CHALMERS

UNIVERSITY OF TECHNOLOGY

Performance Evaluation of Versal Al
Engines for Radar Signal Processing

Master’s thesis in Embedded Electronic System Design

Albin Juopperi
Samuel Sj6lén

Department of Microtechnology and Nanoscience
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2026






MASTER’S THESIS 2026

Performance Evaluation of Versal Al
Engines for Radar Signal Processing

Albin Juopperi
Samuel Sjolén

Department of Microtechnology and Nanoscience
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2026



Performance Evaluation of Versal Al
Engines for Radar Signal Processing
Albin Juopperi

Samuel Sjolén

© Albin Juopperi, 2026. © Samuel Sjolén, 2026.

Supervisor: Lars Svensson, Microtechnology and Nanoscience
Company advisor: David Wilkins, Saab AB
Examiner: Per Larsson-Edefors, Microtechnology and Nanoscience

Master’s Thesis 2026

Department of Microtechnology and Nanoscience
Chalmers University of Technology

SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover: The image shows an array artificial intelligence engine tiles. The image is
based off a simulation made during this project. The image can be viewed in its
entirety in Appendix B.

Typeset in BTEX
Gothenburg, Sweden 2026

v



Performance Evaluation of Versal Al Engines for Radar Signal Processing
Albin Juopperi

Samuel Sjolén

Department of Microtechnology and Nanoscience

Chalmers University of Technology

Abstract

This thesis aimed to evaluate the artificial intelligence engines found on the Versal
VCK 190 evaluation board. To perform the evaluation, a non-homogeneous detector
based on the generalised inner product was used. This algorithm was implemented
in its entirety in MATLAB and on a graphics processing unit, which was used for
comparison. For the Versal board however, only parts of the algorithm were im-
plemented in the design. Further, the design was never run on the Versal board,
instead, simulations were used to achieve the results presented in this thesis.

This thesis found no real advantages of using the artificial intelligence engines for
the parts of the generalised inner product algorithm that were implemented. For
computations of matrices larger than 24 x 24, the graphics processing unit outper-
formed the artificial intelligence engines in terms of speed. Although this report
did not find any real advantages for using the artificial intelligence engines, further
studies are required, especially regarding the power consumption in comparison to
the throughput, before any final conclusions can be drawn regarding the artificial
intelligence engines.

Keywords: artificial intelligence engines, generalised inner product, non-homogeneous
detector, graphics processing unit,
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Introduction

In recent years, the development of military technology has rapidly advanced [1]. As
a result of this, the modern battlefield poses many new threats to human life, that
includes not only military personnel, but also innocent civilians [2]. If a state is to
protect its citizens from attacks from foreign aggressors, the ability to detect and
track such attacks is necessary. To do this, competent and reliable radar systems
play an important role.

For a radar system to decide whether or not a target has been observed, there are
multiple techniques that can be used. The technique known as constant false-alarm
rate (CFAR) is a commonly used one. It is defined, as suggested by the name, by the
ability to maintain a constant probability of false-alarm rate [3]. This is achieved by
using an adaptive threshold, which changes the detection requirements for a data
sample based on the surrounding noise [4]. The CFAR detector will be explained
further in Section 2.1, but it is important to know that in order to calculate the
adaptive threshold of the CFAR detector, an estimated noise covariance matrix is
required [5].

The covariance matrix is calculated from the cells surrounding the cell under test
(CUT). These surrounding cells are referred to as either secondary data cells or
training data. Moreover, the detection method assumes the training data does not
contain any targets. If a target were to be located inside the training data, the
covariance matrix would no longer be a good estimate of homogenous noise, i.e.
noise equally spread over all frequencies. The adaptive threshold would in such a
case rise far above a desired level, and targets might not be detected [6]. This is
especially bad for targets that were already hard to detect. In real life, this could
for example be a swarm of drones, or other objects with small radar cross section
(RCS), located close to each other.

By excluding the non-homogeneous noise from the training data, the detection per-
formance of CFAR-based radar systems could be improved. Such an exclusion could
be made by utilising a non-homogenous detector (NHD) based on a generalised inner
product (GIP) [6]. Just as the name suggests, the purpose of an NHD is to detect
non-homogeneous noise. If non-homogeneous noise is detected in a cell, the cell can
be excluded from the training data in favour of a cell only containing homogenous
noise. The drawback of this method is the vast increase in computational capacity
that is required to perform the NHD related calculations. The NHD algorithm re-
quires calculations of GIP values for all cells in a video being made multiple times.
The video in this case is a matrix consisting of radar data. This is computationally
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expensive as every GIP value is calculated through various matrix operations [6].

By using artificial intelligence engines (AIEs) on the Versal VCK190, the GIP could
potentially be implemented in a more efficient way than previously. AIEs consist of
multiple AIE tiles, each of which consists of a vector processor optimised for very-
long instruction word (VLIW) processing. According to AMD, this architecture is
beneficial for signal processing [7]. Furthermore, AIEs could also enable CFAR or
similar algorithms to run on edge-devices, which for example could decrease latency
in a system. Evaluating AIEs for radar signal processing is therefore of interest and
will be the aim of this thesis.

1.1 Related Work

The problem with detecting targets in non-homogeneous noise is well known. Re-
search has been conducted to improve the detection of targets in non-homogeneous
noise, and utilising the GIP is one possible solution. This is seen in [6], where an
adaptive matched filter (AMF) method is used to evaluate the GIP-based NHD. The
study presented an improvement of approximately 2dB in signal-to-interference-
plus-noise ratio (SINR) when using an AMF based on an NHD versus an AMF
without an NHD.

Furthermore, as seen in [8], there are multiple algorithms that can be used for
performing space-time adaptive processing (STAP) together with a GIP-based NHD.
Two of the three tested algorithms in [8] were improved when using the GIP, while
the third gave the desired results even without the GIP. What all STAP algorithms
and the GIP have in common is the dependency on matrix operations.

Weber and Wright [9] have previously shown the theoretical potential in combining
CFAR Feature Plane with neural networks on the Versal VCK190 evaluation board
to enhance detection performance. Unfortunately, their design was never imple-
mented on the board. However, the part of their project which focused on target
injection in the noise video could be reused in this project.

In contrast to Weber and Wright’s work, this report will not focus on the feature
plane implementation nor neural networks. Instead, a GIP-based NHD will be
implemented on the Versal VCK190 evaluation board. In addition, this project will
cover non-homogeneous noise, something Weber and Wright did not do.

1.2 Purpose and (Goals

The purpose of this project is to evaluate the performance of AlEs to find out how
well suited they are for handling resource-demanding matrix operations required for
radar signal processing. The GIP algorithm is an example of a resource-demanding
algorithm, which makes it well suited for evaluating the performance of the AIEs.
To achieve the purpose, the work is divided into four separate goals.

The first goal of the project is to implement the GIP algorithm as a MATLAB
model. The second goal is to calculate a GIP value using the AIEs on the Versal

2
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VCK190 board. The third goal of the project is to implement a GIP algorithm on a
graphics processing unit (GPU). Lastly, the fourth goal of the project is to compare
the performance of all implementations with each other.

1.3 Delimitations

The project is carried out within a number of delimitations to ensure it is completed
on time and achieves the desired goals. First and foremost, as the project is carried
out in collaboration with Saab, the hardware used for the project will be chosen
and provided by them. Thus, no other board than the Versal AI Core Series FPGA
VCK190 board will be used as target hardware. The same argument applies for the
GPU. The Quadro RTX 6000 is chosen and provided by Saab and will therefore
be used as a benchmark to compare against the Versal board. In addition, only
simulated results will be used to evaluate the AIEs; the implementations will not
run on actual hardware.

Secondly, all test data will be simulated. The simulated data will not contain any
clutter, i.e. unwanted pulse echoes from, for example, the ground. This is because
clutter elimination lies outside the scope of the thesis. However, slight modifications,
such as target injection, will take place during the course of the project. Further,
this test data will only feature one antenna element.

Lastly, there are multiple CFAR detectors that could be used for this project. This
thesis will only use the energy detector (ED). As the focus of the project is to
evaluate the hardware, a less advanced CFAR algorithm is preferred in order not to
unnecessarily waste time.

1.4 Thesis Outline

This thesis aims to evaluate the performance of AlEs through the so-called GIP
algorithm. The thesis will thus begin in Chapter 2 by discussing broad mathematical
and radar concepts that are central to the thesis. This background chapter will also
feature the hardware used in the project, where the Versal board is the main focus.

After the technical background, the methodology of the project will be discussed in
Chapter 3. This chapter will touch upon the workflow itself and the development
environments. The chapter will also discuss how the achieved results for differ-
ent implementations were verified, and most importantly, how the testing of each
implementation was conducted.

Next up, the design will be described in Chapter 4. The chapter presents block
diagrams for the implementations alongside a further explanation of how the GIP
algorithm was implemented in general. Design choices are also motivated in this
chapter.

Lastly, before we conclude the thesis in Chapter 7, Chapter 5 presents results and
Chapter 6 discusses the implications of the results. Besides discussing the results
from the project, the discussion chapter also focuses on what future projects can
learn from this one.
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Technical Background

The following chapter will touch upon theoretical concepts which are of importance
to the project. Initially, theory related to radar technology will be presented, fol-
lowed by some sections regarding mathematical algorithms. Lastly, aspects of the
hardware itself will be discussed.

2.1 Radar Theory

Radar utilises radio waves to detect and track targets [3]. The technology has been
around for more than 100 years, and many advancements have been made to the
technology since it was first invented. Fundamentally, the technique works by having
a radar unit transmit a radio wave. The wave will, if any object is located in front
of the radar unit, reflect off the object and return to the radar unit. By measuring
the time between the transmission and the reception of the wave, the distance to
the object is easily calculated [3].

However, in reality, radar detection is not always as easy as the prior example makes
it out to be. Noise, clutter and unwanted targets make radar detection difficult. To
improve the probability of detecting desired targets, signal processing techniques can
be used. The following chapter will discuss some techniques that can be used for
detection improvement in a radar system. The radar datacube, shown in Figure 2.1,
is a central part of the processing techniques discussed in the following chapter.

The dimensions of the cube represent the number of range bins (L), the number of
antenna elements (V) and the number of pulses in a coherent processing interval
(CPI) (M). Generally for this thesis, only one antenna element is used, thus N =
1. This is why the cube is turned into a rectangle in Chapter 4. Further, the CPI
is important since it sets the resolutions of our measurements. A higher CPI means
more pulses are sent during an interval, which increases the resolution [3]. However,
it will also result in more computations required, thus slow the signal processing
down. The same argument can be made for the range bins, L and N.
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Figure 2.1: An illustration of a radar cube. M represents the number of pulses in
a CPI, N the number of antenna elements and L is the number of range bins.

2.1.1 Constant False-Alarm Rate

Radar detection functions by comparing the returned signal to a threshold value.
In the simplest case, the threshold is a constant value, and if the signal reaches
above that value, it is labelled as a target. To measure the functionality of a detec-
tor two metrics are used: probability of detection P; and probability of false-alarm
Pyo. The aim is to maximise Py and keep Py, beneath a desired level. However,
non-homogeneous noise, i.e. noise that is not equally distributed over all frequen-
cies, has a tendency to cause false detections. To guarantee that the Py, remains
constant, CFAR can be used. A constant false alarm rate is beneficial because it
ensures reliable and consistent detector performance, regardless of changes in the
noise environment [5].

CFAR works by analysing the surrounding noise and computing a threshold [10].
This is accomplished by utilising training cells around what this thesis calls the CUT.
In accordance with the Reed-Mallett-Brennan rule [11], the number of training cells
K have to be

K >2MN, (2.1)

with M being the number of pulses within a CPI, and N the number of antenna
elements, as seen in Figure 2.1. M N training cells are selected symmetrically on
each side of the CUT [6]. Normally, a number of guard cells are inserted between
the training cells and the CUT to avoid a single target lapping into the training data

6



2. Technical Background

[12]. If the target were to be inside the training data, the detection performance
would drastically decrease. The training cells are then concatenated, creating a
2M N x M N matrix. This matrix of training data is denoted Z.

2.1.2 Energy Detector

The energy detector (ED) is a relatively simple detector. It only uses the CUT and
the noise covariance matrix to calculate the detection statistic ¢, which is compared
against a constant threshold n [5]. From here on, the CUT will be denoted z €
CMN*1 " and the estimated covariance matrix will be denoted S. To calculate S,
the training data Z is multiplied with its own Hermitian.

S=zz" (2.2)

With S calculated, the detection statistic ¢ can then be calculated for the specific
z;, where i =1, 2,..., L. L is the maximum number of range bins.

As the detection statistic has been calculated for z;, a hypothesis test will be con-
ducted. Hypothesis H; is defined such that if the computed detection statistic is
larger than a constant threshold 7, a target has been detected. Hypothesis Hy
is defined as the opposite; if the value of the detection statistic is lower than the
threshold, no target is detected. The constant n is to be chosen so that a desired
Py, value is achieved.

t2mn (2.4)

2.1.3 Non-Homogeneous Detector

CFAR detectors will have difficulties detecting multiple targets that are located close
to each other. The reason for this is that contamination of training cells will oc-
cur. Although the guard cells offer some protection, their main purpose is to avoid
a single target lapping into adjacent cells [12]. To counteract the contamination
of training data caused by multiple adjacent targets, a non-homogenous detector
(NHD) can be used [6]. In this thesis the NHD will be based on a generalised inner
product (GIP), which will be thoroughly explained in this section.

The algorithm is similar to the one used for the ED in Section 2.1.2. First and
foremost, a CUT, z;, is chosen. However, instead of directly calculating a threshold
value for the CUT, a GIP value will first be calculated for each of the surrounding
cells. In total, 4M GIP values are calculated for each CUT, which means there
are 2M values on each side of the CUT. The GIP value is denoted P;, where i =
1,2,....,4M. For each of these specific cells x;, an estimated covariance matrix is
required. To calculate the estimated covariance matrix, 2M secondary cells are

7
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required similarly to (2.2). However, the training data is selected symmetrically
around @;, not z;, and the matrix containing the training data is denoted X. Thus,
R p is calculated accordingly to [6].

" 1
Rerp = ?XXH (2.5)

Further, to calculate P;, an equation similar to (2.3) is used. The difference is that
the energy detector uses the CUT value z. However, to calculate P the current
GIP-cell, x is instead used [6].

P=x"R;l x (2.6)

With all 4M GIP values calculated, the next step of the process is to apply the ED
to calculate detection statistics. This step will proceed as explained in Section 2.1.2,
but in order to form the covariance matrix R, the GIP values are compared to the
expected value [6].

E(P) = (2.7)

The 2M N GIP values closest to E(P) will be used to calculate the covariance matrix
R. By doing so, targets will most likely be excluded from the training data.

An NHD based ED is more computationally complex than a regular ED due to the
addition of the GIP algorithm. However, the GIP algorithm causes the complexity
to increase at a higher rate compared with a regular ED. The equations used for
both the ED, (2.2) and (2.3), and the GIP algorithm, (2.5) and (2.6), are of similar
complexity. For every range bin added to the noise video, the complexity increases
linearly for both the ED and the GIP algorithm. However, the rate of complexity
increase is much higher for the GIP, as another 4 M N computations are required for
every added range bin, whilst the ED only requires one.

2.2 Matrix Inversion Algorithms

The following section will explain the inversion algorithm used in this project. LU
decomposition will be explained first alongside the Doolittle method, which is used
for the GPU implementation. Next up, Cholesky decomposition will be explained
and after that, the Schur complement.

2.2.1 LU Decomposition

A square matrix A can be divided into two different matrices, L and U.

A=LU (2.8)
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As the name suggests, these two matrices have values in the lower or upper part of
their respective matrices.

a1; Qa2 Qi3 lii 0O 0 Uy; Uiz U3
a21 Qg2 Q23| = log lye O 0 uge uss (2-9)
azy asy as3 l31 Il l33] | O 0 uss

By dividing the matrix into L and U, the number of operations needed for a linear
equation is decreased. This decrease happens because the L linear equation can be
calculated using forward substitution and U using backward substitution.

For solving the equation

Az =b (2.10)

the first part becomes
Ly=0»b (2.11)

(2.12)

where 7 iterates through the number of rows in y. Then the second part becomes
Ux=vy (2.13)

which uses the y from the first part and is solved using the following backward
substitution with N being the number of rows in «.

YN
Ny = ——
UnNN
1 N (2.14)
i j=it+1

After these two substitutions @ is the solution to (2.10) [13]. However, for a matrix
inversion, the vectors in the linear equation are replaced with matrices.

AA =T
ai; Qi ais ap; Az a3 100 (215)
91 Q92 Q93 a1 Gz agz| = |0 1 0
31 dzz G33]| [A31 (32 A33 001

The problem with having matrices instead of vectors is solved by splitting the A=1
and I into vectors which generates the vector linear equations.
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ail a2 aiz| |41
Q21 Q22 QA23| |Q21| =
a31 32 Q33| |A31 |

11 Q12 Q13| |A12
Q21 Q22 Q23| |Q22| =
a31 32 Q33| |[A32]

11 Qa2 13| |A13
Q21 Q22 Q23| |Q23| =
a31 32 a33| |A33]

(2.16)

|
—o 0o OO OO~

This splitting can now be done for L and U. When both the L' and U~! have
been calculated they can be multiplied together forming A~

The Doolittle method is a way of decreasing the amount of computations for the LU-

decomposition. For a square matrix the following equations are used for calculating
the cells for L and U shown in (2.9)

U1 = A4
;1
Ly =
a1
Ujp = Az — Ginloy
lig =
U22

Uiz = i3 — Uitlz1 — Uinl3o
U;3

u3s

these equations calculate a whole matrix for both L and U but only the correspond-
ing values to form the matrices in (2.9) are used [14].

2.2.2 Cholesky Decomposition

Cholesky decomposition is an even more efficient method to solve systems of linear
equations compared to LU decomposition. Cholesky decomposition is roughly twice
as efficient as LU decomposition. However, the Cholesky decomposition only works
for matrices that are Hermitian and positive-definite. A square-shaped matrix has
a Cholesky decomposition if it can be written as

A=LL" (2.18)

where L is a lower triangular matrix

Ly O 0
L= Ly Ln 0 (2.19)
L3y L3y L3

10
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and LT is the conjugate transpose of the lower triangular matrix [15].

Lll L12 L13
L= |0 Ly Ly (2.20)
0 0 L

To calculate the elements of the lower triangular matrices, the equations (2.21) and
(2.22) are defined as

j—i
Lj;= JAM — > LiyLix (2.21)
k=1
1 = o
Li,j = 7(147,7] — Z L;kLz,k) fOT 1> (222)

where * symbolises the complex conjugate. The inverse of A, A, can be calculated
from here by solving the system of linear equations.

2.2.3 Schur Complement

Another method that can be used to calculate a matrix inversion is the Schur Com-
plement which is used for partitioning the matrix inversion [16]. The method as-
sumes a partitioned matrix Q).

A B] (2.23)

Q:[CD

Each partition must be of size (p X p), (p X q), (¢ X p) and (g x q). If partition A is
invertible, then the inverse of ), Q! is easily calculated according to (2.24).

-1 -1 -1 -1 _ p-1 -1
A1+ AI'BSICA A'BS ] (2.24)

-1
Q - [ _S—ICA—I S—l

The letter S represents the so-called Schur Complement and is calculated as shown
by (2.25).

S=D-BA™'C. (2.25)

2.3 AMD Versal AI Core Series VCK190

The Versal VCK190 is an evaluation kit developed by AMD that uses their Versal
adaptive system on chip (SoC) [17]. While the SoC consists of many parts, the three
most significant ones to this project is the programmable logic (PL), the processing
system (PS) and the AIE. As shown in Figure 2.2, the PS part is made up of six
parts, the central processing unit (CPU), the application processing unit (APU),

11
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the real-time processing unit (RPU), the L2 cahce, the on-chip memory (OCM) and
the input/output unit (IOU) [18] [19]. All these parts are, as shown, interconnected
and can communicate directly with each other. Right next to the PS, the high speed
I/O, XPIO, is found, as well as the double data rate memory controller (DDRC)
and platform management controller (PMC) [18] [20].

Table 2.1: Specifications of Versal VCK190 SoC [21].

Specifications
AT Engines 400
DSP Engines 1,968
LUTs 899,840
Power 180 W

Versal Adaptive SoC

AIE Array

AIE AIE AIE AIE AIE
Tile Tile Tile Tile Tile

AIE AIE AIE AIE AIE
Tile Tile Tile Tile Tile

AIE Array Interface

‘ Horizontal NoC

o Programmable Logic Gigabit
2 Transc-
3| || RAM cLB || &8
g DSP Integrated
> Engine P
‘ Horizontal NoC
Processor System
XPIO
CPU APU RPU
DDRC
Coherent Interconnect
L2 OCM 10U PMC

Figure 2.2: Block diagram of the Versal Adaptive SoC, showing the layout of the
board as a whole and how the they different parts are interconnected. The figure
was inspired by images in [18].
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Figure 2.2 also shows that the PL part is made up of three different parts, a random-
access memory (RAM), a digital signal processing (DSP) engine and a configurable
data block (CLB) [18] [19]. Right next the PL, transceivers and the integrated
intellectual property (IP) is found. The NoC is used to transfer data in either
horizontal or vertical directions, allowing for all three parts to communicate with
each other. The AIE part, which is also shown in Figure 2.2, only consists of AIE tiles
and the interface array. These will be further discussed in Section 2.3.1. Further, a
number of core parts and the amount available on the board are listed in Table 2.1.

2.3.1 Artificial Intelligence Engine

As Figure 2.2 shows, all AIEs are located in the AIE array. An AIE array, as shown
by Figure 2.3, mainly consists of AIE tiles and interface tiles. There are two types
of interface tiles: one used to communicate directly with the PL, and one used to
communicate via the NoC. These tiles also contain AIEs. Furthermore, there is also
one configuration tile per array, which is used as a clock generator among other
things. This means an AIE array acts as a single clock domain.

AIE Array
AIE AIE AIE AIE AIE AIE
Tile Tile Tile Tile Tile Tile
AIE AIE AIE AIE AIE AIE
Tile Tile Tile Tile Tile Tile
AIE AIE AIE AIE AIE AIE
Tile Tile Tile Tile Tile Tile
AIE AIE AIE AIE AIE AIE
Tile Tile Tile Tile Tile Tile
PL NoC NoC PL PL
S;ﬁ?ogl; Inter- Inter- Inter- Inter- Inter-
Tile face face face face face
Tile Tile Tile Tile Tile

Figure 2.3: Block diagram showing an example of an AIE array. The figure was
inspired by images in [18].

An AIE tile consists of a memory module and an AIE. The memory module is
connected to an AXI4 interconnect, which links it to the other memory modules
[18]. As seen in Table 2.1, there are a total of 400 of these tiles available on the SoC.
Figure 2.4 shows a block diagram which illustrates the layout of an AIE tile. The tiles
can transfer data in three different ways. The black arrows in Figure 2.4 represent the
AXI4 stream, which can be used for external blocks to read and write on the AIE tile
memory. The PL is an example of such a block. The blue arrows represent the “tile
memory access”, which allows neighbouring AIE tiles to access each other’s memory.
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Lastly, the green arrows represent a cascade stream, which allows streaming directly
into the AIE tile memory. As seen, only the AXI4 interconnections do not have
access to the memory directly, but it is also the only one that is not limited to
the neighbouring tiles [18]. Each tile has a limited to 16 kB of program memory.
Further, each tile can only utilise two inputs and two outputs simultaneously.

AT Engine Tile

p

Interconnect

Memory

Module Al Engine

DMA

i
!

Figure 2.4: The black arrows represent AXI4 interconnects. These are connected
to a net of AXI4-streams. The green and blue arrows are directly connected to
neighbouring tiles. The blue arrows represent how neigbouring tiles can access the
memory module and engines, meanwhile the green arrows represent how the engine’s
capability to stream directly into neighbouring tiles. as seen, the memory modules
contains direct memory access (DMA). The figure was inspired by images in [18].

The AIEs themselves are made up of multiple parts. A vector unit, a scalar unit,
a number of address generator unit (AGU)s for loading and storing data and an
instruction fetch and decode unit. This is shown in Figure 2.5. The engine is
can be described as a “highly-optimized processo”, which utilises single instruction,

multiple data (SIMD) and VLIW architecture[18].
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Memory Interface

Scalar Unit Vector Unit

AGU AGU AGU Instruction Fetch
Load Unit A | | Load Unit B Store Unit & Decode Unit

Figure 2.5: Block diagram of an ATE. The figure was inspired by images in [18].

2.3.2 Designing the AIEs

In order to take full advantage of the AIEs, the AMD AIE application program-
ming interface (API) has to be used. As mentioned in Section 2.3.1, the VLIW
architecture is a core part of how the AIE technology operates. This means that all
data that is to be processed by the AlEs has to be vectorised. The API supports
a number of data types that can be used within these vectors; these data types are
listed in Table 2.2.

Table 2.2: Supported data types and corresponding vector sizes in the AMD

API[22].
Type  Supported Sizes
int8 16/32/64/128
uint8 16/32/64/128
int16 8/16/32/64
int32 4/8/16/32
float 4/8/16/32
cint16 4/8/16/32
cint32 2/4/8/16
cfloat 2/4/8/16

The data types int and float follow standard C++ syntax, meaning they are
used when integers or decimal values are to be handled. Data types cint and
cfloat are specific to the AIE API. The letter c indicates that the data types are
complex versions of their real-valued counterparts, meaning cint handles complex
integers and cfloat can handle complex values with decimals. Notice that increased
complexity limits the possible vector size, as seen in Table 2.2. The table also shows
that the cfloat uses single-precision since it uses 64 bits for the entire complex
value.

The AIE API offers several predefined operations that can be used to process the
data within the vectors. Addition, subtraction, transpose and conjugate are a few
examples of available operations that perform element-wise computations on the
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vectors [22]. Moreover, a function to compute matrix multiplications is also pre-
defined. The dimensions of the operation are, however strictly limited by the data
types used to perform the multiplication. Table 2.3 and Table 2.4 present the dif-
ferent possible configurations for various combinations of data types. Table 2.3 and
Table 2.4 shows the supported supported matrix dimensions for a matrix A of size
m x k and a matrix B of size k x n [22].

Table 2.3: Matrix multiplication configurations for real number data types for a
matrix A of size m x k and a matrix B of size k x n [22].

Mode Supported Matrix Sizes (m x k x n)

int8 x int8 4x8x4, 4x16x4, 8x8x4, 2x8x8, 4x8x8, 2x16x8, 4x16x8
int16 x int8  4x4x4, 8x4x4, 4x8x4, 4x4x8

int8 x int16  4x4x8, 4x4x4, 8x8x1

int16 x intl6 4x4x4, 2x4x8, 4x4x8, 4x2x8, 8x8x1

int32 x intl16 2x4x8, 4x4x4, 4x2x4, 2x2x4, 2x4x4, 4x4x2, 2x2x8

int16 x int32 4x2x2, 2x4x8, 4x4x4

int32 x int32 4x2x4, 2x2x2, 2x4x2, 2x8x2, 4x2x2, 4x4x2, 2x4x4, 4x4x1
float x float 4x2x4, 2x2x2, 2x4x2, 2x8%x2, 4x2x2, 4x4x2, 2x4x4, 4x4x1

Table 2.4: Matrix multiplication configurations for complex number data types
for a matrix A of size m x k and a matrix B of size k x n [22].

Mode Supported Matrix Sizes (m x k x n)

intl16 x cintl6  4x2x2, 4x4x4, 4x4x1

int16 x cint32  2x4x2, 2x4x4, 2x8x2, 4x4x2, 4x4x1

cintl16 x int16 2x2x4, 2x2x8, 2x4x4, 2x4x8, 4x2x4, 4x4x2, 4x4x4
cintl6 x cintl6 2x2x2, 2x4x2, 2x8x2, 2x4x4, 4x2x2, 4x4x2, 4x2x4, 4x4x1
cintl6 x int32  2x2x2, 2x4x2, 2x8x2, 2x4x4, 4x2x2, 4x4x2, 4x2x4, 4x4x1
cintl6 x cint32 2x2x2, 2x4x2, 4x2x1

int32 x cintl6  2x2x2, 2x4x2, 2x8x2, 2x4x4, 4x2x2, 4x4x2, 4x2x4, 4x4x1
int32 x cint32  2x2x2, 2x4x2, 4x2x1

cint32 x int16 2x4x2, 2x8x2, 2x4x4, 4x4x2

cint32 x cintl6 2x2x2, 2x4x2, 4x4x1

cint32 x int32  1x2x2, 2x2x2, 2x4x2, 4x4x1

cint32 x cint32 1x2x2, 2x2x1, 2x2x2, 2x2x1

float x cfloat  2x2x2, 2x4x2, 4x2x1

cfloat x float 2x2x2, 2x4x2, 2x4x1

cfloat x cfloat 2x2x2, 2x2x4, 2x4x2, 4x2x2, 4x2x1

As Table 2.3 and Table 2.4 show, handling complex numbers with high precision is
costly. An increased precision leads to a reduction in operation size. To compensate
for the size reduction, a greater number of operations will be required.

2.3.3 Vitis

For creating an AIE design, the AMD-created tool, Vitis, is usually used. This tool
offers two ways of simulating the AIEs, the x86 simulator and the AIE Simulator.
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The x86 simulator only simulates the functionality of a design, it does not take any
hardware constraints into account. This lack of constraint makes it possible to add
multiple print statements that could be used for debugging. The AIE simulator then
places the kernel tiles on the AIE array, creates the routing between them, analyses
the timing and memory of both the buffers between the kernels and the program
on the tiles. By testing the design together with the PS and PL implementation,
the hardware can be emulated. This builds an implementation which takes all three
parts into account [23].

2.4 Central Processing Unit

The CPU is the main processing unit of a computer. It follows an instruction cycle
where it goes through three stages: fetch, decode and execute. First, the fetch stage
gets the instruction, the decode translates the instruction, and then the execute stage
executes it. The execution is either an ALU calculation or a memory operation. The
instruction cycles are then repeated for the next instruction, sequentially moving
through, from when the computer turns on until it turns off. Designing it this
way gave the CPU a strength in sequential execution. This hindered performance,
leading modern CPUs to consist of multiple cores. Each core could then have its
own instruction cycle [24]. The CPU used for this project is the Intel Core Ultra 9
Processor 285H, the specifications for this CPU are shown in Table 2.5.

Table 2.5: Specification for the Intel Core Ultra 9 Processor 285H [25].

Specifications
Cores 16
Threads 16
Performance-core Base Frequency 2.9 GHz
Processor Base Power 45 W

2.5 Graphics Processing Unit

The hardware architecture of an GPU can help in implementing parallel computing.
To achieve this, the hardware is built from a large number of cores, each core being
a simplified version of a CPU core. This makes it possible to fit a larger number of
cores on the chip and creates the parallel computation capabilities [26]. All these
cores then use the SIMD paradigm. The paradigm implies all cores perform the same
type of computation, with the difference that the cores perform the computation on
different parts of a larger data set [27].

Each of the cores has a hierarchical structure with the smallest part being a thread.
Multiple threads are then grouped into thread blocks. These thread blocks often
share memory, making it possible for the threads to share data with low latency
between them. The thread blocks are then placed into a grid, which can perform
the complete task [26]. In Table 2.6 the specifications for the NVIDIA QUADRO
RTX 6000 are shown.
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Table 2.6: Specification for the NVIDIA QUADRO RTX 6000 GPU [28].

Specifications
CUDA Parallel-Processing Cores 4608
NVIDIA Tensor Cores 576
NVIDIA RT Cores 72
GPU Memory 24 GB (GDDR6)
FP32 Performance 16.3 TFLOPS

Maximum Power Consumption 295 W

2.5.1 Programming the GPU

To program the GPU, NVIDIA have developed three separate but connected plat-
forms and libraries. Compute Unified Device Architecture (CUDA) is a platform
for accessing the parallelisation possibility of the GPU [29]. It gives the possibil-
ity to assign functions to either threads or thread blocks. Further, cuBLAS is an
API library used for executing matrix arithmetic on the GPU. For more advanced
matrix operations, for example LU-decomposition, the cuSOLVER API library is
instead called. These are two separate libraries, but they are linked together. The
cuSOLVER library is built upon the cuBLAS library. This means during an API
call to cuSOLVER, the cuSOLVER API calls cuBLAS for the simpler matrix oper-
ations [30] [31].
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Method

This chapter will explain in detail the steps taken during the project. First the
development methodology will be explained, which includes the workflow and the
development environments. The following section, Section 3.2, will explain how the
results of the implementations were verified. Lastly, Section 3.3 will explain steps
taken to achieve the testing results.

3.1 Development Methodology

The two following sections will discuss the thoughts behind the methodology. The
first section will mainly revolve around the layout of the workflow. The second
section will go into detail about the development environments that will be used for
the project.

3.1.1 Development Workflow

The implementation workflow began with designing the MATLAB implementation.
As MATLAB offers a relatively forgiving development environment, it was a good
choice for developing a prototype of the GIP algorithm. In addition, there was
already a complete function for target injection provided by Weber and Wright [9].
Reusing code helped save time and maintain focus on the project’s main objective.

The design of the GPU-implementation commenced once the design of the MATLAB
implementation started entering its final stages. It was desirable to start designing
the hardware as soon as possible, and working on implementations in parallel was a
good way to achieve that. As the MATLAB design functioned as a template for the
design on the GPU, it was not optimal to start working on both designs in parallel
from the project start, as the GPU would have suffered from any delays in the
MATLAB design. Furthermore, the GPU implementation was also be dependent on
noise video generation from the MATLAB implementation, as it imported the data
instead of generating it, more of this in Section 4.1.

Designing the AIE implementation took place last, even though it was the main
objective of the project. The reason for this was simply due to practicalities. The
project had access to the development environment related to the GPU implemen-
tation first, thus it was more time efficient to start working on that design first.

Similar to the GPU implementation, the MATLAB implementation acted as a tem-
plate for the AIE implementation. However, due to the more complex structure of
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an AIE project compared to the GPU implementation, taking larger sidesteps from
the MATLAB implementation was expected. Notice that the project favoured suit-
ability before similarity, which meant that the algorithms that suited the hardware
architecture better was picked. Thus there were some differences between the im-
plementations at the end of the project. This will be discussed further in Chapter 4.

3.1.2 Development Environments

For the MATLAB implementation, the MATLAB integrated development environ-
ment (IDE) was be used for all development, simply because it is the easiest tool to
use for MATLAB development. For the GPU development, a mix of environments
was used. NVIDIA CUDA Compiler Driver was used for compiling the applications,
while Visual Studio Code was used for writing the applications. The MATLAB IDE
was used as a wrapper, which both called the applications and read the results.

The development of the AIE implementation only used AMD’s development envi-
ronments. The Vitis IDE was the main environment where most of the coding took
place. Simulations, emulations and hardware connections are also found native in
Vitis. Vitis does not offer analysis tools for block diagrams or waveforms; here,
Vivado will be used as a complement. Vivado was also used for generating hardware
platforms to use in the Vitis project for the AIE implementation.

3.2 Verifying the Implementations

Verification played an important role in the project. It was of high priority to
ensure that the functionality of the algorithm remained the same regardless of the
platform. The following sections will further discuss the verification process for all
three implementations.

3.2.1 MATLAB Implementation

For the MATLAB implementation, the main way of verification was to compare the
output from the non-homogenous detector (NHD) with an energy detector (ED).
This meant an ED also had to be designed and implemented in MATLAB besides
the NHD implementation. By varying the position of the injected targets and then
comparing the outputs of both, it was clearly observed that the NHD implementation
more distinctively detected targets that were located closer to each other.

3.2.2 GPU Implementation

Since the verification of the GPU implementation took place after the verification
of the MATLAB implementation, the MATLAB implementation could be used as
a reference standard to test the GPU implementation against. As mentioned in
Section 3.1.2, MATLAB was used as a wrapper, meaning it was used to call on
the terminal and run the GPU code. In practice, a noise video was generated and
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then input directly to both the MATLAB implementation and the GPU implemen-
tation. The outputs could then be directly compared against each other by using
the Frobenius norm [32].

By generating new data which is directly input into both implementations, many
iterations of test data could easily be used. This lead to a higher degree of certainty
that the GPU implementation behaved as expected since it produces results similar
to the MATLAB implementation.

3.2.3 AIE Implementation

Similar to the GPU implementation, the AIE implementation would be compared to
the MATLAB implementation to ensure the desired functionality is achieved. How-
ever, in contrast to the GPU implementation, only GIP values were calculated by
the AIE implementation. Thus, the GIP values from the MATLAB implementation
was used to compare the AIE results by simply calculating the difference between
the value of each implementation.

3.3 Testing the Implementations

Extracting results was another vital part of the project. The following sections
will discuss the approaches used for achieving the results which are presented in
Chapter 5. As the MATLAB results are achieved trivially, only the GPU and AIE
implementations will be discussed.

3.3.1 GPU Implementation

Execution time was the main result to collect from the GPU implementation. The
collection was handled by a MATLAB script that read and plotted the time data
output from the GPU code. Inside the GPU code, time measurements are handled
by the <sys/time.h> header by simply putting time stamps in the code. These
time stamps were written to a .txt file in the end of the code.

For the implementation that performs the entire GIP algorithm, manual re-runs
were performed about 15 times. The relatively low number of re-runs was considered
enough as the resulting curves stabilized around here.

For the implementation that only calculated single GIP values, higher accuracy was
needed, as microsecond instead of minutes were measured. Therefore, the calcula-
tions were repeated 10,000 times by looping the code. The time stamps were put
outside the loop, and because of this the final time had to be divided by 10,000 to
retrieve the avarage execution time. when the execution time of the whole GIP im-
plementation was measured. When individual parts of the algorithm was measured,
the time stamps were put inside the loop. The time stamps were wrapped around
each function of interest. The average time of the iterations was calculated once all
measurements had been completed.
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3.3.2 AIE Implementation

To perform tests on the AIE implementation, the project was first built and then
run under the simulator menu in Vitis. The results could then be viewed either by
directly using the Vitis graphical user interface (GUI), or by accessing the gener-
ated simulation files directly. Accessing the files directly was beneficial when using
MATLAB scripts for reading result data.

For measuring the time of the entire implementation, the AIE simulation output was
used. The simulator used a processor frequency of 312.5 MHz, which is the standard
for the AIEs. For measuring the time of the individual parts, the waveforms were
exported and inspected individually.
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Design

This chapter will first explain the design of the GIP algorithm. The explanation of
the GIP design will be followed by a description of every implementation created
during this project. For the GPU, the design utilising the GPU will be described.
The AIE implementation on the other hand is divided into two parts; one hardware
design and one simulation design. The hardware design was intended to run on
hardware, but never made it that far, while the simulation design is the design used
to retrieve the results presented in the next chapter.

4.1 Noise Generation and Target Injection

The noise video is formed using the MATLAB function randn, which forms a matrix
with normal distributed numbers. By changing the input of the function, the size
of the matrix can be altered. The function is then called for both the real and
imaginary values, together forming a matrix of complex numbers. To normalise the
noise levels, the matrix is then divided by /2. Randomising the noise this way
makes it possible to change the matrix size for easier debugging. It also means
clutter is not an issue and more focus can be spent on the GIP implementations.

After the construction of the noise video, target injection takes place. The target
injection function from Weber and Wright was used, which allows targets to be
placed at a certain position and at a specific strength in the noise video [9]. The
targets are added to the noise video based on the given input strength and position,
but also based on a steering vector that is calculated in MATLAB.

The export of the noise matrix is handled by writing the values to a .txt file. The
first two rows consist of the number of pulses and range bins. One value is then
given one line going row-wise through the matrix.

For the GIP design, the number of pulses, M, was equal to 32. In addition, a total
of 8 guard cells were used, i.e. 4 on each side of the CUT, and the injected targets
had an SNR of roughly 20dB. The number of pulses, 32, was chosen as it offered
a good balance between being computationally tough to run, but still being able to
perform computations in a realistic time frame. Further, the number of guard cells
was chosen since it provided detection statistics where noise and targets were clearly
distinguishable from each other. Using any more guard cells did not increase the
gap between noise and targets significantly.

The precision for the complex floats in the MATLAB implementation used double
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precision. This choice was made to have the highest accuracy but still be within
reasonable bounds for the number of bits.

4.2 Designing the GIP Algorithm

The first step of the GIP algorithm was to form what we refer to as the GIP matrix.
The GIP matrix consists of all range bins which will be required to calculate the
needed GIP values for a given CUT. As described in Section 2.1.3, there are a total of
4M GIP values calculated for each CUT. In turn, each GIP value requires 2M range
bins to be computed. With these parameters in mind, the dimensions of the GIP
matrix will have to be of size M x 6M to fit all the required range bins. Of those 6M
range bins, GIP values will only be calculated for the 4M bins placed in the middle
of the GIP matrix, the remaining bins are solely included to compute the GIP values
at the edges. Figure 4.1 shows the first iteration of a sliding window approach used
to calculate GIP-values for a given CUT coloured green. In Figure 4.1, the blue-
coloured range bin is the first of 4M range bins to be calculated, while the yellow
coloured bins represent the training data used to compute that specific GIP-value.

2M 2M

M M

Figure 4.1: First iteration of a sliding window. The GIP value is being calculated
for the blue coloured range bin, while the yellow range bins represent the training
data used to compute that specific GIP value. The green range bin marks the CUT
whose GIP-values is being calculated.

In the next step of this sliding window approach, the blue and yellow range bins
will move one step to the right, as shown in Figure 4.2. A new GIP-value is thus
calculated. This sliding window will keep moving one bin at a time until all 4M
GIP values have been computed.
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2M 2M

— —>

M M

Figure 4.2: Second iteration of a sliding window. Both the blue and yellow coloured
range bins have moved one step to the right compared to Figure 4.1.

When the CUT is located less than 3M from the leftmost range bin in the noise
video, the GIP will wrap around the matrix to data for the CUTs close to the edge
of the noise video. This is shown in Figure 4.3. The same principle applies when
the CUT is located less than 3M bins from the rightmost bin.

2M

Figure 4.3: When the CUT is located close to the edge of the noise video, range
bins on the other side of the noise video have to be used for the current CUT.
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After all 4M GIP-values have been computed, they are sorted based on the size of
the error to the expected value E(P) as described in Section 2.1.3. The 2M values
closest to E(P) are then used to compute the detection statistic for the CUT, which
is the green coloured range bin in Figure 4.1. This procedure then repeats with a
sliding window approach until detection statistics for all CUTs have been computed.
This entire procedure is also described in pseudocode found in Appendix A.

4.3 GPU Implementation

The GIP-algorithm is implemented for the GPU using the overall structure as
the MATLAB implementation. But for the matrix operations, it instead uses cu-
SOLVER and cuBLAS. For the matrix multiplication of the input training data,
gemm was used, which is a function for matrix multiplication. When the covariance
matrix has been calculated, getrf is used for performing a LU decomposition. This
function saves both the L and U in the same matrix called LU. The function getrs
then solves the linear system with the LUy = « using forward- and backward sub-
stitution and saves the resulting y = LU 'x. Finally, dotc is used for the last
threshold calculations ¢ = &fy. These choices were made to improve execution
speed by not having to perform the matrix inversion. This is instead handled by
the forward- and backward substitution.

Two GPU implementations were created, one utilising cuComplex, which uses 64
bits for the real and imaginary parts together, and one utilising cuDoubleComplex,
which uses 128 bits. The two implementations also changed which version of the
earlier-mentioned functions to call. These two implementations aimed to analyse
how the speed and computational accuracy changed in comparison to the MATLAB
implementation.

4.3.1 Importing and Exporting Data

Since CUDA can use C++ libraries, it was possible to use these for reading and
writing to files. However, MATLAB stored the complex values as a + bj, which
meant every row had to be correctly parsed, removing the j and dividing up the real
and imaginary value to correctly form either the cuComplex or cuDoubleComplex.
Since the two libraries use column-wise vectors to represent a matrix, the read value
had to be saved to the correct location.
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4.4 AIE Hardware Implementation

The design intended for the hardware, unfortunately, never reached an actual hard-
ware implementation and was only used on the built-in emulator in Vitis. Figure 4.4
shows an illustration of the data flow for the design. As shown, the data is first gen-
erated inside the PS, then it is transferred through the PL to the AIEs, where the
data processing occurs. Once the processing is complete, the data is transferred
back to the PS through the PL. The intention of the design is merely to handle a
smaller matrix inversion of size 4 x 4.

] Al engines
Matrix I PL
inversion I Ps

(_.‘ Comparison |

| Data generation |

Figure 4.4: Block schematic showing the data flow for the intended hardware
design.

4.4.1 Memory and Stream Interconnection

As shown in Figure 4.4, the PS and AIEs are interconnected through the PL. To
design these PL blocks, High-level synthesis (HLS) was used for creating the register
transfer level (RTL) designs. The reason for this was mainly due to the openly
available code from AMD. This code could be reused, which was time-efficient.

The PL functions memory mapped to stream (MM2S) and stream to memory
mapped (S2MM) are handling data transfers across the domains. MM2S reads
the content stored at a specific address in the DDR-memory. The data from that
specific address is then directly streamed to the AIE domain. S2MM works similarly,
but in reverse. Output data from the AIE domain is streamed to a specific memory
address, where it is stored. Simplified, MM2S acts as a read function for the AlEs,
while the S2MM acts as a write function.

Figure 4.5 shows the tiling and wiring layout generated by Vitis for the intended
hardware design. As seen in the figure, there are buffers in between all kernels. The
kernels wait for these buffers to become fully loaded before they initiate execution.
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Figure 4.5: A Vitis figure that shows the tiling and wiring layout for the intended
hardware design. Block 24 and 25 are interface tiles. The remaining numbered blocks
represent an artificial intelligence engine (AIE) tile, while the blue area represents
the PL. The ports in[0] and out[0] are seen from the PL and PS perspective,
meaning out [0] is the input to the AIEs and in[0] is the output from the AIEs.

4.4.2 Matrix multiplication and Matrix Inversion

The hardware design was implemented to handle a matrix multiplication and matrix
inversion for 4 x 4 matrices. Figure 4.6 shows a graph directly taken from Vitis,
which illustrates the different blocks the design is made up of. Note that each square
containing a blue lightning bolt represents an AIE kernel.
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Figure 4.6: A graph from Vitis which shows the different parts of the hardware
design. The blue-edged squares containing a lightning bolt symbol represent an ATE
kernel. Note that out [0] and in[0] refers to the PL, which means the output is at
in[0] and vice versa.

The first kernel and the first step of the design, referred to as matmultdx4, was
intended to multiply two 4 x 4 matrices with each other. In the current design, a
matrix is simply multiplied by itself. The resulting matrix is also split into smaller
partitions in this step. All the partitions are shuffled through to the inverse2x2
block, but only the top leftmost block, referred to as A in Section 2.2.3, is being
processed here. The block is inverted, as it is required in order to calculate the Schur
Complement, which is the next step of the process. Once the inversion of partition
A has been completed, all partitions are once again shuffled through to the block
named schur_comp. In this stage of the process, the Schur Complement, which is
referred to as S in Section 2.2.3, is calculated.

Inside the kernel named schur_comp, the Schur Complement S is both calculated
in accordance with (2.25) and inverted. The inversion is done in order to faster
compute (2.24) in the next step of the process. When the Schur Complement has
been both calculated and inverted, the partitions referred to as A=, B, C and
S~1 in Section 2.2.3 are moved to the last part of the process. The kernel named
mat_inverse represents the last stage of the 4x4 matrix inversion, and inside this
kernel (2.24) is applied. The Schur Complement was chosen since it was seen as a
good fit for the AIE architecture and provided an efficient way of performing matrix
inversions.

As seen in Figure 4.5, some functions share tiles. Due to the relatively small size of
the functions, the runtime ratio for all kernels was set to 0.5. In the AIE compiler,
the runtime ratio specifies the expected utilization of a tile by a kernel and is used
during resource allocation and placement. A value of 0.5 indicates that the kernel

is estimated to occupy no more than half of the execution time available on a single
AlE tile.

Notice that the ports called out [0] and in[0] refer to the PL and PS. This means
out [0] is the output of the PL and in turn the PS, thus it is the output port seen
from the AIE perspective. Vice versa applies for in[0].
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4.5 AIE Simulator Implementation

The AIE simulator design focuses on calculating a single GIP value. This choice was
made for clearer comparison of the matrix operation with the other implementations.
This meant creating the GIP matrix and picking out the training data would be
handled elsewhere, either in the PL or PS. Then the correct matrices would be
transmitted to the AIEs. In this design, the two input streams were the M x 1 current
GIP cell and the M x 2M training data. The aim of the design was then to calculate
a GIP value for the given input. In Figure 4.7, the flow of these computations is
shown.

(;Tg-l:;tut » | Dot - Output
Product GIP value
Forward- & S
Input > Matrix 3 ) backward
Matrix Multiplication Cholesky substitution

Figure 4.7: Block schematic showing the data flow for the AIE design.

The AIE flow begins with the training data being fed to the matrix multiplication
tile, while the GIP cell is fed to both the block handling the forward- and backward
substitution and the block handling the dot product. After the matrix multiplica-
tion, the matrix is fed to the Cholesky block before the output is fed to the forward-
& backwards substitution, its output then is fed to the dot product block. The
implementation used buffers across the design, which meant two buffers were placed
between each tile in the design. For each of the tiles in the design, a runtime ratio
of 1.0 was chosen, giving each block a whole tile.

From Table 2.4 in Section 2.3.2, it is known that when using cfloat, the matrix
multiplications are limited to 2 x 4, this led the design to create a 4 x 4 matrix
multiplication block using four 2 x 4 multiplications. The AIE API also does not
utilise matrices but instead flattened vectors. This means the design was built for
the 4 x 4 matrix size but with the scalability to work on a 32 x 32 matrix. To solve
this, an 8 x 8 2-D array was created with each element of the array being a 16-long
vector. This is shown in Figure 4.8. The size of the 2-D array could then be changed
to achieve different sizes of the matrix. Each of these sizes would be a multiple of
four.

In the GPU implementation, an LU-decomposition was used; this was due to the
built-in functions in the cuSOLVER library. But the AIE uses Cholesky instead.
This choice was made for two reasons. Firstly, the LU-decomposition normally
needs to store two matrices, both the L and U, which in a small tile with little
memory creates problems. Secondly, the LU-decomposition has the risk of needing to
pivot the different elements. This creates extra computations which become difficult
for AIE architecture when using the block design. These two reasons resulted in
implementing the Cholesky for the AIE design, even if the LU was used for the
GPU.
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Figure 4.8: Composition of a 32 x 32 matrix using 16 long vectors and a 8 x 8 2-D
array.

4.5.1 Matrix Multiplication

At the start of the flow, the input matrix is multiplied by itself. The core of this
multiplication is a basic matrix multiplication utilising three for-loops, but with
optimisations to reassure it fits inside a tile and increase the computational speed.

Since this is a large matrix, it could not all be stored in the tile at the same time.
Thus, the values had to be read from an outside buffer. The nature of repeated
values in a matrix multiplication made these amounts of read operations cause an
increase in computation time. Two techniques were used to decrease the compu-
tation time of the matrix multiplications. The first one was storing the two rows
which the multiplication loop over. The second one arises from the fact that a ma-
trix multiplied by its own Hermitian results in the upper and lower triangles of the
matrix being conjugate to each other. This means only the lower triangle needs to
be calculated.

The algorithm begins with the first row, which is symbolised with green in Figure 4.9.
It then loops through all the earlier rows, including the current row and stores the
two rows with the second row being symbolised by orange. When a row is orange
and green, it symbolises that the same row is stored. It then initiated four AIE
multipliers, which are used when looping through the two saved rows. On the first
iteration, it uses mul for multiplying them together, while the other iterations use
mac, which multiplies and accumulates the results from earlier. The Hermitian is
handled inside the 4 x 4 multiplier; this means the elements get transposed and
conjugated. This decision stems from the decision to keep only two rows stored
at a time, which means the values are continuously discarded after being used. In
Algorithm 1, the pseudo code for this block is shown.
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Figure 4.9: The choice of which rows to store for computations. The green is
chosen for one iteration, and then the orange one cycles through the other rows.
When a row is coloured both orange and green, that row is saved twice for that
iteration.

Algorithm 1 Matrix multiplication algorithm

1: M < size of matrix
2: for 1 < 0, M do
A <« Load row i
for 7 < 0,7 do > only loops lower triangle
B < Load row j
for k< 0,2M do
R + matmul(Ak,Bk)
end for
out < R
10: end for
11: end for

4.5.2 Cholesky Block

Since the implementation utilised the 2-D array of vectors, the Cholesky needed to
be altered to match this. The main part of this was updating the rest of the elements
in the 2-D array after the Cholesky had been calculated for a 4 x 4 matrix. These
calculations are shown in Figure 4.10. The Cholesky function is the calculations
shown in (2.21) and (2.22) for a 4 x 4 matrix, while the rest are matrix operations
performed with the elements in the 2-D array. The operation labelled as R~ is the
Hermitian followed by an inverse. The next Cholesky is then applied to the second
element on the diagonal, the first column does not have to be updated this time.
This is repeated until the Cholesky has been calculated for each diagonal and all
corresponding values have been updated.
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Figure 4.10: Computations for the Cholesky block design. The yellow parts are
done by Cholesky 1, while the blue ones are done by Cholesky 2.

This Cholesky design does not fit in the 16 kB program size for a single tile. To
solve this, it was divided into two parts, in Figure 4.10, the yellow operations are
performed by the first part, while the blue ones are performed by the second part.
For the next iterations, it is fed to another Cholesky pair, creating a pipeline struc-
ture as seen in Figure 4.11. The choice of having the first part do the Hermitian was
to decrease the slower computation time of the second Cholesky. When increasing
the matrix size, the number of these pairs of Cholesky implementations increases.
The main problem with this implementation is the need to move the whole lower
triangle matrix between each tile and the large number of tiles that increases with
the matrix size.

—» | Cholesky | =

e
r> Cho> esky> (XX Cho> esky§

Figure 4.11: Splitting the Cholesky block into a pair. The number of pairs is then
decided by the matrix size.

4.5.3 Forward- & Backward Substitution

The forward and backward substitutions are placed in the same tile. The forward
substitution starts by reading the lower triangle, it then proceeds by taking the
inverse of the diagonal element and multiplying with the read GIP-CUT-value, this
is stored at the correct location. At the next iteration, it then uses the stored values
before these values are multiplied by the element in the matrix, and this value is
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then subtracted from the read CUT value. This value is then multiplied by the
inverse of the second element on the diagonal before being saved at the correct place

in the vector.

The backward algorithm then starts at the end of the read values. It takes the first
element on the diagonal, taking the inverse Hermitian, and multiplying with the
stored values from the forward substitution. It then loops through the elements on
the row, taking the Hermitian before multiplying with the saved value from before.
When the two loops finish, the values are output. The pseudo code for these two

can be seen in Algorithm 2.

Algorithm 2 Forward- & Backward substitution algorithm

. M + size of matrix
: for 1+ 0, M do
for 7 < 0,7 do
L(i)(j) < L_in4++
end for
end for

for + < 0, M do
A<« C int++
for j < 0,7 do
A« A-LG))G)
end for
v(i) «<L3{)(1) %A
: end for

e e e e e e
A i T =

:fori+ M —1,0do

A« y(i)

for j < i+ 1,M do
A« A - L()()"*x()

end for

x(i) +L(i)(i)"#*A

: end for

OO N RN e
e e © 0

: for 1+ 0, M do
out <« x(i)
: end for

R
> &

> Reading matrix input

> Forward solve

> Backward solve

> Outputting x

4.5.4 Dot Product

The last block of the flow is the final dot product between the last two vectors.
Since these are two M x 1 vectors, the second vector does not need to be transposed.
This is instead handled by the for-loop that goes through the vector, as shown in

Algorithm 3.
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Algorithm 3 Dot algorithm

1: M < size of matrix
2: for 1 + 0, M do

3 x <+ X int+

4: Cc 4+ c_in++

5: Ce < c* > Conjugate
6: for j + 0,4 do

7 S S+ (i) x x(i)

8: end for
9: end for
10: out < real(S)

4.5.5 Support Functions

Four support functions were created, which were used at different stages in the
design. The first one is a Hermitian for a 4 x 4 matrix, the AIE API has functions
aie::conj and aie::trans which together form a Hermitian. But doing it this
way seemed to increase the program size, which is why at places where the available
program space was low, the created Hermitian was used instead.

The other two implementations were for matrix operations, the first one being 4 x 4 -
4 x 4 operations. This implementation uses the aie: :mul for doing four 4 x 2-2 x 4
operations and concatenating the results together. Importantly, this is not the
function that was used for the first large matrix multiplication, since that function
was designed for numerous multiplications where the results were accumulated. This
one performs a single matrix multiplication. The second one performs the 4 x4-4x 1
operations, which were done without utilising the AMD API and instead multiplying
the different elements of the vectors. This choice was made since this size was not
supported for cfloat as seen in Table 2.4. The fourth one is the matrix inversion
for a 4 x 4 block. This block was constructed by combining the three blocks used
for inversion from the hardware part.
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Results

The following chapter will present all relevant results produced by the project. The
chapter will first focus on verification of the generalised inner product (GIP) algo-
rithm for each platform. Thereafter, a section regarding performance evaluation will
follow. The section on performance evaluation will focus on comparing mainly how
the platforms differ in terms of execution time. Lastly, the AIE utilisation will be
presented.

5.1 Verification of the GIP Algorithm

To ensure the GPU and AIE implementation follow the expected behaviour, they
were compared against the MATLAB implementation. This MATLAB implemen-
tation was in turn compared against another MATLAB implementation that ran
an energy detector (ED) without the aid of an non-homogenous detector (NHD).
The effectiveness of the GIP-based NHD can be clearly observed when comparing
Figure 5.1a with Figure 5.1b.

Note that there is no threshold set for these figures. The main purpose is to show
that the injected targets are of higher magnitude for the ED that uses GIP-based
NHD than for the ED without an NHD. By simply observing the figures, it is clear
that it would be easier to fit a threshold in Figure 5.1b than in Figure 5.1a.

Figure 5.1a and Figure 5.1b show the difference between the two methods. Inside
both figures, the injected targets are marked with red crosses, while the blue circles
represent detection statistics calculated for range bins that only contain noise. Two
of the four injected targets are located close enough for them to appear in each
other’s training data, located in range bins 400 and 420. As seen in Figure 5.1a,
these adjacent targets are of lower magnitude compared to some of the range bins
that only contain noise. Consequently, a number of false alarms will appear before
the real targets are detected. However, if the NHD is applied to the ED, the threshold
value is increased for the range bins that contain the two adjacent targets. In Figure
5.1b, the two adjacent targets can be seen to appear above all noise, meaning it is
possible to detect both targets without any false alarms.
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(a) Detection statistics for various data points after using the ED. Injected targets

are marked with red crosses. The targets are placed in range bins 200, 400, 420 and
600.
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(b) Detection statistics for various data points after using the GIP based NHD.
Injected targets are marked with red crosses. The targets are placed in range bins
200, 400, 420 and 600.

Figure 5.1: Comparison of threshold values using the ED- and GIP - based NHD
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5.1.1 Verification of the GPU & AIE Implementation

To verify the functionality of the GPU and AIE implementation, both were com-
pared with the MATLAB implementation. Table 5.1 compares the accuracy of a
fully implemented GIP algorithm in the GPU implementation with the MATLAB
implementation as benchmark. Table 5.1 shows that both GPU implementations
come close to the MATLAB standard values. The high precision GPU achieves re-
sults that are slightly closer to the standard values, but the difference between them
is relatively small. In the table, MATLAB and GPU have the same precision both
utilising double-precision, with the GPU low precision uses single. But even with
the different precisions, the difference is small.

Table 5.1: Frobenius difference between the MATLAB and GPU
implementations for an average over 50 runs. A,,, symbolises the relative
difference compared to the standard value the MATLAB implementation.

Implementation JAN
MATLAB 0
GPU 3.5e-05
GPU low precision 3.9e-05

Table 5.2 shows the accuracy of the calculated GIP-values for the AIE implemen-
tation. Similar to Table 5.1, MATLAB is once again used as a benchmark. The
comparison is made taking the average error for 50 calculated GIP values. In this
table, MATLAB still uses double-precision while the AIE simulation uses single-
precision.

Table 5.2: Difference between the MATLAB and AIE implementations for
computations of GIP values for an average over 50 runs.

Implementation JAN
MATLAB 0
AIE simulator 2.0673e-07
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5.2 Execution Times

In this section, the resulting execution times will be presented. First, the execution
time required to calculate a single GIP value will be shown for every implementation,
and at different matrix sizes. Secondly, a more detailed view of the execution times
for the GPU and the AIE implementation will be presented. Lastly, the execution
time for a full GIP algorithm based on the GPU and in MATLAB will be presented.

5.2.1 Execution time for a single GIP value

Figure 5.2 shows the execution time required to calculate a single GIP value from
matrix sizes of 4 up to 100. The graph shows the execution times for calculations
carried out on different platforms: MATLAB run on CPU, GPU hardware, and
AIE simulation. The AIE implementation is relatively fast compared to the GPU;
however, it quickly becomes slower as the size of the matrix increases.
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Figure 5.2: Execution time required to calculate a single GIP value for matrix
sizes between 4-100.

Figure 5.3 shows the same curves from Figure 5.2, but enlarged between matrix
sizes 4 to 32. As seen, the AIE implementation only exceeds the execution time of
the GPU for matrix sizes up to 16 x 16. The low precision GPU implementation
surpasses the AIE execution time already at the size of 20 x 20, while at 24 x 24
both GPU implementations are faster. The MATLAB implementation does however,
outperform all other implementations.
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Figure 5.3: Execution time for one GIP-value, matrix sizes 4-36.
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5.2.2 Sub-Blocks of a Single GIP Value for the GPU

Figure 5.4 and Figure 5.5 show detailed views of the GPU (non low precision)
implementation execution time. Figure 5.4 has divided the execution time into
mathematical blocks to overview how much time each step requires. As seen, the
dot product scales very poorly in comparison with the matrix multiplication and
inversion. Initially, it is actually faster than the matrix inversion, as the size of the
matrix increases, the dot product becomes much worse, and in the end, it requires
more than 3 times as much time compared to the second slowest part, the matrix
inversion. Out of the three, the matrix multiplication is the least time-demanding
step in the algorithm, requiring about half as much time as the matrix inversion for
all matrix sizes.
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Figure 5.4: GPU execution time for the different parts in the calculation for a GIP
value

Figure 5.5 has split the execution time into categories in accordance with the GPU
code. The Matrix Multiplication is one function, while the LU-decomposition is
another function. The only difference between Figure 5.4 is the matrix inversion
being divided into two subgroups, LU-decomposition and forward and backward
substitution. The dot product remains much more time demanding compared to all
other functions.
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Figure 5.5: GPU execution time for the different parts expsoing the matrix inverse.

Figure 5.6 once again categorises based on the built-in library functions. However,
in contrast to Figure 5.5, Figure 5.6 shows how much each function contributes to
the total execution time. The graph shows that the dot product outgrows all other
functions until a matrix size of 36 x 36 is reached. Further increase of the matrix
size does not increase the dot product’s share of execution time as much.
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Figure 5.6: The share of total execution time used for different functions in the
GPU implementation. Shares for different matrix sizes are spread along the x-axis.
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5.2.3 Sub-Blocks of a Single GIP Value for the AIEs

Figure 5.7 shows the execution time for the different steps in the AIE design. Both
the matrix multiplication and matrix inversion have a significant increase in exe-
cution time as the matrix sizes increase, while the dot product, in contrast, stays
relatively constant. In Figure 5.8, the matrix inversion has been divided into two
blocks mirroring how the AIE design divided them. Here it is shown that the step
increase of the matrix inversion graph in Figure 5.7 comes from the Cholesky, while
the forward- and backward substitution have a linear relation with the matrix size.
The Cholesky execution time in this graph comes from the start time of the first
Cholesky tile to the end of the last Cholesky tile and not the different tiles’ execution
time added together.

200 T T

=== Matrix Multiplication
180 - | ==@== Matrix Inversion
=== Dot Product

J—

(=23

(=}
T

—
=
T

"

Do

(=}
T

—

j=3

(=}
T

o
f=}
T

60 -

AIE Execution Time (us)

40

20 +

0 © ©

4 8 12 16 20 24 28 32
Size of M

Figure 5.7: Execution time for the different steps.
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Figure 5.9 shows the percentage of the aggregate execution time for the blocks. For
all sizes, the Cholesky takes the longest time, but the matrix multiplication increases
faster in the beginning. The matrix multiplication increases, then slows down when
the Cholesky and multiplications start scaling with the same speed. The dot product
takes up a large part of the smallest matrix size, but quickly becomes unnoticeable
for larger sizes.
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Figure 5.9: Percentage of total execution time the different AIE blocks take.

5.2.4 Full GIP Algorithm

The entire GIP algorithm was implemented on both the GPU and in MATLAB.
In Figure 5.10, the execution time for these implementations is shown. MATLAB
beats both the GPU implementations across all matrix sizes. In Figure 5.10, the
graph is focused on the matrix sizes 4 to 36; here, it is clear that MATLAB is also
substantially faster for the small matrix sizes.

For all matrix sizes except 4, the low-precision GPU performs faster than the high-
precision GPU for all other sizes. The low precision also scales better than the high
precision one. When analysing Figure 5.10, the MATLAB implementation scales
worse than the low precision implementation with a sharper increase between sizes
56 and 68. But due to the decrease in execution time at matrix size 76, the MATLAB
implementation is faster.

The execution time for all matrix sizes is in the order of seconds, ranging from
around two seconds for the GPU up to almost 300 seconds. In radar detection, the
time for detection varies due to a number of reasons, but a detection time of five
minutes is slow. For a matrix size of 32, all three implementations execute under 35
seconds.
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Figure 5.10: Total execution time for the entire GIP algorithm, matrix sizes 4-100.
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Figure 5.11: Total execution time for the entire GIP algorithm, matrix sizes 4-36.
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5.3 AIE Utilisation

Table 5.3 shows how many tiles were needed and what these tiles were used for in
the AIE design. The kernel tiles represent the minimum amount of kernel that is
required for the current design. These are the tiles with the blocks implemented
for the calculations. Since each increase in size adds two extra Cholesky blocks,
this is the increase in kernel tiles. The other columns show how many tiles were
used for nets, memory and buffers. When building the tool, have the possibility of
placing multiple of these on the same tile, which is the fourth and fifth columns. The
rightmost column shows the total number of tiles used. Even at the smallest size,
this is larger than the number of kernel tiles because three were used for memory.

The total amount of tiles increases linearly until the step from size 20 to 24. At this
size, the design needs routing to function, which is seen in the nets going from zero
to four. On the next size increase, the tiles go from 24 to 32 because even more
routing and memory are needed. For the last size increase, the number of tiles stays
the same. This is because, since the number of kernel tiles increases, it needs fewer
nets to route the design. But there is also an increase in the necessity of buffers,
which could be handled by placing the buffers on the tiles that were already used
for nets only.

Table 5.3: The number of tiles and what they are used for, depending on the
different matrix sizes.

Size Kernel Tiles Nets Mem. Nets & Mem. Nets & Buffers | Tiles
4 5 0 3 0 0 8
8 7 0 3 0 2 12
12 9 0 4 0 0 13
16 11 0 3 0 0 14
20 13 0 5 0 0 18
24 15 4 0 4 1 24
28 17 7 0 7 1 32
32 19 0 7 0 6 32

Table 5.4 shows the program size of the different blocks, with the maximum possible
size being 16 kB. When the matrix size becomes larger than 4 there will exist multiple
pairs of Cholesky one and two. But the program size will be the largest for the first
pair, which is what is displayed in Table 5.4. The program size increases for each
size increase for all blocks except for the dot product. The dot product increases
until size 20, where it decreases before staying constant. At the smallest size, the
Cholesky 1 has the largest program size while Cholesky 2 has the smallest.
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Table 5.4: Program size for the different kernel tiles, for Cholesky 1 and 2, only
the two largest are shown.

Program size (bytes)
Size Matrix Mult. Cholesky 1 Cholesky 2 Fwd- & Bwd Sub Dot

1 5078 11,636 1344 9556 1722
8 5484 11,882 10,250 10,834 2120
12 9554 12,254 11,498 11,690 2508
16 9746 12,814 11,414 12,840 2996
20 9970 13,470 11,992 12,962 2216
24 10,146 14,332 12,644 13,566 2216
28 10,434 14,622 13,486 14,264 2216
32 10,642 14,612 13,562 14,258 2216

Table 5.5 shows the input buffers for the different blocks all the buffers increase
with an increase in matrix size. The largest buffer is the first one, where a M x 2M
matrix must be stored. Both the forward and backward substitution block and the
dot product block have two separate input buffers. One comes from the earlier
block, while the other is the CUT-matrix input. Since there exist multiple pairs of
Cholesky blocks, not all buffer sizes are displayed in the table, but the Total column
displays the size of all buffers in the design.

Table 5.5: The input buffer size for the different AIE blocks and the total size of
all buffers.

Input buffer size

Size Matrix mult Cholesky 1 Cholesky 2 Fwd & Bwd Dot Total
4 256 128 156 128 32 32 32 3520

8 1024 384 512 384 64 64 64 13,632

12 2304 768 896 768 96 96 96 33472
16 4096 1280 1408 1280 128 128 128 66,112
20 6400 1920 2048 1920 160 160 160 114,624
24 9216 2688 2816 2688 192 192 192 182,080
28 12,544 3584 3712 3584 224 224 224 271,552
32 16,384 4608 4736 4608 256 256 256 386,112

5.3.1 Parallel Execution of AIE Function

As seen in Table 5.3, the current implementation was not close to utilising all of
the 400 available AIE tiles, no matter the matrix size. Therefore, it was tested how
many implementations that could be fitted in parallel on the board. It was found
that at most, 12 implementations could run in parallel. In other words, twelve GIP
values could be calculated in parallel. The total execution time for this parallel
implementation was measured to 388.6 us in the Vitis simulator, and it used a total
of 366 tiles, where 228 were kernel tiles. The entire mapping is shown in Appendix B.
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Discussion

We will in this chapter discuss different aspects of the results. First, the performance
of the GIP algorithm will be reviewed followed by suggestions of how it potentially
could be improved. After a review of the GIP algorithm, the results regarding
the AIE and the GPU implementation will be analysed. Lastly, sections regarding
possible improvementes and ethical considerations will follow.

6.1 Potential Changes to the GIP Algorithm

Our implementation of the GIP algorithm uses the GIP matrix. This matrix was
constructed by concatenating all the necessary values for calculating the current
CUT value. The aim of the GIP matrix is to ease the implementation when wrap-
around had to occur at the two ends of the noise matrix. But in our implementation,
the GIP matrix was still constructed for each value, even if it did not need wrap-
around. This could have been changed by not constructing the GIP matrix when
the wrap around was not needed. Since the majority of CUT values do not need
the wrap around, the number of computations could be decreased. However, the
GIP matrix also helped in handling of the guard cells, which could complicate the
implementation.

Another opportunity stems from the nature of the GIP algorithm. When calculating
the threshold value for a CUT, four M GIP values are calculated surrounding this
cell. When the CUT moves, and the four M cells around it are calculated, there will
be a large overlap of cells whose GIP values have been calculated both times. This
begs the question: could not all GIP values be calculated in advance and then used
when iterating through the thresholds CUTs? Other than available memory, we
have not found a reason why this is not used and why it is important to recalculate
the GIP values. But changing this could decrease the number of operations needed.
There were two reasons why this change was not implemented in this project; firstly,
we wanted to follow the literature. The literature used in this thesis described the
GIP algorithm as recalculating the GIP values, and this is what we implemented.
Secondly, this thesis aimed to evaluate the AIEs, and for the evaluation, a heavier
algorithm containing more operations could be preferable, as long as it is identical
for all platforms.
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6.2 Accuracy of GPU Measurements

From Table 5.1, the difference in numerical accuracy between the two GPU imple-
mentations is shown. As seen, the difference in precision is relatively small. In
addition, Figure 5.10 shows a rather significant difference in execution time, around
ten second for a 32 x 32 matrix. These two results makes it unclear whether the extra
accuracy is worth the extra computation time. The main reason for the difference
compared to the MATLAB values arose from the sorting of GIP values. Here, small
differences in GIP values could change which training cells were used to calculate
the threshold value. This in turn, altered the threshold value.

When analysing Figure 5.5 and Figure 5.2, the total time for a given matrix size is
lower than when adding the steps together. This, we believe, stems from how the
measurements were conducted. For the total execution time, the start and end time
were placed outside a loop completing 10,000 iterations. The total time was then
divided by 10,000. But for the different steps, the start and end times were placed
around the library functions inside the for-loop, accumulating time before division
by 10,000. This means the compiler could have sped up the total execution time by
optimising the for-loop for the case when the start and end time were placed outside
of it. More importantly, these two measurements were not conducted at the same
time. Before measurements started, it was clear that the GPU was not in use, but
no check was done for the CPU. This means a busy CPU could also alter the results
for these two measurements.

Both GPU implementations were slower than the MATLAB implementation, which
continued even as the matrix size increased. Figure 5.4 shows the reason why. Both
the matrix operations stay constant when the matrix increases, which was expected
from the GPU libraries that were used. But the dot product increases rapidly as the
size increases, which creates a bad scaling for the entire implementation. The reason
for this is unclear. In Figure 6.1, the MATLAB execution times for the different
steps used in the GPU and AIE implementation are shown. Here, the dot product is
the fastest, staying constant in relation to the other operations. The same pattern is
seen in Figure 5.9, where the dot product quickly disappears in comparison with the
other operations. This creates even more uncertainty about the GPU dot product.
Could other factors have influenced the result, or was it incorrectly applied? We
have not found any other factors, nor have we found alternate ways of applying the
functions.
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Figure 6.1: MATLAB execution times for different matrix sizes for the different
steps used in the implementations

6.2.1 Potential Improvements to the Design Implemented
on the GPU

The current two GPU implementations do not have any parallelisation. Instead, the
NVIDIA libraries created the parallelisation for the different function calls. This is
where the design could be changed. Parallelisation for either multiple GIP values
at a time, or multiple threshold values for different CUTSs, should be able to halve
the execution time if two threshold values are calculated at the same time. This
could, however, create some problems. The GPU does not have unlimited resources,
and the current results do not analyse how these resources are used. But Figure 5.5
shows that the matrix operations scale well with size. This scaling could be made
worse if more resources of the GPU are used for calculating multiple threshold values
at the same time.

6.3 AIE Evaluation

Although the actual hardware was never used, there are still things to be learned
from the simulation results; not only how the implementation can be improved upon,
but also what the potential of the AIEs look like.
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6.3.1 Execution Time

Since the AIE implementation was never tested on real hardware, it is not possible
to determine whether the resulting execution times are precise or not; they should
rather be looked at as a good approximation. However, both the AIE and GPU
implementations are clearly slower than the MATLAB implementation as seen in
Figure 5.3. This is a clear indicator that both hardware implementations suffer from
bad mapping of algorithm to hardware architecture and would require further de-
velopment before achieving a more expected result. However, Figure 5.3 shows that
the AIE implementation holds up relatively well against all other implementations
for smaller matrix sizes. It does however, scale the worst of all implementations.
Looking at Figure 5.3, it seems as if the execution time of the AIE implementation
scales exponentially, while the other three are close to a linear increase in time. This
is probably due to MATLAB and the NVIDIA libraries handling the increasing size
by parallelising the workload automatically, something that would require manual
changes to the code for the AIEs. To get the best performance out of the AlEs
should thus be optimised for a specific use case to achieve the optimal performance.

Moving on, Figure 5.7 and Figure 5.8 show that although the implementation is
not perfectly optimised, it is still a reasonable implementation. If the MATLAB
implementation as seen in Figure 6.1 is assumed to be the gold standard, based on
the observations made in Section 5.1, then the AIE implementation is pretty close
to the standard implementation in terms of execution time for different parts. The
matrix inversion requires the most time to complete, followed by the multiplication
and lastly the dot product. This was not the case for the GPU implementation,
which shows that the AIE implementation is reasonably designed. This is important
when the utilisation and scaling will be analysed.

6.3.2 AIE Utilisation

Table 5.3 and Table 5.4 show how the board utilisation is affected by the increase in
matrix size. As seen, the number of kernel tiles increases as the size of the matrix is
increased. This fact alone explains to some extent why the execution time increases,
because more tiles mean more data transfers. The data transfer was, however,
observed to be quite efficient; the largest factor why the execution time increased
is simply due to the larger matrices which requires handling. Table 5.4 shows that
the program size for the matrix multiplication more than doubles from size 4 to size
32. Cholesky 2 also increases more than tenfold. The large increases are closely
related to the increase in execution time, and to decrease execution times further,
these blocks would have to be optimised further, for example by parallelising the
functions, as the time lost in data transfers is small compared to the amount of time
that can be gained from improving the multiplication and Cholesky blocks.

Using more blocks would however decrease the amount of GIP values that can be
used in parallel. At the moment, 12 GIP values can be calculated simultaneously
for a 32 x 32 matrix. Parallelising Cholesky 2 and the matrix multiplication might
lower that number, thus it might decrease the total potential throughput.

It should be mentioned that it was expected of the AlIEs to not lose very much
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in terms of execution time. The small time lost, which equals roughly 90 us for a
single GIP value computation, is probably due to the fact that the routing is more
restricted for Vitis when many implementations run in parallel. In other words, it
may not be possible to lay out the most efficient routing that was created for the
single running implementation for twelve implementations in parallel. However, it
is still very positive to see such a great increase in throughput for such a small cost
in execution time.

6.3.3 Design Improvements

When analysing Figure 5.9, the inverse with the Cholesky and Forward & Backwards
added together takes the majority of the execution time. This could lead to the
analysis that the Cholesky is the slowest block and should be optimised. But our
analysis is that this is not correct. In the Section 4.5.2, it was explained that the
Cholesky had to be split into pairs to fit the program size; the number of these pairs
was then decided by the matrix size. For a 32 x 32 matrix, this means the Cholesky
is split between 16 tiles. This design choice was necessary but forced an unbalanced
pipeline. In Figure 6.2, the execution time for all the different tiles is shown. Here,
it becomes clear that the problems with the pipeline are that each of the Cholesky
factors becomes faster and faster. But it also shows that the tile that takes the
longest time is the matrix multiplication. Here we see two ways to increase the total
throughput of the design.
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Figure 6.2: Execution times for all the different tiles for a 32 x 32 matrix size.

The first would be to decrease the time of the matrix multiplication. The first
thought here is to use multiple tiles for the calculations. Either splitting it into two
parallel computations, which in theory could halve the execution time. The other
is to create two sequential tiles, each doing half the operations, which would help
the pipeline part of the implementation. To solve the problem with the Choleskys
getting faster and faster, one must look into the program sizes of the tiles, the
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program sizes are shown in Table 5.4. For each size except the smallest, they do not
fit on the same tile. If these could be decreased, multiple steps could be done on
the same tile. This would decrease the utilisation and make the execution slower,
which would create a better pipeline implementation. We are not sure about why
the program size is large for the Cholesky 1, even if the execution times are fast. The
only guess is that it uses a lot of floating-point operations from the C++4 standard
library, for example, the square root function. But it could also be something else.

Using fixed-point precision instead of floating-point precision could potentially de-
crease the program size of Cholesky 1. If possible, shrinking the design further would
increase the potential throughput over the entire board, which is very positive. Fur-
ther, the usage of a fixed point would also increase the speed of the implementation.
The range of the numbers being processed by the implementation is not huge, thus,
there could be a lot to gain from using fixed-point instead of floating-point.

6.4 Power Consumption

In Table 2.1, Table 2.5, and Table 2.6, the peak power for each of the three hardware
types is shown. Here, the GPU has the highest peak power, with the CPU being
the lowest. Here, it is important to note the peak power of the VCK190 board. The
board’s peak power is for the entire board and not only the AIEs; also, it does not
factor in that not all AIEs are being used. This creates problems in the compari-
son of peak powers between the implementations. The CPU and GPU designs may
utilise the entire hardware, but the AIEs only parts of it. Further, it is not fair
to compare MATLAB in terms of power consumption, since many other processes
are active on the computer running the implementation, which requires power. We
therefore refrain from commenting on the energy efficiency of the three implemen-
tations and how they compare against each other. This analysis also focused on the
peak power from the datasheets of the different hardware types, but a real power
consumption analysis must utilise how the power consumption changes over time
when the algorithm is executed.

6.5 Improvements of the Methodology

In Appendix C, the GANTT scheme that was laid out at the beginning of this project
is shown. The scheme roughly divides the project into three different phases, MAT-
LAB, AIE and GPU, in other words, one phase for each implementation. Initially,
the plan was to start designing the MATLAB implementation, then directly start
working on the AIE implementation, since it was expected to require the most time.

However, due to practicalities, this plan had to be changed almost immediately
because we received access to the GPU environment much sooner than the AIE
development environment. Thus, the AIE phase and GPU phase switched places.
Looking back, this was not optimal, since more time would have been required to
make the AIE implementation work. Moreover, it would also have been preferable
to start working on the AIE implementation before the GPU implementation from
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a design perspective as well. Design choices that were made for the GPU implemen-
tation would necessarily not have been the same if we had a complete AIE design
to look at. In retrospect, it would have been better to start working on the AIE
design before the GPU, but we were unfortunately not able to control this aspect of
the project.

The MATLAB phase also did not work according to the plan. Although the phase
was the first one to be executed as planned, much time was still wasted. First and
foremost, the coding of the GIP algorithm started too early. More time should have
been spent at the early stages of the project on properly reading up on the algorithm.
Instead, much time was spent on redesigning the implementations that did not work
as they should. At the early stages, there were also confusion about the purpose
that CFAR, STAP, and GIP played, which resulted in a bad MATLAB design. This
could have been avoided by more properly reading up on the GIP algorithm and
radar theory in general.

During the MATLAB phase, unnecessary time was also spent on evaluating the GIP
algorithm. Although it was not really the focus of the project, attempts were made
to evaluate the GIP algorithm by plotting so-called receiver operating characteristic
curves for the algorithm. As the focus of the project was really just to evaluate the
hardware, not the algorithm, this sidestep meant time was lost.

In the end, the MATLAB phase required about 2-3 weeks more than what the initial
plan had expected. If time had been spent on the correct things, i.e. learning the
GIP algorithm properly and not putting time into evaluating it, the initial plan could
probably have been held and more time had been left for the AIE implementation,
which in retrospect certainly was needed. Further, if the AIE implementation had
been initiated before the GPU algorithm, it would have been more obvious how the
GPU implementation should have been designed, thus also saving valuable time.

Lastly, not only should the design of the AIE implementation have started earlier,
attempts to run things on the Versal board should also have been made much sooner
in the project. The design seen in Section 4.4 uses multiple kernels and wiring,
attempts only to use a single kernel might have been easier to start with. Making
these attempts earlier would also have helped overcome some practicalities which
slowed the project down in the final stages.

6.6 Future Work

To further evaluate the AIEs, the energy consumption should be analysed. The
comparisons of execution time between the CPU, GPU, and AIE may not give a
fair view without the power consumption or a utilisation comparison. All imple-
mentations could also be optimised for faster execution times. Both the CPU and
GPU could be parallelised using parfor in MATLAB and calculate either multi-
ple thresholds or GIP values in the GPU. The AIE would need further analysis for
optimisation, but from Figure 6.2 it seems there are multiple ways of optimisation.

The other step to further evaluate the AIEs is to run the actual hardware. Future
projects should prioritise getting the hardware up and running early in the project,
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maybe by using a simpler algorithm. The GIP algorithm is very demanding, which
makes it suitable for performance evaluations. Despite this, it might be badly suited
for the evaluation of the AIEs, simply because, from our understanding, the sorting
is difficult to perform in the AlEs themselves.

6.7 Societal and Ethical Aspects of the Project

Since Saab is a company that manufactures weapons, it is of great importance to
take any ethical dilemmas that is related to the project into consideration. Even
though Saab calls themselves a defence company, manufacturing weapons is still the
core of the company’s business model [33]. Although a radar is not a type of weapon,
it can still be used to enhance the efficiency of weapons. Improving radar capability
could be seen as two-edged. On one hand, by improving the accuracy and preci-
sion of radar systems, accidents were civilians are harmed could be avoided as they
are not mistaken for enemy targets. Many radar systems are also used for surveil-
lance and are not directly linked to weapon systems, meaning it essentially helps
save lifes of civilian people by issuing warnings of incoming attacks. On the other
hand, it could also make it easier for ill-intentioned decision makers to cause damage.

By using export restrictions, the Swedish government is trying to avoid selling
weapons to ill-intentioned decision makers [34]. Saab also has its own policy to
reassure they work within the UN’s guiding principles [35]. The world is unfortu-
nately not only black and white, there are many ethically complex countries all over
the globe. Both economical and political incentives can make exports to question-
able buyers an attractive option. Such decisions might in the end cause harm to
innocent civilians.

Lastly, an argument could be made that by providing local weapons manufacturing,
a small country such as Sweden strengthens its sovereignty and thus reduces the risk
of being dragged into conflicts. Foreign aggressors will be scared off if a potential
attack is seen as too costly. Radar systems also help deter attacks as an attack
would be spotted early enough to strike it down. Since military conflicts between
countries usually have huge negative impacts, not only on entire societies, but also
on surrounding nature and ecological systems, the conflict that never occurs should
be considered the best conflict.

6.8 Usage of Large Language Models
This thesis has taken advantage of LLMs. The LLMs have been used for writing

smaller code functions, finding bugs and proofreading the reports related to this
thesis. All text and all design choices seen in this thesis were created by the authors.
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Conclusion

In conclusion, this thesis found no direct advantages of using artificial intelligence
engines over graphics processing unit for radar signal processing. However, to fully
evaluate the artificial intelligence engines, further evaluation is required, especially
focusing on the power consumption in relation to the throughput.

The simulated artificial intelligence engine design in this thesis calculated a single
generalised inner product value. For small matrix sizes, the execution time for this
design was close in speed to the MATLAB design, but scaled worse, being slower
than the graphics processing unit implementations at a matrix size of 24 x 24. The
artificial intelligence engine design for a 32 x 32, which was the largest tested, used
32 tiles in total, with 19 of these being used for kernels.

It is difficult to compare different types of technology with each other, especially
when one is simulated and one is run on hardware. Thus, the results of this thesis
should be viewed critically. Further studies are required before any real conclusions
can be made for the usage of artificial intelligence engine for radar signal processing.
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Appendix 1

Algorithm 4 GIP algorithm for one pulse index

Ensure: Z
1. K+ 2M
2: while ¢ < range bins do

3:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:

¢« Z(i)
idxLeft <~ 71 —n—3M :1—n
idxRight <~ 74+ n:i+n+3M
for all idxLeft < 0 do
idxLeft < idxLeft + range bins
end for
for all idxRight > range bins do
idxRight < idxRight — range bins
end for
G < Z([idxLeft, idxRight])
for | < M, size(G) — M do
x <+ G(I)
idxLeft <[ —M —n:l—n
idxRight <~ +n: 1+ M +n
for all idxLeft < 0 do
idxLeft + idxLeft + size(G)
end for
for all idxRight > size(G) do
idxRight «+ idxRight — size(G)
end for
Tp < G([idxLeft, idxRight])
R« Tph X Tg/K
Pl—K-n)+ 28 xR !xzx
end for

> This is the noise

idx < sort(|P — E) > Sort the values but save the indicies

idx < idx(1 : K)
Tp + G([idx])

S Th x Tg

tii) + P x St xe
1+ +

33: end while
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Figure B.1: AIE array for calculating 12 GIP values simultaneously. The grey
cells are not in use for the current implementation.
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Appendix 3
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Figure C.1: GANTT chart of the project’s time plan.
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