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Resumo

Com o crescimento contínuo do consumo de energia em microprocessadores, cientistas

e engenheiros da computação redirecionaram atenção a arquiteturas heterogêneas,

onde dispositivos de classes diferentes são usados para acelerar a computação. Dentre

eles, existem as FPGAs (Field-Programmable Gate Arrays) cujo hardware pode ser

reconfigurado após sua fabricação. Esta classe de dispositivos demonstra desempenho

comparável aos processadores convencionais enquanto consomem apenas uma fração de

energia. O uso de FPGAs vem se proliferando nos últimos anos e a perspectiva é que o nível

de adoção continue a crescer. No entanto, programar FPGAs e aprimorar os programas

para obter maior desempenho continua uma tarefa não trivial. Este trabalho apresenta

uma compilação das principais transformações de código para otimização de programas

direcionados à FPGAs. Neste trabalho também é avaliado o desempenho de programas

executando em FPGAs. Mais especificamente, um subconjunto das transformações de

código são aplicadas em um kernel OpenCL e os tempos de execução são medidos em um

dispositivo da Intel®. Os resultados mostram que, sem a aplicação das transformações, o

desempenho dos dispositivos é abaixo do que é observado quando as transformações são

de fato aplicadas.

Palavras-Chave: FPGA, computação de alto desempenho, otimização de código.



Abstract

With the ever increasing power wall in microprocessor design, scientists and engineers

shifted their attention to heterogeneous architectures, wherein several classes of devices

are used for different kinds of computation. Among them are FPGAs whose hardware

can be reconfigured after manufacturing. These devices offer comparable performance to

CPUs while consuming only a fraction of energy. In fact, the use of FPGAs have been

proliferating in recent years and should continue to do so considering the amount of

attention these devices are receiving. Still, programmability and performance engineering

in FPGAs remain hard. This work presents a compilation of the most prominent code

transformations for optimizing code aimed at FPGAs. In this work we also evaluate the

performance of programs running on FPGAs. More specifically, we apply a subset of the

code transformations to an OpenCL kernel and measure the execution time on a Intel®

FPGA. We show that, without applying these transformations before execution, poor

performance is observed and the devices are underutilized.

Keywords—FPGA, high-performance computing, code optimization.
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1 Introduction

With Moore’s Law (7) and Dennard Scaling (8) approaching their end, the

high-performance market shifted its focus towards heterogeneous computing systems,

where each device is specialized to accelerate domain-specific applications (9). Among

the many classes of devices, the most noteworthy are graphical processing units (GPUs),

tensor processing units (TPUs), and field-programmable gate arrays (FPGAs) (10). In

particular, FPGAs have existed since the mid-1980s and have been used to create logic

circuits for embedded systems. More recently, FPGAs also have been commercialized as

accelerators, integrating multicore ARM-processors, DRAM, digital signal processors

(DSPs) and storage onto a single board usually referred to as “System on Chip” (SoC).

Due to their reconfigurable nature, FPGAs offer comparable performance compared to

CPUs and usually higher performance per watt compared to GPUs.

Power efficiency is listed in various technical reports as the top hardware challenge

in the road to achieve exascale computing (11, 12, 13). According to a report published

by U.S. Department of Energy (11), the cost of ownership of a petascale computer

sits between $5-10M annually. For exascale computers, however, this cost can reach

$2.5B per year with current technology. With that in mind, cloud providers and other

players in the HPC market started investigating reconfigurable hardware as a way to

make exascale computing feasible. This will be critical going forward considering that

electricity and cooling equipments costs sum up to 26% of the total cost of ownership of

a data center’s infrastructure (14). Amazon Web Services, for instance, one of the leading

cloud providers, recently upgraded their servers and now offer instances with up to 8

FPGAs (15, 16). Microsoft Research is using FPGAs for running deep neural networks

for real time AI (17).



1.1 Motivation

Despite the clear benefits, FPGA devices are still not as widespread as GPUs,

for instance. This is due to three main reasons: (i) the long time to perform hardware

synthesis; (ii) the lack of a high-level programming model; and (iii) lack of portability.

The process of translating a circuit written in hardware description language into a

bitstream—a hardware configuration file—is called hardware synthesis. Synthesizing

hardware can last from minutes to a few days (18). This characteristic limits the ability

to write incremental code and fast prototyping. Although the programmability of these

devices has improved since their first appearance, current software development kits

adopted OpenCL (2). For novices and non-experts, even that can be fairly low-level.

Before that, reconfigurable hardware was mainly programmed using hardware description

languages (VHDL, Verilog), which was even worse since these languages work in the

register transfer level (RTL), a paradigm most software developers are unfamiliar with.

Lastly, porting a design from one device to another requires a considerable amount of

work to be redone. The challenge is aggravated when porting across devices from different

vendors.

Performance tuning is not trivial and usually requires several iterations. With

other classes of devices, it is straightforward to experiment with different implementations.

With FPGAs, however, the long synthesis time severely delays the design cycle. The

challenge is scaled when moved to a cluster—now programmers needs to worry about

data transfer and workload balancing among the nodes. With this scenario in mind, it is

important that we better understand how to tune applications and evaluate trade-offs.

17



1.2 Objectives

In this work, we provide a thorough analysis of existing code optimizations aimed

at OpenCL applications for FPGAs. We not only show how to apply them, but also explain

the architectural features of FPGAs that make these optimizations effective in the first

place. We provide a discussion related to these optimizations regarding portability to other

devices and the difficulty of tuning its parameters. We also present a research on related

works regarding code optimization for FPGA and perform an experimental analysis

aimed at evaluating the performance of individual code optimizations. For this matter,

we select a subset of optimizations, apply them individually to a naive implementation of

a matrix multiplication and measure the execution time. In particular, this work makes

the following contributions:

1. It compiles and explains a collection of code optimizations found in the literature

that can benefit the performance of OpenCL applications running on Intel® FPGAs;

2. It analyzes and summarizes the current state of research about FPGAs for high-

performance computing;

3. It presents a performance evaluation of a subset of these transformations on a real

application.

We stress the importance of this work in upcoming years because adoption of

FPGA devices is rising but not enough programmers are capable of working with such

devices. Unlike GPUs which are widespread and have a broad set of open-source tools

for profiling and characterization, FPGA development is still in its infancy and the tools

are mainly proprietary. There is also the difficulty of running experiments due to the long

compilation time, which poses a barrier to thorough characterization of performance.

Therefore, this work serves as a first step towards understanding the performance of

18



code optimizations for FPGAs with the aim of automating them through a compiler

infrastructure.

1.3 Text Organization

This document is organized as follows: we present the necessary background

about FPGAs and OpenCL in Chapter 2; on Chapter 3 we present code optimizations

found in the literature and also the related work that evaluate some of these optimizations;

on Chapter 4 we present and discuss experimental data gathered by writing benchmarking

applications; finally, on Chapter 5 we present our final considerations and plans for future

work.

19
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5 Conclusion

The challenge of increasing performance-per-watt in high-performance computing

systems led engineers to adopt reconfigurable accelerators. However, most programmers

are unfamiliar with this class of devices, therefore the task of optimizing applications

for FPGAs is not trivial. One of the reasons for this difficulty is the lack of performance

portability in OpenCL kernels. In other words, a kernel written for GPUs may show low

performance when executed on FPGAs. In that sense, this work compiles and explains a

collection of code optimizations available in the literature that can benefit code targeted

at reconfigurable accelerators. Besides that, this work contribute with a summary of the

current stat of research about FPGAs in high-performance computing and also quantifies

the performance gain of some of these optimizations. This work provides the first step

towards a full performance characterization for FPGAs that will later be used to build

compiler-based tools for automatic optimization.

5.1 Future Work

As a next step we envision a directive-based solution for executing high-

performance applications on FPGAs. The solution, based on the Clang/LLVM compiler

infrastructure, should take an OpenMP code with target directives, optimize the target

region for FPGA execution and finally offload this code to a cloud of reconfigurable

accelerators.

A general overview of the approach can be visualized in Figure 22. Starting with

the original OpenMP source code, the compiler extracts the target region and apply

transformations to it, such as described in Section 3.1. These transformations could be

applied in the source level using Clang’s LibTooling (39) library. The library allows code



Figure 22 – Our proposed compilation flow that takes OpenMP annotated code, perform
source-to-source transformations and generates the host and devices sources
that can finally be compile separately using standard compiler tools.

to be inserted, removed or modified at a particular location in the Abstract Syntax Tree

(AST). The tree will later be translated back to source code as an OpenCL kernel. On the

host side, the compiler will insert runtime calls to the OpenMP target library the same

way it is done for other types of accelerators and then continue until an executable binary

is produced. Finally, triggering the execution locally will upload the code and data to the

cloud, remotely trigger execution and, at the end, transfer the output back to the local

machine. This process shall be carried seamlessly, requiring little configuration from the

user.
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