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Abstract

Field-programmable gate arrays (FPGAs) can be used to accelerate performance-critical programs
from a wide range of fields and still providing energy-efficient solutions. Programs written in high
level languages, such as C and C++, can be compiled to FPGAs through High-level Synthesis
(HLS). Although FPGAs benefit the most from parallel and data-streaming applications, efficient
compilation to FPGAs is a problem for both tools and developers. Most applications do not follow
these patterns, and extensive code restructuring and the use of HLS directives need to be applied to
a program in order to take advantage of FPGAs. Code restructuring and the use of HLS directives
often needs to be manually performed by an experienced developer, and as such there is a need
to automate this process. This dissertation proposes a framework that automatically optimizes C
code via directives, using a source-to-source compiler on a stage prior to HLS. This optimization
is primarily applied by strategies that select, configure and insert directives on the code to be input
to an HLS tool, e.g., Vivado HLS, in order to synthesize more efficient hardware accelerators.
Those strategies rely on very simple but effective heuristics, which use a small set of properties
extracted from the control/dataflow graphs generated from the computations being compiled. The
framework is evaluated using a wide variety of input source code, and the results show that the
framework manages to achieve efficient speedups across all benchmarks when compared to their
unoptimized versions, while maintaining a low resource usage in most cases. The framework
is also compared to code optimized manually with directives, and the experiments show that it
achieves similar results.

Keywords: FPGAs, Code Optimization, High-level Synthesis, Source-to-Source Compiler
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Resumo

Os dispositivos ldgicos programdveis conhecidos por FPGAs podem ser usados para acelerar pro-
gramas com requisitos de performance exigentes e provenientes de uma vasta gama de dominios,
com a vantagem adicional de manter uma alta eficiéncia energética. Programas escritos em lin-
guagens de alto nivel, como C e C++, podem ser compilados para FPGAs através da Sintese de
Alto Nivel (HLS). Apesar de os FPGAs tirarem melhor partido de aplicagdes com paralelismo
e de fluxo de dados, a compilagdo eficiente para estas plataformas é um problema tanto para as
ferramentas como para os programadores. Visto que maior parte das aplicagdes ndo seguem estes
padrdes, uma reestruturacio de codigo extensiva e a aplicacdo de diretivas de HLS t€ém de ser
aplicadas a um programa de modo a se poder tirar partido do FPGA. A reestruturacdo de cédigo
e a inserc¢do de diretivas, normalmente, t€ém de ser efetuadas manualmente por um programador
com experiéncia e, portanto, existe a necessidade de se automatizar este processo. Esta dissertagdo
propde uma ferramenta que otimiza cddigo C automaticamente num compilador source-to-source
numa fase anterior a HLS. Esta otimizag@o €, maioritariamente, aplicada através de estratégias
que selecionam, configuram e inserem diretivas no c6digo que serve de input a uma ferramenta
de HLS, p. ex. Vivado HLS, de modo a sintetizar aceleradores mais eficientes. A ferramenta
¢é avaliada usando uma grande variedade de cédigos fonte, e os resultados mostram que a fer-
ramenta consegue atingir ganhos eficientes de laténcia quando comparados com as suas versdes
ndo otimizadas, mantendo uma utilizacdo de recursos baixa na maior parte dos casos. A ferra-
menta também € comparada com cédigo otimizado manualmente com diretivas, e as experiéncias
mostram que os resultados sao semelhantes aos obtidos com a inser¢do manual de diretivas.

Palavras-chave: FPGAs, Otimizacdo de Cddigo, Sintese de Alto Nivel, Compiladores fonte-para-
fonte
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Chapter 1

Introduction

Across the industry, there is a wide variety of applications from diverse fields, such as digital
signal processing, networking, finance, bioinformatics and computer vision, among many others
[1], that are always seeking to improve performance while keeping energy costs low. Standard
CPUs are often not enough to fulfil these needs, and in order to achieve significant gains there is
a need to develop hybrid applications that execute partially on a CPU, and partially on hardware
accelerators. This kind of heterogeneous computing is done by identifying performance critical
code on an application, and delegating that code to an hardware accelerator while the rest of the

code keeps running on a standard CPU [2] [3].

The most common kind of hardware accelerators that are able to run more than a single,
hardcoded program are Graphics Processing Units (GPUs) and Field Programmable Gate Arrays
(FPGAs). Application-specific Integrated Circuits (ASICs) are also popular accelerators, but they
are designed to execute a single program and therefore are not appropriate for reconfigurable
heterogeneous computing [4]. FPGAs can have their internal hardware reconfigured in order to
implement different algorithms, which makes them an ideal candidate to be used in heteroge-
neous computing. While GPUs are often better at executing complex and extensively parallel
applications, FPGAs hold an advantage over GPUs when it comes to executing code segments
characterized by enabling data parallelism and by having relatively simple data objects (e.g., no

dynamically allocated objects and limited use of pointers) and arithmetic operations [3].

FPGAs can be integrated into other systems in many different ways. FPGAs can come in
the form of PCI Express cards, such as the Intel FPGA Programmable Acceleration Cards [5]
and the Xilinx Alveo Cards [6], which can be inserted on a typical desktop computer or server.
Others may be part of a system-on-a-chip (SoC) embedded on a development board and with an
integrated CPU. One such example is the Xilinx Zynq SoC [7], which can be found embedded on
a ZedBoard Development Kit [8]. Finally, FPGAs can also be integrated on distributed systems
running on the cloud. Current cloud service providers, such as Amazon Web Services (AWS) and
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Microsoft Azure, already provide cloud-based FPGA platforms on demand, with native integration

to the other cloud services provided by them [9] [10].

1.1 Objectives

1.1.1 Problem Description

Despite the advantages offered by FPGAs, developing an application with these platforms in mind
is not an easy task for a software developer. FPGAs are often programmed using an Hardware
Description Language (HDL), such as VHDL [11] or Verilog [12], in a process that is often time-
consuming and error-prone [13]. An alternative to using HDLs is programming the code segments
in a typical language used in software development, such as C or C++, which are often the lan-
guages used for the rest of the application running on the CPU. This facilitates the developer’s

workflow, since the compilation for the FPGA can, in some cases, be abstracted.

Cleode Source-to- Restructured
> Source > C Code —

Compiler

High-Level
Synthesis Tool

l

gHI_:;Lf RTL Synthesis, FPGA
z;ldoeg —> | Placement and —> bitstream ——
Routing Target

FPGA

Figure 1.1: Example of a possible compilation pipeline for a C program targeting an FPGA

However, compilation of a language like C to an FPGA is a complex process, which involves
the compilation of the language to an HDL in a process known as High Level Synthesis (HLS)
[14]. The resulting HDL is often far from optimal, since a typical C program does not have the
characteristics that can be exploited by an FPGA, and as such it is hard to take full advantage
of its resources and advantages. It is, then, necessary to restructure the C code on a stage prior
to the HLS in order to produce a more appropriate hardware description and subsequent FPGA
implementation. Figure 1.1 exemplifies this workflow: a C application is first restructured on
a source-to-source compiler, and then synthesized by an HLS tool in order to produce an HDL
model that can be further automatically translated into a bitstream used to configure the FPGA.

This dissertation, then, proposes a framework that attempts to alleviate the burden imposed
on a developer by applying code restructuring procedures on a source-to-source compiler, using
minimal to no user input besides the source files and the indication about which functions should

be synthesized.
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C source
code
¥
Clava Souce-to-
Data flow graph source compiler
o
Strateqgy 1 Validator
Strategy 2 Instrumentation
Strategy 3
Strateqy n
¥ ¥
%D;Imllrzsed Instrumented C
code source code

Figure 1.2: Approach adopted by the proposed framework

1.1.2 Proposed Solution

The proposed solution is integrated in the Clava C/C++ to C/C++ compiler, developed by the
SPeCS group [15]. The developed solution is based on the construction of a data flow graph, which
can be analyzed in order for code restructuring procedures to be applied. This is exemplified by
the flow A in Figure 1.2. The code restructuring strategies are based on selecting, configuring and
inserting directives that will then be used by the HLS tool to synthesize a more efficient hardware
model, as well as some simple code transformations based on the compile-time optimization of
mathematical functions. These strategies are guided by heuristics, and aim to reduce the overall
latency of the targeted functions while keeping resource usage within the budget provided by the
targeted FPGA. Many existing approaches also focus on optimizing a single kernel, or a small
set of similar kernels. This approach, comparatively, is more generic, as it is suitable for dif-
ferent kinds of kernels (e.g., machine learning kernels, filters and matrix manipulation kernels,
among others). An integration with another existing code restructuring tool [16], also developed
by SPeCS, is also considered as an alternative work flow. In this case, the framework is used
to automate the initial step of that preexisting approach. This secondary use case is exemplified

in flow B of Figure 1.2. The results are evaluated by comparing the latency and resource usage
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of restructured code to the unoptimized version of that code and to versions of code restructured

manually by an experienced developer. The main contributions are:

e A new directive-based C code optimization framework for HLS integrated on a source-to-

source compiler;
e New heuristics to guide the code optimization strategies applied by the framework;

e Automatization of the validation and instrumentation steps of the existing code restructuring

approach proposed by Ferreira and Cardoso [16];

e A near-instantaneous and automatic workflow that can compete against manual code opti-

mization performed by an experienced developer.

1.2 Structure of the Dissertation

This dissertation is structured in 6 chapters. Chapter 1 gives an overview of the problem and its
context, as well as the general objectives that the proposed solution aims to achieve. Chapter 2
presents the results of a literature review that details the latest advancements in code restructuring
for FPGAs, plus an overview of modern HLS tools. Chapter 3 presents the code analysis frame-
work, which is used to create graph-based representations of source code suitable for analysis.
Chapter 4 focuses on the code restructuring strategies that are applied to the code, based on the
previously obtained graph. Chapter 5 details the experimental results of the framework, with the

conclusion coming last in Chapter 6.



Chapter 2

Related Work

Efficient compilation of applications to FPGAs depends on both the optimizations applied to the
code before it is compiled, as well as the optimizations introduced by the High-Level Synthesis
(HLS) tools. This chapter presents an overview about the current HLS tools, followed by the

presentation of related work regarding seven distinct approaches to code restructuring for FPGAs.

2.1 High-Level Synthesis Tools

Multiple HLS tools are available today on both the industrial and academic fields [17] [18]. A
general overview of the amount and type of HLS tools is presented, followed by a more in-depth

description of two HLS compilers: one commercial and one academic.

2.1.1 Overview

A survey [19] from 2016 identifies and describes 33 HLS tools by enumerating their properties.

Some of the properties used to describe a tool were:

e Whether the tool is in active use or is abandoned. Around half of the tools were identified

as being actively used;

e The type of license, which can be commercial or academic (with a split of 40%/60% be-

tween them);

e The input language. Most tools accept C or C++ as the input, as well as subsets of those
languages and DSLs. Other high-level languages, such as Java, MATLAB and C#, are also

accepted by at least one tool each;

e The output language. HLS tools usually output a HDL, with Verilog [12] and VHDL [11]

being the most common. Many tools are able to output both. SystemC [20] can also be
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generated by some tools, but it is not as common. Some tools may also automatically

synthesize the hardware bitstream;

e The domain of the tool. Some tools may be generic and synthesize code from any domain,
while others may focus on synthesizing code from a specific domain, such as image pro-

cessing or streaming applications;

e A tool can be further characterized by its release year, benchmark capabilities and support

for floating point and fixed point arithmetic;

The optimization mechanisms applied by the HLS tools were also gathered and grouped in the

following categories:

e Operation chaining - optimization that chains two combinational operations in order to fit

in a single clock cycle;

o Bit-width Analysis and Optimization - attempts to transform the datapaths into using bit-
widths different from the ones declared for certain variables, in order to create data paths
that better reflect the actual size requirements of the data. This provides gains on both the

area, performance and power consumption;

o Memory Space Allocation - tries to distribute the available BRAM modules with the purpose

of enabling the parallel access to different BRAM modules on a single cycle;

e Loop Optimizations - introduces multiple loop optimization restructurings, such as loop

pipelining, in order to enable loop-level parallelism;

e Hardware Resource Libraries - identifies operations on the code that can be implemented

by a set of pre-built hardware resources;

e Speculation and Code Motion - on data-driven applications, it may be useful to speculatively

execute code before deciding whether the code should have actually been executed;

e Spatial Parallelism Exploitation - enable instruction and loop-level parallelism by execut-
ing code segments in parallel, with particular care taken to preserve the data dependencies
between them. This is often achieved by HLS tools that allow the compilation of pthreads,
OpenMP and OpenCL;

e [f-Conversion - converts if-statements so that the code they guard is only executed when it
evaluates to true. This allows for disjoint execution paths controlled by if-statements to be

scheduled in parallel.

Finally, four HLS tools were selected to be benchmarked: three academic (Bambu [21],
DWARYV [22] and LegUp [18]) and one commercial tool whose identity was not specified. For
each tool, they 17 different codebase suites, both using the default settings and the optimization
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options. Execution times were measured in terms of clock cycles latency, maximum clock fre-
quency and wall-clock time, while the FPGA resource consumption was measured by counting
the number of LUTs, BRAMs and DSPs required by each bitstream. These results showed that
no tool proved to be better than the others across all benchmarks, and that there are no drastic
differences between commercial and academic tools. However, a point is made that commercial
tools have extra advantages over the academic ones, such as more variety of input languages and

more robustness.

2.1.2 Vivado HLS

Vivado HLS [17] is a commercial HLS tool by Xilinx. It provides an environment similar to those
of regular software development by providing both command-line tools and an IDE, with the only
difference being that it targets FPGAs rather than the usual CPUs. It accepts C and C++ as the
input, and can output VHDL [11], Verilog [12] and SystemC [20]. The developer may intro-
duce directives via pragmas in the code in order to enable optimizations to be performed by the
compiler, as well as to establish the kind of interface for the inputs and outputs of the program.
Some examples of possible optimizations enabled by the use of directives are kernel optimization,
function inlining, loop unrolling, array partition and pipelining [23]. The development environ-
ment also provides a test bench that aids in proving the functional correctness of the synthesized

solution, as well as simulation and code coverage tools for further testing.

2.1.3 LegUp

Canis et al. [18] propose the open-source HLS compiler LegUp. This compiler accepts C as the
input, and targets a hybrid 32-bit MIPS CPU and FPGA system. Based on LLVM, it is structured
in order to allow for the easy implementation of new HLS algorithms within the compiler itself,
and its open-source nature is stated as being a differentiator when compared to the other tools that
came before it, as well as the full support for certain C language constructions, such as structs
and pointer arithmetic. Due to the hybrid nature of its target, the compiler is able to automatically
identify regions of the code that could benefit from hardware acceleration, and generate HDL for
those regions. The LegUp compiler also led to the creation of a company, LegUp Computing,

which focuses on its further development and commercialization [24].

2.2 State-of-the-art Code Restructuring Strategies

This subsection describes seven state-of-the-art code restructuring approaches for code targeting
an FPGA through High-Level Synthesis.

2.2.1 Design Space Exploration (DSE)

Tsoutsouras et al. [25] focus on improving the prediction phase of a Support Vector Machine, as

presented in Listing 2.1, by targeting it to an FPGA. The optimal design consists of two stages.
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The first stage restructures the code before the HLS process using two strategies. The first
strategy identifies regions in the code that can be parallelized, such as the calculation of the eu-
clidean distance of each support vector of the SVM with the test vector. The code is modified by
partitioning the support vectors array into multiple smaller vectors, and then by using HLS direc-
tives on each partition to enable loop-level parallelism. Measurements indicate that the speedup
achieved correlates directly to the amount of partitions (e.g., 2 xspeedup for a partition factor of 2
and a 16 xspeedup for a partition factor of 16). The second strategy unrolls a loop-based arithmetic
calculation into a tree-like structure in order to achieve better results than the loop unroll directive
of Vivado HLS.

1 const float sv_coef[N_sv];

2 const float sup_vectors[D_sv] [N_sv];

3

4 wvoid SVM_predict (float test_vector[D_sv], int x y) {
5 loop_i: for (i=0; i<N_sv; i++){

6 loop_j: for (j=0; Jj<D_sv; Jj++) {

7 diff = test_vector[j] - sup_vectors[]j][i];
8 norma = norma + diff x diff;

9 }

10 sum = sum + exp(—-gamma * norma) * sv_coef[i];
11 norma = 0;

12 }

13 sum = sum — b;

14 if (sum < 0) »xy = -1

15 else »y = 1;

16 }

Listing 2.1: SVM original prediction code

The second stage performs design space exploration over 4 Vivado HLS directives (Loop
pipeline, Loop unroll, Array partition and Array reshape), all their different parameters and all the
code regions in which they can be applied. Some pruning is first done to remove designs in which
directives are applied to regions that would not benefit from them, as well as designs that would be
functionally equivalent to other designs. Further pruning is done by applying 3 pruning guidelines
that relate the unrolling factor of a loop to the reshaping and partition factors of the code referenced
by that loop. These pruning directives were successfully validated by calculating the full design
space and the pruned design space, and then performing a Pareto analysis that considered the
trade-off between delay and area utilization. The pruning guidelines reduced the design space by
97.44%, giving a reduced number of candidate designs. An optimization algorithm that takes into
account the FPGA resources and delay can then be used to determine the final design.

The experimental evaluation was performed using a Zedboard Zynq Development Kit [8],
which includes a xc7z020clg484-1 Xilinx FPGA [7], and an SVM trained with data to detect ar-
rhythmia from ECG data. Multiple experiments were conducted. The first evaluated the proposed
DSE methodology by using two different optimizers for the final step, as well as designs from the
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full design space. This revealed that the pruned designs were very close to the optimal area-delay
values. The second evaluation addresses the validation of this method when used for other SVM
models with different scales, and it was successfully validated for SVMs with support vector sizes
up to 100000 and up to 1000 features. Finally, the execution latency of the generated design was
measured against standard CPUs using the ECG model, which revealed an execution latency gain
of 98.78%.

2.2.2 Ordered Loop Transformations

Li et al. [26] propose an approach based on applying four code transformations on a predetermined
order in order to improve real-time image processing algorithms. Firstly, an optimization based
on function inlining is applied by determining the hierarchy of a set of function calls and then
flattening that hierarchy into a single entity by injecting, recursively, the code of the functions in
place of their respective calls. After the inlining is performed, all loop bodies are inside the same
function. These loops are executed sequentially, even when they are independent of each other.
Thus, merging the multiple loop bodies into being under a single loop is necessary. This is done
by, firstly, converting all nested loops into simple loops. Then, all simple loops are merged into
a single one. The control over which of the merged loop bodies should be executed on a given
iteration is controlled through if-statements.

The program is then subject to a number of symbolic expression manipulations. These manipu-

lations attempt to simplify certain arithmetic and boolean operations, and consist of the following:
e Folding - simplifies expressions with constant literals, e.g., 1 +3x —4x+ 2 becomes 3 —x;

e Division - simplifies expressions representing a division by precalculating the divisions be-

tween constants, e.g., (x*2)/(y* 10) becomes x/(y*5);

e Short-circuit evaluation - identifies if some expressions can be reduced to 0, replacing them

by that value;

e Normalization - moves the position of the variables and constants of a conditional operator
in order to have variables on only the left side, and constants only on the right side, e.g.,
I4+x<y+2becomesx—y<1;

e Segmentation - Splits a long arithmetic expression into multiple shorter ones, e.g., x+y+

7+t becomes templ = x+y, temp2 = 7+t and temp1 + temp?2.

Finally, loop unwinding [27] is applied to the remaining loop. This has the potential of pro-
viding an acceleration factor of 2" for an unrolling factor of n, but the actual value is sometimes
lower due to delays introduced between iterations, which need to share the same top interface.
Concern is also raised about the area of the FPGA used by this unrolling, since a high unrolling
factor may require resources that fall outside the target FPGA’s capabilities. Listing 2.2 shows an
unoptimized code sample with a sequence of nested loops, and Listing 2.3 shows the result of the

loop transformations applied to the former code sample.
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1 1
2 wvoid example () 2 wvoid example ()

3 3 {

4 //Loop 1 4 //Merged loops 1, 2 and 3

5 for (int 1i=0; 1i<N; i++4) 5 for (int i=0; 1i<N=*N; 1i++)

6 { 6 {

7 //Body of Loop 1 7 if (1 >= 0 && 1 < N)

8 } 8 {

9 9 //Body of loop 1
10 //Loop 2 10 //Body of loop 2
11 for (int i=0; 1i<N; i++) 11 //Body of loop 3
12 { 12 }

13 //Body of loop 2 13 //Body of loop 2.1
14 14 }

15 //Loop 2.1 15 }

16 for (int j=0; J<N; Jj++)

17 ( Listing 2.3: Code after applying Loop
18 //Body of loop 2.1 Manipulation

19 }

20 }

21

22 //Loop 3:

23 for (int 1i=0; 1i<N; i++4)

24 {

25 //Body of loop 3

26 }

27 '}

Listing 2.2:  Original code before Loop
Manipulation

This optimization process was evaluated by using four different algorithms used in real-time
image processing: a 3x3 filter for RGB images, matrix product, image segmentation and stereo
matching. Different integer data types for the input matrices are also used. The performance of
this method is compared to those of the versions optimized using two other optimizers: Vivado
HLS directives and the polyhedral optimizer PolyComp [28]. All three versions are synthesized
using Vivado HLS and the target FPGA was a Xilinx xc7a200tfbg676-2 [7]. The proposed solu-
tion outperforms the other two implementations across all benches, with an average speedup of
106.54 x when compared to an unoptimized version, while Vivado HLS and PolyComp had av-
erage speedups of only 22.19xand 19.01 x, respectively. It is also observed that the first three
optimizations, by themselves, do not effectively improve the design. Most of the performance
gains comes from the loop unroll, which is the last transformation applied. However, the previ-
ous steps are still necessary, as the simplifications they introduce allow for a more efficient loop

unrolling transformation.
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2.2.3 Generating Optimized Code From Tracing-based Data Flow Graphs

Ferreira and Cardoso [16] propose a restructuring of code based on a frontend and a backend.
The frontend, builds a direct acyclic dataflow graph from instrumentation data gathered through
program execution tracing. This DFG contains nodes of three types that represent how the input
data is changed throughout the execution of the program. These types are variables, constants
and operations. It was designed to be as simple as possible in order to be easily ported to other
languages besides C.

The backend consists on seven stages that focus on analyzing and optimizing the DFG obtained
on the previous step. Stage 1 prunes the graph by removing unnecessary nodes, and by identifying
patterns that can be folded. Stage 2 isolates all the dataflows that lead to each of the different
outputs, while Stage 3 tries to merge similar dataflows into a single dataflow with a loop. Stage
4 tries to identify pipelining opportunities by by choosing the variable with the largest number
of writes, while stage 5 applies two types of optimizations based on arithmetic operations and
memory accesses. On Stage 6, the loops generated on stages 3 and 4 are unfolded. Finally, Stage
7 generates C code, together with the appropriate HLS directives. An example of a function
restructured by this process is shown in Listing 2.5, while the original code is shown in Listing
2.4.

#define Nz 512
#define Ns 32
#define Nm 1024

void filter_subband (double z[Nz], double s[Ns], double m[Nm]) {
double y[Ny];
int 1, j;

for (i = 0; 1 < Ny; i++){

O 0 J o s W N

y[i] = 0.0;
0; J < (int)Nz / Ny; J++)

—
o

for (j =

11 y[i] += z[i + Ny * Jl;

12 }

13 for (i=0; i < Ns; i++) {

14 s [i] = 0.0;

15 for (j = 0; J < Ny ; J++)

16 s [1] += m[Ns * i + 3 ] * y[J]l;
17 }

18 }

Listing 2.4: Original source code for a Filter subband

The framework is evaluated by synthesizing code with Vivado HLS and by targeting a Xilinx
Artix-7 FPGA (xc7z020clg484-1) [7]. Multiple code suites were used, with algorithms taken from
DSPLIB [29], UTDSP Benchmark Suite [30] and an MPEG audio encoder [31], and the optimized
versions are compared against versions that are optimized manually using HLS directives. The

framework allows for 8 distinct optimization levels, and the speedup for levels 5 through 8 was
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also measured. With each level, speedup increases across all algorithms, except for a few outliers
which start to have no gains after a certain level. All algorithms have significant speedup gains

when compared to the manually optimized versions.

void filter_subband_pipe (double z[512], double s[32], double m[1024]) {
#pragma HLS array_partition
variable = s cyclic factor=16 dim= 1
#pragma HLS array_partition
variable = z cyclic factor=16 dim= 1

#pragma HLS array_partition

variable = m cyclic factor=64 dim= 1
s[0] = 0;
s[31] = 0;

for (int i = 0; i < 64; i = i + 4){
#pragma HLS pipeline
partll = z[i + 320] + z[1i + 256];
partl2 = z[i + 321] + z[i + 257];

y0_a20 = final_part3;

y0_a30 = final_part4;

for (int j =0; j < 32; j=3+1){
templ = m[(32) % j+i] = y0 ;

temp4 = m[(32) * j+i] = y0_a30;
partial_inl = templ + temp2;

final partin = part_in3 + part_in4;

s[j] = s[3j] + final_partin;

}

Listing 2.5: Abridged version of the optimized source code for a Filter subband

2.2.4 Conversion of Code Into a Data Flow Engine

Cheng and Wawrzynek [32] suggest the mapping of a function into a multi-stage data flow engine
based on the data flow architectural template. Each stage consists of a module that performs an
operation every time an input is ready. These modules can have different granularity: on one end of
the spectrum, we have a single module that spans the entire function, which would be equivalent
to an unoptimized version. On the other end, we have a separate module for each individual
operation, but this would incur in a very high area overhead.

The mapping is performed by, first, building a Control and Data Flow Graph (CDFG), and
then partitioning it by cutting off dependency edges and mapping the nodes to different stages in
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the pipeline. Strongly-connected components (SCC), which are components formed from circular
dependencies in the CDFG, are determined, and are converted into new nodes that are then added
to the CDFG. Then, the stages of the pipeline are determined whenever a SCC or a memory
operation is encountered. Communication between the different stages, at the FPGA’s level, is
done through FIFO queues.

A series of potential optimizations are then considered. The first concerns itself with the
trade-off between computation and communication. Since FIFOs incur in a significant area cost
on the FPGA, it may make some sense to duplicate a computation rather than creating a new FIFO
between two modules. Another optimization is about the creation of a new stage after a memory
operation is detected, which causes all data requesters to decouple themselves from the module
that issued the memory request. This allows for the access to sequential memory locations to be
done in a burst access, which improves the efficiency of memory accesses.

This framework is implemented using LLVM’s IR, which allows for the creation of a CDFG,
and Vivado HLS is used for the synthesis. Experimental evaluation is done using 4 benchmarks,
with the targeted FPGA being a Xilinx Zyng-7000 XC7Z020 [7] in a ZedBoard [8]. The system
provides two accelerators to access the main memory subsystem: an accelerator coherence port
(ACP) and a high performance port (HP). Benchmarks are analyzed for all 4 combinations of
these accelerators as well. This development kit also has an ARM CPU, which is used to measure
a baseline for each benchmark. Synthesis using an unoptimized version is also performed for
comparison. The optimized version performed the same or better than the unoptimized version in
all benchmarks, with an average speedup of 5.6 . It also has better performance than the ARM

baseline on three out of the four benchmarks.

2.2.5 Abstractions for Targeting Different HLS Tools

Ozkan et al. [33] address the problem of different HLS tools using different vendor-specific di-
rectives and code annotation methods, which hinder code portability. They propose AnyHLS, a
library of abstractions that aim to encapsulate the functional behaviour of typical HLS directives,
and whose backend can translate those functionalities into a format supported by the HLS tool and
FPGA being targeted.

AnyHLS is implemented using AnyDSL [34], which is a framework that allows for the cre-
ation of domain-specific libraries. AnyDSL provides a language called Impala, which allows for
the partial evaluation of its code at compile-time. This language is used to implement the code
transformations commonly provided by directives in the form of abstractions. One such type of
abstractions comprise of loop transformations, such as loop unrolling and pipelining, which are
also parameterizable. Another type of abstraction pertains to the way memory is modelled in
terms of data type sizes and access properties, including the kind of interface that should be es-
tablished between an FPGA and a CPU (e.g., mapping to registers or using a data stream). Other
abstractions, such as finite state machines, reductions and multiplexers are also provided.

These abstractions are then used to create a library for image processing, which offers a se-

ries of domain-specific higher level abstractions and optimizations. One such optimization is the
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vectorization of input pixels (i.e., the mapping of input pixels to multiple vectors that are pro-
cessed in parallel). The higher-level abstractions can, once again, be divided in memory and loop
abstractions. The memory abstractions relate to connecting multiple image processing kernels
through data streams, FIFO queues for the image lines to be processed and sliding windows with a
memory-efficient updating method. The loop abstractions relate to the way the image is analyzed
and modified. Different strategies are employed for when the processing is done on a pixel-by-
pixel basis, such as a color transformation (point operators), and for when the processing is done
over a region of the image, such as applying a Gaussian blur (local operators). Point operators
produce, for each input pixel, an equivalent output pixel, and thus can take advantage of the afore-
mentioned vectorization procedure to parallelize the processing of each pixel. Local operators
go through an image and process a region in each iteration, and thus can take advantage of the
efficient abstractions provided by the image line FIFOs and sliding window implementations.
The proposed abstraction library can target both Xilinx’s Vivado HLS [17] and Intel’s FPGA
SDK for OpenCL [35]. The evaluation of the results is performed for both HLS compilers, and
the target hardware is a Zynq XC7Z020 FPGA for the Vivado HLS design, and a Cyclone V GT
5CGTD9 FPGA for Intel’s OpenCL SDK. The results are also compared against other two state-
of-the-art DSL-based HLS tools, Halide-HLS [36] and Hipacc [37]. The benchmark suite consists
of 7 image processing applications, such as a series of filters, a Harris corner detector and a Sobel
edge detector. Results are measured in terms of hardware resources and throughput, measured in
MB/s. Some optimizations, such as vectorization and streaming, are also evaluated individually.
The final results show that AnyHLS can achieve similar results to the ones obtainable by the other
tools, with some improvements when it comes to multi-kernel applications, such as the Harris

corner detector.

2.2.6 Balancing the Latency, Area and Accuracy Trade-off

Gao, Wickerson and Constantinides [38] propose SOAP3, a tool that attempts to help a developer
solve the trade-off between the latency and area gains of a synthesized FPGA design and its accu-
racy regarding floating-point accuracy and the enforcement of inter-iteration dependencies (e.g.,
a floating-point counter that is modified on each iteration). In order to trade-off between these
three metrics, SOAP3 produces a set of restructured programs on the Pareto frontier (i.e., a set
comprised of all programs P for which SOAP3 did not manage to find another program P’ that
improves P on all metrics).

The proposed framework starts by converting the input C code into a metasemantic inter-
mediate representation graph (MIR), that attempts to strip the program of most of its structure,
mantaining only the effects it should have. Then, the MIR is partitioned into several sub-MIRs,
which are then optimized individually. The optimized sub-MIRs are then merged with each other
using different combinations, and the ones on the Pareto frontier are chosen. Each individual sub-
MIR is optimized using three kinds of transformations. The first kind is focused on arithmetic

rules, which attempt to simplify and balance arithmetic expressions. The second kind is about
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control flow rules, of which partial loop unrolling is the only one applied. Finally, there are trans-
formations that try to reduce the number of accesses to a variable, such as eliminating multiple
reads and multiple writes to the same variable, avoiding reading a variable after it was written to
and reordering independent accesses to the same variable.

The tool is evaluated using 12 benchmarks, extracted from the Livermore Loops suite [39]
and PolyBench [40]. The HLS compiler used is Vivado HLS targeting a Xilinx Virtex7 FPGA.
The results show that the tool can output restructured programs that, when synthesized, offer up
to 12xmore speedup and and a reduction of 7 xof round-off errors, with an increase of resource

usage of up to 4 x.

2.2.7 Use of Aspect-Oriented Programming

Cardoso et al. [41] propose the use of aspect-oriented programming (AOP) to apply code transfor-
mations on high-performance embedded systems, of which FPGAs are part of. They propose the
aspect-oriented language LARA, which allows for a code restructuring strategy, called an aspect,
to be defined on a separate file, which is then weaved into the application source code by the com-
piler. The usage of LARA for the particular case of FPGA compilation is further expanded upon
in another article by Cardoso et al. [42].

There are multiple advantages to this approach. The application’s source code does not need
to be manually annotated, and restructuring strategies more complex than simple HLS directives
can be specified. There is also the possibility of reusing the same strategy, which may be specific
for a single hardware platform, to be applied on different applications. Multiple strategies can also
be applied to a single application, and multiple versions of an application may be weaved by using
multiple strategies. Finally, a strategy may be configured by different parameters, which lead to
different designs. These parameter-dependent designs may be a starting point for further design
space exploration. The different combinations are specified on Figure 2.1, which is based on a
similar picture from the same article: approach A applies one aspect to a program; approach B
applies multiple aspects to a program, producing multiple versions of that program; approach C
applies the same aspect to multiple programs, producing one version of each program; approach
D applies one aspect to one program, which, according to user-provided parameters, can produce
multiple versions of that program. The biggest disadvantage of this approach is that it still re-
quires the developer to manually develop the code restructuring strategies, and certain strategies
may not be possible to codify due to limitations in the LARA specification and on the compiler

implementation.
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Figure 2.1: Different LARA use cases: A) one aspect applied to one app produces one design; B)
multiple aspects applied to one app produce multiple apps; C) one aspect applied to multiple apps
produces multiple apps; D) one aspect, configured with user parameters and applied to one app,
produces multiple apps

2.3 Summary

This chapter presented an overview of modern HLS tools, followed by the description of several

recent methodologies of code restructuring for FPGAs.

The overview of HLS tools summarizes existing tools, as well as the patterns, similarities and
differences revealed by categorizing the tools based on their properties. Two specific HLS tools
were then presented individually. Vivado HLS, a commercial tool, has the advantage of having
a very mature development environment, and enjoys of a vast number of possible optimizations.

LegUp, an academic open-source tool, has its strengths in adopting higher level constructs of the
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C language, as well as being able to seamlessly create hybrid CPU and FPGA applications.

The first article [25], focused on design space exploration, approaches the problem by defining
and validating pruning guidelines to choose between designs, as well as an optimizer based on the
predicted hardware resources of each remaining design in order to choose a single one. The second
article [26] proposes a set of optimizations and the order by which they should be applied, and
proves that certain transformations may only have a positive effect on the code after a subsequent
transformation is applied. The third article [16] presented describes the construction of a data
flow graph from program tracing execution, and then a series of transformations performed over
that graph, with the restructured code then being generated from that transformed graph. The
fourth article [32] details the conversion of the code onto a data flow template, where parts of
the code are converted onto modules that execute in parallel and communicate with each other
through queues. The fifth article [33] describes a DSL-based approach to the problem of targeting
different HLS tools without having to change the code restructuring directives by proposing a
framework, AnyHLS, that allows for code to be written using a platform-independent library.
The sixth article [38] centers on a way to balance the trade-off between latency, resource usage
and accuracy by finding a series of designs on the Pareto frontier of the three parameters, after
generating said designs using a stripped-down representation of source code and applying a series
of transformations that simplify arithmetic expressions and memory accesses. Finally, the seventh
approach [41] describes the usage of aspect-oriented programming to specify code restructuring
strategies on a separate file, which can then be combined together with the source code in order
to produce the optimized design. The specific case of the aspect-oriented programming language

LARA was detailed, as well as the different use cases enabled by its usage.
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Chapter 3

The Code Analysis Framework

In order to analyze source code and decide which optimization strategies can and should be ap-
plied, an appropriate framework based on a graph representation of that code needs to be built.
This section starts by describing the Clava source-to-source compiler, which is used as the basis
to implement the proposed framework. Then, a set of code standardization procedures that are
applied to the source code in order to make it more suitable for analysis are described, as well as
a functionality that automates the instrumentation step of the trace-based approach proposed by
Ferreira and Cardoso [16], which was previously described in Section 2.2.3. Finally, the graph-
based code analysis framework is presented in detail, including the control and data flow graph
used, the simplification operations that are performed in order to facilitate its analysis and the kind

of metrics that can be extracted from those graphs.

3.1 The Clava Source-to-Source Compiler

Clava [15] is a C/C+4++ to C/C++ compiler developed in the SPeCS group [43]. It is written in
Java, and it uses Clang [44] as a frontend. The aspect-oriented language LARA [41] is integrated
within the compiler, and both GUI and CLI tools are provided to the developer. As explained
in Section 2.2.7, LARA allows for the specification of code transformations, called aspects, by
specifying them on a separate file and then applying them to the code through a process called
weaving. LARA can also perform extensive code analysis without modifying the source. LARA
offers a language specification and application programming interfaces (APIs) that allow for code
transformations to be applied at the abstract syntax tree (AST) level, and it allows for new libraries
and APIs to be created for it [45].

As an example, let us consider the source code in Listing 3.2, which contains a program with
multiple function calls, to which the Instrumentation LARA aspect in Listing 3.1 is applied. This
aspect selects all function calls and then, for each one, inserts a print statement just before that

19
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call, in order to log every time a function is called. The code in Listing 3.3 shows the result of the
weaving process.

As previously mentioned, Clava uses Clang to parse C/C++ code, and bases its own AST on
that of Clang’s. This AST is, like most of the Clava codebase, implemented in Java. LARA,
however, uses an abstraction layer over Clava’s AST based on Join Points. These Join Points also
form a tree structure similar to Clava’s AST, but allow for higher-level concepts to be expressed,
such as the notion of program or file. Both the AST and the Join Points models are used to
implement the framework, depending on the level of abstraction necessary. Clava is developed on
an open-source GitHub repository [46], and is organized in modules. The modules directly related

to the proposed framework are the following:

e ClavaAst - this module holds all classes related to Clava’s AST. An analysis submodule
is developed in order to allow for a graph representation of source code suitable for HLS-

related analysis is implemented here, as well as all the code standardization procedures;

e ClavaHIs - a new module for HL.S-related analysis and restructuring. It works over the graph

obtained from ClavaAst;

o ClavalaraApi - this module creates APIs that can be accessed by LARA, and it is primarily
written in that language. The proposed framework can be accessed by an user through an
API called clava.hls, which is implemented in this module. A code transformation based on
mathematical functions and the possibility to instrument code in order to output a tracing-

based data flow graph are also implemented here.

aspectdef Instrumentation
select
function.call //Select all functions calls

end

Smsg = "printf(\"Call to \\\"" + $call.name +
"\\\" in function " + $function.signature +

1

2

3

4

5 apply //Insert print on each selected call

6

7

8 " at line " + S$call.line + "\\n\")";
9

10 Scall.insertBefore (Smsq) ;
11 end
12 end

Listing 3.1: LARA aspect that inserts a print statement before every function call
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double bar () {

return 1.0;

double fizz () {

return 1 + bar();

double foo () {

int

int x = bar();
for (int i = 0; i < 10; 1i++)
x += fizz ();

return x;

main () {
foo ();

Listing 3.2: Example of a C source code that is processed by Clava

dou

dou

dou

int

ble bar () {

return 1.0;

ble fizz () {
printf ("Call to \"bar\" in function fizz () at line 6\n");

return 1 + bar();

ble foo () {

printf ("Call to \"bar\" in function foo() at line 10\n");

int x = bar();

for(int i = 0; i < 10; i++) {
printf ("Call to \"fizz\" in function foo () at line 12\n");
x += fizz();

}

return x;

main () {
printf ("Call to \"foo\" in function main() at line 17\n");
foo();

Listing 3.3: Source code after the weaving is performed
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3.2 Source Code Preprocessing

This section describes two code preprocessing procedures, which are applied on Clava at the AST
level as the first step of the framework. These procedures attempt to simplify some patterns that

would complicate code analysis on later stages.

3.2.1 Constant Folding

Constant folding [47] is a code transformation already implemented in many compilers, but it is
useful to apply it on an earlier stage here in order to simplify analysis. This optimization attempts,
through static code analysis, to detect arithmetic expressions whose all elements are literals (i.e.,
constant numbers), and replace each found expression by a single literal obtained by evaluating
that expression. This is useful when it comes to estimating loop iterations and calculating the
index used to access an array. While this transformation could be performed manually for simple
cases, its automation becomes a necessity when the constants come from macros, since those can
be easily changed between compilations and can be used throughout the entire code, as well as
for large codebases, which can offer multiple opportunities for this transformation to be applied.
Figure 3.4 shows some examples of constant folding, with some literals that come from macros.

Constant folding is applied in multiple passes over Clava’s AST. The C preprocessor has al-
ready resolved the macros into their actual expressions on a previous stage, and thus they require
no preprocessing. Firstly, the constant folding algorithm searches for all BinaryOperator nodes,
which is a node type containing an arithmetic operation and with two descendants representing
the left and right-hand sides of the operation. For each node, the two descendants are evaluated to
check whether they are Literal nodes. A Literal node can be either a IntegerLiteral or FloatingLit-
eral, which represent, respectively, integer and real constants with configurable size and precision
(e.g., a FloatingLiteral can be used to represent both 32-bit and 64-bit floating point numbers).
The operator is extracted from the BinaryOperator node, and the constants are extracted from
each Literal node. Then, and based on the operator, the arithmetic operation between both con-
stants is performed, and the result is stored in a new Literal node. The type of Literal node, as
well as the precision and size, are properly configured based on the two constants. Finally, this
new Literal node is added to a transformation queue. When all nodes are processed, each Literal
node in the transformation queue replaces the BinaryOperator node from which it was built, and
the constant folding for that instance is done.

However, as previously mentioned, this must be done in several passes, since the constant
folding of some expressions may lead to new constant folding opportunities. Given the expression
(1+2) x4, on a first pass, only the sub-expression 1 + 2 would be identified as a constant folding
opportunity, since the left-hand side of the * operator is another BinaryOperator node correspond-
ing to +. Upon transforming 14-2 into 3, however, the expression would be turned into 3 x4. Now
the * operator has both descendants as constants, and a new constant folding opportunity can be
identified. Therefore, the constant folding algorithm is applied repeatedly until no new constant

folding opportunities can be identified. This example is presented in Figure 3.1.
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1 #define N 39

2 #define M 20

3

4 //Without constant folding
5 x =Nx M+ 1;

6 y[N + 1] = (2 + 4) / 3;

7

8 //With constant folding

9 x = 781;

10 y[40] = 2;

Listing 3.4: Examples of constant folding

Before Constant Folding

IntegerLiteral [2] BinaryOperator [+]
IntegerLiteral [1] IntegerLiteral [4]

After First Pass

IntegerLiteral [3]
IntegerLiteral [4]

After Second Pass

IntegerLiteral [12]

Figure 3.1: Application of constant folding to the expression (1+ 2) %3 through multiple passes
over Clava’s AST

BinaryOperator [*]

lhs

BinaryOperator [*]

3.2.2 Unwrapping Statements With Multiple Delarations

Some codebases declare all variables of the same type on a single line, separating them by com-
mas, even when they include some initialization. While this is not a problem when it comes to
building a symbol table or find whether a variable exists, it is more useful to the graph construction
algorithms if there is only one declaration (with possible initialization) per statement. This con-

version is exemplified in Listing 3.5. In Clava’s AST, multiple declarations on a single statement
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are represented by a DeclStmt node, which represents a statement in which one or more variable
declarations are performed, and whose direct children represent each of the variables being de-
clared. These children are of the type VarDecl, and, if they have any form of initialization, then
that VarDecl has further children to represent that initialization. The algorithm implemented to
unwrap these declarations starts by finding all DeclStmt nodes with more than one child. Then,
for each VarDecl child of that DeclStmt node, a new DeclStmt is created in order to enclose each
child, so that each declaration has its own statement. All new DeclStmt nodes are then inserted in

the same position as the original DeclStmt, and the original one is deleted from the AST.

1 //Multiple declarations in a statement
2 int a, b, ¢ =1, d[10] = {0};

3

4 //One declaration per statement

5 int a;

6 int b;

7 int c = 1;

8 int d[10] = {0};

Listing 3.5: Example of unwrapping a statement with multiple declarations

3.3 Tracing-based Data Flow Graph Through Instrumentation

This approach intends to automate the building process of the tracing-based data flow graph origi-
nally proposed by Ferreira and Cardoso [16]. This graph represents the data flow of a function by
exposing how the data is modified at the function level, during the execution of that function. This
was originally done through manual instrumentation of the source code. Print statements have to
be inserted before each statement in order to output the graph information when executed on a
CPU with no optimizations. This is a laborious and error-prone process, even for small kernels,
and automation is necessary in order to make this graph useful for other purposes.

The output produced by instrumentation is in DOT format [48], and it follows the following

specification:

e Every time a store operation is performed on a variable, a new node for that variable is

created;

e Each variable node holds information about the variable in the form of attributes, such as
the type of the variable and whether it is local or an interface (i.e., a function parameter or a

global variable);

e Arithmetic operations are represented by a node containing the operator, with two inward
edges coming from the two operators. If the operation result serves as the input of another

operation, the node is connected to a temporary node;
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For each operation, the edges of the operands hold an attribute indicating whether it is the

left or the right operand;

Every time a constant is used, a new node for the constant is created, even if it had already

been used before;

All accesses to an array position are performed with the index already resolved in runtime

(i.e., with a single scalar);

Arrays of arbitrary size and dimension are supported, as long as those values are known at

compile time;

Ternary operators are represented by a multiplexer node, with three inward edges: one from
an expression that evaluates to a boolean, one from the variable to choose if it is true, and
another from the variable to choose if it is false. An outward edge connects to the variable

on the left-hand side of the assignment;

Nodes have both an identifier and a label. The identifier is unique for all nodes, but the label
is not. For variable nodes, the label is the same for all nodes that refer to the same variable
(e.g., the nodes with identifiers "sum_1" and "sum_2" would both have the label "sum").
For operation nodes, the label is the arithmetic operator, and for constant nodes, the label is

the constant itself.

An example of a graph is provided in Figure 3.2. It was obtained by rendering the DOT

file in Listing 3.8, which was obtained by instrumenting and executing the kernel row_sum, whose

implementation is on Listing 3.6. A small excerpt of the instrumented row_kernel code is provided

on Listing 3.7, together with some added comments that explain what each instrumentation print

generates. As it is possible to see, the graph is already quite sizeable, even for a small example

like this. For more realistic examples with bigger functions and bigger inputs, the resulting graph

can be enormous, which leads to scalability issues for the code restructuring tool proposed by the

authors.
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#define N 50

void row_sum(int a[N] [N], int b[N]) {
for (int 1 = 0; 1 < N; i++) {
int sum = 0;
for (int j = 0; J < N; Jj++) {

sum += al[i][J];

Listing 3.6: Implementation of a kernel that, for each row of a matrix, gets its sum and stores it on

an array

//Create a node for the "+" operation
n_opt+;
fprintf(log_file_0, "\"op%d\" [label=\"+\", attl=op];\n", n_op);

//Connect a preexisting node accessing "a[i][j]" to the op node as the rhs
operand

n_ne++;

fprintf (log_file_0, "\"a[%d] [%d]_%d_1\" —> \"op%d\" [label=\"%d\", ord=\"%d\",

pos=\"r\"];\n", i, Jj, n_alil[j], n_op, n_ne, n_ne);

//Connect a preexisting node accessing "sum" to the op node as the lhs operand

n_ne++;

fprintf (log_file_0, "\"sum_%d\" -> \"op%d\" [label=\"%d\", ord=\"%d\", pos=\"1
\"];\n", n_sum, n_op, n_ne, n_ne);

//Create a node representing a store of variable "sum"

n_sum++;

fprintf (log_file_0, "\"sum_%d\" [label=\"sum\", attl=var, att2=loc, att3=int];\

n", n_sum);

//Connect the operation node to the store node
n_ne++;
fprintf (log_file_0, "\"op%d\" -> \"sum_%d\" [label=\"%d\", ord=\"%d\"];\n",

n_op, n_sum, n_ne, n_ne);

sum += al[il] [j]; //The actual statement being instrumented

Listing 3.7: Excerpt of the instrumented version of the row_sum kernel, showing the instructions

inserted to instrument the statement sum += a[i][j]
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Figure 3.2: Data flow graph obtained by instrumenting and executing the row_sum kernel in List-
ing 3.6 with an input size of N=2

1 Digraph G {

2 al0][0]_1_1" [label="al[0][0]", attl=var, att2=inte, att3=int];
3 "a[O][l] 1_1" [label="a[0][1]", attl=var, att2=inte, att3=int];
4 alll[0]_1_1" [label="a[l][0]", attl=var, att2=inte, att3=int];
5 all][1l]1_1_1" [label="a[l][l]", attl=var, att2=inte, att3=int];
6 "b[0]_1_1" [label="b[0]", attl=var, att2=inte, att3=int];

7 "b[1]_1_1" [label="b[1l]", attl=var, att2=inte, att3=int];

8 "constl" [label="0", attl=const];

9 "sum_1" [label="sum", attl=var, att2=loc, att3=int];

10 "constl" -> "sum_1" [label="1", ord="1"];

11 "opl" [label="+", attl=opl];

12

13 "all][1]_1_1" -> "op4" [label="13", ord="13", pos="r"];

14 "sum_5" -> "op4" [label="14", ord="14", pos="1"];

15 "sum_6" [label="sum", attl=var, att2=loc, att3=int];

16 "opd" -> "sum_6" [label="15", ord="15"];

17 "b[1]_2_1" [label="bJ[1l]", attl=var, att2=inte, att3=int];

18 "sum_6" -> "b[1l]_2_1" [label="16", ord="16"];

19 }

Listing 3.8: Abridged version of the DOT file produced by the row_sum kernel after being

executed with instrumentation and an input size of N=2
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Table 3.1: Auxiliary variables created by the automatic instrumentation, where %d refers to the
auxiliary variable

Type of node/edge Aucxiliary variable Node identifier Label example

Constant n_const const%d 0
Temporary n_temp temp%d temp12
Operation n_op op%d +
Multiplexer n_mux mux%d mux7
Variable "foo" n_foo foo_%d foo
Array "bar" of size N n_bar[N] bar[index]_%d_1 bar[10]
Edge n_ne - 9

The automation tool is implemented in Clava using a LARA aspect. This aspect receives as
input the name of the function to instrument, and weaves the provided source code with the print
statements, the code to create and close the output DOT file and all the auxiliary variables required
in order to keep track of node and edge identifiers. These auxiliary variables are summarized in
Table 3.1. While their names and purposes are kept true to the original manual instrumentation for
the most part, the node label of a temporary variable is simplified, as it originally included both
the line number and the iteration number. While this would not be hard to include, it can lead to
the same label being used if there are more than one temporary variable on the same line, and thus
it is necessary to change that in order to avoid this conflict. The multiplexer node and the ternary
handling are also a posterior addition to the work originally proposed by the authors.

Automation, however, is not without its hurdles. While manual instrumentation allows for
some fine tuning when it comes to tracking dependencies on a case-by-case basis, this process
becomes a problem when performed automatically. One of the problems comes from the possible
reference to a node of a variable that did not yet have a store, and thus no created nodes. This is
most commonly found when loading a variable that was passed as a function argument, since most
of those already come initialized, and as such there is no preexisting store node to reference. The
second problem arises from managing the auxiliary variables on complex arithmetic expressions
(i.e., expressions with more than one operand). On those operations, more than one temporary and
constant nodes may be created, and the auxiliary variables are incremented accordingly. However,
if that happens, it is necessary to introduce offsets when creating the instrumentation prints. Given
the example of (a + b) * (c + d), the expression (a + b) will result in a temporary node, as well as
the expression (c + d). These two temporary nodes will then serve as input to the multiplication
operation, and it is necessary to identify that the temporary node of (c + d) will have its identifier
given by the "n_temp" variable, the identifier of (a + b) must be given by "n_temp - 1". This
dependency tracking, while simple in this example, can become unwieldy in larger expressions.
The proposed automatic instrumentation tool handles both these problems. The tool is divided in

four stages, which are therein described:

1. The first step concerns itself with processing the function, and the source code file in general,

on a global level. First, from the function declaration the scope and parameters of the
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function are extracted. The parameters are then inserted into a symbol table for interface
variables, which holds information about the type of each interface variable and, in the case
of an array, its dimensions. Then, any global variables that exist in the file are also added to
the interfaces symbol table. Finally, the function body is swept through in order to gather all
variable declarations, which consist of the local variables of the function. These are added

to a symbol table dedicated to local variables;

2. After initializing the symbol tables, the creation of the auxiliary variables is done by go-
ing through the symbol table and declaring an auxiliary variable for each entry. Auxiliary

variables for the other kind of nodes, such as operations and constants, are also created;

3. In order to circumvent the problem of referencing a node that does not exist (i.e., variables
whose first operation is a load), a node is created for every interface variable. If the interface
variable is an array, a node is created for each entry in the array. This is done by inserting a
loop (or a nest of loops) whose body inserts a print that generates a store node. While this
solves the initial problem, there is the instance in which a variable is never loaded (e.g., an
array that is passed as an argument and whose purpose is store the result). In this case, the
node will never be referenced, since the only operation that is performed on that variable is
a store further down the function. These isolated nodes can be pruned once the DOT file
is generated by using the gvpr tool, which is part of the GraphViz toolkit [49]. The code
restructuring framework that uses these graphs also prunes all isolated nodes, so it isn’t

necessary to run that tool for that particular case;

4. Finally, the instrumentation for the nodes and edges of the function proper are generated.
This is done by performing a depth-first search through the function, and by handling each
statement it finds independently of all others. All other non-statement Join Point nodes, such
as loop headers and comments, are ignored. In Clava, most statements without conditionals
have only one child, which is the actual expression from which a data flow can be extracted.
These can be variable declarations (possibly with initialization), an unary operation and
a binary operation. These can be further divided into array accesses, variable references,
literal expressions (e.g., constants) and the operation itself, if the parent expression is a
unary or binary operation. The instrumentation prints are inserted individually for each of
these instances, and when an operation has complex expressions or other operations as one
or both of its operands, the instrumentation is inserted recursively, on a bottom-up fashion
and by using, once again, a depth-first exploration of the Join Points. The usage of more
than one temporary node is propagated throughout the building process in order to add
the proper offsets to them, and thus overcome the previously mentioned limitation. The
instrumentation itself is inserted always and immediately before the statement to which it

refers to.

This tool is validated with multiple input functions, and some limitations can be found. Some

of the limitations found are the impossibility of preserving macros in Clava. This limitation goes
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back to it using Clang as a frontend for parsing the code and building an AST, given that Clang
runs the C preprocessor to resolve the macros on an earlier step. This is a limitation because it may
be necessary to change the size of the inputs of an instrumented function, and while the original
function often has macros for such purposes, their loss results in some manual labor in order to
either recreate them or substitute all the hardcoded sizes for new ones. The other limitations are
the same as the original manual approach when it comes to only accepting arrays of predetermined
size, not preserving information about loops and not supporting if-statements, with the exception
of the ternary operator, which, as previously mentioned, was a posterior addition to the original
proposal. Other constructs of the C language, like type casts, structs and switch statements are
also not contemplated. Finally, the limitations imposed by having an FPGA as the target, such as

not allowing dynamic memory or recursion, also apply.

3.4 Data Flow Graph Through Static Code Analysis

This section describes the proposed data flow graph (DFG) that will serve as a framework to decide
which code restructuring strategies should be applied. Firstly, an overview of the existing control
flow graph (CFG) in Clava is provided, followed by the modifications done to it in order to make it
suitable to serve as a basis for the DFG construction. Then, a detailed description of the proposed
DFG is presented, as well as some pruning and simplification procedures that are applied to it.

Finally, an overview is given of the metrics that are possible to extract from the graph.

3.4.1 Control Flow Graph

A control flow graph (CFG) is a directed graph comprised of basic blocks, plus the connections
between them. A basic block is a sequence of instructions with one entry point at the beginning
and one exit point at the end, while the connections between these basic blocks comprise the
control flow paths [50]. Clava already has a prototype that finds basic blocks and the control paths
between them, but it lacks an explicit graph structure in terms of implementation. That is fixed
with this proposal, as a proper graph representation is implemented over the existing prototype.
Therefore, it is now possible to build a CFG that is suitable for analysis. Each basic block in Clava
is comprised of a list of statements, and it makes up a node of the CFG. They can be categorized

as follows:

e Normal - a basic block with a series of statements. It is the default type;

e Loop - a basic block with a loop header (whether it is a for-loop, a while-loop or a do-while-
loop). It can have two kinds of outward edges: one pointing to the first basic block of the

loop body, and another pointing to the first basic block that comes after the loop;

e Conditional - a basic block similar to a normal one, but whose last statement holds a state-

ment that implies branching, such as an if-statement. It can have two kinds of outward
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edges: one connecting to the first basic block of the code region that should be executed

when the expression evaluates to true, and another for when it evaluates to false;

e Exit - a basic block with no outward edges, which represents a termination of the flow. It is
otherwise similar to a normal node. In the particular case of a function being comprised of

a single basic block, that block has to necessarily be an exit block.

BBO:
while(nl !=n2)

[noloop] [loop]

BB2: BBI1:
return nl; if(nl > n2)

[true]

BB3: BB4:
nl =nl - n2; n2 =n2 - nl;

Figure 3.3: Control Flow Graph of the Euclidean algorithm in Listing 3.9

1 int gcd(int nl, int n2) {
2 while (nl != n2) {

3 if (nl > n2) {

4 nl = nl - n2;
5 }

6 else {

7 n2 = n2 - nl;
8 }

9 }

10 return nl;

11}

Listing 3.9: Euclidean algorithm for the greatest common divider between two numbers

Similarly, the control paths of the CFG, which are implemented as the edges of the CFG, can

also be categorized as follows:

e Unconditional - a control path between a basic block and another, that is always executed
regardless of any condition imposed by the statements inside the first basic block. It is used

to connect a normal block to a loop block;
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True - used to connect a conditional block to another block if the statement inside the con-

ditional block evaluates to true;

False - similar to the true path, but for when the condition evaluates to false;
e Loop - connects a loop block to the first basic block of the loop body;
e No Loop - connects a loop block to the first basic block that comes after the loop.

The CFG can also be formally defined as follows:

CFG definition: the CFG is defined by a set G composed of a set of vertices V and edges E. Vis a
set composed of four sets. Each of these sets contains vertices of one specific type. BBN contains
vertices of representing basic blocks of the "Normal" type, while BBL represents basic blocks of
the "Loop" type, BBC basic blocks of the "Conditional" type and BBE basic blocks of the "Exit"

type.
E is composed of five sets representing directed edges. U represents edges of the "Unconditional"

type, while T represents edges of the "True" type, F edges of the "False" type, L edges of the
"Loop" type and finally N represents edges of the "No Loop" type.

G={V,E}

V = {BBN,BBL,BBC,BBE)}
BBN = {bbn,,...,bbn,}
BBL = {bbly,...,bbl,}
BBC = {bbcy,...,bbc,}
BBE = {bbey,...,bbe,}
E={U, T,F L,N}
U ={(u,v):u € BBN \v € BBC}
{(u,v) :u € BBCAveEV}
{(u,v):ue BBCAveV}
{(u,v):u € BBLAv €V}
{(u,v) :u€e BBLAv €V}

= ~ N
1

To finalize, there are some statements that are not necessary to keep in the CFG, such as com-
ments and directives (other than a few select ones). These are pruned from each basic block after
the CFG is generated, but are still preserved in the AST. Figure 3.3 shows the CFG of the Euclidean
algorithm to calculate the greatest common divider of two numbers, and whose implementation
can be found in Listing 3.9. This example provides a simple visualization of all node and edge

types of the CFG, since it has both conditional jumps and loops.
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3.4.2 Data Flow Graph

One of the major issues with the previous trace-based DFG is that its size can get unwieldy with
even moderate input sizes, which can cause an out-of-memory error on the tool that examines it.
Other major issues are the lack of support for conditional statements and the fact that it does not
preserve any information about loops. This section proposes an alternative DFG, obtained using
the CFG, that is capable of representing the data flow of a function without those limitations, and
which can be used to do a different kind of code analysis and restructuring than the one done over

the tracing-based graph.

This section gives an overview of the elements of the proposed DFG. One example of a simple
DFG is provided in Figure 3.5, which is obtained from the matrix multiplication kernel present on
Listing 3.11. This kernel is extracted from the UTDSP [30] benchmark suite, and it multiplies the
matrices a_matrix and b_matrix, placing the result on c_matrix. All matrices have a dimension of
10x10. A more complex example is presented in Figure 3.4, with the corresponding source code
in Listing 3.10. This example shows the implementation of a Discrete Cosine Transform (DCT),

which is performed over 8 x8 matrices. The DFG can also be formally defined:

1 #define N 38

2

3 const int CosBlock[N] [N] = {88, 122, /xabridged*/ 47, -24};
4

5 woid dct (int InIm([N] [N], int TempBlock[N] [N],

6 int CosTrans[N] [N], int OutIm[N] [N]) {

7 int aux;

8

9 for (int i = 0; i < N; 1i++)

10 for (int j = 0; J < N; Jj++) {

11 aux = 0;

12 for (int k = 0; k < N; k++4)

13 aux += InIm[i] [k] % CosTrans[k][]];
14 TempBlock [i] [j] = aux;

15 }

16

17 for (int 1 = 0; 1 < N; i++)

18 for (int j = 0; J < N; Jj++) {

19 aux = 0;

20 for (int k = 0; k < N; k++4)

21 aux += TempBlock[k][j] = CosBlock[i][k];
22 OutIm[i] [j] = aux;

23 }

24 '}

Listing 3.10: Implementation of a Discrete Cosine Transform (DCT) using matrices
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DFG definition: the DFG is defined by a set G composed of a set V of vertices and E of edges.
V is composed of multiple sets: LD is a set of "Load" nodes, ST is a set of "Store" nodes, OP
is a set of "Operation" nodes, L is a set of "Loop" nodes, I is a set of one "Interface" node, C is
a set of "Constant" nodes, and T is a set of "Temporary" nodes. LD, ST and OP are composed
by subsets representing each subtype. LD is composed of a set LV of "Load Variable" nodes, a
set LA of "Load Array" nodes and a set LI of "Load Index" nodes. ST is composed of a set SV
of "Store Variable" nodes and a set SA of "Store Array" nodes. Finally, OP is composed of a set
OA of "Arithmetic" nodes, a set of OC of "Conditional" nodes, a set OF of "Function call" nodes
and a set OM of "Multiplexer" nodes. E is composed of three subsets, representing three types of
directed edges. DF represents edges of the "Data flow" type, IDF edges of the "Index Data Flow"
type and "RE" edges of the "Repeating" type.

G={V,E}

V = {LD,ST,OP,L,1,C,T}
LD = {LV,LA,LI}
LV ={lvy,..,lv,}
LA ={lay,....la,}
LI = {liy,...mli,}

ST = {SV,SA}

SV = {svi,...,svn}
SA = {say,...,sa,}
OP = {0OA,0C,OF,0OM}
OA = {oay,...,oa,}
oC ={ocy,...,ocy}
OF ={ofi,...,ofn}
OM = {omy,...,om,}

L=A{lL,...L,}
I={i}
C={ci1,...,cn}
T={t1,....,tn}

E = {DF,IDF,RE}
DF ={(u,v):u€{0,L,C,T} Ave{0,S,T}}
IDF = {(u,v) :u e {O,L,C,T} A\v e LA}
RE = {(u,v):uc{L,I} A\ve{L,S,OF }}
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dct
InIm([8][8]: int (32-bit) &

TempBlock[8][8]: int (32-bit)
CosTrans[8][8]: int (32-bit)
OutIm[8][8]: int (32-bit)
CosBlock[8][8]: int (32-bit)

Figure 3.4: Data flow graph of the DCT benchmark. The square node represents the root, blue
nodes represent loops, yellow nodes represent store operations, green nodes represent load oper-
ations, red nodes represent the load of a loop counter, gray nodes represent constants and purple
nodes represent operations
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mult

a_matrix[10][10]: float (32-bit)
b_matrix[10][10]: float (32-bit)

¢_matrix[10][10]: float (32-bit)

S

x10
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Figure 3.5: Data flow graph of a matrix multiplication kernel. The square node represents the
root, blue nodes represent loops, yellow nodes represent store operations, green nodes represent
load operations, red nodes represent the load of a loop counter, gray nodes represent constants and
purple nodes represent operations

1 $#define N 10

2

3 wvoid mult (float a_matrix[N] [N], float b_matrix[N] [N],
4 float c_matrix[N] [N]) {

5 float sum;

6

7 for (int i = 0; i < N; i++) {

8 for (int j = 0; J < N; Jj++) {

9 sum = 0.0;

10 for (int k = 0; k < N; ++k) {

11 sum += a_matrix[i][k] % b_matrix([k][Jj];
12 }

13 c_matrix[i] [j] = sum;

14 }

15 }

16 }

Listing 3.11: Implementation of a matrix multiplication kernel from the UTDSP benchmark suite

There are three types of edges on the DFG. The first type, "Data Flow", is a typical data flow

edge, which is a directed edge that represents the transfer of data between variables/operators.
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Table 3.2: Types of DFG edges

Type Color
Data Flow Black
Index Data Flow Red
Repeating Blue

This is the type of edge used to represent most data flows. The second type, "Index Data Flow", is
similar to the Data Flow edge, except that it serves to connect a subgraph that calculates an array
index to the node that represents the array access. Finally, the "Repeating" edge type is an edge
that indicates how often the data flow subgraph on its destination is repeated. All data flows have
one incoming "Repeating” edge, even those that are only executed once. Each "Repeating edge"
has a label representing the number of repetitions it represents (which is omitted when it equals
1). All three edge types are listed on Table 3.2, where their respective color codes can be found.

The nodes of the DFG can have different types, represented as different colors on the generated
DOT output. These are gathered in Table 3.3. Each type can be further divided into subtypes. Each
node can only have one type, and only one subtype within that type. The first node type serves to
represent a read, or loading, operation of a variable. It is divided into 3 subtypes: scalar variables
are represented by the "Load Variable" subtype, while an array access is represented by a "Load
Array" subtype. The exact array position being accessed is given by the index, which can be the
result of a previous calculation, and it is associated to the "Load Array" node by an "Index Data
Flow" edge. Finally, the scalar variables used as the loop counter are identified by their own type,
"Load Index".

There are two subtypes of store nodes: a "Store Variable" node represents the operation of
writing a value to a scalar variable, while a "Store Array" node represents the operation of writing
a value to an array position. In the same fashion as the "Load Array" node, the index is given by
an incoming "Index Data Flow" edge.

Operations consist of four different subtypes. The "Arithmetic" and "Conditional" subtypes
represent operations performed using arithmetic and logical operators, respectively. The operands
come from incoming edges, and an outgoing edge connects the result of the operation to the node
that makes use of it. The "Function call" subtype represents a call to a function. If the function
has operands, then the node will have incoming edges holding each operand, and if the function
has a return value that is not ignored, then the node will have an outward edge to connect it to the
node that uses the result. Finally, the "Multiplexer" node represents a selection of some data flows
over others when taking into consideration the result of a condition. It can have three different
types of incoming nodes: one from a data flow that consists of a condition, multiple nodes from
data flows that are selected when the condition is true, and multiple data flows that are selected
when the condition is false. If the "Multiplexer" node was used to implement a ternary assignment
operator, then the node has an outward edge to connect it to the variable being assigned.

Finally, there is a group of miscellaneous nodes that are used to provide extra information to

the DFG. There is one and only one "Interface" node per DFG. This node serves as the root for
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Table 3.3: Types of the DFG nodes

Type Subtype Color  Label Example
Variable Green  sum

Load Array Green  a_matrix
Index Red i

Store Variable Yellow sum
Array Yellow c_matrix

Arithmetic Purple +
Conditional  Purple !=

Operation Function call Purple sqrt
Multiplexer  Purple mux
Loop Blue Loop i
Interface Brown mult
Constant Grey 0
Temporary Grey temp1

the graph, and holds information about the function name and its interface variables (i.e., function
arguments and referenced global variables), as well as the size of their respective data types. The
"Loop" nodes represent a loop, holding information about which variable is the loop index, the
loop lower and upper bound and the index increment value. They have outward edges of the type
"Repeating", which connect to data flows or other "Loop" nodes, and have a value equaling the
number of iterations of the loop they refer to. The "Constant" nodes represent literal constants,
which can be both integers or floating-point values. Finally, the "Temporary" nodes serve to store
the temporary results of arithmetic operations. By default, these nodes are not generated, since
the analysis currently being performed over the DFG does not use them. However, they could
be useful for alternative approaches that call for temporary results to be stored on their own local

variables.

3.4.3 Building Process

The first node built is the "Interface” node that serves as the root of the DFG. As previously
explained, this node holds information about the function name and the function interface, which is
comprised of arrays passed as function arguments and all global arrays referenced by the function.
Scalar function arguments are not considered. The declarations of these variables are identified
by looking at the AST. For each variable, multiple parameters are extracted by looking at the
declaration. One of these parameters is whether it is an array or a scalar variable. If it is an
array, information about the dimension and the size of each dimension are also stored. Another
parameter is the data type of the variable, which can be further distinguished into being an integer

(e.g., char, short, int) or floating-point (e.g., float, double) data type. The size of each data type,
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specified in bits, is also recorded. The framework supports this analysis for all native C data types,

but support for custom type definitions are not contemplated.

1 int find_max(int inO, int inl, int in2)
2 {
3 int max;
4 if (in0 > inl)
5 {
6 max = (in0 > in2) ? in0 : in2;
7 }
8 else
9 {
10 max = (inl > in2) ? inl : in2;
11 }
12 return max;
13 }

Listing 3.12: Implementation of a function that finds the maximum of three numbers, using both

if-else and ternary statements

The nodes of the DFG are built from examining the AST nodes, while using the CFG as an
intermediate layer between the building algorithm and the AST. In order to find the nodes that
directly descend from the "Interface" node, the top-level control flow path of the function (i.e.,
the sequence of basic blocks that represent operations on the uppermost scope of the function)
must be determined. This is done by selecting the first basic block of the CFG, and descending
the CFG from there. If a basic block of the "Loop" type is found, the next descendant will be
the one pointed at by the edge of the type "No Loop". If a "Conditional" basic block is found,
the next top-level block is defined as the first basic block common to the control flows pointed
at by the "True" and "False" edges (i.e., when branching execution paths join after being split).
As an example, the top-level control flow path of the CFG in Figure 3.3 would be BBO — BB2.
From this top flow, the data flow subgraphs for each basic block are generated, and they are all
connected to the "Interface” node through a "Repeating" edge with a value of 1, since each of these

data flows, being at the top of the function, are only executed once per function.

Each basic block is dealt with differently when it comes to building their data flows. A "Nor-
mal" basic block is processed by building the data flow for each of the statements inside that block.
A "Loop" block is processed by creating a node of type "Loop", and then recursively applying the
same process to the basic blocks of the control flow path pointed at by the "Loop" outward edge.
After the data flows from these innermost basic blocks are generated, they are connected to the
"Loop" node by a "Repeating" edge with a value equaling the number of iterations of the loop (the
estimation of the number of iterations is further defined in section 3.4.4). Finally, a "Conditional"
basic block is processed by creating a "Multiplexer" node. The data flow for the conditional ex-
pression (which comes from a statement inside the "Conditional" basic block) is generated and

connected to the multiplexer. Then, this process is applied recursively to the control flow paths
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pointed at by the "True" and "False" edges of the "Conditional" block. Once those data flows are
calculated, they are connected to the "Multiplexer" with a standard data flow edge, but with an ad-
ditional flag to indicate whether they should or not be selected based on the multiplexer condition.
Figure 3.6 shows the DFG of the function in Listing 3.12, in which it is possible to observe "Mul-
tiplexer" nodes built from both if-else and ternary statements. Note, as well, the labels assigned to
the edges incising on each multiplexer, where "s" stands for "selection"”, "t" stands for "true" and

"f" stands for "false".

find_max max

Figure 3.6: Data flow graph of the find_max function. The square node represents the root, yellow
nodes represent store operations, green nodes represent load operations, red nodes represent the
load of a loop counter, gray nodes represent constants and purple nodes represent operations

As previously mentioned, a data flow subgraph is generated from a statement extracted from
a basic block. The statement is represented by an AST node of the Stmz type. Each Stmt type, on
the contemplated cases, have only one child AST node. This AST node goes through a dispatcher
that, based on the type, is sent to a handler that builds the DFG that better implements that AST
node. Depending on the type of node, and on its children nodes, a recursive approach must be
adopted, with the dispatcher being called for each child AST node until the AST of the expression
is consumed and the data flow subgraph for that statement is complete. The AST node types being

processed by the dispatcher are the following:

e [ntegerLiteral - represents an integer constant. It leads to the creation of a "Constant" DFG

node. It is a terminal node;

e FloatingLiteral - it has the same behavior as an IntegerLiteral, except that it represents a

floating-point constant;
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o DeclRefExpr - represents a reference to a variable. It leads to the creation of a "Load Vari-

able", "Load Index" or "Load Array" DFG node. It is a terminal node;

o ArraySubscriptExpr - represents the array access expression that calculates the array posi-
tion. It is a node that requires recursive building of the DFG of its children. It is connected

by a "Data Flow Index" edge to a "Load Array" or "Store Array" node;

e BinaryOperator - represents an arithmetic or logical operation with two operands, plus an
optional node in which the result is stored (which leads to the creation of a "Store Variable"
or "Store Array" node). It leads to the creation of an "Arithmetic" DFG node. Recursive
building of its left and right operands must be performed, and the DFGs resultant from that

construction is connected to the created "Arithmetic" node;

e UnaryOperator - represents an unary operator being applied to a variable. This usually
requires the unary operator to be converted into a binary operation in order to expose the
data flow. For instance, a post-increment operation over a variable, such as i++, needs to be
converted into i =1 + 1, and the sign inversion operation, such as -x, is converted into -1 *

x. It requires recursive dispatching for the operand;

e CallExpr - represents a function call. A "Function call" DFG node is created, and the
function arguments, as well as the variable in which the function result is stored (if present),

need to be build recursively and connected to the created "Function call" node;

o CStyleCastExpr - represents a casting operation over a variable or expression. This node is
ignored, since casts are not contemplated in the data flow graph. The variable or expression

being cast is instead processed as if the cast did not exist;

e ParenExpr - represents the parenthesis that encapsulate an expression. Similarly to the
CStyleCastExpr, this node can be safely ignored and the expression it encapsulates is also

handled like all others, since the priority implied by the parenthesis is respected in the DFG;
o ConditionalOperator - similar to the UnaryOperator, but for logical operations instead;

e VarDecl - represents the declaration of a variable, which is represented by a "Store Variable"
or "Store Array" type. It is only handled if there is initialization, since variables with that
are simply declared, with the initialization happening on a later stage, can be ignored. It

requires recursive building for the initialization expression.

Finally, it is worth noticing the features of the C language that the proposed DFG does not
support. The usual restrictions of FPGAs are still valid: no dynamic memory, recursion and
pointers, but on top of those, the usage of structs, switch statements and custom type definitions
are also not contemplated. Due to Clava being also capable of handling C++, the DFG can also
handle C++ code, as long as it only uses features that also exist in C (e.g., no templates, objects,

namespaces and other features specific to C++ are supported).
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3.4.4 Loop Iteration Estimation

On Clava, for-loops are represented on the AST by the node type ForStmt, which can have four
children: three statements of the that comprise the loop header, and a CompoundStmt that repre-
sents the loop body. In order to determine the number of iterations of the loop, all four children

must be examined in order to extract a series of values:

e Loop counter - the loop counter, or index, is the variable that is incremented or decremented
on each iteration, and commonly used in the expressions that access an array position. The
loop counter is found by looking at the first statement of the loop header, which is usually
either a variable declaration (e.g., int i = 0), or a reference to an existing variable with an
assignment (e.g., i = 0). In either case, the loop counter is assumed to be the variable on the

left-hand side of the expression;

o Initial value - the initial value is the value of the loop counter on the first iteration of the
loop. It is assumed to be a constant value on the right-hand side of the first statement of the

loop header;

e Final value - the final value is the value of the loop counter after the last iteration of the
loop. It can be found by examining the conditional expression of the loop. This condition
must have a logical operator with the loop counter on one side and a constant on the other,
regardless of the order. The constant value provides the final value of the loop counter, and
the kind of logical operator provides information about whether the loop counter increases

or decreases throughout the execution of the loop;

e Loop counter increment/decrement - the number of units that the loop counter is incre-
mented or decremented by on each iteration. This is done by looking at the third expression
of the loop counter, which can be either a binary or unary operation (represented by a Bina-
ryOperator and UnaryOperator node on the AST, respectively). The former must represent
a binary expression that adds or subtracts a constant to the loop counter (e.g., i += 2), while
the latter can be either a pre/post increment/decrement operator (e.g., i++), which means

that the loop counter increment/decrement is unitary.

The number of iterations is, then, given by (final_value — initial_value)/increment if the loop
counter is increased during the loop execution, or (initial_value — initial_value)/decrement if it
decreases. However, this approach cannot detect the number of iterations of loops when there is
one or more factor that is only known at runtime (e.g., the final value may be stored on a variable
instead of being a constant). In this case, it is still possible for a developer to manually specify
the number of iterations of a loop by using a custom directive, #pragma MAX_ITER N, where N
is the number of loop iterations. This directive should be applied immediately before the for-loop

statement.
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res res

Figure 3.7: Example of a data flow subgraph before and after the simplification process

3.4.5 Simplifying the Data Flow Graph

The data flow graph, after being generated, undergoes a simplification process in order to reduce
the number of redundant nodes. The first step in this process tries to identify a set of data flow
subgraphs. A subgraph is defined as the set of data flow nodes and edges whose sink is either a
"Store" node or a "Function call" node whose return value is ignored. On the matrix multiplication
example in Figure 3.5, these subgraphs can be identified by the rectangles encapsulating all nodes,
with the exception of the "Interface" and "Load" nodes, which, by definition, are never part of any
subgraph. Each node that belongs to a subgraph is tagged with the identifier of the subgraph it
belongs to. This is done by first finding all sinks of the previously mentioned types, and assigning
a unique sequential identifier to each one. Then, for each sink, the DFG is traversed upwards,
from sinks to sources, and all nodes found are tagged with the same identifier as the original sink.
Given that there is no dependency tracking at this point, it is not possible for conflicts to arise.
Then, for each data flow subgraph, duplicated nodes are removed. A duplicated node con-
stitutes of a "Load" node that appears more than once. Identifying duplicated nodes is trivial for
nodes of the type "Load Variable" and "Load Index", since the nodes can be compared by the
variable name alone. However, for nodes of the type "Load Array", there is a need to look at the
expressions that calculate the array index in order to estimate whether it is a load of the same array
position. This is done by comparing the data flow that makes up each array access (i.e., the data
flow connected to the "Load Array" node by a "Index Data Flow" edge). Once again, this detec-
tion is limited by what is possible to know at compile-time. Two accesses are considered to be the

same if the data flow of the accesses reference the same counter and have the same offset (e.g., i+1
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and 1+i are correctly identified as being the same access). This is where constant folding shows its
usefulness, since it helps simplifying many array access expressions. More complex expressions,
however, are not possible to be detected, either due to high complexity or due to values that are
only known at runtime. Once all duplicated nodes are detected, they are merged into a single node.
This is done, for each set of duplicated nodes, by picking one random node as the pivot. Then,
the inward and outward edges of the remaining nodes are added to the pivot, and those remaining
nodes are eliminated. Figure 3.7 shows an example of the simplification process of the data flow
subgraph of the expression res = (bar[k] + bar[k]) + (foo[i][j] * foo[i + 5][j]). As it is possible to
see, all loads of array indexes merge into a single load per variable, and the access to the "bar"
array was merged into a single one. The accesses to the "foo" array, however, were not merged,

since the array access patterns are distinct, and therefore represent different array positions.

3.4.6 Extracting Features

Given that there are many different types of DFG nodes, it is possible for the framework to char-
acterize each data flow subgraph using the number of DFG nodes of each type. Table 3.4 shows
the features extracted for each data flow subgraph of the svm_predict function used in the article
by Tsoutsouras et al. [25] and Ferreira and Cardoso [16]. Its implementation can be found in
Listing 3.13. Each subgraph is represented by its identification number, and they can be observed
in Figure 3.8, which shows the full DFG for the svm_predict function. The subgraph identification
numbers are usually omitted, but they were added to this example for clarity purposes. For each

subgraph, the following features are extracted:

e [terations - the number of times that data flow is executed. It is calculated by recursively
finding all nodes of the "Loop" type that are ancestors of the data flow, until the "Interface"
node is found. The final number of iterations is given by multiplying the number of iterations
provided by the edges of the "Repeating” type that connect the subgraph to the loop nodes
(e.g., subgraph 4 has 2 "Loop" ancestors, and its number of iterations is given by multiplying
the values of the three "Repeating” edges (i.e., blue edges) connecting those nodes, that is,
18 x 1248 x 1 = 22464);

e [oadsVar - the number of load operations performed over a scalar variable. It is calculated
by counting every node of the "Load Variable" and "Load Index" types. However, when the
same scalar variable is both loaded and stored on the same subgraph, that variable is only
represented by a "Store Variable" node, as the load operation is made implicit by having an
outward edge leaving the "Store Variable" node. These situations can be detected, and the
value of the LoadVar feature is incremented by one if it happens. This can be observed on

the "Store Variable" node of the "norma" variable of subgraph 4;

e [oadsArr - the number of load operations done over distinct array positions. It can be calcu-

lated by counting the number of "Load Array" nodes. The simplification process performed
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Subgraph ID  Iterations LoadsVar LoadsArr StoresVar StoresArr Ops Calls Depth

1 1 0 0 1 0 0 0 0
2 22464 2 2 1 0 1 0 1
3 22464 1 0 1 0 1 0 1
4 22464 2 0 1 0 1 0 1
5 1248 3 1 1 0 4 1 5
6 1248 0 0 1 0 0 0 0
7 1 1 0 1 0 1 0 1

Table 3.4: Features extracted from the DFG of svm_predict

on section 3.4.5 already accounts for all "Load Array" nodes within a subgraph to be rep-
resenting the loading of different array positions, so they can be simply summed up. The

same special case of having both a load and a store is also contemplated;

e StoresVar - the number of stores performed over a scalar variable on a single execution of a
subgraph. It can be either 1 or 0, since each data flow subgraph has a store at its root, with

the exception of subgraphs built from function calls whose return value is ignored;

e StoresAtr - the number of stores performed over distinct array positions. It follows the same

binary logic as the previous feature;

e Ops - the number of operations on the subgraph. It is done by counting all "Conditional"

and "Arithmetic" nodes;

e Calls - the number of function calls on the subgraph, calculated by counting all "Function

call" nodes;

e Critical Path - the critical path of a subgraph is defined as being the acyclic sequence of
nodes with the most operations. Table 3.5 shows the critical paths calculated for each sub-
graph of the svm_predict function. The critical path is calculated by traversing the sub-
graph from its sink (which, by definition, is a "Store" node or a "Function call" node) using
breadth-first search. At each level of the search, the number of operations on each possible

path is updated, and once the algorithm terminates, the path with the longest value is chosen;

e Depth - the number of operations of the critical path.
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Table 3.5: Critical paths of the svm_predict data flow subgraphs

Subgraph ID  Critical Path

1 0 — sum

2 j — test_vector — "-" — diff

3 diff — "*" — diff

4 diff — "+" — norma

5 -1 M MY exp — " — "+ — sum
6 0 — norma

7 0 — sum

#define GAMMA 8
#define B 0

#define N_FEATURES 18
#define N_SUP_VECT 1248

int svm_predict (float test_vector [N_FEATURES],
float sup_vectors[N_FEATURES] [N_SUP_VECT],
float sv_coeff[N_SUP_VECT])

float diff;
float norma;
int sum = 0;
for (int i = 0; i < N_SUP_VECT; i++)
{
for (int j = 0; j < N_FEATURES; j++)
{
diff = test_vector[j] - sup_vectors[]j][i];
diff = diff * diff;

norma = norma + diff;

sum = sum + (exp(-GAMMA x norma) * sv_coeff[i]);
norma = 0;

}

sum = sum — B;

return sum;

Listing 3.13: Implementation of the svm_predict function
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svm_predict
test_vector[18]: float (32-bit)
sup_vectors[18][1248]: float (32-bit)
sv_coeff][1248]: float (32-bit)

sum o sum

| &

Figure 3.8: Data flow graph of a SVM prediction function. The square node represents the root,
blue nodes represent loops, yellow nodes represent store operations, green nodes represent load
operations, red nodes represent the load of a loop counter, gray nodes represent constants and
purple nodes represent operations. Note, too, that each subgraph is numbered
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3.5 Summary

This chapter presented the Clava Source-to-Source C/C++ compiler as the basis on which the
proposed framework is implemented, as well as the AOP LARA language. Then, two code pre-
processing steps were described: one based on constant folding, which reduces expressions com-
posed of multiple constants into one single constant, and one based on transforming code in order
to have, at most, one variable declaration or initialization per statement. Following that, a tool that
automates the instrumentation step of the trace-based approach proposed by Ferreira and Cardoso
[16] was described in detail. This tool is implemented in LARA, and it inserts instrumentation
prints on the targeted function. These prints, when the code is executed, output a DFG that can
be then transferred to the code restructuring tool proposed by the authors. Finally, the proposed
code restructuring framework itself was explained. A CFG is defined, followed by a DFG that
is built from that CFG. This DFG models the data flow of a function by representing load/store
operations over variables, arrays and indexes, as well as function calls, arithmetic and conditional
operators and information about loop iterations. The building process of this DFG is described,
together with the C subset that is currently being supported. Then, the calculation of the number
of iterations of a loop is explained. This calculation supports loops whose index either ascends
or descends, as well as loops with increments different from 1. If this calculation is not possible
at runtime, it is still possible for the user to provide information about the number of iterations
through a custom directive. After that, the simplification process of the graph is detailed. This
process merges the load operations of variables and array positions, with further analysis done in
order to decide whether an access to an array with an index unknown at compile-time is the same
as another similar access. Finally, a number of features can also be extracted from the DFG, such
as the number of load/store operations on each variable and array, the number of arithmetic oper-
ations and function calls, the critical path of a subgraph and the number of times each subgraph is

executed.



Chapter 4

Code Optimization Strategies

This chapter describes the code optimizations performed by analyzing the DFG. This process
is described in Figure 4.1, where two optimization flows, A and B, can be identified. Flow A
represents the main code optimization flow, and is comprised of a set of strategies applied in a

predetermined order.

C source
code

v Clava Souce-to-

source compiler

Data flow graph

Simple Loop?

Validator

Instrumentation

Function inlining

Array Streaming

Load/Stores
strategy

Loop unrolling

Loop pipelining +

Array partitioning

Optimized
C source
code

Instrumented C
source code

Figure 4.1: Stages of code optimization applied by the framework

49



50 Code Optimization Strategies

These strategies are based on the selection, configuration and insertion of Vivado HLS direc-
tives, with heuristics guiding the decision process. The strategies comprise of function inlining,
modeling input arrays as streams, loop unrolling, loop pipelining and array partitioning, which are
applied over a generic input. However, if the input is a simple loop, then a different strategy based
on exposing concurrent load/store operations is applied instead.

Alternatively, it is also possible to check if the code can be also restructured by the trace-
based tool proposed by Ferreira and Cardoso [16], and instrumented by the instrumentation tool
proposed in Section 3.3. These two steps are exemplified by flow B in Figure 4.1.

Finally, there is a code restructuring strategy based on mathematical functions and data type
manipulation, implemented in LARA, that can be applied independently or in conjunction with

any of the two options.

4.1 Restructuring Using Vivado HLS Directives

This section details five code restructuring strategies that are applied using Vivado HLS directives
[23], together with the heuristics that help decide where and when they should be applied. These
strategies comprise of function inlining, loop unrolling, pipelining code regions, optimizing simple
loops and modeling input arrays as FIFOs. Finally, a reflection about how the framework could
support other unused Vivado HLS directives is provided. All these strategies are implemented in
the ClavaHls module of Clava.

4.1.1 Function Inlining

Function inlining is the process of replacing a call to a function by its implementation, thus re-
ducing the overhead of the calling process. Inlining, while useful for small functions, may cause
high resource usage if complex functions are inlined multiple times in the same function. The
proposed heuristic for function inlining attempts to balance the size of the function being inlined
with the size of the parent function, by using the number of load operations of each function as
the comparison factor.

The heuristic starts by finding all distinct function calls in the function being processed. Then,
the framework tries to find whether each called function has an available implementation. This is
not always the case, particularly for functions implemented in external libraries and only available
through a signature in a header file. Functions with no implementation available are dropped from
the analysis. The function call frequency is then calculated for each valid function (including the
number of times the function call is executed when inside a loop). Then, the DFG for each called
function is built, and the total number of load operations is calculated by finding all the DFG nodes
of the "Load" type, multiplying each occurrence by its number of iterations (calculated similarly
to the function call frequency) and then summing them all. This gives an estimate of the number of
load operations of each called function, called functionCost. Lastly, an estimation of the number of
load operations is also calculated for the parent function, called mainCost. The function is inlined

if the conditional expression in Eq. 4.1 evaluates to true.
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1 int fl(int x[128]) {

2 int y = 0;

3 for (int i=0; i < 128; i++)

4 y =y x x[1];

5 return y;

6 }

7

8 int f2(int x) {

9 return x * x;

10 }

11

12 int inlineExample (int x[128]) {
13 int y = £2(x[0]);

14 for (int i = 0; 1 < 8; i++) {
15 y t= x[1] + f1(x);

16 }

17 return sqrt(y);

18 }

Listing 4.1: Example of a source code with calls to functions that can be inlined

mainCost > (call_frequency * functionCost) /N 4.1)

N is a configurable parameter with a default value of N = 2. This heuristic attempts to balance
the number of times the function is inlined while assuming complete loop-level parallelism (i.e.,
there is one distinct copy of the function for each observed call) against the cost of the original
function. A larger N will allow for larger functions, as well as more frequent functions, to be
declared as being inlinable, while a smaller N will restrict the cases in which it is possible to inline
a function. If this heuristic evaluates to true, the function is declared as being inlinable by using
the Vivado HLS directive HLS inline.

As an example, let us consider the functions in Listing 4.1. The function "inlineExample" is
the one being processed, and it has calls to three different functions: "f1", "f2" and "sqrt". The
latter is excluded, since its implementation is not available. The "inlineExample" function has a
cost of 9. Given that "f1" has a cost of 128 and a call frequency of 8, the heuristic will evaluate to
false, as 9 > (8% 128)/2, and so the function will not be inlined. The "f2" function, however, has a
cost of 0, given that it has no array accesses, and has a frequency of 1. The heuristic will evaluate
to true, as 9 > (1%0)/2, and the function will be inlined.

4.1.2 Loop Unrolling

Loop unrolling, also known as loop unwinding, [27] is the process of reducing the number of
iterations of a loop by duplicating the loop body by a determined number of times in order to
reduce the number of iterations. Unrolling can be partial or complete. Partial loop unrolling is

defined by an unrolling factor F, which represents the number of times the loop body is duplicated.
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1: for every loop nest do

2 currentLoop <— GETINNERMOSTLOOP()

3 INSERTUNROLLINGDIRECTIVE(current Loop)

4 while current loop is unrolled and has an enclosing loop do
5: enclosingLoop <— GETENCLOSINGLOOP(currentLoop)
6 NC < GETITERATIONS (currentLoop)

7 NE < GETITERATIONS (enclosingLoop)

8 if NC = NE ANNC <=4 then

9 INSERTUNROLLINGDIRECTIVE (enclosingLoop)

10: currentLoop < enclosingLoop
11: end if

12: end while

13: end for

Figure 4.2: Algorithm for loop unrolling

For a loop with N iterations, the number of iterations N’ upon unrolling the loop by the factor F is
given by N / F. Complete loop unrolling eliminates the loop entirely by duplicating the loop body
a total of N times (i.e., F = N).

The heuristic proposed to unroll a loop is described in Figure 4.2. It starts by finding all
innermost loops, which on the DFG are represented by "Loop" nodes with no outward edges for
other "Loop" nodes. These are, by default, fully unrolled. Then, if the loop that encapsulates the
nested loop exists, and if its number of iterations is different from the number of iterations of the
nested loop, the process stops. However, if its number of iterations is the same as the nested loop,
and if that number is less or equal to 4, then the encapsulating loop is also unrolled. Unrolling
is performed by using the Vivado HLS directive HLS unroll, which allows for a configurable

unrolling factor to be specified.

4.1.3 Pipelining Code Regions

By default, data is consumed on a sequential manner, e.g., one array element is processed per
loop iteration, and the next element may only be processed once the previous one finishes being
processed. While this execution model is typical on a CPU, it is not appropriate for an FPGA,
since loop-level and instruction-level parallelism can be exploited in order to process multiple
elements concurrently. The initiation interval (II) of a function or loop is the minimum number of
clock cycles required for it to start processing a new input [23].

On Vivado HLS, pipelining can be done by inserting the HLS pipeline directive [23]. It can
be applied to a loop or to a function. The desired II can be manually specified, and Vivado HLS
will try to generate a design with an II as close as possible to it. If no II is specified, an II value
of 1 is assumed by default. This is the approach the proposed heuristic will take. A naive way of
pipelining a kernel, or a set of kernels, would be to pipeline every function. This is, however, not
ideal, since the hardware resources necessary for that could easily exceed the ones provided by the

target FPGA. Instead, the proposed heuristic always pipelines the loop that encloses an unrolled
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nested loop. If the unrolled loop is already at the uppermost scope of the function, it pipelines the

function instead.

1 int DSP_autocor (short ac[16], short sd[48]) {

2 #pragma HLS array_partition variable=ac complete
3 #pragma HLS array_partition variable=sd complete
4 int i;

5 int k;

6 int sum;

7 for(i = 0; i < 16; i++) {

8 #pragma HLS pipeline

9 sum = 0;

10 for(k = 0; k < 32; k++) {

11 #pragma HLS unroll

12 sum += sd[k + 16] * sd[k + 16 - 1i];

13 }

14 acl[i] = (sum >> 15);

15 }

16 }

Listing 4.2: Implementation of an autocorrelation kernel, optimized with loop unrolling, loop

pipelining and array partitioning

One of the issues that hinders the potential gains of pipelining a code region comes from the
fact that FPGA BRAMs can only be accessed at most twice on a single cycle. If an array is mapped
to a single memory, this may lead to a suboptimal pipelining, since the rate at which data can be
read and written will be limited by this hardware restriction. This problem can be attenuated by
partitioning and mapping each array to different memory units. Array partitioning in Vivado HLS
can be performed by using the HLS array_partition directive. This directive needs to be declared
once per array, and it can be configured differently for each array. The proposed heuristic to

partition arrays attempts to choose between two different modes of partitioning:

e Complete partition - this type of partition completely maps all elements of an array into
registers, thus eliminating the need for a BRAM. This is the best-case scenario to enable
instruction-level parallelism, since the memory access bottlenecks are removed. However,
Vivado HLS has the restriction that only arrays of size up to 1024 elements can undergo this
kind of partitioning. Furthermore, and depending on the size of the array data type, this may

lead to a resource usage that exceeds the limit provided by the target FPGA;

e Cyclic partition - this type of partition divides an array into N smaller arrays, and it dis-
tributes the elements by distributing them evenly among the partitions, e.g., for an array "a"
of size 9, and with a partition factor of N = 3, the first partition would have the elements
a[0], a[3] and a[6], the second one the elements a[1], a[4] and a[7] and the final one the

elements a[2], a[5] and a[8].
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1: for each input array do

2 SizeDT < GETDATATYPESIZE(currentArray) > Size of the data type in bytes
3 SizeArr <— GETARRAYSIZE(currentArray)

4: SizeTotal < SizeDT x SizeArr

5: if SizeTotal <= 4096 then

6 COMPLETEPARTITION (currentArray)

7

8

else
: CYCLICPARTITION (currentArray, 64)
9: end if
10: end for

Figure 4.3: Algorithm for array partitioning

The proposed heuristic to partitioning an array is presented in Figure 4.3. It starts by checking
whether the array can be partitioned completely, and if that is not possible, it falls back into a
cyclic partition. In order to check whether an array can be completely partitioned, its total size
is first determined. On a one-dimensional array, this is done by multiplying the size of the array
by the size of its data type (on a 2-dimensional array, the size must be given by multiplying the
number of rows and columns). An upper limit is established to serve as a cutoff between what can
and cannot be partitioned. This limit corresponds to an array of a 32-bit data type and with a size
of 1024. For a 64-bit data type, the maximum array size would need to be 512 in order to be under
this limit. If an array is beyond this limit, then the heuristic falls back into a cyclic partition with
a partition factor of 64, regardless of the array. This partitioning factor is chosen as an attempt to
leverage the number of partitions and the hardware resources of the FPGA, as values bigger than
64 may lead to an over-usage of resources without any performance gains. Inversely, a smaller
number leads to less partitions, which may lead to a less optimal pipelining. Listing 4.2 shows
a version of the Autocorrelation kernel of the DSPLIB benchmark suite [29] optimized with the
aforementioned heuristics, alongside loop unrolling.

4.1.4 Unrolling and Pipelining Single Loops

Some functions can undergo a different analysis using a strategy different from the ones mentioned
above. These functions must have only one loop, with no nested loops, and each array can, at
most, only be loaded once and stored once per iteration. If the framework detects that the targeted
function follows these restrictions, and if the user specifies that this option should be used, then
the framework will disregard the other strategies and apply this one exclusively. This strategy is
not applied by default, since it depends on a parameter provided by the user.

This parameter is called the load/stores factor N. Using this parameter, the framework applies
three Vivado HLS directives: firstly, it partitions the input arrays using the HLS array_partition
directive using a cyclic partition with N as the partition factor. Then, it unrolls the loop using the
HLS unroll directive and N as the unrolling factor. Finally, it pipelines the loop using the HLS
pipeline directive. The bigger N is, the more load/store operations will be exposed on a single



4.1 Restructuring Using Vivado HLS Directives 55

iteration, potentially increasing loop and instruction level parallelism at the expense of higher

resource usage.

1 int DSP_dotprod(short x[128], short y[128]) ({
2 int sum = 0;

3

4 for (int i = 0; 1 < 128; i++)

5 sum += x[1] * y[i];

6 return sum;

7}

Listing 4.3: Implementation of a kernel that calculates the dot product of two vectors

This parameter is called the load/stores factor N. Using this parameter, the framework applies
three Vivado HLS directives: firstly, it partitions the input arrays using the HLS array_partition
directive using a cyclic partition with N as the partition factor. Then, it unrolls the loop using the
HLS unroll directive and N as the unrolling factor. Finally, it pipelines the loop using the HLS
pipeline directive. The bigger N is, the more load/store operations will be exposed on a single
iteration, potentially increasing loop and instruction level parallelism at the expense of higher
resource usage.

Listing 4.3 shows the Dot Product benchmark from the DSPLIB [29] benchmark suite. This
benchmark can be optimized with this heuristic, since it has only a single loop and both its input

arrays, "X" and "y", have a single load operation per iteration. In Listing 4.4, it is possible to see

the result of the application of this strategy with a load/stores factor of 8.

int DSP_dotprod(short x[128], short y[128]) {
#pragma HLS array_partition variable=x cyclic factor=8
#pragma HLS array_partition variable=y cyclic factor=8

int sum = 0;

for (int 1 = 0; 1 < 128; i++) {

#pragma HLS unroll factor=8

0 9 o b w N

#pragma HLS pipeline

9 sum += x[1] * y[i];
10 }

11 return sum;

12}

Listing 4.4: Optimized version of the Dot Product kernel using a load/stores factor of 8

4.1.5 Declaring Array Parameters as Streams

On Vivado HLS, all array variables are, by default, assigned a RAM interface port. However,
if the data of this array is either produced or consumed on a sequential manner, it is possible

to implement it as a stream of data through a FIFO. This can be done by using the HLS stream
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directive [23]. When this directive is used, a reduction in the FPGA hardware resources should
be expected, since we are freeing up the resources that would be required to implement a RAM
interface and replacing them for a more efficient queue. In order to detect whether it is possible
or not to declare a variable as a stream, the framework needs to examine the loads and stores
performed on each variable, one at a time, and make a conservative guess about whether it is a
sequential access or not. It is a conservative guess because if the index is obtained from the result
of a complex expression that cannot be calculated at compile-time, it is not possible to decide,
with certainty, that it is a sequential access. Listing 4.5 shows the implementation of the 2-stage
fir_K_A [51] filter, whose parameter array "m" can be declared as a stream.

For an array to be declared as a stream, the framework performs a series of checks, which need
to be passed on their entirety in order for the array to be declared as such. These checks are the

the following:

1. Firstly, the array variable can only appear on a single loop. On a kernel with more than one
stage, in which two sequential loops go through the array, the sequentiality of the accesses
is not guaranteed, unless the loop nests work with different sequential partitions of the array
(e.g., for an array with 8 positions, the first loop works with elements from O to 3, and the

second one works with elements from 4 to 7).

2. All arrays must be verified as being either only read from or written to, even if the access
pattern is sequential. While this can be detected by looking at all occurrences of the "Load
Array" and "Store Array" nodes that reference the array being processed, special care must

be taken to consider the implicit load operation previously described in Section 3.4.6;

3. For single-dimension arrays, the loop that determines the loop index must be the top-most
loop, and the access must be done in its immediate scope (and not on another loop nested
inside that one). Otherwise, the array, even if accessed sequentially, would be accessed
sequentially multiple times, which is not allowed. For two-dimensional arrays, the same
logic holds true: the loop that determines the row must be the top-most loop, the loop
that determines the column must be a loop nested on the top loop, and the access must be

performed on the nested loop’s scope;

4. Finally, the expression that calculates the index must obey certain rules. The most simple
example that is allowed is simply using the loop counter. However, more complex expres-
sions are contemplated: if an array is accessed twice in the same loop body, and if the
patterns are of the style of "i" and "i + 1", then this is allowed as long as the loop iterator
counter increments the loop in intervals of 2. The same holds true for N accesses, as long

as they follow this progression and the loop iterator is incremented appropriately.

Looking back at the fir_K_A example, it is possible to see that array "m" is the only array that
passes all 4 checks. This two-dimension array is only accessed on one stage, is on the second level

of a loop nest with the top-most loop providing the index for the row and the nested loop providing
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the index for the column, and the access pattern is sequential, with only one load operation that

transits always to the next element of the array upon each new iteration.

1 void fir K A(int t[100], int o[100], int a[l100], int m[100][100]) {
2 #pragma HLS stream variable=m

3

4 for(int i = 0; i < 100; 1i++) {

5 t[i] = 0;

6 for(j = 0; j < 3; Jj++) {

7 t[i] = t[i] + (ali - J + 2] >> 2);
8 }

9 }

10 for(int i = 0; i < 100; i++) {

11 o[i] = 0;

12 for(j = 0; j < 100; j++) |

13 o[i] = o[i] + m[i][3] » t[]];

14 }

15 }

16 }

Listing 4.5: Implementation of the fir_K_A filter, which contains an array declared as a stream

4.1.6 Support For Other Directives

The previous heuristics focus on restructuring code using the Vivado HLS directives with the
most impact and use cases, but Vivado HLS offers many other directives besides these ones. This
subsection lists all available Vivado HLS directives, and indicates whether they are or not currently
supported by the framework. For the directives that are not supported, a proposal about how
the framework could tackle them is provided, as well as a reflection about whether it would be

advantageous to do so.

e HLS allocation - limits the maximum number of times a resource can be used (in the case
of an IP core), or the number of times a code region should be synthesized (e.g., limit the
number of times a function’s implementation is repeated when inlined). The framework
could be used to establish a worst-case upper limit for some resources, such as by counting
all arithmetic operations of the same type (e.g., all "add" operations for integers) and using
that count as the upper limit. Smaller limits would require heuristics, which could offer
an estimate of the number of resources to be used in terms of potential parallelism (e.g.,
the "add" operations on a pipelined region could be estimated as being far less than the
number of operations used without pipelining). Alternatively, the total amount of resources
provided by the target FPGA could be provided, but that would require the framework to
support target-specific optimizations, which, at the moment, is not contemplated;
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HLS array_map - maps small arrays into one larger array. The framework can already
identify the size of each array, and, if it detects that the arrays are not accessed in parallel, it

could combine them into one larger array in order to reduce hardware resource usage;
HLS array_partition - already supported, see Section 4.1.3;

HLS array_reshape - it performs the same kind of partition as the previous directive, but
with larger bit-widths for the array elements, which allows for more data to be retrieved on
a single clock cycle. The framework could support it as an improvement over the existing

array partitioning strategy, but possibly with different heuristics;

HLS data_pack - packs the data fields of a struct into a single scalar. Given that the frame-
work does not yet support structs, this directive would only become useful after that exten-

sion is developed;

HLS dataflow - this directive allows for data that is processed by different sequential function
calls to be transferred between those functions more efficiently, e.g., the same array can be
processed on more than one function at once, as long as the order is respected. Vivado HLS
stipulates five conditions that must be followed in order for a code region to be declared
as a dataflow region. These conditions are mostly related to access patterns, and as such
their detection can be done on the framework by looking at the read/write operations being

performed on each function;

HLS dependence - allows for information about dependencies between variables to be spec-
ified, which help guide the HLS tool into achieving better pipelining results. It supports
both intra-loop dependencies (i.e., between the statements of the loop body) and inter-loop
dependencies (i.e., between iterations). The framework, at the moment, does not track de-
pendencies when it comes to array accesses, and thus it is not possible to use this directive
without first implementing that extension. However, this could be done by using the depen-

dency analysis currently implemented in Clava’s Autopar library [52];

HLS expression_balance - expression balancing is the process of rewriting long arithmetic
expressions using associative and commutative rules in order to reduce the height of the
corresponding expression tree. Unbalanced expressions may cause a long chain of Register-
Transfer Level (RTL) operations, which can negatively affect the performance of the synthe-
sized design, but balanced expressions may lead to a different accuracy. This directive turns
off expression balancing on a specified code region, since Vivado HLS does it by default.
Detecting unbalanced expressions on the framework is trivial, since the tree-like structure
of an arithmetic expression is already exposed by the DFG, and identifying unbalanced ex-
pressions is a simple as calculating and comparing the depths of an expression’s branches.
The data types of the variables can also be retrieved, and unbalanced expressions that use
floating-point values can be singled out. It would be up to the user to specify whether they

want to turn off expression balancing;
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e HLS function_instantiate - this directive can be used to signal function arguments whose all
possible values are known at compile-time. If this happens, different implementations of the
function can be generated, with one implementation per possible value that the argument can
take. The framework could support this by looking at all calls of each function and check,
for each argument, if they are passed as constant literals. If the same argument is always
a constant literal on all the function calls, then the directive could be used to signal that

argument;
e HLS inline - already supported, see Section 4.1.1;

e HLS interface - specifies which protocol or hardware resource should be used to implement
the function interface (i.e., the way function arguments and global variables are passed to
and from the FPGA). One particular instance of this directive, HLS stream, is already sup-
ported. This is a complex directive with many possible configurations, and it could be
implemented on the framework using many different approaches. Data type analysis and
access pattern analysis could be performed in order to choose which memory sizes and
array-passing methods (e.g., by reference or by copy) should be used, and user configura-
tions could also be taken into consideration (e.g., the user could specify that they want it
to be implemented using AXI interfaces, and then the framework could choose which AXI

interfaces are the most appropriate for a given function);

e HLS latency - allows for a desired latency interval to be specified for a code region. There
is no apparent way for the framework to support this without taking into consideration pa-

rameters provided by the user;

o HLS loop_flatten - merges nested loops into a single loop, within the provided scope of the
directive. The framework can easily detect nested loops, but a heuristic would be needed in
order to decide whether this directive should be applied, particularly when other directives

are being applied to the same loop nest;

e HLS loop_merge - merges consecutive loops in the same scope. Similarly to the previous
directive, the framework can easily detect these scenarios, but an heuristic would also need
to be researched in order to decide whether it would be advantageous to apply this directive

in the presence of others;

e HLS loop_tripcount - specifies the number of iterations of a loop with an unknown number
of iterations at runtime. It has no impact on synthesis, and serves only to produce more
detailed HLS reports. A similar functionality is already present in the framework by using
the custom directive proposed in Section 3.4.4, with the exception that it allows for the
framework to detect the number of iterations, rather than Vivado HLS. However, that custom
directive could be trivially converted into the one used by Vivado HLS, and thus allow for

more accurate reports to be generated;
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HLS occurrence - specifies a code region within a loop as being executed less times than
the number of loop iterations (e.g., an if-statement that only executes on even-numbered
iterations). The framework could detect this by analyzing the part of the DFG that contains
the conditional expression and checking whether that expression has only constant values
known at run-time and references to the loop iterator. If that happens, then the number of

occurrences could be determined, and the directive could be applied;
HLS pipeline - already supported, see Section 4.1.3;

HLS reset - allows for fine-grained configuration of the FPGA’s reset port. There is no appar-

ent way of supporting this directive on the framework without relying on user parameters;

HLS resource - specifies which hardware resource should be used to implement a variable
or an arithmetic operation. Both variables and arithmetic operations are easily identifiable
on the framework’s DFG, and each element could be assigned an hardware resource based
on a set of heuristics (e.g., an array with two parallel operations could be specified as being
implemented as a dual-port BRAM), as well as based on parameters provided by the user

(e.g., all arrays should be implemented as BRAMs);

HLS stable - specifies a variable as being either only read or only written to on a dataflow
region. The reads and writes of a variable are represented, on the framework’s DFGs, by
load and store nodes, and so the DFG for each function called in the dataflow regions would
need to be built and, for each variable, the loads and stores would need to be analyzed in

order to decide whether it could or not be declared as stable;
HLS stream - already supported, see Section 4.1.5;

HLS unroll - already supported, see Section 4.1.2;

4.2 Detecting Instrumentable Code

In order to determine whether a kernel can be instrumented by the tool proposed in section 3.3

and be handled over to the trace-based restructuring tool proposed by Ferreira and Cardoso [16],

multiple checks must be performed. These checks are performed over the CFG and DFG, and

try to detect code patterns that violate the restrictions of both tools. These checks are done in

sequential order. The code must pass all checks, and it terminates prematurely if a check fails.

They are the following:

1. The first validation step is the same as the one done for the directives-based restructuring,

since it detects code patterns that are not allowed for both approaches. This includes the
usage of pointers, dynamic memory, structs and custom type definitions. This is done during
the building process of the DFG, since these language constructs can be identified by looking
at the AST node types being used to build the DFG. If none are found, it passes on to the

next stage,
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2. The trace-based tool does not support conditional code execution (e.g., through if-else state-
ments) beyond ternary statements. This can be detected on the CFG by looking for basic
blocks of the "if" type, and for control path edges of the "true" or "false" types. A ternary
statement does not require these kinds of edges and basic blocks, since it is considered to be
a regular statement with no branching paths, and as such this analysis allows for code with
ternary statements to pass on to the next stage. An alternative approach would be to use the
DFG instead, where all "Multiplexer" nodes would be fetched and matched to see if they
were made from a ternary statement or from a more complex conditional control structure,
since it is possible to match all DFG nodes to the AST node that most closely matches the
variable or structure represented by the DFG node;

3. In this stage, all function calls are examined to see if they match the ones allowed by the
trace-based tool. That tool only allows for functions that serve as modifiers of the input, that
is, functions with only one argument and one return value (e.g., sqrt). This can be detected
on the DFG by selecting all "Function call" nodes and checking whether the number of
inward edges equals 1, since there is one inward edge per argument being passed to the

function. If all function calls follow this pattern, it can move on to the next stage;

4. Finally, this stage attempts to identify array access patterns that are too complex to be han-
dled by the trace-based tool. The tool can work with sequences of array accesses whose
indexes follow an arithmetic progression, and it uses the resolved values of the array ac-
cess expressions obtained in runtime. Since the framework can only perform compile-time
analysis, it is not possible to completely identify whether the array access patterns will re-
solve to indexes that follow this rule. However, an attempt to estimate whether an array
access expression will follow this rule is made. By looking at all array access patterns, the
framework accepts only expressions that comprise, at most, of a loop counter and constant
values. These values can be both summed or subtracted (e.g., a[i + 1] or a[2 + i - 3]), but
other operations, such as multiplications, are not allowed, since they are more likely to lead

to geometric progressions rather than arithmetic ones.

4.3 Mathematical Functions Replacement

This strategy focuses on the replacement of function from math.h for more efficient equivalents.
A statistical analysis of typical HLS benchmarks is performed in order to find out how common
the calls to math.h functions are, and then, based on that analysis, multiple function substitutions
are performed. Both the analysis and substitution of functions are implemented as LARA aspects,
and can be applied independently from all other strategies. In fact, they can be applied to code
targeting different HLS tools, and can even be performed over code selected to be instrumented
and restructured using the trace-based framework proposed by Ferreira and Cardoso [16], if the

user so desires.
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Table 4.1: Number of times each math.h function is called in each benchmark. Functions that
never appear and benchmarks with no function calls are omitted

Benchmark atan cos sin exp log logl0 pow sqrt fabs
kmeans 0 0 0 O 0 0 0 0 1
knn 0 0 0 O 0 0 0 1 0
svm 0 0 0 1 0 0 0 0 0
triangles_hipotenuses 0 0 0 O 0 0 0 1 0
snu_ludcmp 0 0 0 0 0 0 0 0 1
snu_minver 0 0 0 0 0 0 0 0 2
utdsp_adpcm 0 0 0 0 0 2 2 0 4
utdsp_compress 1 1 0 0 0 0 0 0 0
utdsp_lpc 0 1 0 0 0 0 0 1 0
utdsp_spectral_estimation 2 2 1 0 0 1 0 0 0
utdsp_trellis 0 1 0 0 1 0 0 2 0
Total 3 5 1 1 1 3 2 5 8

4.3.1 Statistical Analysis of Benchmarks

In order to find which math.h functions are the most common across codebases of typical HLS
code, a collection of 44 benchmarks was put together and analyzed. This collection consists of the

following benchmarks:

e 13 benchmarks from the CHStone test suite [53];

e 19 benchmarks from the UTDSP test suite [30];

e 2 benchmarks from the SNU_RealTime test suite [54];

e 2 benchmarks from the DSPLIB test suite [29]

o A filter_subband kernel from an MPEG encoder [31];

e The HiFlipVX image processing library [55]

o The triangles_hypotenuse tuning benchmark [56]

e An SVM predict function from the article by Tsoutsouras et al. [25];

e The FIR kernel from the framework proposed by Ferreira and Cardoso [16];

3 in-house benchmarks:

— A 2D FIR filter;
— A k-Nearest Neighbors implementation;

— A k-Means Clustering implementation;
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In order to analyze each benchmark, a LARA aspect, MathReport, is implemented. This
aspect starts by parsing the math.h file available in the building system in order to build a symbol
table of all the functions it has, as well as the type of arguments each one accepts. This should
be done dynamically, since math.h can have different implementations in different build systems.
However, if there is no math.h present in the build system, the aspect falls back to a local math.h
specification, obtained from the one provided by the MinGW compiler environment [57]. Then,
for each benchmark, all function calls are gathered, and if the call is referring to a function present
in the symbol table, and if the arguments are compatible in terms of arity, then a call to a math.h

function is detected and recorded on a CSV file.

The results of this analysis are shown in Table 4.1, with some preprocessing done to omit the
benchmarks with no calls to math.h. As it is possible to see, 11 out of the 44 analyzed benchmarks
(25%) have one or more calls to math.h functions. However, and despite the fact that these bench-
marks use only either integers or 32-bit floating point (FP) numbers (with the exception of the
k-NN benchmark), they are calling the double (i.e., 64-bit FP) versions of the math.h functions,
as the 32-bit FP versions of these functions usually have a -f suffix appended to them (e.g., exp
becomes expf). This, then, opens up the possibility of obtaining more performance out of these
functions by replacing each call to a 64-bit FP function by its 32-bit FP equivalent. Finally, it is
also worth noticing that only 9 distinct math.h functions were detected on the analyzed bench-
marks. Their frequencies of occurrence are also summarized in Table 4.1. One occurrence is the
equivalent of one call to the function regardless of its context (i.e., a call to a function inside a loop

still only counts as one occurrence, regardless of the number of iterations).

4.3.2 Float Versions of Mathematical Functions

The potential gains from replacing a call to a default 64-bit FP math.h function by its 32-bit version
is two-fold. On one hand, the amount of resources consumed can be reduced, since the 32-bit FP
numbers no longer need to be converted onto 64-bit versions. On the other, the 32-bit versions may
use more efficient algorithms than the ones used by the 64-bit versions, thus improving the latency
of the function. This gain can be demonstrated by synthesizing the motivational example on
Listing 4.6 using Vivado HLS with a target clock of 10 ns. This synthesis is performed twice: once
with the code handling an array of 32-bit FP numbers using the default 64-bit math.h functions,
and once with the 32-bit versions of each function used instead. The results of the synthesis
are in Table 4.2. The first aspect to notice is the existence of upper and lower limits for the
latency values, which come from the fact that math.h functions may have different execution times
for different inputs. The 32-bit version has, on average, a speedup of 2.71 xin terms of latency
when compared to the unoptimized version. As for the resource consumption in terms of Block
RAMs (BRAM), Digital Signal Processors (DSP), Flip-Flops (FF) and Lookup Tables (LUT), all
four resource categories have less usage on the optimized version, with an usage of only 17%
BRAMSs, 19% DSPs, 24% FFs and 37% LUTs when compared to the unoptimized version. These

decreases in latency and resource usage make for a compelling argument in regards to investing in



64 Code Optimization Strategies

Table 4.2: Comparison of the latency and resource usage of 64-bit and 32-bit versions of math.h
functions

Version Min. Latency Max. Latency BRAM DSP FF LUT  Target Clock (ns)
Default 28161 30209 75 248 24141 18447 9.51
32-bit functions 10241 11265 13 48 5806 6877  9.39

the identification and replacement of calls to 64-bit FP functions using 32-bit FP arguments and

return value.

#include <math.h>

#define N 256

//float is a 32-bit floating point type

1

2

3

4

5 float foo(float x[N]) {
6

7

8 float nl = 0;

9

10 for (int i = 0; 1 < N; 1i++) {
11 nl += cos(x[1]);

12 nl += pow(x[i], 1.5f);

13 nl += loglO(x[i]);

14 }

15 return nl;

16 }

Listing 4.6: Motivational example of three opportunities for a 32-bit math.h function to be used

In order to determine whether each call to a math.h function could be replaced by the 32-
bit version, another LARA aspect, MathCompare, is applied. This aspect takes a function as
the input and then, for each call to a math.h function, reports on the type of arguments being
passed to the function, the type of arguments that the function takes, and whether it is possible to
replace the function by the 32-bit version. It also takes into consideration if a 32-bit version of the
function is available on the math.h implementation being used by looking for the -f suffix and by
checking the type of the arguments and the return value. All previously identified calls to a math.h
function are accurately reported as valid opportunities for replacement using this aspect. After
these opportunities are detected and validated, a third LARA aspect, MathReplace, is applied to

each opportunity in order to replace it for the appropriate function call.

4.3.3 Optimizing Individual Functions

Some individual mathematical functions can be further optimized in order to improve their per-

formance. Some codebases, like CHStone [53], do this by using lookup tables with precomputed
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values (in fact, no calls to math.h functions are detected on the selected examples from that code-
base). However, lookup tables are not generic to the point of being usable by any program. They
usually include either only the values required by a certain program, which make it impossible
to use them for a generic program, or include samples of the function domain, rather than all the
values. This, for an arbitrary input value whose image is not on the lookup table, will imply an ap-
proximation, which leads to a loss of precision. However, it is still possible to optimize individual
functions in order to achieve better performance than the one achieved by the math.h implemen-
tation. This section, then, proposes optimizations for the most commonly found math.h functions,
as shown by the "Total" row of Table 4.1.

Power Function Substitution

A particular case of the power function can be identified when the exponent is an integer. In this
case, for any x", we can abdicate of the call to the power function entirely and represent the power
operation as a discrete sequence of n multiplications of the basis x. Another substitution that can

0.5

be performed relates to the conversion of a power function into a root, e.g., x> can be turned into

V.

Square Root

The square root function was the second most frequent function found in the analyzed benchmarks.
On Vivado HLS, the square root for both FP data types is implemented through an IP core, which
is already highly performant. However, an even faster implementation of this function can be
achieved at a the expense of a small decrease in accuracy. We added to the fast_math library a
square root function based on the fast inverse square root function, made popular by its inclusion

on Quake III’s source code [58], as well as a 64-bit FP version.

Sine to Cosine Conversion

On a synthesizable input with calls to both sine and cosine functions, a resource-saving opportunity
can be identified by using only one of those functions instead of both. Given the equivalency
sin(x) = cos(90° —x), it is possible to convert all calls to a sine function into calls to a cosine
function, or vice-versa. This would incur in a latency penalty due to the added subtraction that
needs to be done to convert the angle, but would also free up the resources that would otherwise be
used to implement the function. This transformation is not applied by default by the MathReplace

aspect, but is available as an option.

4.4 Summary

This chapter described the proposed framework’s code restructuring strategies. The strategies are
mostly based on inserting Vivado HLS directives, with their locations and parameters determined

by heuristics. The first strategy relates to inlining functions. For each function that can be inlined,
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a cost function is applied in order to decide whether it should be inlined or not. This cost function
compares the number of loads of the main function against the number of loads of the called
function. Then, two strategies that combine loop unrolling and loop pipelining were described.
Loop unrolling is applied completely to the innermost loop of a loop nest, and then to all the upper
loops with a number of iterations equal or less than four. If there is a loop enclosing an unrolled
loop, then that loop is pipelined in order to enable loop and instruction-level parallelism. This
parallelism is further promoted by partitioning input arrays using two different strategies, based
on their sizes and data type. Small arrays can be mapped directly into registers, while larger arrays
may be partitioned into 64 partitions. Another strategy, configured by the user, is also proposed
as an alternative to be applied to single loops with at most two load/store operations per array in a
single iteration. This strategy uses a user-defined factor in order to unroll the loop by that factor,
partition the input arrays also by that factor and pipeline the loop. Finally, the last strategy attempts
to identify input arrays that are accessed sequentially, which allows for them to be declared as
streams. Alongside these directive-based strategies, a strategy based on math.h functions was also
described. This strategy identifies calls to mathematical functions that use doubles (i.e., 64-bit FP)
and have arguments of the float type (i.e., 32-bit FP), and for each of these occurrences, it replaces
the function by its 32-bit FP equivalent. Finally, some of the most commonly used functions can

be replaced by alternative implementations in order to save resources or decrease latency.



Chapter 5

Experimental Results

This chapter describes the evaluation procedures performed in order to evaluate the proposed
framework. It starts by describing the hardware and software tools used. Then, a global frame-
work evaluation is done, in which all the generic code restructuring strategies are evaluated using a
benchmark selection consisting of machine learning, matrix manipulation, filters and digital signal
processing kernels and applications. Then, the user-configured heuristic for single loops is eval-
uated using different parameters, and finally the framework is compared to code with directives
inserted manually by an expert in order to assess how close the automatic insertion of directives is
to the manually optimized versions. A small evaluation of the validating process for code that can

be instrumented is also provided.

5.1 Environment Setup

The FPGA development environment used for the evaluation is provided by Xilinx [59]. From an
hardware standpoint, a Zedboard development kit [8] is used. This general-purpose board includes
various /O capabilities and a Xilinx Zyng-7000 SoC [7]. This chip contains both an ARM Cortex-
A9 CPU and an Artix-7 FPGA [7], making it ideal for hybrid CPU/FPGA applications. The board
can support multiple OSs, such as Linux, Android or Windows, as well as standalone applications,
with the latter being the most relevant for this purpose. Vivado HLS [17] is the HLS tool chosen
for the synthesis, since the framework optimizes code by inserting directives specific to this tool.
It can also be configured to target the FPGA of this board in particular, and thus can be made aware

of the available resource budget. Version 2019.1 is used for this evaluation.

5.2 Global Framework Evaluation

In order to evaluate the framework, a set of benchmarks were collected from multiple sources.

These benchmarks can be divided into 4 categories: machine learning, matrix operations, filters
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and digital signal processing kernels. Appendix B includes the source code of all these bench-
marks. The machine learning benchmarks consist of two kernels: a k-Nearest Neighbors (kNN)
classifier configurable with respect to number of features, and a support vector machine (SVM)
predictor. The input sizes, loop structure and source of both these functions are presented in Table
5.1

Table 5.1: Selected machine learning benchmarks

Benchmark | Loop Structure Source Data type Input Size
32 features
1,000 data points
kNN (K=3) | 2 nested for-loops In-house 32-bit FP 64 features
1,000 data points
128 features
1,000 data points
32 features

10,000 data points
Tsoutsouras et al. ) 18 features
SVM 2 nested for-loops [25] 32-bit FP 1248 support vectors

The benchmarks based on matrix operations have three kernels (see table 5.2): one based on
the multiplication of two 10x 10 matrices, one that applies a discrete cosine transform (DCT) over
a 8x8 matrix and one that multiplies two 8x8 matrices of complex numbers (the matrices are

provided as a flattened 1-dimensional array).

Table 5.2: Selected matrix operations benchmarks

Benchmark Loop Structure Source Data type Input Size
2 stages of 3
nested loops each

DCT In-house 32-bit integer 5 matrices of size x8

Complex Matrix 2 arrays with 64 elements

3 nested loops DSPLIB [29] 32-bit FP

Multiplication 1 array with 128 elements
Marix 3 nested loops | UTDSP [30] |  32-bit FP 3 10 10 matrices
Multiplication

Three benchmarks based on filters are also used (see table 5.3): a fir2D filter, which imple-
ments a smoothing box filter over an image, a Kalman filter, which estimates a vector out of three
input matrices, and the fir_K_A filter, which applies a filter to a 1-dimensional signal and remaps
it onto an output vector using a matrix.

Finally, four benchmarks based on digital signal processing are selected (see table 5.4): an Au-
tocorrelation kernel that calculates the correlation of a signal with a delayed version of that same
signal, a kernel that calculates the dot product of two vectors, a Gouraud shader that calculates a
vector of colors and a normalized Lattice Filter.

All these benchmarks are synthesized with Vivado HLS using a target clock of 10 ns, using

both an unoptimized version as a baseline, and a version optimized through the automatic insertion
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Table 5.3: Selected filter-based benchmarks

Benchmark Loop Structure Source Data type Input Size
. 800x 600 image
fir2D 4 nested loops In-house | 8-bit integer 33 filter

3 16x 16 matrices
In-house | 32-bitinteger | Array with 16 elements
Array with 4 elements
100 100 matrix
3 arrays of size 100

2 single loops

Kal
aiman 2 stages of 2 nested loops

fir K_A 2 stages of 2 nested loops | Book [51] | 32-bit integer

of directives by the proposed framework. The load/stores user-configured heuristic is not consid-
ered in this analysis, since it is the focus of its own section. All the cases in which it could be

applied were analyzed using the generic heuristics instead.

The results of each benchmark are split across two types of tables. Tables 5.6, 5.8, 5.10
and 5.12 have the set of directives applied to each benchmark, as well as their parameters. The
"Unrolling" directive includes an "F" if the loop is fully unrolled, or the unroll factor otherwise.
The "Pipelining" directive includes the initiation interval (II) achieved by Vivado HLS on each
occurrence. The "Array Partition" directive has the partition parameters applied to each input
array. If it is complete, it is represented by a "C"; otherwise, it has the partition factor. The
"Stream" and "Math.h" columns include an "X" if they were applied at least once per benchmark.
This table also includes the estimated clock period (ECP), the maximum clock frequency (MCF)
and the latency (measured in number of cycles). Finally, the speedup is calculated by dividing the
latency of the unoptimized version by the latency of the optimized one (i.e., considering that the

synthesized designs run at the same clock frequency).

Tables 5.7, 5.9, 5.11 and 5.13 present information about the hardware resources used by each
benchmark. They show the resource usage of Flip-Flops (FFs), Lookup Tables (LUTs), Digital
Signal Processors (DSPs) and Block RAMs (BRAMs), with the latter being only present on Table
5.11. These tables first show how many times each resource is used on the optimized version when
compared to the unoptimized one, followed by the percentage of usage of each resource on both
versions when compared to the FPGA budget. The FPGA resource budget can be found on Table

5.5. Finally, the number of resources used for both versions is also presented.

Table 5.4: Selected digital signal processing benchmarks

Benchmark Loop Structure Source Data type Input Size
. - Array of size 160
Autocorrelation 2 nested loops DSPLIB [29] | 16-bit integer Array of size 170
Dot Product 1 loop DSPLIB [29] | 32-bit integer | 2 arrays of size 100
Gouraud 1 loop DSPLIB [29] | 32-bit integer | Array of size 200

4 arrays of size 64

Lattice Filter 1 loop with 2 nested loops | UTDSP [30] 32-bit float Order factor of 32
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Table 5.5: Hardware resources available on the target Xilinx Artix-7 FPGA

Part #FF #LUT #BRAM #DSP
xc7z020-clg484-1 106,400 53,200 280 220

5.2.1 Machine Learning Benchmarks

The optimizations performed over the machine learning benchmarks, as well has the latency
speedup in relation to their unoptimized versions are present in Table 5.6, and the resource us-
age is presented in Table 5.7.

The kNN benchmark, on all its versions, is optimized using the same strategy: the innermost
loop, whose number of iterations is given by the number of features, is fully unrolled, while the
outermost loop, whose iterations are determined by the number of data points, is pipelined. All
function calls are inlined on all versions. The first version uses 32 features and 1000 data points.
The test and class arrays are mapped into registers, and the data points matrix is partitioned with a
factor of 64 across the highest dimension. This is reflected on a speedup of 57.92 xin relation to the
unoptimized version’s latency. In terms of resource usage, all resources have a smaller usage than
the unoptimized version, which is of particular interest, since in all other benchmarks, the resource
usage of the optimized version is higher than the unoptimized version. The two following versions
still use the same number of data points, but use two different numbers of features, 64 and 128, in
order to assess the impact of different feature sizes. The 64 feature version has a smaller speedup
gain than the 32 features version, with a speedup of 32.39 xin relation to its unoptimized version.
Resource usage is particularly high on LUTs, of which 83.37% of the total available units are
used. This version also achieved a worse pipelining result than the 32 features version (II=32 and
I1=9, respectively). This is due to the inner loop being fully unrolled, as the inner loop depends on
the number of features. The version with 128 features, however, has a very small speedup of only
1.07x. This is due to Vivado HLS not being able to pipeline the loop, as it considers the control

flow in the loop body to be too complex. This control flow comes from the inner loop, which is

Table 5.6: Optimizations and latency speedup of the machine learning benchmarks

. T - ECP | MCF | Latency

Benchmark Unrolling | Pipelining | Array Part. | Inlining | Stream | Math.h | Speedup (ns) | (MHz) | (Hces)
F =9 C,64,C X - - 57.92 | 8.44 | 118.46 9237
kNN 32x1000 1 — - - = = = ~ 840 | 119.12 | 535010
F =32 C,.C X - - 3239 | 837 | 11945 32324
kNN 64x1000  — - - - - - —| 840 | 119.12 | 1047010
F * C.C X - - 1.07 | 8.90 | 112.36 | 1936010
kNN 128x1000 \— - - - - - — 840 [ 119.05 | 2071010
F =16 C, 64 X - - 3340 | 8.40 | 119.05 | 160180
kNN 32x10000 (— - - - - - — | 8.40 | 119.05 | 5350010
SVM F =13 C, 64 - X X 24.85 | 8.40 | 119.05 16375
- - - - - - — | 8.23 | 121.48 | 406849

F full unroll, /I initiation interval, C complete partition, ECP estimated clock period, MCF maxi-
mum clock frequency
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Table 5.7: Resource usage of the machine learning benchmarks

Benchmark | FEX | LUTX | DSP X | %FF | %LUT | %DSP | #FF | #LUT | #DSP
i szxio | T | B |
KN 64x1000 |62 S s Tt | S
KN 12801000 | 22 sy | st | S
el B B B 2 TR B R T A
SUM 117 | 230 1.16| 427 | 3058 | 2364 | 4540 | 16270 | 52

- - - | 3.65| 1327 | 2045 | 3886 | 7062 45

fully unrolled, and with 128 features, this would create a loop body too complex to be pipelined.
A kNN version with a linear distance function, rather than quadratic, is synthesized in order to try
to reduce the complexity of the control flow, but it had no effect. Finally, a kNN version with 32
features and 10000 data points instead of 1000 is also synthesized in order to assess the impact of
the number of data points. The number of data points defines the number of iterations of the outer
loop, which is pipelined with an II of 16. This leads to a speedup of 33.40x when compared to the
unoptimized version. Although this result is very similar to the version with 64 features and 1000
data points, this version requires significantly less LUTs, with an usage of 49.23%. In summary,
the number of features are a more limiting factor than the number of data points, given that the
number of features directly impact the size of an unrolled loop.

The SVM benchmark has its test vector, with size 18, be completely partitioned into regis-
ters, while each support vector is partitioned with a factor of 64. There is also a vector with the
coefficient of each support vector, which is implemented as a stream. Finally, the call to the ex-
ponent function is replaced by its float equivalent, given that this SVM benchmark uses 32-bit
floating-point numbers. This optimized version has a speedup of 24.85xwhen compared to the
unoptimized version. The outermost loop is pipelined, and Vivado HLS manages to achieve a II
of 13. This value can be explained by an inter-loop dependency on a counter that is incremented
on each loop iteration. In terms of resource usage, the optimized version uses resources within the
FPGA limits, with the highest value being an usage of 30.58% of all the LUTs available. It is also
very close to the unoptimized version in terms of resources required, as it uses only 2.30xmore
LUTs than that version.

5.2.2 Matrix Manipulation Benchmarks

The optimizations performed over the matrix-based benchmarks, as well has the latency speedup
in relation to their unoptimized versions are presented in Table 5.8, and the resource usage is
presented in Table 5.9.

The framework optimizes the DCT benchmark by completely partitioning all arrays into reg-

isters, due to the small size of the input. This proves to have minimal impact in resource usage,
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Table 5.8: Optimizations and latency speedup of the matrix processing benchmarks

Benchmark Unrolling | Pipelining | Array Part. | Speedup I?ncsg) (ﬁf{i) L(it:(?sc)y
DCT F II=4,11=1 | C,C,C,C 13.29 | 851 | 117.51 330

- - - —| 851 | 117.51 4386
Complex Matrix | F =2 CC,.C 26.51 | 8.72 | 114.65 160
Multiplication - - - - | 7.26 | 137.82 4241
Matrix F II=5 C.C.C 20.15 | 9.17 | 109.05 557
Multiplication - - - — | 726 | 137.82 11221

F full unroll, /I initiation interval, C complete partition, ECP estimated clock period, MCF maxi-
mum clock frequency

since the largest resource usage is of only 18.10% DSPs, which is due to unrolling loops rather
than mapping arrays into registers. The usage of FFs and LUTs is of only 2.07% and 3.98%,
respectively. The achieved speedup in relation to the unoptimized version was of 13.29x.

The complex matrix multiplication benchmark also has all its inputs and outputs completely
mapped into registers. It has a speedup of 26.51 xwhen compared to the unoptimized version,
and the resource usage remains low even on this version. LUTs are the most used resource, with
18.41 xof all total available LUTSs being used, and it uses 4.13 xmore LUTs than the unoptimized
version. DSPs are the second most used resource, with a usage of 18.18x, which is a small
increase of 2.50x when compared to the unoptimized version. Vivado HLS can achieve a II of 2,
which is expected since there are only inter-iteration dependencies on the innermost loop, which
is completely unrolled.

The matrix multiplication benchmark, similarly to the others, also has all the three matrices
partitioned into registers. Resource usage remains very low, with the most demanding resource
being LUTs, with an usage of only 5.5%. However, the biggest increase is in FFs, since it requires
5.25 xmore units than the unoptimized versions. The speedup in relation to the unoptimized ver-
sion is of 20.15x.

In summary, complex matrix multiplication benchmark achieved a better speedup than the
simple matrix multiplication, despite having more operations and non-trivial array access patterns.
This could be partially explained by the II achieved by Vivado HLS, which is 2 on complex and 5
on the simple one. The DCT benchmark has the least gain, with a speedup of only 13.29 xwhen

Table 5.9: Resource usage of the matrix processing benchmarks

Benchmark FFX | LUT X | DSPX | %FF | %LUT | %DSP | #FF | #LUT | #DSP
DCT 6.68 4.19 8.00 | 2.07 398 | 18.18 | 2199 | 2119 40

- - - 031 0.95 227 | 329 506 5
Complex Matrix | 3.49 4.13 250 | 4.63 | 1841 | 18.18 | 4921 | 9792 40
Multiplication - - -] 1.33 4.45 7.27 | 1410 | 2369 16
Matrix 5.25 2.87 2.00 | 2.62 5.05 4.55 | 2791 | 2689 10
Multiplication - - -1 0.50 1.76 227 | 532 936 5
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Table 5.10: Optimizations and latency speedup of the filter-based benchmarks

. T ECP | MCF Latency
Benchmark | Unrolling | Pipelining Array Part. | Stream | Speedup (ns) | (MHz) (#ecs)
62D F =5 64, 64 - 7.00 | 8.45 | 118.40 | 2386045
- - - - — | 8.11 | 123.29 | 16703337
Kalman F =12,11=1 | C,C,C,C,C | - 6.22 | 8.74 | 114.39 218
4 - - - - — 851 [ 11751 1356
F =2, =100 | C,C.C X 7.53 | 8.74 | 114.39 10210
fir KA
- - - - —| 851 | 11751 41302

F full unroll, /I initiation interval, C complete partition, ECP estimated clock period, MCF maxi-
mum clock frequency

compared to 26.51xand 20.15x, but it also has 2 nests of 3 loops, while the other two have
only 1 nest of 3 loops each. Loop nests are not merged, so one loop nest can only start being
executed when the previous one finishes, which is a limitation that could be handled in the future
by adding support for loop merging, whether indirectly through directives or directly through code

restructuring.

5.2.3 Filter-based Benchmarks

The optimizations performed over the filter-based benchmarks, as well has the latency speedup
in relation to their unoptimized versions are presented in Table 5.10, and the resource usage is
presented in Table 5.11.

The fir2D benchmark, due to its sizable input size (an array representing a 800x 600 image),
has its input partitioned with a factor of 64. The smoothing kernel, however, is mapped into
registers, since it is a 3x 3 matrix. The smoothing kernel is operated through on the two innermost
loops, which are completely unrolled, and the enclosing loop is pipelined. This leads to a speedup
of 7.00xwhen compared to the unoptimized version. The fir2D bechmark has complex array
access patterns, with long expressions, and has casts between 16-bit and 8-bit integers. This,
coupled with the partitioning of a 800x600 matrix into 64 individual partitions, leads to high
values of resource usage. The optimized version uses 64.17% of all available FFs and 79.45% of
all available LUTs. This leads to an increase of 394.69 xmore FFs and 133.33 xmore LUTs than

the unoptimized version, but all values are still within the FPGA limits.

Table 5.11: Resource usage of the filter-based benchmarks

Benchmark | FFX | LUTX | BRAMX | DSPX | %FF | %LUT | %BRAM | %DSP #FF | #LUT | #BRAM | #DSP
602D 394.69 | 133.33 1.00 5.00 | 64.17 | 79.45 0.00 4.55 | 68282 | 42266 0 10
- - - -1 0.16 0.60 0.00 0.91 173 317 0 2

Kalman 8.44 8.80 200 | 11.25| 3.84 9.79 0.71 | 61.36 | 4087 | 5209 2 135
- - - - | 045 1.11 0.00 5.45 484 592 0 12

fir K A 30.63 19.43 1.00 | 99.00 | 7.63 14.68 0.00 | 135.00 | 8118 | 7811 0 297
- - - - -1 025 0.76 0.00 1.36 265 402 0 3
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Table 5.12: Optimizations and latency speedup of the digital signal processing benchmarks

Benchmark Unrolling | Pipelining | Array Part. | Stream | Speedup lz:r?sl;) (ﬁﬁl; L(?:::Sc)y
Autocorrelation F =2 C,.C - 31.23 | 10.72 | 93.27 164
- - - - - | 6.38 | 156.74 5121
F - - X 295 | 10.75 | 93.01 102
Dot Product = - - = — 1 638 [ 15674 | 301
Gouraud F - - - 3.05 | 7.66 | 130.62 66
- - - - —| 5.81|172.24 201
Lattice Filter F =141 C.C,.C X 5.07 | 10.28 | 97.24 9184
- - - - —| 7.26 | 137.82 | 46593

F full unroll, /I initiation interval, C complete partition, ECP estimated clock period, MCF maxi-
mum clock frequency

The Kalman filter benchmark has all its arguments mapped into registers, due to their small
size. The two initialization loops are completely unrolled, and then the two loop nests get the
innermost loop completely unrolled and the outermost loop pipelined. Vivado HLS achieves a Il
of 12 for the first loop nest, and 1 for the second. This may be due to the arithmetic expression
being calculated on the latter being simpler than the arithmetic expression present on the former.
This optimized version has a speedup of 11.25xwhen compared to the unoptimized version. In
terms of resource usage, the most used resource, by far, is DSPs, with an usage of 61.36%, which
is 11.25 xmore than the unoptimized version. This is due to the existence of complex arithmetic
operations in the body of the unrolled loops. It is also worth noticing the usage of 2 BRAMs on
the optimized version, which has not been observed in any other benchmarks.

The fir_K_A benchmark has all its input arrays mapped into registers, with the exception of
the input matrix "m", which was declared as a stream due to it being accessed sequentially. Each
of the two loop nests follows the pattern of completely unrolling the innermost loop and pipelining
the outermost one. However, in this example, one of the innermost loops has 100 iterations, which
leads to a very high II value of 100 and a DSP demand of 135%, which exceeds the resources
provided by the FPGA. The loop with 100 iterations has both a multiplication and two additions
on its body, and if this body is repeated 100 times, this leads to many operations that need to be
implemented with DSPs.

To summarize, the filter-based benchmarks have achieved moderate improvements in speedup,
with small resource usage across the board in most cases. However, a limitation with completely
unrolling loops with many iterations and with resource-intensive operations in their bodies can be

identified, as these scenarios may lead to excessive resource usage.

5.2.4 Digital Signal Processing Benchmarks

The optimizations performed over the digital signal processing benchmarks, as well has the latency
speedup in relation to their unoptimized versions are presented in Table 5.12, and the resource

usage is presented in Table 5.13.
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Table 5.13: Resource usage of the digital signal processing benchmarks

Benchmark FFX | LUTX | DSPX | %FF | %LUT | %DSP #FF | #LUT | #DSP
Autocorrelation 8.07 95.69 | 10.00 | 0.77 | 24.82 4.55 815 | 13205 10
- - -1 0.09 0.26 0.45 101 138 1
Dot Product 34.43 23.21 | 100.00 | 2.65 3.10 | 4545 | 2823 | 1648 100
- - -1 0.08 0.13 0.45 82 71 1
Gouraud 76.63 | 145.64 1.00 | 9.58 | 62.42 0.00 | 10192 | 33205 0
- - -1 0.13 0.43 0.00 133 228 0
Lattice Filter 5.81 2.89 1.88 | 7.89 | 1349 | 13.64 | 8391 | 7177 30
- - - | 1.36 4.67 7.27 | 1443 | 2484 16

The Autocorrelation achieves a speedup of 31.23 xin relation to the unoptimized version. Both
inputs are partitioned completely into arrays, and the outer loop can be pipelined with an II of 2.
The resource usage of the optimized version remains low. LUTs are the most used resource, with
an utilization of 24.82%, which is 95.69 xmore than the unoptimized version. This is mostly due
to the mapping of the input arrays into registers.

The Dot Product benchmark has a speedup of only 2.95x. Since it has only one loop, that loop
is completely unrolled with no pipelining, and both input arrays are modeled as streams since they
are accessed sequentially. These results show that the generic heuristics for directive insertion are
not fitting for such a small example. The application of the load/stores heuristic for this kind of
benchmark, as previously mentioned, is not being performed on this evaluation, as it will be the
topic of its own evaluation process in Section 5.3. Similarly to the Dot Product benchmark, the
optimized Gouraud benchmark also has a small speedup of 3.05 xin relation to the unoptimized
version. This is another benchmark with a single loop and only one array access per iteration,
and these results are further evidence that the generic heuristics are not suitable for these simple
examples.

Finally, the Lattice Filter benchmark had all its input arrays mapped into registers, except for
the "data" array, which is declared as a stream. Its two innermost loops are fully unrolled, and the
outermost loop is pipelined. This pipelining, however, can only be performed with an II of 141,
which leads to a modest speedup of 5.07x. The pipelined loop has a very complex control flow,
given that the two unrolled innermost loops have complex arithmetic expressions. This, alongside

unusual array access patterns, may explain this high II value.

5.3 User-specified Load/Stores Parameter for Single Loops

In order to evaluate the user-configured heuristic used for the particular case in which there is
a single loop with at most 2 load/store operations per array in a single iteration, 4 benchmarks
in which this heuristic can be applied are selected. Two of these benchmarks, Dot Product and
Gouraud, are also used on the global framework evaluation. The other two are functions extracted
and adapted from the Rosetta benchmark suite [60]. The first of these two new benchmark func-

tions, computeGradient, multiplies each entry of the input array by a scalar and stores the result on
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Table 5.14: Selected benchmarks to evaluate the load/stores user-defined heuristic

Benchmark Load/Stores of each array per iteration | Source Data type
x: 1 load DSPLIB ..
Dot Product y: 11oad 29] 16-bit integer
Gouraud p: 1 store DS;;IB 32-bit integer
. feature: 1 load Rosetta .
computeGradient arad: 1 store 160] 32-bit FP
grad: 1 load Rosetta .
updateParameter feature: 1 load, 1 store 160] 32-bit FP

a new array. The second, updateParameter, adds to an already initialized array position the result
of the multiplication of a variable and an element from another array.

Multiple versions of the same benchmark are generated: 4 versions using a different number
for the load/stores factor N (2, 8, 16 and 32), and one using the same heuristic used for the generic
cases. An input size of 2000 is used for all input arrays. These benchmarks, together with the
number of load/stores per iteration in each version, are presented in Table 5.14. The speedup of
each version of all benchmarks, as well as the optimizations performed, are gathered in Table 5.15,
and the resource usage of each version is presented on Table 5.16. The load/stores value used for
each benchmark is given by the "L/S" column, where "G" represents the generic heuristic and "-"
the unoptimized version.

On a global scale, all four benchmarks had a speedup increase in relation to the unoptimized
version by simply using the generic heuristic, with speedups of, respectively, 2.99x, 2.00x,
6.99xand 11.95x. However, these speedup values are not very high, and for three out of the
four benchmarks, the amount of hardware resources required far exceed the ones provided by the
target FPGA. The Dot Product benchmark, for instance, uses 909% of all available DSPs, while
the Gouraud benchmark uses 913.91% of all FFs. The updateParameter benchmark is not as
resource demanding as the previous two, but it still uses 203.83% of all available FFs. This un-
realistic resource usage and the modest gains in speedup reveal, then, that the generic heuristic is
not appropriate for this kind of code patterns. For all benchmarks, the versions using the load/s-
tores heuristic have, for all cases, better or equal speedup to the generic version, with no examples
exceeding the resource budget of the FPGA.

Focusing now on each specific benchmark, it can be observed that the latency speedup of
the Dot Product benchmark increases with the load/stores factor, achieving the best speedup re-
sult, 46.16 x, when a load/stores factor of 16 is used. However, the latency speedup decreases to
32.26 xwhen using a factor of 32. This might be caused by a suboptimal pipelining, since Vivado
HLS only manages to pipeline that version with an II of 3 instead of the optimal pipelining of 1
that it achieved on the benchmarks with a smaller factor. In terms of resource usage, all versions
use more resources than the unoptimized version, but never exceed the resources provided by the
FPGA. The most percentage of usage, 14.55%, happens in the number of DSPs required for the
version with a factor of 32. It is possible to observe that the number of DSPs used always equals
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Table 5.15: Optimizations and latency speedup of the benchmarks using different load/store values

Benchmark L/S | Unrolling | Pipelining | Array Part. | Stream | Speedup 51(3) 1(\1/\1/[(33@ éfctzg)cy
32 |32 I1=3 32,32 - 31.26 | 9.40 | 106.38 192
16 | 16 II=1 16, 16 - 46.16 | 8.93 | 111.98 130
Dot Product 8 8 II=1 8,8 - 2353 | 893 | 111.98 255
2 2 II=1 2,2 - 598 | 893 | 111.98 1004
G |F - - X 299 | 10.75 | 93.02 2005
- - - - - —| 6.38 | 156.74 6001
32 |32 =11 32 - 290 | 836 | 119.65 689
16 | 16 11=6 16 - 2.66 | 836 | 119.65 752
Gouraud 8 8 11=3 8 - 2.66 | 836 | 119.65 752
2 2 II=1 2 - 2.00 | 836 | 119.65 1002
G |F - - - 2.00 | 836 | 119.65 999
- - - - - —| 5.81|172.12 2001
32 |32 =1 32,32 - 200.01 | 5.70 | 175.44 70
16 | 16 II=1 16, 16 - 106.07 | 5.70 | 175.44 132
computeGradient 8 8 II=1 8,8 - 5448 | 570 | 175.44 257
2 2 II=1 2,2 - 13.90 | 5.70 | 175.44 1007
G F - 64 X 6.99 | 9.00 | 111.11 2004
- - - - - —| 570 | 175.44 14001
32 |32 =1 32,32 - 320.01 | 7.26 | 137.74 75
16 | 16 II=1 16, 16 - 175.19 | 7.26 | 137.74 137
updateParameter 8 8 II=1 8,8 - 91.61 | 7.26 | 137.74 262
2 2 II=1 2,2 - 2372 | 7.26 | 137.74 1012
G |F - 64 X 11.95 | 1046 | 95.60 2009
- - - - - —| 7.26 | 137.74 24001

F full unroll, /I initiation interval, ECP estimated clock period, MCF maximum clock frequency
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Table 5.16: Resource usage of the benchmarks using different load/store values

Benchmark L/S FFX | LUTX | DSPX %FF | %LUT | %DSP #FF | #LUT | #DSP
32| 18.54 8.42 32.00 1.57 1.12 | 14.55 1669 598 32

16 | 12.03 5.48 16.00 1.02 0.73 7.27 1083 389 16

Dot Product 8 6.36 0.45 8.00 0.54 0.06 3.64 572 32 8
2 2.46 223 2.00 0.21 0.30 0.91 221 158 2

G | 788.51 | 499.52 | 2000.00 | 66.70 | 66.67 | 909.09 | 70966 | 35466 | 2000

- - - - 0.08 0.13 0.45 90 71 1

32| 1235 21.86 0.00 1.58 9.37 0.00 1679 4984 0

16 6.54 11.06 0.00 0.84 4.74 0.00 889 2522 0

Gouraud 8 3.33 5.71 0.00 0.43 245 0.00 453 1303 0
2 1.01 1.69 0.00 0.13 0.72 0.00 137 385 0

G | 91391 | 1372.65 0.00 | 116.82 | 588.28 0.00 | 124292 | 312965 0

- - - - 0.13 0.43 0.00 136 228 0

32| 27.34 26.04 32.00 6.37 | 19.58 | 43.64 6780 | 10414 96

16 | 13.99 13.20 16.00 3.26 992 | 21.82 3469 5278 48

computeGradient 8 7.31 6.78 8.00 1.70 5.09 | 1091 1814 2710 24
2 2.31 1.96 2.00 0.54 1.47 2.73 574 784 6

G| 10.14 30.60 2.00 236 | 23.00 2.73 2515 | 12238 6

- - - - 0.23 0.75 1.36 248 400 3

32| 3378 29.71 32.00 | 16.57 | 4496 | 7273 | 17633 | 23918 160

16 | 17.08 14.94 16.00 838 | 2261 | 36.36 8914 | 12030 80

updateParameter 8 8.71 7.56 8.00 427 | 1144 | 18.18 4547 6086 40
2 2.28 1.98 2.00 1.12 3.00 4.55 1191 1596 10

G | 203.83 65.71 17.00 | 100.00 | 99.43 | 38.64 | 106400 | 52896 85

- - - - 0.49 1.51 2.27 522 805 5

the load/stores factor. This comes from the fact that there is only one operation that requires a DSP
(the multiplication between the two array elements), and as such, for an unrolling factor N, there
is a need for N DSPs to be allocated for the loop body.

The Gouraud benchmark shows the least gains out of the four benchmarks. The speedup
for a factor of 2, 2.00x, is the same as the one achieved by the generic heuristic. The speedup
increases with factors 8 and 16, although it is the same on both those scenarios (2.66x). With a
factor of 32, a speedup of 2.90xis achieved. The most likely reason for these results stem from
the fact that there are inter-iterations dependencies, which lead to suboptimal pipelining (the II
achieved by Vivado HLS increases with each higher load/stores factor). The Gouraud benchmark
fills an array with RGB color values in a way that, for each new color, its value is calculated
from the previous one. This leads to inter-iteration dependencies, since the color values cannot be
calculated independently of each other.

The computeGradient benchmark shows a consistent speedup increase with each bigger load-
/stores factor, with a speedup of 200xfor a factor of 32. This is expected, since Vivado HLS
manages to always achieve a Il of 1 in all cases. The resource usage is, once again, dominated by
the DSPs, of which 43.64% of the available units are used. The increase in DSPs can also directly
correlate to the load/stores factor. Three DSPs are required to implement the original loop body,
and so by unrolling the loop by a factor of N, 3xN DSPs are required.

The updateParameter benchmark has results similar to the previous one, as the speedup in-

creases with the increase of the load/stores factor, with a speedup of 320 for a factor of 32, and
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with an achieved II of 1 for all cases. However, resource usage is higher, since there is one ex-
tra operation being performed in comparison to the computeGradient benchmark. Instead of the
result of the multiplication being stored on the array position, this result is added to an already
existing array position, which implies an additional load operation of the existing value and an
addition. This can be observed on the resource usage, which starts to use higher percentages of
FFs (16.57%) and LUTs (44.96%) being used for the version with a factor of 32. The number of
DSPs is, once again, directly correlated to the unrolling factor: 5 DSPs are required by the original

loop body, and so, for a factor of N, 5xN DSPs are required.

5.4 Comparison to Manual Code Restructuring

In order to evaluate how the quality of the automatic directive insertion compares to those man-
ually inserted by an experienced user, five examples of manual optimization are selected. Four
of these examples were previously used in the validation of the tool proposed by Ferreira and
Cardoso [16], and three of these benchmarks, Dot Product, Autocorrelation and SVM, were also
already used for the global framework evaluation. The Autocorrelation and SVM benchmarks
use the same input sizes as the ones used for the global framework evaluation. The Dot Product
benchmark uses an input size of 2000 instead of 100. An extra benchmark, filter_subband, is also
used. This benchmark is already detailed in Section 2.2.3 as an example of code restructured by
the tool proposed by the authors. It includes two nests of two loops, and three input arrays with a
64-bit FP datatype of size 512, 32 and 1024. Finally, the fifth benchmark, computeGradient, is ex-
tracted from the Rosetta benchmark suite [60] and was previously used to evaluate the load/stores
heuristic. For this evaluation, and input size of 1024 is chosen in order to preserve the original
value used in the benchmark suite. Three different versions of each of these five benchmarks is
synthesized using Vivado HLS: one unoptimized, one optimized with automatic directive insertion
by the framework, and one optimized manually by the authors. The computeGradient benchmark
is an exception, since it has two automatically optimized version: auto32, with a load/stores fac-
tor of 32, and auto64, with a load/stores factor of 64. Similarly to the previous evaluations, the
results have been split across two tables: Table 5.17 presents the optimizations performed on each
version and the achieved latency and speedup in relation to the unoptimized version, while Table

5.18 presents the resource usage of each synthesized version.

The Autocorrelation benchmark has very similar results on both the automatic and manual
versions, with a speedup of 31.23xand 31.04 x, respectively. The manual version maps the "sd"
array into registers, and pipelines the outermost loop, while the automatic version maps both input
arrays into registers, pipelines the outermost loop and completely unrolls the innermost one. The
manual version achieved an II of 1, while the automatic version achieved an II of 2. In terms
of resource usage, the manual version has slightly higher usage, but not to the point of being
significant (e.g., the manual version uses 95.92xmore LUTs than the unoptimized version, while

the automatic version uses 95.69 x more).
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Table 5.17: Optimizations and latency speedup of the benchmarks optimized manually and auto-

matically
Benchmark Unrolling | Pipelining | Array Part. | Stream | Math.h | Speedup ];:HC:; (I\I\;IISZJ) L(?#tcecnsy
Autocorrelation - auto F II=1 C,C - - 31.23 | 10.72 | 93.28 164
Autocorrelation- manual - II=1 C - - 31.04 | 10.72 | 93.28 165
Autocorrelation - none - - - - - - | 6.38 | 156.74 5121
Dot Product - auto 16 11=3 16,16 - - 46.16 | 8.93 | 114.68 130
Dot Product - manual F 11=20 50,50 — — 240.04 8.72 93.02 33
Dot Product - none - - - - - - | 6.38 | 156.74 6001
filter_subband - auto EF 1I=1, II=1 C,C,64 - - 65.03 8.20 | 121.95 499
filter_subband - manual 4.4 11=8, 11=49 | 2,2,2 - - 37.21 | 10.49 | 95.33 872
filter_subband - none - - - - - - | 8.23 ]| 121.51 32450
SVM - auto F 11=13 C, 64 X X 24.85 | 8.40 | 119.05 16375
SVM - manual - 11=13 - - - 24.84 | 8.40 | 119.05 16382
SVM - none - - - - - — | 8.23 | 121.51 | 406849
computeGradient - auto64 | 64 11=1 64, 64 - - 341.38 8.02 | 124.69 21
computeGradient - auto32 | 32 II=1 32,32 - - 183.82 | 5.70 | 175.44 39
computeGradient - manual | 32 1I=1 32,32 — - 199.14 8.51 | 117.51 36
computeGradient - none - II=1 - - - - 5.70 | 175.38 7169

F full unroll, /I initiation interval, C complete partition, ECP estimated clock period, MCF maxi-

mum clock frequency

Table 5.18: Resource usage of the benchmarks optimized manually and automatically

Benchmark FFX | LUTX | BRAMX | DSPX | %FF | %LUT | %BRAM | %DSP
Autocorrelation - auto 8.07 95.69 1.00 10.00 | 0.77 24.82 0.00 4.55
Autocorrelation - manual 8.87 95.92 1.00 10.00 | 0.84 | 24.88 0.00 4.55
Autocorrelation - none - - - - 0.09 0.26 0.00 0.45
Dot Product - auto 12.03 5.48 1.00 16.00 | 1.02 0.73 0.00 7.27
Dot Product - manual 402.02 | 1577.55 1.00 | 220.0 | 34.01 | 210.54 0.00 | 100.00
Dot Product - none - - - - | 0.08 0.13 0.00 0.45
filter_subband - auto 56.32 70.25 3.00 | 64.00 | 69.07 | 277.69 2.14 | 407.27
filter_subband - manual 26.77 8.03 162.00 6.00 | 32.83 | 31.76 11571 | 38.18
filter_subband - none - - - -] 1.23 3.95 0.71 6.36
SVM - auto 1.31 2.76 1.00 1.16 | 427 | 30.58 0.00 | 23.64
SVM - manual 2.13 1.58 1.00 1.16 | 6.92 17.52 0.00 | 23.64
SVM - none - - - - 3.26 11.09 0.00 | 20.45
computeGradient - auto64 37.52 51.72 1.00 | 64.00 | 8.75 | 38.88 0.00 | 87.27
computeGradient - auto32 27.34 26.04 1.00 | 32.00 | 6.37 | 19.58 0.00 | 43.64
computeGradient - manual 6.97 1.96 1.00 | 21.33 1.62 1.47 0.00 | 29.09
computeGradient - none - - - -1 0.23 0.75 0.00 1.36
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The manual version of the Dot Product benchmark partitions the input arrays using a factor of
50 and using the "block" strategy, alongside pipelining the function. This leads to a speedup value
of 240x. However, this high speedup comes at the expense of excessive resource usage, with an
usage of all available DSPs (due to the specification of a directive that limits the overusage of this
resource type) and an usage of 210.54% of LUTs, which falls beyond the resources provided by
the target FPGA. The automatic version, however, is optimized using the load/stores heuristic with
a factor of 16, and has a speedup of 46.16x. In terms of resources, it is well within the bounds,

with the highest usage being of only 1.02% of FFs.

The filter_subband benchmark has a speedup of 65.03% on the automatic version, but at the
expense of exceeding the available FPGA resources, as it has a usage of 407.27% of all available
DSPs. In contrast, the manual version has a more modest speedup of 37.21%, but its resource
usage is well within the FPGA limits. The manual version is restructured by partitioning the
arrays with a factor of 2, plus pipelining of the outer loops with a factor of 4. The automatic
version, however, partitions the largest array with a factor of 64 and maps the others into registers
(since the data type is 64-bit floating point, the heuristic falls back to a cyclic partition rather than
register mapping with a smaller threshold than the 32-bit versions), while pipelining the outer
loops and fully unrolling the inner loops. Still, the complete unrolling of a loop with 64 iterations

and arithmetic operations using 64-bit FP operands leads to this excessive resource usage.

The manual version of the SVM benchmark simply pipelines the outermost loop. This leads
to an II of 13, and a speedup of 24.84 x. The automatic version undergoes the same optimiza-
tions as described in the global framework evaluation: partition of the support vector matrix by
a factor of 64, mapping the test vector into registers, streaming the coefficient values, pipelining
the outer loop, unrolling the inner one and replacing the call to the exponent function by its float
version. These optimizations lead to a speedup of 24.85 x, which is very close to the one achieved
manually. The manual version uses more FFs, while the automatic one uses more LUTs. Finally,
the computeGradient benchmark achieves a very similar result in terms of latency speedup using
a load/stores factor of 32, with more resource usage when compared to the manually optimized
version. This higher usage is due to the manually optimized version replacing the floating-point
data type by a more efficient fixed-point one, while the similarity in latency speedup is explained
by both versions using a similar partitioning, unrolling and pipelining configuration with a factor
of 32. This is performed using a Vivado HLS library for fixed-point arithmetic. The automatic
version with a load/stores factor of 64, however, achieves a speedup of 341.38 xwhile keeping
resource usage within the FPGA limits, and thus achieving a design with a better latency result
than the manual version. To summarize, three of the benchmarks, Autocorrelation, SVM and com-
puteGradient, can achieve a result similar to the one achieved by manual code restructuring, with
the latter achieving an even better result with a higher load/stores factor. Another benchmark, Dot
Product, has less speedup on the automatic version, but this is due to excessive resource usage by
the manual version. Inversely, the filter_subband has a better speedup on the automatic version,

but at the expense of excessive resource usage.
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5.5 Instrumentable Code Classification Accuracy

In order to evaluate the validation step described in Section 4.2 that decides whether a function
can be instrumented and used in the trace-based approach proposed by Ferreira and Cardoso [16],
15 benchmarks, selected from the previous suites, are validated by the framework. The results of
this validation are then compared to the results that come from executing the trace-based approach
manually for each example, to see if the prediction matches reality. These results are presented in

Table 5.19, with the respective confusion matrix presented on Table 5.20.

Table 5.19: Predicted and actual truth values for whether a function can be instrumented

Benchmark Predicted Actual
SVM Yes Yes
Kalman filter No No
fir K_A Yes Yes
fir2D No Yes
filter_subband No Yes
DCT Yes No
Gouraud Yes Yes
Autocorrelation Yes Yes
Dot Product Yes Yes
Complex Matrix Multiplication No No
k-NN No No
Lattice Filter Yes No
Matrix Multiplication Yes Yes
updateParameter Yes Yes
computeGradient Yes Yes

With 15 examples, there is an accuracy of 73%, with a precision of 80% for the positive cases
and a precision of 60% for the negative ones. This indicates that the heuristic is conservative,
since it fails to validate some benchmarks that can be instrumented. The two benchmarks that
are incorrectly invalidated are fir2D and filter_subband. These benchmarks have complex array
access patterns that can only be evaluated at runtime, and as such the heuristic invalidates them as
it is not possible to decide, at compile time, that the accesses will resolve to a pattern that the tool
can recognize.

As for the two examples misclassified as being instrumentable, DCT and Lattice Filter, they
have simple array accesses, but also have stages, which further complicates the overall array ac-

cess pattern. It is also worth noticing that this collection of benchmarks does not contain any

Table 5.20: Confusion matrix of the instrumentation validator

Predicted

Yes | No

Yes | 8 2
Actual No |2 3
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examples of code with if-statements and other constructs that are not allowed by the tool, since

that evaluation is not subject to an heuristic and is only dependent on the implementation.

5.6 Execution Time Evaluation

In order to evaluate the execution time of the framework, the largest benchmark in terms of func-
tions being processed, k-NN, is chosen as the input. Clava is executed a total of 10 times: 5 with
the framework not being applied to the code (i.e., it parses the input source code and outputs an
identical version of that code), and 5 with the framework being applied. These values are measured
on an Intel Core i5-4460 CPU running at 3.2 GHz. On average, the version with no framework
has an execution time of 5319 ms, while the version with the framework has an execution time of
5553 ms. This means that the framework, for the k-NN benchmark, only adds 234 ms on top of

the time required for the default Clava tasks.

5.7 Summary

This chapter presented the evaluation of the framework. Firstly, the hardware and software suite
was presented, which is based on Vivado HLS and a Xilinx Artix-7 FPGA. Then, a selection of
benchmarks was detailed. This selection can be divided in machine learning, matrix manipulation,
filters and digital signal processing. Each benchmark was synthesized using Vivado HLS with a
target clock of 10ns, using both the unoptimized version and a version automatically optimized
with the strategies proposed. Each benchmark was, then, further analyzed by comparing the syn-
thesis results of the optimized version against the unoptimized one in terms of latency speedup
and resource usage. The load/stores strategy was evaluated separately using four benchmarks and
load/stores factors of 2, 8, 16 and 32. Following that, the framework was compared four bench-
marks manually optimized with directives, in order to assess how it compared to manual code
restructuring. Following that, the validator for code that can be instrumented and be processed
using the trace-based approach of Ferreira and Cardoso [16] was evaluated using 15 benchmarks,
and the results of the validator were compared to the actual results obtained by the tool. Finally,
the execution time of Clava with the framework was measured and compared to the execution time

of Clava with no other tasks.
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Chapter 6

Conclusions

This chapter presents a thorough discussion of the dissertation results, followed by a suggestion

of possible future improvements.

6.1 Concluding Remarks

This dissertation proposes a new way of optimizing C code for FPGAs on the source-to-source
compiler Clava by building and analyzing a data flow graph and automatically selecting, configur-
ing and inserting Vivado HLS directives and simple code transformations. This approach contrasts
to the existing approaches by proposing a more generic framework that supports a larger variety of
inputs, rather than the specific or limited use cases that are more often found in those approaches.
The proposed framework has two stages: the first stage builds and simplifies a DFG obtained from
the input source code, while the second stage applies code optimization strategies. These strategies
are guided by simple heuristics that analyze the DFG in order to reach a decision. Itis also possible
to use the framework as a validation and automation tool for an existing code restructuring tool.
The framework was evaluated by optimizing a wide range of input applications, synthesizing the
optimized versions and comparing their latency and resource usage to their respective unoptimized
versions. Results show that the framework can achieve significant latency speedups in all tested
examples, which can range from 3 xto 58 x, depending on the benchmark. Resource usage is also
kept under the FPGA limits in most cases, except when a loop with a complex control flow or a
high number of iterations is completely unrolled. An user-configured strategy for simple loops can
also achieve better results for those cases than the ones achieved by the generic strategies. Finally,
code optimized automatically by the framework was also compared to code optimized manually
by an expert, and the results are similar in most cases. This, coupled with the advantage of being
a near-instantaneous way of optimizing code without requiring the time and effort of an experi-
enced developer, shows that the proposed framework is a competitive alternative to manual code

optimization, and therefore fulfills the main objective of this dissertation.
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6.2 Future Work

The future improvements to the proposed framework are threefold. Firstly, there is space for the
current heuristics to be improved. The most logical step would be to update the loop unrolling
heuristic in order to only do partial unrolling of loops with a high number of iterations or with a
complex control flow on their bodies, or to limit the number of resources used when fully unrolling
a loop. This would address the main limitation identified in the framework. The array partitioning
heuristic could also be improved in order to come up with custom partitioning factors for larger
arrays. As for loop pipelining, the framework could try to estimate the required II, so that it could
relax the II constraint in order to lead to a less resource-demanding design. This could also be
provided as an option to the user, who could decide whether to use the estimated II, or keep the
heuristic with no specified II and let Vivado HLS achieve the lowest possible value at the expense
of a higher resource usage.

The second set of improvements are related to including new strategies using the other Vivado
HLS directives, as described in Section 4.1.6. These would need to be prioritized, and the most
relevant ones would require heuristics, such as loop merging and loop flattening. The framework
can also support code restructuring performed directly over the AST rather than through heuris-
tics, so transformations of that kind could also be explored. Another strategy would be to use the
framework in conjunction with the existing trace-based approach. While the framework can cur-
rently instrument code for it, its usage is independent from the proposed directive-based approach,
and a hybrid one could be a worthwhile investment.

Finally, the third set of improvements are related to expanding the C features supported by the
framework. Currently, structs, custom data types and pointers to static memory are not supported,
and adding support for those would expand the type of source code that could be analyzed and

restructured. This would also allow to evaluate the framework with more complex benchmarks.



Appendix A

Framework API

Clava exposes the framework as a LARA library named clava.hls. This library contains an API

comprised of static methods split across three sub-packages. They are the following:

e clava.hls.HLS Analysis

— optimizeWithDirectives (funNames, loadStores) -optimizes the pro-
vided functions using the proposed directive-based approach.
* funNames - a list with the name of the functions to optimize
* loadStores - the load/stores parameter (positive integer). This is an optional
value, and if it is not specified, the load/stores strategy is not applied
— canBeInstrumented (funNames) - checks if the provided functions can be in-
strumented and passed on to the trace-based approach. The result, for each function,

is provided on the console output

x funNames - a list with the name of the functions to validate
e clava.hls.MathAnalysis

— mathCompare () - outputs to the console each call to a math.h function found in
the current program, the argument types of each function and the type of the arguments
being passed on each call

— mathReport (csv, name) - counts the number of occurrences of each math.h
function on the current program, and outputs them to a CSV file

* csv - the name of the CSV file. If the name provided corresponds to an existing
file, the results are appended; if not, then a new CSV file with the provided name
is created

* name - the name of the program being analyzed. If omitted, the program name
defaults to the name of its folder

— mathReplace () - replaces all calls to mathematical functions with float arguments
by the float versions of those functions, while also applying the code transformations

described in Section 4.3
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e clava.hls.Tracelnstrumentation

— instrument (funName) - instruments the function with the provided name

% funName - the name of the function to instrument

Listing A.2 provides an example of the output produced by the LARA aspect in Listing A.1.
This aspect is applied to the DCT benchmark, and it passes "dct" as the name of the function to
optimize. The output code itself is present in Listing A.3. An alternative way to interact with
library would be to first select the function itself using LARA, but that is not necessary since the
library can recognize that a string with the name is being passed and it performs the selection step

internally.

import clava.hls.HLSAnalysis;

aspectdef Example
HLSAnalysis.optimizeWithDirectives ("dct");
HLSAnalysis.canBelInstrumented ("dct");

end

Listing A.1: Usage example for the HLS Analysis library

HLS: Optimizing with directives

HLS: starting HLS restructuring

HLS: file "dct.dot" saved to "_HLS_graphs\dct.dot"

HLS: reporting the cost of each subgraph

HLS: file "features_dct.csv" saved to "_HLS_reports\features_dct.csv"
HLS: detecting if arrays can be turned into streams

HLS: detecting if function calls can be inlined

HLS: defining unrolling factor for nested loops

HLS: found master loop "loop 1" (trip count = 8)

HLS: found master loop "loop i" (trip count = 8)

HLS: trying to unroll loop nest starting by bottom loop "loop k" (trip count
8)

HLS: trying to unroll loop nest starting by bottom loop "loop k" (trip count
8)

HLS: unrolling 2 loops

HLS: unrolling "loop k" (trip count = 8) fully

HLS: unrolling "loop k" (trip count = 8) fully

HLS: detecting if code regions can be pipelined

HLS: pipelining body of loop "loop j" with wundetermined II
HLS: pipelining body of loop "loop j" with undetermined II
HLS: finished HLS restructuring

HILSE

HLS: checking if function can be turned into a trace

HLS: function can be turned into a trace!
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Listing A.2: Information outputted by Clava when running the framework for the DCT benchmark

int const CosBlock([8][8] = {88, 122, /*abridged+/ 47, -24};

void dct (int InIm([8][8], int TempBlock[8][8], int CosTrans[8][8], int OutIm
[(81181) {
#pragma HLS array partition variable=InIm complete
#pragma HLS array partition variable=TempBlock complete
#pragma HLS array_partition variable=CosTrans complete
#pragma HLS array_partition variable=OutIm complete
int i;
int j;
int k;
int aux;
for(i = 0; 1 < 8; i++) for(j = 0; j < 8; J++) {
#pragma HLS pipeline
aux = 0;
for(k = 0; k < 8; k+t+) {
#pragma HLS unroll
aux += InIm[i] [k] » CosTrans[k][J];
}
TempBlock[i] []J] = aux;
}
for(i = 0; 1 < 8; i++) for(j = 0; j < 8; J++) {
#pragma HLS pipeline
aux = 0;
for(k = 0; k < 8; k+t+) {
#pragma HLS unroll
aux += TempBlock[k][j] * CosBlock[i] [k];
}
OutIm[i] [J] = aux;

Listing A.3: Code generated by Clava after running the framework for the DCT benchmark (gray

regions identify the directives inserted automatically)
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Appendix B

Benchmark Code

This Appendix presents the code of all the benchmarks used for the evaluation. Some examples,
such as DCT and the SVM, were already shown in other sections of the dissertation, but are

repeated here for completeness.

B.1 Machine Learning Benchmarks

//Macro to choose the benchmark parameters
#define PROFILE_1

#ifdef PROFILE_1

#define NUM_FEATURES 32 //5 // number of features used

#define K 3 // value of k in kNN

##define NUM_CLASSES 8 // number of classes considered

#define NUM_KNOWN_POINTS 1000 //8 //instances of the model used after training
#define ftype float // type used for features

#define dtype float // type used for distance calculation

#define ctype char // type used for class ID, an integer

#endif

#ifdef PROFILE_2

#define NUM_FEATURES 64 //5 // number of features used

#define K 3 // value of k in kNN

#define NUM_CLASSES 8 // number of classes considered

#define NUM_KNOWN_POINTS 1000 //8 //instances of the model used after training
#define ftype float // type used for features

#define dtype float // type used for distance calculation

#define ctype char // type used for class ID, an integer

#endif

#ifdef PROFILE_3

#define NUM_FEATURES 128 //5 // number of features used
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#define K 3

#define NUM_CLASSES 8
#define NUM_KNOWN_POINTS 1000
#define ftype float

#define dtype float

#define ctype char

#endif

#ifdef PROFILE_4

#define NUM_FEATURES 32
#define K 3

#define NUM_CLASSES 8

#define NUM_KNOWN_POINTS 10000
#define ftype float

#define dtype float

#define ctype char

#endif

#define MAX VALUE_OF_FEATURE 1

#if dtype

== double

#define MAXDISTANCE DBL_MAX

#else

#define MAXDISTANCE FLT_MAX

#endif
#define sqgr(x) ((x) » (x))
ctype classify3NN(ctype BestPointsClasses[K],

{

// value of k in kNN

// number of classes considered

// type used for features

// type used for class ID,

// type used for features

// type used for class ID,

cl;
dl;

ctype cl = BestPointsClasses[0];
dtype dl = BestPointsDistances[0];
ctype c2 = BestPointsClasses|[1l];
dtype d2 = BestPointsDistances[1];
ctype c3 = BestPointsClasses|[2];
dtype d3 = BestPointsDistances[2];
ctype classID;

dtype mindist = dl;

classID = (mindist > d2) ? c2
mindist = (mindist > d2) ? d2
classID = (mindist > d3) ? c3

classID;

Benchmark Code

//8 //instances of the model used after training

// type used for distance calculation

an integer

//5 // number of features used
// value of k in kNN
// number of classes considered

//8 //instances of the model used after training

// type used for distance calculation

an integer

dtype BestPointsDistances[K])
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B.1 Machine Learning Benchmarks

mindist = (mindist > d3) ? d3

classID = (c2 == c3) ? c2 classID;
classID = (cl == c3) ? cl classID;
classID = (cl == c2) ? cl classID;

return classID;

void initializeBest (ctype BestPointsClasses[K],

{

for
{

(int 1 = 0; 1 < K; i++)

BestPointsDistances[i] =

BestPointsClasses[i] =

void updateBest (dtype distance,

ctype classifID,

93

mindist;

dtype BestPointsDistances[K])

MAXDISTANCE;
NUM_CLASSES;

dtype BestPointsDistances[K],

ctype BestPointsClasses[K])

dtype max = 0;

int index 0;

for
{

(int 1 = 0; 1 < K; i++)

dtype dbest =

dtype max_tmp = max;
max = (dbest > max_tmp) ? dbest
index = (dbest > max_tmp) ? i

dtype dbest =
ctype cbest =

BestPointsDistances[index] =

BestPointsClasses[index] =

ctype knn (ftype xFeatures[NUM_FEATURES],
NUM_FEATURES],

(distance < max)

(distance < max)

BestPointsDistances[i];

max;

index;

BestPointsDistances[index];

BestPointsClasses[index];

? distance dbest;

? classifID cbest;

ftype knownFeatures [NUM_KNOWN_POINTS] [

ctype knownClasses [NUM_KNOWN_POINTS])

dtype BestPointsDistances[K];
ctype BestPointsClasses[K];

initializeBest (BestPointsClasses,

BestPointsDistances) ;
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Benchmark Code
for (int i = 0; i < NUM_KNOWN_POINTS; i++)
{
dtype distance = (dtype)0;
for (int j = 0; j < NUM_FEATURES; j++)
{
distance += (dtype)xFeatures[]j] - (dtype)knownFeatures[i][]j];

}
distance = sqgrt (distance);
updateBest (distance, knownClasses[i], BestPointsDistances,

BestPointsClasses) ;

int classifyID = classify3NN(BestPointsClasses, BestPointsDistances);

return classifyID;

Listing B.1: k-Nearest Neighbours (kNN) prediction function (in-house)

#define GAMMA 8

#define B 0

#define N_FEATURES 18
#define N_SUP_VECT 1248

int svm_predict (float test_vector [N_FEATURES], float sup_vectors[N_FEATURES] [

N_SUP_VECT], float sv_coeff[N_SUP_VECT])

float diff;
float norma;
int sum = 0;
for (int i = 0; 1 < N_SUP_VECT; i++)
{
for (int j = 0; j < N_FEATURES; j++)
{
diff = test_vector[j] - sup_vectors[j][i];
diff diff %= diff;

norma = norma + diff;

sum = sum + (exp (-GAMMA * norma) * sv_coeff[i]);
norma = 0;

}

sum = sum - B;

return sum;

Listing B.2: Support Vector Machine (SVM) prediction function (Source: [25])
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B.2 Matrix Manipulation Benchmarks
1 #define N 8
2
3 const int CosBlock([8][8] = {88, 122, 115, 103, 88, 69, 47, 24,
4 88, 103, 47, -24, -88, -122, -115, -69,
5 88, 69, -47, -122, -88, 24, 115, 103,
6 88, 24, -115, -69, 88, 103, -47, -122,
7 88, -24, -115, 69, 88, -103, -47, 122,
8 88, -69, -47, 122, -88, -24, 115, -103,
9 88, -103, 47, 24, -88, 122, -115, 69,
10 88, -122, 115, -103, 88, -69, 47, -24};
11
12 wvoid dct (
13 int InIm([N] [N], int TempBlock[N] [N],
14 int CosTrans([N] [N], int OutIm[N] [N])
15 {
16 int aux;
17
18 for (int i = 0; 1 < N; i++4)
19 for (int j = 0; j < N; j++)
20 {
21 aux = 0;
22 for (int k = 0; k < N; k++)
23 aux += InIm[i] [k] » CosTransl[k][3j];
24 TempBlock [i] [j] = aux;
25 }
26
27 for (int i = 0; i < N; i++)
28 for (int j = 0; J < N; j++)
29 {
30 aux = 0;
31 for (int k = 0; k < N; k++)
32 aux += TempBlock[k][j] * CosBlock[i] [k];
33 OutIm[i] [J] = aux;
34 }
35 }
Listing B.3: Discrete Cosine Transform using matrices (in-house)
1 #define NR1 8
2 #define NC1 4
3 #define NC2 8
4
5 wvoid DSPF_sp_mat_mul_cplx_cn(float x1[2 » NRL % NC1], float x2[2 % NC1l * NC2],

float y[2 » NR1 % NC2])
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96 Benchmark Code
{
float real;
float imag;
int i;
int j;
int k;
for (i = 0; i < NR1; i++)
{
for (j = 0; j < NC2; j++)
{
real = 0;
imag = 0;
for (k = 0; k < NC1; k++)
{
real += (x1[1 * 2 » NCL + 2 » k] % x2[k * 2 %= NC2 + 2 x 7]
- x1[i % 2 » NCL + 2 » k + 1] » x2[k » 2 » NC2 + 2 % j +
11);
imag += (x1[1 » 2 = NC1 + 2 x k] % x2[k » 2 = NC2 + 2 x j + 1]
+ x1[i « 2 » NCL + 2 » k + 1] * x2[k » 2 %= NC2 + 2 = j1);
}
y[i » 2 » NC2 + 2 x j] = real;
y[i * 2 » NC2 + 2 » j + 1] = imag;
}
}
}
Listing B.4: Complex matrix multiplication (source: [29])
#define A _ROW 10
#define A_COL 10
#define B_ROW 10
#define B_COL 10

void mult (float a_matrix[A_ROW] [A_COL], float b_matrix[B_ROW] [B_COL],

float c_matrix[A_ROW] [B_COL])

float sum;

for

{

(int 1 = 0; 1 < A_ROW; i++)

for (int j = 0; j < B_COL; j++)

{
sum = 0.0;
for (int k = 0; k < B_ROW; ++k)
{

sum += a_matrix[i] [k] * b_matrix([k][3j];
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B.3 Filter-based Benchmarks 97
}
c_matrix[i][j] = sum;
}
}
}
Listing B.5: Matrix multiplication (source: [30])
B.3 Filter-based Benchmarks
#define WIDTH_SIZE 800
#define HEIGHT_SIZE 600
const short K[] = {1, 2, 1, 2, 4, 2, 1, 2, 1};
void fir2D (unsigned char in[HEIGHT_SIZE  WIDTH_SIZE], unsigned char out|
HEIGHT_SIZE * WIDTH_SIZE])
{
for (int row = 0; row < HEIGHT_SIZE - 3 + 1; row++)
{
for (int col = 0; col < WIDTH_SIZE - 3 + 1; col++)
{
unsigned short sumval = 0;
for (int wrow = 0; wrow < 3; wrow++)
{
for (int wcol = 0; wcol < 3; wcol++)
{
sumval += (unsigned short)in|[ (row + wrow) % WIDTH_SIZE + (
col + wcol)]
* (unsigned short)K[wrow x 3 + wcol];
}
}
sumval = sumval / 16;
out [row x WIDTH_SIZE + col] = (unsigned char)sumval;
}
}
}
Listing B.6: Fir 2D filter (in-house)
void kalman (int Y[16], int A[1l6 * 16], int K[16 x 16], int G[1l6 * 16], int V

[4]1)

int i;

int j;
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}

int index;
int temp;
int X[16];

/+ Initializing state Vector X */

for (i = 0; i <
{
X[i] = 0;

16; i++)

/+ Initializing state Vector Y #*/

for (i = 12;
{
Y[i] = 0;

/# —— Computing
for (i = 0; i <
{
temp = 0;
for (j = 0;

index =
temp +=
}
X[i] = temp;
}
/% —— Computing
// it only uses
for (i = 0; i <
{
temp = 0;

for (j = 0;
{
index =
temp +=
}
V[ii] =

i < 16;

it++)

state Vector X =*/

16; i++)

j < 16; j++)

i % 16 + 3J;
(A[index]

* X[]]

output Vector V */
4x16 elements of G

4; i++)

j < 16; Jj++)

i % 16 + 3J;
(G[index]

(temp » Y[i + 1]);

* X[31)7

+ K[index]

* Y[31);

Benchmark Code

Listing B.7: Kalman filter (in-house)

#define N 100

{

int o([N],

int a[N],

int m([N] [N])
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B.4 Digital Signal Processing Benchmarks

jo=0; J < 3; j++)

t[i] = t[i] + (ali - J + 2] >> 2);

J =07 3 <N 3Hh)
[i] = oli] + m[i][]] * t[]];
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Listing B.8: fir_K_A (source: [51])

B.4 Digital Signal Processing Benchmarks

#define M 160
#define N 10

int DSP_autocor (short ac[M], short sd[N + M])

{
int i;
int k;

int sum;

for (i =

{

0; i < M; i++)

for (k = 0; k < N; k++)

sum += sd[k + M] % sd[k + M - 1i];

}

ac[1i]

= (sum >> 15);

Listing B.9: Autocorrelation (source: [29])

#define N 100
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int DSP_dotprod(short x[N], short yI[N])
{

int sum = 0;

for (int i = 0; 1 < N; i++4)

sum += x[1] * y[i];

return sum;

Listing B.10: Dot Product (source: [29])

#define N 200

void gouraud (unsigned int rd, unsigned int r,
unsigned int gd, unsigned int g, unsigned int bd,
int b, int pI[N])

unsigned int mask = 0xF800F800;
int i;

for (i = 0; 1 < N; i++)

{

r += rd;
g = gd;
b += bd;
p[i] = (r & mask) + ((g & mask) >> 5) + ((b & mask) >> 10);

Listing B.11: Gouraud shading (source: [29])

#define NPOINTS 64
#define ORDER 32

void latnrm(float data [NPOINTS], float outa[NPOINTS], float coefficient [NPOINTS

float internal_state[NPOINTS])

int i;

int j;

float left;
float right;
float top;

float bottom
float sum;
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B.5 Load/Stores Evaluation

for (i = 0; 1 < NPOINTS; i++)
{
top = datali];
for (j = 1; j < ORDER; j++)
{
left = top;
right = internal_statel[]j];
internal_state[]j] = bottom;
top = coefficient[j — 1] % left - coefficient[]j] x right;
bottom = coefficient[j - 1] * right + coefficient[]j] x left;
}
internal_state[ORDER] = bottom;
internal_state[ORDER + 1] = top;
sum = 0.0;
for (j = 0; j < ORDER; j++)
{
sum += internal_state[]j] * coefficient[j + ORDER];
}

outa[i] = sum;

101

Listing B.12: Lattice Filter (source: [30])

B.5 Load/Stores Evaluation

#define N 2000

void computeGradient (float grad|[N], float feature[N], float scale)
{
for (int i = 0; i < N; i++)

grad[i] = scale x featurelil];

Listing B.13: computeGradient function (source: [60])

#define N 2000

void updateParameter (float param[N], float grad[N], float scale)
{
for (int i = 0; 1 < N; i++4)

param[i] += scale * grad[i];

Listing B.14: updateParameter function (source: [60])



0 J o0 b W N

S R R N R R N = e e = T = T =
O B W NP O W o do U s W NP O WV

102

B.6 Comparison to Manual Code Restructuring

Benchmark Code

#define Ns 32
#define Ny 64
#define Nz 512
#define Nm 1024

void filter_subband_double_golden (double z[Nz], double s[Ns],

{

double y[Ny];

int i, 3;

for (i = 0;
{
y[i] = 0.0;
for (j =0
y[i]
}
for (i = 0;
{
s[i] = 0.0;
for (j =0

i < Ny; 1i++)

J < (int)Nz / Ny; J++)

+= z[1 + Ny = Jjl;

i < Ns; i++)

j < Ny; Jj++)

s[i] += m[Ns * i + J] » yI[Jl;

double m[Nm])

Listing B.15: Filter subband (source: [31])
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