGA-based accelerator architecture is implemented on a Cyclone V FPGA.

Section 3.1 aims at developing the pruning scheme and the algorithm to handle it. We also
define in this section the weight and operation reduction factors obtained when applying the
proposed pruning scheme. We also define a weight compressed format to reduce weight memory
use. We then perform a loop analysis on the proposed algorithm to determine the optimal
hardware design variables and the structure of the architecture.
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Section 3.2 describes the implementation of the FPGA-based accelerator architecture and its
dataflow. We start by explaining the overall architecture and then we go in more detail into
each of its components.

Section 3.3 shows the results obtained and discusses if the proposed design objectives are met.

3.1 Design of an FPGA-based accelerator integrating
structured sparse DSC

As previously said, this section aims at developing a pruning scheme for the DSC that fulfills
the proposed design objectives and an algorithm able to support it. First, we detail the pruning
scheme used and the weight and operation reduction factors obtained when applying the pruning
scheme. Second, we analyze the sparse kernels to find a compressed format that reduces memory
usage and overhead of determining the address of the non-pruned weights. Third, we describe
the algorithm proposed to perform the sparse DSC using the proposed pruning scheme. Finally,
we analyze the convolution loops to determine the optimal design of the PE that performs the
convolution.

3.1.1 Pruning scheme

DSC is composed of two types of convolution: depthwise and pointwise convolutions (see Section
1.1.1). We decided to apply pruning on the pointwise filters for the following reasons:

• In MobileNet and MobileNetV2, most of the operations are done in the pointwise convolu-
tions [40, 79]. So it is the operation where the reduction of weights and computational
complexity would be the most relevant (each operation requires one weight).

• As each kernel of a pointwise filter is a vector of size 1× 1×Nif , we, therefore, have to
prune in the channel-axis. This scheme was proven to be successful by Kang [75].

• The pruning scheme can be applied to each 1× 1 convolution of the network.

As mentioned above, we decided to develop a pruning scheme inspired by the methodology of
Kang [75], which prunes weights in the channel-axis.

Ideally, without pruning, each PE performing a pointwise convolution fetches Nif weights
and input pixels corresponding to spatial coordinates (x, y) in each input channel (pointwise
convolution only convolves pixels in the channel-axis). Then each weight is multiplied with its
corresponding pixel and the products are summed to obtain one output pixel of one channel. If
we apply an unstructured pruning on the pointwise filter, we can use the same algorithm as
above but only each non-pruned weight is multiplied with its corresponding pixel (multiplication
implying zero-value weights can be safely discarded).

However, as the resources of the FPGA are limited, the PE can only fetch Npar ≤ Nif weights
and pixels at each time (which corresponds to a fetching group; each input FM and kernel
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are composed of Ngr fetching groups). Therefore, we would do the convolution between each
fetching group and accumulate the different partial sums belonging to the same output pixel
until an output pixel is produced. If an unstructured pruning is applied, this can cause several
issues, as pointed out by [75].

First, it can cause misalignment between the weight and pixel fetching groups. Indeed if we
prune the first Npar weights in the kernel, the first pixel fetching group is useless. Second, there
can be a load-imbalance problem (see Section 2.2.3) that can occur between two PEs if the
number of pruned weights between two kernels is different.

To solve these problems, the solution proposed by Kang [75] is to align pixel and weight fetching
groups. Each pixel fetching group has a corresponding weight fetching group containing at least
one non-pruned weight. Kang [75] also constrains the number of non-pruned weights in each
fetching group to be the same number, called Nnp. Therefore, it solves also the load-imbalance
problem. As a result, the proposed sparse DSC can be illustrated in Figure 3.1.

Nif

Nix

Niy

Input FM Npar

Pointwise kernel

Output FM

Nnp

Figure 3.1: Process of a pointwise convolution with a sparse pointwise kernel, where Npar = 4
and Nnp = 2, inspired by [75]

To summarize, each pointwise kernel is composed of Ngr fetching groups of Nnp weights. Each
group corresponds to a pixel fetching group of size Npar. We define the ratio between the number
of non-pruned weights and the size of the fetching group without pruning as the pruning ratio
α, in other words, the ratio of weights remaining after pruning. The ratio of pruned weights
is therefore equal to 1− α. The pruning parameters are defined in Table 3.1. Moreover, the
proposed pruning scheme can also be applied to each 1× 1 kernel.

Npar The input pixel fetching group size. Npar ≤ Nif

Nnp The pointwise weight fetching group size. Nnp ≤ Npar

Ngr The number of fetching groups Ngr =
⌈

Nif

Npar

⌉
α The pruning ratio α = Nnp

Npar

Table 3.1: Pruning parameters
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We should add that this pruning scheme is not the same as channel pruning since we do not
constrain the same weights to be pruned in each group. Therefore, I did not consider the pruning
of the depthwise kernel associated with the pruning of weight in each kernel, as discussed in
Section 2.1.2. We proposed then a pruning-scheme that is not coarse-grained (channel pruning),
satisfying first design objective: “The pruning scheme is as fine-grained as possible”.

Reduction factors

We can now evaluate the reduction factors of the sparse DSC compared with the DSC without
pruning, and with the standard convolution. We consider that the size of the input feature map
is Nix×Niy×Nif , the size of the depthwise filter is Nkx×Nky×Nif , the size of the non-pruned
pointwise convolution Nif ×Nof , the fetching group size is Npar, the number of pruned weights
is Nnp, and the size of the output FM is Nox ×Noy ×Nof .

The number of weights WDSC and operations ODSC of the DSC can be determined using
Equation (3.1) and (3.2) [12, 39].

WDSC = Nkx ×Nky ×Nif +Nif ×Nof (3.1)

ODSC = Nix ×Niy ×Nkx ×Nky ×Nif +Nix ×Niy ×Nif ×Nof (3.2)

In the same manner, the amount of weights WP R_DSC and operations OP R_DSC of the sparse
DSC can be determined using Equation (3.3) and (3.4).

WP R_DSC = Nkx ×Nky ×Nif +Nnp ×Ngr ×Nof (3.3)

OP R_DSC = Nix ×Niy ×Nkx ×Nky ×Nif +Nix ×Niy ×Ngr ×Nnp ×Nof (3.4)

Thus, the weights FW g and operations FOp reduction factors can be expressed according to
Equation (3.5) and (3.6). The demonstration allowing to find these relations can be found in
Appendix B.

FW g = WDSC

WP R_DSC

=
1 + Nkx×Nky

Nof

α + Nkx×Nky

Nof

(3.5)

FOp = ODSC

OP R_DSC

=
1 + Nkx×Nky

Nof

α + Nkx×Nky

Nof

(3.6)

As the reduction factors depend on the pruning ratio α and the number of output channels Nof ,
we can illustrate the evolution of the reduction factors depending on α and the different Nof of
MobileNetV2, as shown in Figure 3.2.
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Figure 3.2: Evolution of the reduction factors depending on the pruning ratio and the number
of output channels

For example, if we apply a pruning ratio of 25% (meaning keeping 25% of the weights in each
fetching group), the reduction factors compared to the DSC without pruning are between two
and four times. If we consider the reduction factor between DSC and standard convolution
is about 9 times [40], the reduction factors between sparse DSC and standard convolution is
between 18 and 36 times (if α = 25%). We, therefore, validated the second design objective:
“The pruning scheme reduces the computational complexity”.

3.1.2 Compressed format

After applying the pruning scheme on the pointwise kernels, these kernels become sparse. This
means that they contain zero-value weights, as illustrated in Figure 3.3. Therefore, to reduce
memory usage, we should only store each non-pruned weight in a compressed format that allows
finding its address with no extra-overhead.
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Npar

Nnp

Figure 3.3: A pointwise kernel after pruning, where black cubes are pruned weights

A conventional storage format for a sparse matrix is the Compressed Sparse Row (CSR) [98].
According to Buluç et al. [98], “The compressed sparse row (CSR) format stores the nonzeros
(and ideally only the nonzeros) of each matrix row in consecutive memory locations, and it stores
an index to the first stored element of each row”. In other words, we can represent a sparse
matrix using three vectors:

• Vector val: containing all the values of the non-pruned weights.

• Vector col_ind: containing the column indices of the elements in val.

• Vector row_ptr: containing the index of each row in val.

However, as for [35], the CSR format can be compressed further thanks to the pruning scheme
applied. Indeed, since the kernels to compress are vectors, we can reduce the storage usage by
removing the row_ptr vector (the kernel has only one row).

Moreover, we can have a better compression if we reduce the number of bits allocated to
represent the column index of a weight. Indeed, as each weight corresponds to an input fetching
group of size Npar, it is sufficient to store the position of the weight in that group, instead of its
absolute position in the kernel. As a result, we can reduce the number of bits from log2(Nif)
(absolute position) to log2(Npar) (relative position), where Npar ≤ Nif . Moreover, it also reduces
the overhead to find the corresponding pixel in a fetching group, for each weight.

In brief, each sparse kernel is converted into 2 vectors of size Nnp: vector val, which contains
the value of the non-pruned weights, and vector position, which contains the position of the
corresponding pixel in a fetching group. An example is illustrated in figure 3.4.
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Figure 3.4: Illustration of the compressed format, where Npar = 4 and Nnp = 2

Since this compressed format requires storing the value and the position of each weight (and
hence more bits allocated per weight), we computed the maximal pruning ratio, or in the same
way, the minimal ratio of pruned weights, required to have a reduction of memory usage. The
relation between maximal pruning ratio and memory reduction can be found in Equation (3.7)
where BWweight is the bitwidth required to represent the value of a weight. The demonstration
to find the maximal pruning ratio α to reduce memory usage can be found in Appendix C.

α <
BWweight

BWweight + log2(Npar)
(3.7)

The curve representing the minimal ratio of pruned weight, equals to 1− α, depending on Npar

when BWweight = 16 is illustrated in Figure 3.5. We can conclude from the curve that we need
to have a ratio of pruned weights to be greater or equal than 40% to save memory. We can also
conclude that we can prune fewer weights if we reduce the value of Npar.

We, therefore, validated the third design objective, which is: “The pruning scheme allows
a reduction of the memory required to store the weights”.
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Figure 3.5: Minimal ratio of pruned weights if BW = 16
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3.1.3 Adding the pruning scheme to MobileNetV2

As we have seen how the weights of a 1× 1 kernel are pruned and explained the compressed
format of the kernels, we present in this section how to integrate the proposed pruning scheme
into MobileNetV2. In MobileNetV2, the DSC layer is included in a larger building block, the
Bottleneck residual block which performs the bottleneck convolution (see Section 1.1.2). In the
bottleneck convolution, the DSC follows a 1× 1 convolution layer that expands the number of
input channels by a factor t. As a result, we have to compute two sparse 1× 1 convolutions.
We note that the FM produced by the 1× 1 convolution is referenced as intermediate FM in
the rest of this thesis. The intermediate FM is composed of Ngrint

= t×Ngr fetching groups,
which are fed to the DSC.

As explained in Section 3.1.1, each 1× 1 and pointwise convolutions have to fetch Npar input
pixels in the channel-axis, which corresponds to Npar channels. Consequently, if the 1 × 1
convolution produces Npar channels, the DSC can fetch those intermediate products to produce
partial results of the output FM. Indeed, we can perform the depthwise convolution with each
intermediate channel and then perform the pointwise convolution with the corresponding weight
in each pointwise kernel, as illustrated in Figure 3.6. The output FM is computed when the
DSC has performed these steps for each intermediate group.

Npar

1 × 1 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝑔𝑟𝑖𝑛𝑡−0

𝑁𝑜𝑓

𝑑𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒

𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝑔𝑟𝑖𝑛𝑡−𝑁𝑔𝑟𝑖𝑛𝑡

p𝑜𝑖𝑛𝑡𝑤𝑖𝑠𝑒 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝑁𝑖𝑓

Input FM Output FMIntermediateFM

Npar

Npar

Npar

Npar

Npar

Figure 3.6: Illustration of the algorithm used to perform the convolutions

This approach was chosen, instead of producing directly each final output result, to reuse at
most the products of the 1 × 1 convolution. Indeed, if we aim at directly producing a final
output, the 1 × 1 convolution has to produce Nkx × Nky × Nky × Npar intermediate results.
When the DSC has computed the partial sum from this fetching group (for one kernel since we
prioritize the computation of one final pixel), the old intermediate pixels will be overwritten by
the next fetching group intermediate pixels, which could have been reused for another pointwise
kernel.

We can translate this algorithm into pseudocode, observed in Algorithm 1, where group (respect.
groupint) is the index of the fetching group in the input FM (resp. intermediate FM) and
Ngrint =

⌈
Nif×t

Npar

⌉
is the number of intermediate fetching groups. The detailed algorithm to

perform each convolution can be described as follow:
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Algorithm 1 Pseudocode of the algorithm
for groupint := 0; groupint < Ngrint; groupint + + do

1× 1 convolution (groupint)
DSC(groupint);

end for

1. 1× 1 convolution: We must fetch the Npar kernels corresponding to the DSC fetching
group groupint. Indeed, the DSC needs to fetch Npar channels of the intermediate FM
(each kernel produces one channel). Then we can perform the convolution with the input
FM. As described in Section 1.1.1, the kernel acts like a sliding window on the input
FM. For each pixel at position (ix, iy), the convolution loads iteratively each weight and
pixel fetching group in the channel-axis. For each fetching group group ≤ Ngroup, the
convolution is performed by multiplying each non-pruned weight with its corresponding
pixel and accumulates the multiplication with the result of the previous group. The
process is finished when the Npar intermediate FM channels have been produced (of size
Nix × Niy). The corresponding pseudocode is found in Algorithm 2 and the process is
shown in Figure 3.7.

Algorithm 2 Sparse 1× 1 convolution pseudocode
for intf := 0; intf < Npar; intf + + do . Loop 3

for intx := 0; intx < Nix; intx + + do . Loop 2
for inty := 0; inty < Niy; inty + + do . Loop 2

for group := 0; group < Ngr; group+ + do . Loop 1
for if := 0; if < Nnp; if + + do . Unrolled

wgt = filter1×1[groupint ×Npar + intf ][group×Nnp + if ]
acti = FMII [wgt[pos] + group×Npar][inty][intx]
FMint[groupint ×Npar + intf ][inty][intx] += acti× wgt[val]

end for
end for

end for
end for

end for

Npar

Npar

Npar

: Loop 3

Intermediate FM

𝑔𝑟𝑜𝑢𝑝1

𝑔𝑟𝑜𝑢𝑝𝑖

𝑔𝑟𝑜𝑢𝑝𝑁𝑔𝑟

1 × 1 kernel

∗

: Loop 1

Npar

: Loop 2

Input FM

Figure 3.7: Representation of the sparse 1× 1 convolution
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2. DSC: Once the 1× 1 convolution has produced the next Npar intermediate FM channels,
we can do the depthwise convolution with these channels. The depthwise convolution
first computes the 2D convolution of each of the intermediate FM channels. Afterward,
we can load the corresponding weight fetching group in each of the pointwise filters. We
can compute the partial convolution for each of the output FM, and each partial result
is summed with its corresponding previous partial result. When we have performed the
previous step for every intermediate fetching group, the output FM is computed. The
corresponding pseudocode is found in Algorithm 3 and the process is shown in Figure
3.8. We note that we have to add padding pixels to the intermediate FM since spatial
dimensions are only reduced using stride S (see Section 1.1.1).

Algorithm 3 Sparse DSC convolution pseudocode
for oy := 0; oy < Noy; oy + + do . Loop 4

for ox := 0; ox < Nox; ox + + do . Loop 4
% Depthwise convolution
for intf := 0; intf < Npar; intf + + do . Loop 3

for ky := 0; ky < Nky; ky + + do . Loop 2
for kx := 0; kx < Nkx; kx + + do . Loop 2

FMDw[groupint ×Npar + intf ][oy][ox] +=
FMint[groupint ×Npar + intf ][oy × S + ky][ox × S + kx] ×
kerneldw[groupint ×Npar + intf ][ky][kx]

end for
end for

end for
% Pointwise convolution
for of := 0; of < Nof ; of + + do . Loop 1

for if := 0; if < Nnp; if + + do . Unrolled
wgt = filterP w[of ][groupint ×Nnp + if ]
acti = FMIDw[wgt[pos] + groupint ×Npar][oy][ox]
FMo[of ][oy][ox] += acti× wgt[val]

end for
end for

end for
end for

Depthwise FMDepthwise kernel

∗ ∗

Pointwise kernel Output FM

Npar

: Loop 1
: Loop 2
: Loop 3
: Loop 4

Input FM

Figure 3.8: Representation of the sparse DSC convolution

50



3.1.4 Loop analysis

We have determined how the bottleneck convolution is going to be performed. Now we define
how it will be implemented on FPGA. As explained in Section 2.2, the CNN inference is executed
in three steps:

1. The FPGA loads a tile of the data from the external memory into the on-chip memory.

2. The PEs of the FPGA fetch data from the on-chip memory, use them to perform convolu-
tion, and store the computed result into the on-chip memory.

3. Once the tile of output results is produced, it is stored into the external memory. Either
the FPGA loads the next tile and restarts the previous steps, or it stops if the last tile of
data has been convolved.

If we look at Algorithms 2 and 3, each convolution is implemented with various levels of
loops, named convolution loops. To optimize these operations, three main loop optimization
techniques can be used, as presented in Section 2.2: loop tiling, loop unrolling, and loop
interchange. Those loop optimization techniques include hardware design parameters that
define the acceleration factor and hardware footprint [34]. Therefore, we have to analyze
the convolution loops to find the optimal tiling, unrolling, and loop interchange parameters.
We applied the same methodology as Ma et al. [34]. However, as they studied the standard
convolution, in this work we adapted it to the proposed sparse DSC.[34]

Ma et al. [34] identified design objectives to optimize the convolution operation. These following
design objectives should be minimized:

• Partial sum storage.

• On-chip memory accesses.

• Off-chip memory accesses.

We will try to minimize them for both 1× 1 and depthwise separable convolution.

Hardware design parameters

Before analyzing the design objectives, we must first define what are the different tiling and
unrolling parameters for each convolution. Tables 3.2 and 3.3 define the different dimensions of
the volumes and the corresponding hardware design parameters.

1×1 convolution: the 1×1 convolution is composed of three convolution loops (the fourth loop
is fully-unrolled according to the algorithm). During Loop-1, we get each fetching group and we
do the convolution between them. Loop-1 is determined by the number of input and weight
fetching groups (they are the same since otherwise there would be misalignment). The purpose
of Loop-1 is to compute the final output result of the convolution. Loop-2 slides spatially the
kernel over the input FM to produce one channel of the intermediate FM. Since the spatial size
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of each kernel is 1× 1, there is no spatial reduction between the input and intermediate FM.
The purpose of Loop-3 is to choose which of the required Npar intermediate FM channels is
produced.

# of weight
and input

fetching group

Input FM &
intermediate FM

Spatial Axis

intermediate FM
channels

Convolution Loops Loop-1 Loop-2 Loop-3
Convolution Dimensions Ngr Nix,Niy Npar

Loop Tiling Tgr Tix,Tiy Tintf

Loop Unrolling Pgr Pix,Piy Pintf

Table 3.2: 1× 1 convolution loop dimensions and hardware design variables, inspired by [34]

DSC: the DSC is composed of four convolution loops. Two loops are specific to the depthwise
convolution, one to the pointwise convolution, and one loop is shared between the two convolu-
tions. As presented in Section 3.1.3, the pointwise convolution uses the results of the depthwise
convolution to produce Nof partial results to avoid reperforming the same 1× 1 and depthwise
convolutions. Loop-1, therefore, aims at looping over the output channels. The depthwise
convolution is composed of two loops. Loop-2 performs the 2D convolution between the input
channel and the corresponding kernel and Loop-3 loops over the input channel. Finally, Loop-4
is the one that selects which output pixels to compute and fetches the associated input pixels
chunk of data from the on-chip memory.

Output FM
channels

Pointwise
kernel size

Intermediate
FM channels

Intermediate FM
Spatial Axis

Output FM
Spatial Axis

Convolution
Loops Loop-1 Loop-2 Loop-3 Loop-4 Loop-4

Convolution
Dimensions Nof Nkx,Nky Npar Nix,Niy Nox,Noy

Loop
Tiling Tof Tkx,Tky Tintf−dw Tix,Tiy Tox,Toy

Loop
Unrolling Pof Pkx,Pky Pintf−dw Pix,Piy Pox,Poy

Table 3.3: DSC loop dimensions and hardware design variables, inspired by [34]

Partial Sum Storage

1 × 1 convolution: to minimize the partial sum storage, we have to keep all partial results
in the registers. If we store those partial results into the on-chip or off-chip memory, memory
accesses will be less efficient. The optimal solution would be to fully unroll Loop-1. However,
two problems arise. First, since the FPGA has constrained resources, it could not be feasible
on the target platform. Second, the number of fetching groups vary across the layers since
it depends on the number of input channels (Ngr = Nif

Npar
). We should adjust the unrolling

parameter Pgr to the worst case and there would be inefficiency problems. Indeed, if Ngr < Pgr,
some PE would not be used. A better solution would be to fully buffer each fetching group and
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keep the partial results in the registers. Therefore, we should compute Loop-1 first (otherwise
some results would be stored in the on-chip memory). In summary, the number of partial sums
is determined by the number of parallel 1 × 1 convolution PEs, as shown in Equation (3.8).
Each 1× 1 convolution PE can operate in parallel Pgr fetching groups. To minimize the storage
of partial sum, we should add the following constraint Tgr = Ngr. Moreover, the ratio of Pgr to
each Ngr of the network should be an integer to avoid these inefficiency problems.

#psum1×1 = Pix × Piy × Pintf (3.8)

DSC: we can find two kinds of partial sum: the partial depthwise results and the partial output
results. According to the proposed algorithm, we can not keep the partial output results in the
registers since we produce from each intermediate fetching group all possible partial output
results (Tof = Nof ). It means that we must keep the tile of output FM in the on-chip memory
as partial results, as illustrated in Equation (3.9). Since the kernel size is small and constant
across the network, we can fully unroll Loop-2 and set Pkx = Tkx = Nkx, Pky = Tky = Nky.
This approach was also chosen by Motamedi et al. [15]. We can also fully unroll Loop-3
Pintf−dw = Tintf−dw = Npar, since the fetching group size Npar is up to the programmer. As the
depthwise convolution is fully unrolled, we can determine the number of depthwise partial sums
using equation (3.10).

#psumDSCP W
= Tox × Toy × Tof (3.9)

#psumDSCDW
= Nkx ×Nky ×Npar (3.10)

On-chip memory accesses

According to Ma et al. [34], the number of on-chip accesses is determined by Equation (3.11),
where #readpx (resp. #readwg) is the number of reads accesses in the on-chip memory for input
pixel (resp. weight), #read_write_psum is the number of write and read accesses if we store
the partial sums in the on-chip memory, and #write_px is the number of accesses to write the
output results (which is equal to the number of output pixels). Therefore, to reduce on-chip
memory accesses, we must limit partial sums stored in on-chip memory and limit the number
of reads. The number of reads can be reduced by reusing the data in the registers and can be
expressed using Equation 3.12 and 3.13 [34], where Nop is the total number of operations in a
convolution. We can analyze for each convolution Data_Reusepx and Data_Reusewg.

#On_chip_accesses = #readpx + #readwg+
#read_write_psum+ #write_px (3.11)

#readpx = Nop

Data_Reusepx

(3.12)

#readwg = Nop

Data_Reusewg

(3.13)

1× 1 convolution: data reuse should be maximized to limit the number of on-chip memory
accesses which are less efficient than register accesses. Ma et al. [34] define two kinds of data
reuse: spatial reuse (how many data are reused in one cycle) and temporal reuse (if a data can
be reused in more than one cycle). Temporal data reuse is only possible if we compute Loop-2
first (we keep the same kernel for the pixels of a channel). However, since we compute Loop-1
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first, this is not possible. To increase spatial data reuse, we must increase the parallelization and
so the unrolling parameters, as illustrated in Equation (3.14) and (3.15), where Data_Reusepx

(resp. Data_Reusewg) is the data reuse for input pixels (resp. weight).

Data_Reusepx−1×1 = Pintf (3.14)

Data_Reusewg−1×1 = Pix × Piy (3.15)

DSC: since Loop-3 and Loop-2 are fully unrolled, we have full temporal data reuse for depthwise
weights. The data reuse for pixel and weight for the depthwise convolution can be found in
Equation (3.16) [34] and (3.17). For the pointwise convolution, we can avoid reading input
pixels from on-chip memory if we keep the Npar results of the depthwise convolution in registers.
Using the same methodology as for 1× 1 convolution, the weight data reuse can be expressed
using Equation (3.18)

Data_Reusepx−dsc = Nkx ×Nky ×Npar × Pintx × Pinty

((Pintx − 1)S +Nkx)× ((Pinty − 1)S +Nky) (3.16)

Data_Reusewg−dw = Nkx ×Nky ×Npar (3.17)

Data_Reusewg−pw = Pox × Poy (3.18)

Off-chip memory accesses

In the model presented in Section 2.2.1, as the on-chip memory is not large enough to store the
whole CNN size, this one is stored in external memory. However, accesses to external memory
are more expensive in terms of latency and energy. Therefore, we should limit the number of
off-chip memory accesses per pixel and weight. Instead, we tile the weights and input FM that
we store in the on-chip memory. Once the tile has been fully used, we can load the next tile
until the convolution is done.

Since we store every pixel fetching group in the on-chip memory, each pixel is loaded only once
from the external memory. However, thanks to padding and the 2D convolution, the input FM
tile can be expressed as Equation (3.19) [34]. If the input FM tile does not cover the spatial size
of the input FM, some pixels are included in multiple tiles due to the depthwise convolution, as
illustrated in Figure 3.9. However, it does not concern every pixel. Therefore, we can express
the number of external memory accesses per pixel as Equation (3.20).

Tix/iy =
(
Tox/oy − 1

)
S + Pkx/ky (3.19)

#DRAM_px = 1 (3.20)
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Tile Tile

Tile Tile

Figure 3.9: Tiling process on an input FM, where the green area is the input pixels that would
be loaded more than once due to 2D convolution

If all the weights are not buffered into the on-chip buffer, we have to load from external memory
the weight corresponding to the intermediate FM fetching group. It means that we must fetch
each weight every time a new output tile is produced. Therefore, the number of weight external
memory access is expressed as Equation (3.21).

#DRAM_wg = Nox ×Noy

Tox × Toy

(3.21)

Summary

After having analyzed the convolution loop, we determined the unrolling and tiling hardware
design parameters:

• Loop interchange: for both convolutions, we do the loops in the given order (first Loop-1,
..., and then Loop-n).

• Loop Tiling: as explained previously, the following tiling parameters are set:

– Tgr = Ngr

– Tintf = Npar

– Tintf−dw = Npar

– Tof = Nof

– Tkx = Nkx

– Tky = Nky

The other tiling parameters should be set as close as N∗ (depending on the target platform).
Moreover, as pointed out by Ma et al. [34], the following constraint should be added
to avoid inefficiency: “T∗ should be a divisor of N∗”. Indeed, the PEs are configured to
execute a full tile. If the constraint is not satisfied, some PEs would not be used.
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• Loop Unrolling: as explained previously, the following unrolling parameters are set:

– Pkx = Nkx

– Pky = Nky

– Pintf−dw = Npar

The other unrolling parameters should be set as close as T∗ (depending on the target
platform). Moreover, as pointed out by Ma et al. [34], the following constraint should be
added to avoid inefficiency: “P∗ should be a divisor of T∗”.

3.2 Implementing sparse DSC on FPGA

In the previous section, we detailed how to prune 1× 1 kernels, how the bottleneck convolution
is computed, and we analyzed the design hardware variables. In this section, we explore how we
can implement the chosen design into an FPGA. The hardware design was implemented using
SystemVerilog and the corresponding code can be found at this address:

https://github.com/ggheysen/UCL-EPL-Master-Thesis-2019-2020.

According to the scope of this thesis, the purpose of the implementation is to verify the fourth
and fifth design objectives, namely:

• The proposed architecture provides a logically correct output.

• An increase of the sparsity improves the performance of the architecture.

Those design objectives are related to the implementation of the Bottleneck residual block with
sparse 1× 1 convolution. Therefore, instead of implementing each type of layer of MobileNetV2,
we focus only on this one. As those two objectives are independent of the degree of parallelization,
it was chosen to set all unconstrained unrolling parameters to 1. We did not implement the
skip connection since it is independent of the pruning scheme. However, as demonstrated by
Bai et al. [39] and Liu et al. [12], we can extend the DSC PEs to support all kinds of layers of
MobileNetV2.

First, we start by describing the overall architecture of the accelerator. Then, we detail more
precisely each component defined previously. The performance results of the architecture will
be discussed in the next section.

The architecture is inspired by three works: Zhu et al. [35], Bai et al. [39], and Kang [75].

3.2.1 Overall architecture

The overall architecture has been inspired by Zhu et al. [35]. The mains components that
compose our FPGA-based architecture are the following:
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• External Memory: it contains the CNN data and it is where the output FM will be
stored.

• Main controller: it synchronizes the different components of the architecture by sending
them control signals.

• Direct Memory Access (DMA): it handles the read and write requests between the
FPGA and the external memory.

• PE: each PE performs the convolution with weights and pixels fetched from external
memory into the on-chip memory. In the architecture, we have two kinds of PE: 1 × 1
convolution PE and DSC PE. Since we have defined that each data is represented using a
fixed-point number format (see Section 2.1.2), the convolution between weights and pixels
is done with integer arithmetic.

• Buffer: it composes the on-chip memory and contains a tile of data. There are two
categories of buffers: data buffer which contains convolution data (pixels and weights)
loaded from the external memory, and result buffer which contains partial or final results
of the 1× 1 or DSC convolutions. Our architecture is composed of four data buffers (FMI

buffer, Conv1×1 buffer, ConvDW buffer, ConvP W buffer), and two result buffers (FMint

buffer, FMO buffer).

An illustration of the overall architecture can be found in Figure 3.10. We should add that each
component is synchronous with the clock signal clk and is reset when the rst signal is enabled.
For the sake of clarity, this was not included in the drawing.

External
memory

FPGA

DMA
Main 

controller

1 × 1 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛
PEs

𝐷𝑆𝐶 𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛
PEs

FMI Buffer

KEX Buffer

KDW Buffer

KPW Buffer

FMO Buffer

FMI Buffer

startfinish rst clk

Figure 3.10: Overall architecture of the accelerator

We explain more precisely the behavior of each component in the following sections. An
exhaustive list of their different input and output signals can be found in Appendix D.
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3.2.2 External memory

The external memory is external component (of the FPGA) that contains all the data required
to feed the network (MobileNetV2). Each data stored in memory can be identified by its address
(either external memory or buffer). We can identify 6 types of data in MobileNetV2:

1. Input FM: where the bitwidth required to represent the value of one pixel is equal to
BWpixel. Channels are stored one by one, and the content of one channel is stored line by
line. For example, the memory address of the pixel at position (ix, iy, if) can be expressed
using Equation (3.22).

addressF MI
(ix, iy, if) = ix+ iy ×Nix + if ×Nix ×Niy (3.22)

2. Output FM: the output FM is stored in the same manner as the input FM. We should
add that the output FM of one layer becomes the input FM of the next layer. Therefore,
the addresses where the output FM pixels are stored become the addresses of the input
FM of the next layer and inversely.

3. 1×1 kernel: the weights of each 1×1 convolution (bottleneck layers and 1×1 convolution
layers), where BWweight is the number of bits to represent the value of weight and log2(Npar)
the number of bits to represent its position. Each 1×1 filter is stored kernel by kernel, and
each kernel is stored weight by weight. For example, the memory address of the weight x
in fetching group “group” of kernel f can be expressed using Equation (3.23).

addressKEX
(kx, group, kf) = kx+ group×Nnp + kf ×Nnp ×Ngr (3.23)

4. Depthwise kernel: where the bitwidth representing one weight is equal to BWweight.
Channels are stored one by one, and the content of one channel is stored line by line. For
example, the memory address of the weight at position (kx, ky, kf) can be expressed using
Equation (3.24).

addressKDW
(kx, ky, kf) = kx+ ky ×Nkx + kf ×Nkx ×Nky (3.24)

5. Pointwise kernel: the kernels of the pointwise convolution. The weights are stored in
the same manner as for the 1× 1 filter.

6. Standard convolution kernel: since the first layer of MobileNetV2 is a standard
convolution [22], the weights must be also stored in the external memory, in the same
manner as the depthwise filter.

An offset for each type of data is added to the computation of the address to avoid that one
address is shared between multiple data. As a result, before executing one layer, the main
controller must have the following information, labeled as Layer information:

1. Nix and Niy: the spatial dimensions of the input FM. Since Nix, Niy ≤ 224 [22], we can
use 8 bits to represent them.

2. Nif and Nof : the number of channels of the input and output FM. Since Nif , Nof ≤ 1280
[22], we can use 11 bits to represent them.
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3. t: the expansion factor of the 1 × 1 convolution. Since t ≤ 6 [22], we can use 3 bits to
represent it.

4. S: the value of the stride. Since S can be either 1 or 0 [22], we can use 1 bit to represent
it.

5. Ngr and Ngr−int: the number of fetching groups for the 1× 1 convolution and the DSC.
Since the largest value possible for both parameters is the maximum Nif (Npar = 1), we
can use 11 bits to represent them.

6. Layer: to tell the main controller which layer is going to be executed. Since there are 4
kinds of layers in MobileNetV2 [22], we use 2 bits to represent it. However, this was not
included in the design because only the bottleneck convolution was implemented.

7. Offset: the offset of the different data types must be transferred to the DMA to correctly
compute the address of the required data. The number of bits required to represent one
offset is the bitwidth of the address of the external memory.

As a consequence, those layer information are also stored in the external memory. The overall
structure of the external memory can be found in Figure 3.11.

Standard convolu�on kernels

Depthtwise kernels

Pointwise kernels

1 × 1 kernels

FMO/FMI

FMI/FMO

Layer informa�on

Padding

Figure 3.11: overall structure of the external memory

We can now evaluate the total memory size required to hold the CNN in external memory. Since
this depends on the pruning parameters, we compute the upper-bound of memory required
(α = 1, Npar = Nif−max). For the same reason, we also set the memory required to store each
filter or FM as the memory usage of the largest element of the same type across all layers of
the network. Moreover, according to [99], the maximum external memory size for a Cyclone V
FPGA supported is 4GB, and hence the maximum bitwidth of the offset is 32 bits. Similarly,
the maximum BWpixel and BWweight are equal to 32 bits.

As a result, the memory usage of the network depending on the bitwidth used to represent each
pixel and weight is expressed in Equation (3.25). The curve representing the maximal external
memory required can be found in Figure 3.12. We can conclude that we need external memory
size of at least 70 MB, which is smaller than the maximal external memory of Cyclone V FPGA
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(4GB).

Max_Mem =
(
#layerstot ×BWlayerinformation

)
+ (Max_FMI ×BWpixel)
+ (Max_FMO ×BWpixel)
+ (#layersstandard−conv ×Max_KSC_filter ×BWweight)
+ (#layersbottleneck−conv ×Max_KDW_filter ×BWweight)
+ (#layersbottleneck−conv ×Max_KPW_filter × α× (BWweight + log2(Npar)))
+ ((#layersbottleneck−conv + #layers1−1−conv)×
α×Max_K11_filter × (BWweight + log2(Npar)))

(3.25)

#layerstot = 21
#layersstandard−conv = 1

#layersbottleneck−conv = 17
#layers1−1−conv = 2
BWlayerinformation

= 258 bits
Max_FMI = 112× 112× 32 = 401408
Max_FMO = Max_FMI

Max_K11_filter = 320× 1280 = 409600
Max_KDW_filter = 3× 3× 6× 160 = 8640
Max_KPW_filter = 6× 160× 320 = 307200
Max_KSC_filter = 3× 3× 32 = 288
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Figure 3.12: Maximum external memory required in MB in relation with the bitwidth of each
data BWpixel and BWweight
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The maximum memory required can be reduced with pruning. For example, by modifying
Equation (3.25), with Npar = 8, Nnp = 4, and BWweight = BWpixel = 16, the total memory
required is equal to 16.54 MB.

3.2.3 Main controller

The role of the main controller is to synchronize the different components of the architecture
(except the memory components). Therefore, each component is a “slave” that stays in an idle
state until the main controller wakes up one of them to perform a particular operation.

To wake up a component, the main controller sends it a starting signal s∗ and optionaly
additional information about the operation to perform. Afterward, the main controller remains
idle, waiting for the component to terminate its operation. Once the component has completed
its task, it sends a finishing signal f∗ to the main controller. The main controller can then wake
up a component to perform the next task.

The main controller remains in an idle state until it receives a starting signal indicating that the
external memory contains all data to perform a bottleneck convolution. I have implemented the
main controller to compute one bottleneck convolution, but its architecture could be extended
to iterate through all the layers of the network.

We can describe the behavior of the main controller using a Final State Machine (FSM), as
illustrated in Figure 3.13. For the sake of clarity, additional information transmitted to the
components are not shown in the Figure. The IDLE state is the state where the main controller
is waiting to perform a bottleneck convolution. Once the main controller has received a starting
signal, it performs the following operations:

IDLE
LOAD_INF
𝑜𝑝𝑑𝑚𝑎 = 0
𝑠𝑑𝑚𝑎 = 1

LOAD_KEX
𝑜𝑝𝑑𝑚𝑎 = 2
𝑠𝑑𝑚𝑎 = 1

Convolu�on
𝟏× 𝟏
𝑠𝑐11 = 1

LOAD_KDW

𝑜𝑝𝑑𝑚𝑎 = 3
𝑠𝑑𝑚𝑎 = 1

Convolu�on
DSC

𝑠𝑑𝑠𝑐 = 1

WRITE_FMO
𝑜𝑝𝑑𝑚𝑎 = 5
𝑠𝑑𝑚𝑎 = 1

FINISHED
𝑓𝑖𝑛𝑖𝑠ℎ = 1

𝑟𝑠𝑡

LOAD_FMI
𝑜𝑝𝑑𝑚𝑎 = 1
𝑠𝑑𝑚𝑎 = 1

LOAD_KPW
𝑜𝑝𝑑𝑚𝑎 = 4
𝑠𝑑𝑚𝑎 = 1

𝑠𝑡𝑎𝑟𝑡

𝑠𝑡𝑎𝑟𝑡

𝑓𝑑𝑚𝑎 𝑓𝑑𝑚𝑎 𝑓𝑑𝑚𝑎

𝑓𝑑𝑚𝑎 𝑓𝑑𝑚𝑎

𝑓𝑑𝑚𝑎

𝑓𝑑𝑚𝑎

𝑓𝑑𝑚𝑎

𝑓𝑑𝑚𝑎
𝑓𝑑𝑠𝑐

𝑓𝑑𝑠𝑐 𝑓𝑑𝑚𝑎 𝑓𝑑𝑚𝑎

𝑓𝑐11

𝑓𝑐11

𝑔𝑟𝑖𝑛𝑡 < 𝑁𝑔𝑟𝑖𝑛𝑡
𝑔𝑟𝑖𝑛𝑡 += 1

𝑔𝑟𝑖𝑛𝑡 == 𝑁𝑔𝑟𝑖𝑛𝑡 ⋀

∼ (𝑡𝑜𝑥 == 𝑁𝑜𝑥 ⋀ 𝑡𝑜𝑦 == 𝑁𝑜𝑦 )

𝑈𝑝𝑑𝑎𝑡𝑒 𝑡𝑜𝑥 , 𝑡𝑜𝑦𝑔𝑟𝑖𝑛𝑡 == 𝑁𝑔𝑟𝑖𝑛𝑡 ⋀

𝑡𝑜𝑥 == 𝑁𝑜𝑥 ⋀ 𝑡𝑜𝑦 == 𝑁𝑜𝑦

𝑡𝑜𝑥 = 0
𝑡𝑜𝑦 = 0

𝑔𝑟𝑖𝑛𝑡 = 0

Figure 3.13: FSM of the main controller
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1. LOAD_INF: to perform the bottleneck convolution, the main controller first needs to
fetch the layer information stored in the external memory. Therefore it tells the DMA to
fetch them (opdma = 0).

2. LOAD_FMI: the bottleneck convolution starts by fetching a tile of the input FM from
the main memory. As all input pixels in the channel-axis are buffered (corresponding to all
the fetching groups), an input FM tile can be determined only by the spatial coordinates
of the tile first element - pixel of reference (with the smallest (x, y)). Indeed, the DMA
can fetch, for each channel, all pixels in the range [(x, y); (x+ Tix, y + Tiy)], corresponding
to the input FM tile, as illustrated in Figure 3.14a.
As a result, when the main controller asks the DMA to load a tile of input FM into the
on-chip memory(opdma = 1), it also transfers the spatial coordinates and the memory
address of its pixel of reference. Moreover, since we have to add padding to the tile (spatial
dimensions are not reduced by the convolution operations), zero-value pixels are stored
in the on-chip memory at corresponding positions when the pixel to fetch is outside the
input FM dimension, as shown in Figure 3.14b.

3. LOAD_KEX: after fetching the input FM tile, the main controller asks the DMA to
load the Npar 1× 1 kernels into the on-chip memory (opdma = 2), corresponding to the
intermediate fetching group groupint. Since the filter is stored kernel by kernel, we only
have to transfer the external memory address of the first weight of the kernel producing
the first intermediate channel in the intermediate fetching group.

4. CONV_11: after loading the weights and pixels, the 1× 1 convolution can be performed.
Once the Npar intermediate channels corresponding to the intermediate fetching group
groupint have been produced, the DSC can be executed.

5. LOAD_KDW and LOAD_KPW: before doing the DSC, the pointwise and depthwise
kernels corresponding to the intermediate fetching group should be loaded by the DMA
(opdma = 3 and opdma = 4). Depthwise kernels are fetched in a similar way as fetching the
1× 1 kernels. Since we have to load from the external memory the same fetching group
from each pointwise kernel, then we simply have to transfer the address of the first weight
in the corresponding fetching group.

6. CONV_DSC: all output FM tile partial products can be computed by performing the
DSC on the Npar intermediate channels produced by the 1 × 1 convolution. When all
intermediate fetching groups have been processed, final results are computed and can be
written into the external memory. Otherwise, the next Npar intermediate channels should
be computed. Moreover, since output FM partial results will be kept in on-chip memory,
the main controller indicates to the DSC PEs whether the values read from the FMO
Buffer should be considered as valid. If it is not the case, the value should be set to 0.

7. WRITE_FMO: this state indicates that there are only final results in the FMO Buffer.
The main controller tells the DMA that its content can be written to the external memory
(opdma = 5). As for the input FM tiles, the output FM tiles are determined by their pixel
of reference, which is also transmitted to the DMA. If all tiles have been processed, the
bottleneck convolution is completed and the main controller state turns to FINISHED.
Otherwise, a new tile has to be processed and the main controller returns to LOAD_FMI
state.

8. FINISHED: The bottleneck convolution is done and the main controller enables the
finish signal.
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𝐼𝑛𝑝𝑢𝑡𝐹𝑀𝑇𝑖𝑙𝑒

𝑇𝑖𝑥

𝑇𝑖𝑦

𝑥 + 𝑇𝑖𝑥 ;𝑦 + 𝑇𝑖𝑦

Pixel of
reference :
𝑥;𝑦

𝐼𝑛𝑝𝑢𝑡 𝐹𝑀

(a) Example of the pixel of reference for an input
FM tile

𝐼𝑛𝑝𝑢𝑡 𝐹𝑀 𝑇𝑖𝑙𝑒

: pixel of reference

(b) Padding configuration of input FM tiles, where
red area represents pixels fetched from external
memory and green area represent padding pixels

Figure 3.14: Illustration of the concept of the pixel of reference and padding

3.2.4 DMA

The purpose of the DMA is to fill the data buffer with its corresponding tile fetched from
external memory and write the output pixels into the external memory. Therefore, it has to
manage six types of operation, referenced by its operation number opdma:

• opdma = 0: Load the layer information

• opdma = 1: Load an input FM tile, referenced by its pixel of reference. The DMA needs
as extra information the coordinate and the memory address of that pixel of reference.

• opdma = 2: Load the 1×1 kernels used to produce the intermediate fetching group groupint

of size Npar. The DMA needs as extra information the first kernel and the memory address
of its first weight to correctly load the Npar kernels.

• opdma = 3: Load the depthwise kernels corresponding to the intermediate fetching group
groupint of size Npar. The DMA needs as extra information the first kernel of the group
and the memory address of its first weight to correctly load the Npar kernels.

• opdma = 4: Load the weight fetching group (of size Nnp) of all pointwise kernels correspond-
ing to the intermediate fetching group groupint. The DMA needs as extra information the
position of the first weight in the fetching group and its memory address.

• opdma = 5: Write the content of the FMO Buffer into the external memory, which
corresponds to a tile of output FM. As this tile is referenced by its pixel of reference, the
DMA needs as extra information the coordinate and the memory address of that pixel of
reference.

When the main controller asks the DMA for a transfer, it sets its start signal, which operation
to execute (opdma), and all extra information related to the external memory required. If the
DMA reads or writes into a buffer, the initial address raddr−i/waddr−i can be set to 0. Indeed,
buffer addresses start from 0 to BufferNelem

− 1.
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The behavior of the DMA can be expressed using an FSM, as found in Figure 3.15. A general
FSM is illustrated because each operation shares the same structure. As the DMA only fetches
data from one memory and writes the data into another one, each operation is composed of 2
states:

IDLE

𝑟𝑠𝑡
𝑠𝑑𝑚𝑎

READ
𝑑𝑎𝑡𝑎 = 𝑟𝑑𝑎𝑡𝑎

r−𝑚𝑒𝑚𝑎𝑑𝑑𝑟 = 𝑟𝑎𝑑𝑑𝑟

𝑠𝑑𝑚𝑎

𝑑𝑎𝑡𝑎 − 𝑟𝑒𝑎𝑑𝑦

𝑑𝑎𝑡𝑎 − 𝑟𝑒𝑎𝑑𝑦

WRITE
𝑤𝑑𝑎𝑡𝑎 = 𝑑𝑎𝑡𝑎

w-𝑚𝑒𝑚𝑎𝑑𝑑𝑟 = 𝑤𝑎𝑑𝑑𝑟
Update 𝑤𝑎𝑑𝑑𝑟
Update 𝑟𝑎𝑑𝑑𝑟
Update 𝑟𝑐𝑜𝑜𝑟𝑑

𝑟𝑐𝑜𝑜𝑟𝑑 < 𝑟𝑐𝑜𝑜𝑟𝑑 −0 + 𝑇𝑖𝑙𝑒𝑠𝑖𝑧𝑒

FINISHED
𝑓𝑑𝑚𝑎 = 1

𝑟𝑎𝑑𝑑𝑟 = 𝑟𝑎𝑑𝑑𝑟 −𝑖
𝑟𝑐𝑜𝑜𝑟𝑑 = 𝑟𝑐𝑜𝑜𝑟𝑑 −𝑖
𝑟𝑐𝑜𝑜𝑟𝑑 −0 = 𝑟𝑐𝑜𝑜𝑟𝑑 −𝑖
𝑤𝑎𝑑𝑑𝑟 = 𝑤𝑎𝑑𝑑𝑟 −𝑖

𝑟𝑐𝑜𝑜𝑟𝑑 == 𝑟𝑐𝑜𝑜𝑟𝑑 −0 + 𝑇𝑖𝑙𝑒𝑠𝑖𝑧𝑒

Figure 3.15: FSM of the DMA

• READ: the DMA fetches the required data at an address raddr. Once the data is loaded
by the DMA, it moves to the next state to write the data in the on-chip memory.
When loading the input FM tile, if the address corresponds to a padding pixel, the value
to write is 0 and the DMA directly moves to the WRITE state.
If the data is fetched from the external memory, the DMA sets the read request signal
rrequestextmem (enabling a transfer) and waits for the data read from the external memory to
be valid (rvalidextmem). But if the data is fetched from a buffer, the process can be pipelined.
That is why, before the DMA reads data from the on-chip memory, it is in a state called
RAM_LOADING to initialize the pipeline process (not illustrated).

• WRITE: the DMA sends a write signal and the associated data wdata and address
waddress to the corresponding memory. If the operation is finished (the tile has already
been fetched), the DMA goes into the FINISHED state. Otherwise, it updates the
address of the next data to fetch and goes back to the READ state.

The DMA reads the external memory data with address addressextmem sent with signal rextmem.
Since the DMA performs one transfer at a time, we can share the fetched data (to be written) wdata

between all memory components and we set the write signal to the corresponding component.
Similarly, the signal to access or write data in a buffer ramaddr can also be shared between the
different buffers. As the DMA reads the content of only one buffer, we define the corresponding
signal as rram (and hence at address ramaddr).

64



3.2.5 1×1 convolution PE

The purpose of this component is to execute Algorithm 2. The behavior of the PE can be
expressed using an FSM, as found in Figure 3.16.

IDLE

FINISHED
𝑓𝑐11 = 1

𝑟𝑠𝑡 𝒔𝒄𝟏𝟏

LOAD_DATA
𝑠𝑡𝑜𝑟𝑒 𝑑𝑎𝑡𝑎
𝑈𝑝𝑑𝑎𝑡𝑒 𝑟𝑎𝑑𝑑𝑟
𝑡𝑖𝑓 += 1

WRITE
𝑈𝑝𝑑𝑎𝑡𝑒 𝑤𝑎𝑑𝑑𝑟
𝑤𝑟𝑖𝑡𝑒 𝑤𝑑𝑎𝑡𝑎

COMPUTATION
𝑔𝑟 += 1

𝑈𝑝𝑑𝑎𝑡𝑒 𝑤𝑑𝑎𝑡𝑎

𝒔𝒄𝟏𝟏

𝑡𝑖𝑥 = 1; 𝑡𝑖𝑦 = 1; 𝑡𝑖𝑓 = 1

𝑔𝑟 = 1
𝑟𝑎𝑑𝑑𝑟 = 0;𝑤𝑎𝑑𝑑𝑟 = 0;

𝑤𝑑𝑎𝑡𝑎 = 0

𝒕𝒊𝒙 == 𝑻𝒊𝒙⋀𝒕 𝒊𝒚== 𝑻𝒊𝒚

𝒕𝒊𝒙 < 𝑻𝒊𝒙⋁𝒕 𝒊𝒚< 𝑻𝒊𝒚
𝑔𝑟 = 1

𝑈𝑝𝑑𝑎𝑡𝑒𝑡 𝑖𝑥 , 𝑡𝑖𝑦
𝑈𝑝𝑑𝑎𝑡𝑒𝑟𝑎𝑑𝑑𝑟
𝑤𝑑𝑎𝑡𝑎 = 0

𝒈𝒓 == 𝑵𝒈𝒓

𝒈𝒓 < 𝑵𝒈𝒓

𝑡𝑖𝑓 = 1

𝑈𝑝𝑑𝑎𝑡𝑒𝑟𝑎𝑑𝑑𝑟𝒕𝒊𝒇 == 𝑵𝒑𝒂𝒓

𝒕𝒊𝒇 < 𝑵𝒑𝒂𝒓

Figure 3.16: FSM of the 1×1 convolution PE

When the PE receives a starting signal, it means that the FMI BUFFER andKEX BUFFER
contain the data to execute the next 1× 1 convolution. For each fetching group corresponding
to an intermediate FM pixel at address waddr, the PE loads the corresponding Npar inputs and
Nnp weights into its registers (LOAD_DATA state).

Once it is done, the computation can be performed (COMPUTATION state). Since the
convolution is fully-unrolled, we can use the PE structure from Kang [75], which is shown in
Figure 3.17. The output result is then summed with the content of the accumulator (which is
initialized at zero for the first fetching group).

𝑝𝑥𝑖𝑝𝑥0 𝑝𝑥𝑖+1 𝑝𝑥𝑁𝑝𝑎𝑟

𝑁𝑝𝑎𝑟 pixels

val

pos

val

pos

Accumulator

𝑤𝑒𝑖𝑔ℎ𝑡0

𝑤𝑒𝑖𝑔ℎ𝑡𝑁𝑛𝑝

Figure 3.17: PE structure performing the convolution where Npar = 4 and Nnp = 2, inspired by
[75]
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When the convolution is done for one intermediate pixel, the result is fed to the ReLU6 activation
(see Section 1.1.1), and its output is written into the FMINT BUFFER (WRITE state). If
all pixels required for the DSC have been computed, the PE sends an ending signal to the main
controller (FINISHED state). Otherwise, it computes the next intermediate pixel.

This PE is described to be used in the bottleneck convolution but it could also be used to
perform the 1× 1 layers.

3.2.6 DSC PE

This PE is designed to perform the DSC. Once the 1× 1 convolution has computed the next
intermediate fetching group and the Buffers contain the required data, we can do the DSC
defined by Algorithm 3. The PE can be described as an FSM executing the proposed algorithm,
as illustrated in Figure 3.18.

IDLE

𝒓𝒔𝒕
𝒔𝒅𝒔𝒄

𝒔𝒅𝒔𝒄

FINISHED
𝑓𝑑𝑠𝑐 = 1

DW_CONV_ADD

LOAD_FMINT
𝑈𝑝𝑑𝑎𝑡𝑒 𝑖𝑛𝑡𝑥
𝑈𝑝𝑑𝑎𝑡𝑒 𝑖𝑛𝑡𝑦
𝑈𝑝𝑑𝑎𝑡𝑒 𝑖𝑛𝑡𝑓
𝑆𝑡𝑜𝑟𝑒 𝑓𝑚𝑖𝑛𝑡𝑑𝑎𝑡𝑎

DW_CONV_MUL

LOAD_K_PW
𝑛𝑝 += 1

LOAD_K_DW

𝑈𝑝𝑑𝑎𝑡𝑒 𝑘𝑥 , 𝑘𝑦
𝑈𝑝𝑑𝑎𝑡𝑒 𝑘𝑓
𝑆𝑡𝑜𝑟𝑒 𝑘𝑑𝑎𝑡𝑎

PW_CONV

𝑡𝑜𝑓 += 1

𝑈𝑝𝑑𝑎𝑡𝑒 𝑤𝑑𝑎𝑡𝑎

WRITE
𝑛𝑝 = 1

𝑊𝑟𝑖𝑡𝑒 𝑤𝑑𝑎𝑡𝑎

𝑘𝑥 < 𝑁𝑘𝑥 ⋁ 𝑘𝑦 < 𝑁𝑘𝑦 ⋁𝑘 𝑓 < 𝑁𝑝𝑎𝑟

𝒌𝒙 == 𝑵𝒌𝒙 ⋀𝒌

𝒚== 𝑵𝒌𝒚 ⋀𝒌

𝒇== 𝑵𝒌𝒇

𝑘𝑥 = 1; 𝑡𝑜𝑥 = 1
𝑘𝑦 = 1; 𝑡𝑜𝑦 = 1

𝑘𝑓 = 1

𝑖𝑛𝑡𝑥 = 0; 𝑖𝑛𝑡𝑦 = 0𝑖𝑛𝑡

𝑓= 0

𝑖𝑛𝑡𝑥 < 𝑁𝑘𝑥 ⋁ 𝑖𝑛𝑡𝑦 < 𝑁𝑘𝑦 ⋁ 𝑖𝑛𝑡𝑓 < 𝑁𝑝𝑎𝑟

𝒊𝒏𝒕𝒙 == 𝑵𝒌𝒙 ⋀𝒊𝒏𝒕

𝒚== 𝑵𝒌𝒚 ⋀𝒊𝒏𝒕

𝒇== 𝑵𝒌𝒇

𝒕𝒐𝒙 == 𝑻𝒐𝒙 ⋀𝒕

𝒐𝒚== 𝑻𝒐𝒚 ⋀𝒕

𝒐𝒇== 𝑵𝒐𝒇

𝒕𝒐𝒇< 𝑵𝒐𝒇

(𝒕𝒐𝒙 < 𝑻𝒐𝒙 ⋁ 𝒕𝒐𝒚< 𝑻𝒐𝒚 ) ⋀

𝒕𝒐𝒇== 𝑵𝒐𝒇

𝑈𝑝𝑑𝑎𝑡𝑒 𝑡𝑜𝑥 , 𝑡𝑜𝑦 ,

𝑖𝑛𝑡𝑥 = 0; 𝑖𝑛𝑡𝑦 = 0

𝑖𝑛𝑡𝑓= 0
𝒏𝒑 < 𝑵𝒏𝒑

𝒏𝒑 == 𝑵𝒏𝒑 𝑡𝑜𝑓 = 1

𝑛𝑝 = 1
𝑤𝑑𝑎𝑡𝑎 = 𝑓𝑚𝑜𝑑𝑎𝑡𝑎

Figure 3.18: FSM of the DSC PE

The PE has the same structure as the 1×1 convolution PE. However, the 2 PEs diverges on the
following elements:

• For each intermediate pixel, the 1×1 PE performs Ngr 1× 1 partial convolutions using
input pixels and 1× 1 kernels directly fetched from the buffers.

• On the other hand, the DSC PE must first load the Nkx ×Nky ×Npar intermediate pixels
and depthwise weights (LOAD_K_DW and LOAD_FMINT states). This is done in
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two different states because since the depthwise convolution is fully-unrolled, all weights
are stored into the registers. We have to only fetch them once from the external memory.

• After the input pixels and the depthwise weights have been loaded, the depthwise con-
volution can be performed. To execute the depthwise convolution for each intermediate
channel, we can use the same PE used by Bai et al. [39], as illustrated in Figure 3.19. First,
we do an element-wise multiplication using a multiplier array between pixels and weights
(DW_CONV_MUL state). Then, we simply have to sum the products corresponding
to the same channel to obtain the Npar depthwise products used as input for the pointwise
convolution (DW_CONV_ADD state). Then the registers can store the results of the
ReLU6 activation function with the obtained results to be used as input for the pointwise
convolution.

• We can perform the pointwise convolution to produce partial results of the Nof channels of
the spatial coordinate ox, oy. For each kernel, we load the Nnp weights corresponding to the
intermediate fetching group (LOAD_K_PW state). We also load the partial sum stored
in the FMO Buffer to sum it with the results of the convolution (PW_CONV state).
However, if it is the first intermediate fetching group, this value is set to 0 (first_par_i
signal, set by the main controller).
The structure of the PE performing the pointwise convolution is the same as in Figure
3.17. However, the sum between the partial sum stored and the result of the convolution
is stored in the FMO Buffer instead of a register (WRITE state).

• When all the Nof partial sums have been produced, the PE moves to the FINISHED
state and sets its finishing signal.

Mul�plier array

Intermediate pixels

Depthwise weights

𝑁𝑝𝑎𝑟 × 𝑁𝑘𝑥 × 𝑁𝑘𝑦

A
d

d
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ee

R
eL

U
6

Figure 3.19: PE structure performing the depthwise convolution, inspired by [39]

The DSC PE could be extended to support the standard convolution, as pointed out by Bai
et al. [39]. Indeed, if we consider summing all products in the multiplier array instead of only
those belonging to the same channel, we perform the standard convolution.

3.2.7 Buffer

The buffers compose the on-chip memory of the FPGA. As mentioned previously, the structure
is composed of six buffers that share the same structure, as illustrated in Figure 3.20. At each
clock period, the output signal res is equal either to the value stored at address addr, or if the
write signal write is enabled, to the value that is currently written. In the same way, if the
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write signal is set, the value in the buffer at address addr is replaced by the input data wdata.
As multiple components may read one same buffer, a multiplexer is added to select from which
address to read or write.

Buffer

Mem[𝑁𝑒𝑙𝑒𝑚 − 1:0]

res
𝐵𝑊

𝐵𝑊
𝑤𝑑𝑎𝑡𝑎

log2 𝑁𝑒𝑙𝑒𝑚

addr
Addr_r

read

Addr_w

write

Figure 3.20: General architecture of a buffer component

The value of addrr and addrw depends on the type of buffer. For data buffer the addrr is the
PE address of the corresponding buffer, and addrw is the DMA ramaddr signals. For result
buffer, addrw is the corresponding PE output address and addrr can be either a PE address
requesting a result (FMINT Buffer and FMO Buffer) or the DMA ramaddr signals to write
final results to external memory (FMO Buffer)

However, the main differences between each buffer are the maximum number of elements that
can be stored Nelem and the bitwidth BW of their data stored. We explore for each buffer these
two parameters.

• FMI Buffer: we have determined from the loops analysis that we buffer each input FM
fetching group. Since the number of input FM channels vary across the different layers of
the network, we can determine Nelem using Equation (3.26). The number of bits to store
a pixel is equal to BWpixel. We can therefore express BWfmi such as Equation (3.27).

Nelem−fmi = ∀l ∈ layers : Max
(
N l

if ×Min
(
Tix, N

l
ix

)
×Min

(
Tiy, N

l
iy

))
(3.26)

BWfmi = BWpixel (3.27)

• KEX Buffer: this buffer stores the Npar 1×1 kernels required to perform this convolution,
which expands the number of input channels. Therefore, we can express Nelem using
Equation (3.28), where Ngr−max =

⌈
1280
Npar

⌉
is the maximum number of fetching groups in

the whole network. Since the weights are expressed in the proposed compressed format,
we also have to store the weight position in the fetching group. As a result, BWKEX can
be expressed using Equation (3.29), where BWweight is the number of bits to represent a
weight and log2(Npar) the number of bits to represent the position.

Nelem−kex = Npar ×Nnp ×Ngr−max (3.28)

BWkex = BWweight + log2(Npar) (3.29)
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• FMINT Buffer: since the DSC needs Npar intermediate FM channels and the 1 × 1
convolution does not reduce the spatial dimension of the input FM, we can express the
Nelem using Equation (3.30). The bitwidth of a pixel is the bitwidth used to represent a
pixel, as in Equation (3.31).

Nelem−fmint = Npar × Tiy × Tix (3.30)

BWfmint = BWpixel (3.31)

• KDW Buffer: applying the same methodology as FMINT Buffer and since the depth-
wise kernels are fully buffered, we can express the Nelem using Equation (3.32). The
bitwidth of a pixel is the bitwidth used to represent a weight, as in Equation (3.33).

Nelem−kdw = Npar ×Nky ×Nkx (3.32)

BWkdw = BWweight (3.33)

• KPW Buffer: for each time we perform a DSC, we need to convolve in each pointwise the
corresponding weight fetching group with Nnp pixels in the Npar channels. The maximum
number of elements in the buffer can be computed using Equation (3.34). As the pointwise
convolution is a 1× 1 convolution, the bitwidth associated to each pointwise kernel is the
same as the KPW Buffer and can be expressed using Equation 3.35

Nelem−kpw = Nnp ×Nof (3.34)

BWkpw = BWweight + log2(Npar) (3.35)

• FMO Buffer: using the same methodology as for determining Nelem and BW for the
FMI Buffer, they are expressed using Equation (3.36) and (3.37)

Nelem−fmo = ∀l ∈ layers : Max
(
N l

of ×Min
(
Toy, N

l
oy

)
×Min

(
Tox, N

l
ox

))
(3.36)

BWfmo = BWpixel (3.37)

3.3 Results and discussion

In the previous section, we detailed our implementation based on the pruning scheme and the
algorithm developed in Section 3.1. In this section, we determine if the design objectives are
met by measuring the outputs and performance of the proposed accelerator.

First, we describe the experimental setup to measure the performances of the proposed archi-
tecture. Second, we show the obtained results and what observations can be made. Finally, a
discussion of the obtained results is done.

3.3.1 Experimental setup

After having developed the architecture on SystemVerilog, we can perform a functional simulation
using a testbench (see Section 1.2). This functional simulation allows us to first verify if the
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output of the design is logically correct (fourth design objective) and if the pruning increases
the performance of the inference by measuring the number of cycles required to execute the
layer (fifth design objective). Indeed, if we increase the sparsity, we should expect a reduction
in the number of cycles to execute the inference.

This functional simulation was done using ModelSim-Altera, an HDL simulation environment.
The software simulates the testbench and proposed accelerator as implemented on an FPGA.
Using this simulation, we can extract the required results.

Before checking if the design objectives are met, we must choose the target platform on which
the design is implemented. According to Liu et al. [12], the most commonly used architecture for
DL is a heterogeneous system. It combines both a CPU and an accelerator (FPGA). Therefore,
we chose DE10-Nano for this reason. This platform integrates a Hard Processor System (HPS)
(Dual-core ARM* Cortex*-A9 MPCore), an FPGA (Cyclone V 5CSEBA6U23I7N), and a 1GB
DDR3 memory [100]. The external memory is large enough to store the CNN data, according
to the conclusions made in Section 3.2.2. However, in the frame of the thesis, we focus only on
the accelerator part.

Since we perform a functional simulation of the accelerator part of the design, we have to
also simulate the behavior of the external memory (DDR3) using the testbench. This was
done by first creating files using a Python script which contains the weights and input data
of the bottleneck convolution (one file for each type of data). A Python script was written to
produce random input FM and weight filters. Therefore when the simulation is performed, if
the DMA requests data at a particular address, the testbench reads the data at this address in
the corresponding file. Since each data type is specified by its offset (see Section 3.2.2), we can
easily determine based on the address which files to read.

In the same manner, when the DMA writes the output FM tile into the external memory, the
testbench writes the tile into a file with the corresponding address to reconstruct the output
FM. To verify if the output FM is logically correct, a Python script was developed to compute
the correct output. Therefore, we can compare both results and determine the correctness of
the accelerator.

As said in Section 2.1.2, all pixels and weights are represented using 16 bits. Since the DDR3
memory stores words of 32 bits, it is sufficient to store each type of data in using a single
address.

Table 3.4 lists the parameters chosen to produce the results. Since the goal is to assess the
correctness of the output of the network and measure its performance, we can choose arbitrary
dimensions for input and output FMs. I chose parameters that are not too small to be able to
observe distinct results and not too large for the sake of the latency of the functional simulation.
However, the design made is parametrizable and those parameters can be easily modified.

Nix, Niy 7
Nif 32
Nof 64
S 1
t 6

Tox, Toy 16

Table 3.4: Parameters of the implemented layer
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3.3.2 Results

In this section are presented the results obtained from the functional simulation of the design
using parameters from Table 3.4. First, we present the comparason between expected and
obtained output FM, to check if the proposed architecture provides a logically correct output
(fourth design objective). Second, we compare the performance of the network by modifying the
pruning parameters to observe if an increase in the sparsity improves the performance of the
architecture (fifth objective). Finally, we look at the resource usage of the network to see if the
design can be implemented on the target platform.

Logical correctness of the design

As explained previously, the logical correctness is measured by comparing the expected output
FM of the network (generated by a Python script that performs the proposed bottleneck
convolution using floating-point numbers) with the obtained output FM (generated by the
functional simulation of the network using the same input FM and filters as the Python script).
Since fixed-point arithmetic is more subject to arithmetic error than floating-point numbers,
the obtained output pixels can be less precise than the expected ones. We consider therefore
that an obtained output pixel is correct if the difference between the obtained and expected
output pixel is below a threshold, which was at 0.1.

We illustrate the ratio of correct output pixel depending on the number of partial sums per
output pixel in Figure 3.21, where the number of partial sums per output pixel represents the
number of partial products we need to add to the partial result of the depthwise convolution to
obtain a final output pixel. In other words, it is equal to Nnp ×Ngr−int.

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

1 2 4 8 24 48

R
at

io
 o

f 
co

rr
ec

t 
o

u
tp

u
t

Number of partial sum per output pixel

Figure 3.21: Ratio of correct output depending on the number of partial sums per output pixel

We can observe in Figure 3.21 that the ratio of correct output is almost maximal for small
numbers of partial sum, but as this number increases the ratio of correct output drops rapidly.
It can be explained by the accumulation of small rounding errors which leads to a drop in
precision. This is verified by the fact that a bigger threshold increases the ratio of correct output.
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For example, if the threshold = 2, the ratio of correct output becomes equal to 80% when the
number of partial sums is equal to 48. In Figure 3.21, where threshold = 0.1, the ratio of correct
output is equal to 17%.

Measuring accelerator performance

We measured the performance of the accelerator using the functional simulation, where input
FM and filters are randomly generated by a Python script. As said previously, the performance
is computed by measuring the number of cycles to perform the inference of the bottleneck
convolution.

• First, for a particular Npar, we vary the number of non-pruned weights to check if a smaller
pruning ratio means better performance. The number of cycles measured can be found
in Figure 3.22a. We have also presented the latency reduction factor compared to the
number of cycles when no pruning is applied (α = 1) in Figure 3.22b. We observe from
those two figures that the number of cycles increases as the pruning ratio grows, for both
values of Npar. If we compare the performance of both Npar, we see that a bigger Npar

provides a smaller latency and a slightly higher latency reduction factor.
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Figure 3.22: Number of cycles and Reduction factor of the number of cycles

• Second, we conduct similar measurements as above but instead of keeping constant the
number of non-pruned weights Nnp, we varied the fetching group size Npar. The number
of cycles depending on the pruning ratio for an Nnp fixed can be found in Figure 3.23a
and the latency reduction factor is shown in Figure 3.23b. We can observe that as the
pruning ratio increases, the latency increases as well (and hence the latency reduction
factor decreases). We can also note that we can achieve a bigger latency reduction factor
by varying the pruning ratio with Npar instead of Nnp. For example, in Figure 3.22b, the
reduction factor corresponding to α = 1

8 is equal to 1.66. On the other hand, in Figure
3.22b, the reduction factor corresponding to α = 1

8 , is equal to 2.79.
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Figure 3.23: Number of cycles and Reduction factor of the number of cycles for an Np fixed

• Finally, we compare the proportion of each component in the overall latency for various
pruning parameters. The results can be seen in Figure 3.24. We observe that if we increase
the sparsity, the ratio of cycles spent in the 1× 1 convolution PE is increased. The latency
in the DSC can therefore be reduced by reducing the pruning ratio. We can also see that
the proportion of cycles spent in the DMA is reduced by increasing the fetching group
size Npar.

dma latency Convolution 1*1 latency DSC Main Controller

(a) Npar = 8, Nnp = 8

DMA Convolution 1*1 PE DSC PE Main Controller

(b) Npar = 8, Nnp = 2

DMA Convolution 1*1 PE DSC PE Main Controller

(c) Npar = 16, Nnp = 2

Figure 3.24: Repartition of the latency across the different components for various pruning
parameters

Resource usage

Once we have measured the output correctness and the performance of the accelerator, we can
measure the resource usage on the target platform. The compilation was performed on Quartus
Prime 18.1 Lite Edition. We measured the DSP utilization, the logic utilization, the number of
Block RAM (BRAM), and the maximum frequency reachable. The results of the simulations
are found in Table 3.5.
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DSP Logic BRAM Frequency [MHz]
Npar = 4, Nnp = 2 45 ( 40 % ) 2,006 ( 5 % ) 2,104,960 ( 37 % ) 114.39
Npar = 8, Nnp = 1 81 ( 72 % ) 2,381 ( 6 % ) 2,067,200 ( 37 % ) 99.57
Npar = 8, Nnp = 2 81 ( 72 % ) 2,519 ( 6 % ) 2,115,840 ( 37 % ) 103.36
Npar = 8, Nnp = 4 83 ( 74 % ) 2,678 ( 6 % ) 2,213,120 ( 39 % ) 85.03
Npar = 8, Nnp = 6 85 ( 76 % ) 2,836 ( 7 % ) 2,310,400 ( 41 % ) 82.61
Npar = 8, Nnp = 8 87 ( 78 % ) 2,925 ( 7 % ) 2,407,680 ( 43 % ) 79.85
Npar = 16, Nnp = 2 112 ( 100 % ) 3,484 ( 8 % ) 2,132,480 ( 38 % ) 97.68
Npar = 16, Nnp = 4 112 ( 100 % ) 3,831 ( 9 % ) 2,234,880 ( 39 % ) 82.65
Npar = 16, Nnp = 8 112 ( 100 % ) 4,266 ( 10 % ) 2,439,680 ( 43 % ) 76.31
Npar = 16, Nnp = 12 112 ( 100 % ) 4,789 ( 11 % ) 2,644,480 ( 47 % ) 66.01
Npar = 16, Nnp = 16 112 ( 100 % ) 5,255 ( 13 % ) 2,849,280 ( 50 % ) 65.16
Npar = 32, Nnp = 2 112 ( 100 % ) 11,595 ( 28 % ) 2,160,640 ( 38 % ) 75.79

Table 3.5: Resource utilization of the network

We can deduce, from the results of the compilation results, some relevant information:

• The compilation proves the design can be implemented on the target platform.

• The increase in Nnp and Npar means bigger on-chip buffers and it is confirmed in the
Table.

• An increase in the number of Nnp decreases the operational frequency of the FPGA. This
makes sense since an increase in Nnp means an increase in the number of additions in the
convolution. Therefore the critical path becomes larger and the frequency is reduced.

• An increase in the number of Npar increases also the number of DSP. This is explained
by the depthwise PE who must performs Npar ×Nky ×Nkx MAC. According to Bai et al.
[39], the tree adder in Figure 3.19 is responsible for the limiting frequency. As Npar grows,
the size of the adder tree increases and the frequency is more limited because the FPGA
does not have enough DSP which are suited for such operation (when Npar = 16, all DSP
were fully used).

3.3.3 Discussion

In this section, we overview the performance of the accelerator and discuss the obtained results
compared to the design objectives.

The ratio of correct outputs indicates that the accelerator provides a logically correct output.
Therefore, the implemented design satisfies the fourth design objective: “The proposed
architecture provides a logically correct output”. However, the precision of the output
varies according to the pruning parameters, and the accuracy of outputs decreases asNnp×Ngr−int

increases, which could be a problem if the layer requires a high number of partial sums per
output pixel. Still, quantization and integer-arithmetic are known in the literature to suffer
from loss of accuracy [101, 102]. Indeed, Wu et al. [101] and Jacob et al. [102] show that if the
training simulates integer arithmetic (and hence the drop of accuracy), the drop of accuracy
can be reduced during the training phase.
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The performance measurements show that an increase in the sparsity reduces the number of
cycles and hence improves the performance of the design. This is explained by two reasons.
First, the reduction of Nnp means that the DSC PE has to load fewer weights for each pointwise
fetching group. As shown in Figure 3.17, Nnp impacts only the number of parallel multiplication
and addition in one cycle when performing a 1 × 1 convolution. The cycle reduction is not
impacted in the 1× 1 convolution PE because weights and input pixels are loaded in parallel.
Second, the increase in the fetching group size Npar means that we have fewer fetching groups.
We can conclude that Npar directly controls the number of convolution and therefore the number
of operations. This is why the choice of Npar has much impact than Nnp. A bigger Npar also
means that operation for fetching pixels and weights from the on-chip memory can be more
efficiently pipelined, meaning more efficient data accesses. The selection of the highest Npar

possible should be prioritized over Nnp.

We deduced from the performance measurements that we can improve the latency of the
accelerator by applying a smaller pruning ratio and a high Npar. However, the result of the
simulation suggests that the optimal value of Npar depends on the resource of the target FPGA.
Therefore when implementing the design of the FPGA, the user should find a tradeoff between
the pruning parameters, and the constrained resources of the FPGA.
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Conclusion

In the last decade, advances in the domain of CNN have led to more accurate networks. This
came at the price of an increase in the number of parameters and computational complexity. To
perform an efficient inference of the CNN model, the platform on which the model is executed
needs to possess enough computational resources. For this reason, GPUs are the dominant
platform to execute CNN thanks to their high throughput and reprogrammability. However,
GPUs are not suited for embedded and mobile applications due to their high energy consumption.
A better solution would be to implement CNN on FPGA which provides better energy efficiency,
better performance than CPU, and better reconfigurability than ASIC. The downside of FPGAs
is their constrained resource, and the challenge is then to find the mapping of large CNN models
to the FPGA.

In the frame of this thesis, we looked at different solutions to reduce the size of the model.
Two promising optimizations to reduce the size of the CNN retained our interest: pruning and
model optimizations, in particular the use of depthwise separable convolution. The goal of this
work was then to combine both approaches by designing an efficient FPGA-based accelerator
architecture integrating sparse DSC in a CNN targeting the embedded space.

Before starting the design phase of a structured pruned scheme of the DSC and the FPGA-based
accelerator, we defined several design objectives that matches with the purpose of using pruning:

1. The pruning scheme was as fine-grained as possible.

2. The pruning scheme reduced computational complexity.

3. The pruning scheme allowed a reduction of memory required to store the weights.

4. The proposed architecture provided a logically correct output.

5. An increase in the sparsity improved the performance of the architecture.

First, we designed a pruning scheme that prevented the irregular data access pattern while
imposing the least constraints, satisfying the first design objective. As this pruning scheme is
finer-grained than kernel and channel-wise pruning, it would not be efficiently implementable
on CPU and GPU. The analysis of the reduction factors of the pruning scheme allowed us to
assess the reduction of the size of the model and its computational complexity.

Second, we analyzed the sparsity created by the pruning scheme to propose a compressed format
reducing memory utilization depending on the ratio of sparsity. The results showed that, for
the quantization chosen (16 bits), we needed to prune at least 40% of the weights to have a
reduction of memory required, and then satisfying the third design objective.

Third, we developed an FPGA-based accelerator that handled the pruning scheme. In the
light of the results achieved, the architecture was logically correct and its performance was not
degraded with a higher sparsity, satisfying the fourth and fifth design objectives.
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This showed that the proposed five design objectives were met. At the end of this thesis, we
can conclude that we have proposed a CNN optimization (DSC and pruning) decreasing the
number of parameters and computational complexity, that can be implemented more efficiently
on FPGA, compared to GPU and CPU. This reduction of weights and computational complexity
lead to an acceleration of the inference phase, which was the main objective of this thesis. As
a conclusion, we have accelerated convolutional neural networks on FPGA using depthwise
separable convolution and pruning.

Future Works

Multiple paths can be explored to extend this work.

First, since we only designed an accelerator of the Bottleneck residual block of MobileNetV2,
we can extend its architecture to support all types of layers of the model and compare it with
other implementations to see the real impact of the pruning scheme. Also, several improvements
can be applied to the proposed design to accelerate the inference further:

• We can increase the temporal parallelization (pipelining) of the design by using the ping-
pong weight buffer presented in Section 2.2.2. It can be applied when fetching weights
from the external memory, but we can also use this structure to pipeline both 1× 1 and
depthwise separable convolutions. Indeed, while an intermediate fetching group is fed to
the DSC, the next 1× 1 convolution can be computed.

• In the proposed design, each buffer has one read and write port. We can implement a
multi-port buffer by stacking block RAM, each one providing one port. It would allow us
to reduce the latency of fetching data from the on-chip memory.

• The algorithmic optimizations from Section 2.1.1 could be used to accelerate the depthwise
convolutions.

• An analysis using the roofline model presented in Section 2.2 could be used to determine
the optimal hardware design parameters for the target platform.

Second, we need to study the impact of the proposed pruning scheme and compare it with
channel pruning to determine if there is a significant accuracy gap between the two approaches.
Furthermore, we can investigate learning algorithms that conduct the pruning scheme of the
1× 1 kernels. As mentioned in Section 3.3.3, we also need to consider in the learning phase the
fact that we used fixed-point arithmetic instead of floating-point arithmetic, to lower the loss of
accuracy driven by the integer algorithms.

Finally, based on the pruning scheme, the pruning scheme could be extended to reduce further
the number of weights and operations. Indeed, to keep all fetching groups at the same size, we
did not consider the fact that a channel can be pruned in each kernel and that the depthwise
and 1× 1 kernels corresponding to that channel can be safely removed. Therefore, a possible
extent would be to study if added pruning can be efficiently handled on FPGA.
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Appendix A

MobileNetV2

The structure of MobileNetV2 is illustrated in Figure A.1. According to Sandler et al. [22], the
structure can be described as follow: “Each line describes a sequence of 1 or more identical
(modulo stride) layers, repeated n times. All layers in the same sequence have the same number
c of output channels. The first layer of each sequence has a stride s and all others use stride 1.
All spatial convolutions use 3 ×3 kernels. The expansion factor t is always applied to the input
size”.

Figure A.1: MobileNetV2 structure, from [22]
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Appendix B

Weight and operation reduction factors

This appendix describes the development to find the expression of the weight and operation
reduction factors when applying the proposed pruning scheme on DSC, inspired by Bai et al.
[39] and Liu et al. [12].

The amount of weights WDSC and operations ODSC of the DSC can be determined as follow:

WDSC = Nkx ×Nky ×Nif +Nif ×Nof

ODSC = Nix ×Niy ×Nkx ×Nky ×Nif +Nix ×Niy ×Nif ×Nof

The same way, the amount of weights WP RDSC and operations OP RDSC of the DSC with pruning
can be determined as follow:

WP R_DSC = Nkx ×Nky ×Nif +Nnp ×Ngr ×Nof

OP R_DSC = Nix ×Niy ×Nkx ×Nky ×Nif +Nix ×Niy ×Ngr ×Nnp ×Nof

The weight reduction factor can be expressed as the ratio between the number of weights in the
DSC and the pruned number of weights:

FW g = WDSC

WP R_DSC

= Nkx ×Nky ×Nif +Nif ×Nof

Nkx ×Nky ×Nif +Nnp ×Ngr ×Nof

= Nkx ×Nky ×Nif +Nif ×Nof

Nkx ×Nky ×Nif +Nnp × Nif

Npar
×Nof

= Nkx ×Nky ×Nif +Nif ×Nof

Nkx ×Nky ×Nif + α×Nif ×Nof

= Nkx ×Nky +Nof

Nkx ×Nky + α×Nof

=
1 + Nkx×Nky

Nof

α + Nkx×Nky

Nof
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We can use the same method to find the operation reduction factor.

FOp = ODSC

OP R_DSC

= Nix ×Niy ×Nkx ×Nky ×Nif +Nix ×Niy ×Nif ×Nof

Nix ×Niy ×Nkx ×Nky ×Nif +Nix ×Niy ×Ngr ×Nnp ×Nof

= Nkx ×Nky ×Nif +Nif ×Nof

Nkx ×Nky ×Nif +Ngr ×Nnp ×Nof

=
1 + Nkx×Nky

Nof

α + Nkx×Nky

Nof
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Appendix C

Minimal pruning ratio required to re-
duce memory utilization

To reduce the memory utilization, the number of bits required to represent a sparse kernel in
the proposed compressed format must be less than if we store this kernel without compressed
format. We can, therefore, express this requirement as in Equation (C.1), where BWweight is
the bitwidtht of a weight.

Nnp ×Ngr × (BWweight + log2(Npar)) < Nif ×BWweight (C.1)

Equation (C.1) can be developed to express the maximal pruning ratio α in order to have a
reduction of the memory usage:

Nnp ×Ngr × (BWweight + log2(Npar)) < Nif ×BWweight

Nnp ×
Nif

Npar

× (BWweight + log2(Npar)) < Nif ×BWweight

Nnp

Npar

× (BWweight + log2(Npar)) < BWweight

α <
BWweight

(BWweight + log2(Npar))

As a result, to save memory utilization, given a Npar, we need a pruning ratio that satisfies the
relation in Equation C.2.

α <
BWweight

(BWweight + log2(Npar))
(C.2)
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Appendix D

Details of the different signals of each
component of the architecture

We detail here the different input and output signals of each component of the overall architecture
described in Section 3.2. Each Table details the signals of one component.

Signals Input/Output Description
clk, rst Input Clock and Reset signals
inf_conv Input convolution information of the layer

start Input Tells the main controller that it can perform
the bottleneck convolution

sdma

sc11
sdsc

Output Starting signals telling that the corresponding
component can start its operation

finish Output Enabled by the main controller
indicating the output FM has been produced

fdma

fc11
fdsc

Input Finishing signals telling that the corresponding
component has accomplished its operation

dmaop

dmainfo1

dmainfo−mem1

dmainfo2

dmainfo−mem2

Output
Since the DMA can handle multiple operations,

theses signals specify which operations to perform
and which tile and its external memory address to fetch

first_par Output

Control signal telling the DSC PE
that loads its first fetching group

Therefore, it does not read
the data in the output FM buffer

Table D.1: Input and output signals of the main controller
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Signals Input/Output Description
clk, rst Input Clock and Reset signals

inf_conv Output Convolution information of the layer
fetched from the external memory

sop
op

Input Starting signals telling the DMA that it can perform
the operation referenced by op

rvalid_extmem

dataextmem
Input If enabled, the signal dataextmem corresponds

to a data fetched from external memory
rrequest_extmem

addrextmem
Output If enabled, requesting a data transfer

at address addrextmem

eop Output Enabled by the DMA
indicating the transaction is done

wfmi

wkex

wkpw

wkdw

wext

wdata

Output Write signals, enabled when
we write wdata into the corresponding memory

addrram Output When reading FMO buffer,
indicates the address of the data

ramdata−i Input Data reads at address addrram

in the FMO buffer

rfmo−buff Output Enabled by the DMA when it reads
data from the FMO buffer

txi

xmem−i

tyi

tymem−i

Input
Theses signals specify which tile

and its external memory address to fetch
(the data type is specified by op)

Table D.2: Input and output signals of the DMA
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Signals Input/Output Description
clk, rst Input Clock and Reset signals
Nif Input Number of channels of the Input FM

start Input Tells the PE that it can perform
the 1× 1 convolution

finish Output Enabled by the PE
indicating the intermediate FM tile has been produced

fmidata

kexdata

kexpos

Input Output data signal of the corresponding buffers

fmiaddr

kexaddr
Output Buffer address of the data to fetch

res
fmintaddr

write
Output

If write enabled, write the signal res
into the FMINT buffer at

address fmintaddr

SizeKEX Input Size of one 1× 1
convolution kernel

Table D.3: Input and output signals of the 1× 1 convolution PE
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Signals Input/Output Description
clk, rst Input Clock and Reset signals
Nif

Nof

Nox

Noy

Tox

Toy

S

Input Layer information required by the PE

start Input Tells the PE that it can perform
the DSC convolution

finish Output Enabled by the PE
indicating the output FM tile has been produced

fmintdata

kdwdata

kpwdata

kpwpos

Input Output data signal of the corresponding buffers

fmintaddr

kdwaddr

kpwaddr

Output Buffer address of the data to fetch

res
fmoaddr

write
Output

If write enabled, write the signal res
into the FMINT buffer at

address fmintaddr

SizeKEX Input Size of one 1× 1
convolution kernel

first_par_i Output

Control signal telling the DSC PE
that loads its first fetching group

Therefore, it does not read
the data in the output FM buffer

Table D.4: Input and output signals of the DSC convolution PE
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