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Abstract

FPGA streaming systems are well suited for high-performance computing (HPC) ap-

plications, where the parallelism of algorithms can be exploited using pipelines. The

usage of FPGAs have become more common with increasing computational demand,

since FPGAs have been very effective at meeting the demand.

Streaming systems are often implemented on heterogeneous platforms, where hardware

accelerators on FPGAs are coupled with CPUs. In such cases, the programmer can

achieve an improvement in performance by performing the computationally intensive

parts of an algorithm on the FPGA. This way, the relative advantages of both soft-

ware and hardware computation can be exploited. There are, however, challenges that

heterogeneous systems face, which are limiting the performance that can be achieved.

This report explores a framework to enhance properties of data channels which transmit

data to/from an FPGA kernel. Currently, the framework is applied to a PCI-express

channel between an FPGA kernel and a CPU on a heterogeneous CPU-FPGA system by

using of spare CPU and FPGA resources. Compute-intensive codecs such as compression

are applied at line rate while maintaining the simplicity of a high-level abstraction. En-

coding/decoding is done by splitting the data stream into segments and having multiple

codec threads processing different segments. Multi-threading in software also allows the

overlap of encoding, data transmission and decoding thereby functioning as a software

pipeline. Hardware codecs are pipelined.

A number of compression codecs are applied using the framework and a model is devel-

oped to predict the run-time performance when codecs are applied, without the need to

do a full implementation and benchmark.
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Chapter 1

Introduction

1.1 Motivation

Modern day FPGA streaming systems are ideal for high-performance computing (HPC)

applications since they use pipeline parallelism and replicated pipelines to achieve high

speed computation, but they face a variety of challenges. The usage of FPGAs have

grown as computational demands have increased, and FPGAs have been very successful

in meeting this demand.

Streaming systems are often heterogeneous – where they consist of CPUs and hardware

accelerators such as FPGAs. Such systems are particularly useful since the programmer

can shift the computationally intensive parts of the software into the hardware acceler-

ator. This way, the programmer can exploit the relative advantages of both the CPU

and the hardware accelerator to maximise performance (as opposed to homogeneous

systems). However, there are challenges that are now limiting the benefits that can be

achieved.

A major challenge that FPGA streaming systems face is limited data bandwidth to/from

the chip. The FPGA kernel is capable of high-speed computation, but in the case that the

channel supplying data to the kernel is incapable of providing data at the required speed,

sometimes it is not possible to make full use of the kernel’s computational capabilities.

The amount of data that can be transferred to and from the FPGA is limited by the

number of pins on the chip and the clock frequency of the channels supplying the chip.

15
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In order to mitigate such problems in a streaming system, the HPC programmer would

have to design complicated hardware. This adds complexity to the design process reduces

the benefits of working with FPGAs in streaming systems.

An alternative solution would be to invest in newer hardware such as an FPGA with a

larger number of pins and channels with higher clock frequencies. This, however is very

expensive and so it is not practical in many cases.

This thesis describes a framework that makes use of spare or any available capacity on

the hardware and software sides of the channel to improve its functionality to address

the problem of bandwidth. The additional capacity could occur as a result of algorithms

targeting smaller, older FPGAs being ported to newer and larger FPGAs; or it could

involve achieving a balance between the resources consumed by the framework and the

existing streaming application. Compression codecs can be applied on the software and

hardware sides of the channel, to reduce the size of the data being transmitted across the

channel. Software codecs must be multi-threaded and hardware codecs must be pipelined

such that they operate at line rate (channel data rate) to avoid reducing bandwidth in

the system. Using compression codecs operating at line rate will increase the effective

bandwidth.

On the software side, the data stream is broken up into segments and each segment

is processed by a sequence of threads: encoding, kernel transmission and decoding.

Essentially, it functions as a software pipeline and the threads make use of unused CPU

cycles. On the hardware side, the decoding module is inserted into the beginning of the

pipeline before the computation kernel and the encoding module is inserted into the end

of the pipeline, after the computation kernel. Data is automatically decoded prior to

computation and encoded after computation. Different codecs such as delta compression

and floating point compression are applied to increase the effective bandwidth of the

channel.

Throughout the thesis, the compression ratio, c, is defined by the following formula,

where S is the total size of the original data before compression, and Sc is the size of

the data after compression:

c =
Sc

S
(1.1)
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Fig. 1.1 shows a block diagram of what a heterogeneous streaming system looks like

without any codecs. Fig. 1.2 shows what the modified system would look like when

compression and decompression are applied in both software and hardware.
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1.2 Thesis Outline

Chapter 2 of the thesis contains the background and literature review, where existing

attempts to solve the problems are discussed, along with work that is somewhat similar

to the work discussed in this thesis. The existing work is analysed and compared against

the work done in this project. Several implementations of compression algorithms are

discussed, however, none of the existing implementations are particularly suitable for

high bandwidth heterogeneous systems.

Chapter 3 proposes a framework to add compute-intensive line rate codecs by using

spare CPU cycles on the software side and spare FPGA resources on the hardware side

of the channel in heterogeneous streaming systems. A concrete implementation of the

framework is developed on a commercial platform. A mathematical model to describe

the performance of a streaming system operating under this framework is also developed.

Chapter 4 extends the framework to function adaptively, where the type of compression

changes adaptively at run time depending on the nature of the data being transmitted.

Chapter 5 applies the framework to another platform to demonstrate its generality,

and also extend the mathematical model to describe the performance of the framework

operating on a different platform.

Chapter 6 lists the work that has been published so far during the project.

Chapter 7 summarises the achievements in this project and concludes the discussion.

1.3 Contributions

This thesis discusses a number of original contributions that are made towards the field

of using FPGAs to accelerate HPC applications.

The contributions of the thesis are:

• A multi-threaded framework to apply compute-intensive codecs to a segmented

data stream by using spare or extra resources in software and hardware for high-

bandwidth applications.
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• The trade-off between resource usage and bandwidth when extra software and

hardware resources are used to improve performance.

• A concrete implementation of the framework on a commercial platform using C

code on the CPU side and OpenSPL code on the FPGA side.

• A mathematical model for predicting the end-to-end transmission latency when the

framework is applied to a streaming system and comparison of model predicted

performance with empirical data to show the viability of the model.

• Evaluation of data transmission performance across a bandwidth limited PCI-

express channel on a heterogeneous system with different compression codecs.

• An adaptive system which can apply simultaneous multiple compression codecs

into the software-hardware data channels used to transmit data into an FPGA

during run-time and the ability to switch between codecs at run-time.

• Evaluation of the run-time performance of a real life streaming application (FFT)

with a codec.

• An implementation of the framework on an OpenCL platform to demonstrate the

generality of the framework.

• An extension of the mathematical model and its application to the framework on

a different platform to show its generality.

• Evaluation of memory compression performance, showing a decompression band-

width of up to 7805MB/s for lossless floating point.



Chapter 2

Background

State-of-the-art FPGA streaming systems are ideal for high-performance computing

(HPC) since they can accelerate certain computationally intensive algorithms by exploit-

ing their parallelism and/or using replicated pipelines. This is done by transmitting data

along a pipelined computation kernel at a high throughput. Extensive previous work

on streaming applications have demonstrated that FPGAs can often outperform multi-

core CPUs in terms of speed and energy efficiency. Such implementations are suitable

where large amounts of data are transmitted such that the total transmission time is

much larger than the pipeline latency; thereby making the implementation tolerant to

pipeline latency (this is not the same as the end-to-end latency, which is discussed later).

While FPGAs have massive computational capabilities, a major challenge that FPGA

systems face is limited data bandwidth to/from the chip. If the channel supplying data

to the FPGA kernel is incapable of providing data at the required speed, it is not possible

to make full use of the kernel’s computational capabilities. Investing in new hardware

with higher bandwidth is often impractical due to the cost involved. An alternative way

to mitigate the bandwidth issue is by using compression. Compression has, for a long

time, been used been used in computing applications due to the discrepancy between

computational capability and input/output data rates. While compression was in the

past used to conserve storage space on disks, the growing discrepancy between processing

speed and data bandwidth has resulted in compression being used in high bandwidth

applications [1]. The massive computational capabilities of FPGA systems increases the

feasibility and the necessity of using compression. To mitigate the bandwidth issue in an

20
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existing high-level streaming system, the HPC programmer has to design compression

at RTL or include pseudo-RTL code within the high-level code if they are using an HLS

tool. This unfortunately adds complexity to the design process in both software and

hardware.

Adding compression to heterogeneous CPU-FPGA systems poses several major chal-

lenges. If compression were to be applied, it must be performed at line rate on the data

as it is transmitted. This requires the compression to have a high throughput – the

compression must be performed at a throughput that is higher than the bandwidth of

the channel, in order to overcome the bandwidth bottleneck. Getting a specific compres-

sion algorithm to run at a high throughput on both software and hardware is a major

challenge. Most fast compression algorithms will often work efficiently on either soft-

ware or hardware, but not both. Achieving a good compression ratio is important too,

however, a good compression ratio is not very useful if the compression algorithm itself

is very slow. There is also a challenge of resource usage, since the compression must

share resources with whatever existing application it is being applied to. Therefore, this

is a trade-off between throughput, compression ratio, and resource usage. It may also be

the case that when an algorithm that was previously implemented on an older/smaller

FPGA is ported to a newer/larger FPGA, there would be spare resources available.

If compression is to be applied transparently without affecting the function of the orig-

inal system that is being modified, lossless compression should ideally be used. Lossy

compression may be used in applications where a loss of precision would not affect the

result of calculations. Applying lossy compression adds another factor – loss of preci-

sion. This becomes a trade-off not just between throughput, ratio and resources, but

also precision.

2.1 Bandwidth

The bandwidth problem arises due to limitations in the capability of data channels.

The I/O bandwidth of the chip is restricted by the number of I/O pins and the clock

frequency of their corresponding registers. The physical characteristics of the off-chip

data channel(s) which are used to access the FPGA, including its clock frequency can

also limit the bandwidth with which the FPGA can be accessed externally.
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The bandwidth problem arises due to limitations in the capability of data channels in

high-bandwidth applications. The I/O bandwidth of the chip is restricted by the number

of I/O pins and the clock frequency of their corresponding registers. The physical

characteristics of the off-chip data channel(s) which are used to access the FPGA can

also limit the bandwidth with which the FPGA can be accessed externally. For example,

this work primarily uses the Maxeler [2][3] heterogeneous CPU-FPGA platform.

The Maxeler MPC-C500 machine, used for most of the experiments in this thesis, trans-

mits data between an Intel Xeon CPU and a Xilinx Virtex 6 FPGA via PCI-express

2.0 x8. The PCI-express channel has a theoretical bandwidth of 4GB/s in either di-

rection (total 8GB/s), but the Maxeler card itself only has a theoretical bandwidth of

up to 2GB/s in either direction (total 4GB/s). When the duplex channel bandwidth

was measured under the low-latency interface (discussed later), it was observed to be

2690MB/s.

If the theoretical bandwidth of 2GB/s is achieved, assuming simultaneous transmission

in both directions and assuming that one token of data is transmitted on each clock cycle:

If a pipelined computation kernel on the FPGA has a 128-bit wide data bus, the channel

bandwidth is sufficient to support the kernel being clocked at up to 134MHz. According

to the measured bandwidth however, a 128-bit wide kernel clocked at up to 88.1MHz

will be supported (or 64-bit wide kernel clocked at up to 176MHz). Again, this assumes

that one token of data is transmitted per cycle. Even if a computation kernel is not

constantly sending and receiving data on each cycle, these bandwidth limitations would

apply to any bursts of data that are transmitted. A kernel with a higher clock frequency

will not run at full capacity since the channel supplying the kernel is a bottleneck.

The OpenCL platform is also used and this is done mostly on a Nallatech 385 card

[4]. The Nallatech card contains an Altera Stratix V FPGA and the host system has

two Intel Core i3 CPU cores. The driver for the Nallatech card supports a bandwidth

of approximately 3.1GB/s (according to the specification), which is slower than the

bandwidth of the PCI-express channel that it uses, so a heterogeneous HPC application

based on this platform would also experience a bandwidth bottleneck. The bandwidth

on the Nallatech system was measured to be 2308MB/s. The OpenCL platform is used

on a heterogeneous CPU-GPU system too, with an Nvidia Quadro K4000 GPU and two



Background 23

Intel Core i3 CPU cores. The PCIe channel of the CPU-GPU system has a measured

bandwidth of 2990MB/s.

To tackle the bandwidth bottleneck on streaming systems, several different compression

methods have previously been implemented on FPGAs. Specific compression methods

are often required in different HPC applications that have been implemented on FPGAs,

due to the nature of the data that they handle and the data throughput involved. For

example, high throughput floating point hardware compression and decompression have

been design to be placed at either end of a Lattice Boltzmann Method (LBM) stream-

ing kernel to improve effective memory bandwidth. The bandwidth was the bottleneck

since the nature of the algorithm requires the kernel to transmit redundant data to/from

memory to parallelise the algorithm. One such example is a segment-parallel hardware

based implementation for streaming floating data by Sano[5], which achieved a com-

pression ratio of around 3.8. Another such implementation of hardware compression

to improve memory bandwidth for LBM accelerators was designed by the authors of

[6] and it achieved a compression ratio of around 3.5, hence a 3.5x increase in memory

bandwidth since the algorithm operates at line rate.

Similarly, sparse matrix vector multiplication is a memory-bound algorithm that could

benefit from compression. An algorithm [7] for compressing redundant non-zero data

using spare FPGA resources achieved average compression ratios of 1.14-1.40 and a

maximum ratio of 2.65. Image compression is also a common in FPGAs. An implemen-

tation of JPEG-LS compression for satellite images achieved a speed of 75 megapixels

per second [8]. It achieves a lower compression ratio than conventional JPEG com-

pression, but the fast nature of the algorithm is beneficial for transmitting data. An

HLS based video compression codec was implemented on an embedded system using a

combination of software and hardware [9]. This is a case of the software and hardware

working together to compress data, rather than data being transmitted between a soft-

ware entity and hardware entity. These compression methods are specific to the data

type being compressed and these are optimised for the specific algorithm for which they

were designed.

The benefit of implementations such as [5] and [7] mentioned above is that an improve-

ment in performance can be achieved without modifying the computation kernel. The

frameworks described in this report also function under the principle of not modifying
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the kernel but focusing the enhancements on the data channels to/from the kernel. How-

ever the emphasis of the work in this thesis is broader than purely accelerating memory

bandwidth-bottlenecked HPC applications by implementing state-of-the-art compres-

sion algorithms in hardware – but rather to use different compression algorithms to

demonstrate the capability of the proposed framework. The framework aims to en-

hance communication between software-hardware boundaries – with the potential for

non-compression based enhancements.

While the existing compression methods described above are specific for a certain ap-

plication and a certain type of data, some general purpose compression algorithms have

also been implemented on FPGAs previously. These include ZLIB, Gzip and several

LZ-based algorithms.

For example, the authors of [10] have built a streaming ZLIB decoder on a Xilinx Virtex

5 FPGA using RTL (VHDL). By converting a sequential software implementation of the

algorithm into a parallelised hardware implementation, they achieved a throughput of

125MB/s and a 2.83x speedup in the FPGA compared to a software implementation.

The authors of [11] made an optimised compression core, which performs on-the-fly

LZ-based compression and decompression with a higher throughput than existing im-

plementations (at the time) and also a lower resource usage. This implementation has

a throughput of 16MB/s.

The work in [12] is about a high performance and power efficient RTL design of the LZW

algorithm. The design achieved a compression bandwidth of 88MB/s and a decompres-

sion bandwidth of 160MB/s on a Xilinx Virtex 2 FPGA, and had a power consumption

of 333mW. When it was designed, its throughput was relatively high compared to the

commercial compression and decompression hardware accelerators of that time. An-

other implementation, this time of LZW decompression [13], achieved a throughput of

280MB/s on a Xilinx Virtex 7 FPGA. The authors of [13] designed their decompression

core to use limited resources, such that multiple instances of it can operate concurrently.

The authors of [14] and [15] describe a hardware implementation of the LZMA com-

pression on a Xilinx Virtex 6 FPGA. This implementation has a throughput of up to

16MB/s. Their aim was to improve performance and reduce power usage by using

hardware-based compression in comparison to software-based compression.
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Another popular compression algorithm is Gzip which is based on the Deflate [16] algo-

rithm. The work in [17] discusses a hardware-based implementation of Gzip for Internet

data compression services. This implementation achieved a compression bandwidth of

110MB/s and a decompression bandwidth of 306MB/s. The authors observed that this

improved the effective bandwidth of disk I/O (for downloads and uploads), accelerated

software programs and freed up CPU resources.

The authors of another paper have implemented a compression core [18] on a Xilinx

Virtex 6 FPGA to offload Gzip compression onto a hardware accelerator from the CPU.

They achieved an average compression throughput of 6.5MB/s and a peak throughput

of 166MB/s. The authors observed their compression core to operate at more than

twice the speed compared to an Intel Core i7. The data is transmitted to the FPGA

via PCIe using the Xillybus PCIe core [19]. Xillybus is a PCIe core which facilitates

data streaming to and from FPGAs across a PCIe channel on heterogeneous systems.

However, compression is not applied when transmitting data across the PCIe channel.

While it is important to note that some of these implementations were evaluated on

older technology (therefore they will be faster on newer technology), the ones evaluated

on older technology are at least an order of magnitude slower than the sorts of channel

bandwidths that are being dealt with in the heterogeneous systems that this thesis

investigates (2–3GB/s).

While general purpose algorithms are capable of achieving good compression ratios,

they are not necessary suitable for heterogeneous applications that require line rate

performance. For line rate compression in high-bandwidth streaming systems, a fast

compression speed is the most important factor rather than the compression ratio. These

existing implementations are not able to meet the line rate requirements of state-of-the-

art FPGA streaming systems.

Additionally, FPGA implementations of general purpose compression algorithms are

typically not designed to share the FPGA resources with another streaming kernel ap-

plication – instead, these implementations are designed to perform a particular compres-

sion algorithm as fast as possible (usually in comparison to a software implementation),

for the data to be transmitted elsewhere. The heterogeneous compression in this thesis

is intended to share the space inside the FPGA with a separate I/O bound application
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and also share the CPU resources. If an existing application is I/O bound (for exam-

ple, parallel applications with replicated kernels), then some of the resources that would

otherwise be used for this application could now be used to apply compression instead.

So this becomes a trade-off between resource usage and bandwidth.

Furthermore, an important aspect of the work done in this thesis is latency of com-

pression. In this thesis, the end-to-end latency is the time taken from the start of data

transmission from the source to the end of data transmission at the destination. In

the special case of duplex transmission, the source and destination are the same and

the end-to-end latency will be the round-trip time. When compression is inserted in

the middle of a data transmission instance, it adds an additional stage of computation

which will add to the end-to-end latency, and the design of the framework in this thesis

aims to minimise the latency. This is one of the main considerations of the work in the

thesis. It is similar to how compression would be applied in networking applications.

Many of the existing implementations of compression are not aimed at such situations,

and their primary consideration is the total throughput achieved.

There have been attempts at compression targeted at high-bandwidth FPGA applica-

tions. The Titan-R [20] hardware compressor core was shown to perform the LZ277

algorithm at 1096MB/s. This implementation makes use of fine-grained pipeline par-

allelism and exploits the high-speed on-chip block RAMs to perform compression at a

high throughput.

The work in [21] describes an LZ277 compression core for multigigabit networks; two

variations of it were shown to have a throughput of 1113MB/s and 1173MB/s. This

implementation is a high throughput architecture that is applicable to a wide range

of network technologies and interfaces. The compression reduces the usage of network

bandwidth such that multiple applications can use the network bandwidth – and it is

common in networking infrastructure for multiple applications to share bandwidth.

The work in [22] and [23] present the X-MatchPRO lossless data compressor which

has an internal throughput of 100MB/s and a duplex compression and decompression

performance of 200MB/s. It is implemented on a A500K130 ProASIC FPGA and it

is specifically targeted gigabit data networks and storage applications. Following this,

an improved version [24] of it has an internal throughput of 200MB/s and a duplex

combined compression and decompression performance of 400MB/s.
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The work in [25] describes applying LZSS (based on LZ277) compression when logging

stream of data in embedded networking applications. Compression is performed on-

the-fly at up to 52MB/s on a Xilinx Virtex 5 FPGA. The performance is achieved by

exploiting the independently addressable nature of dual-port block RAM in the FPGA

to speed up the processing of data.

A high throughput streaming implementation of the lossless 842B algorithm is discussed

in [26]. This implementation has two compression and two decompression engines run-

ning in parallel and it was measured to have a duplex compression and decompression

throughput of 2723MB/s. It achieved a 13.6x speedup compared to a reference software

implementation. This algorithm has duplex bandwidth that exceeds the bandwidth of

the channel and is relatively small in terms of hardware resource usage. If a sufficiently

fast software version of the algorithm is also available, then this is the only existing

algorithm that would work across a software-hardware channel on a streaming system.

The others do not have any corresponding software implementations.

A previous investigation that is quite relevant to the work discussed in this thesis is

[27] which is a quantitative analysis of heterogeneous CPU-FPGA platforms. They

investigate the newer QPI-based Intel HARP platform (Stratix V) and the PCIe-based

Alpha Data board (Virtex 7). HARP is a modern heterogeneous platform where both

the host processor and FPGA share a common address space. Most heterogeneous

platforms, on the other hand, have separate memory for the host program and the

hardware accelerator, requiring memory to be copied between the host memory and

hardware (unless they are SoC platforms). This is particularly useful where the hardware

accelerator has to perform multiple iterations on the data that is on the memory of the

FPGA card. However, where large amounts of data has to be transmitted across PCIe,

the transmission proves to be a bottleneck. The systems used in this thesis are of the

latter type, where the software and hardware have separate memories. Unfortunately a

heterogeneous system of the former type was not available to us for comparison. The

authors observed it is not possible in practice to achieve the advertised PCIe bandwidth.

For example, for a PCIe channel with an advertised bandwidth of 8GB/s, the measured

bandwidth was only 1.6GB/s. The investigation on the platforms used in this thesis had

the same issue, though the discrepancy was not quite as bad. So there is a strong case to

use compression when transmitting data across PCIe, when the achievable bandwidth

is lower than advertised.



Background 28

The work in [28] proposes an architecture of a parallel array of pipelined Deflate [16]

compression engines for high throughput compression on an Intel HARPv2 platform

with an Altera Arria 10 FPGA. The hardware accelerator kernel achieved a throughput

of 12.8GB/s and a compression ratio of 0.49. The end-to-end compression through-

put across the entire system achieved a speed of 3.9GB/s on the HARP platform and

10.0GB/s on the HARPv2 platform. These are heterogeneous platforms and a notable

difference between these and the platforms that this thesis works with is that the FPGA

card on HARP/HARPv2 can directly access the host system memory. Though the study

in [28] is performed on a heterogeneous platform, it must be noted that compression here

only happens within the FPGA where it reads uncompressed data from the host sys-

tem memory directly. Compression is not used when data is read from the host system

memory in [28], so this is somewhat different from the way compression is applied in

this thesis.

The work in [29] by Microsoft discusses an HDL implementation of LZ277 and Huff-

man coding with a throughput of up to 5.6GB/s. This is one of the highest hardware

compression throughputs in existence today. The paper also discusses the compromise

between achieving a good compression ratio and minimising chip area usage – com-

pression algorithms which give better compression ratios tend to occupy a larger chip

area.

A study in [30] discusses the use of FPGA accelerators in big data computing systems in

data centres, and the challenges that companies face in deploying FPGA based accelera-

tors in their data centres. The paper discusses the Blaze framework, which simplifies the

process for the software programs in data centres to access FPGA accelerators. Exper-

imental results showed an improvement in both data throughput and energy efficiency

in comparison to using only CPU-based computation.

The work in [31] describes a multi-engine hardware implementation of the Xpress9 [32]

compressor by Microsoft, on an Altera Stratix V FPGA. The implementation is tested

on a heterogeneous system, data is transmitted to the hardware via PCIe and the com-

pression is performed using hardware since it has a faster computational speed than

software. With 7 compression engines, the implementation achieves a throughput of up

to 307MB/s. Compression is not used for the transmission of data between software and

hardware.
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Table 2.1: Comparison of some existing techniques against the framework discussed
in the first chapter of this report.

Feature Deflate [28] 842B[26] FPGA2[33]
Threaded
decomp[34]

Chapter
one

Line rate
compression

Yes Yes No No Yes

Line rate
decompression

No Yes No Yes Yes

Software No No No Yes Yes

Hardware FPGA FPGA
FPGA
GPU

No FPGA

Homogeneous Hardware Hardware No Software
Software
Hardware

Heterogeneous No No Yes No Yes

Platforms similar to what is discussed in this report have been developed in other re-

search, albeit to perform different functions. Such a platform is FPGA2 [33], which is

a framework for simplifying communication between FPGAs and GPUs via PCIe on

heterogeneous hardware accelerators. The FPGA-GPU framework enables easy data

transfer between a GPU and FPGA without the need for a large amount of coordina-

tion by a CPU. This is unique in the sense that most heterogeneous systems tend to

couple a CPU with either a GPU or FPGA, but not both of them together.

Table 2.1 compares some of the existing methods discussed above with the method dis-

cussed in the first chapter of this thesis. The methods listed in the table have some

of the qualities (but not all) that the work discussed in this thesis achieves. For ex-

ample, the Deflate [28] FPGA implementation is a general compression method, and it

is currently the fastest hardware compression implementation in existence today, but

it does not have an equally fast corresponding software version for it to operate on a

heterogeneous system. The 842B algorithm [26] is a high-bandwidth hardware imple-

mentation, but it is not a general platform and it is not designed for heterogeneous

systems. The general compression platform which allows multiple compression methods

and parallel compression to be used [34] is only applicable to software systems and only

its decompression is fast enough to operate at line rate. FPGA2 [33] is a framework for

communication between GPUs and FPGAs across a PCI-express channel. However, it

does not provide compression. Out of the existing work discussed above, none of them

provide a high-bandwidth framework for heterogeneous CPU-FPGA systems.
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The framework discussed in this thesis could provide a benefit to homogeneous software-

software and homogeneous FPGA-FPGA systems too (as shown in Table 2.1), though

this has not been tested in this thesis. There are other compression algorithms in ex-

istence that are specifically optimised for homogeneous software or homogeneous hard-

ware applications. The compression techniques that are investigated in this thesis are

optimised for heterogeneous applications, so directly applying them to homogeneous ap-

plications may not provide the same level of benefit that could occur if the compression

techniques were optimised for homogeneous applications.

Parallel compression has been implemented previously, but not for transmitting data be-

tween hardware and software in heterogeneous CPU-FPGA applications. Often, many

of the hardware implementations mentioned above have been tweaked, specially opti-

mised and piepelined to operate at a high-throughput. Sometimes, there are efficient

implementations in software of particular algorithms, but no corresponding efficient im-

plementation in hardware, normally as a result of loop dependencies making hardware

parallelisaton difficult. In other cases, there are efficient implementations in hardware

through massive parallelism, but there is no efficient implementation in software. Even

if there are efficient implementations in both hardware and software of particular com-

pression algorithms, the challenge is then, whether or not it is possible to combine a

hardware and software implementation to work together for online compression (such as

the software compression that would happen during data transmission across a network).

One such implementation of parallel compression is a framework [34] that provides an

API to incorporate multi-threaded data retrieval and decompression (including a vari-

ety of compression and decompression algorithms) into an existing application. Multi-

threaded retrieval and multithreaded decompression of data is sufficiently fast to operate

at line rate in this design, and it can be used to transmit or retrieve data from local

and/or remote storage. Besides multithreading, it also uses prefetching and caching of

data to improve the performance.

The work in [35] is an proposal that allows parallel compression of floating point data to

be applied to reads and writes on certain types of HPC software applications. It allows

an existing simulation program to output and store data in a compressed manner and

it allows a data analysis application to read compressed data. Parallel compression of

floating point data for reads and writes on HPC software applications for data analysis
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and simulations on big data showed a speedup of up to 1.83 and an average speedup of

1.36.

The Massively Parallel Compression (MPC) [36] algorithm for GPUs is designed for large

amounts of floating point data. The authors built this algorithm since most commercial

compression algorithms (at the time) were not for suitable for parallel execution. Com-

plex algorithms such as prediction or dictionary-based methods have a large amount of

internal state and are therefore impractical to parallelise. MPC achieved parallelism by

using a compression technique with limited internal state, such that it is easier to par-

allelise by breaking up the data into smaller segments. It achieved a good compression

ratio on different data sets which was comparable to the best CPU-based algorithms

at the time and outperformed the CPU versions by one or two orders of magnitude in

terms of throughput.

2.1.1 Rent’s Rule

Bandwidth is set to become an even greater challenge in the future. As circuits become

more complicated, the transistors become smaller and the number of gates in the circuit

will increase. However, the number of connections between a particular group of gates

and the rest of the system will not increase proportionately [37]. In the extreme case

where the set of gates covers all the gates on the chip, then the number of connections

with the external system will be the number of pins on the chip.

The number of physical pins on the chip does not increase proportionately with the

number of gates. On architectures with a large computing power, this could result

in the computation consuming and/or producing more data than what the external

connections are capable of handling. Other means of transmitting sufficient amounts of

data to/from the chip need to be considered if the I/O does not increase proportionately

with the complexity of the circuit. Therefore, there is a strong case for compression on

such circuits, and the case becomes ever more stronger as transistors become smaller.
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2.2 Adaptive Compression

We have just discussed a number of generic and application-specific compression tech-

niques. Moving on from what was discussed earlier, systems could be optimised to use

what we describe as adaptive compression. This means that the compression codecs

could alter their parameters on-the-fly to adapt to the nature of the data being trans-

mitted. For example, if highly entropic data were being transmitted, compression would

not be effective and it would be useful to transmit raw data to avoid a loss of speed.

The bandwidth limitations on input/output are an issue across all parallel computing

applications in general, and adaptive compression is sometimes used in software-based

computing applications.

An example of adaptive compression in software is the Prediction-based Auto-Adaptive

Compression Model (PACM) [38], to optimise storage and performance by adaptively

switching between multiple compression algorithms based on the number of packets in

the transmission queue. There is an ongoing need to reduce storage space and speed up

transmission in big data applications. In applications where large amounts of data are

handled, it is not uncommon for the workload and data format to change. When this

happens, using a single compression algorithm becomes ineffective. By using PACM,

the authors observed a 2-5x improvement in write throughput. When there are a large

number of packets in the queue awaiting transmission, the compression algorithm will

change to one that has a slower speed but better ratio. If the queue is empty, the

algorithm will change into one that has a higher compression speed, albeit with a worse

ratio. While the work in that paper does not claim PACM to be suitable for line rate

applications, it does discuss an increase in throughput so it may have the potential to

work in line rate applications.

Adaptive compression is also useful in scientific applications where large volumes data

are produced, transmitted and stored. A major challenge that applying compression

encounters in scientific applications is that data is often highly entropic. When dealing

with large volumes of highly entropic data that is common in scientific applications, it is

difficult to compress using general purpose methods. In such cases, there are specialist
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compression methods such as In-Situ Orthogonal Byte Aggregate Reduction Compres-

sion (ISOBAR) [39], which is designed for floating point data in scientific applications. It

optimises compression at byte-level when it encounters data that is difficult to compress.

A platform called the Adaptive Compression Environment (ACE) [40] applies on-the-

fly compression to a communication stream to improve network transfer performance.

It works by trying to predict the compressed and uncompressed data transfer time for

32kB sized blocks of data. It automatically selects a compression method that best suits

the technology, current performance and nature of the data. It takes into consideration

the underlying networking technology and the characteristics of the data to determine

the type of compression to apply. It was observed to perform better than some common

compression techniques such as Bzip, ZLIB and LZO.

An FPGA implementation of an adaptive compressor called Adaptive Range Coding is

discussed in [41]. This is a variation of the adaptive range coding algorithm used by

the 7-zip compressor. It uses parallelisation on the FPGA and achieves a compression

throughput of more than 50MB/s on a Virtex 5 FPGA. It must be noted that although

this algorithm is described as adaptive, it is not adaptive in the sense of it being a

platform that switches to different compression methods. Rather, it is adaptive in the

sense of being able to adapt to the frequency at which certain letters occur in text. This

compression throughput is not sufficient for our application, since the data channel that

we use already has a bandwidth of over 2GB/s.

Other work includes adaptive compression algorithms, such as one which proposes two

adaptive video encoding algorithms for selecting different Discrete Cosine Transform

coefficients for compacting different blocks of a video to achieve better compression [42],

though it does not discuss the equipment used for testing or whether the algorithm has

any line rate capability. The work discussed in [43] proposes two more similar algorithms

for video encoding, the most interesting of the two being one that dynamically finds the

best coefficients and transform for the current block of data based on that of all the

previous blocks. However, there is no discussion on whether such an algorithm would

work at line rate and it does appear to be too computationally intensive to operate at

line rate.
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Table 2.2: Comparison of existing techniques against one of the frameworks discussed
in this report

Feature
Chapter

3
ACE
[40]

Video
Comp
[43]

Adaptive
Range
Coding
[41]

PACM
[38]

Chapter
4

Line rate Yes Yes Unknown No Yes Yes

Software Yes Yes Yes No Yes Yes

Hardware Yes No No Yes No Yes

Multiple codecs No Yes Yes No Yes Yes

Heterogeneous Yes No No No No Yes

Adaptive No Yes No Yes Yes Yes

Datacomp [44] is yet another adaptive compression platform, which transparently per-

forms compression using a library provided by the platform where it can transmit com-

pressed or uncompressed data depending on the compressibility of the data. The paper

discusses how existing adaptive compression systems are not ideal for general purpose

computers. It also uses wrappers to support arbitrary compression methods and allows

the compression strength to be varied.

Table 2.2 compares some of the methods discussed above with what is proposed by this

thesis. The methods in the table have some of the features that the work in this thesis

achieves, but not all. For example, in Chapter 3, the work which was published in

[45], discusses a framework that performs line rate compression between software and

hardware, but the compression is not adaptive and it cannot be changed at run-time.

The video compression techniques described in [43] are a useful comparison since it

dynamically changes the coefficients of an algorithm. Adaptive Range Coding [41] is

the only FPGA implementation that had some degree of adaptivity, though it is not

adaptive to the extent of our proposal and it is not fast enough to work at line rate.

ACE [40] and PACM [38] actually switches between different compression algorithms,

but it is not applicable to hardware.

There are several compression algorithms discussed above that are adaptive to the data

being transmitted aimed at meeting the massive storage and bandwidth demands of

today’s applications. Some of the existing work discussed above demonstrates that

combining multiple algorithms to achieve the best possible compression (in terms of

ratio and/or throughput) is an effective method. However, there is currently only one

implementation that is applicable to heterogeneous systems, and that one is not adaptive.
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2.3 Alternative Applications

Another platform that was explored in this research is OpenCL. It is another platform

useful to build the sort of heterogeneous systems. This differs from Maxeler in the sense

that it is a non-proprietary, open platform that can be applied systems involving CPUs,

GPUs, FPGAs and SoCs [46]. The authors of [46] have carried out a thorough investiga-

tion of some of the platforms used in state-of-the-art heterogeneous computing, including

how they offer high performance computing at a lower cost compared to CPUs. Like

Maxeler, OpenCL provides an API for data transmission and communications between

the different components of a heterogeneous system.

OpenCL gives the programmer a large degree of control over the types of memory that

are used by computation kernels and a number of different ways to parallelise hardware

implementations. It differs from a streaming system such as Maxeler, so it has different

ways of managing the order of data being processed.

The authors of [47] have implemented low power, high-speed Gzip compression with

a throughput of 3GB/s using OpenCL on a Stratix V FPGA. They found that the

OpenCL implementation is only 5.3% slower than a commercial implementation of Gzip

using Verilog, using 2% more logic and 25% more on-chip block RAM than the Verilog

implementation.

2.4 Networking

A related problem is network bandwidth and there is an analogy between the layers of

abstraction in networks and the framework that this thesis describes. We work with

an HLS tool which abstracts away many details of the function of the FPGA kernel

and its communication across the CPU-FPGA data channel. In general networking,

there are several layers of abstraction, such as routing, packetisation, data frames and

raw bits at the hardware level, and data segmentation, encoding and high-level APIs at

the software level. In software, our framework functions at the encoding level and in

hardware it functions on the packetisation and raw bit levels.

Networking often involves the transmission of large amounts of data between computers

in a setting which is tolerant to latency. The heterogeneous CPU-FPGA platform we
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work with is also designed for the transmission of large amounts of data in latency-

tolerant applications.

The work in [48] describes a network of interconnected FPGAs and how a design can

be partitioned across this network, taking into account the propagation delays of the

channels between the FPGAs. In a different project [49], a quad-FPGA ring-based

network was implemented, with the scalability of functioning with even a larger number

of FPGAs. The quad-FPGA platform was evaluated on the BEEcude BEE3 computing

platform. The aim of such homogeneous FPGA systems is to distribute the architecture

across a number of smaller, cheaper FPGAs without needing to fit the entire architecture

on a single, large one. These are homogeneous systems, and therefore quite different from

the sort of systems that this thesis investigates. However, the framework proposed in

this thesis could potentially be applied to inter-FPGA communication too.

Both of the major vendors, Altera and Xilinx, have SoCs where the programmable logic

and the on-chip CPU are tightly coupled. This allows applications to exploit both the

FPGA’s parallel computation capability and the CPU’s sequential capability. The work

in [50] explores methods to reduce end-to-end latency in a heterogeneous CPU-FPGA

framework on a Zynq System-on-Chip (SoC) through distribution of sequential and

parallel computation across the on-chip CPU and the FPGA fabric respectively. The

work that we do using compression is also aimed at reducing the end-to-end latency on a

heterogeneous CPU-FPGA system, but the system we work with uses separate hardware

chips for the CPU and FPGA instead of a SoC. The overheads of transmission between

different chips are higher than within the same chip.

Data compression using FPGAs can be implemented to compress data for Ethernet

communication, since Ethernet is often a bottleneck in network communication. For

example, the C4 algorithm discussed in [51] was implemented on Xilinx Virtex 7 FPGA,

and the authors found a reduction in data transfer time of up to 52.5%.

Project Catapult [52], the accelerator cloud by Microsoft, is a good example of a data

centre network. FPGAs are placed between the servers and the network switch(es), such

that all data traffic to/from a server is transmitted through the FPGA. Any operations

that the FPGA performs on the data will be done at line rate.
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In the type of applications we deal with, we treat the data as a continuous stream

and choose the granularity by specifying the size of the segments. These segments can

be compressed and decompressed at line rate in the same way as it is done for video

compression in networking. Similarly, the sort of framework discussed in this thesis

could be potentially applied to a cloud computing platform such as Project Catapult,

if the codecs are applied on a stream of data as it is transmitted through an FPGA.

It must be noted that in the hardware we work with, there is already a fixed level of

granularity (PCI-express used 128 bits) – but the level of granularity introduced on top

of this by the framework that we design uses much larger segment sizes (32KB to 2GB).

2.4.1 Bitstream Compression

Another common application of compression in FPGAs is bitstream compression to re-

duce the configuration time and memory storage requirements. Bitstream compression

is not investigated in this thesis, but some discussion of it is included in this section for

completeness, and some observations from the papers are relevant to streaming com-

pression in general.

The work in [53] and [54] discuss bitstream decompression to improve FPGA configu-

ration time by improving the effective bandwidth of nonvolatile configuration memory

for applications that use runtime reconfiguration. An important observation to note

from these two papers is that achieving a good average compression ratio is not always

effective in the event that the worst case compression ratio is very bad. The parts of the

bitstream where the worst case compression ratio occurs will occupy a disproportionately

large amount of time during transmission and the configuration memory bandwidth will

not be fully utilised. As a result, the authors proposed that limiting the worst case

compression ratio should be prioritised, even if the best case and average compression

ratio becomes slightly worse, because this will result in a faster throughput overall. This

would be true across line rate compression in any application, and not just for bitstream

decompression.

As noted by [55], the size of FPGA configuration bitstreams is increasing as the com-

plexity of FPGAs increase. Applications where runtime or partial reconfiguration is

used pose an even greater challenge. The memory storage requirements are not insignif-

icant for multiple bitstreams [56], and the configuration time can have an impact on the
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overall performance of an application if the configuration is too slow. Several lossless

compression techniques, such as those discussed in [55] and [56] exist to mitigate both of

these problems. Bitstream decompression algorithms must operate at line rate to ensure

that the configuration happens sufficiently fast. The novel decompression algorithm in

[56] has a throughput of up 400MB/s on a Zynq FPGA. Other algorithms can also be

used, such as the pipelined decompression algorithm discussed in [57], which is based

on LZ277 and Bitmask-based Compression (BMC). On a Xilinx Virtex 5 FPGA, the

decompression achieved a throughput of 212MB/s.

2.5 Design Time and Run Time

The work in [58] and [59] discuss how HLS tools are used to reduce the design time/effort

of a system and increase the productivity of the system designer, since the effort of

the designer is very high when using RTL. The hardware kernel(s) of a heterogeneous

streaming system will perform fastest (highest possible frequency) if it is designed at

RTL by a skilled system designer, but this is not a practical option for large, complex

systems due to the effort and time required. The work in [58] present case studies on

the application of Xilinx Vivado HLS. It investigates how HLS, while reducing the effort

of HDL design, also allows flexibility in the final hardware, that allows the programmer

to meet various design constraints. While the work in this thesis does not specifically

target HLS applications, one of the goals is to improve performance using the conceptual

framework, without the programmer having to do a complex RTL implementation of

compression.

The overheads of the high-level abstraction provided by HLS tools often results in the

generated hardware consuming more chip area and having a lower maximum operating

frequency than hardware that would be written by RTL code.

The slower performance of hardware generated by HLS tools is essentially a trade-off

between design time and run time. Designing at a higher level of abstraction generally

results in a faster design time albeit a slower run time.

Our work is based on the same principle. We use a high-level abstraction to incorporate

additional features into streaming systems, to reduce the burden of RTL design on the
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system designer. The additional features that we are adding are those which existing

HLS tools do not provide.

2.6 Power Consumption

Unrelated to the above, it must be noted that the framework making use of spare

resources will may cause an increase in power consumption, largely from the extra CPU

activity taking place and marginally from the increased FPGA resources. However, this

work is based on the assumption that the power supply is not limited and so the power

consumption is not investigated in this thesis.

There is an existing implementation called Compressed PCI-express (CPCIe) [60], which

is a PCIe core that contains a transparent layer of compression and it is based on the

Xillybus PCIe core [19]. CPCIe uses the X-MatchPRO [24] compressor and decompressor

and provides an API on the software side for streaming data to and from the FPGA

kernel. The motivation behind this paper was the issue of PCIe causing a bottleneck

that limits acceleration in memory-bound applications. CPCIe focuses primarily on the

reduction in power consumption achieved by having to transmit fewer bits as a result

of compression and it demonstrates notable reductions in power. It achieved an energy

reduction of 84% during PCIe transfer and up to 20% in the whole processing chain as

a result of the reduction in the number of bits that need to be transferred across the

PCIe channel. It has a throughput of up to 800MB/s [61], which is still slower than the

bandwidth of the PCIe channel that we work with.

2.7 Summary

This chapter has discussed heterogeneous FPGA streaming systems, some of the chal-

lenges that they face and existing attempts to tackle these. We have also discussed how

HLS tools are used to design streaming systems along with the benefits and drawbacks

of implementing systems by using such tools.

Previous attempts to simplify communication across channels, including PCI-express

have been discussed. Attempts to tackle the bandwidth bottleneck without making

changes to existing kernel code have also been discussed.



Chapter 3

A Multi-codec Platform to

Enhance Data Channels in FPGA

Streaming Systems

3.1 Introduction

This chapter describes a framework to add compression by using extra CPU cycles on

the software side and extra FPGA resources on the hardware side of the channel in

heterogeneous streaming applications. Adding compression in this manner can mitigate

the bandwidth bottleneck by increasing the effective bandwidth of the channel between

the CPU and FPGA. This chapter demonstrates how multi-threaded compression on the

software side and pipelined codecs on the hardware side can be used to apply line-rate

compression to data that is being transmitted across the channel.

The framework is applied to a Maxeler system, a commercial high-level synthesis (HLS)

platform for building heterogeneous streaming applications. This is an appropriate plat-

form since large amounts of data are often transmitted between the CPU and FPGA

on applications typically built using this platform. It is also a good example of an HLS

tool, since such tools are often used to design hardware accelerators. Such applications

have traditionally been built at Register Transfer Level (RTL), but the time taken to

use RTL to develop pipelines and coordinate data flow is becoming prohibitive due to

the increasing complexity of FPGA architectures. HPC programmers (kernel designers)

40
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now use high-level synthesis (HLS) tools to handle low-level aspects such as instantiating

and re-timing pipelines in hardware kernels. In such tools, the high-level compiler will

generate RTL code based on the high-level code written by the programmer. HLS tools,

while increasing the productivity of the programmer who uses them, have the drawback

of limiting the user of the tool to using the high-level language and library primitives

provided by the tool. The kernel designer is restricted to using the language and li-

brary primitives provided by the tool to describe logic, arithmetic and stream control.

The primitives provided by the tools are not always sufficient to resolve challenges that

modern streaming systems face. The kernel designer must revert to an RTL description

in order to implement additional features that are not included in the basic streaming

services provided by the tool.

Since HLS tools cannot easily address the bandwidth issue, this chapter describes a

framework that aims to tackle the issues that are currently faced by systems built by

such tools.

Hence, the contributions of this chapter are:

• A multi-threaded framework to apply compute-intensive codecs to a segmented

data stream by using extra resources in software and hardware for high-bandwidth

applications.

• A concrete implementation of the framework in a commercial platform using C

code on the CPU side and OpenSPL code on the FPGA side.

• A model for predicting the end-to-end transmission latency when the framework

is applied to a streaming system.

• Evaluation of data transmission performance across a bandwidth limited PCI-

express channel on a heterogeneous system with 4 compression codecs showing up

to 1.58x speedup for lossless compression (an increase in the total I/O bandwidth of

the channel from 2690MB/s to 4256MB/s) and 1.85x speedup for lossy compression

(an increase in the total I/O bandwidth from 2690MB/s to 4973MB/s).

• A comparison of measured values with model-predicted performance for different

codecs.
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Section 3.2 provides a detailed description of the framework proposed in this chapter.

Section 3.3 gives specifications of the codecs that are used in the framework. Section

3.4 discusses the technical details of how the system is built. Section 3.5 describes a

mathematical model to predict the performance of streaming systems operating under

this framework. Section 3.6 evaluates the performance of the framework on a commercial

platform when different codecs were applied to streaming systems.

3.2 Proposed Framework

As discussed in the Background chapter, various work has been done by other researchers

to tackle the bandwidth bottleneck on streaming systems such as FPGA2 [33], which

aims to implement a general framework, though it is not suitable for line-rate, heteroge-

neous CPU-FPGA systems. Parallel compression has also been implemented previously

as discussed in the background section, but not for heterogeneous applications that

involve FPGAs.

While compression methods and other enhancements exist, they are difficult to apply to

a heterogeneous streaming system at in line rate, as discussed earlier. It would be useful

to bring the benefits of these enhancements to the user without adding a significant

amount of complexity. Therefore, a new general framework which supports such codecs

is required, which will:

• Allow the HPC programmer to apply software and hardware codecs to the data in

a streaming system without major changes to HW and SW.

• Make use of unused/extra resources in software and hardware.

• Enable other independent programmers to incorporate new codecs into the frame-

work through its extensible nature.

The nature of the system which the framework is applied to is also important. The

framework makes the following assumptions about the characteristics of the system:

• The input (writing) and output (reading) of the data channel in the system are

decoupled and independent of each other.
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Table 3.1: Variables for Equation 3.1

Name Unit Description Typical value

fk MHz kernel clock frequency 200

wk bits kernel bus width 64

c - compression ratio of segmented compression 0.6

rch s/MB line rate or channel data rate 0.0005

1/rch MB/s channel bandwidth 2000

• The data channel of the system has a natural granularity.

• The system is tolerant to latency.

These assumptions are reasonable since there are many such data channels in real-

life applications which have these characteristics, such as the Maxeler Low Latency

interface, Maxeler MaxRing, RAM input/output, Avalon and AXI. Such properties of

data channels are also common in networking which is why the analogy to networking

has been used.

The framework enables the HPC programmer to add codecs by using idle CPU cycles

in software and extra FPGA resources in hardware. The data to be transmitted is split

into segments for multiple threads to process different segments and each segment is

processed by a software pipeline of codec threads: compression; kernel transmission and

decompression. This allows the interleaving of compression, transmission and decom-

pression on the CPU, and it also allows the use of multiple compression threads to speed

up software compression. Codecs must operate faster than the channel data rate in or-

der for compression to achieve a speedup. The codec computations should be performed

at a speed greater than or equal to the kernel/software computation and existing data

transmission (i.e. line rate). Otherwise there will be a loss in computation speed. If c is

the compression ratio, fk the kernel frequency, wk the kernel bus width and rch the data

rate of the PCIe bus via which data is supplied to the kernel, the following condition

must be satisfied in order for the channel not to be a bottleneck (Table 3.1 defines the

variables):

fk × wk ≤
1

rchc
(3.1)
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Figure 3.1: Block diagram of the original system before a codec is applied.

The framework is not expected to be suited to every single possible application – it will

be more suitable for applications which involve transmission of large amounts of data –

where the latency of the pipeline is negligible compared to the end-to-end transmission

time.

Fig. 3.1 shows a block diagram of what a heterogeneous streaming system looks like

without any codecs. Fig. 3.2 shows what the modified system would look like when

compression and decompression are applied in both software and hardware. Fig. 3.3

shows what the modified system would look like when multiple threads in software are

used when applying compression and decompression.
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Figure 3.2: Block diagram of the
system when a codec is applied. The
green blocks represent the spare re-
sources used by the codec and the
blue blocks represent existing in-use

resources.
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3.3 Codecs

To demonstrate the framework, a set of codecs are applied to the data in a streaming

system, leaving the original software and hardware intact, and performance is evaluated.

When different codecs performing various transforms are designed to be added to the

data transmission interface, all the codecs, both on the hardware and software side must

have some common properties.
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The codecs on the hardware side must meet certain conditions:

• They must be pipelined in hardware to operate at line rate.

• They must only occupy a small amount of FPGA resources.

• They must have a streaming input and output.

The codecs on the software side must also meet certain conditions:

• They must be multi-threaded to process segmented data at line rate.

• They must be able to push and pop data segments to and from a queue.

• They be fast enough to operate at line rate.

It is not expected that the compression codecs will achieve the best possible compression

ratio, but rather it would demonstrate that it is possible to achieve a noticeable improve-

ment in speed or to add other features while minimising deterioration in performance.

It should be possible to apply a range of different compression methods, so a number of

special purpose codecs are used. The methods to be tested are:

• Integer delta compression – where differences between adjacent values in data are

computed and represented using fewer bytes.

• Lossless floating point compression – where zeroes in sparse floating point data are

packed into a single byte.

• Lossy double precision – where 64-bit floating point numbers are converted to

32-bit floating point numbers.

• RGB32 to RGB24 conversion – where the alpha channel in RGB data is omitted.

The reader will note that these algorithms appear to be very straightforward. While

there are plenty of existing sophisticated compression algorithms, it is not common for

them to work efficiently in both software and hardware, and it is not common for the

implementations to be fully compatible with each other. Codecs such as Huffman Coding

were considered. Maxeler has strict requirements on granularity when transmitting data
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across the channel, and Huffman Coding will likely result in data sizes that do not fit into

the correct granularity. While the codecs used in this chapter are not complex in terms

of their operation, and they were intentionally chosen to allow the above conditions

to be met. The simplicity of these algorithms allows them to operate at line rate in

software and hardware, without occupying a large amount of chip area. Additionally,

they do not have extreme best-case or worst-case compression ratios. This is particularly

important, since compression that has have very bad worst case ratios can have negative

effects on performance, even if their average compression ratio appears to be reasonable,

as shown by the implementation of bitstream compression discussed in [54]. Having a

small resource usage is also useful if it is necessary to replicate the compression codecs

to fill larger amounts of chip area in highly I/O bound applications (though this is not

investigated in this report).

These codecs are not an exhaustive list of what would be applicable through the using the

conceptual framework that is proposed. These are special-purpose codecs, and general-

purpose codecs such as run-length encoding could also be applied, though it has not

been tested. This has been discussed in the future work section.

3.3.1 Delta Compression

This delta compression codec compresses 64-bit integers and it is designed with the

granularity of PCIe in mind. Initially, it calculates the differences (delta values) between

adjacent values in the data to be transmitted. The delta values are then checked to see

whether they are small enough to be represented using fewer bits. If two adjacent 64-bit

delta values are sufficiently small, they are both reduced to two 30-bit numbers and they

are stored in a 64-bit packet. This gives a best-case compression ratio of 0.5. There is

a single bit at the start of the packet to indicate whether or not it is compressed. If the

delta value is not small enough to be compressed, the number is transmitted as 64-bit

packet and another 64-bit packet is created which stores metadata to indicate that the

data is not compressed. So this will occupy 128 bits of data in total and it gives a

worst-case compression ratio of 2. The hardware bus width is 64 bits, and the compiler

automatically inserts buffers to handle the discrepancy with the native PCIe bus width

of 128 bits. Delta compression is suitable for smooth data.
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3.3.2 Lossless Floating Point Compression

This codec compresses single precision floating point numbers. It works by initially

checking the first byte in each element in the block of data for zero values, and then

representing them using a single zero byte instead of the original 4 bytes. If the number

is non-zero, the original number is kept. At the start of the block of data, there will be a

64-bit header indicating the number of floating point values in the encoded block of data.

Packetisation is not manually done for this codec, but it is automatically handled by the

granularity of PCIe. This is almost lossless with the exception that denormal numbers

are represented as zeroes by this compression algorithm. MaxCompiler does not support

denormal numbers, so removing denormal numbers and replacing them with zero will

not cause problems. In the event that data is not compressible, expansion happens as

a result of the metadata that is present in the stream. The best case compression ratio

of approximately 0.25 will occur if all the numbers are zero, such that each of them

will be reduced to a single byte. This assumes that the size of the block of data being

compressed is significantly larger than the 64-bit header. The worst case compression

ratio depends again on the size of the data block being encoded. If the block of data is

much larger than the header, then the compression ratio will be slightly above 1, due

to the presence of the header. When decompressing, a byte of data is checked to see

whether or not it is zero. If it is zero, it will be expanded to a 32-bit floating point zero.

If the byte is non-zero, then 4 bytes will be read from the encoded data.

3.3.3 Lossy Double Precision

Lossy double precision converts from IEEE 64-bit floating point to IEEE 32-bit floating

point, hence a fixed compression ratio of 0.5. The mantissa gets truncated so precision is

lost. In the event that there are not enough bits in the exponent to represent the number

when it is converted (i.e. overflow), the floating point number is set to infinity. This

is a major trade-off of precision for performance. A loss of precision such as this could

be acceptable in neural network applications or some Monte Carlo simulations. It could

also be suitable for signal processing applications such as FIR filters or Gaussian blur.

When converting from double precision to single precision, another issue that arises is the

reduced dynamic range. Lossy compression would therefore not be suited for applications

that exceed the dynamic range of single precision floating point. The software raises an
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exception where the exponent is too large. The hardware can be designed to raise an

exception too, though it was not done in the particular implementation used in this

chapter (a commercial version will need to have this).

There is the counter-argument, that the entire application should then be implemented

in single precision floating point, and there is no point converting the single precision

back to double after it has been transmitted. There would indeed be nothing wrong

with doing that and this is something that was considered. However, the work in this

chapter is based on the idea that the original computation in the kernel is not modified

– it may well be modified in other cases, if it proves to be a more sensible solution than

compression. For example, if the programmer wants to test if their kernel produces

accurate results at all using single precision data, it may be worth using this framework,

instead of rewriting the kernel to test it.

3.3.4 RGB32 to RGB24 Conversion

RGB32-RGB24 omits the alpha channel in image processing applications, hence it gives

a compression ratio of 0.67. Pixels that would normally be represented using 32 bits

will be represented using 24 bits. The 24-bit data is placed contiguously in memory so

that it can be sent as a single stream. When the hardware has to receive data where the

bus width is a multiple of 3, MaxCompiler automatically inserts buffers to handle this

since this is not a multiple of the native width of PCIe. When data is decompressed,

the alpha values are recreated, the data bus is widened and the extra bits (of the alpha

channel) are set to zero.

3.4 Implementation

The framework is built using a commercial HLS tool called MaxCompiler [2] by Maxeler

Technologies. The Maxeler machine has 12 CPU cores and a Xilinx Virtex 6 FPGA

which are interfaced together via a PCI-express channel. This machine is well suited to

demonstrate our proposal since large amounts of data have to be transmitted via a PCI-

express channel. It includes high-level libraries for building commercial heterogeneous

HPC applications and allows high-speed streaming of data across the channel. This

platform is a suitable match for the requirements of this investigation.
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Maxeler offers two modes of data transmission. The conventional and more commonly

used mode requires a hardware interrupt to be generated for each data transfer, where

the application is suspended until the interrupt is dealt with by the operating system.

While this is suitable for transmitting large contiguous blocks of data, it is not suitable

for our application, where the data is split into multiple smaller segments since there will

be a significant latency added to each segment by the interrupts. The second mode is

the ‘Low latency’ [3] interface, which is optimised for short and frequent data transfers –

the FPGA kernel is permanently running and data segments can be transmitted to/from

the kernel as and when it is required. The second mode is ideal for the segmented data

that is used here.

The additional services such as compression are added to the software by making use of

idle CPU cycles through the use of multi-threading and to the hardware by making use

of unused FPGA resources.

While we implement this system on the Maxeler platform, the framework proposed here

does not have to be restricted to Maxeler – there is no reason why this cannot be used

on a different bandwidth bottlenecked heterogeneous platform or a system built using a

different HLS tool. The expectation is that the framework can provide a benefit in any

bandwidth bottlenecked heterogeneous system which involves communication between

different physical devices. This is explored in more detail in Chapter 5.

Fig. 3.4 shows how multiple threads access data. In software: encode thread(s) com-

press and push segments into an input queue; the transmit thread pops data from the

input queue, transmits data to the FPGA and receives processed segments from the

FPGA and pushes it onto an output queue; the decode thread(s) pop segments from

the output queue and perform decompression. Segmenting the data is what enables

the framework to perform encoding, transmission and decoding simultaneously by using

separate threads for each of the three actions with the option of using different amounts

of threads to perform encoding and decoding.

Codecs that are being added to hardware should be added at the points between the

kernel and where it communicates with the outside world. Software codecs should be

added into the program before the point where data is transmitted into the kernel (done

by invoking the compression threads). The compression is applied to the data array

from which the data would be transmitted to the kernel and then the compressed data
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Figure 3.4: Diagram showing how queues are managed by the threads.

is transmitted. Similarly, the data that the software program receives from the hardware

will be decompressed into the original data array where the data would have gone.

When a segment needs to compressed, any idle encode threads will compete to lock onto

that segment, and similarly, any idle decode threads will compete for segments of data

to decompress. If the input queue of data being transmitted to the hardware is full, the

encode threads must wait until space is available; when space becomes available, they

will proceed to compress the next segment and push it into the queue.

The software transmit thread continuously polls the data channel to check if the hard-

ware pipeline has space available at the input and if it has data available at the output.
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If there is space available at the input, the transmit thread will pop data from the input

queue and send it to the hardware. If there is data available at the output, the transmit

thread will request this data from the hardware and push the data into the output queue

when the data arrives. This results in the transmit thread being constantly active even

if there is no data to transmit, which is not ideal. This is the mechanism by which

the Maxeler Low Latency interface works. The conventional interface of Maxeler uses

hardware interrupts to handle data transfers and it informs the software program when

data is available at but output. The Low Latency interface does not support hardware

interrupts, so it is necessary to keep polling the channel. In many existing bandwidth

bottlenecked applications, it would be the case that a token of data is not necessarily

processed on every cycle. Such applications are where data is transmitted in bursts in-

stead of being continuously transmitted. The constant polling of the channel would be a

disadvantage since it would increase power consumption while not actually transmitting

data.

Decode threads will wait for compressed data to appear on the output data queue if it

happens to be empty; they will compete to lock onto the next segment that becomes

available and it will be popped from the queue to decompress it. When the software is

properly operating at line rate, one encode and one decode thread should always be idle

and waiting for new data to be available, in the ideal case.

In hardware: pipelined decode and encode modules are to be inserted into the pipeline

before and after the computation kernel respectively. Data passes through the decoder

module at the start of the pipeline, into the kernel, then into the encoder module towards

the end of the pipeline. The hardware codecs must have a throughput greater than or

equal to the throughput of the existing bottleneck (in our case, this is the bandwidth).

Since MaxCompiler is an HLS tool, it automatically handles some of the data flow

through the pipeline, while giving the programmer access to certain high-level primitives

to manually control the flow of data including backpressure and data bus width. The

PCIe channel has a native width of 128 bits, and the compiler will insert FIFO buffers

to handle any change in bus width between the external interface of the FPGA and

between FPGA kernels. Also, when inserting codecs into the pipeline on the hardware

side, MaxCompiler has the capability to automatically handle backpressuring between

chained kernels. While this can simplify some implementations, this can reduce the
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amount of flexibility available to implementations that require more control. Kernels

that perform compression involve unpredictable changes in data flow due to contraction

and expansion, and this requires manual control of the data flow. The Manager State

Machines provided by MaxCompiler allow the programmer some degree of manual con-

trol over data flow, and these were used to manually switch the flow of data on and

off. The later versions of MaxCompiler provide additional primitives that give program-

mer more control over backpressuring on individual cycles, but the work in this chapter

predates this.

A challenge that the implementation of this framework would face is that the existing

FPGA kernel does not know the increased length of the hardware pipeline as a result

of the codecs – this can reduce the benefit of prefetching if the prefetch request is

not completed in time. While the framework aims to be transparent to the existing

streaming application, the kernel will need to be aware of any additional delay that

would be incurred. This an issue that requires further investigation, and the automatic

prefetch microarchitecture proposed in [62] would be a useful solution, though it is not

used by the work in this thesis. The techniques in the prefetch microarchitecture [62]

automatically increases or decreases the prefetch lookahead distance based on scratchpad

performance, such that it will be able to handle increased latency. So this prefetching

technique would be tolerant to the increased latency of the framework.

Another challenge that this implementation would face is if an existing application had

a tight closed loop with rapid feedback, it will not work well with this framework, since

the kernel may spend too long waiting for data to propagate through the loop. However,

this it is not the intended use case.

Fig. 3.5 shows the design flow of the HPC programmer when applying the framework

to a streaming application:

• Initially, the programmer needs to establish whether or not the application is

bandwidth bottlenecked, by seeing if large amounts of data are being transmitted

and whether a significant proportion of the total run time of the program is spent

transmitting data.

• Next, the programmer needs to check the type and nature of the data being trans-

mitted to see if it would be compressible. This includes having some knowledge
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Figure 3.5: The design flow when codecs are applied using the framework.

of the source of the data, to establish whether or not the data is highly entropic.

If the data is likely to be smooth, then an algorithm such as delta compression

would be suitable. In floating point data, if the data is likely to be sparse, then

the lossless floating point algorithm would be appropriate. If lossy compression is

to be used, caution must be exercised. For example, RGB32-RGB24 conversion

should not be used in an application where the alpha values are necessary and

lossy floating point compression should not be used if double precision data is

absolutely necessary.

• Then the existing resource usage needs to be assessed on both the software and the

hardware sides. On the software size, the CPU is likely to have some idle cycles

if the entire system is awaiting data transmission. The hardware side should be

checked to see if spare resources are available. Even if spare resources are not

available, the FPGA kernel may not be able to achieve its full potential compu-

tational capability if the channel cannot supply data at a sufficient speed. This

would mean balancing the resource usage between the existing computation kernel

and the framework to apply compression.
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• Afterwards, the model should be applied to see if there can be an improvement in

performance from the framework. If yes, then the programmer can go ahead and

apply compression using the framework.

It is also important to note that the implementations of these codecs do not use SIMD

extensions when performing compression, and this decision was taken due to a number

of reasons. Currently, when the parallelisation is performed across segments, the result

of each segment being compressed is placed in a different destination address. If com-

pression is to be vectorised across segments, the packing of data in memory will have

to be changed. Adjacent elements in the data stream will no longer be adjacent if this

happens, but compression needs to have access to adjacent data to identify patterns.

Another reason is the difficulty of handling unknown expansion and contraction of data

– if the expansion or contraction was the same on all the elements which a SIMD oper-

ation is performed, this would be acceptable, but this is unlikely to be the case. This is

likely to result in memory alignment issues. In order to prevent such issues, along with

maintaining the capability of the codecs to be portable across different processors, the

decision was taken not to use SIMD extensions. One could argue that RGB32-RGB24

conversion could be done using SIMD since there is an instruction available to perform

the conversion. However, we felt that it is necessary to maintain portability between

different platforms, and using SIMD would reduce this portability, and will require dif-

ferent implementations for different software platforms. Not using SIMD extensions is

likely to increase the load on the CPU, but during testing, it was observed that not all

the threads are active at the same time when the software compression runs at line rate.

For the purpose of evaluating performance, an identity kernel clocked at 200MHz was

taken to be the existing hardware streaming kernel for most cases. When codecs are

applied, the assumption is that there is a high-speed computation kernel in the FPGA,

where the bandwidth of the channel supplying data to and from the kernel is a bottleneck.

The exact computation that takes place in the kernel is not particularly relevant and so it

is treated as a black box. An identity kernel is appropriate since it meets the requirement

of transmitting data at a high throughput and 200MHz is a typical clock frequency that

FPGA kernels operate at in HPC applications. We also apply the concept we propose

to an existing application; namely Fast Fourier Transform (FFT), operating at 200MHz.

Open source implementations of Fast Fourier Transform (FFT) are provided by Maxeler

in the Maxeler AppGallery [63]. FFT is computationally intensive and therefore an
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Table 3.2: Parameters for model and their typical values

Name Unit Description Typical value

S MB size of entire data 2048

ss MB size of segment 8

tk s time overhead of initiating kernel transmit 0.0003

tth s time overhead of thread start 0.0002

c - compression ratio of segmented compression 0.6

a - CPU resource contention exponent 0.82

rch s/MB line rate or channel data rate 0.0005

re s/MB encode rate in a single thread 0.002

rd s/MB decode rate in a single thread 0.002

ne - number of encode threads 2

nd - number of decode threads 2

re/n
a
e s/MB encode rate for multiple threads 0.001

rd/n
a
d s/MB decode rate for multiple threads 0.001

S/ss - number of segments 256

appropriate algorithm to be tested in an FPGA streaming system. The codecs are

inserted into the software at the points where data is sent and received, and they are

similarly inserted into the hardware at the same respective points. It is essential that

the framework is tested on a real streaming application that has been implemented by

other programmers – since the codecs must be able to function on streaming systems

that have not been designed by the programmer who designed the codec.

3.5 Mathematical Model

Now that the specifications of the framework have been defined, a model is developed

for how the performance of a streaming system will be affected by applying compression

using this framework, and this model assumes that there are an infinite number of CPU

cores available.

Table 3.2 defines the parameters that are used in the model. The size of entire data

and segments are user-selected. The time overheads of initiating kernel transmit and

thread start were measured empirically. The compression ratio is determined from the

data that is used. The CPU resource contention exponent (due to multiple threads) was

empirically determined to be 0.82 by measuring encode time as the number of threads

were varied. The model does not place a cap on the number of CPU cores that are
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Figure 3.6: Conceptual timing diagram showing performance of original implemen-
tation and the performance of sequential compression, without using the framework.

available. The line rate, encode rate and decode rate were empirically measured. The

number of encode and decode threads are selected by the user.

Figs. 3.7-3.10 show the interleaving of compression (C), transmission (T) and decom-

pression (D) by different threads. The timing diagrams are conceptual since the exact

sequence of events in the multi-threaded framework is non-deterministic. It shows how 8

segments of data could possibly be handled by the framework, in the case of compression

being applied – while the diagram shows 8 segments, in reality, the stream of data may

be infinitely long and could function in a steady-state manner. The model assumes that

input and out data transmissions happen simultaneously.

1. Blue sections show the overhead in launching each software thread, so that the

starting point of subsequent threads have a cumulative delay.

2. The pink sections show:

(a) Compression threads being blocked until space is available in the input queue

(a maximum queue length of 3 is chosen for this example).

(b) The transmission thread being locked until there is data present in the input

queue.

(c) Decompression threads blocked until data is available in the output queue.
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3. Green sections show threads being idle after completing their task.

4. White sections show processing taking place. In the transmission thread, the

transmission time varies for each segment depending on its compression ratio.

The symbols and parameters used in the following equations are defined in Table 3.2.

Fig. 3.6 (top) shows the timing diagram of the end-to-end latency for original, unseg-

mented, unencoded data including the overheads. Its equation is:

Torig = rchS + tk (3.2)

If the entire block of data is sequentially encoded, transmitted and decoded, the end-to-

end latency is and its timing diagram is shown in Fig. 3.6 (bottom):

Tseq = S(re + rchc+ rd) + tk (3.3)

When threaded software pipelining is applied, there are 3 possible cases. The ideal case

is illustrated by Fig. 3.7, where there are as many encode/decode software threads as

necessary for software codecs to work faster than the channel data rate such that the

channel bandwidth is saturated:

re
ne

,
rd
nd

< rch

The end-to-end latency for this ideal case is:

Tp1 = tth + ress + (tk + rchssc)
S

ss
+ rdss (3.4)

The second case, where encoding (compression) does not happen fast enough is illus-

trated in Fig. 3.8 and Fig. 3.9. This happens if the compression is slow either because

of too few compression threads or due to CPU resource contention reducing the benefit

of multi-threading. Then the overall end-to-end latency is:
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Tp2 = tth + ress
1

na
e

S

ss
+ ne(tk + rchssc) + rdss (3.5)

The third case, shown in Fig. 3.9 (which also represented the second case) and Fig.

3.10, is where decoding (decompression) is too slow:

Tp3 = tth + ress + (tk + rchssc)nd + rdss
1

na
d

S

ss
(3.6)

It be must noted that Fig. 3.9 illustrates a particular situation in which both the second

and third cases apply where neither the compression nor the decompression are fast

enough

Overall, the threaded, software-pipelined end-to-end latency is defined as:

Tpipe = max(Tp1, Tp2, Tp3) (3.7)

When compression is applied using the framework, the end-to-end threaded time must

not exceed the time for sending uncompressed data:

Tpipe < Torig (3.8)

This framework is suited in applications where large amounts of data are transmitted to

fully benefit from compression and ensure that the hardware pipeline latency is negligible

compared to the end-to-end transmission latency.

Furthermore, while compression-based codecs are heavily discussed, designing a state-of-

the-art compression algorithm is not our goal; compression is considered as a useful case

study. The emphasis is on a framework with the ability to add different features/codecs

to a streaming system with low effort from the programmer.

A multi-threaded framework to apply compute-intensive codecs to a segmented data

stream by the use of spare resources and the specifications required of such a framework

have been discussed. A model for predicting performance of streaming systems when

codecs are applied without the need to do a full implementation and benchmark has
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been developed. The next section discusses the performance of the framework under

various conditions.
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Figure 3.11: Combined timing diagrams showing relative performance of transmitting
raw data, sequential compression (1 thread), and multi-threaded compression. The
image aims to illustrate that with a sufficient number of compression and decompression
threads, a speedup can be achieved. If the number of threads are insufficient, the

performance will slow down rather than speed up.

Fig. 3.11 combines Fig. 3.6, Fig. 3.7 and Fig. 3.9 into one diagram, showing how long

each will take relative to each other.

3.6 Evaluation

To evaluate the proposed framework, the performance when different codecs were ap-

plied to the transmission channel was measured. The experiments were performed on

a Maxeler MPC-C500 machine. The machine has an Intel Xeon X5650 2.67GHz with

12 physical CPU cores and hyperthreading, and a Maxeler card running MaxelerOS

2015.2 with a Xilinx Virtex 6 FPGA. The metrics that are used to assess performance

are end-to-end transmission time, effective bandwidth, speedup and compression ratio.

While different compression codecs are applied, the effect on performance of changing

various parameters were also observed. The parameters to be varied are:

• Segment size.
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• Number of threads.

• Total data size.

From a conceptual perspective, when the segment size is varied, the expectation is that

there will be an optimum segment size where the performance will peak. If the segment

size is too small, there will be a large number of segments, and the overhead of trans-

mitting each individual segment should cause poor performance. Additionally, it will be

more difficult for compression codecs to identify patterns in small segments compared

to larger ones. If the segment size is very large, there is an expected slowdown in per-

formance since there will be only a small number of segments, so potential parallelism

is reduced, and the transmission thread will have to wait for a long time until the large

segments are compressed.

As the number of threads are varied, it is expected that the performance will improve,

until the number of threads approach the number of physical CPU cores available. It is

expected that too large a number of threads will cause a slowdown in performance due

to CPU resource contention.

Better improvements in performance are expected for larger total data sizes in a stream-

ing system – there are some fixed overheads involved in transmitting data, so the best

performance would be achieved if the majority of the time is spent on transmitting data

rather than handling overheads.

The performance when varying different parameters is tested by using delta compression

and lossless float compression throughout this section. Delta compression and lossless

float compression are compute intensive if large amounts of data are to be compressed,

so they are appropriate for testing the framework. To a lesser extent, the performance

is also tested on an RGB32-24 image conversion algorithm and lossy double precision

floating point to single precision floating point algorithm. These are already very fast

algorithms since they are not compute intensive, but it is useful to see if a speedup can

be achieved using an algorithm that is already very fast.
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Figure 3.12: Speedup for 2GB data against segment size for lossless float compression.
The peak performance of 1.33x was achieved with 7 threads. At 9 threads (not shown
on graph), the performance was very slightly slower than with 7 threads, and it was
not clearly distinguishable on the graph – hence the graph for 9 threads has not been

included.
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Figure 3.13: Speedup for 2GB data against segment size for delta compression. The
peak performance of 1.58x was achieved with 9 threads. The performance for 9 threads

was marginally higher than the performance for 7 threads.

3.6.1 Varying Segment Size with Number of Threads

Fig. 3.12 and Fig. 3.13 illustrates the speedup from different segment sizes and different

threads for floating point and delta compression using a fixed total data size of 2GB. This

is an appropriate size to use because the performance of the system is assessed under

the assumption that it will be used in streaming applications where large amounts of

data are transmitted. It shows a slowdown of an order of magnitude for unthreaded

(sequential) compression. There is always 1 transmit thread and an equal number of

encode/decode threads – the graph shows the total number of threads. The best speed
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was achieved at 7 threads (3 encode, 3 decode, 1 transmit) at a segment size of 8192kB

for float compression and 9 threads with 32768kB segments for delta compression. It

must be noted that these optimum segment sizes are applicable for a total data size of

2GB, and for a different total data size, the optimum segment size would be different

(this is discussed further ahead).

In each of Figs. 3.12 and 3.13, the number of threads are gradually increased until

the performance stops increasing any further – for different codecs, this happens at a

different number of threads.

It is observed that the speed generally increases with the number of threads. For 3

threads (1 encode, 1 decode, 1 transmit), the system performs slower than transmit-

ting raw data, since the speed of compression and decompression in software is slower

than the channel bandwidth. Using a larger number of threads results in a speedup

as the multithreaded parallel compression and decompression is faster than the channel

bandwidth. This can be compared with the timing diagrams presented earlier, where

the performance of raw data, sequential compression, 3 threads and 5 threads were

qualitatively considered – which graphically showed that 3 threads will be slower than

transmitting raw data while 5 or more threads could result in a speedup. It is intu-

itive that when compressing and decompressing large amounts of data, parallelism using

multiple threads will achieve faster compression. While not discussed in detail in this

chapter, using multithreading with small total data sizes will not give any benefit, and

it is discussed later that only data sizes above a certain threshold (depending on com-

pression type) will see a speedup occur at all when compression is applied using our

framework.

As mentioned earlier, these were measured on a machine with 12 Intel Xeon 2.67GHz

physical CPU cores. Delta compression was also tested with 11 threads, and it was

found to perform slightly worse than 9 threads – it was not included in the graph since

the curves for the two will not be clearly legible due to overlap. This can be explained

by resource contention as the number of threads approach the maximum number of

physical CPU cores. For float compression, 9 threads performed slightly worse than 7

threads but this is not included in Fig. 3.12 due to the data almost overlapping and

making the graph difficult to read. It is apparent that for all three of the figures, the
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optimum number of threads does not appear to vary significantly as the segment size is

varied.

The raw data measurement is the baseline, where data is transmitted without any com-

pression or encoding. The sequential measurement involves encoding the entire block

of data, sending/receiving it to/from the kernel, and decompressing the entire block of

data. With regards to the general pattern observed for threaded data, the data shows

that the performance is slow at both small and large segment sizes. Where smaller

segment sizes are used, there will be a larger number of segments – the overhead of initi-

ating multiple kernel transmissions becomes dominant and this causes the speed to slow

down. Where larger segment sizes are used, such as the worst case scenario where the

segment size is equal to the total data size, the system essentially becomes sequential.

In this case, the transmission thread will have to wait until the entire block of data is

compressed before it is transmitted and it will take a long time to decompress the block

after transmission, therefore the speedup becomes equal to the sequential measurement.

If the optimum segment size is used, it becomes a trade-off between the compression/de-

compression overhead and the multiple transmission overhead. This achieves the fastest

performance. It may or may not saturate the bandwidth of the channel, depending on

factors such as the compression speed and compression ratio.

Fig. 3.14 is included for the purpose of comparing the best performance of the two

codecs represented by Figs. 3.12 and 3.13.
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Figure 3.14: Comparison of the performance of both codecs under threaded condi-
tions.
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3.6.2 Varying Segment Size with Total Data Size
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Figure 3.15: Comparison of speedup against segment size for different total data sizes
when using delta compression.
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Figure 3.16: Comparison of speedup against segment size for different total data sizes
when using float compression.

Fig. 3.15 and Fig. 3.16 illustrates the speedup from different segment sizes achieved

when compression was applied to different total data sizes. The number of threads were

fixed at 9 threads for delta compression and 7 threads for float compression, as these

gave the peak performance for large total data sizes. It is evident from the graphs that
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for larger total data sizes, the peak performance is also achieved at larger segment sizes,

and the peak is higher overall for larger total data sizes. For small total data sizes, the

framework is no longer suitable as the speedup is below 1.

3.6.3 Varying Total Data Size

Fig. 3.17 and Fig. 3.18 show how the speedup is affected by lossless single-precision

floating point and delta compression in comparison to transmitting raw data for varying

total data sizes. For lossless float compression in Fig. 3.17, ‘normal’ data is a set where

there are some zero values and the random data is obtained from a random number

generator (RNG). Similarly, for delta compression in Fig. 3.18, ‘normal’ data is smooth

real-world data and the random data is from an RNG. Data from an RNG is used to

show the worst case scenario, where the data is not compressible. For lossless float

compression, the normal data and random data had 1.33x and 0.899x changes in speed

for a data block of size 2GB. For delta compression, the normal data and random data

had 1.58x and 0.888x changes in speed for a data block of size 2GB. If a compression

method appropriate for the type of data is used, then this shows that a speedup can be

achieved with low effort.
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Figure 3.17: Speedup against total data size for lossless float compression.

The measurements were done with 9 threads and for delta compression and 7 threads

for float compression as these were previously determined as having the fastest speed.

For the normal data and random data, the optimum segment size for each total data

size measurement was used to show the best possible performance for each total data

size.
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Figure 3.18: Speedup against total data size for integer delta compression.

The compressed normal data curves in Fig. 3.17 and Fig. 3.18 show that the general

trend is that a higher speedup is achieved at larger total data sizes and a slowdown

happens at smaller total data sizes, as it was shown previously. It clearly indicates the

point at which compression performs faster than sending raw data. At smaller total

data sizes, the overheads of compression, initiating multiple data transmissions and

decompression become dominant compared to the time spent actually transmitting the

data and therefore a slowdown is observed. This is despite using the optimum segment

size for these particular total data sizes. It should be noted that for small data sizes,

FPGA acceleration may not be necessary at all, since FPGAs in streaming applications

are normally used where large amounts of data are processed.

The curves for the sub-optimal segment size uses a size that is a quarter of the ideal

segment size for its respective total data sizes – the aim is to show how the performance

will be affected if the segment size selected deviated from the ideal. The curves have a

pattern that looks somewhat like a staircase. The flat sections of the curve shows the

points where the segment size limits the speed because the size is too small. Although

not included on the diagrams for tidiness, if a segment size that was slightly too large

was used, a similar staircase pattern appears, where the speed is limited by the large

segments. All 3 figures also show that even if the segment size deviates, a decent

performance can still be achieved.
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Figure 3.19: Modelled/actual time for lossless float compression with 3 and 7 threads.
7 threads are used here since it gave the best empirical performance.
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Figure 3.20: Modelled/actual time for delta compression with 3 and 9 threads. 9
threads are used here since it gave the best empirical performance.

3.6.4 Comparison with Model

Fig. 3.19 and Fig. 3.20 compares the measured end-to-end execution time against

the time predicted by the mathematical model. The performance of three threads are

included to show the result of minimal parallelism. Seven threads and nine threads

are included for float compression and delta compression respectively since these were

found to have the fastest empirical performance. For delta compression – the maximum

discrepancy within the region of interest (where segment sizes are neither too large

nor too small) is 8.70% and the maximum discrepancy overall is 25.4%, for a segment

size of 2GB (which will not be used in reality). For float compression – the maximum

discrepancy within the region of interest is 8.74% and the maximum discrepancy overall

is 12.3%, for a segment size of 2GB.

The model does not consider the latency of the hardware pipeline in the FPGA. The
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transmit overhead in software is around 200-300µs; equivalent to 40000-60000 clock

cycles in the FPGA. Therefore the latency of hardware codecs are orders of magnitude

lower than the software latency. The model is able to predict and evaluate the end-to-

end latency of a system without the need to fully build and benchmark. The limitation

is that the compression ratio needs to be known in order to make predictions with the

model, which requires the user of the model to know the nature of the data that will be

processed.

3.6.5 Miscellaneous
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Figure 3.21: Speedup for 2GB data against segment size for RGB32-RGB24 image
conversion showing a peak of 1.23x

Fig. 3.21 and Fig 3.22 shows the performance of two very fast data conversion codecs,

where the size of the data changes.

Fig. 3.21 shows the speedup for different segment sizes and threads for RGB32-RGB24

conversion, for a total data size of 2GB. It must be noted that this is not a compression

algorithm, but an image conversion to omit the alpha channel in applications where the

alpha channel is not important. The framework is still applicable. The figure shows

that the best speed of 1.23x was achieved at 3 threads (1 encode, 1 decode, 1 transmit)

at a segment size of 8MB. The theoretical maximum speedup is 1.33x from the ratio

of input and output data size. 5 threads performed marginally worse than 3 threads

and it has not been included on the graph since the curves would otherwise overlap and

make the graph difficult to read. Since RGB32-24 is a very fast conversion algorithm
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Figure 3.22: Speedup for 2GB data against segment size for double-single float con-
version showing a peak of 1.85x

(rather than the slower compression algorithms illustrated by Fig. 3.12 and Fig. 3.13

earlier on), 3 threads are sufficient to achieve the best performance; additional threads

do not provide any further improvement, but they only add to the overheads. The peak

also occurs at a larger segment size, since larger segments can be converted fast due to

the simplicity of the algorithm. It is observed that for sequential conversion, there is a

slowdown, although not as severe as for delta compression and floating point conversion,

due to the fast nature of the conversion.

Similarly, Fig 3.22 shows similar behaviour, where the peak is observed at 3 threads (1

encode, 1 decode, 1 transmit) for a segment size of 32MB. The theoretical maximum

speedup is 2x.
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Figure 3.23: Ratio of time taken for lossy double precision to single precision conver-
sion
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Figure 3.24: Ratio of time taken for RGB32-RGB24 image conversion

Figs. 3.23 and 3.24 compares the speedup achieved from lossy double precision to

single precision conversion and RGB32 image conversion as the total data size is varied.

The ‘ideal’ plots are baseline showing the theoretical best speedup. All the curves are

asymptotic towards their theoretical best as the data becomes larger – the theoretical

best is the reciprocal of the compression ratio. Therefore, the graph for RGB32-RGB24

tends towards 1.33x and the graph for double-single tends towards 2x.

3.6.6 A Real-life Application
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Figure 3.25: Speedup for 2GB data against segment size for double-single float con-
version applied to an FFT kernel

Fig. 3.25 shows the performance of a real application, namely a heterogeneous appli-

cation with a double-precision FFT kernel, when the framework is applied. The appli-

cation runs on a similar Maxeler machine. It shows the speedup for different segment

sizes and threads when double precision to single precision conversion is applied to the

data transmission, hence the data is transmitted with a reduced size. A speedup of

1.62x was achieved at 3 threads (1 encode, 1 decode and 1 transmit) at a segment size
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Figure 3.26: Speedup for 2GB data against segment size for double-single float con-
version

of 32768kB. It also shows that 5 threads performed worse than 3 threads. This is due

to the conversion from double to single precision being very fast, and additional threads

only cause overheads. However, it is still faster than applying codecs sequentially. The

peak occurs at a large segment size, as it did for RGB32-24, since larger segments can

be encoded quickly due to the speed of the conversion. The graph of the FFT is not

smooth for 5 threads, and the suspected cause of this is memory or cache performance.

For a comparison, Fig 3.26 (the same graph was included in the previous chapter as Fig

3.22) shows the performance when the same conversion is applied to the heterogeneous

system, when the FFT kernel is replaced with an identity kernel. In this case, a speedup

of 1.85x is obtained, which is taken to be the maximum speedup achievable using this

conversion method.

Fig. 3.27 tests the FFT for different total data sizes and different segment sizes when

data conversion was applied. The number of threads were fixed at 3 since it was observed

to be the most efficient number of threads earlier. Larger total data sizes result in a

greater speedup, but even for smaller total data sizes, a reasonable speedup is still

observed. For example, a 1.62x speedup is observed when the total data size is 2GB and

a 1.34x speed is still observed when the total data size is 32MB.

An important point to note is that the speedup in this case has been achieved at the

expense of precision. As it was mentioned earlier, a loss of precision in floating point

calculations is tolerable in applications such as neural networks and Monte Carlo simula-

tions. An FFT in that sense, may not be the best example of an existing application on
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Figure 3.27: Comparison of speedup against segment size for different total data sizes
when using double-single float conversion applied to an FFT kernel.

which to test the lossy double precision. Since FFTs are often aimed at signal processing

applications, we could consider some signal processing applications that can tolerate loss

of precision – for example, a finite impulse response (FIR) filter or Gaussian blur.

However, we chose an application from the Maxeler App Gallery that had a high through-

put where data is processed on every clock cycle, such that its performance is largely

determined by the channel bandwidth. Additionally, in some cases, it may be beneficial

to use a single-precision implementation of the FFT kernel to measure the performance

with double-single conversion and see how it compares with a double precision kernel

where the data is converted back to double-precision – this would be future work.

3.6.7 Summary of Performance Metrics

Table 3.3 shows a summary of how the performance metrics are affected when com-

pression/conversion codecs are applied in a sequential or a threaded manner. Applying

codecs sequentially achieves no benefit but applying them in a threaded manner achieves

significant benefits.

Considering the delta compression, for example: Where an effective bandwidth of 4256MB/s

is achieved, the actual bandwidth of the channel utilised averages out at 2303MB/s,
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Table 3.3: Comparing the original bandwidth, effective bandwidth, end-to-end la-
tency, speedup and compression ratio for different compression techniques. The mea-

surements were taken using a MAX3 card running MaxelerOS 2015.2.

Compression type
Original
Lat. (ms)

New Lat.
(ms)

Original
BW (MB/s)

Eff. BW
(MB/s)

Speed
up

Ratio

RGB32-RGB24
threaded

1523 1236 2690 3313 1.23x 0.750

RGB32-RGB24
sequential

1523 3003 2690 1364 0.507x 0.750

Delta
threaded

1523 962 2690 4256 1.58x 0.541

Delta
sequential

1523 4250 2690 964 0.358x 0.541

Float lossless
threaded

1523 1141 2690 3589 1.33x 0.625

Float lossless
sequential

1523 7054 2690 580 0.216x 0.625

Double-single
threaded

1523 823 2690 4973 1.85x 0.500

Double-single
sequential

1523 1547 2690 2647 0.984x 0.500

based on the compression ratio of 0.541. This is reasonably close to the actual band-

width of the channel, 2690MB/s.

3.7 Conclusion

The capabilities of the framework have been demonstrated using two lossless compression

codecs and two data conversion codecs on a Maxeler system. The framework allows

codecs to be applied to the data channel between an FPGA chip and a CPU on a

heterogeneous CPU-FPGA system, in an analogous way to networking. The results have

shown that it is possible to add codecs to perform transformations such as compression

on data at line rate as they are streamed through data channels between a CPU and

an FPGA, by making use of spare CPU cycles through multi-threading and FPGA

resources. Multi-threading allowed encoding, data kernel transmission and decoding

to happen simultaneously. Codecs were designed with common interface properties

while performing different transformations. Adding compression by the means of this

framework has been shown to give an improvement in performance, such as a 1.58x
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speedup using delta compression and a 1.85x speedup using double to single precision

floating point conversion when the framework is applied to an identity kernel.



Chapter 4

An Adaptive Compression

Framework for FPGA

Applications

4.1 Introduction

Chapter 3 demonstrated how performance can be improved by using extra resources in

both software and hardware. This chapter now expands on the work described in the

Chapter 3 by adding adaptivity to compression in heterogeneous streaming systems.

Chapter 2, the background chapter discussed some of the reasons why adaptive compres-

sion is useful in applications which handle large amounts of data. In scientific computing

applications, large volumes of data are produced and transmitted, and so they can often

experience a bandwidth bottleneck. Though such applications can benefit from com-

pression, compression can be difficult to apply because the data is often highly entropic

and therefore difficult to compress. Additionally, in big data applications, it is not un-

common for the data format to change, and using a single compression algorithm is

not always beneficial. Adaptive compression has been shown to be beneficial in cases

where applying a single compression algorithm does not always yield benefits, such as

ISOBAR[39] and PACM [38].

78
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The work in Chapter 3 is applicable in the cases where the type and nature of the

data being processed is known. When single codecs were tested using randomly gen-

erated, incompressible data, there was a noticeable reduction in performance, so there

is a strong case to make sure that ineffective compression is not applied to highly en-

tropic data. This means that in such cases, either raw data should be transmitted, or

a different type of compression should be used. What would be useful, is compression

that can be switched on and off when necessary, or compression where the algorithm

can adapt to the data being processed. The aim is to achieve a faster throughput and

better compression ratio than by using just a single codec. This would require multiple

compression codecs to be present, including an identity codec for cases where transmit-

ting raw data happens to be the most suitable option. This chapter deals with cases

where limited information about the data may be available, such that is it not possible

to decide exactly which compression codec to use. This chapter explores different ways

to use additional resources to achieve improvements in performance. It must be noted

that this chapter focuses on simplex transmission while the previous chapter focused

on duplex transmission. Applying multiple compression codecs simultaneously is more

resource intensive in terms of both software and hardware, such that we are limited to

simplex compression.

We propose a platform that can adaptively select between compression codecs at run-

time to choose the optimum codec for the data being transmitted between software and

hardware sections of a heterogeneous system.

Hence, the contributions of this chapter are:

• An adaptive, multi-threaded system which can apply multiple compression codecs

into the software-hardware data channels used to transmit data into an FPGA

during run-time and the ability to switch between codecs at run-time.

• A concrete implementation of the adaptive framework on a commercial platform

using C code on the CPU side and OpenSPL code on the FPGA side.

• A modified version of the model for predicting the end-to-end transmission latency

when the framework is applied to a streaming system.

• Evaluation of data transmission performance on a bandwidth bottlenecked PCI-

express channel on a heterogeneous system.
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4.2 Proposed Framework

While the previous chapter helped to mitigate some of the bandwidth problems that

streaming systems face, this chapter explores additional methods to mitigate the problem

in situations where the techniques discussed in the previous chapter may not be effective.

The work discussed in this chapter also makes use of extra resources in both software

and hardware, but it aims to use the resources in different ways. Most importantly,

the compression type in the previous chapter had to be decided at compile time, which

would be useful if the nature of the data is known. This chapter aims to tackle situations

where the nature of the data is not known, so the programmer cannot be certain what

type of compression to use, or whether to use compression at all. Hence, a platform that

can support adaptive compression across a software-hardware boundary is necessary.

Such a platform will allow the programmer to:

• Apply compression adaptively across a software-hardware boundary.

• Allow the compression algorithm to change at run-time according to the nature of

the data being transmitted.

The data to be transmitted is segmented and compression is applied to these segments.

A header is appended at the start of the segment, containing metadata including the

compressed/uncompressed size, start of stream indicator, end of stream indicator, the

ID of the codec, the ID of the segment and the type of compression. The software

compresses each data segment using multiple methods and transmits the data that has

the lowest size. This requires the use of multiple compression threads and there is a

need to balance the load of different compression methods across the threads.

Fig. 4.1 shows a block diagram of the system when codecs are applied to the channel

where data is transmitted from the software into the FPGA. When the data to be

transmitted is compressed by two different codecs, and the compressed data of the

lowest size is selected to be transmitted across the PCIe channel. Once the data is

transmitted, the data is directed to the correct decoder based on the type of encoding

that the data has. After decoding, the data is merged into a single stream and directed

to its destination (e.g. an FPGA kernel).
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Figure 4.1: Block diagram showing dataflow in the system when codecs are applied.

As it was the case in the previous chapter, the compression framework is primarily

suited for applications which process and transmit large amounts of data. Since there

are various overheads in involved when applying these codecs, the overheads will be

negligible compared to the total data transmission time in such applications.

One of the major challenges in this implementation is the issue of each software thread

placing a greater demand of CPU resources. In some of the frameworks discussed in the
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background section (plus Chapter 3), multiple threads were used to parallelise compres-

sion – but they were all used to perform the same type of compression. It was observed

in Chapter 3 that performance could not be improved further when the total number

of software threads approached the total number of physical CPU cores. However, the

work discussed in this chapter has different types of parallel compression running at

the same time across different software compression threads (in order to determine the

best compression method for each segment). This adds significantly more work for each

thread to do. Since compression performed here is simplex, it mitigates the demand on

software resources.

This section has proposed the idea of selecting compression codecs at run time to a data

stream between a CPU and FPGA on a heterogeneous system. The compression codecs

operate using spare resources in software and hardware to improve the compression ratio

and throughput. The next section will discuss the physical details of how the system is

implemented.

4.3 Implementation Details

The adaptive framework is tested using the MaxCompiler [2] tool produced by Maxeler

Technologies. The Maxeler machine is the same one used in the previous chapter, and

it contains an FPGA and 12 CPU cores interfaced together via PCI-express. While the

framework here is tested on the Maxeler system, any streaming system can potentially

benefit from the concept discussed in this chapter.

The adaptive implementation of compression allows the codec to be changed during run

time. Two versions are implemented. The first one will switch compression on and off

depending on the nature of the data – i.e. whether or not the data is compressible

– this is done by compressing the data and selecting between whether to transmit the

compressed version of the data or the raw data. The second one has three codecs – a delta

compression codec, a floating point compression codec and an identity codec. All three

codecs are applied to a segment and the size of the processed segment obtained from

each of the three codecs is tested. This means that the data being transmitted will have

a mixture of different compression methods. The processed segment with the lowest size

is transmitted. Multi-threading is used to ensure that this additional compute load does
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not cause a reduction in performance. Having multiple codecs operating together will

place a greater demand on resources and power than the single codec implementation

in the previous chapter – therefore, this adaptive implementation is better suited for

simplex transmission rather than duplex.

For codecs in hardware, this would require encode and decode modules to be inserted

into the pipeline at the external interface of the FPGA chip. These can be thought of as

hardware “threads” in the same way that we have multiple software threads performing

encoding and decoding. The hardware codecs must have a throughput greater than

or equal to the throughput of the existing bottleneck (in our case this is usually the

channel bandwidth). If complicated hardware codecs with iterative loops in them were

to be used, their throughput is likely to be lower and the codec is unlikely to operate at

line rate.

4.4 Codecs

To demonstrate the framework, a set of compression codecs are applied to the data in

a streaming system, leaving the original software and hardware intact, and the perfor-

mance is evaluated. The methods to be tested are:

• Integer delta compression – where differences between adjacent values in data are

computed and represented using fewer bytes.

• Lossless floating point compression – where zeroes in sparse floating point data are

packed into a single byte.

• Identity codec – where the data is preserved as it is.

The codecs have been modified slightly from the previous chapter, to meet the needs of

the experiments in this chapter.

4.4.1 Delta Compression

The delta compression algorithm has been modified to increase the width of the data

stream to 128-bits from 64 bits. This was a decision made partly in hindsight since the
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native width of the PCI-express channel is 128 bits and it is also necessary to bring it

into line with the other codecs to simplify dataflow control when it operates alongside

other codecs. The algorithm is designed such that the compression ratio is 0.5 in the

ideal case and the ratio is 2 if the data is completely incompressible. The latter gives a

good indicator of how the system will perform in a worst-case scenario where the data

is not compressible.

4.4.2 Lossless Floating Point Compression

The lossless floating point algorithm has been modified slightly from the previous chap-

ter. In the previous chapter, this algorithm only checked the first byte and assumed

that the rest of the bytes will be zero if the first byte is zero – hence denormal numbers

are considered to be zero. This is a reasonable assumption if the data type is known to

be 32-bit floating point, since FPGA hardware often equates denormal numbers to be

zero. However, this chapter also deals with cases where the data type is unknown, so

this assumption cannot be made. When applying multiple codecs simultaneously and

deciding which codec is best, we cannot assume the other bytes will be zero if the most

significant byte is zero, because the data type is unknown. Therefore, all four bytes must

be checked to ensure that the data item is equal to floating point zero. Otherwise there

is a risk of corrupting data if an integer value or other data type is compressed using

the floating point algorithm. This change ensures that the floating point algorithm is

completely lossless.

4.4.3 Identity Codec

The identity codec in software simply copies data from the source array to the array

from which data will be transmitted. In hardware, data is streamed straight through

the codec.

4.5 Applications

For the purpose of evaluating the performance so far, the same 200MHz identity kernel

from the Chapter 3 is reused.
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Table 4.1: Parameters for model and their typical values

Name Unit Description Typical value

S MB size of entire data 2048

ss MB size of segment 8

tk s time overhead of initiating kernel transmit 0.0003

tth s time overhead of thread start 0.0002

tc s time overhead of initiating software compression 0.0003

c - compression ratio of segmented compression 0.6

a - CPU resource contention exponent 0.91

rch s/MB line rate or channel data rate 0.0005

re s/MB encode rate in a single thread 0.002

rd s/MB decode rate in a single thread 0.002

ne - number of encode threads 2

nd - number of decode threads 2

re/n
a
e s/MB encode rate for multiple threads 0.001

S/ss - number of segments 256

4.6 Mathematical Model

The model developed in the previous chapter is now modified to be used for simplex

transmission, and Table 4.1 defines the parameters that are used in the modified model.

Most of the parameters remain the same, with the exception of the time overheard for

thread start being removed and the time overhead of initiating software compression

being included. As it was in the previous chapter, the model still assumes that there are

an infinite number of CPU cores available. The encode rate in this model is taken to be

the value for 1 codec – since a commercial adaptive implementation will not have 3 codecs

compressing every single segment. Though for the purpose of evaluation later on, some

of the data is taken with three codecs running simultaneously for every segment. The

CPU resource contention exponent was empirically determined to be 0.91 by measuring

the time taken to compress data as the number of threads were varied (as opposed to

0.82 in the previous version).

The time taken to transmit raw data into the hardware from the software is the same

as it was in the previous chapter.

Torig = rchS + tk (4.1)
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If the entire block of data is sequentially encoded before transmitting into the kernel,

the time taken is given by the following equation.

Tseq = S(re + rchc) + tk (4.2)

It is similar to the previous chapter, except that the decode rate, rd, has been removed.

For comparison, the equation in the previous chapter was:

Tseq = S(re + rchc+ rd) + tk

When threaded software pipelining is applied, there are 2 possible cases. The ideal case

is where there are as many encode software threads as necessary for software codecs to

work faster than the line rate such that the channel bandwidth is saturated:

re
ne

< rch

Again, it is similar to the previous chapter, except that the decode rate, rd, and the

decode threads, nd, are not there. The equation from the previous chapter was:

re
ne

,
rd
nd

< rch

The transmission time for the ideal case mentioned above is shown by the following

equation. The decode rate, rd, and thread start overhead, tth, have been dropped from

the previous version.

Tp1 = ress + (tk + rchssc)
S

ss
(4.3)

The equation from the previous chapter is:

Tp1 = tth + ress + (tk + rchssc)
S

ss
+ rdss
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The second case, is where encoding (compression) does not happen fast enough. This

would be the case if there are too few compression threads or too many compression

threads (hence CPU resource contention slowing down the compression). The decode

rate, rd, and thread start overhead, tth, have been dropped from the previous version.

A new parameter, tc, the software compression overhead, has been added. The trans-

mission time will then be:

Tp2 =
1

na
e

S

ss
(ress + tc) + ne(tk + rchssc) (4.4)

The previous version is:

Tp2 = tth + ress
1

na
e

S

ss
+ ne(tk + rchssc) + rdss

Overall, the threaded, software-pipelined end-to-end latency is defined as:

Tpipe = max(Tp1, Tp2) (4.5)

Note that there are two equations here, as opposed to three equations in the previous

version. Whichever is the slower of the two will determine the transmission time.

4.7 Evaluation

The system is built in order to perform experiments to test our hypotheses. We must

decide what data to extract from the system and how the performance will be evaluated

to test our hypotheses. The experiments in this chapter were also performed on a

Maxeler MPC-500 machine, with a Xilinx Virtex 6 FPGA and an Intel Xeon X5650

2.67GHz 12-core CPU with hyperthreading.

The metrics that are used to evaluate the performance are compression ratio, speedup,

and transmission time. The input bandwidth is measured by transmitting data into an

FPGA kernel which receives the data and discards the data.
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In order to evaluate the performance of the system when different codecs are applied

using the framework, we run the streaming application under different parameters and

take various measurements. Some of the parameters and other factors to be varied are:

• Segment size while total data size is fixed.

• Total data size while segment size is fixed.

• Number of threads.

Varying segment sizes is important since the peak performance will occur at the optimum

segment size. Varying the total data size is important, but to a lesser extent since we

generally work under the assumption that large amounts of data are transmitted such

that many one-off overheads are hidden. Despite this, it is still important to investigate

just how large the data size needs to be for our framework to be effective.

Varying the number of threads is especially important since software multi-threading

is one of the main ideas we work with – it was observed that applying codecs, even

compression, sequentially increased the end-to-end computation time.

The measurements for raw data, without any codecs being applied, is taken as the

baseline for the experiment.

4.7.1 Comparison with Model

We compare empirical data against theoretical data from the model. This is useful to

establish how accurately the model can predict the performance of a streaming system

with the framework applied. Then for future streaming applications, a HPC programmer

could determine from the model whether there will be any set of parameters for which

the performance of a particular streaming system can be enhanced.

Fig. 4.2 compares the measured transmission time against the time predicted by the

mathematical model for 2, 3 and 4 threads. 2 threads means that there is 1 compression

thread and 1 transmission thread; 3 threads means that there are 2 compression threads

and 1 transmission thread; 4 threads mean that there are 3 compression threads and 1

transmission thread. The model in this case is actually more accurate where there are
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Figure 4.2: Modelled/actual time for delta compression with 2, 3, 4 threads.

a larger number of threads, as evident from the diagram. For 4 threads, the maximum

discrepancy within the region of interest (where the segment sizes are not too large or

small) is 5.56% and the maximum discrepancy overall is 43.0% for a segment size of

2GB. For 2 threads, the maximum discrepancy within the region of interest is 11.0%

while the maximum discrepancy overall is 39.8% for a segment size of 32kB.
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Figure 4.3: Modelled/actual time for delta compression with 3 and 9 threads. 9
threads are used here since it gave the best empirical performance.

One thing this model took into consideration which the model in the previous chapter

did not is the time overhead of initiating a software compression call. The transmission
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times being dealt with in this chapter are smaller than in the previous chapter, hence the

overhead of the software compression call where there are a large number of segments

contributes towards a sizeable proportion of the total time. Fig 4.3 is shown here for

comparison of the transmission times (see the vertical axis), which is one of the graphs

from the previous chapter. When the transmission time itself is very large, the overhead

of the software compression call is negligible and so it was not included in the initial

model.

4.7.2 Adaptive Compression

Two versions of the performance of the system operating under adaptive compression

was tested.

The first one used a delta compression codec and an identity codec. Fig. 4.4 shows the

measured performance.
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Figure 4.4: Graph showing performance of adaptive compression with two codecs.
“Delta (normal)” shows delta compression applied to compressible data. “Delta (ran-
dom)” shows the worst case scenario, where the delta codec was applied to incompress-
ible random data. “Delta/identity random” shows the compression being overridden

by the identity codec where the data is random and incompressible.

Delta (normal) shows the performance of the delta compression algorithm operating on

its own using compressible data. With 3 compression threads and a compression ratio

of 0.55, a speedup of 1.78x was observed at a segment size of 2MB.
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Delta (random) shows the worst case scenario if delta compression were applied to

randomly generated incompressible data. With 3 compression threads and a compression

ratio of 2 (the data size gets doubled) speed ratio of 0.496x was observed at a segment

size of 4MB. The expansion is high when the data is incompressible, so this gives a good

indicator of how the framework performs if it is not used correctly.

Delta/identity (random) is where incompressible random data is used and adaptive

compression overrides the delta compression to transmit raw data instead of compressed

data. This aims to mitigate the effect of the slowdown caused by data expansion when

the data is incompressible. With 3 encode threads (where each thread applies both of

the codecs to a particular segment), a speed ratio of 0.981x was observed at a segment

size of 2MB. Hence the adaptive framework is effective at mitigating loss of speed in the

case where data is incompressible.

The second version, Fig. 4.5, used a delta compression codec, a floating point com-

pression codec and an identity codec. The encoded version with the lowest size will be

transmitted. The data content and data type of the stream of data being used in this

experiment changes over time. The data alternates between integer data, floating point

data, and random data (which is incompressible by both algorithms). Therefore, the

framework should now automatically choose whichever codec is the most appropriate

for the data based on the compression ratio. Applying just a single codec, such as delta

compression, is not appropriate since it will not be able to compress the data most of

the time. The best performance achieved using only a delta compression codec is a

speed ratio of 0.851x. However, when 3 codecs were applied simultaneously, a speedup

of up to 1.34x was observed. This shows that using adaptive compression is an effective

way of compressing and transmitting data where the nature of the data is unknown.

Furthermore, it shows how using extra software and hardware resources (if available)

can be used to improve performance. The reason for why the graph is not smooth has

not been determined.

The random data used in both of these experiments was dense floating point data that

was found to be incompressible with both the floating point compression algorithm and

the delta compression algorithm. Interestingly, there are some cases where floating point

data may be better compressed by the delta compression algorithm and there are some
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Figure 4.5: Graph showing performance for mixed data using a single codec and using
three adaptive codecs.

cases where integer data may be better compressed by the floating point compression

algorithm.

4.8 Applications

In the previous chapter, the framework was applied to an FFT, and a speedup was

observed in comparison to raw data being fed into the FFT. The speedup achieved on

the FFT was slightly less than what was achieved on a black box kernel.

Although not tested here, if adaptive compression were similarly applied to an FFT, the

expectation is that there would be a speedup, but slightly slower than what it would be

when compression is applied to a black box.

4.9 Conclusion

In this chapter, the framework has been extended to use simultaneous multiple codecs,

and an alternative version of the model has been developed for simplex compression.

The extended version of the framework allows multiple codecs to be simultaneously

applied to the data channel between an FPGA chip and a CPU on a heterogeneous
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CPU-FPGA system. Multi-threading allows simultaneous compression techniques to

operate in software with minimal overhead. Using extra resources on the FPGA allows

fast and small compression codecs to be implemented on hardware.

On a segmented data stream where the nature of the data changes at run time, a speed-

up of 1.34x was observed when using 3 simultaneous codecs. It was observed that using

an identity codec with a compression codec can also prevent a loss of speed in the event

that the data is incompressible.

There are however, concerns regarding power consumption, since a large amount of soft-

ware computation is performed to apply multiple compression codecs to every segment

in order to test the compression ratio before transmitting. In a commercial implementa-

tion, applying multiple compression codecs to every single segment would be too power

intensive to be practical. Therefore, it would be more sensible to test the compression

ratio of the data occasionally, instead of testing it for every segment. This could also

make the adaptive framework viable for duplex compression. For example, the compres-

sion could be tested every 128 segments, which would use significantly less power. More

ideas on adaptive compression are discussed in Chapter 7 (Future Work).



Chapter 5

Application of the Framework to

Non-streaming Platforms

5.1 Introduction

The previous two chapters described how codecs can be applied to the data channel on

a Maxeler streaming system to improve performance. The results showed performance

of the system operating under various codecs and combinations of codecs when applied

to a commercial platform.

This chapter explores OpenCL, an alternative platform for heterogeneous systems. OpenCL

is a popular HLS platform for implementing HPC applications. It is well suited for HPC

applications since it simplifies the design process and it allows the programmer to use

pipeline parallelism and replicated pipelines to achieve a high throughput. The common

usage of the platform means that knowledge of the platform is widely available. The

flexibility of OpenCL allows it to operate across a range of different platforms, especially

heterogeneous applications. These include GPUs, FPGAs and SoCs.

HPC applications designed in OpenCL still face the same challenge of a bandwidth bot-

tleneck, if they need to transmit data between the software and hardware accelerator.

When a kernel designed in OpenCL contains constructs such as work groups, loop un-

rolling and multiple compute units, the kernel will have a massive throughput. Work

groups are blocks of data that have the same calculations performed on them. Loop

94
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unrolling allows sequential calculations to be parallelised, as long as there are no de-

pendencies between the loop iterations. Compute units are a construct to replicate the

computation hardware. However, the throughput is often limited by the bandwidth

of the data source which supplies the kernel, and/or the data sink which receives the

data that is produced by the kernel. This would usually be memory or another data

channel such as PCI-express. This prevents the programmer from making full use of the

kernel’s computational capabilities. This necessitates the use of compression to increase

the effective data bandwidth, to allow the kernel to achieve a higher throughput.

Like other HLS platforms, OpenCL lacks the primitives to deal with the bandwidth

issue. It also knows limited information about the data coming into the kernel from

outside.

This chapter takes the concepts proposed in previous chapters and applies them to

another heterogeneous CPU-FPGA system based on OpenCL. It is useful to apply the

framework to a different, non-commercial platform to demonstrate its generality. The

aim is to apply compute-intensive compression at line rate by making use of unused

CPU cycles on the software side and spare FPGA resources on the hardware side of the

channel. Hence, the contributions of this chapter are:

• An implementation of the framework on an OpenCL platform to demonstrate the

generality of the framework.

• An extension of the mathematical model and its application to the framework on

a different platform to show its generality.

• Comparison of empirical performance with model-predicted performance.

• Evaluation of the performance of data transmission across a bandwidth-bottlenecked

PCI-express channel and a bandwidth-bottlenecked memory channel.

• Evaluation of memory compression performance, showing a decompression band-

width of up to 7805MB/s for lossless floating point.

Section 5.2 provides a detailed description of the framework described in this chapter.

Section 5.5 describes a mathematical model to predict the performance of streaming

systems operating under this framework. Section 5.4 discusses the technical details of
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how the system is built on the OpenCL platform. Section 5.6 evaluates the perfor-

mance of the framework on a commercial platform when different codecs were applied

to streaming systems.

5.2 Conceptual Framework

So far, the conceptual framework has been tested and shown to work on the Maxeler

platform, which is a streaming-based platform. Since Maxeler is a proprietary platform

with tightly integrated hardware, drivers and software, it is necessary that the framework

must work on other platforms in order for the framework to be general. In this chapter,

the framework that was conceptualised in the previous chapters is applied to a new

platform that is not based on streaming.

The previous chapters have discussed the necessity of a general framework, and to

demonstrate the general framework, it must meet certain requirements. These require-

ments are:

• Allowing the programmer to apply software and hardware codecs to the data

without major changes to the software or hardware.

• Using unused/extra resources in software and hardware.

• The framework is extensible such that other codecs can be applied to a data

channel.

• The framework must be applicable across different platforms.

Therefore, in this chapter, the framework is tested on a different platform: Namely,

the OpenCL platform. Some of the main differences between the Maxeler and OpenCL

platform are:

• OpenCL is a vector based platform unlike Maxeler which is a streaming based

platform, such that they are suited for different applications.

• OpenCL is an open platform that is applicable to CPUs, GPUs, FPGAs and SoCs

while Maxeler is a proprietary platform with tightly integrated hardware, drivers

and software.
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• Data transmission in OpenCL is typically done via on-card memory while data

transmission in Maxeler is typically done directly between the host and the FPGA

kernel.

• OpenCL gives a greater degree of flexibility over on-card memory accesses (though

it requires the programmer to design these accesses in an efficient way) while Max-

eler has a rigid memory access pattern (and highly efficient for specific applica-

tions).

• OpenCL does not have a strict order in the way that data is processed while

Maxeler has a strict ordering of data in its data streams.

• Parallelism on OpenCL is achieved using work items, loop unrolling and compute

units, while parallelism on Maxeler is achieved using a highly optimised streaming

pipeline.

Despite the differences between the two platforms, there are also a number of similarities:

• Both can be used to implement heterogeneous HPC applications.

• Both provide a software API that allows the transmission of large amounts of data

between the host processor and the hardware using DMA.

• Both support applications with multiple kernels.

• Both face the challenge of a bandwidth bottleneck.

OpenCL is therefore a useful platform to test the framework on. It is different enough

from Maxeler to demonstrate the generality of the framework, while having enough

similarities for the framework to still be applicable and useful. The flexibility of the

OpenCL platform allows the framework to be tested on not just FPGAs, but also GPUs.

While the main focus in this chapter is the application of the framework to a different

CPU-FPGA system, it is also applied to a CPU-GPU system.

Since data transmission between the host and the hardware in OpenCL applications is

typically done via on-card memory, the focus of this chapter is also simplex transmission

rather than duplex transmission. This lessens the need for multithreading in software as

it will not be necessary to have simultaneous compression and decompression in software.
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However, software pipelining is still used in the form of having simultaneous compression

and data transmission. The host accesses the on-card memory to read/write and the

FPGA kernel also accesses the on-card memory to read and write. The use of on-card

memory on OpenCL is less restrictive than the usage of on-card memory on the Maxeler

platform, where the data transmissions have a strict granularity. This gives a greater

flexibility to apply compression as the data size can vary significantly depending on the

compression algorithm being used and the nature of the data being compressed.

OpenCL gives the programmer a large degree of control over the types of memory that

are used by computation kernels. It has a memory hierarchy consisting of four levels:

Global; constant; local; private. On an FPGA system, global memory will be the off-

chip DDR memory on the board. Constant memory can be used to store read-only data

that is used by the kernel, and the data can be stored in an on-chip scratchpad. Local

memory is for smaller chunks of data and it is stored on on-chip block RAM. Private

memory is data that is stored on registers. The programmer can design the kernel to

make use of these types of memory in ways to make the kernel as fast and efficient

as possible. OpenCL is often used to design kernels that repeatedly read and write

large amounts of memory. Maxeler does allow the use of memory locally on the chip

and the use of registers but it does not automatically create and control scratchpads.

While OpenCL gives a large degree of control to the programmer, it can be challenging

to achieve optimum performance in a system since a large design space needs to be

considered and explored.

The OpenCL platform also gives the programmer a number of different ways to par-

allelise hardware implementations. These include work items, compute units and loop

unrolling. Maxeler does not provide such options, however, it provides a single highly

optimised pipeline where data is streamed through. While OpenCL gives more flexibility,

parallelism through multiple compute units and loop unrolling will result in systems that

use a larger amount of resources. In a highly parallel OpenCL system, the bandwidth

available to supply the system with data will be a bottleneck.

OpenCL also has a different way of managing the ordering of data segments compared

to Maxeler. Due to the nature of work items, they may be performed out of order,

while Maxeler has a strict ordering of data in its data streams. Codecs without data

dependencies can be parallelised through the use of work items or loop unrolling.
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As mentioned in the previous chapters, it is not expected that this framework will be

applicable to every bandwidth-bottlenecked heterogeneous HPC application. So far,

the investigation has been on applications where the performance is restricted by the

bandwidth bottleneck in the channel between the host processor and the hardware.

There are however, other applications where data is transmitted from the host to the

on-card memory where the on-card memory will then be read/written multiple times

by the kernel. In this case, the CPU-FPGA bandwidth will only account for a fixed

proportion of the total time – the overall speedup that can be achieved by purely focusing

on the CPU-FPGA bandwidth is limited by the proportion of time that is actually spent

transmitting data. However, this chapter does also focus on cases where data is written

to the on-card memory where the kernel processes the data after it has been written.

This is relevant for kernels which repeatedly access large amounts of data on the on-card

memory.

5.3 Codecs

The compression codecs to be tested are:

• Lossy double precision – where 64-bit floating point numbers are converted to

32-bit floating point numbers.

• Lossless floating point – where zeroes in sparse floating point data are reduced to

a single bit in a bitmask.

Delta compression was not used here, since it will not parallelise well on an OpenCL

platform when there are data dependencies between adjacent values. Though it can be

parallelised across segments, there is limited scope for parallelisation within segments –

therefore, this algorithm is better suited for Maxeler which has a deep pipeline, rather

than OpenCL. It was suitable for Maxeler since Maxeler is specially designed for stream-

ing.
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5.3.1 Lossy Double Precision

As it did in Chapter 3, Lossy double precision converts from IEEE 64-bit floating point

to IEEE 32-bit floating point. The conversion is performed the same way as in Chapter

3. The only difference is the presence of a 32-bit header at the start of the block of

encoded data to indicate the number of floating point numbers in the block. Assuming

that the size of the block of data is much larger than the header, the compression ratio

will be approximately 0.5. Lossy double precision is a fast and efficient codec. Since this

can be easily parallelised and pipelined, its speed is limited by how fast memory can be

accessed.

5.3.2 Lossless Floating Point

The lossless single precision float algorithm used in the OpenCL platform is very dif-

ferent from that used in Maxeler. The algorithm here is designed to be efficient on an

OpenCL platform – it makes use of multiple memory reads and writes and it is internally

parallelisable. When the floating point data is compressed, each floating point element

of data is checked. If the element is zero, the element is removed and a binary ‘0’ is

stored in a bitmask. If the element is non-zero, a binary ‘1’ is stored in the bitmask

and the value of that element is kept. The dataflow is illustrated by Fig. 5.1. This

allows the decompressor to then check the bitmask to determine whether or not each

element is zero or non-zero and use it to reconstruct the original data. The dataflow

in decompressor is illustrated by Fig. 5.2. At the start of an encoded block of data, a

32-bit header will indicate the number of floating point values in that block. The best

case compression ratio of approximately 0.03125 (1/32) will occur if all the numbers are

zero, such that all the numbers are removed and only the header and bitmask will be

present. This assumes that the size of the block of data being compressed is much larger

than the header. The worst case compression ratio of approximately 1.03125 (33/32)

will occur if none of the numbers are zero, such that all the raw numbers are transmitted

along with the bitmask.

It must be noted that while there are existing sparse data compression techniques, they

are aimed at highly sparse data, while this algorithm can also be used for data with

moderate sparsity.
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Figure 5.1: Block diagram show-
ing dataflow when the lossless float-
ing point compression algorithm is

applied to sparse data.
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Figure 5.2: Block diagram show-
ing dataflow in the decompression of

floating point data.

5.4 Implementation

The framework is built using OpenCL on a heterogeneous machine with a multi-core

CPU and an FPGA interfaced together via a PCI-express channel. On this system,

bandwidth across the PCIe channel is in fact limited by the driver of the FPGA card,

which can only handle data transfers up to 3.1GB/s according to the specification.

The bandwidth was in fact measured to be 2308MB/s by transmitting a 2GB block

of data into the on-card memory via PCIe. The OpenCL software libraries and API

allow communication and data transmission between the CPU and FPGA and it allows

for high speed transmission of data across the channel. This platform is a suitable

match for the requirements of the overall investigation. The data is transmitted to

the FPGA via on-card memory, and not directly to the FPGA as was the case with

Maxeler. The flexibility of OpenCL allows this to be a practical option, while it was

not particularly practical to implement data transmission via the on-card memory on

the Maxeler platform for the particular requirements of this investigation. When the

framework is applied on an OpenCL platform, compression in software is still done by

using otherwise unused CPU cycles and the compression on the hardware side is still

done by making use of unused FPGA resources.

The hardware implementations used in OpenCL implementations must not have many

loop dependencies as this complicates parallelism and often reduces the effectiveness of

parallelism. While work items are generally processed in order, it cannot be assumed



Chapter 5: Application of the Framework to Non-streaming Platforms 102

to be the case and we must design the compression kernels in such a way that they

still function correctly, even if the work items are processed out of order. Work items

and loop unrolling are the primary ways which parallelism is used in this framework.

The coarse segmentation will be similar to that used in Maxeler, which only used coarse

segmentation.

In the case of sequential compression, the entire block of data to be transmitted is com-

pressed prior to transmission to or from the FPGA. In the case of threaded compression,

the block of data is divided into segments, and segments are transmitted as they are

compressed. The way the segments are processed in the OpenCL hardware implemen-

tation is different from the way the segments are processed in the Maxeler hardware.

There are two versions of the threaded implementation: one where data is transmitted

to the FPGA card as it is compressed by the CPU; the second where the data is trans-

mitted to the FPGA card and the FPGA kernel is executed as the data is compressed

by the CPU.

During implementation, local memory was tested but not used for the final implemen-

tation of the OpenCL codecs. The hardware was found to be very fast using global

memory due to the memory access patterns. Global memory accesses were found to be

very efficient, since many of the accesses are sequential rather than random such that a

scratchpad formed of local memory would not be particularly necessary.

Compute units (an OpenCL construct to replicate the hardware) were also tested and

found not to have any major impact on performance but their performance data have

been included in the evaluation section for completeness.

For implementation on the GPU, the data sizes used were limited by the memory avail-

able to the GPU. The simplex bandwidth of the PCI-express channel between the CPU

and GPU was measured to be 2990MB/s.

5.5 Mathematical Model

The mathematical model used in this chapter is identical to the modified model devel-

oped in Chapter 4 and it is now applied when data is transmitted between the CPU and

the hardware on a different heterogeneous system.
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When the PCIe channel is the bottleneck, the model is applicable whether the data is

being transmitted from the CPU directly to the FPGA kernel or whether the data is

being transmitted from the CPU to the on-card memory of the hardware accelerator

5.6 Evaluation

Some of the experiments for this chapter were performed on a machine with two Intel

Core i3 CPU cores with hyperthreading and a Nallatech card with an Altera Stratix V

FPGA. A machine with two Intel Core i3 CPU cores with hyperthreading and an Nvidia

Quadro K4000 GPU was also used for some of the experiments.

The metrics that are used to assess performance are simplex transmission time, effective

bandwidth, speedup and compression ratio. Due to the nature in which OpenCL is used

in many applications plus the fact that we work with a machine that has only 2 physical

CPU cores, this chapter also focuses on simplex transmission, so there will not be a

huge emphasis on software multithreading. It is important to note that many of the

measured results in this section involving software do not show speedups because they

were measured using a single compression thread due to the limited availability of CPU

resources. However, we use the model to predict the performance in a situation where

there are a larger number of CPU cores available.

While the performance is measured by applying different types of compression, the

effect of varying certain parameters are also observed. OpenCL lets the user control the

parameters of the system in a different way to that of Maxeler. The parameters to be

varied are:

• Segment size.

• Total data size.

• Work size

• SIMD work items

• Loop unrolling

• Data sparsity (for lossless floating point compression)
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Software pipelining will still be used to perform line rate compression for the communi-

cation between the CPU and the FPGA board via PCI-express. As observed in Chapter

3, even without a large number of compression threads, data transmission across the

PCI-express channel can sometimes be faster when software-pipelined segmented com-

pression was used.

Better improvements in performance are expected for larger total data sizes since the

data transmission time will be dominant in comparison to the fixed overheads involved

in data transmission. The majority of time should be spent on transmitting data rather

than handling overheads.

The performance when varying parameters is tested on lossless floating point compres-

sion and lossy double to single conversion. The codecs chosen all have high degree of

parallelism that can be exploited using OpenCL.

Where the lossless compression codec is used, the total data size is 1GB. Where the

lossy double precision codec is used, the total data size is 2GB for the FPGA and 1GB

for the GPU.

5.6.1 Comparison with Model and Model Prediction

SW 

RAM
Encode

SW

RAM
PCIe

HW 

RAM

Figure 5.3: The model is tested on line-rate compression where data is simultaneously
compressed and transmitted across the PCIe channel.

Fig. 5.3 shows the phases of the data processing which this model is tested on – online

compression as data is transmitted from the software to the hardware.

Fig. 5.4 compares the measured input time to transmit 1GB of data from the CPU to

the onboard memory of the FPGA board for lossless floating point compression against

the time predicted by the mathematical model. Since the machine has only 2 physical

CPU cores, it is only possible to test the model on the OpenCL platform using 2 threads.

This is not ideal since two threads are not enough to achieve line rate in software, but

the model has been shown to work with a larger number of threads when tested on the

Maxeler platform – so it can be used to predict performance with more threads. The

maximum discrepancy within the region of interest is 8.79% observed at a segment size
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Figure 5.4: Comparison of the time taken between measured values and predicted
values for lossless floating point compression.

of 2MB and the maximum discrepancy overall is 84.6%, observed at a segment size of

128kB. From this, it would appear that the hardware used in this machine has much

larger overheads when processing a large number of small segments.

So the model must not be used for smaller segment sizes since it cannot accurately predict

the performance at those segment sizes. Realistically, an application would operate near

the centre where the discrepancy is much lower.

The mathematical model used in this chapter is identical to the model used in Chapter 4

(though slightly different from Chapter 3), and the data shows that the model is flexible

and applicable to different platforms. Therefore, it is reasonable to use the model to

predict the performance of other systems.

Since the model has been shown to be relatively accurate for making estimates of the

performance on both the Maxeler platform and an OpenCL platform, it can be used

for making predictions on performance where the necessary hardware is not available.

Since the machine used in this experiment is not suitable for software multi-threading,

the model can be used to estimate what the performance would be on a different machine

that supports a larger number of CPU threads, where the specifications would otherwise

be the same except for the number of threads that the CPU can support. Fig. 5.4 also

shows the predictions of the time taken to transmit 1GB of data for lossless floating

point compression.
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The predictions from the model show that using 3 threads (2 compression and 1 transmis-

sion) or 4 threads (3 compression and 1 transmission), can achieve a faster performance

than raw data for moderate data sizes. This is a reasonable assumption since the pre-

vious chapters have already shown the model to be reliable. Measured data from the

previous chapter also showed that using 3 or 4 software threads can achieve a faster

performance than transmitting raw data (since the software codecs will achieve line rate

with this many threads), and the performance predicted by the model then was shown

to be accurate in the region of interest (moderate segment sizes).

5.6.2 Varying the Data Sparsity in Lossless Floating Point Compres-

sion
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Figure 5.5: The performance of compression, transmission across PCIe and decom-
pression are investigated separately in this section.

Fig. 5.5 shows the phases of the data processing where different levels of data sparsity

are tested.
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Figure 5.6: Graph showing how
the sparsity of data affects the trans-
mission time between the CPU and
on-card memory, and the decom-
pression time on FPGA hardware
for a lossless floating point compres-

sion algorithm.
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Figure 5.7: Graph showing how
the sparsity of data affects the com-
pression time, transmission time be-
tween the CPU and on-card mem-
ory, and the decompression time on
GPU hardware for a lossless floating

point compression algorithm.

Figs. 5.6 and 5.7 are included to show a comparison between a heterogeneous CPU-

FPGA system and a heterogeneous CPU-GPU system. It was initially done as a prelim-

inary experiment to make some initial observations. A fixed total data size of 1GB was
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used. This is an appropriate size since the framework is designed for applications where

large amounts of data are processed. While 2GB was used in the previous experiments,

technical limitations restricted the size to 1GB in this experiment. The lack of memory

on the host machine prevents 2GB of data being used for this particular codec, and

the GPU card has insufficient memory to support 2GB of data. The compress time is

measured using a single thread in software.

The peaky shape of the software compression graph is due to the nature of the floating

point compression algorithm. At high sparsities, very little data has to be written to

RAM when compressing. At low sparsities, a large amount of data is written, but

in a somewhat consistent pattern. At medium sparsities, the nature of the data is

unpredictable and the RAM accesses are inefficient. Even though the compression ratio

is not bad, the worst case performance is disproportionately slow as a result of random

global memory accesses.

Judging by the significantly faster performance of the hardware compression in compar-

ison to the software, this would be particularly well-suited to systems where data from

the hardware global memory is read by the FPGA multiple times. It should be noted

how unroll 8 was used in the FPGA and unroll 32 was used in the GPU – the two de-

vices are fundamentally different architectures, so the implementations had a number of

differences. The FPGA implementation has a work size of 1, and an unrolling factor of

8 is applied to the fine-grained inner loop that iterates along bits of the bitmask and the

elements that each bit of the bitmask corresponds to (the outer loop is coarse-grained).

Loop unrolling on an FPGA is extremely resource intensive, so unrolling it to 32 is not

a sensible option, even though it will give even better performance – there is a trade-off

between resource usage and performance, and there is more discussion further ahead.

The GPU implementation has a work size of 32, and this is used to parallelise along

the bitmask – there is no inner loop that iterates on the bitmask. The loop unrolling is

applied to the coarse-grained outer loop in the GPU. The GPU used in this experiment

used in this experiment is quite old and therefore cannot perform this particular algo-

rithm at line rate, but from its performance, it is clear that newer models will be able

to operate at line rate.

The software compression is slow because only one CPU is used to compress the data.



Chapter 5: Application of the Framework to Non-streaming Platforms 108

The effectiveness of parallel software compression has been shown in the previous chap-

ters so compression would be more effective on a system with a larger number of CPU

cores. Also, for reasons that are unknown, the software compression on the GPU ma-

chine is significantly slower than the FPGA machine, although both machines have the

same specification.

Furthermore, the results indicated that at a sparsity higher than 0.5, the decompression

bandwidth in the FPGA implementation is higher than the bandwidth of the PCI-

express channel. Most sparse data compression algorithms require highly sparse data,

while this framework could allow compression to be applied to data that is less sparse

than what typical sparse data compression algorithms would deal with. For example,

the sparsity of data in algorithms such as sparse matrix multiplication is much higher

than the sparsities that this experiment deals with. Hence the compression here could

potentially accelerate algorithms such as dense matrix multiplication in cases where data

is not completely dense.

The hardware compression is slow in the FPGA, though the decompression is much

faster. The hardware implementation of this lossless floating point compression algo-

rithm does not parallelise well in the FPGA. It involves writing data to random locations

in memory as the data is compressed – and the memory address where each individual

element of data depends on the nature of the data being compressed. An unfortunate

disadvantage of OpenCL is that it is not effective at pipelining writes to unknown mem-

ory locations at compile time. As a result of this, much of this section will focus on the

hardware decompression.

5.6.3 Varying Segment Size
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Figure 5.8: Compression being applied as data is transmitted from software to the
onboard memory of the hardware (the same as in the model)

It is important to note that there is only one software compression thread in this ex-

periment due to the limitations of the host machine), which is not sufficient to achieve

a speedup using the lossless floating point compression algorithm. It is still worth ob-

serving the performance under different parameters, with the knowledge that it will be
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Figure 5.9: Compression being applied as data is transmitted from software to the
onboard memory of the hardware and then decompression being applied before it is

transmitted through an FPGA kernel.

faster with a larger number of threads (as shown by the estimation from the mathemat-

ical model).

Figs. 5.8 and 5.9 show the two cases which are tested by varying the segment size,

on both lossless and lossy compression. The former is the same case that is handled

by the model – the data is simultaneously compressed and transmitted to the onboard

memory of the hardware accelerator. The latter is where the data transmitted to the

FPGA is decompressed and transmitted through an FPGA kernel. For the purpose of

this experiment, a floating point multiplier is used.

5.6.3.1 Lossless Floating Point

These experiments are performed on 1GB of data. Figs. 5.10 and 5.11 show the speed

ratio observed from using different segment sizes for lossless floating point compression.

The software-only version Fig. 5.10 shows the case where data is simply transmitted

into the on-board memory while Fig. 5.11 shows the case where the FPGA kernel is also

executed as the data is transmitted onto the FPGA board. Both the experiments use

data with a sparsity of 0.9 (90%). The performance of the software-only version appears

to be particularly erratic – the exact reason for this has not been established, though

we suspect it is related to CPU cache performance.

Fig. 5.12 shows how changing the unroll factor on the hardware affects software-pipelined

data transmission from the CPU into the FPGA hardware.

5.6.3.2 Lossy Double Precision

The experiments here are performed on 2GB of data.
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Figure 5.10: Speed ratio against the segment size for lossless compression of sparse
floating point data for different total data sizes, where software-pipelined data is trans-

mitted into the on-board memory of the FPGA board.
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Figs. 5.13 and 5.14 show the speed ratio observed from using different segment sizes for

lossy double precision conversion. The software-only version Fig. 5.13 shows the case

where data is simply transmitted into the on-board memory, and a maximum speedup

of 1.63x is achieved. Fig. 5.14 shows the case where the FPGA kernel is also executed

as the data is transmitted onto the FPGA board.

An interesting observation to note here is that the speedup is faster than 2x (more

specifically, 2.09x) in the instance where the kernel is executed as the data is transmitted
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Figure 5.13: Speed ratio against the segment size for lossy compression of floating
point data for different total data sizes, where software-pipelined data is transmitted

into the on-board memory of the FPGA board.
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to the board, when we would expect the theoretical maximum speedup to be equal to

2x (due to the compression ratio of the lossy floating point compression being 0.5).

The speedup is achieved at a loss of precision. It would not be possible to achieve that

speedup from using software multi-threading alone. It appears that the speedup happens

as a result of the compressed data being read on the hardware in a more efficient manner

by the hardware decoder – being read by the hardware decoder at more than twice the
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speed that the raw data would be read from the memory. This results in an overall

speedup of more than 2x across the software and hardware.

Fig. 5.15 shows how changing the SIMD factor on the hardware affects software-

pipelined data transmission from the CPU into the FPGA hardware. Again, we note

the speedup being more than 2x, for the reasons explained above.

These graphs show the effect that applying compression in the same manner as was

done on the Maxeler platform will have on a non-Maxeler based platform. Additionally,

the data across the three chapters have shown that the framework can function on both

simplex and duplex transmission.

5.6.3.3 Summary of Performance for Varying Segment Size

Since there was only one software compression thread used, many of the experiments did

not have speedups. However, there was a discussion about using the model to predict

the performance with more software threads, since the model has previously been shown

to be relatively accurate. The experiments that did not have speedups are still included

for completeness, with the knowledge that there are likely to be speedups if a multi-core

CPU platform were available to run them.

The results show that good speedups can be achieved under certain circumstances. It was

discussed earlier how Figs. 5.13 and 5.14 showed a notable improvement in performance

for lossy double precision conversion, even with a single compression thread, since it is

a very fast codec. The improvement in performance is achieved at the loss of precision.

These results show that compression is viable in these circumstances. The software-only

version (Fig. 5.13) shows the case where compressed data is transmitted into on-board

memory and it shows a 1.63x speedup over transmitting raw data. The one with software

transmission and hardware execution showed a 2.09x speedup, which is faster than the

theoretical 2x speedup. It would appear that this is because of the memory accesses

to the compressed data in hardware by the decompressor are more efficient than the

memory accesses to raw data by the kernel.
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Figure 5.16: Decoding compressed data in the onboard memory of the FPGA card

5.6.4 Memory Compression

While the machine being used in this experiment is not suitable for software multi-

threading, it would still be useful for FPGA applications where data is written into

the onboard RAM once and then processed multiple times by the FPGA kernel. The

onboard memory of the FPGA card has two memory banks, each with a bandwidth

of 25600MB/s. In the case of a single kernel accessing the memory, there would not

be any bandwidth bottleneck, but the presence of multiple kernels on the FPGA can

bottleneck the memory bandwidth, and so it is useful to investigate the how the hardware

throughput of compression is affected by various optimisations.

Fig. 5.16 shows the data transmission phase that is investigated in this Memory Com-

pression section. The hardware implementation of this lossless floating point compression

algorithm does not parallelise well in the OpenCL implementation due to random mem-

ory writes when compressing, so it does not produce very useful results. Therefore, this

section focuses on using memory decompression to access compressed data in memory.

When implementing the compression on hardware using OpenCL, a large design space

had to be explored with various ways to increase or decrease the level of parallelism,

such as work items, loop unrolling and compute units. The following subsections contain

information about how the hardware was optimised to achieve a high throughput. Brute-

forcing all combinations of parameters would be extremely time consuming and so it is

not a practical option.

5.6.4.1 Lossless Floating Point

One of the main factors to investigate is the effect that loop unrolling has on the decom-

pression algorithm. This was tested on 1GB of floating point data with different levels

of sparsity. A work size of 1 was used as it was found to have the best performance

(more detail of how this decision was made is included further ahead).
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Figure 5.17: Graph showing de-
compress FPGA kernel time for loss-
less floating point as the data spar-
sity increases (for different unroll

factors and a work size of 1)
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Figure 5.18: Graph showing de-
compress GPU time for lossless
floating point as the data sparsity
increases (for different unroll factors

and a work size of 1)
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Figure 5.19: Graph showing de-
compress FPGA kernel time for loss-
less floating point (for low, medium
and high sparsity) as unroll factor

increases (Work size: 1)
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Figure 5.20: Graph showing de-
compress GPU time for lossless
floating point (for low, medium and
high sparsity) as unroll factor in-

creases (Work size: 1)

Fig 5.17 and Fig. 5.19 show the measurements from two different perspectives: Increas-

ing sparsity and increasing unroll factor. It is interesting to note that highly unrolled

implementations perform very poorly on dense data. Profiling data seems to indicate

that scratchpad performance of reading input data is efficient where loop unrolling is

not used, but scratchpad performance is very poor on dense data where loop unrolling

is used. This is not surprising since there will be large amounts of random accesses

to memory in a highly unrolled implementation, so that data in scratchpads will likely

be replaced before they are accessed again. For sparse data, performance is generally

good at any level of loop unrolling, and profiling data seems to suggest that scratchpad

performance is efficient for sparse data, regardless of the level of loop unrolling.

The same experiment was then performed on a GPU, and the results are shown in Fig
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5.18 and Fig. 5.20. On GPU, loop unrolling shows a clear improvement in performance

all across levels of data sparsity.

While loop unrolling was found to provide the fastest performance, other optimisations

were also investigated. The lossless floating point algorithm uses a bitmask where each

bit specifies whether a certain element of data is zero or not. Due to the bitmask, it

makes sense to attempt to parallelise the algorithm along the bitmask, using a work

size of more than 1. In this case, a work size of 32 was chosen since the bitmask was

interpreted as an array of 32 bit integers (it can be interpreted as 16 bit or 8 bit integers

too, and it would make no difference). Using SIMD work items were then attempted,

but it was found not to produce any useful improvement in performance. Therefore, this

was not investigated further for this codec and its results have not been included here.

Lossless floating point was able to achieve a faster performance when 1 single work item

was used as opposed to using 32 work items. The read memory accesses in lossless float-

ing point are large random but the writes are sequential since the exact write location

for each element of data is known while the exact read location is initially unknown.

It would appear that as the read memory accesses become more random, parallelising

memory accesses through the use of work items is not efficient. However, parallelising

by the use of loop unrolling seems highly efficient possibly because that could cause data

to be read from and written contiguous chunks of memory as the kernel works its way

through the entire set of data. The use of local memory was attempted but it did not

result in a major improvement in performance. This is discussed later.

5.6.4.2 Lossy Double Precision
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Figure 5.21: Graph showing the
kernel time of a lossy double preci-
sion codec on an FPGA as the unroll
and SIMD factors increase (Work

size: 1024)
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Figure 5.22: Graph showing the
kernel time of a lossy double preci-
sion codec on a GPU as the unroll
and SIMD factors increase (Work

size: 1024)
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Figure 5.23: Graph showing the
kernel time of a lossy double preci-
sion codec on an FPGA as the work
size increases (Work size: 1024)
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Figure 5.24: Graph showing the
kernel time of a lossy double preci-
sion codec on GPU as the work size

increases (Work size: 1024)

The same experiments were then performed on a lossy double precision conversion codec,

albeit there is no data sparsity factor involved here. Figs 5.21 and 5.22 show the per-

formance of lossy double precision for 2GB of data on an FPGA and 1GB on a GPU as

the loop unroll factor and SIMD factor increases. Due to the limited on-card memory

available to the GPU, the data size had to be limited to 1GB. The inconsistency in the

data size for the two different versions resulted because the decision to perform experi-

ments on a GPU was taken after the experiments were already performed on the FPGA

with 2GB of data.

The work size is fixed at 1024 as this was observed to have the best performance. For

both the FPGA and the GPU, the time taken decreases as the unroll factor increases;

when the unroll factor becomes too high, the time begins to increase again – which is

expected since the onboard memory will not have a high enough bandwidth to supply

the data to a kernel with such a high level of parallelism from unrolling. It is also notable

that the GPU is actually faster than the FPGA in this particular case.

Varying the SIMD work items did result in a slightly better improvement than changing

the unroll factor on the FPGA, unlike for the lossless floating point compression algo-

rithm where using SIMD work items had little positive impact. There appears to be no

improvement when SIMD work items are used on the GPU.

The next optimisation to be discussed is the work size. The total data size is 2GB for

the FPGA and 1GB for the GPU; and we do not use any loop unrolling or set a SIMD

work items factor. Both the FPGA and GPU show an improvement in the time taken

to run the decoder kernel in Figs 5.23 and 5.24. The GPU only supports up to 1024

work items which is why the graph for the GPU stops at 1024.
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5.6.5 Resource Usage
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Figure 5.25: Graph showing per-
centage of FPGA resources used as
the unroll factor increases for loss-
less floating point (Work size: 1)
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Figure 5.26: Graph showing the
resource usage as the unroll factor
increases for the lossy double preci-

sion codec (Work size: 1024)
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Figure 5.27: Graph showing the
resource usage of a lossy double pre-
cision codec as the SIMD factor in-

creases (Work size: 1024)
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Figure 5.28: Graph showing the
resource usage of a lossy double
precision codec as the work size
increases with no unrolling and a

SIMD factor of 16.

While loop unrolling will drastically improve the performance of an FPGA hardware

implementation, it is also resource intensive. Since one of the main arguments to support

this framework is that it uses spare resources to enhance performance, we cannot have a

codec that uses up excessive chip area, since there will need to be space for the existing

computation kernel on the FPGA.

Fig 5.25 shows the resource usage for different amounts of loop unrolling. For example, it

shows that at an unroll factor of 32, around 60% of the BRAM on the chip is consumed.

If an unroll factor of 32 were to be used, it would only be appropriate to apply the

framework to an existing FPGA kernel which does not use a large amount of block

RAM, unless we are using a much larger FPGA with a larger amount of resources.

The graphs suggest that resource usage is slightly higher when there is no unrolling,

than when there is an unroll factor of 2. It would appear that the compiler performs

various optimisations when unrolling the loop.
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As was done in the previous experiment, it is necessary to investigate how resource

usage is affected when the codec is parallelised through loop unrolling. Fig 5.26 shows

the change in resource usage as the unroll factor increases. As was observed in the

lossless floating point case, ALM and register usage are higher when there is no unrolling

compared to when there is an unroll factor of 2. Besides that, the resource usage

increases, albeit quite slowly. Fig. 5.26 clearly shows that the percentage of ALMs and

BRAM used increase by only small percentage when the loop is unrolled.

Fig 5.27 shows a minimal change in resource usage as the SIMD factor increases com-

pared to the unroll factor increasing.

Fig 5.28 shows that the increase in resource usage is negligible as the work size in-

creases. If this is combined with a specified SIMD factor as was done earlier, very fast

computation can be achieved.

5.6.5.1 Memory Bandwidth vs Resource Usage: Lossless Floating Point

We can make some further observations about the relationship between resource usage

and decompression bandwidth on Figs. 5.29, 5.30 and 5.31. These are scatter plots

where both variables are independent of each other and dependent on the unroll factor.

Bandwidths measured using a sparsity of 0.1, 0.5 and 0.9 are included. All three graphs

show that at high data sparsities (which the compression algorithm is designed to pro-

cess), the bandwidth is high when there are a large amount of FPGA resources being

used. However, we cannot allow the framework to consume all the resources on the

FPGA as there needs to be room available for the existing computation kernel. Hence

there is an important trade-off between resource usage and bandwidth.

5.6.5.2 Memory Bandwidth vs Resource Usage: Lossy Double Precision

As was done in the previous experiments, we make further observations about the re-

lationship between the resource usage and the on-board memory bandwidth. This is

illustrated by Figs 5.32, 5.33, and 5.34. The general trend observed is that the band-

width increases with resource usage.

We can make some further observations about the relationship between the resource

usage and decode bandwidth as the number of SIMD work items change. The scatter
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Figure 5.29: Graph showing the
variation in bandwidth with ALM
usage for lossless floating point (for
different unroll factors and a work

size of 1)
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Figure 5.30: Graph showing the
variation in bandwidth with register
usage for lossless floating point (for
different unroll factors and a work

size of 1)
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Figure 5.31: Graph showing the variation in bandwidth against the usage of block
memory bits for lossless floating point (for different unroll factors and a work size of 1)

plots appear to show a steeper increase in bandwidth as the resource usage increases

when the SIMD factor is varied.

The pattern between the bandwidth and the resource usage is peculiar compared to

the other graphs we have seen so far. Figs 5.32 and 5.33 show that an improvement in

performance can be made without using additional ALMS or registers if the work size

is increased.

5.6.6 Summary of Parameters

Table 5.1 shows how lossless floating can be sped up by the use of loop unrolling, on

both FPGA and GPU. The table contains some of the data that were shown in the

graphs above. The values were measured for a total of 1GB data, with a sparsity of 0.9,

since these are the type of conditions where it would be suitable to apply compression.

When determining the best parameters, the first step was to establish the best work

size to use. Using a work size of 1 was found to have better performance than using
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Figure 5.32: Graph showing the
memory bandwidth against ALM
usage for the lossy double precision
codec. The work size is varied for
a fixed SIMD factor of 16, and the
unroll and SIMD factors are varied

for a fixed work size of 1024
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Figure 5.33: Graph showing the
memory bandwidth against register
usage for the lossy double precision
codec. The work size is varied for
a fixed SIMD factor of 16, and the
unroll and SIMD factors are varied

for a fixed work size of 1024
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Figure 5.34: Graph showing the memory bandwidth against the usage of block mem-
ory bits for the lossy double precision codec. The work size is varied for a fixed SIMD
factor of 16, and the unroll and SIMD factors are varied for a fixed work size of 1024

multiple work items on the FPGA. With a work size of 1, SIMD cannot be used on the

FPGA, and loop unrolling was used to increase the speed. From the table, it is clear

that unrolling up to a factor of 8 has a significant improvement in speed, without a

significant increase in resource usage. Unrolling any further results in relatively smaller

increases in speed, but relatively larger increases in resource usage.

On the GPU, a work size of 32 was observed to have the best performance. Loop

unrolling and SIMD were both tested on the GPU, but only loop unrolling showed an

increase in the speed.

The bandwidth is the speed at which decompressed data is written out to global memory

from the decompressor. A decompression bandwidth of 7805MB/s was achieved at an

unroll factor of 32.

Table 5.2 shows some of the cases where the best performance is achieved. Initially, the

work size was gradually increased to determine the optimum work size for this algorithm.
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Table 5.1: Table showing a summary of the parameters for lossless floating point.

HW Time (ms) BW (MB/s) % ALMs Regs % BRAM

FPGA Original 1166 922 25.8 70995 7.38

Unroll 2 578 1857 24.7 63888 11.6

Unroll 4 309 3470 25.7 67357 14.9

Unroll 8 156 6904 27.7 74661 21.6

Unroll 16 141 7629 40.0 88608 35.0

Unroll 32 138 7805 40.9 115221 61.5

GPU 4914 226.6 - - -

Unroll 2 2897 218.5 - - -

Unroll 4 1734 370.7 - - -

Unroll 8 1242 619.3 - - -

Unroll 16 988.8 864.6 - - -

Unroll 32 865.3 1241 - - -

Table 5.2: Table showing a summary of the parameters for lossy double precision.

HW Time (ms) BW (MB/s) % ALMs Regs % BRAM

FPGA Original 1045 2055 27.7 66467 4.25

Unroll 2 550.5 3901 24.4 63697 7.31

Unroll 4 319.7 6717 26.7 73265 8.03

Unroll 8 245.9 8733 31.9 92353 9.47

SIMD 2 626.3 3429 25.1 43365 4.50

SIMD 4 349.0 6154 25.1 43374 4.27

SIMD 8 210.4 10208 25.2 43453 4.36

SIMD 16 218.4 9832 26.8 46204 4.26

GPU 71.92 14930 - - -

Unroll 2 54.81 19591 - - -

Unroll 4 46.09 23295 - - -

Unroll 8 44.24 24270 - - -

SIMD 2 71.94 14925 - - -

The best performance from the FPGA was achieved at a work size of 1024; the GPU

only supports a maximum work size of 1024, and it also had the best performance. After

that, loop unrolling and the SIMD factor were both varied. The FPGA showed a better

speed when the SIMD factor was changed, and it also used lower resources compared

to loop unrolling. The GPU had a better speed with loop unrolling as opposed to the

SIMD factor.

As mentioned previously, the GPU had only 1GB of data due to a lack of memory

available on the graphics card. The bandwidth is the speed at which decompressed data

is written out to global memory from the decompressor.
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Lossy double precision is a highly parallel algorithm, where data is read from and writ-

ten to known memory addresses, because the encoded and decoded sizes are known

beforehand. Hence the data accesses are sequential rather than random. Parallelising

along the lines of work items (as intended by OpenCL) works very efficiently, and more

so than loop unrolling. It achieves faster performance without using additional FPGA

resources. It would appear that the work item based computations on global memory

are highly efficient for sequential memory accesses on the lossy double precision codec.

Due to the high throughput of the kernel, along with the observation that the use of

local memory did not benefit lossless floating point, the use of local memory was not

attempted for this. Since both the reads and writes to and from memory are done on

known, sequential addresses, plus the fact that the same address does not have to be

accessed multiple times, it is the main reason why there is not a strong case for using

local memory for this codec.

5.6.7 Miscellaneous

On-chip memory and additional compute units were tested on lossless floating point

compression and it has been discussed here for completeness. It was tested on one of the

implementations with the highest performance – with a work size of 1 and a loop unroll

factor of 8. Tables 5.3 and 5.4 show the observed results, and the data obtained from loop

unrolling is included for comparison. The ‘original’ data is the measured performance

without any loop unrolling or OpenCL constructs that optimise performance.

Additional compute units only had a very small impact on performance and so they

were not used for most of the experiments.

Since the memory reads during the hardware decompression of floating point data are

read from unknown locations, it can be very random depending on whether or not the

data is compressed (the memory read location has to be calculated using the value of the

bitmask). Reading from unknown locations in global memory is inefficient, therefore, it

was worth testing on-chip memory to see if it would be faster than directly accessing

global memory for this particular codec. This involved periodically prefetching a block

of compressed data from global (off-chip) memory onto an on-chip buffer, and decom-

pressing the data from the buffer, instead of directly accessing the compressed data in
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Table 5.3: Table showing how compute units and local memory affect the decompres-
sion kernel time in hardware. All times are in milliseconds.

Implementation Sparsity 0.1 Sparsity 0.5 Sparsity 0.9

Original 1166 1166 1166

2 compute units 1121 1121 1120

4 compute units 1149 1148 1147

Local memory 595.5 595.5 595.6

Unroll 8 540.5 289.2 156.2

Unroll 16 1053 479.5 140.9

Table 5.4: Table showing how compute units and local memory affect the global
memory write bandwidth in hardware. The write bandwidth is the speed at which

decompressed data is transmitted out of the decompressor.

Implementation Sparsity 0.1 Sparsity 0.5 Sparsity 0.9

Original 921.3 921.4 921.5

2 compute units 958.5 958.6 958.7

4 compute units 935.4 935.8 936.0

Local memory 1803 1803 1803

Unroll 8 1987 3715 6898

Unroll 16 1020 2240 7629

the global memory to decompress it. The data on the buffer is accessed 32 times before

it is replaced, once for each bit in the bitmask.

While on-chip memory did improve performance compared to the original version, the

improvement was not enough to be of any practical use – although it may be possible

to achieve a better performance through a broader and deeper exploration of the design

space. Since the speed is the same for both high and low sparsity, the transfer of data

through the buffer is the bottleneck. It may be possible to fine tune this implementation

to improve its performance further. Whether or not it could outperform loop unrolling

remains to be seen.

On-chip was not tested for lossy double precision since the global memory accesses are

sequential and are performed on known memory addresses – this allows the compiler to

create hardware that performs efficient global memory accesses. Using local memory is

likely to increase resource usage while providing little benefit – plus the improvement

that may be achieved may be insignificant compared to the time it would take to explore

the design space to achieve this improvement. The memory addresses that are read from

the lossless floating point algorithm are unknown before they are calculated based on
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the value of the bitmask – this reduces the efficiency of the memory accesses, hence the

performance is very poor at high levels of sparsity.

5.7 Conclusion

The framework has been extended to the OpenCL platform and its generality has been

has been demonstrated by applying a lossy and a lossless compression codec. The

framework was shown to improve both the transmission time across the PCIe channel,

and also improve memory read times when compressed data is read from memory as

opposed to reading raw data. These improvements were achieved by exploring the

broad design space of OpenCL, including experimenting with optimisations such as loop

unrolling, SIMD, and work size.

Additionally, improvements were observed for heterogeneous CPU-GPU applications as

well as FPGA applications. OpenCL implementations are fundamentally different from

Maxeler, since they are heterogeneous, but not streaming.

The results have also demonstrated the generality of the model, since it is able to calcu-

late the data transmission time relatively accurately on a platform other than Maxeler.

It was not possible to do a deeper investigation of software multithreading due to the

limitations of the machine (only two physical CPU cores), so there is scope for further

investigation. Many of the speedups observed are below 1 as a result of there not

being enough software threads – therefore, the software compression on a single thread

cannot operate at line rate. The data was included because it is still useful to show that

framework functions on OpenCL – and the model showed that with more threads, there

would be a speedup. For lossless compression, line rate can be achieved by using 3 or

more software threads – which was demonstrated not only be the model, but also by the

measured results in Chapters 3 and 4.

To compare how well this framework works with Maxeler and OpenCL, both have their

relative advantages and disadvantages. Maxeler’s Low Latency interface operates in an

inherently streaming manner, therefore it is well suited to apply line-rate compression to

data as it is being transmitted. Much of the high-level primitives offered by Maxeler to

implement streaming kernels are optimised for a high throughput. The major drawback
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is the relatively limited flexibility that it offers when it comes to flow control and bus

widths. Additionally, when Maxeler performs operations on onboard memory, there is a

granularity of 384 bytes, which would make it difficult to apply compression to memory

operations. OpenCL for the most part, does not have inherent streaming functionality,

since OpenCL applications typically operate on data in external memory of the hardware

accelerator. It has limited streaming functionality in the form of pipes and more recently,

host pipes. However, it offers significantly flexibility for kernels that perform operations

to data in memory, and this allows compression and decompression to be optimised to

achieve a high throughput. With further development on the streaming functionality of

OpenCL, it could become a more suitable platform for the framework than Maxeler.
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Chapter 7

Conclusion

This thesis has examined techniques to improve the performance of bandwidth-bottlenecked

heterogeneous systems by applying compression to the data channels between the soft-

ware processor and the hardware accelerator. Additionally, it has aimed to simplify the

challenge of simultaneously obtaining line rate performance on compression algorithms

on both software and hardware to achieve benefits in performance to streaming applica-

tions. In this chapter, the main contributions of the thesis are discussed and proposals

for future work that could expand on the work presented in this thesis are discussed in

section 7.1.

The contributions of this thesis have been discussed in detail in the previous chapters.

To reiterate the contributions of this thesis, they are as follows:

• Chapter 2 provided a background on existing implementations of many different

compression algorithms on various platforms, to different applications. The moti-

vations for the framework, along with how it addresses some of the issues that are

not addressed by existing work are discussed.

• Chapter 3 proposed a multi-threaded framework to apply compute-intensive codecs

to a segmented data stream by using extra resources in software and hardware for

high-bandwidth applications. The framework was implemented on a commercial

platform using C code on the CPU side and OpenSPL code on the FPGA side.

A model was proposed for predicting the end-to-end transmission latency when

the framework is applied to a streaming system. The accuracy of the model was
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compared against measured values when the performance of the concrete imple-

mentation was tested by applying compression codecs to a heterogeneous system

with a bandwidth-limited PCI-express channel. The framework was tested on a

streaming FFT application.

• Chapter 4 proposed a modified and adaptive version of the above framework. By

adaptive, we mean that the codec being used to transmit data changes at run

time depending on the system performance. The results showed that switching

the compression technique at run-time can be beneficial in cases where the nature

of the data can change, especially at times when the data is incompressible.

• Chapter 5 extended the framework where it was then implemented on an OpenCL

platform and its performance when transmitting data across a bandwidth-bottlenecked

PCI-express channel was measured. A variation of the mathematical model de-

veloped in Chapter 3 was created to predict the performance of the framework on

this new platform and its accuracy compared against measured values.

Throughout the chapters, the results have shown that there can be a notable performance

improvement by adding compression to the data channels between the software and the

hardware accelerator, by using extra resources in software and hardware. The results

have shown that compression can be made to perform at line rate in software using

multithreading and in hardware using pipelining. The potential of the framework was

demonstrated through the use of a range of different codecs, and it was also tested on

a real life application. Furthermore, its generality was demonstrated by applying the

framework to two very different platforms. The work showed that using state-of-the-art

compression algorithms is not always what is necessary, but simple and fast compression

algorithms can achieve decent speedups without significant effort to design sophisticated

compression algorithms. By experimenting with the different parameters available, it

was shown how the compression can be optimised depending on the type of data being

compressed and the size of the data before being compressed.

While the physical bandwidth of data channels are improving (which may appear to

make compression less useful), computational capability is increasing at a much faster

rate, so the work in this thesis would be useful for future applications as well as present
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applications. As the FPGAs become larger, compression will become increasingly nec-

essary for many applications to make use of the full computational capabilities of newer

technologies.

By investigating two platforms, the relative advantages and disadvantages of each plat-

form became clear. If the work were to be done afresh, the main point that would be

done differently is to investigate multiple platforms at the beginning. When the project

was originally done, several platforms were considered and one was selected (Maxeler),

and OpenCL then used as an extension to the work. Due to the proprietary nature of

Maxeler, specific optimisations to flow control are not always possible, though the plat-

form offers a very high throughput. Handling pipeline stalls and the fixed granularity

of Maxeler is a major challenge. OpenCL gives greater control over optimisations. It is

also worth investigating the OpenCL platform in more depth, since offers a large amount

of flexibility, and the full extent of this flexibility is worth exploring.

While this project has a number of good achievements, there are also a number of lim-

itations. The main limitation of this work would be the power consumption of such a

framework. The larger power consumption of multiple software threads was not consid-

ered in this investigation. This may mean that in applications where power supply is

limited, the method discussed in this thesis may not be suitable. Moreover, there are

questions about the extra heat produced by all this computation, and how much energy

will be required to cool a data centre. Furthermore, while there are many streaming

applications where this framework would have useful benefits, the benefits offered by this

framework would be reduced in applications where data transmission is not happening

all the time – for example, where large amounts of data are transmitted to the hardware

and multiple iterations are performed on the data (and during this point, data is not

being transmitted). In many applications, the spare resources available are likely to be

limited, and the availability of resources is an important factor in determining whether

the framework can be used. In such cases, the full capability of the framework may not

be utilised if there is insufficient resources available for multiple codecs.

There is indeed, room for improvement. The impact of this work could be increased

further if a wider range of codecs are tested and if the framework had implementations

for more different platforms, as this would thoroughly demonstrate its generality. Some

of the work in this thesis, that has not yet been published in conferences and journals
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will be submitted for publication. If the framework were to be implemented on other

platforms, each platform is likely to present its own unique set of challenges.

Despite the limitations of the work discussed in this thesis, the work presented here

has demonstrated that there are indeed viable benefits in streaming applications, and

this work has made progress in tackling the bandwidth bottleneck that many comput-

ing applications that use hardware accelerators face. Hopefully, the work done in this

thesis will contribute towards a general improvement in the communication between the

computational elements of heterogeneous systems, and it may further be applied in gen-

eral networking applications. The work discussed in this thesis could be of interest to:

FPGA vendors; HPC programmers using heterogeneous platforms; providers of low-level

IP services, developers of streaming compilers.

7.1 Future Work

The framework has been tested on two different systems and performance improvements

have been observed on both – one of the systems being a commercial platform that has

been intentionally designed for heterogeneous streaming applications and the other being

an open platform that is intended for general heterogeneous applications. Having shown

positive results on two unrelated systems, it is worth investigating further to see how

applications on other heterogeneous platforms will be affected by using the framework

described in this thesis.

With the addition of host pipes to OpenCL, there is scope for further investigation

into OpenCL being used in a streaming manner. Comparisons could be made about

which platform is optimum for streaming, and which platform is the best for using the

framework discussed in this report.

7.1.1 Power

During this project, performance of heterogeneous systems were measured using various

metrics, but power was not of the metrics that were investigated. The project will benefit

from an investigation on the power overhead of the framework, especially when using

multiple software threads to perform compression. The power overhead of individual
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and multiple codecs on the FPGA could also be investigated, though this is expected to

have a much lower impact than the use of multiple software threads.

The higher power consumption from a larger number of software threads will indeed

produce more heat. Then there will be further power required to cool the data centre

where the servers will be located. It is worth investigating the the total increase in power

consumption against the speed up achieved, and compare it against other methods to

increase the speed and their power consumption.

In Chapter 4, multiple compression algorithms operated in parallel. Since applying

multiple compression techniques in software to every segment would be very power

intensive, this would not be suitable for a commercial implementation. In a commercial

implementation, the compression ratio of different codecs, could be tested on every 128,

or perhaps every 1024 segments, instead of testing on every segment. This would reduce

the power consumption of running multiple software threads. If the compression ratio is

only checked once in a while, then partial reconfiguration in hardware could also be used,

if multiple codecs are to be switched on and off as required, instead of them all occupying

resources on the hardware even if only one of the codecs are active at any particular

time. This would reduce the amount of resources used by the adaptive framework and

allow it to be used for other purposes, such as the existing computation kernel on the

FPGA.

7.1.2 Codecs and Applications

While a number of specific codecs have been investigated in this project, there is scope

for further investigation into other codecs.

For example, run-length encoding is a general-purpose codec that can potentially be

performed fast enough to operate at line rate. Other codecs such as YUV image com-

pression could also be investigated. These would be suitable codecs since their simplicity

could potentially allow them to operate at line rate and they are unlikely to occupy a

large amount of FPGA resources.

The adaptive compression discussed in Chapter 4 has room for further improvement

– currently the type of compression is decided based on the compression ratio, but

the adaptivity could be enhanced to consider the amount of data in the queue to be
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transmitted, to determine which type of compression to use. This would have similarities

with PACM [38], which was discussed in the Background chapter. It was also mentioned

in the conclusion of Chapter 4, how testing the compression ratio on every segment is

not realistic in a commercial implementation – instead, the compression ratio should

be checked only occasionally to reduce power consumption. Additionally, adaptivity

could be further extended to work for lossy compression of floating point and/or fixed

point data. In such a case, precision may be altered depending on the error tolerance of

the application. If this were to be tested, Monte Carlo simulations would be a suitable

application to test, since the algorithm is designed to filter out elements of data with

greater error.

Besides codecs, there is also scope for investigation into more real-life applications that

could benefit from this framework. The framework was applied to an FFT application,

but the effect of this framework on other applications that handle large quantities of

data could be investigated. For example, dense matrix multiplication is an application

that may benefit from compression due to the large amounts of data it often handles.

Machine learning applications could benefit from the framework since they often process

and transmit large amounts of data.

Compression does not have the be the only type of codec that is applied through such

a framework. It is worth investigating whether encryption codecs can be applied at line

rate using the ideas proposed in this thesis to improve the security of sensitive data. This

may be particularly useful on a data centre network such as Catapult C, where data

is transmitted between servers via network switches. This would require investigation

of the current difficulty or ease of intercepting data that is transmitted within a data

centre network.

7.1.3 Automatic Optimisation of Parameters

When using segmented data transmission with the codecs, there are a large number of

parameters involved and determining the optimum parameters manually is tedious and

time consuming. Many of the experiments have shown how changes to the parameters

can have major impacts on the performance of system running under the framework

discussed in this thesis. The experiments have determined what the optimum parameters
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are, and showed that the framework can still provide a speed-up as long as the parameters

are close to the optimum.

An automated exploration of the design space could explore different parameters and

combinations of parameters in greater depth. This could be used to fine tune the per-

formance if other codecs were to be investigated, instead of tuning them manually.

The current implementation of the framework is requires effort from the programmer to

include the codecs. A potential improvement will be whether the compiler could intelli-

gently determine where it would be appropriate to insert compression codecs, and then

apply them automatically, without effort on the programmer’s side. There is already

some degree of automation where the type of codec can be switched at run-time.

7.1.4 Other Streaming and Non-Streaming Interfaces

In this thesis, CPU-FPGA, CPU-GPU and FPGA-RAM interfaces were investigated.

The focus of this framework was on heterogeneous systems, but the framework could

easily be applicable for homogeneous systems too.

It is worth applying this framework to homogeneous systems and compare its perfor-

mance against other frameworks that are specifically designed for homogeneous sys-

tems. We could determine the cases where the framework discussed in this thesis could

be useful for homogeneous applications An example would be the Latency-insensitive

Environment for Application Programming (LEAP) [66], which is an operating system

that allows designs to be mapped to various FPGA platforms and it focuses on latency-

insensitive data transmission.

Additional heterogeneous systems, such as Intel’s HARP would be very useful to inves-

tigate. Since this is a system with shared memory between the host processor and the

hardware accelerator, memory compression could have improvements in performance.

In the background section, networking applications such as Catapult C was discussed.

Since such a data centre network involves transmitting large amounts of data between

servers, there is a strong case for assessing the impact that the compression techniques

discussed here could be used to accelerate data transmission between servers.
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