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Chapter 1

Introduction

Convolutional deep neural networks (DNNs) have gained increasing attention in
machine learning (ML) in the past decade. Currently, it is one of the most ef-
ficient and widely used models in many fields, especially in those that involve
tasks related to analyzing image data. As the number of hidden layers continues
to increase, the model’s accuracy improves but it results in higher computational
complexity [1]. This is due to the need for an increased number of processing units
that perform multiplication operations (as part of convolution and multiply-and-
accumulate operations) and memory to store weights and activations in convolu-
tional DNNs. This means that the increased accuracy of the model comes at the
cost of increased hardware usage [2, 3]. To handle such workload next-generation
hardware accelerators are required [3].

Because of the computationally expensive convolution operations training of a
model and inference is traditionally performed on graphic processing units (GPUs).
It performs computations in a highly paralleled fashion with minimal delay that
assists in increasing the throughput. Another alternative is a CPU, although not as
effective as GPU can be used for relatively small models. The main issue with these
options is their inefficiency in terms of power usage and price. Field Programmable
Gate Arrays (FPGAs) can be configured for ML training and inference, optimizing
power consumption at a relatively low price [3, 4]. Also, FPGAs allow to devi-
ate from Von-Neumann architecture [3], which means that computing-in-memory
(CIM) architecture can be implemented [2]. In other words, FPGAs are highly
customizable, which allows for different architecture choices to be realized in the
hardware accelerator that potentially improves the performance. Performance en-
hancements can include improvement in area usage, power consumption, through-
put, and delay. Also, they offer the possibility of implementing highly pipelined
systolic array architecture, that allows parallel processing. This parallel processing
option significantly improves the performance. Parallel processing is one of the
things that compensates for the lack of resources in the FPGA. Another advan-
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tage FPGAs offer over GPUs and CPUs is their large number of configurable logic
blocks, which allow hardware designers to implement tailored designs. This al-
lows to design of a hardware neural network accelerator to optimize the design for
the particular neural network. This reduces the costs and offers the opportunity to
test different hardware architectures for performance.

However, the option of using an FPGA comes with drawbacks. One of the main
issues is the requirement for high memory storage, which FPGAs can not satisfy
[5]. Therefore, outside memory should be used that adds additional overhead in
terms of throughput and energy consumption [2]. However, different novel archi-
tectures have been suggested to optimize the memory access [6, 7, 8]. Another
issue is the lack of resources, as the multiplication operation required in convolu-
tion is computationally intensive [9]. For example: assuming that the frame image
loaded to the FPGA has a resolution of 640x480, represented by 16-bit data, we
get approximately 300 thousand neurons in the input layer. Assuming a single
kernel size of 3 x 3, and with a stride size of 1 there are approximately 3 million
16-bit floating point multiplications required. Even state-of-the-art FPGAs strug-
gle to process such large amounts of data. Therefore, architectural design decisions
should be made to decrease the load, but still keep the high accuracy at low latency
rates.

The issue of limited resources becomes extremely acute considering the security
of data. The security of data being processed in the hardware accelerator might not
be important in simple image classification tasks. However with CNNs currently
being used for analyzing sensitive data, that might include facial identification data
[10], health records [11] the defense mechanism should be developed to ensure data
security [12].

To ensure that the drawbacks described above are mitigated and have a min-
imal impact on the performance different design choices can be made, that can
be made both on hardware and software level. One of the defining factors in the
performance of hardware is the technology of manufacturing and their effects can
be evaluated in advance [13]. However, since these factors can not be controlled by
us we will rely on the architectural design choices. They can be considered in two
categories, the ones that affect the CNN models” performance in terms of accuracy,
and the ones that do not [2].

One of the widely used techniques in the acceleration of CNNs is quantization.
Quantization is a method that decreases the precision of data used for training,
and inference. Using half-precision data [2], or even data with bit-width of 8-4 bits
[14] makes it possible to process data with FPGA resources. While it decreases
the accuracy to a small amount as opposed to full precision data types, it is one
of the options to consider [2, 14, 15, 16]. Also, the current trends show that Bi-
narized Neural Networks (BNNs) is also a possible solution to decrease the load
on the hardware, where weights and activations are constrained between positive



and negative 1 [17, 18, 2]. This way the multiplication operation which is an ex-
pensive operation on the hardware can be replaced by simple XNOR gates, and
the memory requirement to store weights and activations can be significantly de-
creased. Apart from benefits in terms of limited hardware requirements, this leads
to limited access to off-chip memory, which in turn contributes to high energy ef-
ficiency [19, 2]. However, BNNs bring a couple of issues as well. First of all, very
high fan-in at the addition circuit for weight accumulation. Another one is the fact
that LUTs in the FPGA are more capable than implementing XNOR gates [20]. As
reviewed in [2], the concept of layer-wise quantization, which suggests the usage
of different bit-width data for each layer, has shown promising results as well.

However, we used a different approach and went for a bit-serial multiplier-
based accelerator, that would decrease the hardware footprint at the cost of a small
timing delay. This architecture does not aim to compete with the GPU but offers an
alternative to GPU in applications where the area is a crucial factor and additional
delays can be tolerated.

This paper is organized as follows: Section 2 provides a background in convo-
lution operation and outlines the computations involved. Section 3 introduces the
architecture and discusses the performance metrics used to evaluate our model.
Section 4 presents the results and examines their implications. Finally, Section 5
concludes the report and outlines potential future work.
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1.1 Ethical and Professional Responsibilities

¢ Ethical Responsibility:

One of the main issues to be considered is the privacy of the data being used
for training a CNN model on a hardware accelerator. It is common for CNNs
to be used for analysis of medical data, facial information, and other types of
confidential data. Therefore, the implementation of a proper data protection
system, that would encrypt the data to protect it from unauthorized access,
should be considered. Another consideration to be made is the potential
environmental hazards. The majority of power resources currently used for
powering hardware devices are coming from unsustainable power sources.
Therefore, the system should be developed in a way that would eliminate the
sources of power waste. Additionally, there is a possibility that a hardware
accelerator will be used to train models that use data that was acquired either
illegally, or used without the original author’s permission. In order to prevent
such cases a proper guideline should be developed explaining user the ethical
responsibilities, and this guideline should be integrated into licensing terms
if the project is to be released for open-source or commercial use.

¢ Informed Judgments:

To make sure that decisions made during the development of the hardware
accelerator for CNN models on FPGA are well-informed, that is consider
both technical and societal aspects, I will rely on a combination of discussions
with my supervisor, and a research. Recent research papers in hardware de-
sign, Al, and FPGA technology will provide essential information into the
technical aspects, ensuring that the design follows the latest industry stan-
dards and best practices. Comprehensive research will be the basis for each
decision, including a detailed analysis of academic literature, industry case
studies, and a comparison with existing hardware solutions to evaluate the
project’s technical and societal performance. The main goal of the project is
to develop hardware that maximizes efficiency while considering the broader
implications of its deployment across sectors. Societal and environmental im-
pacts will be considered throughout the process, ensuring that no laws and
regulations are violated. Additionally, I will prioritize sustainability by inte-
grating energy-efficient design practices to minimize environmental impacts.
Ultimately, by combining technical development with ethical considerations
and sustainability, the project will provide a solution that not only performs
effectively but also responsibly addresses societal concerns and long-term
implications.

¢ Global Context:
In the global context, the hardware accelerator designed for CNN could be
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considered in two separate regions. In the context of developed and develop-
ing countries. In the developed countries where Al technologies are already
widely used it could improve the Al infrastructure by offering more scalable
and sustainable solutions for training AI models. FPGAs are widely known
for being far more energy efficient as compared to, traditionally used for ma-
chine learning algorithm training, GPUs, and CPUs thanks to proper usage
of every component in the design. Therefore, this allows them to continue
to decrease their carbon footprint while continuing the improvement of their
Al infrastructure. In the context of developing countries where not every
sector can afford to incorporate Al solutions to improve their service, could
potentially be able to do so with cost-effective FPGAs. This would help these
countries improve healthcare, agriculture, and other sectors by exploiting the
full potential of Al technologies. Therefore, this project would fit into the
global context by providing a cost-effective, energy-minimizing solution for
training widely used Al technologies.

* Economic Impact:

In the short term, the hardware accelerator for CNNs implemented on an
FPGA offers a cost-effective alternative to CPUs and GPUs. Most of the
FPGAs are more affordable than other options, and their reconfigurability
allows for them to be used for a long period. This minimizes the need for
frequent replacement of hardware, resulting in potential cost savings for com-
panies requiring hardware for machine learning model training and infer-
ence. This makes hardware accelerators based on FPGA an attractive option
for companies that need to train models without significant expenses. In
the long run, it is possible to substantially decrease the economic expenses
thanks to the savings on the hardware. This would give an opportunity for
companies to focus their budget on technological improvements and expan-
sion. It should also be noted that cost savings associated with energy saving
with the help of energy-efficient hardware could be substantial for compa-
nies with huge data centers. Also, FPGA adaptability can help cut expenses
associated with frequent hardware updates as new architecture designs can
be implemented on the old hardware. This way the company can keep up
with the newest changes in the machine learning models, and adapt and
implement new designs without substantial expenses.

¢ Environmental Impact:
FPGAs are widely known for their energy efficiency, particularly when com-
pared to GPUs and CPUs. With the increase in the utilization of AI models in
the industry, energy consumption for such purposes has increased drastically,
which in turn is increasing the carbon footprint in the environment. While
hardware accelerator based on FPGA would help to create a sustainable in-
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frastructure for machine learning model training and inference. Another im-
portant point to mention is the reconfigurability of FPGAs. As compared to
other hardware accelerator designs, like ASIC, in case of the need for imple-
mentation of new changes, FPGA wouldn’t need to be sent for manufacturing
again. This results in a decrease in both electronic waste and energy waste
that was used during the manufacturing of a new ASIC-based accelerator.
This also makes the design future-proof, since the machine learning models
are evolving every day, there might be a need for a new hardware accelerator
design to be developed to optimize the training and inference phases. FPGA
adaptability ensures that the hardware remains relevant with new architec-
ture changes being made on the go. If my design succeeds in enhancing the
performance of hardware it could lessen the environmental cost of scaling
CNN solutions in the industry.

Societal Impact:

This project provides both cost and energy-efficient solutions as compared to
traditional hardware used in AI model training like GPUs and CPUs. Mean-
ing that it increases access to Al technologies in a broader range of indus-
tries, including those that have high social importance, but fail to get the
necessary funding. This might include sectors such as healthcare, education,
and agriculture where Al technologies can benefit by potentially improv-
ing early infection diagnostics, personalizing learning experiences for each
individual student, etc. Moreover, the affordability of FPGAs can encourage
small businesses and organizations to incorporate Al to improve productivity
and customer experience which might potentially enhance competition in the
market. Meaning that the average quality of services and products customers
would be getting could improve. Additionally, the energy-efficient design of
FPGA-based hardware accelerators helps reduce the environmental impact
of data centers and Al-driven operations. Also, the energy-efficient design
of FPGA-based hardware accelerators helps reduce the environmental im-
pact. This might be particularly relevant in regions with strict environmental
regulations. By reducing energy consumption, the project supports a more
eco-friendly Al infrastructure. These advancements translate into a higher
quality of life for communities, as they benefit from faster, more accurate,
and tailored services across critical domains.



Chapter 2

Background

2.1 Convolution Operation in CNNs

Discrete convolution is a mathematical operation that is performed on 2 discrete
sequences Xx[n] and h[n], and outputs a discrete sequence y[n]. It is described by
the following equation:

[ee]

ynl = (x@h)[n] = Y x[m] x h[n—m] (2.1)
m=—oo

However, in the context of CNNs convolution can be described as an operation
used for feature extraction. In this context, K, an array of size usually smaller than
input feature map X, referred to as convolutional filter or kernel, is applied to the
input X, and output feature map Y is calculated using an operation similar to the
one given in Equation 2.1. Since the both input and kernel are of finite size, the
equation is adjusted accordingly and given as in Equation 2.2.

Y[n] = (X ®K)[n ZX | % K[n — m) 2.2)

This equation can be further narrowed to the specific application of an image
input, which will be considered as a 2-dimensional matrix. In this case, the convo-
lution operation is described as in Equation 2.3. This is essentially an element-wise
multiplication of the kernel matrix and matrix created by taking part of the input
matrix and summing them all to find one entry in the output feature map. This
kernel is then applied to the whole matrix by considering all small partial input
matrices [21, 22]. The matrix resulting from this operation will be the output fea-
ture map. This feature map will have a size of | =! Slj +1by |- J + 1 for a stride
size of s.

Y[i][jl = (X@K)[i[j] = ;;X[iﬂ][ﬁk] x K[1][k] (2.3)

7
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This equation can be adjusted accordingly to specific applications, like for the
case of RGB image, where the kernel expands to the 3-dimensional matrix.
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Methodology

3.1 Overview of Accelerator Architecture

This chapter presents the design methodology for the proposed convolution ac-
celerator. The design consists of 3 primary units: A data Scheduling and Output
Storing Unit, a Bit-Serial Multiplier Unit, and a 2-bit Full Adder Tree Unit. Fig. 3.1
shows the high-level block diagram of the system and the interconnection between
the modules. Each module’s functionality is described in detail in the subsequent
sections..

The system receives input feature maps and kernel weights via memory-mapped
I/0 (MMIO) registers and performs convolution using bit-serial multipliers. Key
variables used throughout this design include:

¢ X:Input feature map of size i X j with each entry having a width of w + 1-bits.

e K: Kernel matrix of size | x k.

i—+1 —k+1
(i=141) (k1)

¢ Y: Output feature map of size , where s is the stride size.

In the diagram shown in Fig. 3.1, A denotes the delay block, and it was realized
as a D flip-flop in RTL design. Subscripts in the variable names represent the bit
position. Since 2 bits are generated in one clock cycle, the less significant bit was
denoted with n, and the more significant bit was denoted with subscript n 4 1.

3.2 Data Scheduling and Output Storing Unit

This unit handles software-driven scheduling and memory interfacing for the con-
volution process. It takes one bit of each value in the kernel and input matrices
and creates a parallel bus out of all these bits. This bus is connected to FPGA using
PIO (Parallel I/0O) Intel FPGA IP in Quartus Platform Designer. PIO is a hardware
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Data scheduling Unit
X[i+][j+k){w..0} K[I][k]{w..0} X[i][Kw..0}  K[O][0]{w..0}
Y Y v Y Y
a b e T a b
Bit-Serial Multiplier Bit-Serial Multiplier
Dot P, Pt P,
A
Y A 4 \ 4 4 \ 7
A1 Ag B1 Bo Cn
2-bit Full Adder (2FA) A
Cour A

Yil[]n+1 Y[iI0ln

Shift Right Register (SRR)

|

YTi][jl{w..0}

Figure 3.1: Accelerator schematic.

communication peripheral that connects the ARM processor with the FPGA via
a lightweight HPS-FPGA bridge. Communication uses the AMBA AXI protocol
and is fully automated by Quartus. Once the valid data is computed in FPGA
the results are sent back using PIO and the C code reconstructs output value from
output bits coming 2-bit at a time (starting from the least significant pair) from the
FPGA using shifting.

This unit is realized in C code and runs in ARM Cortex A9 dual-core processor
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in DE1-SoC board. Due to a lack of license to software tools, we could not imple-
ment this module using a bare-metal code. Instead, we booted a Linux operating
system (OS) on an ARM processor and ran the code on it. The main difference
between the bare-metal code and code running on top of an OS is that the latter
includes an overhead on running an OS and requires the implementation of func-
tions responsible for mapping virtual memory into physical memory space and
the other way around. This physical memory is mapped to FPGA and provides
control over MMIO which includes the PIO used in our design. The code from [23]
was used as the basis for the memory mapping section of the code.

As mentioned above the communication with AXI protocol is fully automated
by Quartus and we have no control over it except for reading and writing to vari-
ables in FPGA. This means that status of validity of data and readiness of the inter-
face is unknown to us. Therefore we implemented our own additional handshak-
ing mechanism on top of AXI and we now have more control over the communica-
tion. The scheduling algorithm implemented in C that uses custom handshaking
for controlling the transactions is described below.

Algorithm 1 Data scheduling algorithm

1: Extract kernel-sized portion of the input matrix
2: Reset convolution module

3: while bits_read < 2n do

4:  Wait for the ready signal

5:  Load input — PIO and assert valid

6:  Deassert valid

7. if valid output then

8: Store 2-bit output into the corresponding position of the result
9: bits_read +=2
10: Deassert 'ready’ to acknowledge the successful read
11: Reassert 'ready’ to clear the acknowledgment flag
12:  end if

13:  bits_sent++
14: end while
15: Repeat for each sliding window position

3.3 FPGA Control Unit

On the FPGA side, a control unit is responsible for data transactions. We imple-
mented it as an FSM and it follows an algorithm similar to the one described in
section 3.2. Table 3.1 shows the FSM next state transition logic and Fig. 3.2 shows
the FSM diagram retrieved from Quartus Netlist Viewer.
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Table 3.1: FSM State Transition Table

Current State Condition Next State

IDLE valid = 1 READ

IDLE valid =0 IDLE

READ - WAIT_ST

WAIT_RES output_valid =1 | WRITE

WAIT_RES output_valid = 0 | READ_DONE

READ_DONE | valid =1 READ_DONE

READ_DONE | valid =0 IDLE

WRITE ready =1 WRITE

WRITE ready = 0 WRITE_DONE

WRITE_DONE | ready =1 IDLE

WRITE_DONE | ready =0 WRITE_DONE

TN
AL e 7, READ o WA RES AL e A reno pone - R pone
——{g )y ) b ((}); ( ¥ (\7 D
/
\\ ,/= //
N .
\\\\\ ] ) i //’,,

Ny . /,//—/// ) ///

Figure 3.2: FSM next state transition logic.
3.4 Bit-Serial Multiplier

The bit-serial multiplier is the main unit that performs computations in our design.
Several copies of this module are instantiated in the top module to compute all
multiplications in convolution in parallel. The number of parallelized bit-serial
multipliers depends on the size of the kernel. For a kernel given by the size of 1
by k, the design will have [ x k parallel bit-serial multipliers. Fig. 3.1 displays the
situation where [ X k = 2.

3.4.1 Original Design

Our design uses a novel bit-serial multiplier architecture proposed by [24] as a main
module for performing multiplication operations in convolution. This architecture
minimizes the overall area of the serial multiplier circuit and propagation delay. It
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computes n x n-bit multiplication in 2n — 3 clock cycles with latency. The design
is shown in Fig. 3.3.

500~ 524
{bs. o}

) it Pull Addor GOFA
-Bit Fu er
530A—" | S )

* Circuit is Synchronously Clocked.
Intermediate Blocks can be Inserted ~ {p_., p.}
Between\/ and A\ to Increase n

Figure 3.3: Bit-serial multiplier schematic with 2-bit synchronous output [24].

The design in Fig. 3.3 consists of 3 main blocks: an intermediate 2-bit block
(I2B), a terminating 2-bit block, and a series of 2FAs. To increase the n (size of
multiplicants) additional (”2;4) I2B blocks should be inserted between I2B and T2B
block [24]. The adder tree outside I12B and T2B blocks, consisting of 2FAs also
should be adjusted accordingly. For each m number of 12B blocks in the diagram,
there has to be a total of m 2FAs (outside of 12B, T2B blocks) to enable additional
summation of intermediate products.

3.4.2 Design Modification

The design presented in the patent had some issues and was not computing correct
multiplication: output didn’t match the expected value, so we modified the design
by removing one of the delay elements at b input in the T2B block. In modified
architecture the delay changed to (3 — 1) cycles with latency. This includes the
latency of (5 — 1) cycles, and another n cycles to generate all n 2-bit output pairs.
The modified serial-multiplier architecture is given in Fig. 3.4

The multiplier with the modified architecture was computing the multiplica-
tions correctly in the simulation, where inputs are given to the multiplier one bit

per cycle. However, with PIO not being able to provide one bit per cycle new
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{bs, o}
Intermediate 2-bit block (12B) v Terminating 2-bit block (T2B)
- o] ] 1 ]
x 2] [ (2]
A1 AO B1 BO CIN A1 AO B1 BO C\N
2-bit Full Adder (2FA) 2FA
S1 So Cour S Sp Cout
A
Aq Ay B1 Bo C
2FA
S4 Sp Cour
{Pn+1 Pn}

Figure 3.4: Modified bit-serial multiplier architecture.

issues arise with valid signal assertion. The first input, which performs computa-
tions without delay, corrupts the signals in the I2B block before other computations
are performed one cycle after the valid is asserted. Therefore to avoid this problem
we added additional delays in both a and b inputs. The final modified architecture
is presented in Fig. 3.5 and was used in our design. This results in an additional
delay of one cycle. So all 2-bit product pairs will be available at the output after
(3) cycles.

3.5 Adder tree (2-bit Full Adder Network)

This unit performs the role of an accumulator. 2-bit outputs from bit-serial multi-
pliers are summed here to find the value in the output feature map 2-bit at a time.
With the increase in the number of bit-serial multipliers, the number of 2FAs will
increase to account for n input addition. Schematic in Fig. 3.1 displays the situa-
tion for n = 2. For n number of multipliers, we will need (n — 1) instances of 2FA
to sum all multiplication outputs. It will also create an adder tree for n higher than
2. For widely used kernel sizes like 5 x 5 the adder tree depth is only 5, meaning
that the critical path does not increase drastically and there is probably no need
for pipelining or other optimization methods aimed at decreasing the critical path.
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{b3_o} —>@
Intermediate 2-bit block (12B) A 4 Terminating 2-bit block (T2B)
wa —[2] py— 5
Aq Ag B1 Bg Cin Aq Ag B1 By Cin
2-bit Full Adder (2FA) 2FA
S1 So Cour Sq So Cour
A

Iy 5 Bl B Cin
2FA
T Slo Cour

{Pp+1  Pp}

Figure 3.5: Modified bit-serial multiplier architecture with delayed inputs.
3.6 Implementation

The architecture described in section 3.1 (depicted in Fig. 3.1) was realized and
implemented in Quartus Prime software. The RTL schematic of the design is given
in Fig. 3.6 The presented design realizes the case when the kernel size is 5 x 5,
therefore a total of 25 multiplier units were instantiated. These 25 units of bit-
serial multipliers multiply the input feature map submatrix with corresponding
values from the kernel matrix. The size of the kernel also implies that 24 2-bit
full adders will be used to sum all products. This particular implementation also
considers the data to be an 8-bit integer.

The code was written in a highly parameterized fashion such that variables
such as data width, and kernel size could be easily modified, and the design would
be adapted to new parameters. But since the output of one adder is forwarded into
another one (as opposed to parallel instantiation in the case of multiplier) simple
parameterization does not work for the 2FA block. The code for the adder tree has
to be modified manually. Other possible solutions include a Python script and the
generation of code with the help of an LLM model. Since the process of writing an
HDL code for an adder tree is a simple and repetitive process we believe a solution
with an LLM model is the simplest way. So we used the ChatGPT 4.0 model for
a generation of HDL code for the adder tree whenever we needed a modification
due to bit-width change. The prompt that we used for getting a fully functional
HDL code for the adder tree from 3 attempts, at most, is given in Appendix A. The
code of our implementation is also available in GitHub at [25].

A simplified RTL netlist of our convolution module is given in figure 3.6. To in-
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crease readability majority of multipliers and adders were hidden in the schematic.
Also, performance counters and control FSM signals are removed. From the netlist,
we can see that delayed inputs X and K buses are passed to the serial multiplier
units. The output of which passes to the adder tree and the output of the last level
adder FA4_0 provides 2-bit output to PIO.

s_bit_¥_delayed[24 0]

full_adder-FA4_ 0

Figure 3.6: Modified bit-serial multiplier architecture with delayed inputs.

3.7 Performance metrics

3.71 Delay

The main performance metric used was the delay i.e. time required for perform-
ing the convolution operation. In C code we used get_clock function from time.h
library to measure the time before starting the computation and after the compu-
tation. Then, we found the difference between these time moments to find the
exact time the processor took to compute convolution. The overhead of calling
this function was ignored, since it is significantly smaller than the time processor
takes to compute millions of multiplication, and addition operations involved in
the process.

To measure the time in the FPGA a simple counter was used. We measured time
using two counters to measure performance with and without data transaction
overhead. The first one increments only when the valid data is coming into the
module ignoring the time when the multiplier is idle waiting for the next input.
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The second counter starts before the first input arrives and stops counting after the
last computation results are stored in C code.

The results are presented in seconds and number of cycles spent by the hard-
ware. The number of cycles was calculated using the equation 3.1.

Number of Cycles = Time x Clock Frequency (3.1)

ARM Cortex processor is running at 800 MHz frequency, while the FPGA is
using system clock of 50 MHz. We used these data for calculating number of
cycles.

3.7.2 Clock Frequency

We conducted a static timing analysis to ensure that our design can operate at 50
MHz clock speed. Also, to find the maximum clock frequency at which the design
will be working properly without it causing negative slack and clock skew. We
constrained our design to operate at an unrealistic clock frequency of 1 GHz. Then
found the worst negative slack (WNS) and used it to calculate the actual maximum
frequency at which our design can operate using the equation 3.2.

1000

Fyax = 1_WNS (3.2)

Here calculated F;4y is given in MHz and the value WNS in ns should be used.

3.7.3 Area

Area or resources utilized in the FPGA are also an important aspect of performance
evaluation. The resources in the DE1-50C FPGA board include Adaptive Logic
Units (ALMs), registers, DSPs, RAM blocks, and many more. However, our design
requires the use of only ALMs, which are basic logic building blocks in Cyclone V
family FPGAs, and registers. Our expected result for the number of D flip-flops
can be calculated using the equation 3.3.

Nig=mx N+ (m—1)+2m+44+3=mx (N+3)+6 (3.3)

Here m is the number of parallel instances of bit-serial multipliers and N is the
number of DFFs in a single multiplier and it is given in equation 3.4. Terms 2m
and m — 1 come from the registers required for delayed inputs and storing carry
bits in 2FAs, respectively. While constants 4 and 3 are the bit-width of registers
storing values for a counter, and FSM’s present state.

n—4 n—
1
2 1)+ 2

4
N=5x( +1)+3=3n-3 (3.4)
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Here the term (“;* + 1) represents the number of I12B blocks in the design and
since each I2B block has 5 DFFs we multiplied this number by 5. The number of
2FAs is equal to the number of 12Bs, so we added that number once more. Constant
3 is the number of DFFs in the T2B block and by summing all these terms we get
the total number of DFFs in a single bit-serial multiplier unit that is equal to 3n — 3,
where n is the bit-width of inputs.

Substituting equation 3.4 into 3.3 we get:

fo:3><m><n+6 (3.5)

In our case, m is equal to 25, and n is 8. So if we compute the total number of
expected DFFs we get 606.
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Results and Discussions

41 Results

This section presents the experimental results obtained from the implementation
of the proposed architecture and its comparison with the C code that performs the
same operation. The performance results are presented for a convolution of an
RGB image of size 1280 x 720 with a kernel of size 5 x 5 and a stride size = 1.

4.1.1 Delay

As described in section 3.7.1 we obtained two results for FPGA and a single result
for C code. Results for the total time spent on processing the image with the
above-mentioned dimensions are given in table 4.1.

Time, s Number of Cycles
C 8.801238860 7,040,991,088
FPGA; | 0.657803520 32,890,176
FPGA, | 9.094535880 454,726,794

Table 4.1: Total time.

Here results given as FPGA; represent the performance with computations
done on an FPGA without additional overhead, while FPGA; represents the case
with data scheduling and transfer overhead.

In addition to total time, average time per computation was calculated and the
results are given in table 4.2. Here single computation refers to the calculation of
a single entry in the output matrix. So one computation consists of 25 multiplica-
tions and 24 additions for a case where the kernel has dimensions 5 x 5 as in our
example.
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Time, us | Number of Cycles
C 3.211137159 2568.910
FPGA; 0.24 12
FPGA, | 3.318146749 165.907

Table 4.2: Average time per computation.

Moreover, to ensure correctness we compared each entry in the output matrix
obtained from the C code and the FPGA module. The results consistently matched
each other for various input and kernel matrices.

4.1.2 Clock Frequency

The results of the timing analysis demonstrated that clock constrained to 1 GHz
results in worst negative slack of —4.323 ns at slow 1100mV 85C model. This means
that our module could run at maximum clock frequency of approximately 187.86
MHz if external oscillator was used instead of system clock of 50 MHz in DE1-SoC
board.

4.1.3 Area

Another important aspect of performance analysis is area, or resource utilization
that directly affects the area. Table 4.3 shows the list of utilized resources in the
convolution module in the DE1-SoC board.

ALMs, units | Registers, units
FPGA 453 835

Table 4.3: Resource utilization.
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4.2 Discussions

The results presented in section 4.1 demonstrate that the proposed design and
CPU take a similar time to perform the computations. We can see that computa-
tion takes a total of 8.8 seconds in CPU, while the hardware module in FPGA takes
about 9.1 seconds when the data scheduling and transfer overhead is included in
performance measurements. However, if we compare the raw number of cycles
taken by these hardware units to compute the convolution we can see that our
proposed architecture performs significantly better with a total of slightly above
450 million cycles as compared to 7 billion cycles taken by the ARM core. De-
spite running at a clock speed 16 times slower FPGA module loses by only about
0.3 seconds to the CPU demonstrating higher raw performance. Moreover, if the
external oscillator with a maximum allowed clock frequency of 187.86 MHz was
used, computation on an FPGA would have taken only 2.42 seconds. In this way,
FPGA would be outperforming the CPU by a factor of more than 3.6.

If we compare the average time required for each hardware to compute a single
convolution we can see that the ARM core and the FPGA show very similar results
at 3.21 and 3.32 us in terms of time and 2569 and 166 clock cycles, respectively.

It is also important to note that there is an additional overhead for disabling
the counter. The performance counter used for counting the number of cycles
with overhead is enabled before starting transactions and then disabled after a
single computation is done. This repeats for each convolution. This means that the
counter keeps working after the computations are complete. So while the counter
start flag is being deasserted the counter keeps counting the number of cycles. This
process involves reading the current value from the PIO port ( 7-8 cycles), AND-
gating it with the corresponding mask, and writing results back into PIO ( 14-15
cycles). This creates an overhead of at least 21 cycles. So the taken average should
be decreased to at least 145 cycles. It shows even higher performance improvement
compared to the core, reaching approximately 18 times improvement. However, it
is still lower than the parallel instances of multipliers used in our design, 25. The
C code computes each multiplication and addition, involved in the convolution,
one after another, sequentially. Our hardware module computes all operations
involved in a single convolution in parallel, although input bits for each of the
multipliers are received serially. If we compute the total time without the overhead
for disabling the counter we would get approximately 7.9 seconds with the current
clock, and outperform the C code by 0.9 seconds. As we can see a simple overhead
for disabling the counter has introduced a delay of about 1.2 seconds. For future
experiments, it might be advisable to test the design with a counter that has a
smaller overhead to get more accurate results.

Let’s analyze the performance of our hardware module without any overhead.
As expected a single computation takes 12 cycles, which corresponds to (%) cycles
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for n = 8. For the total computation, it takes 32 million cycles, or 0.658 seconds with
a 50 MHz clock in the FPGA. This shows better performance than the C code in
terms of time by a factor of 13 and 214 in terms of the raw number of cycles spent
by the hardware. It should also be noted that the computation itself takes less than
10% of the total time required for the hardware to compute the results. Meaning
that the majority of delay is due to the data scheduling, transaction, and counter
disable logic overhead rather than multiplication.

In terms of area, a total of 453 ALMs and 835 registers were used. This data
is for the case where performance counter registers were removed from the design
to get more accurate data on resource utilization. As it can be seen from table
4.3 the number of DFFs does not match the expected number that we calculated in
section 3.7.3. However, out of 835 registers 609 are design implementation registers,
meaning these are the D flip-flops actually instantiated or inferred in the design.
While the remaining 226 are routing optimization registers added by Quartus Fitter
during placement and routing. This is done to balance skew and improve timing
closure. But still, the number is off by 3 units of DFFs. We made additional
calculations, but could not figure out where these 3 additional DFFs can be coming
from. We also checked Quartus warning messages to ensure that no additional
latches, or DFFs have been inferred in the design by the EDA software. This might
be due to optimizations by Quartus that are not listed in the utilization report, or
miscalculations by us, but we believe that either way, the difference is not huge.
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Conclusion

This paper presented an FPGA-based convolution operation accelerator based on
novel serial-serial multiplier architecture. This design utilizes the FPGA on the
DE1-SoC board to realize the multiplier architecture, and ARM Cortex A9 dual-
core processor to parse, and schedule the input data from external memory for
processing. The novel bit-serial multiplier architecture used in the design computes
a single convolution operation in 3 cycles. Our convolution module was able
to show better performance than a simple C code thanks to highly parallelized
instances of multipliers when overhead for data scheduling and transaction was
ignored. But even with the overhead, we were able to achieve results similar to the
C code.

This paper only compares the performance of our model with the CPU perfor-
mance rather than the GPU that is traditionally used for such workloads. However,
it is safe to assume that in comparison with GPU our proposed architecture would
lose. This is because the GPU performs each multiplication in parallel and also
all multiplications involved in the convolution would be performed at the same
time. While our module implements only the latter parallelization and does not
aim to compete with GPUs. It would rather be used in different applications like
edge Al devices where time-sensitive data can be sent to the cloud for comput-
ing, while non-time-sensitive data can be analyzed directly on the hardware with
a small footprint.

While the current implementation achieves promising results, there is still room
for improvement. This design can be implemented in industry level FPGA board
that could result in smaller communication overhead and higher clock frequency.
Also, this design can be implemented on an SoC with FPGA on a custom PCB
board, rather than evaluation board, and used as part of a different system.
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Appendix A

Prompt to ChatGPT

In this section, the prompt to generate adder tree is presented.

Using the following template, create an adder tree that will
sum 25 (N) instances of s_product. There will be 24 (for N =
25, N - 1) instances of a full adder:

logic [1:0] s_sum_O0;
logic [1:0] s_sum_1;

full_adder FA2_0 (

.i_inputl ( s_product [0] ),
.i_input2 ( s_product[1] ),
.i_cin ( s_carry_in[0] ),
.o_sum ( s_sum_O ),
.o_cout ( s_carry_out [0] )
)
full_adder FA2_1 (
.i_inputl ( s_product [3] ),
.i_input2 ( s_product [4] ),
.i_cin ( s_carry_in[1] ),
.o_sum ( s_sum_1 ),
.o_cout ( s_carry_out[1] )

)

Follow the given instructions:

1. Generate all N-1 instances. Do not leave behind instances
saying: "continue like that"

2. First sum all s_product[i] instances and only then start
summing s_sum_*

3. Keep in mind that when N is odd, s_product_{N-1} will be
left for the end. You can ignore it and start summing s_sum_*,
and you will add that in the LAST level of the adder tree with
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s_sum_{N-2}.
4. Remember to declare s_sum_* signals

Appendix A. Prompt to ChatGPT
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