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Abstract

The amount of data stored and processed in data centers is growing at an unprecedented rate.

At the same time, the improvement in processing capabilities of central processing units (CPUs)

has relatively stagnated over the last decade, creating an increasing demand for specialised

processing. Specialised accelerators have gotten the spotlight for computationally intensive

applications, such as with deep learning on graphics processing units (GPUs), though such

special purpose processors tend to be optimised for the trending applications and are not

efficient for each entity’s computational needs. On the other hand, reconfigurable computing has

shown impressive potential in accelerating specialised tasks, including database applications.

Hence, field-programmable gate arrays (FPGAs) have started evolving into an integral part

in the data center. However, the heterogeneity found in today’s systems featuring FPGAs,

such as through non-uniform memory accesses (NUMA), has complicated the deployment and

development of database accelerators.

This PhD introduces novel parallel algorithms and FPGA designs for database acceleration

that take into consideration the inter-chip communication limitations. The presented designs

accelerate fundamental database operators such as sorting, sort-merge join and distinct count,

with notable advantages over the state-of-the-art. Additionally, some building blocks such as

the parallel round-robin arbiter and the fast lightweight merge sorter (FLiMS) are shown to

have a wider applicability, including in single-instruction multiple-data (SIMD) algorithms and

network switches. The proposed designs operate in a streaming access pattern with a wide path

in order to achieve scalability to input size and future high-bandwidth architectures. Finally,

a discussion on future architectures with reconfigurable instructions is provided as future work

to further address the challenges appearing when accelerating big data using today’s FPGAs.
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Chapter 1

Introduction

General purpose computing has proven to be a powerful tool capable of solving most algorith-

mic problems. Most systems today feature a general purpose processor (CPU) that is connected

to a main memory and other components, and use the von Neumann architecture model. More

specifically, they use a “modified” Harvard architecture, where the main memory is shared for

both instructions and data, but there is a distinction at the lower levels of the cache hierarchy.

More abstracted models could also be used to describe today’s systems, including Turing ma-

chines (1936) [1] for instruction-based CPUs, and input-output automata in distributed systems

(1987) [2] for multi-processors.

However, these models have their limitations. The performance overhead is more apparent in

highly-parallelised tasks, such as when comparing the CPU performance to specialised acceler-

ators. Today, specialised accelerators include implementations using graphics processing units

(GPUs), field-programmable gate arrays (FPGAs) and application-specific integrated circuits

(ASICs). Each one of these technologies have their own advantages and disadvantages, such as

different deployment costs according to how many chips need to be used [3].

One of the main ideas behind using accelerators is to reduce or eliminate the instruction over-

head required to perform a special task. By pre-defining the logic required to solve a problem,

such as by using dataflow techniques on FPGAs [4], any instruction-related complications such

as branch misprediction is eliminated. By removing the instructions, there is also a consider-

2
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able amount of relevant circuits that can be removed, including instruction caches and adaptive

techniques (instruction pipelines, prefetching, bypassing, wrong path execution etc.). In prac-

tice, the removal of the unused logic, including the instruction-related, leaves room for more

specialised computational units for highly-parallelisable tasks. Even on modern CPUs, a re-

lated “workaround” that exploits data-level parallelism (DLP) is the use of single-instruction

multiple-data (SIMD) instructions [5] or, more-generally, vector instructions [6] that increase

the number of operations performed by a single instruction call.

FPGAs have appeared in the datacenter [7] and in the cloud [8]. Eventually, the range of

applications for FPGAs has widened not only to include prototyping, but to also facilitate

embedded accelerators [9], as well as big data acceleration in the datacenter [10]. Virtualised

environments provided by cloud computing vendors, such as Amazon AWS, Microsoft Azure

and Alibaba, have started offering FPGA in certain types of virtual instances (i.e. cloud-

based virtual machines, usually priced based on usage, time and resources, one of them being

FPGA(s)). They have been successfully utilised for streaming applications, as well as for other

scientific applications [11], as a rival to GPU-based acceleration. This was possible due to the

promotion and commercialisation of advanced FPGAs, in combination with the use of high-

level synthesis (HLS) frameworks to ease hardware development for software developers. There

are also “app stores”, such as with subscription-based Amazon AWS EC2 Linux images, to

accelerate specialised workloads without the need for the user to know details about the low-

level implementation. However, there are still important challenges when considering FPGA-

based solutions for big data analytics.

In this thesis the term “big data” is used interchangeably with databases, as the research on

database acceleration on FPGAs is usually for analytics on large-scale databases. Database

operations are also similarly as diverse as any computer program, and their technical context

is overlapping with that of big data. In literature there is no convention on defining big data,

and the work of De Mauro et al. has identified a list of main aspects commonly associated

with defining “big data” [12]. First are the attributes of data, including size and access pat-

terns. Additionally, there are definitions that focus on the technological advances needed to

process such data, and crossing thresholds. Finally, there is the social impact of big data, by
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creating valuable information from processing them. In this case, FPGAs in the datacenter

are the technological advancement needed for such problems, crossing performance and input

size thresholds for data with special attributes. It also has a potential for impacting society, as

described in the motivation section 1.1.

The scale of the data or the problem size could be the number one factor of how efficiently

an arbitrary computing system can process the data. In the smallest scale, such as in silicon

with standard cells (gates and registers), one of the most complex operations is any fully-

interconnected logic, where the number of wires grows quadratically with the number of enti-

ties. An example of this is found in network switches and many-core interconnects, where a

hierarchical approach may be necessary for scalability to a two-digit number of entities [13].

The memory hierarchies in computers, such as with a main memory, low-latency private caches

and higher-latency last-level caches, aim for a smooth transition between problem sizes that

fit on-chip to those that do not [14]. In the largest scale, main memory was traditionally ab-

stracted as of (near) infinite size, for future-proofing the CPU designs and algorithms. This

abstraction also helped distinguishing spatial [15] and temporal [16] localities for optimisation

in both software and hardware. Any data outside the main memory, such as from storage, the

internet and in distributed systems, can also be abstracted through memory for fine-tuning a

processing node, though more specialised models exist [17].

Abstracting the problem size by default, however, has not been the case with most FPGA

designs. In contrast, the provided flexibility is used to benefit specialised problems with certain

requirements, such as quantisation for neural networks [18]. It is often less straightforward to

implement FPGA designs for input of arbitrary length or format. This is more noticeable in

data center analytics situations, where database operators can have an arbitrary complexity,

and the problem sizes easily reach “big data” territories. An example limitation in current

database accelerators is to resort to hard input size limits [19], even if these are measured

in gigabytes [8]. Nevertheless, FPGAs also offer “reconfiguration”, with which the logic can

be replaced with pre-generated bitstreams to adapt to the workload. This can increase the

flexibility of FPGAs up to a point, as discussed more thoroughly in section 1.2.
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This thesis presents new parallel algorithms and improvements on existing FPGA approaches,

including for sorting and sort-merge joins for relational databases. The proposed designs are

based on novel fundamental building blocks with a wider applicability. Additionally, it provides

discussions on future paths in computer architecture in an attempt to further address the

presented research challenges for big data analytics on FPGAs.

1.1 Motivation

This PhD is funded by dunnhumby through an industrial studentship, and was heavily in-

fluenced by the computational challenges as found in an industrial setting. dunnhumby is a

customer data science company based in the United Kingdom. They help retailers and brands

achieve sustainable growth and smarter operations through customer first strategies using ad-

vanced data science.

Large retailers, such as supermarket chains, use customer analytics to provide insight on key

areas including channel, ranging and marketing activities, with the aim to improve customer

satisfaction and drive long-term loyalty. Mostly conducted on a relational database, some

specialised big data queries are computationally expensive resulting in considerable latency

impacting the quality of the service.

From the data organisation perspective, the general idea is that the analytics concern a rela-

tional database following a traditional “warehouse” model. Figure 1.1 presents an abstracted

schema of such databases, where the green field denotes a primary key. There is a main facts

table representing transactions, and has a r0 rows and k0 columns. Each row of the facts table

has a series of key attributes pointing to each of the N lookup tables, also called dimensions,

alongside some other metadata.

The available database management systems (DBMS) yield suboptimal performance in dunnhumby’s

specialised queries, hence they have built in-house tools for accelerating a series of special

queries. These queries share some unique properties. The expensive aspect of those queries is

that they involve “non-aggregable” metrics. The “non-aggregable” aspect is about the challenge
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Figure 1.1: An abstracted view a representative database schema

to pre-summarise parts of the analytics, or cache them, to reduce the computation. Dynamic

programming, memoisation and caching could be appropriate techniques to solve this problem,

but the scale and problem size would be one of the main concerns. One of the reasons for

the difficulty of aggregating is the high number of combinations of the query parameters. A

common dimension that complicates the aggregability is time. An example query could ask

what is the maximum number of unique products bought by a single customer during the last

7 days from now.

The exact computational workload of dunnhumby is commercially sensitive and is not disclosed.

For this reason, this project focuses on innovating on the use of fundamental operators widely

used in relational databases, as well as in other areas of computer science. Algorithm 1 presents

an example representative pseudo-SQL query and how it relates to some of the operators

explored in this thesis. Sorting and joins are well known to occupy the majority of computation

time in relational databases, though distinct count is also considerably expensive in the studied

workload.

Sometimes sorting is not necessary for some parts of this query, including equi-joins, where

a hash-join implementation can be applied. However, accelerating sorting is rewarding on

FPGAs, because some tasks such as distinct count or equi-joins (using sort-merge join), can
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1

1 SELECT table0.key1, table2.key3, count(distinct table3.key1)
2 FROM table0, table2, table3, table4
3 WHERE
4 table0.key2 = table2.id and
5 table0.key3 = table3.id and
6 table0.key4 = table4.id and
7 table4.key2 in (1, 5, 9)
8 GROUP BY table0.key1, table2.key3
9 ORDER BY table0.key1, table2.key3

distinct count

equijoin (e.g. sort-merge join) 

filtering 

sorting 
(e.g. sorting, co-grouping) 

Algorithm 1: A representative (pseudo-) SQL query and primitive operators

be applied with linear complexity and streaming fashion on the sorted data. Large scale data

favour linear access patterns when using FPGAs, to minimise the impact of the latency induced

by the heterogeneity in today’s systems (e.g. through PCIe), and also avoid storing considerable

amounts of information on-chip. In the world of databases, sorting is still a widely used operator

(including the mandatory “ORDER BY” clause in Algorithm 1), but for traditional software

there may be different heuristics to trigger a sort-based algorithm when considered beneficial

over hash-based approaches etc.

Figure 1.2: Analysing an example dataset from dunnhumby

Last, figure 1.2 presents a preliminary experiment that uses a representative dataset from

dunnhumby [20], [21]. Here, the provided experiment tries to fit different cumulative distri-

bution functions (CDFs) on different dimension tables. In this example, the dimensions are

products, stores and clients, and the CDF is for the amounts a foreign key is referenced by

the main facts table. The winner model is the generalised gamma distribution model and was

found using the scikit.learn Python library [22]. This dataset is supposed to be representative

for real word analytics, although it is at a smaller scale. The fact that CDF is not a uniform

distribution indicates that there can be both sparsity, and keys with high number of duplicates.

This is an important piece of information that is taken into account for the developed designs,
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to be able to perform well on data with such distribution characteristics.

1.2 Research challenges

This section classifies the challenges about using FPGAs to accelerate big data applications.

The solutions presented in this thesis try to address the following challenges either directly or

indirectly, such as by improving on inefficiencies found in existing designs.

C1 Inter-chip communication

FPGAs are often left behind with regard to the main memory accesses, as with systems following

the non-uniform memory-access model (NUMA). For this reason, high-end FPGAs have their

own off-chip memory, such as DRAM or a high-bandwidth memory (HBM) and communicate

through PCIe for accessing main memory. This approach is similar in today’s GPUs, which

have similar limitations. The metrics where the performance overhead is usually reflected are

the main memory throughput and latency.

Main memory throughput In general, database accelerators require streaming big amounts

of data and they are bottlenecked by the memory bandwidth [23]. What is usually referred to

as simply memory bandwidth is the throughput of the co-processor’s bigger memory (DRAM)

[24], but the memory access throughput to the main memory is much lower. This is essentially

because the co-processor (FPGA) usually does not have direct access to the main memory

controller [25].

In some systems such as Intel’s HARP v1, the FPGA does not have its own big memory [26] and

the data still needs to be obtained through the processor. There are also some SoCs (System on

Chip) that combine CPU cores with an FPGA and they share similar access speeds to DRAM,

but they can be low-end in this aspect.
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Latency In big data streaming situations, the FPGA-induced latency can sometimes be

unnoticeable. The latency to access main memory becomes important in access patterns that

are more irregular, such as with “random” memory accesses. A database accelerator whose

performance is susceptible to memory latency is hash join [27], as the entries are references to

main memory locations for the elements to be joined. For that reason, workarounds inspired

from CPU’s attempts to hide memory latency are used. The FPGA-induced latency is also

important in accelerators whose performance is affected by the attributes of the input, such as

with many sorter accelerator implementations [28].

C2 Development

Developing an FPGA-based accelerator is not as straightforward as writing plain software for

CPUs. First, there are important trade-offs between high-level synthesis (HLS) and (lower-

level) hardware description (HDL) languages. As the downsides of each might not be apparent

from the start of a project, the presence of these trade-offs add to the time and cost of developing

for FPGAs.

HLS offers a faster and more approachable development experience, by being based on procedu-

ral and object-oriented languages like C/C++ or Java, and functional languages, such as Scala.

One advantage of HLS is the ability to quickly explore implementations and optimisations for

different targets (C3 applicability challenge). On the downside is the reduced expressibility,

such as when the provided programming models cannot implement a lower-level feature or opti-

misation. Moreover, the implementation from HLS tools can have a sub-optimal performance,

as the generated logic may not be as efficient as pure Verilog or VHDL (HDL) designs.

Additionally, the aforementioned heterogeneity problem is often reflected in FPGA designs,

making them more complex, such as from the need to implement communication-related logic,

including for supporting bursts. Considering that the throughput and latency ‘inside’ the FPGA

is many orders of magnitude faster than the ports to the host processor or DRAM, research

is leaning towards complicated designs for minimising the inter-chip communication. Common

workarounds include the implementation of cache hierarchies [27], [29], data prefetching [30]
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and compression [31]. Sometimes, the additional off-chip memory is manually added to the

memory hierarchy by working as a cache [30]. The use of on-chip DRAM as a scratchpad could

be considered the simplest and most common approach. Example applications of the latter

include sorting [8], as well as with data off-loading through a general programming model in

modern HLS tools [10].

For this reason, vendors try to abstract some of the communication and memory organisation

complexity with HLS tools. One related limitation from the reduced expressibility of HLS

languages is through the Vitis toolchain from Xilinx [10], where data offloading is enforced

by the programming models to happen before processing. This is a problem for streaming

applications, as the task completion time could otherwise be decreased dramatically, if some

preprocessing can actually happen during the data transfers. Though, this is not a hardware

limitation at the moment, and the benefits of overlapping data movement and computation

is often demonstrated in other platforms [32]. Nevertheless, the abstraction of such complex

systems with closed source toolchains has implications in the understanding of the system as a

whole, and limits the possibilities for lower-level optimisations, as well as for systems research.

C3 Applicability and portability

Since FPGAs benefit from specialisation for achieving high performance, FPGA designs are

often not portable to other problems or devices. An FPGA design might be optimised to work

on a very narrow range of possible input formats (such as 8-bit integers [18]), and re-engineering

it for a similar input could require reimplementing the entire design from scratch. According

to the design, it may be possible to increase applicability by changing the algorithm upon

which the design is based. For example, by sorting the data beforehand, a linear algorithm

implemented on the FPGA might be able to process the data in streaming fashion without

storing lookup tables and growing structures (as in the sort-merge join accelerator of section

5.2).

The same holds for portability to other FPGAs. For example, the designer might have applied

device-specific optimisations for a Xilinx Alveo U280 design, while none of these optimisations
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could apply to some different board. These include manual floorplanning, usage of Xilinx

UltraRAMs and a high-bandwidth memory (HBM). This can sometimes be solved or avoided

to a degree, such as by the use of HLS, compartmentalisation using IPs, such as in the form of

AXI peripherals, and avoiding such low-level manual optimisations.

As a workaround to the applicability challenge, the “reconfigurability” feature of the FPGA can

be exploited to allow quick transitions between different logic. There are different granularities

for reconfiguration, such as with partial reconfiguration of pre-defined regions on the chip. Real

world examples include interchanging different bitstreams for different sub-tasks [33] or even

different algorithm phases during runtime [17], [34].

There are different overheads at different partial reconfiguration region sizes. Larger designs

may perform better a specialised task than combining smaller designs together [33], but they

are more costly to develop. Smaller partial designs may have a wider applicability, but their

performance could rely heavily on the fixed logic, such as for efficient task pipelining. Appendix

C elaborates more on a reconfigurable instruction concept, that could be considered an extreme

approach of partial reconfiguration but for usage in CPUs. As with other forms of partial

reconfiguration, one challenge in the context of the latter approach is the presence of internal

states, elaborated in section 6.2.5.

Still, reconfiguring parts or the whole of an FPGA assumes pre-built bitstreams, which are costly

to develop and generate. Even with automated approaches such as with high-level synthesis,

the place-and-route is too time consuming for supporting arbitrary tasks. In contrast, in the

software world, just-in-time (JIT) compilers are able to generate bytecode from scripts rather

seamlessly during runtime. The placement and the size of FPGAs in systems is an important

open research question, as every choice has trade-offs. See section 2.5.4 for the latest trends

in systems architecture regarding FPGAs, and how these design choices can affect database

analytics.
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C4 Scalability

The scalability concerns are usually reflected on the hardware utilisation and complexity. For

keeping up with technological advances in the data center, high-throughput designs can be

challenging to develop. The main considerations are the high hardware resource utilisation

and the timing constraints. As with sorting [35], [36], it is desirable for a pipelined stream

processor to have a narrow critical path. Otherwise, the operating frequency will need to be

lowered to allow complex pipeline stages operating under one cycle. Another example is from

the acceleration of sort-merge joins, where the Cartesian product in past attempts was known

to limit the output rate [37].

The scalability challenge can also refer to the problem size. Since we target big data, it is very

desirable if the proposed designs are agnostic to the problem size, such as with the presented

hardware merge-sorter, which can be applied recursively (see section 5.1). One problem with

supporting larger problem sizes is the growing number of states that are sometimes required

to be kept. As cache hierarchies are rather costly to implement on FPGAs, it is tempting to

restrict the specification to limited problem sizes. According to the algorithm, keeping all states

on-chip could yield the highest performance, but this may not be applicable for arbitrarily long

data, which is the studied use case.

Another aspect of scalability is the possibility to use a distributed FPGA approach to solve a

problem collectively. In this case, a problem would need to be able to be broken down into

multiple sub-problems. In general, there are two main approaches for parallelisation, horizontal

and vertical [38]. Horizontal parallelism can be achieved naturally on FPGAs, as it involves

SIMD-like parallel processing through a single worker. Alternatively, vertical parallelism in-

volves multiple workers, and this is also possible with FPGAs, as with Microsoft’s Brainwave

project that demonstrates high-performance for the Bing search engine using a scalable fabric

of servers with FPGAs [7]. Finally, a common technique for minimising inter-FPGA commu-

nication in certain problems is pipelining. A task-pipelining example in the literature about

accelerating database analytics is a sort-merge join accelerator, which uses dedicated FPGAs

for the sorting phase, while the merging takes place on a separate FPGA that processes the
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sorted data on-the-fly [23].

A common theme with the scalability issues of FPGA designs is the requirement for full in-

terconnection between multiple processing entities. This applies from lower-level circuits, such

as monolithic FPGA designs to large-scale distributed systems, such as with multiple FPGAs.

For monolithic designs, this can appear as routing complexity, which can translate into a high

latency [13] or infeasibility for a high inter-connection radix. For instance, on U280 there are

3 FPGA dies that are inter-connected by the stacked silicon interconnect (SSI), and highly-

interconnected designs like network switches are challenging to split across multiple dies for

accommodating high numbers of ports [39]. In distributed systems, this challenge can appear

as a performance overhead due to the increased communication and access latency between

nodes through centralised means, including a shared memory or a network stack. An exam-

ple challenging application in high-performance computing is the N-body problem, where each

simulated body acts forces on all other objects in the universe. As a workaround to the scala-

bility challenge, different techniques try to either limit the connectivity or the communication

between the different computing entities with a minimal overhead. These include, but not lim-

ited to, hierarchical and modular approaches [13], approximations [40], and other approaches

that exploit temporal and spatial localities, such as with adaptive cache systems in multi-core

processors [14].

1.3 Publications and contributions

This section presents a list of the first-author peer-reviewed publications, and how they relate

to the contributions of the thesis. Each one of the list items represents the basic relationship

between a paper, a set of contributions and a chapter, though their actual relationship is more

interconnected.

1. Initially, a systematic literature review was written for the topic on accelerating database

analytics using FPGAs. This was presented in the publication “Accelerating database

systems using FPGAs: A survey” [41].
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Chapter 2 could be considered an extended version of this literature survey, as it contains

general up-to-date references and comparisons on the state-of-the-art.

2. One of the main contributions is an efficient building block for a merge sorter, through

the publication “FLiMS: Fast Lightweight Merge Sorter” [36]. FLiMS is a high-

throughput 2-way merge processor, based on the half-cleaner structure, plus a butterfly

network, as originally found in the bitonic sorter. It is able to sort 2 input lists in streaming

fashion with high-throughput, given that the datapath is sufficiently wide. It was at least

twice as efficient as the then-state-of-the-art (MMS [35]) in terms of FPGA resource

utilisation, with subsequent small improvements in the maximal operating frequency.

Today, it is still the most efficient and scalable 2-way high-throughput merger for FPGAs.

Chapter 3 elaborates on FLiMS, including an optimisation for skewed datasets, as well

as an equivalent implementation using plain software in C++. FLiMS addresses the

challenges C1 inter-chip communication, C3 applicability, portability and C4 scalability,

as its simple and lightweight logic achieves high-throughput and low latency for high

input widths and different platforms.

3. The second sorting paper “An Adaptable High-Throughput FPGA Merge Sorter

for Accelerating Database Analytics” [32] introduces an end-to-end practical evalu-

ation that uses FLiMS to achieve up to a 19x speedup over a single core from Kaby Lake

i7, but on a Linux-running low-power FPGA board. The same work also introduces vari-

ations and optimisations on more classical sorting approaches, including the linear sorter.

Here, FLiMS is used hierarchically to build a merge tree to achieve high-throughput from

using multiples of a novel single-rate structure for merging.

The findings of this paper are presented in chapter 5, mostly focusing on the many-

leaf merge aspect, for merging many input lists with a few passes efficiently. It mostly

addresses the throughput challenge (C1) for sorting by minimising the number of passes

[42], as well as its scalability for advanced and future technologies that allow a wider

datapath (C4). While it can be configured to use a low number of resources, it is also

applicable to sorting arbitrarily long input, improving its portability (C3) to devices of
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different sizes.

4. The paper “Accelerating the Merge Phase of Sort-merge Join” [43] presents a more

database-centric design, for accelerating equi-joins. A series of high-throughput building

blocks are developed to enable scalable equi-joins. The join block was a modification of

FLiMS, for facilitating the join operation after the records are being compacted using

a co-grouping engine. The co-grouping engine mainly consists of “parallel round-robin

arbiters”, which is a pipelined structure for removing sparsity. The sparsity only happens

in intermediate steps of processing here, and an equivalent methodology can be followed

to create other scalable analytics pipelines for wide datapaths, and is also reminiscent of

SIMD instructions in modern CPUs.

Chapter 5 also introduces the sort-merge join accelerator, along with some other useful

relational database designs. The provided designs mostly focus on applicability (C3) and

scalability (C4). This is because of the use of algorithms of streaming nature and the

column-store model, for accepting input of arbitrary length and distribution. Saturating

the bandwidth (C1) through high-throughput is also one of the fundamental features of

these designs.

5. Another contribution from the work on accelerating equi-joins was the “parallel round-

robin arbiter”, as it is found to be useful in other applications, including network switches.

The best paper candidate “High-Performance FPGA Network Switch Architec-

ture” [39] evaluated an idea for using a variation of this structure for implementing an

FPGA-based network switch, called the “combined parallel-round-robin arbiter” instead

of the commonly used crossbar. It achieved an aggregate bandwidth of 1.7 Tbps for a 16-

port based switch on U280, as well as better algorithmic performance than any ordinary

scheduling algorithm on crossbars, for common traffic patterns.

Chapter 4 elaborates on the “parallel round-robin arbiter”, and presents briefly the

analysis of the network switch as a data center use case. For database applications, it

mainly addresses the C1 inter-chip communication challenges, since it can be used as a

building block for high-throughput stream processors.
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The following relate to the thesis material as well:

• A journal paper expands the network switch paper [39], and is called “Hipernetch:

High-Performance FPGA Network Switch” [44]. It extends the material with dat-

acenter simulations and a more thorough analysis of the achieved performance on an

updated platform.

This is partly reflected in chapter 4 and appendix B, but only for providing an updated

dataset for the network switch implementation [39] using a higher-end FPGA.

• The paper “Simodense: a RISC-V softcore optimised for exploring custom

SIMD instructions” [45] introduces an open-source framework for implementing and

evaluating novel SIMD instructions for CPUs. The idea is that having small reconfigurable

areas in general purpose CPUs, for implementing custom instructions would be a very

practical and beneficial future organisation of the architecture. Small bitstreams could be

loaded by each piece of software, that contain implementations for specialised instructions

for increased performance and other benefits, including reduction in deployment costs.

This novel softcore is presented in appendix C and addresses the (C2) development

challenge. While it is more of an exploration platform than an acceleration platform,

it also addresses the inter-chip communication challenges (C1) indirectly, by supporting

and elaborating on the idea to move FPGAs inside the processor. CPUs have already

solved the challenges C3 and C4, as the computation and memories are rather-efficiently

abstracted through software, and this chapter shows how these benefits can be applied to

FPGA designs.

• The workshop version of the softcore publication [45], called “Extending the RISC-V

ISA for exploring advanced reconfigurable SIMD instructions” [46] elaborates

more on the programmability aspect of reconfigurable SIMD instructions.

Some material of this paper is also discussed in section 6.2.5 and appendix C.

Finally, the following peer-reviewed publication is indirectly related to the presented material,

but is not discussed in the thesis:
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• Also in the area of processor microarchitecture, the workshop paper “Pangloss: a novel

Markov chain prefetcher” [15] presents a novel data prefetcher for increasing the

instruction level parallelism for a wide range of access patterns. This prefetcher, or

more specifically its structure for representing Markov chains, is also applicable to FPGA

designs, since it achieves high performance without associating instruction pointer values

(IPs) with any of its decisions.



Chapter 2

Background

Database systems are a key component to a plethora of computing applications, and FPGA-

based solutions have shown promise in accelerating high-performance database systems. This

chapter is a literature survey that presents a systematic review of research about accelerat-

ing analytical database systems using FPGAs. It includes studies of database acceleration

frameworks, as well as accelerator implementations for various database operators. Finally, it

also discusses some promising current and future technologies that would help with database

analytics acceleration on FPGAs.

FPGAs are an attractive option for accelerating different database systems, and provide big

amounts of flexibility in a relatively cheap package. Since the functionality of a database can

be specific to the user’s needs, FPGAs may offer the most cost-effective solution, according to

the individual case. Due to the need for specialisation, developing a general database processor,

such as with static ASIC designs, would be more expensive [3].

Database systems can be demanding, as their size can easily reach ‘Big Data’ dimensions, with

tables acquiring terabytes of memory. Traditionally, the database systems were mostly On-

line Transaction Processing (OLTP) systems. These systems are characterised by simplicity in

terms of the transactions. With the rise in popularity of data mining and machine learning

in big data, another database category emerged, called On-line Analytical Processing (OLAP)

which has more complex queries that need to access and summarise multi-dimensional data. In

18
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the latter category, FPGAs have been perceived as an attractive solution as in many operations

the data is accessed in a streaming fashion and the queries are sometimes pipelineable.

FPGA development has its own challenges. Different architectures, including CPUs and GPUs,

have different inefficiencies and introduce different bottlenecks to performance. In order for an

FPGA accelerator to be effective, the problem needs to have certain qualities, such as to be

naturally parallel. FPGAs may perform significantly worse than a CPU if the application is

control-heavy, i.e. if it has a lot of unpredictable branches. The challenges in design can also

include the steep learning curve, as well as the inefficiencies and proprietary nature of most

FPGA development toolchains today. See section 1.2 for a discussion on the challenges of

FPGAs with relation to the acceleration of database analytics.

The chapter is an updated version of the paper “Accelerating database systems using FPGAs:

A survey” [41] and covers a range of research wider than the solutions presented in the thesis.

The material on sorting was mostly based on the more recent sorting paper “An Adaptable

High-Throughput FPGA Merge Sorter for Accelerating Database Analytics” [32].

2.1 Classification

The related work on database accelerators can be divided into frameworks and specialised

accelerators.

The frameworks class (section 2.2) includes solutions that provide a software and hardware

stack for accelerating user-defined database operations. For instance, this class includes virtu-

alisation frameworks for providing a VM-like functionality in data centers for users to deploy

their own accelerators in the cloud.

In the ‘accelerators’ class (section 2.4), there are database processors that are specifically

designed to support a set of common query clauses. This also includes relatively simplistic

FPGA designs to accelerate single operators, but they can usually be used in a framework of

the previous class.
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As sorting accelerators are one of the main topics discussed in the thesis, and their applicability

extends beyond SQL queries, the related work on hardware sorters is discussed in a separate

section in more detail (section 2.3).

Related
research

Frameworks Accelerators

Database-
related

General-
purpose Sort Join

String
matchingFiltering

Arithmetic
Distinct
Count

Figure 2.1: Main classification of the related research work

Figure 2.1 presents an overview of this classification of the research related to accelerating

database systems using FPGAs. The two main categories are the ‘frameworks’ and ‘accel-

erators’. The ‘frameworks’ class is further divided in database-related frameworks, as well

as more-general purpose frameworks that could support database functionality but are not

domain-specific. The ‘accelerators’ class contains different families of accelerators related to

databases and big data, including sort, join, filtering, distinct count and string matching op-

erator accelerators. A more broad subcategory of accelerators is the ‘arithmetic‘, which is

a selection of hardware designs performing a usually-simple arithmetic function, or machine

learning-related, on big amounts of data.

Note that this classification mostly serves the organisation of the thesis, and the relationship

of each related piece of research is more complex. For instance, individual works on operators,

including filtering [33], may provide a specialised framework to potentially explore a wider

range of similar operators in a database context.

2.2 Database acceleration frameworks



2.2. Database acceleration frameworks 21

2.2.1 Frameworks directly related to databases

One example framework providing a complete hardware-software solution is Centaur [26]. Cen-

taur consists of two parts, the hardware part called the “FThreads manager” and the software

part called the “Application interface”. The software supports API calls in C++ through

the UDF (user defined function) functionality of MonetDB [47]. The hardware component is

responsible for managing the different user-defined hardware in terms of resource utilisation,

memory accesses, and also pipelining.

Centaur implements a dynamic pipelining functionality. The FThreads manager connects con-

secutive hardware operators with FIFO queues for fast intermediate communication to enable

pipelining in hardware. This is abstracted in the software, as the user is able to pipeline the

operators in source code. The user can define it programmatically by using the FPipe object

to pipe the output from one operator to another. The UDFs also allow pipelining software

and hardware components. This is useful because the CPU is shown to perform better on

some operators and the FPGA resources might be too limited for all the required operators to

co-exist. The addition of more heavily-optimised accelerators (and UDFs in this case) is left to

the user.

DoppioDB [48] can be considered an extension of Centaur. DoppioDB uses MonetDB along

with a number of optimized hardware designs for the FPGA, exploiting the UDF functionality

for making calls to the hardware accelerator. DoppioDB implements regular expression, skyline

and stochastic gradient descent on the FPGA and the rest of the workload is left for the CPU

to process. This resulted in a system that can execute SQL queries for an analytical relational

database with over 3 times speedup when compared to the baseline, which was to execute the

queries on a high-performance CPU without acceleration.

DoppioDB 1.0 [25] extends doppioDB to also enable accelerating a broader range of machine-

learning (ML) related workloads, on an updated multi-threading platform. It extends the SQL

language with ML-focused clauses, such as ‘INFER’ and ‘CREATE MODEL’ to enable using

different models. It is found to accelerate a broad range of applications with stochastic gradient
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descent (adopting [49]), and a physics application based on decision tree ensembles (adopting

[50]), all with a speedup of around 3x over a highly-optimised software implementation. Doppi-

oDB 2.0 elaborates more on the ML-aspect of hardware-based database acceleration [51], such

as with integrating a generalized linear model (GLM) training accelerator [52].

The selection of MonetDB, a database management system (DBMS), was specifically selected in

these pieces of research because it supports giving access to whole tables, as well as adding the

UDFs in plain C++. Giving access to entire tables is an advantage over the more traditional

row-by-row processing model, because it allows the table to be accessed in a streaming fashion

by the FPGA. MonetDB is a column-store database, as it uses binary association tables (BATs)

as a data representation [47], being focused more on high performance and big data. This is

partly due to the natural ability to ignore fields who belong in infrequently accessed columns,

having therefore more efficient memory access patterns. Other advantages of MonetDB for

future research is that it is open-source and it also approaches an in-memory database, which

is an increasingly popular storage model and is here to stay [53].

There are also some database analytics that perform best on data that uses the row-store format

instead of the column-store, due to the nature of the queries, such as for machine learning on

multi-dimensional data points. DoppioDB 1.0 [25] introduces an on-chip (using FPGA’s block

RAM) customised cache that translates column-oriented data into rows for achieving high-

performance for queries that favour either a column-store or a row-store format.

2.2.2 General-purpose frameworks

There is also a selection of frameworks that are not necessarily related to databases, but could

be a useful component in a system for accelerating database analytics using FPGAs.

One example framework that targets a wider range of applications is an attempt to provide

virtualisation services for FPGAs in data centers [54]. The main contribution was the exten-

sion of the OpenStack framework with tools to enable FPGA resource assignment to clients

without making compromises on performance and ease of use. The solution is based on par-
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tial reconfiguration, as the main component of the FPGA design is a static logic to manage

the client-programmable VFRs (Virtualized FPGA resources). The static logic mainly con-

sists of input and output arbiters that ensure fast and secure communication and eliminate

unpredictable states. There are contributions with both hardware designs and software, as a

complete compile flow and boot sequence is provided, such as a netlist file for the Xilinx tools to

connect client designs in Verilog and produce bitstream files. The added latency for arbitration

between different FPGA designs is considered negligible [54].

Related projects are also frameworks that provide ease of use for partial reconfiguration. For

instance, GoAhead [55], [56] is a framework that can automate the process of building complex

reconfigurable systems. The main idea for these FPGA-based systems is to offer easy manage-

ment of the partial reconfiguration regions, such as for custom instruction implementations for

softcore processors. It has already been evaluated in the context of database acceleration [33]

and other datacenter uses [57].

High-level synthesis (HLS) tools could also be seen as frameworks for database acceleration, as

they provide a way to interact more easily between software and hardware. Relatively popular

general purpose frameworks include the MaxCompiler [4], the Xilinx Vitis Unified Software

Platform [10], as well as Intel’s OneAPI [58]. By using any of these solutions, simple acceler-

ators like some of the ‘arithmetic’ type can usually be expressed in a few lines of code. One

of the advantages of these frameworks is the easy system integration in highly heterogeneous

systems, which are sometimes provided by the vendor themselves. For example, Maxeler sys-

tems provide a high-level synthesis tool for FPGA accelerators along with their own dedicated

high-performance servers. More advanced database accelerators, such as for sorting and join-

ing, have also already been demonstrated on a Maxeler system [23], using server configurations

combining multiple FPGAs with less programming effort. See challenge C2 of section 1.2 for

a discussion on the advantages and disadvantages of high-level synthesis.
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2.3 Sorting accelerators

A sorting module can be very useful in a database processor as many queries perform aggre-

gations or table merging, and according to their implementation and requirements this can be

their costliest operation [23]. It can be used for sort-merge joins, which is a join algorithm easily

benefiting from FPGA use [23]. Joins is one of the cases where different algorithms perform

better on different platforms and data distributions [59]. Quicksort and variations are some-

times advantageous on CPUs, but not on FPGAs [59]. Optimisations of quicksort can be found

in the Oracle database implementation [60] and this research area is still fairly active. Other

uses of sorting on databases include various analytics-related queries, hence the tau notation

in relational algebra which represents sorting.

A considerable amount of the latest research on sorting on FPGAs, as well as in this thesis,

is based on mergesort. This is most likely because of the streaming nature of mergesort and

the fact that it can be applied recursively for arbitrarily long input with a fixed amount of

hardware resources.

2.3.1 Small-scale sorters

This category of sorters, refers to efficient designs for sorting on-chip data (residing on registers

and block RAM). They can be used to replace the first stages of mergesort [42] as well as in

other FPGA sorting approaches [8].

One notable example for FPGA implementation is sorting networks [61]. Batcher’s odd-even

mergesort and the bitonic sorter [61] are two popular examples. These two sorting network

topologies can be implemented as pipelines of log2(n) · (log2(n) + 1))/2 ∈ Θ(log22(n)) stages,

and each stage consists of up to n/2 compare-and-swap (CAS) units, where n its input size

is in powers of 2. The functionality of the CAS units is to sort two values (i.e. a, b ←

min(a, b),max(a, b)). Collectively, a sorting network in its entirety can sort any list of n inputs.

For efficient FPGA implementations, each layer can easily be transformed into a pipeline stage,

by appending a set of registers at the end of each stage [28].
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Figure 2.2: Three sorting network examples for 8 inputs

Figure 2.2 shows three example sorting networks for 8 inputs. The sorting networks (a) and (b)

are the bitonic sorter and the Batcher’s odd-even mergesort [61] respectively, and are easy to

develop for any number of inputs, due to their regular and hierarchical structure. For example,

the first 3 stages of (a) contain two bitonic sorters of 4 inputs, and then the results are merged

using the bitonic merge structure, which takes 3 more stages. The equivalent sentence could be

said for (b), as it is also based on mergesort. The bitonic sorter has more comparators than the

odd-even sorter, hence the odd-even sorter performs slightly better on FPGAs. Though, the

bitonic sorter is more regular in the sense of having the same number of comparators in each

layer. For this reason, the bitonic sorter is preferred for SIMD-intrinsic-based implementations

[5], [62].

The sorting network (c) is a depth-optimal (in the number of stages) and size-optimal (in

the number of comparators), generated by a custom-made genetic algorithm. Optimal sorting

networks are difficult to find, as the number of possible CAS combinations grows very quickly

with size. Validating a single CAS network is also part of the challenge, as the number of

possible permutations of the input grows exponentially with the number of inputs. This holds

even when applying design space reduction techniques [63]. Note that the example (c) is just

for illustrative purposes, as for as few inputs as 8 (b) is also depth-optimal (6 layers) and

size-optimal (19 comparisons), and (a) is depth-optimal too, but not size-optimal (6 layers

×8/2 = 24 comparators). However, the general idea remains that optimal sorting networks are
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less regular and less desirable for scalable designs, as they cannot be expressed recursively and

have yet to be found for 18 elements or more [64]. Other attributes that could be useful for

fine-tuning FPGA implementations, such as the total wire length are mostly unexplored.

linear sorter

new value
minimum

value

sorting cell

new value
left value

left smaller
value
smaller

5

11 7 7 3 1

Figure 2.3: Linear sorter example

A simple small-scale sorter is the linear sorter [65], [66] and can be seen as a parallel version

of insertion sort [67]. As shown in the example of figure 2.3, a new value is inserted on every

cycle. This value is broadcasted across all sorting cells, which compare it against their current

value. The result of each comparison is known to the immediately right cell, after a sub-cycle

delay. When a cell currently holds a smaller value, it adopts the value on its left. When a cell is

the leftmost to have a value smaller than the new value, it adopts the new value instead. This

procedure produces a sorted list in n+ 1 cycles, where n is the input size. There are variations

and similar structures, such as fast systolic sorters at the expense of additional latency [68].

2.3.2 High-throughput merge sorters

High-throughput merge sorters can merge a number of sorted lists simultaneously, while pro-

viding an output rate of more than 1 element per cycle. This can be achieved by building

a merge tree (PMT [69]), mainly consisting of high-throughput mergers of 2 lists and FIFO

queues.

Figure 2.4 shows how these building blocks can be arranged to merge 8 sorted inputs of through-

put 1, with an output rate 8. The ‘merge rate’ denotes the throughput capacity of the merger

for each level. For instance, a merger of rate 4:2 merges two inputs of width 2 (times the

element width) and outputs two elements per cycle. The difference in widths from level to level
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FIFO merge FIFO merge FIFO merge

Merge rate:                 4:2                8:4             16:8      
      

8 inputs 
of throughput 1

1 output of 
throughput 8

Figure 2.4: Parallel merge tree (PMT [69]), for 8 input lists

is managed by rate converters and the appropriate stall signals.

A simpler unoptimised tree [37], [70] can also be implemented with mergers of the maximum

throughput, which also squares the aggregate bandwidth requirements of the inputs [69]. This

leads to underutilised resources, such as unnecessarily large merger blocks. As shown in the

example figure 2.5, the merger blocks used are identical. However, in some special cases it has

a slight advantage over the optimised PMT [69], such as when recovering from rate mismatch

events more quickly (see 3.2.1 for more information on rate mismatch).

FIFO merge FIFO merge FIFO merge

Merge rate:                16:8             16:8            16:8      
      

8 inputs 
of throughput 8

1 output of 
throughput 8

Figure 2.5: “Unoptimised” parallel merge tree, for 8 input lists

2.3.3 High-throughput sorter building blocks (2-way mergers)

A merger for 2 already-sorted sublists of fixed length can be modified to merge 2 lists of arbitrary

length in streaming fashion. Then, it can be used as a building block for a parallel merge tree,

in order to merge many lists simultaneously.
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Most of them are based on the two popular sorting networks: Batcher’s bitonic sorter and

odd-even mergesort [61] (figure 2.2 a, b). These two sorting networks have the same number

of stages and can be built hierarchically using 2 sorters of half the input plus an appropriately

sized merger for merging two equally-sized sorted sublists. The merger part consumes the last

log2(n) stages in both sorting networks.

Some 2-way hardware mergers (including FLiMS of chapter 3) utilise an optimization of the

bitonic merger, the 2w-to-w bitonic partial merger [71] which outputs just the top half of the

result (or lower if the CAS units are flipped). The bitonic partial merger is a subset of the

bitonic merger. These are summarised in figure 2.6. This “pruned” merge block is combined

with additional logic to work as a parallel merger for longer lists as streams.
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Figure 2.6: A 16-to-8 bitonic partial merger block as found in a bitonic sorter for a list of 16
elements

In 2016, Song et al. built the parallel merge tree (PMT) with 2w-to-w bitonic partial mergers

[69]. Figure 2.7 illustrates a high-level view of the merge block. This merger works as follows:

two input queues, A and B, output 0 to w elements each per cycle, according to how many

made it in the last result of w elements. This is known from just the first stage of the 2w-to-w

bitonic partial merger and is used as a feedback to select the amount of elements to be dequeued

from A and B. Since some elements remain from the previous cycle, each input of the bitonic

partial merger needs to be rotated by an offset equal to the number of dequeued elements (so

far). This is done to ensure that the bitonic partial merger gets sorted inputs. The problem

with this approach is that the crossbars implementing the barrel shifters create a critical path
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that increases with w. This leads to lower frequency designs and it does not scale very well

[72].

2w-to-w bitonic
partial merger

crossbarA
w

B
w

O
w

crossbar feedback
Figure 2.7: High-level view of the merger used in PMT [69]

Note that the crossbar is a more general structure and can have different implementations and

alternatives. For example, it can be implemented in a single-pipeline stage, but the timing

characteristics would be suboptimal and this does not scale well. It could also be implemented

as pipelined barrel shifters working as rotators (or banyan rotators, section 6.2.2), with log2(w)

pipeline stages, but limiting the throughput to the 1/(log2(w) + 1), due to the feedback occu-

pying many cycles.

At some point, the most attention was drawn on removing the expensive feedback length that

existed in traditional merger designs [37], [69], that prevented scalability in terms of operating

frequency for an increased degree of parallelism (w) (SHMS[72], MMS[35], VMS[73]).

In 2017, Mashimo et al. [72] proposed a lower-latency-feedback architecture, SHMS, to solve

the long critical path problem with the previous approaches. While achieving much higher

frequencies, as high as 3.14 times more than PMT [69] for 32 different input queues (also

focusing on multiple inputs), the register utilisation was much higher. For 32 inputs, it uses

7.26 times more registers than PMT. This does not scale well, not from the long feedback

datapath, but due to the high FPGA resource utilisation.

Then, Saitoh et al. [35] proposed a feedback-less architecture, MMS, to increase the perfor-

mance and scalability of the merge operator. MMS uses two 2w-to-w partial merge blocks along

with shift registers and an extra comparator and multiplexer. Figure 2.8 shows a high-level
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view of this design.
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Figure 2.8: High-level view of the merger used in MMS [35]

Finally, FLiMS [36] (chapter 3) and WMS/EHMS [74] /EHMSP [75] offered further improve-

ments by focusing on efficiency, for minimising the required hardware resources, usually with a

subsequent improvement in operating frequency. Essentially, WMS is an optimisation of MMS

[35] (and VMS [73]), because it fuses the two 2w-to-w partial mergers into one bigger merge

block, and also eliminates the need for additional shift registers. EHMS and EHMSP try to

move some complexity to the selector stage for a lower resource utilisation at the expense of a

lower operating frequency.

See section 3.4 for an extensive comparison of the latest 2-way merge blocks, including FLiMS.

2.3.4 Many-leaf merge sorters

Many-leaf (or large-utility) sorters try to merge as many input queues as possible (currently

up to a few thousands [42], [76]), with minimal hardware resources. The comparators are

proportional to the number of merge stages in the merge tree (O(log2(k)), where k is the

number of input queues).

Even though their output rate is a single element per cycle, they can still have a considerable

advantage over the traditional merge trees, which are high-throughput. This is especially true

for large-scale sorting (i.e. for sorting off-chip data), because it requires fewer merge iterations,
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and subsequently fewer data passes. As the inter-chip data movement is expensive, the number

of passes is roughly proportional to the time for the whole task to finish. Therefore, reducing the

number of passes reduces the overall time significantly. Thus, this idea, sometimes referenced

more generally as high-utility [42], [77], is orthogonal to the trade-off of CPU-bound versus

memory-bound computation software classification.

Many-leaf mergers were first demonstrated for data stored in the on-chip block memory (BRAM)

[76] and afterwards with data stored in FPGA’s DRAM in a bare-metal configuration [42]. The

latter was a more realistic use case, as DRAM is more appropriate for large-scale data. In this

case the BRAM was used for buffering instead, for mitigating the increased latency from the

occurring random memory access pattern.

Section 5.1 introduces an approach that combines a FLiMS-based merge tree with many-leaf/

single-rate sorters, to enable both high-throughput and many-leaf sorting [32].

2.3.5 Non-merge-focused sorters

One recent large-scale FPGA sorter uses samplesort as its main algorithm [8]. Although not

merge-based, it is reminiscent of mergesort in the sense that there need to be partitions that need

to be sorted individually, using an open-source small-scale sorter [78]. In principle, samplesort’s

advantage is the elimination of a merge phase, although many-leaf merge can hide this phase

if it happens on-the-fly (see section 6.2.4). Being mostly focused on a specialised full-system

implementation, the evaluation for small lists, narrow data and different distributions is left as

future work.

With regard to older research, in 2005, J. Harkins et al. [59] evaluated the performance of

five different sorting algorithms on an FPGA: Quick sort, Heap sort, Radix sort, Bitonic sort,

and Odd-even mergesort. The conclusion was that Radix sort was the winner but it was only

twice as fast as quicksort on the CPU, due to the technology limitations of that time, such

as the lower memory throughput and the lower clock frequencies. Mueller et al. reached

similar observations for sorting networks with 2012 technology [28]. The findings were that
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an FPGA consumes much less power than a processor for similar performance and also that

more tight collaboration of an FPGA with a CPU can yield better performance. They studied

the performance of sorting networks (odd-even sort and bitonic sort) on FPGAs and evaluated

heterogeneous mergesort, which made use of the CPU for scalability to longer inputs.

There are also works that focus more on memory and energy efficiency. Chen et al. [79] in

2015 showed that a bitonic sort implementation can be 2 times more memory efficient and 5

times more energy efficient when compared to a CPU implementation. They also showed ways

of trading performance for more memory and energy efficiency by reducing the throughput

with which the input data are accessed from the FPGA. Srivastava et al. [80] have further

optimised a bitonic sorter implementation for accelerating big data applications. They showed

that the last merge operations of mergesort are a bottleneck for large-scale sorting and replaced

them with a heavily-pipelined bitonic network for higher throughput. It was inspired by the

aforementioned work on energy efficiency [79] and a work on sort-merge join acceleration [23].

The result was a considerable speedup over the then-current mergesort implementations.

Relatively recently, Bonsai was introduced to enable customising merge trees and modelling

performance for FPGAs with different capabilities [34]. Although it is based on older merge

approaches, the focus was given on other innovative aspects, such as reprogramming the FPGA

during runtime for implementing different algorithm phases, and an analytical performance

model. FANS [17] extended this approach and the analytical model to target Samsung’s

SmartSSD, and was inspired by an older near-data-processing (NDP) sorting solution [81].

Another sorting accelerator on Samsung’s SmartSSD is NASCENT [82] , which used bitonic

sort and plain bitonic mergers as found in the bitonic sorter. One of the main scopes in this

work was to evaluate the energy efficiency, as well as to use distributed computation through

combining multiple SSDs with FPGAs.
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2.4 Database-specific operator accelerators

In this subsection, a series of accelerators are reviewed that are specific to databases or appli-

cable to databases. Most of these are inspired from SQL queries, since it is an almost universal

language for expressing database operations, more extensively than relational algebra (a more

theoretical representation). Database operator accelerators can be divided into one of the

following categories: join, string matching, filtering, distinct count and arithmetic.

2.4.1 Joins

The join operation is a frequent operation on relational databases. The main functionality of

joins is to combine the columns of two tables by using different criteria. One common join

operation is equi-join, which takes as input two tables and performs an equality comparison for

merging rows with common values in specified columns. There are multiple join algorithms,

such as the nested-loop join, sort-merge join and hash join, all of which have already been

implemented on FPGAs.

Casper et al. [23] created a full equi-join implementation in hardware by pipelining different

modules in a multi-FPGA solution, as found in a high-performance Maxeler system. Their

approach was to do the sort-merge completely in hardware for minimizing the bandwidth bot-

tleneck and therefore including a sorter module. Sort-merge joins first require the two tables

to be sorted by the respective key/column on which the comparison will be performed.

The main drawback of this sort-merge join approach is the presence of a replay buffer, which is

explained to be a bottleneck on certain inputs, as it makes the access pattern less linear. This

buffer is finite and a workaround to support many duplicate keys would further go towards

having a random access pattern. In terms of scalability, the sorters in this work are not

feedback-less, a matter that is solved in later pieces of research (see sections 2.3.3 and 3.4).

One related consideration is that the maximum output rate is relatively restricted because the

hardware complexity of the join part grows quadratically with the degree of parallelism, as it

needs N2 comparators for matching keys from N rows in each input at a time [23].
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There is also another sort-merge join accelerator, that focuses on an embedded heterogeneous

platform (Xilinx Zynq) [83]. This work combines a sort accelerator with a merge phase al-

gorithm for the CPU. It does not provide a merge accelerator in hardware, as it is left for

software.

Hash joins have also been successfully implemented on FPGAs. The main consideration with

hash joins is that hash operations may perform suboptimally when the hashed locations are not

provided efficiently in a memory hierarchy. For example, when using a CPU, the multiple-level

cache system will help hide the memory latencies from accessing the data if the working set

is sufficiently small. Halstead et al. [27] showed that by mimicking multi-tasking as found

in multi-threaded implementations for multiprocessors, there is a better memory hierarchy

utilisation resulting in increased performance. The approach was to use a hardware-aware join

operation to eliminate the effects of the absence of cache in the FPGA.

Another research work on hash joins on FPGAs was by K. Kara et al. [84]. It focused more

on accelerating the data partitioning for parallel hash joins, as a workaround for the random

access pattern to enable saturating the main memory bandwidth.

Roozmeh et al. [24] demonstrated how a heterogeneous system that combines an FPGA, a

CPU and a GPU can accelerate database join operations. Their approach was to compare the

performance of nested-loop join and sort-merge join for FPGA and GPU and they showed that

a high-end FPGA could outperform the selected GPU test platforms.

Another category of related accelerators targets small scale databases, such as for embedded

systems. A more recent work [19] uses a parallel tree-based join (PTJ) structure that resides on

the FPGA. The solution performs well enough for medium-sized input, but the tree structure

increases and slows down considerably for bigger inputs and it also inherits a size limitation

from BRAM, thus making it inappropriate for big data.
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2.4.2 String matching

Another focus of database acceleration research is string matching operations. One of Centaur’s

[26] and also DoppioDB’s [48] hardware user-defined functions (HUDFs) that were provided for

evaluating the performance of the frameworks was a regular expression engine.

Regular expressions can be seen as short scripts which define complex string matching routines.

With the rise of machine learning and its integration in relational algebras for analytic opera-

tions, the non-strictly formatted data, such as strings, can become the bottleneck in analytical

databases [48]. The claimed speedup is up to 3 times in comparison with a high-performance

CPU implementation. The accelerator implementation was described in more detail in [85].

This work focuses on database applications and provides more flexibility and lower resource

utilisation by breaking down the regular expressions into parameters. This is achieved by having

a flexible state graph that changes according to the automatically-generated parametrisation

configuration vector.

Accelerating regular expressions on FPGAs is not only found in database analytics. The work

of Sidhu et al. [86] dates back to 2001 and demonstrates non-deterministic finite automaton

implementations on an FPGA working with O(n) speed, where n is the number of characters

in a string.

2.4.3 Filtering

Filtering is one of the basic operations in relational databases and is used to get a subset of

records based on certain criteria. In SQL, this is achieved through the clause “WHERE”, and

is often used with joins to combine tables and produce new information from cross-referencing

records. The complexity of filtering is easy to overlook, as equi-joins could be enough in some

use-cases, hence only considering the equality predicate in some join accelerators [43]. However,

filtering can get very demanding, such as with logic expressions of 24 DNF clauses in a popular

decision support benchmark [33], [87].
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Manev et al. [33] proposed a scalable architecture to enable building arbitrary filtering accel-

erators from boolean logic as found in SQL queries. The evaluated accelerator is for TPC-H’s

most complex filtering-heavy query [87]. The solution provides a stream manager so that each

custom filtering module can access multiple dimensions simultaneously and achieve a high ag-

gregate bandwidth with less engineering effort. This architecture is based on FPGAs that

support partial reconfiguration, as a means to enable easy deployment of arbitrary filtering

modules. The reconfigurability aspect was important since SQL is a programming language

with an infinite number of possible routines, and it is shown that combining pre-build finer-

grade filtering modules is less effective [88]. This finding is somewhat analogous to how today’s

CPUs have a performance overhead from using a pre-defined instruction set architecture (see

appendix C).

Another accelerator designed to do filtering is a database processor from 2016 [89] designed

for fast database analytics and is implemented on an FPGA. This work takes advantage of

a highly-coupled SoC architecture that provides high-throughput communication between two

ARM cores and the FPGA, residing on the same die (Altera Arria V SoC FPGA). In contrast

with other accelerators, it focuses on small and embedded devices. The main idea was to use a

content addressable memory (CAM), with which a series of queries can be executed in parallel

but inside the chip. The queries are encoded in a format that resembles an instruction set

architecture (ISA) as found in general purpose processors.

One more complex way of filtering is by using Skyline operators [90]. Skyline is a family of

queries that filter multi-dimensional data using multiple criteria. This requires streaming the

same data multiple times and it can be expensive for CPUs. Centaur [26] and DoppioDB

[48] explore an FPGA implementation of a skyline query engine and demonstrate a notable

performance improvement over CPUs.

Overall, the main consideration seems to be the ease of which arbitrary problems are supported.

The basic approach is to build accelerators for specific queries, including the skyline examples

above [26], [48] (even though they are integrated into frameworks). Another approach is to build

accelerators from generators based on code [91], [92]. Finally, there are solutions that can load



2.4. Database-specific operator accelerators 37

dynamically a library of provided bitstreams through partial reconfiguration during runtime

[33], [88], [93]. Still, being based on specialisation introduces some limitations. Although each

case can be further customised and the probability of exceeding hard-wired limitations may be

minimised, CPUs are still more suitable when the characteristics of the workloads are unknown.

2.4.4 Distinct count

A common task in data analytics is to count the number of distinct elements in a list, also

known as the cardinality problem. It can be considered a special case of the set membership

problem, i.e. to be able to say if an element exists in a set, because such a question can be

asked for each element to answer how many unique elements have been observed.

In relational databases, an integral feature of SQL, which is the prominent domain-specific lan-

guage, is the ‘DISTINCT’ clause. The ‘DISTINCT’ clause can be found within the ‘COUNT()’

function to express the distinct count functionality. It also has applications in computer archi-

tecture. For instance, hardware implementations of bloom filters have been demonstrated to

work effectively on CPU caches for improving the cache block replacement decisions [94].

Set membership has applications in many fields and it is seen as computationally expensive

[95]. The worst case for run time and space complexity is when the entire input consists of

unique elements. Thus, the space and time complexity for a serial processor of an accurate

implementation could be O(N) and O(N2) respectively, where N is the number of elements.

This example is for a naive implementation where all elements are stored and checked one-by-

one per membership query. Consequently, there are applications where this operation becomes

challenging, as with Terabytes of “big data” as input in the datacenter, or even seemingly

endless streams, such as the huge amounts of data flowing inside a CPU. For this reason,

approximation techniques are used widely in data science, but always taking into account how

the inaccuracies of the model relate to the nature of the problem and the features of the data.

Such an approximation technique is the Bloom filter, which combines multiple hash functions

in a relatively small hash table achieving a low false positive rate [96]. False negatives are
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impossible. There are also hardware-optimised implementations of Bloom filters [97], [98]. For

big data analytics and distinct count the storage is still a consideration, especially for the

limited amounts of on-chip memory on the FPGA, as it cannot count more elements than the

available space. For distinct count specifically, LogLog [99] and its successor HyperLogLog

[100] are two popular algorithms to perform the task with a fraction of the resources, and with

FPGA implementations achieving a speedup of up to around 2 times over an optimised software

implementation on a 32-thread Xeon server [101].

Even with a reduced probability of mistakes [102], approximation techniques on FPGAs [101]

are usually seen stand-alone, outside the database management system (DBMS) scope. This is

most likely because an exact approach is more appropriate for legacy applications (conforming

with SQL), as well as for problem specifications where there is no margin for errors.

With respect to exact solutions for distinct count, N. Bandi et al. [103] have used fully-

associative structures to answer membership queries on ASICs, such as for processing network

traffic. Absalyamov et al. [29] have built on the ideas of content addressable tables (CAT)

in a database context, for building a custom cache hierarchy to accelerate ‘GROUP BY’ ag-

gregations. These approaches are analogous to hash joins, such as with the latter also using

multi-threading on the FPGA to saturate the main memory bandwidth [27]. This is due to the

random memory accesses that require frequent lookups from main memory [29].

Sections 5.3 and 5.4 present alternative approaches for data of high cardinality. One of the

proposed approaches sorts the data first (analogous to sort-merge joins) and then processes it on

the fly using non-blocking high-throughput stream processors, leading to a more deterministic

performance, due to the linearised access pattern.

2.4.5 Arithmetic

Other accelerators that would help increase modern database systems are a set of operators

that are related to big data analytics and machine learning or statistics. The list could be very

extensive, due to the many different use-cases and therefore only presented are some that were
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seen in a database acceleration context.

Simpler examples such as “muladd” (scale one column by a constant and add another constant

to each element) and “percentage” (the percentage of the sum of a subsequence of a column

over the sum of all elements) and “testcount” (count all rows satisfying a common condition)

are included in the exploration of the Centaur framework [26]. CPUs can also be efficient with

such operations, especially when the architecture supports vectorisation, and the compiler or

the programmer identifies the appropriate vector instructions for the task.

Note that for some arithmetic operators the performance of the FPGA may not be ideal, but

they are sometimes supported as part of a database framework to eliminate the data transfers

in heterogeneous systems. For instance, simple arithmetic operators can be used as part of a

pipeline of different database operators, eliminating the need to transfer data to the host for

intermediate tasks, which is a costly operation.

A more complex accelerator is a stochastic gradient descent (SGD) implementation [49]. SGD

is used for building linear models in machine learning and is an iterative operation, until a

set of stopping conditions are met. Through quantization, the operation can be optimised for

different accuracy needs. It is shown to outperform a high-end CPU implementation by an

order of magnitude for the same level of accuracy, despite the memory bandwidth limitation

[49].

2.5 Alternative and future architectures

2.5.1 Other co-processors

Graphics Processing Units (GPUs) are currently a competitor to FPGAs for database accelera-

tion. There are similar disadvantages to FPGAs with respect to the communication limitations,

as they utilise similar protocols and layers (see 2.5.4). They also suffer from the main bottleneck

of FPGAs when doing memory accesses, which is the limited memory bandwidth.
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There are specialised servers utilising customised protocols on top of PCIe, or separate inter-

connects. NVidia GPUs introduced the NVlink protocol [104] to achieve a main memory access

speed of 25 GB/s per direction. Additionally, an NVlink switch can offer 300 GB/s theoretical

interconnect bandwidth, with GPUs connected through the SXM2 form factor. Still, the peer-

to-peer (GPU-to-GPU) unidirectional throughput is 48 GB/s and host-to-device bandwidth of

12 GB/s, for V100 GPUs utilising NVLink 2.0 [105].

Roozmeh et al. [24] compared high-end FPGAs with GPUs and found that FPGAs can actually

be faster than GPUs for some database operators. Both the FPGA platforms were 40% more

energy efficient than the GPUs. However, this work highlights that the high-end FPGA test

platform (Virtex UltraScale VU440) that was the best performance-wise in comparison with

the GPUs, costed two orders of magnitude more money. This is not the case today, especially

after the launch of Xilinx Alveo cards, which are relatively affordable but still more expensive

than GPUs.

While GPUs are not as flexible and power efficient as FPGA, there are many beneficial aspects

as well. Modern GPUs support numerous abstractions by default that are generally challenging

to implement on FPGAs. These include L1 and L2 caches, and a shared address space of a

pool memory with coherency mechanisms [106].

2.5.2 High-performance multi-core processors

Using a high-performance multi-core processor is an important competing approach to accel-

erating using a co-processor such as an FPGA. This is due to the relative ease of use, the out-

of-the-box high memory bandwidth and seamless integration with mainstream software that

comes with CPUs. The move from multi-cores to many-cores may be successful for database

workloads and may overcome the need for an FPGA, at least for performance.

There is a recent trend of increasing the core-count of conventional CPUs, such as the latest

AMD EPYC server offerings, reaching up to 128 threads per server socket [107]. Currently, the

highest thread-count for commodity multi-processors are found in AMD EPYC 7763, which has
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64 cores with SMT enabled (128 threads in total) and also Intel Xeon Platinum 8380, which

has a total of 40 cores, and a total of 80 threads [108]. They are also designed to support

multi-socket configurations which can quadruple or quintuple, for instance, the core count in a

system.

However, the increased number of cores does not come for free. While they can be convenient

and have better memory bandwidth for databases, the complexity of the cores can yield much

lower power efficiency or cost effectiveness in comparison with accelerators. Example limitations

include Ahmdal’s law (how parallelisable is the accelerated task), the increased complexity of

the interconnects (for memory arbitration between more workers), higher latencies and simpler

cores. Another potential disadvantage of high-end multi-cores is that they rely on the non-

uniform memory access (NUMA) model, although less apparent than in FPGAs. Moreover,

the single-thread performance is rather slow when compared to workstation CPUs.

Additionally, developing for such a high core count is not that straightforward, with scientific

applications sometimes relying on manual acceleration with SIMD intrinsics [5]. The available

main memory bandwidth is higher than on FPGAs, but it is challenging to achieve memory-

bound execution. See an example experiment with AVX-512 intrinsics (512-bit-wide SIMD

instructions [109] as found in high-end Xeon processors [108]) in appendix A based on section

3.6, where the benefit of AVX-512 over AVX2 (256-bit) is questionable.

2.5.3 Many-core processors

Many-core processors, such as Intel’s Xeon Phi, could be considered another competitor to FP-

GAs. As a co-processor, Xeon Phi suffers from similar disadvantages as FPGAs for databases.

Cheng et al. [110] have optimised state-of-the-art hash join algorithms for better utilisation

of the resources of the latest Xeon Phis. The local high-bandwidth multi-channel DRAM is

found useful for implementing a big cache for the main memory. Their work combined software

prefetching and NUMA-aware partitioning, and concluded that Xeon Phis can give an impor-

tant speedup for hash joins. An FPGA equivalent could be considered the hash join accelerator

by Halstead et al. [27].
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Some more experimental many-core architectures leave more control to the programmer. This is

to achieve less hardware complexity, as well as flexibility for increased performance [111]. They

can support direct inter-core communication which can be used for pipelining operations [112].

This is something very desirable in database queries [26] and it is not supported in mainstream

CPUs. Though, for such innovative architectures, the need for specialised toolchains, as well as

the use of uncommon programming models, has often led to very limited adoption. Of course,

there have been many useful outcomes for research purposes from such projects [113].

Generally, modern many-cores are used as co-processors and can have similar bandwidth lim-

itations to GPUs and FPGAs. As with multi-cores, an important limitation is that with an

increased number of cores the main memory throughput each core can achieve will be re-

stricted. Having many cores can also complicate the memory system and increase the memory

access latency. The increased latency can occur from sharing common resources [13] including

shared caches, or from hierarchical architectures which are sensitive to data localities, such as

with non-uniform memory-access (NUMA) systems. Advanced CGRA-like techniques for task-

pipelining are not possible on general purpose CPUs, but it is possible with some experimental

architectures [111]. Also, too advanced cores, or with unused features in general (such as with

high-performance multi-cores) will be less efficient than an FPGA. But, the ease of program-

ming and an adequately-efficient implementation in commodity systems might outweigh these

shortcomings for a wider adoption.

As of today, many-cores deployed as co-processors seem to have been phased-out in favour of

many-cores as main processors (as in the preceding discussion in section 2.5.2 about multi-

cores). A notable example is the end-of-life of the latest Intel Xeon Phi [114], as well as

the wider inclusion of AVX-512 in Intel’s general purpose processors [108]. Instead, the general

trend for many-cores seems to be the adoption of simpler cores, such as the RISC-based (reduced

instruction set computer) and the ARM A64FX processor in the Fugaku supercomputer [115].

To the best of the author’s knowledge, no extensive evaluation of database applications in

RISC-based many-core systems has been performed yet.
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2.5.4 Faster interconnection protocols

One consideration with today’s FPGAs is that they are connected with PCIe to a host system.

PCIe, the most widely-used interconnection protocol for accelerators, has a high access latency

[116], and is not appropriate for low-latency applications. Another shortcoming of PCIe is the

bandwidth.

Today’s commercial high-end FPGAs, such as Xilinx Alveo cards, which are also promoted for

datacenter analytics, use up to 16 lanes of PCIe 3.0, or up to 8 lanes of PCIe 4.0 [117], which

are both equal to 32 GB/s bidirectional bandwidth for 16 lanes. This number can be seen as

a theoretical maximum throughput, and is lower than CPU’s main memory bandwidth, such

as up to 204.8 GB/s for the latest AMD EPYC multi-processors [107]. In industrial settings,

using more PCIe lanes is possible but this approach has not matured.

Moussalli [118] discussed the future directions for accelerating databases on GPUs and FPGAs

in 2017, and suggested that various forthcoming technologies could minimise the memory band-

width limitation of accelerators. Among NVlink [104], which is for GPUs, the IBM POWER8

processor, with its Coherent Accelerator Processor Interface (CAPI) was also mentioned for

faster database acceleration.

CAPI promises higher memory bandwidth from the accelerator (including FPGAs) by elimi-

nating software abstractions for better bandwidth utilisation. This is implemented on top of

PCIe Gen. 3 and has a bidirectional memory bandwidth of 32 GB/s [119] (16 lanes of 8 Gbps

for read and write). Later, IBM introduced the POWER9 architecture, which has up to 48

PCIe lanes and OpenCAPI, the successor to CAPI, which can yield performance of 150 GB/s

aggregate throughput (48 lanes of 25 Gbps each) [120]. IBM’s CAPI 2.0 [121] is its successor

that utilises PCIe 4.0 lanes and upgrades this number to 192 GB/s. Such protocols are expected

to improve the FPGA performance for database operations, including multi-way joins [122].

Note that these accelerator-focused protocols are mostly intended for implementing coherency,

as well as with the cache-coherent interconnect for accelerators (CCIX [123]). Although higher

integration is important, the lane count is not a tangible benefit of architectures featuring
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protocols such as CAPI (yet), unless all lanes are managed to be utilised. It is worthwhile

speaking about aggregating PCIe lanes, however, the practicality of an increased lane count

remains questionable for the studied use cases as the latest commercial FPGAs use up to 16

lanes, as with GPUs. Unconventional system architectures are generally expensive and slow or

difficult to adopt. For example, practical applications are still not easily benefiting from such

protocols as CAPI 2.0, including using a lower number of lanes in legacy mode for a 13 GB/s

achievable throughput [124]. Moreover, x86 server processors have already increased their PCIe

lane count to 128 [107].

Promising advancements in FPGAs revolve around System-On-Chip (SoC) packages that com-

bine different kinds of processors. One such platform is Xilinx’s multiprocessor systems-on-chip

(MPSoC) [9], [125] that combines an FPGA with ARM CPU and GPU cores. This could be a

pivotal point for heterogeneous workloads, but in regards the bandwidth performance they are

still relatively low-end [77], [89].

One recently emerging FPGA architecture is Versal [126], which is a 7nm SoC, that increases

heterogeneity but also in finer-grain, such as by hardening commonly used logic. The goal

behind these decisions was to reduce the place-and-route complexity, as well as to increase the

performance of trending workloads (machine learning and communications). However, due to

the embedded nature of these devices and the increased specialisation, they can be seen as

quickly drifting away from large-scale deployments for big data.

An interesting platform for databases is Intel’s Xeon+FPGA prototypes [26]. HARP v1 allows

an FPGA to co-exist in a second socket in a multi-socket server. While this might not be an

important change over FPGAs connected with PCIe in high-performance servers, it could be

considered as an early step for the introduction of higher-performing Xeon cores with FPGAs

[127]. This would hopefully translate to the highest main memory bandwidth for FPGAs.

Later, another experimental Intel Xeon+FPGA solution combined the Aria 10 FPGA and a

14-core Xeon on the same package. Still, the FPGA in this solution only achieves 20 GB/s of

aggregate main memory throughput through the CPU’s memory controller, while the Broadwell

E5 CPU peaks at 50 GB/s [25].
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2.5.5 Near-data processing/ processing in memory

In the datacenter scale, near-data processing (NDP) is promising to overcome the power and

performance implications of processing huge amounts of data. By moving computation to

memory, NDP avoids chip-to-chip transfers and yields efficient in-memory computation. Due

to the recent advances in 3D-stacking technology, NDP is predicted to gain more attention as

a solution [128].

More related to FPGAs and databases [118], ConTutto was an experimental platform to bring

FPGAs close to the memory by incorporating them with DRAM in the form of DIMM cartridges

[129]. There are working prototypes of such DIMMs and plug into an IBM POWER8-based

server. Acting as a memory buffer, the FPGA can have a memory access bandwidth of 11 GB/s

per DIMM port, or an aggregate of 35 GB/s for a single memory channel.

The idea of near-data processing has matured to the point that consumer solid-state disks

(SSDs) can be purchased, while also integrating a reprogrammable device. For instance, Sam-

sung’s SmartSSD technology brings FPGAs closer to the data, by embedding FPGAs on SSDs

and enabling distributed computing for an increased aggregate bandwidth [130]. The Samsung

SmartSSD computational storage drive (CSD) combines a 4 TB SSD with a Xilinx Kintex

KU15P FPGA (with over a million logic cells), and is already evaluated for sorting [17], [82]

and database queries [130].

2.6 Summary

FPGAs are an interesting platform for hardware acceleration of relational databases. They can

be superior to other processors in terms of power consumption, but achieving a high performance

has its challenges. It is often possible to achieve higher performance than CPUs, but this can

require expensive and complicated designs. When evaluated in an end-to-end database solution,

the achieved speedups from using FPGAs over CPUs are usually reported to be single-digit.

The main bottleneck is the limited main memory bandwidth found in current hardware, which
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is around 32 GB/s bidirectional for FPGAs, and is low in comparison with that of CPUs,

reaching over 200 GB/s. The trend in inter-chip communications is to gradually increase the

bandwidth, such as with approximately doubling the throughput per lane per newer PCIe

generation, but still not approaching CPU levels. The alternative approach to develop high-

end SoC platforms such as Intel’s Xeon+FPGA is more promising, but experimental results

have still not approached the throughput of the CPU cores for the FPGA device.

With respect to database acceleration frameworks, since a database can cover a wide range of

operators and their combinations, the specialisation aspect of FPGAs does not favour general

use. For instance, SQL is a programming language that can express tasks of arbitrary com-

plexity, including recursion. For this reason, the existing database accelerator frameworks are

either accelerating a database system of restricted capabilities and/or scale, or providing means

to accelerate user-specified operators in heterogeneous systems.

Another category of research is on accelerating individual operators, with applications wider

than only in databases, such as with sorting. The evaluation results of operator accelerators

are usually more promising, as it is done out of the DBMS context and can be more specialised.

There are also clever algorithms or modifications that make better usage of the available memory

throughput, such as by caching entries, compression, improving the inter-chip communication

protocol and exploiting other data localities.

Future systems with a higher degree of integration and less heterogeneity might address the

aforementioned challenges at a considerable degree.
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FLiMS: a fast lightweight 2-way merger

This chapter presents FLiMS [36], a highly-efficient and simple parallel algorithm for merging

two sorted lists residing in banked or multi-ported memory. On FPGAs, its implementation uses

less hardware resources than the studied alternatives. This is achieved with better performance

and less latency, for the same amount of parallelism. FLiMS is also shown to perform well

as conventional software on modern CPUs supporting single-instruction multiple-data (SIMD)

instructions.

The challenges for the merge operations on FPGAs have been the low clock frequency due to the

feedback datapath of the merger contributing to the critical path, and also the high resource

utilisation in some early attempts to eliminate and remove the feedback datapath. FLiMS

uses a modified version of the bitonic merge block, as found in bitonic sorters, repurposed for

performing 2-way parallel merge for streaming data. As with some alternative solutions, it can

be considered feedback-less since it only nests one parallel comparison for any desired level of

parallelism (i.e. no pipeline stage receives data from the output of a successor stage).

At the time of writing this thesis, it still uses the least number of comparators and pipeline

stages among the latest mergers, and allows higher throughput, while leaving more hardware

resources for additional logic.

The merge operation is widely used for a variety of applications, including in many popular

47
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sorting algorithms, such as mergesort and timsort [131], as well as in hardware for database

operations, including sort-merge joins. It is thus desirable to accelerate, and recent research has

proposed a variety of merge accelerators on FPGAs, each of them having their own shortcomings

in comparison with the others.

The improvement over the state-of-the-art is on the computational aspect and hardware utilisa-

tion. The approach is initially evaluated out-of-context, with the data to be processed already

residing locally, such as in an FPGA’s block RAM. While this is useful by itself, it can also

be used as a building block for bandwidth optimised designs, since the proposed block RAM

organisation allows it to be used for big data streaming situations, as they can be used as FIFO

queues efficiently (see section 5.1).

The bitonic sorter is a sorting network based on merge-sort. Since it is based on merge-sort, it

has a hierarchical merge block, labelled bitonic merger in figure 2.6 of chapter 2. Each merge

block merges two sorted lists of w elements to a sorted list of 2w elements. The bitonic partial

merger is a subset of the bitonic merger and is able to provide the upper half of the result.

This “pruned” merge block is combined with additional logic to work as a parallel merger for

longer lists as streams.

All alternative designs require the two input sequences of the bitonic (partial) merger (or

odd-even merge sort-based mergers) to be sorted. The novel idea is to relax this condition.

This idea eliminates the need for expensive rotations before the inputs of the merger [69], or

alternative workarounds involving redundancy in logic [35], [74].

The contributions are the highly-efficient design of the merger and the evaluation in both on

FPGAs and modern CPUs with SIMD units. Automatic generator scripts [132] provide the

Verilog code for the FPGA implementation, as well as with SIMD intrinsics for CPUs, for a

user-specified degree of parallelism w. Also presented are additional functionalities for FLiMS,

such as stable sorting, and the implementation of a complete sorting function in SIMD-based

software. Chapter 5 presents more hardware designs that make use of FLiMS to achieve FPGA

acceleration of different analytics operations, including a full-system hardware sorter.
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This chapter is partly based on the papers “FLiMS: Fast Lightweight Merge Sorter” [36] and

“An Adaptable High-Throughput FPGA Merge Sorter for Accelerating Database Analytics”

[32]. The presented material is the author’s, except with proof 3.3.1(2), which was done in

collaboration with Chris Brooks.

3.1 A novel 2-way high-throughput merger

FLiMS is a novel 2-way high-throughput merger that only uses a single 2w-to-w bitonic partial

merger. It merges 2 sorted inputs with high throughput without the use of barrel shifters or

shift registers.

FIFO A

Merger
w...

...

FIFO B

...
...

...

A0

dequeue A0Aw-1

dequeue Aw-1

...

B0

dequeue B0
Bw-1

dequeue Bw-1

Figure 3.1: High-level architecture of FLiMS [36]

In figure 3.1, we can see a high-level visualisation of the proposed parallel merger. In contrast

to previous works, FLiMS is shown to dequeue from the banks on an individual basis, rather

than in batches of w elements, due to the decentralised selector logic.
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Figure 3.2: FLiMS in low-level: MAX selector stage plus a CAS network (butterfly topology),
w = 4. Pruned CAS units are shown in grey
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In figure 3.2, we see a lower-level representation, where the green circle pairs are the compare-

and-swap units, with the exception of the first pipeline stage, which has w pairs of one green

and one grey circle, representing the MAX units (selector stage). The greyed pairs are the

pruned units when compared to the original bitonic merger, which would relate to sorting the

bottom half. If we ignore the modification of the first stage to MAX units, this topology is

known as a bitonic partial merger [71], because it originally produces the top w out of two

sorted lists of w elements, and is a subset of the bitonic merger (see section 2.3.3).

The proposed parallel algorithm can be broken down into 3 segments: a selector stage for

handling the input from multiple banks/queues, the pipelined bitonic partial merger (minus

the first stage) and finally the output logic.

Selector stage After the data are written into the BRAM banks (stored with a round-robin

priority), a set of independent entities (i.e. nodes) are responsible for controlling the input to

the merger. The w entities respond to the same clock and their behaviour can be described by

a distributed algorithm.

Let A and B be the input FIFO queues containing the two sorted lists to be merged. Let A0,

..., Aw−1 and B0, ..., Bw−1 be the queues corresponding to the respective banks for A and B.

Each of the entities MAX0, MAX1, ..., MAXw−1 have as input the pair of queue heads (a0,

bw−1), (a1, bw−2), ..., (aw−1, b0) respectively, with ai being the head of Ai and bi being the head

of Bi. Each of these entities outputs one number per cycle when both inputs are valid.

Each entity MAXi has the data registers cAi and cBi to store the last heads that were dequeued

from banks Ai and Bw−1−i respectively. It also has a register for the sorting network input ini.

On each cycle with valid input, if cAi > cBi, then cAi will make it into the top w in the result

of the pipeline and therefore cAi is copied into ini. In this case, cAi is replaced by the head ai,

which is dequeued from Ai, but cBi will remain unchanged, since it will need to be compared

again in the next cycle, being in the lower w. The equivalent logic goes for the case when cAi

≤ cBi.

In algorithm 2, we can see the pseudocode for the distributed algorithm. Collectively, this
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algorithm essentially replaces the first stage of the partial bitonic merge (half-cleaner), with

MAX units instead of CAS units. It selects the current top w on each cycle and inserts them

into pipeline registers for the rest of the CAS network to sort and produce the correct w-sized

chunk of output.

1 int i; . i is the entity tag

2 int cAi, cBi, ini; . registers of data width

3 while forever do
4 receive (positive clock edge);
5 if cAi>cBi then
6 ini ← cAi;
7 cAi ← dequeue(ai);

8 else
9 ini ← cBi;

10 cBi ← dequeue(bw−i);

11 end

12 end
Algorithm 2: MAXi unit pseudocode

There may be a need for some extra logic required to correctly handle the ending of the input

queues, but it is omitted here for the sake of simplicity and portability to different architectures,

as it is relatively trivial to construct. For example, when sorting natural numbers in descending

order, the value 0 can be passed afterwards to handle the ending without additional dedicated

logic.

CAS network The compare-and-swap (CAS) network of FLiMS is responsible for sorting

the top-w result of the selector stage. It is a partial bitonic merger minus the first stage, or in

other words, a butterfly network. It is not considered a sorting network on its own and does

not sort arbitrary number sequences. For its input though, it behaves correctly and its output

is always sorted (see proof 3.3.1).

Output logic The output logic is trivial, but is mentioned for the sake of completeness. On

each cycle, if the output of the partial bitonic merger is marked as valid, it is written down as a

w-sized chunk of the result, such as in w output banks implementing an output queue O. The

output can then be read in a round robin fashion from the banks O0 to Ow−1, for example.
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One observation is that when there is valid output per cycle, it produces exactly w elements,

as with other 2-way mergers. This is useful for easing synchronisation when embedding into a

merge tree etc., as in section 5.1.

The sets of registers cA and cB are not visible in the first (selector) pipeline stage of figure 3.1.

The notion of those registers is optional because they can also be considered the current sets

of heads of the banked queues A and B respectively. Though, it is sometimes convenient to use

cA and cB, such as when the input queues are block RAM sections, where a read register is

already present for reading each memory. In table 3.1, an example execution is provided.

Cycle Input A Input B cA cB Output (after the pipeline delay)

0 3 3 4 5 11 16 17 26 26 29 0 7 8 9 12 15 18 19 21 22
1 3 3 4 5 11 16 0 7 8 9 12 15 17 26 26 29 22 21 19 18 22 26 26 29
2 3 3 4 0 7 8 9 12 17 5 11 16 15 21 19 18 17 18 19 21 22 26 26 29
3 3 3 0 7 4 5 11 16 15 12 9 8 11 12 15 16 17 18 19 21 22 26 26 29
4 4 5 3 3 7 0 9 8 5 7 8 9 11 12 15 16 17 18 19 21 22 26 26 29
5 4 3 3 0 0 3 3 4 5 7 8 9 11 12 15 16 17 18 19 21 22 26 26 29

Table 3.1: Merging two descending sequences: Example execution for w=4 and random sorted
lists A and B. (see [133] for an online visualisation)

3.2 Additional functionality

This section presents two extensions for FLiMS, which could be used to increase its applicability

or performance, according to the distribution of the data and the requirements of the sorting

problem.

3.2.1 Skewness optimisation

FLiMS can be used to build parallel merge trees (PMT), that merge many input lists hierarchi-

cally in a single pass. Parallel merge trees can suffer from rate mismatch, that happens when

the input data distribution leads to underutilisation of certain mergers, resulting in reduced

throughput [42], [69], [76].

While the memory access throughput is a matter of the memory system, it might be allowed
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for the accelerator to receive the data from each of the input lists A and B with a fixed

bandwidth, less than w, such as in a PMT. A contributor to rate mismatch is when there are

a lot of duplicates in the input (skewed datasets). When the data are skewed, the merger only

dequeues from one of the input queues for long periods of time. This results in stalled cycles

from underutilising the aggregate bandwidth of the queues.

PMT [69] proposes a simple solution which causes the merger blocks to fetch from both inputs

at a similar rate when there are duplicates. This ensures that the input queues are consumed

with a similar rate, that collectively balances the utilisation of the merge tree. However, PMT’s

mergers inherit the long feedback problem, which was addressed in subsequent works [35], [36],

[73], [74].

The equivalent optimisation is proposed for FLiMS [36], while keeping the decentralised nature

of the selector stage. On duplicates, there is an “oscillating” effect at the MAX units, which

balances the dequeuing rate from the two groups of inputs. The code for the new selector units

is illustrated in algorithm 3. An 1-bit register called sideLast represents the queue out of which

the head was dequeued during the previous cycle, and is appended to the least significant bit

in the comparison, to enforce a sort priority on equal values.

1 int i; . i is the entity tag

2 reg cAi, cBi, ini; . registers of data width

3 reg sideLast; . 1-bit register

4 while forever do
5 receive (positive clock edge);
6 if {cAi, sideLast}>{cBi, !sideLast} then
7 ini ← cAi;
8 cAi ← dequeue(Ai);
9 sideLast ← 0;

10 else
11 ini ← cBi;
12 cBi ← dequeue(Bw−1−i);
13 sideLast ← 1;

14 end

15 end
Algorithm 3: Modified MAX i unit pseudocode for skewness optimisation

Another occurrence of rate mismatch is when the data are already (or nearly) sorted, and this

should be solved at a higher level, such as by shuffling the input as a prepossessing step [69].
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The skewness optimisation does not solve that case of rate mismatch.

3.2.2 Stable merge

Stable sort is when the sorted output has the same order for duplicate values as they appear in

the input. For implementing a stable merge sort, FLiMS would also need to be stable, i.e. to

prioritise the duplicates of input A over the ones at input B, and keep their original order inside

A and B accordingly. Such a modification cannot co-exist with the skewness optimisation, since

duplicates will have priority based on the input source.

Implementing stable sort using FLiMS follows a similar methodology of adding functionality to

sorting networks as in section 4.2.3, but requires further modification. Originally, FLiMS is not

stable, as it is partly-based on the bitonic sorter, which is not stable. Temporarily appending

the input source (1 bit) and the port number (log2(w) bits) to the MSB would be required to

disambiguate between the original order of duplicates inside the CAS network.

As the order of the inputs inside MAX units are naturally rotated by an offset, the port order

is not enough to distinguish the order inside each batch containing duplicates. For this reason,

a 2-bit value needs to be carried between the input source and the port number, that keeps

count of the batch order. This has a resemblance to the design of section 5.1.1, where a single-

bit counter is not enough for distinguishing which of the two compared entries came first.

Algorithm 4 shows the modifications required on the MAX units to support stable merge.

Additionally, the CAS units would need to be modified as well, to correctly prioritise the case

where the 2-bit order is “00” against “11”, as all other combinations (same values or other pairs

having a difference of one) would correctly represent the original order priorities. The general

idea of this approach is to emulate appending the original input order to the MSB of the data,

but with a steady and low number of bits for merging arbitrarily long input. The count field

can be seen as the last few bits of the input order.
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1 int i; . i is the entity tag, log2(w)-bits wide

2 reg cAi, cBi, ini; . registers of data width

3 reg orderAi, orderBi; . 2-bit registers

4 while forever do
5 receive (positive clock edge);
6 if cAi>cBi ||cAi == cBi then
7 ini ← {1, orderAi, w − 1− i,cAi}; . 0, orderAi, i for ascending order

8 cAi ← dequeue(Ai);
9 orderAi ← orderAi − 1; . +1 for ascending order

10 else
11 ini ← {0, orderBi, i,cBi}; . 1, orderBi, w − 1− i for ascending order

12 cBi ← dequeue(Bw−1−i);
13 orderBi ← orderBi − 1; . +1 for ascending order

14 end

15 end
Algorithm 4: Modified MAX i unit pseudocode for implementing stable merge

3.3 Correctness

In order to understand why FLiMS and its variations work as expected, a series of inductive

or direct proofs are provided. FLiMS can be used for merging lists in descending order, as well

as for ascending order, just by reversing all comparators (for the base version). In this chapter

we study FLiMS designs with data of descending order, but the proofs can be easily adapted

for the other case, without loss of generality.

3.3.1 Basic version

In order to prove that the main design behaves as expected we will show that it is functionally

equivalent to a basic merger implementation, where on each cycle the input comes sorted to a

2w-to-w bitonic partial merger, as with the merger used in PMT [69]. We will show that (1)

the selector stage algorithm always selects the top w out of the 2w-sized input and that (2) the

butterfly network always sorts this top w list before writing the result in output.

(1) We denote as lA, lB ∈ {0, 1, ..., w − 1} the naturally-occurring rotation offsets for input

queues A and B respectively. Supposedly, the selector stage dequeues consecutive elements

from each banked input. Since A and B are written in a round robin fashion inside the banked

memory, there are different rotation offsets that would be required to read a sorted set of w
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elements form each set of FIFOs, at least to correspond to a design that rotates its inputs as in

PMT [69]. Note that the MAX units in FLiMS receive elements from the corresponding banks

without performing any additional rotation.

Induction hypothesis: On each cycle, if the selector stage has worked correctly on the previous

cycle, it will load k ∈ {0, 1, ..., w} elements from A and w−k from B, collectively corresponding

to the combined top w out of the available 2w elements.

Base step: At cycle 0, the parallel merger behaves in the same way as the 2w-to-w bitonic

partial merger, because the w inputs from each list are already sorted (lA = 0 and lB = 0),

corresponding to the first w elements from A and first w from B (stored values in cA and cB

registers respectively). The first stage of the 2w-to-w bitonic partial merger is known as a

half-cleaner that produces the top w out of the 2w inputs, in a bitonic sequence.

Induction step: Given that the selector stage worked correctly in the previous cycle, k′ ∈

{0, 1, ..., w} and w− k′ are the amounts of sorted elements dequeued last from A and B respec-

tively.

On each cycle, lA and lB will be updated according to the number of dequeued heads, as the

starting positions shall succeed the dequeued elements. That is, lA = (l′A + k′) mod w for A,

and lB = (l′B +(w−k′)) mod w for B, where l′A, l′B the offsets of the previous cycle. Therefore,

lB = (l′B + (w − k′)) mod w

⇒lB = (l′B + (w − (lA − l′A))) mod w

⇒lB = (l′B − lA + l′A) mod w

⇒(lB + lA) mod w = (l′B + l′A) mod w

As cycle 0 assumes l′A = 0 and l′B = 0 (due to the input already being aligned correctly in the

banks), and that the induction hypothesis is assumed correct for all previous cycles, it always

holds that (l′B + l′A) mod w = 0. Since l′B = l′B mod w, it holds that lB = (w − lA) mod w

for every cycle.
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In order for the selector stage to produce the top w out of the current 2w elements, the

comparisons that need to be made are between all pairs in {(Tai, T bw−1−i)|∀i ∈ {0, 1, ..., w−1}},

where Ta0, ..., Taw−1 are the current top w elements in A and Tb0, ..., Tbw−1 are the current

top w elements in B, sorted in descending order. These comparisons are required in order to

emulate the bitonic partial merger, which performs this task in its first stage (half-cleaner).

The MAX units have the same topology as the bitonic (partial) merger (as seen in figure 2.6).

We notice that whatever the rotation combination from lA and lB is, the correct comparisons

will be made, as:

(Ta(i+lA) mod w, T b((w−1−i)+lB) mod w)

≡(Ta(i+lA) mod w, T b((w−1−i)+(w−lA)) mod w)

≡(Ta(i+lA) mod w, T b(w−1−i−lA) mod w)

≡(Ta(i+lA) mod w, T b(w−1−(i+lA)) mod w).

(2) The sorting network receives the correct top-w output from (1) and the task is to sort it

correctly. Originally, this structure is supposed to sort bitonic sequences of size w [61]. The

output of the distributed algorithm block is a rotated bitonic sequence, as we saw that the

comparisons will be rotated by lA. A rotated bitonic sequence is also a bitonic sequence [134]

and therefore the input for the sorting network has the correct property, which completes the

proof.

3.3.2 Including the skewness optimisation

In order to prove that FLiMS continues to sort correctly, the selector stage must be shown to

still produce a bitonic sequence [36] (up to one local maximum and up to one local minimum).

Note that the order of consecutive duplicates from the same input is the one of the input, as it

is considered already sorted. The bitonic sequence property needs to apply also on the order of

each input when there are duplicates. Therefore, we need to show that there will still be up to
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one local maximum and up to one local minimum in the bitonic sequence, even though there

might be multiple additional entries with a value equal to the minimum or maximum. This

ensures dequeuing consecutive entries from a and b, ensuring the integrity of the input data, as

the data are stored in banks.

On each cycle, each of the w MAXi units compares Taj to Tbw−1−j, where i is a rotation of j

by a common offset o ∈ {0, 1, ..., w− 1} (o = lA = (w− lB) mod w), and Ta and Tb represent

the remaining elements of the input queues in descending order. On the base version, this

emulated a half-cleaner, that selects (and dequeues) a total of the greatest w elements from a

total of 2w elements, generating a bitonic sequence.

Induction hypothesis: On each cycle, if the skewness-optimised selector stage worked correctly

on the previous cycle, it will produce a bitonic sequence from k consecutive elements from A

and w − k consecutive elements from B, where k ∈ {0, 1, ..., w}.

Base step: At cycle 0, the common offset is zero (o = 0), as the inputs are properly aligned inside

the input FIFOs, and no element has been dequeued yet. Each MAXi unit has an initial value

of 0 stored in its sideLast register. This means that on the event of comparing duplicates, it will

behave as in the non-optimised case, where a single source (A) is preferred for duplicates, as

the comparison of line 6 of algorithm 3 is now equivalent to line 5 of algorithm 2 ( “if cAi > cBi

then” ), which is already proven to produce a bitonic sequence from the proof of section 3.3.1.

Induction step: The skewness optimisation modification only takes effect where there are du-

plicates, i.e. ∃h ∈ {0, 1, ..., w − 1} : Tah = Tbw−1−h. In these instances, we notice that

duplicates only happen consecutively (including wrap-arounds from the natural rotation) and

for the minimum value of the output, as (Ta0, Ta1, ..., Taw−1) is monotonically decreasing and

(Tbw−1, T bw−2, ..., T b0) is monotonically increasing. As a consequence, the position of the mini-

mum (split) in the bitonic sequence can be at the start, end or between this region of duplicates.

Given that FLiMS worked correctly on the last cycle, the sideLast registers correspond to

the last half-cleaner decisions, which will be of the form {1}w−k{0}k, k ∈ {0, 1, ..., w}, after

considering the offset o. The fact that ones and zeros appear only consecutively is because only
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consecutive elements are dequeued from each input list on each cycle. Also, the sequence of

sideLast registers starts from 1, when we consider the current rotation offset. This is because

the naturally-occurring rotation offset is updated according to the last position dequeued from

A, the next of which corresponds to the first from list B, which yields the “first” 1 in the

sideLast sequence.

Therefore, the region of duplicates will be a sublist of the expression {1}w−k{0}k, with its 1s

and 0s replaced by consecutive duplicates from A and B respectively. As a result, there will be

up to one local minimum (split) in this region, and therefore up to one local minimum in the

entire half-cleaner result, which is a bitonic sequence.

3.3.3 Including the stable merge functionality

In order to prove that the stable FLiMS works as expected, we are going to show that it behaves

as a simpler version, where it is a basic version of FLiMS after appending the input order to the

MSB of its input data. There are two lower-level building blocks in FLiMS that are modified:

the MAX units and the CAS units.

With the proposed modification on the MAXi units, the only difference with regard to the

selection priority is the selection of head ai in case of the head ai being equal to the head

bw−i−1. The behaviour in the emulated case where the input order is appended to all input

data would behave the same, as everything in list B is considered to be at a subsequent memory

location, hence a lower input order than all elements in A.

With respect to the CAS units, the priority is now given first to the input source, which is

correct because all elements in B are considered to succeed all elements in A. Then the next

priority is about the 2-bit order, and this concerns the batch order of equal elements coming

from the same input source. On each cycle FLiMS dequeues consecutive values from banked

input queues A and B, with a length of up to w for each input (and totalling w for both A

and B through the MAX units). Therefore, the forwarded elements (bitonic sequence) can

only be from consecutive batches (i.e. addresses inside the queues) due to the round-robin data
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organisation in banks. For this reason, the combinations where two inputs of the CAS units

have a different 2-bit order field can be pairs of “00” with “01”, “01” with “10”, “10” with

“11”, and “11” with “00”. The modification of the CAS unit to prioritise between “11” and

“00” in the order field correctly identifies the overflow and behaves as these two bits were part

of the input order. Finally, if the source and batch order fields are equal, it means that the

compared data inside the CAS units are from the same batch. In this case, the remaining

appended log2(w) bits represent the order inside the same batch (i.e. same BRAM address),

which also represents the order of the emulated case, as the input data is written in round-robin

order inside the input queues, where the w-sized batches are already sorted.

3.4 Comparison of FLiMS with the related work

Table 3.2 compares FLiMS to the related work, in terms of feedback length, latency and hard-

ware resources in high-level. FLiMS uses the least amount of resources by only requiring a

single 2w-to-w bitonic partial merger. It has a single-stage feedback latency, which makes it

feedback-less, and has the least amount of latency, which is log2(2w).

The first entry is based on a well known algorithm for merging using SIMD instructions on

Intel processors [62]. It was adopted for database use [23]. However the long feedback problem

was more prominent on FPGAs [35], since it can negatively impact the critical path, and is not

scalable for many inputs.

The second entry [69] needs barrel shifters before the input, and this is where the feedback

problem is found. Even if the barrel shifters are squeezed in a single pipeline stage in the form

of a crossbar, an increased number of inputs has a scalability problem, and was addressed by

subsequent works.

MMS [35] and VMS [73] were the first solutions that provided a practical solution for the

feedback problem with a relatively low resource utilisation. Their approach was to use either

two 2w-to-w bitonic partial mergers (MMS) or two 2w-to-w odd-even mergers (VMS). Both
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Table 3.2: Comparing high-throughput 2-way mergers

2-way merger Feedback length Latency H/W modules

feedback

2w-to-2w
 bitonic merger

registers

O
wA

w

B
w

w

w w

Casper et al., 2014 [23], [62]

log2(2w) + 1 log2(2w) 1 (full) mergera

2w-to-w bitonic
partial merger

crossbarA
w

B
w

O
w

crossbar feedback

Song et al., 2016 [69]

log2(w) + 1
log2(w)

+log2(2w)
1 merger &

2 barrel shiftersa

2w-to-w bitonic
partial merger

2w-to-w bitonic
partial merger

shift registers

A
w

B
w

O
w

A
w

B
w

w

MMS [35], VMS [73]b

1 2× log2(2w)
2 mergers &
shift registers

2w

w

w3w-to-w odd-even
partial merger

WMS/EHMS [74]

1 log2(2w) + 1
1 mergerc

(for more inputs)

w

w

wmodified
2w-to-w bitonic
partial merger

FLiMS [36]

1 log2(2w) 1 merger

a The logic inside the feedback can fit in single cycle, but with worse timing and scalability
b VMS uses the same high-level arrangement as MMS, but with the odd-even merge topology
c The extra stage is originally hidden by combining CAS units into more expensive units (CAS3)
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of those topologies have log2(2w) pipeline stages and are relatively similar. They are from the

last log2 steps from the bitonic sorter and odd-even merge sort respectively [61].
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Figure 3.3: WMS [74] architecture (top) and CAS network (bottom)

WMS/EHMS [74] (figure 3.3) on the other hand, achieves to use a single feedback-less merger,

as with FLiMS, but this merger is for double the inputs (plus optimisations), totalling to one

more pipeline stage. Its compare-and-swap (CAS) network (figure 3.3 bottom) utilises the

merger of odd-even mergesort instead of the one in bitonic sort, and for 4w inputs (hence

the higher latency). There is additional pruning (greyed CAS units in the figure), as the first

input list has double the length of the second one. The additional pipeline stage is hidden, as

some compare-and-swap (CAS) units are combined into compare-and-swap units for 3 inputs

(CAS3). This has a potential impact on the critical path and operating frequency, as more

comparisons take place in a single cycle.

Both WMS/EHMS [74] and MMS [35]/VMS [73] have an additional selector stage in the begin-

ning, consisting of multiplexers, and this could be considered an additional pipeline stage. This

is not the case with FLiMS, as the selector stage is already implemented in the first pipeline

stage of the modified bitonic merger through the MAX entities.

Although WMS/EHMS [74] came after FLiMS, they fundamentally require more resources
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and pipeline stages, also adding the complexity of a selector logic. One advantage of WMS

could be its centralised selector logic, which dequeues whole rows of length w from the input

FIFOs (compare figure 3.1 to 3.3 (top)). This could be useful in special occasions, such as when

dequeuing very narrow data from block RAM, though an efficient equivalent arrangement could

be made for FLiMS as well.

Later, EHMSP [75] was introduced as an alternative of EHMS [74], but is not considered here.

This is because it is still based on EHMS and its resource utilisation is shown to be very similar

to EHMS, but with a further performance overhead due to the increased complexity of its

selector stage, worsening its critical path [75]. Nevertheless, FLiMS only considers inputs in

powers of 2 and EHMSP [75] can be useful in special cases where the inputs is of the form

3×2i, where i is a power of two. Further modification of FLiMS to support a number of inputs

other than in powers of two could be possible, but are outside the scope of this thesis.

Finally, it is important to mention the tie-record challenge, which is present in some parallel

mergers including MMS [35], VMS [73], WMS and EHMS [74]. The tie-record challenge is when

a merger produces corrupted output when there are duplicate values. Additional expensive

workarounds have been introduced in past research to solve this challenge, such as carrying

timestamp information alongside the data [35]. The reason that this challenge exists in these

mergers is that their merger architecture actually consists of two simpler mergers (or combined

into one [74]). As these mergers are based on sorting networks (the bitonic sorter or odd-

even merge sort), they are not stable internally, which causes inconsistencies in the dequeuing

decisions among duplicate values. This is a problem in key-value pairs, where a key appears

multiple times, as the difference in internal orders can result in some key-value pairs appearing

twice, in place of other (now vanishing) key-value pairs with the same key.

FLiMS (and the merger of PMT [69]) does not suffer from the tie-record challenge, because

there is a single internal order of the data. The dequeue decisions only take place in the MAX

stage once. The comparators used to find the top w always give first priority to the elements

of list B (corresponding to the condition of line 6 in algorithm 3) and then (between duplicates

from the same input list) the priority is based on the internal order of each list following the
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natural rotation of the heads. Hence, when considering duplicates, the notion of top w in proof

(1) corresponds to the top w when stable-sorting the available w from each input list. This

ensures correct operation when there are duplicate values, but this information is then lost (i.e.

not performing stable sorting), if the stable merge version (section 3.2.2) is not used.

3.5 FPGA implementation

In order to evaluate FLiMS on FPGAs, its resource utilisation and maximal operating frequency

are compared with the latest alternatives WMS and EHMS [74]. Three generator scripts are

implemented from scratch that produce Verilog code for a given degree of parallelism w and

data width. This experiment uses 64-bit mergers and is evaluated for the Xilinx Alveo U280

board.

The generated designs work as simplistic AXI peripherals, that read already sorted data stored

in distributed memory (on-chip) and write back also to distributed memory. The host places

the sorted sublists and reads the merged result for validation purposes. For every different

value of w, the FIFOs are only 4 elements deep (totalling 4w elements for input and output) to

eliminate the differences between different merger designs to only their core logic. Though, the

bitstreams generated for validation had longer queues. The reported numbers are about the

implementations of bitrseams with the AXI peripherals, and not about out-of-context synthesis

only.

The designs are not necessarily highly-optimised, and the provided dataset is platform-specific,

but they aim for a direct comparison under the same environment. Additionally, in order to

simplify the comparison, the fusion of some pairs of compare-and-swap units (CAS) is not

followed in this evaluation of WMS and EHMS [74]. This omitted optimisation could be

explored separately, as with the register reduction optimisation of section 4.4.4, and does not

directly relate to the main structure/ algorithm of the mergers.

Figure 3.4 shows how FLiMS compares with WMS and EHMS with regard to the resource

utilisation of look-up-tables (LUTs) and flip-flop registers (FF). As a conclusion, FLiMS uses
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Figure 3.4: FPGA resource utilisation comparison of FLiMS with the latest mergers

the least amount of LUTs and FFs, while WMS and EHMS only differ marginally, as they are

based on the same merger, with similar complexity but different optimisations. As expected [75],

between WMS and EHMS, WMS wins in LUT utilisation, while EHMS wins in FF utilisation.

Using the current implementation as an AXI peripheral, FLiMS is roughly about 1.4 to 1.8

times more hardware resource efficient.
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Figure 3.5: Maximal operating frequency for FLiMS, WMS and EHMS

Figure 3.5 presents the comparison of the obtained maximal operating frequencies as reported
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by Vivado 2020.1 through the obtained worst negative slacks (WNS). With the default Vivado

settings, all designs up to w = 128 were feasible. For w = 256 only EHMS was routable in the

beginning, and for w = 512 only FLiMS was routable. After trying different implementation

directives w = 256 was also possible for FLiMS, as well as the w = 512 for EHMS. For w = 64

and 256, EHMS originally yielded suboptimal timing results due to congestion, hence some

additional directives were applied to avoid outliers. For WMS, the additional tested directives

did not help. Having irregularity or small variations in the results are expected, as place-and-

route is heuristic-based and becomes more challenging for bigger designs.

As an observation, FLiMS has a considerable advantage over both WMS and EHMS, sometimes

yielding more than double the operating frequency. WMS is known to be better performing

than EHMS, at the expense of additional hardware resources, but FLiMS still wins in both

performance and resource utilisation by a great margin.

Note that the selector stage is the main bottleneck of the alternative approaches WMS and

EHMS. Thus, some design choices and parameters such as the comparison width (64-bit here)

may exacerbate the frequency difference at different degrees.
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Figure 3.6: Aggregate throughput of the solutions in the design space

Finally, it is important to comment on the practicality of this design space. As can be observed

from figure 3.6, the aggregate throughput in the output of each merger can largely exceed the

memory bandwidth available to FPGAs today (up to a few tens of GB/s). The equivalent

argument can be said for the input’s perspective, where multiple (w) memory channels would

need to be available for fully utilising these mergers, if the goal is to build a parallel merge tree.
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Another observation is that for w = 512 for example, the impact of the increased hardware

utilisation on the operating frequency results in a slower FLiMS merger overall. For low values

of w, as with the sorter of section 5.1, using such a merger is perfectly sensible for saturating

the bandwidth. This is also true when using BRAM instead of LUTRAM, whose organisation

is more restrictive in this aspect. Hence, LUTRAM was used here to study the scalability

of the logic in a physical implementation, though according to the application BRAM can be

more suitable, as in the sorter design of section 5.1. Efficient mergers are important in other

applications as well, including for building sufficiently large merge trees [17], which consist of

such parallel mergers. Nevertheless, the many-input mergers in this design space, such as for

w > 32, are provided for the sake of completeness rather than practicality. This is to show that

FLiMS consistently outperforms the alternative state-of-the-art designs on a current FPGA

micro-architecture, and without excluding potential future applications, such as with future

technologies and novel applications including on narrower and on-chip data.

On a similar note, it might be desirable to sort data with a similar or greater width to the

datapath. An example is with the Graysort benchmark [42], [135], which has 100-byte records

(800-bit), of which the 10 are the key (80-bit). This can be representative of more traditional

database systems, where the entire row needs to travel along the key (row-store). In these

cases, many-leaf mergers are more suitable for achieving less data movement and faster sorting,

as with the mergers of sections 2.3.4 and 5.1.1. On the other hand, column-store databases

and plain integer sorting [136], high-throughput merging is still a rather active research topic,

as with the latest alternative 2-way mergers [35], [73]–[75]. Section 2.2 provides background

information about the database storage model in the context of FPGA-based research. Section

5.4 presents a practical use case in an industrial environment (introduced in section 1.2) that

uses a stream of sorted 64-bit key-value pairs.

This evaluation, focusing more on the merging techniques, ignored the building of merge trees

or the handling of the list endings. Chapter 5 presents full system solutions based on FLiMS

for data in DRAM and includes the skewness optimisation. Section 5.1 introduces a hybrid

parallel merge tree approach that uses FLiMS as a building block for achieving many-leaf merge

with high-throughput, without the need to use impractically wide FLiMS mergers.
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3.6 Software implementation using SIMD intrinsics

Today’s general purpose processors (CPUs) feature vector or single-instruction multiple data

(SIMD) instructions as a way to increase performance in numerous compute and memory-

intensive applications. Parallel merging algorithms implemented using SIMD-intrinsics, have

already been shown to improve the sorting performance on CPUs.

Chhugani et al. [62] used a rather simple merge algorithm, also based on the bitonic merger,

to enable high-throughput merging on an older Intel processor. As with some of the presented

FPGA-based related work, a single comparison of the first elements per batch in the input

queues is used to distinguish the next batch to dequeue. However, it requires a full bitonic

merger (non-partial), as both the lower w and upper w are used, as in [23]. The lower w

is written to the output destination, to progressively merge the entire input. The upper w

elements are transferred back to the input. This would have the feedback problem that the

latest research on FPGA merging was addressing, as the upper w is calculated after log2(2w)

stages. However, on CPUs this is not much of a concern, because the pipelining functionality

is not that advanced to achieve efficient task-pipelining. In other words, the pipelining in the

CPU is done mostly between instructions implementing a single pass of data in the pipeline

of the merger, rather than between different stages of merger, where a lengthy feedback would

cause stalls. For example, for a single layer of compare-and-swap (CAS) units, there need to be

at least three SIMD intrinsics, one for min, one for max and at least one shuffle. The latter is

to appropriately permute the inputs to emulate the CAS network topology. This would work

very similarly with the latest AVX-512 SIMD extension [109], and was evaluated at least once,

but for an application with all layers in the sorting network [5].

In practice, how FLiMS could help is with a reduction in instruction count, as the lower w of

the result is not needed. In other words, with roughly a similar number of instructions, FLiMS

can merge with double the amount of parallelism w. Other desirable characteristics on FLiMS

for SIMD are the bitonic merge topology, which is more regular/ symmetric when compared

with the odd-even merge sort topology, and the elimination of the rotation of the inputs. More

generally, a similar discussion supporting FLiMS can be made for all other hardware mergers
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in the comparison in section 3.4, though in some cases [69] the performance may relate more

easily to the micro-architectural implementation of the used intrinsics.

This section presents the evaluation of this approach. In order to assess the efficiency of FLiMS

as an SIMD algorithm, a manually vectorised code in C++ is developed using Advanced Vector

Extensions for 256-bit integer registers (AVX2). For more information on the implementation

using AVX2 and AVX-512 intrinsics, as well as discussion on a design space exploration for

fine-tuning, see Appendix A.

3.6.1 Merge function implementation

FLiMS consists of a MAX stage, plus a butterfly network. The MAX stage can be implemented

by keeping the cA and cB in vector registers (in code) and generating the top w. The cB vector

is represented in reverse order by using the AVX2 intrinsic mm256 permutevar8x32 epi32() to

reverse the contents of each vector register it holds after fetching from list B. The comparison of

the MAX units is done by the intrinsic mm256 cmpgt epi32() and the result vector is also used

to fetch the next heads selectively after blending mm256 blendv epi8() with the current set of

heads. The result of the compare instruction mm256 cmpgt epi32() has the form of zeros and

ones, each now denoting the source list of the next heads. The negation mm256 andnot si256()

of this vector is also used to get the equivalent vector to be used when blending the next vector

for the second input list.

With respect to the butterfly network part, it consists of compare-and-swap (CAS) units.

Each layer of swap units can be calculated by calling both a min ( mm256 min epi32()) and

a max ( mm256 max epi32()) instruction, since each CAS has two outputs. Alternatively,

a compare instruction can be used once mm256 cmpgt epi32(), but there is a performance

overhead from the additional calls of the mm256 blendv epi8() instruction, required to translate

the result vector of mm256 cmpgt epi32() into min and max. Before each CAS layer, the

inputs must be properly aligned, and this is done through different permute intrinsics such as

mm256 shuffle epi32() and mm256 permute2x128 si256().
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The SIMD-based merge function is evaluated stand-alone on an Intel i7-8809G as a target

processor, with a single-thread running at a steady 4.2 GHz. Two sorted random inputs of 224

are prepared to be merged by the FLiMS-based merge, as well as for a serial merge approach.

The baseline is a simple serial merge function in C++, where two pointers are accumulated

according to what is written to the output after each comparison. Then the results of both the

manually vectorised code (the FLiMS-based) and the serial version are compared. The compiler

flags for each case are −O3 and −march = native to attempt automatic vectorisation of the

serial function and support the respective Intel intrinsics subset for the current architecture.

The lists reside in main memory without any explicit banking scheme, but they are aligned,

for ensuring SIMD performance.
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Figure 3.7: Results for AVX2-based FLiMS for merging 2 lists of 224 32-bit integers

In figure 3.7, we can see the results for 2-way merging using 3 different compilers. The data

points are averages of 25 measurements. This implementation does not feature the skewness

optimisation, and uses a FLiMS w = 16, with two AVX2 vectors per input (2×256 bits) holding

16 integers instead of one for 8 integers, as an optimisation. See appendix A for more details

on implementation and optimisation.

An observation is that the FLiMS-based implementation has less variation between different

compilers, as the SIMD intrinsics map to the respective instructions with less room for compiler

optimisation (at least with these compiler versions). As a conclusion it seems that the manual

vectorisation of the merge function was successful and achieved a speedup of at least 1.5x over

the automatically-vectorised (where applicable) code.



3.6. Software implementation using SIMD intrinsics 71

3.6.2 Sort-in-chunks function implementation

The FLiMS-based CPU merge function can be used hierarchically to merge input of arbitrary

length. However, FLiMS requires at least w-sized input lists, and any lower levels during merge-

sort would require an alternative sorting approach. Therefore, the data need to be first sorted

in small chunks.

As a complement to the FLiMS-based merge function, a sort-in-chunks function is developed

to facilitate the need of sorted chunks, as well as to provide long-enough chunks for FLiMS to

benefit from the streaming access pattern. This function is based on the bitonic sorter, with a

similar technique for building a CAS network from section 3.6.1. An equivalent approach was

followed in an SIMD-based quicksort implementation [5], although here it is implemented from

scratch and optimised for the test platform, such as by using AVX2 intrinsics. The selected

optimal chunk size was 512 integers, through the design space exploration of section A.3.

3.6.3 Complete sorting function evaluation

The performance of a FLiMS-based sort function is compared against the C++ Standard

Library implementation of sorting std::sort(), as well as a highly-optimised [5] SIMD-based

radix sort implementation from Intel’s integrated performance primitives (IPP).

Additionally, a multi-threaded version of the FLiMS-based SIMD sort function is implemented,

with the help of OpenMP pragmas. Both the merging function and the sort-in-chunks function

are unaltered. The parallelisation was done on the calls of each. The sorting-in-chunks now

happens on all cores, operating on equally-sized consecutive portions of the entire input. An

equivalent loop initiates multiple instances of the FLiMS-based merge, as long as there are

enough sublists in the current merge iteration. There is currently a bottleneck in the mergings

of the latest iterations, when the cores can be underutilised. For instance, with 16 threads,

the last 3 iterations of mergesort are merging 8 sorted sublists, then 4 sublists and finally 2

sublists. This implementation can be further optimised.
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The performance of the multi-threaded FLiMS-based sort is compared against the single-

threaded baselines, as well as a parallel sort implementation in the Boost C++ libraries. The

block indirect sort() function implements the samplesort sorting algorithm, and is regarded as

one of the best performing C++ sort implementations [137].
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Figure 3.8: Evaluating the FLiMS-based SIMD complete sort C++ functions

Figure 3.8 presents the results of both the single-thread multi-thread experiments. The target

processor is Ryzen Pro 4750U, a relatively new AMD processor able to run 16 threads with

simultaneous multi-processing (SMP). This system has dual channel memory and uses 2 × 16

GB SODIMM modules of RAM running at 2400 MHz. Note that there is a higher fluctuation

for shorter inputs, as each data point is an average of multiple runs of a binary, rather than

averaging multiple iterations inside the program. This is used to try avoiding any bias from

CPU’s adaptive mechanisms training on past iterations (though this thesis focuses on problem

sizes past the cache size). The main observation is that the 16-thread FLiMS sort function

surpasses the performance of the 16-thread block indirect sort() for the input range from 217 to

227. A hybrid approach can be used to enable the single-threaded version of FLiMS for below

220 to achieve the highest-performance overall, except radix sort.

Intel’s radix sort takes the lead between 212 and 219 on this AMD processor, but IPP radix sort

has some notable limitations. These include the less predictable performance across different

systems (see section A.4), license restrictions and closed source, and radix-sort related impli-
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cations, such as a limit of the input length to about 228 for the tested implementation, making

it more challenging to adopt for big data.

With respect to the number of threads, the parallel version of the FLiMS-based sorting seemed

to scale well in this platform. In other words, with increasing the number of threads the

performance improves. This holds for up to 16 threads, which is the maximum threads the

AMD 4750U CPU supports through simultaneous multi-threading (SMT). One of the possible

reasons the increased thread count does not become a bottleneck is that this processor has a

16-way last-level cache (LLC), which prevents cache thrashing to a degree. For instance, ideally,

the sort-in-chunks function could cause near 0 conflict misses, if the 16 threads progress at the

same pace, since each thread only updates consecutive chunks in memory. In contrast, this was

not the case with memory copying that is needed in the last iteration of merge sort to copy the

result back to the output buffer. The aggregate throughput of memory copying only peaked at

4 threads only. This can be explained by the fact that memcpy() has a much higher memory

to compute ratio, and can stress the interaction with the dual channel memory that is present

to the system more easily. Future work includes exploring the use of prefetching instructions,

and refining the access pattern for better utilisation of the cache [138].

As a conclusion, FLiMS-based sorting is an attractive approach to accelerate merge sort using

SIMD intrinsics. Though, according to the input, alternatives to merging could still be better

performing, such as with radix sort, which would perform fewer data passes on data of restricted

range (e.g. 10-bit integers). This evaluation used a uniform distribution for the random inputs,

and alternative sorting algorithms can be optimised towards certain input features [131]. An

important note is that although sorting 32-bit (or wider) integers with CPUs can be useful

for databases, FLiMS on FPGAs provides more flexibility for databases, including the custom

data format, the skewness optimisation, and the ability to seamlessly extend the pipeline with

specialised logic.
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3.7 Summary

FLiMS is currently the most hardware-efficient 2-way merge block on FPGAs. It can be used to

build efficient high-throughput merge trees for sorting completely unsorted input on hardware.

It features fewer and/or simpler pipeline stages than the alternatives, while achieving a higher

amount of parallelism with less hardware resource utilisation. The skewness optimisation is

the equivalent workaround found in an older merger, while maintaining the decentralised na-

ture of the MAX entities logic, which is collectively used as a scalable selector logic. A SIMD

implementation of FLiMS on a modern processor is also found to outperform popular highly-

optimised C++ sort libraries in a relatively thorough evaluation, including a multi-threaded

variant. As FLiMS is based on merge sort, it can be more appropriate for big data analytics

acceleration, since the same logic can be applied hierarchically to sort arbitrarily long data

without keeping growing states. The reconfigurability of FPGAs is still preferred for acceler-

ating big data using FLiMS, due to the flexibility for custom data format, including carrying

payloads for column-store databases, and for applying the skewness optimisation or the stable

version.



Chapter 4

Parallel round-robin arbiter

In order to achieve faster computation, the need for a higher-bandwidth memory has led to

increased data width and wider data units. Processing systems including CPUs, GPUs and

FPGAs have adapted to this change by increasing the width of the datapath, rather than the

operating frequency. This also translated to wider interconnects, ports for inter-chip commu-

nication etc.

There are plenty of examples of this direction in many aspects of computing, from the mi-

croarchitecture to different programming models. In the world of FPGAs, the Zynq FPGA

architecture which combines an FPGA with some ARM cores, originally offered 64-bit-wide

ports between the programmable logic (PS) and the programmable system (PS), but now the

Zynq UltraScale+ offers 128-bit-wide ports. Correspondingly but for higher-level programming,

in Intel CPUs, the single instruction, multiple data (SIMD) instructions have eventually evolved

to include from 64-bit to 512-bit vector registers [109]. In order to benefit from this increased

memory bandwidth, clever techniques are responsible to achieve high performance with “slow”

but more parallel hardware.

In FPGAs, there are some workarounds to benefit from the increased datapath width or band-

width and they mainly revolve around multi-tasking [27] and crossing clock domains (or more

generally doing more in a single FPGA cycle). For multi-tasking, the hardware designer must

think of creative ways to split the data for processing with multiple workers, and aggregate

75
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their output, if required. These workarounds are sometimes unnecessarily complex to imple-

ment, and consume a considerable amount of resources. Other shortcomings include logic or

data redundancy and also scalability issues, unless the nature of the task is truly parallel and

is very suitable for a distributed approach. When crossing clock domains, a simple worker

could, for example, run with multiples of the frequency of the datapath. An ASIC example

applicable to FPGAs is the priority encoder in network switches, which does not scale well for

increasing the number of inputs [139]. Unfortunately, there is relatively little work on clever

parallel algorithms that focus on a single general task on FPGAs.

Considering that independent tasks on FPGAs (equivalent to threads for CPUs) could increase

the “randomness” of the memory access pattern, they can be challenging to optimise for per-

formance and utilise 100% of the memory bandwidth. Part of the induced hardware complexity

of multi-tasking solutions are additional workarounds for the increased memory latency, such

as incorporating small caches per task [42]. Therefore, one of the goals of this thesis is to

parallelise computation of a single task or thread as much as possible, to yield a linear access

pattern (when applicable). Such high-throughput designs are able to achieve high performance

with low resource utilisation and power overhead.

This chapter introduces the parallel round-robin arbiter1, also known as round-robin module

[43]. It is a novel non-blocking high-throughput stream processor, with a functionality that

has proven useful for accelerating specialised database operators. For direct applications to

accelerating different database operators, the chapter 5 introduces accelerators that make use

of the parallel round-robin arbiter as a building block.

This chapter also focuses on a high-performance network switch architecture [39], which is based

on the concepts of the parallel round-robin arbiter, but is indirectly related to datacenters.

A novel FPGA-based design is presented for performing high-bandwidth network switching.

The proposed solution replaces the crossbar with the combined parallel round-robin arbiter.

Unlike a crossbar, the combined parallel round-robin arbiter is easy to pipeline, and does not

require centralised iterative scheduling algorithms that try to fit too many steps in a single or

1(not to be confused with [140])
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a few FPGA cycles. The result is a network switch implementation on FPGAs operating at

a high frequency and with a low port-to-port latency. The proposed architecture additionally

provides a competitive switching performance approaching output-queued crossbar switches.

The implemented designs exhibit a throughput that exceeds 100 Gbps per port for switches of

up to 16 ports, reaching an aggregate throughput of around 1.7 Tbps.

While FPGAs have already been adopted by cloud providers as a hardware acceleration plat-

form, FPGA vendors have been increasing the transceiver count on mid to higher-end FPGAs,

making them attractive also for single-chip network switch implementations. Xilinx Virtex

UltraScale+ FPGAs support up to 48 GTM transceivers (up to 58 Gbps each), and up to 128

GTY transceivers (up to 32.75 Gbps each), depending on the speed grade and device/package

combination [141], [142]. In latest devices, the available logic resources have also increased

substantially. For example, the recently announced VU19P device features around 9 million

logic cells. This leaves a gap in research on FPGA-based switches, which are usually unable to

saturate the bandwidth of the transceivers while retaining competitive switching performance.

The presence of FPGAs in network switches can also be beneficial to distributed computing

and the datacenter. Support for offloading computation to network switches could bring the

computation closer to the data and improve the data movement efficiency in multi-node and

big data applications. Section 6.2.7 discusses this idea in high-level as a potential future work

for such a high-performance switching approach.

This chapter is partly based on the paper “Accelerating the merge phase of sort-merge join” [43],

which first introduces the concept of the parallel round-robin arbiter in the context of databases

(see chapter 5). It is also based on the paper “High-Performance FPGA Network Switch

Architecture” [39] that elaborates on its application in network switches, as well as on some of

its lower-level properties. The co-authors of these papers mostly helped with proofreading and

providing general knowledge or supervisorship in the papers. The material presented here is

the author’s, with the exception of Jiuxi Meng providing the baseline dataset for comparison

in 4.5.2. The chapter extends on the concepts through additional functionality, properties and

optimisations.
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4.1 Pipelined building blocks

This section provides more information about the smaller building blocks of the proposed

solutions, including the parallel round-robin arbiter’s extension to a network switch.

Since the target platform for the designs is FPGAs, highly pipelinable circuits are selected

as building blocks for the parallel round-robin arbiter and its applications. Such structures

are also known to scale well with increasing number of inputs, which ensures high operating

frequencies for large designs and future highly-parallel architectures.

The idea is that the logic is divided in parallel steps of no nested computation between the

lower-level blocks, which are either compare-and-swap (CAS) units, adders or multiplexers.

There is a set of registers between each parallel step that collectively increase the latency of

the circuit as a whole, but keep the critical section narrow, so that a high operating frequency

can be achieved.

a) Sorting network: Such parallel algorithms consist of compare-and-swap (CAS) units and

are able to sort a list of P elements in O(log22(P )) parallel steps (see section 2.3.1).

b) Adder tree: It calculates the sum of P inputs (i.e. out =
∑P−1

i=0 ini) in log2(P ) parallel

steps.

c) Prefix sum: The parallel version of prefix sum [143] can be seen as a superset of the adder

tree. It provides the cumulative sum (i.e. outk =
∑k

i=0 ini for k ∈ {0, 1, ..., P − 1}) in

log2(P ) parallel steps. (It is only used in the combined parallel-round robin arbiter.)

d) Barrel shifter: Here implemented as rotators, they rotate a number of elements by a

specified offset. The wiring in the presented pipelined implementation, as shown in figure

4.1d, has a small resemblance to the wiring of prefix sum and consumes log2(P ) pipeline

stages. The select signal gets propagated alongside the data (packets) and the respective

bit is fed across multiple 2-to-1 multiplexers in each stage.
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Figure 4.1: Pipelined versions of the building blocks for 8 inputs

4.2 The parallel round-robin arbiter

The parallel round-robin arbiter (PRRA) rearranges incoming packets with a fixed latency, so

that the output to a number of banked memory or another processor appears to be written

in round-robin fashion, but this is done in parallel. In other words, it removes sparsity (with

Nulls) from sparse data, and can also be considered a load-balancer for banked memory, as the

banks are seemingly written in round-robin fashion.



80 Chapter 4. Parallel round-robin arbiter

4.2.1 High-level functionality

The parallel round-robin arbiter receives 0 to P packets or data units per cycle, where P is the

arbiter’s number of inputs. For each batch of packets it receives, it then permutes the packets

and places them at the output after a fixed latency. The performed permutations ensure that

the packets arriving at the same cycle will appear consecutively at the output and with the

correct rotation offset, such that if it is connected to P banks, the data has no sparsity and is

also evenly distributed with a round-robin priority.

Parallel
Round-Robin
Arbiter

Figure 4.2: Parallel round robin arbiter visualisation

Figure 4.2 visualises an example instance of a parallel round-robin arbiter with four inputs and

four outputs. Figure 4.3 illustrates a similar execution but with a waveform, a more technical

diagram that shows how signals vary with the passing of the time. In the latter figure, only

the valid bits are shown, to represent the existence of a packet in the input or output. Note

that the output signals are shifted to the left (equivalent to a processing latency of 0 cycles) to

better show how they correspond to the input signals.

out[0].valid

out[1].valid

out[2].valid

out[3].valid

clk

in[0].valid

in[1].valid

in[2].valid

in[3].valid

Figure 4.3: Parallel round robin arbiter waveform
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As an observation from both example visualisations, the input involves packets arriving in

arbitrary positions. The parallel round arbiter processes everything on-the-fly, and no packet

is delayed for a different cycle other than the fixed processing latency, which is the same for all

inputs.

4.2.2 Proposed implementation

As a baseline implementation, a sorting network such as a bitonic sorter sorts the input packets

based mainly on the valid bit, to bring the valid packets on top, in Θ(log22(P )) parallel steps.

During the last log2(P ) + 1 pipeline stages of the sorting network, an adder tree counts the

number of incoming packets by performing an addition of the valid bits. After the adder tree

and the sorting network, a final adder adds the number of valid packets in the “current” batch to

the value of a log2(P )-bit register. The value of the register represents the rotation that needs

to be performed on the “succeeding” batch of up to P packets. Finally, log2(P ) additional

pipeline stages implement pipelined barrel shifters working as rotators that perform the final

rotation. Figure 4.4 shows a high-level view of the parallel round-robin arbiter.

Sorting Network

>

M
S

B

{valid0, p0}

{valid1, p1}

{valid2, p2}

{valid3, p3}

Barrel
Shifters

+

+

+

+

log2P+1 steps

Figure 4.4: A pipelined implementation for the parallel round-robin arbiter, for P=4
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4.2.3 Adopting for data analytics

With the use of a sorting network, the proposed implementation can be unnecessarily complex

for its purpose. For instance, in place of the sorting network, there are “concentrator” circuits

or “binary sorters” that can be used for bringing the active input towards the top instead (also

see 6.2.2).

The sorting network allows the design choice of the concentrating action to be stable, as in

stable sort, where equal values must appear in the same order in the output as in the input

(but including the required rotation). Here, the term stable is adopted for referring to the

incoming (valid) packets as opposed to Nulls. The output sequence is sorted so that it contains

consecutive packets in the same order as in the input, but also rotated by the current offset, so

that any sparsity will not affect the integrity of the data, if the order matters.

In order to achieve a stable parallel round-robin arbiter, the order of the data must be considered

by the compare-and-swap (CAS) units. This is achieved by concatenating the valid bit and the

appropriately ordered data field for comparisons, as shown for the fields p0 to p3 in the example

in figure 4.4, where pi can contain order information.

An alternative implementation of a stable parallel round-robin arbiter is shown in figure 4.5.

Instead of comparing the payload (pi) for extracting the order information, the line number is

compared instead. The concatenation of the valid bit and the line number will end up leaving

the Nulls at the bottom and the valid packets ordered as in input. This does not necessarily

inherit the order of the overall order of the input, because if the sparse data come rotated,

the line information is not sufficient to distinguish the rotation of the input. However, in the

studied applications the batches of sparse data in the input are not rotated. As the whole input

batch is released per cycle, of P elements (including Nulls), and any rotation will be naturally

split in two cycles, resulting in the correct priority given by the line numbers. This solution

only requires a comparison of log2(P ) + 1 bits by each compare-and-swap (CAS) unit in total.

Sections 5.2 and 5.4 present accelerators for sort-merge join and distinct count respectively.

These solutions are applications of the parallel round-robin arbiter in databases that exploit
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Sorting Network
(based on the first two fields)
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Shifters
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{valid0, 0, p0}

{valid1, 1, p1}

{valid2, 2, p2}

{valid3, 3, p3}

Figure 4.5: A stable parallel round-robin arbiter, for P=4

the use of the sorting network. The technique to use a sorting network also enables other

interesting uses than just concentrating, including the network switch presented in section 4.3.

4.3 The combined parallel round-robin arbiter

The combined parallel round-robin arbiter (CPRRA) is used to build a novel network switch

designed, that perform well as an FPGA-based implementation, by not requiring iterative

algorithms [144], logic speedup [13] or memory speedup. Independently of the implementation,

it is shown that it is also competitive as a switching approach under different traffic patterns.

This is something that previous research on FPGA switches gave almost no emphasis, despite

its impact on memory utilisation, dropped packet rate and average latency.

FPGA-based network switch implementations are inspired by well-known approaches used for

ASICs/ASSPs, usually classified by the position of their buffer memory. Output-queued (OQ)

network switches have been shown to perform better algorithmically (lower packet latency) than

input-queued (IQ) switches [145], as IQ reduces routability between the queues and the output

ports in certain traffic patterns (see figure 4.6). However, the adoption of OQ switches has

generally been limited, due to the requirement for output queues to operate at a much higher

frequency. To solve this problem, various hybrid approaches emerged, making use of both input
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queues and other memories [13]. These present different shortcomings, such as the need to move

the speedup to the internal logic. Moreover, for FPGAs such workarounds have a prominent

performance overhead, being unable to saturate the available link bandwidth efficiently. Thus,

the latest FPGA solution has fallen back to input-queued switches [144], and with bigger flits,

in order to achieve a moderately high throughput, inheriting the related limitations.

As a proof of concept, the provided open-source implementation of a 16 × 16 switch [146]

provides an aggregate throughput of 1.7 Tbps on a Xilinx Alveo U280 FPGA, surpassing the

last reported, theoretically achievable 819 Gbps [147], which requires an embedded network-

on-chip (NoC) [148].

4.3.1 Background

Head-of-line (HOL) blocking is the performance bottleneck in crossbars when multiple

inputs request to send to the same output port. It is known to limit the throughput to just

58.6% [149]. The available workarounds try to rearrange the transmissions of the most recently

arrived packages using temporary buffer memories.

Virtual Output Queues (VOQs) are widely accepted as a solution to head-of-line blocking.

They are used in input-queued (IQ) switches as a buffer space between the inputs and the

crossbar. There is one queue for each source/destination combination, totalling P × P queues,

where P is the number of ports. The idea is that a packet will always have a place to go, until

its transmission is determined by a scheduling algorithm, given that the respective queue is non-

empty. As demonstrated in figure 4.6 (and in section 4.5), VOQs have performance limitations.

These include buffer fragmentation, causing dropped packets, and poor performance for bursty

and nonuniform traffic.

They are still found today in the highest-end switches, such as Arista’s 7800R3, which provides

an aggregate throughput of up to 460 Tbps [150]. VOQs also exist in some form in hybrid mem-

ory model switches [13], such as in combined input and output queued (CIOQ [145]), combined
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Figure 4.6: An input-queued switch showing two limitations

input and crosspoint queued (CICQ [151]) and hierarchical crossbar (HC [152]) switches.

Scheduling algorithms or matching algorithms are used to make those ‘dequeue’ decisions,

by finding a nearly-maximum matching between the available input and output ports [149]. The

goal is to maximise throughput, while providing other desirable features, such as preventing

starvation, i.e. ensuring no input is getting blocked indefinitely. They require multiple iterations

to perform well for various traffic patterns.

Round-robin arbiters are used for input arbitration to achieve fairness to incoming requests

[149]. They are commonly applied to dequeue packets from 1 out of P queues, with a round-

robin priority. The incoming packets can arrive at any of the P inputs. When there is an input

available, a grant signal is enabled, and the arbiter selects the next available queue, based on

a priority offset.

In hardware, a round-robin arbiter is usually implemented using a programmable priority en-

coder (PPE). The PPE can be expensive to implement efficiently and can contribute to the

critical path for an increasing number of inputs [139].
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In practice, the round-robin arbiter can have small modifications to accommodate the require-

ments of a scheduling algorithm. One way is to postpone the rotation until a queue is emptied

entirely, in order to improve scheduling performance for bursty traffic [153].

4.3.2 High-level functionality

The idea is to use fully-pipelined logic to process the incoming packets at line-rate and insert

them in output queues in a balanced way. There are P groups of P output queues, where P is

the number of ports. Similar to Virtual Output Queues (VOQs), this requires P × P queues.

However, by moving those queues towards the output, the traffic has the opportunity to get

reorganised in such a way that each of the P FIFO groups is filled with packets only destined

for that port. In each cycle, up to P packets arrive, which are then grouped according to

their destination. These packets are permuted such that the P queues in each of the P groups

appear to be filled serially in round-robin fashion, but this is done in parallel, as with a parallel

round-robin arbiter. Figure 4.7 outlines this architecture.
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Figure 4.7: Abstracted view of the proposed network switch, P=4

The balanced traffic approach achieves better utilisation of the available memory resources.

This is because the P queues of the same group are filled at the same rate, leaving no gaps of



4.3. The combined parallel round-robin arbiter 87

unused resources. In contrast, the P × P queues in traditional VOQs assign only one queue

for each (portsource, portdest.) combination. A packet arriving in the proposed switch has the

possibility to land in P queues for portdest., which are virtually unified.

Near the ports, there are P round-robin arbiters, which rotate to provide the content of each

FIFO group in a serialised manner, with a throughput of 1 per port.

4.3.3 Proposed implementation

The proposed implementation focuses on high performance for FPGAs. As a result, the

commonly-used crossbar is replaced in favour of pipeline-friendly building blocks (as described

in 4.1). This removes the need to solve bipartite graph problems (or approximations) on-the-fly,

which is what scheduling algorithms are for.

It can be seen as a hardware optimisation of the following switching scheme. The switch

functionality can be accomplished by P parallel round-robin arbiters, one for each output port,

for balancing the occupancy of each FIFO group. Initially, up to P packets received on that

cycle are being broadcasted across P independent and identical pipelines, one for each port.

For each pipeline, a filter then invalidates the packets going to other ports. Then the parallel

round-robin arbiters are responsible for storing the packets in round-robin fashion in each of

the FIFO groups. Finally, ordinary round-robin arbiters dequeue the packets from the FIFO

groups in a serialised manner. Figure 4.8 depicts this unoptimised network switch design.

The Combined parallel round-robin arbiter, as shown in figure 4.9, only uses one sorting network,

instead of P sorting networks for P separate parallel round-robin arbiters, hence its name.

It consists of two pipelines being merged together, with additional pipeline stages at the end for

the final rotation of the packets, before appending them to the FIFO group of their destination

port. The first pipeline is for the ‘sorting network’ and the second one, ‘offsets’, is for calculating

the amount of rotation each barrel shifter (rotator) needs to perform. The ‘offsets’ pipeline

includes everything below the sorting network in figure 4.9. The two pipelines have different

lengths. Thus, there are some additional measures for synchronising their output. When the
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Figure 4.8: Unoptimised network switch based on the parallel round-robin arbiter, P=4

offsets pipeline is longer, shift registers are added after the sorting network. Otherwise, if the

sorting network is lengthier, the offsets pipeline is simply moved to the right, and the adder

trees can read the valid and destination fields from a later stage. As with the parallel round-

robin arbiter, this is possible due to the fact that during the sorting network pipeline, a set of

up to P packets is only getting permuted, and that the addition operation is commutative and

associative.

The arbiter architecture is still fully pipelined and processes up to P packets at line rate. At

its output, all inserted packets are distributed into the output queues. The pipeline logic is

non-blocking, and any dropped packets can only occur at the queue level.

Following is a high-level description of how the building blocks interact with each other to

enable unicast switching:

• The sorting network is used to sort the incoming batch of P packets according to their

valid and dest. fields. The goal is to have all packets going to the same port arranged

in consecutive order, before feeding them to the rotators. The sort priority is given to

the invalid packets, thus the comparison in the CAS units is done on the concatenation

{valid, dest.}, which is 1 + log2(P ) bits wide.
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Figure 4.9: The proposed high-performance FPGA network switch

• The adder trees are used to perform popcount, i.e. to count the number of packets

coming in a batch of up to P, that satisfy certain criteria. There are P+1 adder trees for

P inputs. The first tree counts the number of packets with their valid bit unset (Null or

non-existent). Each one of the other P trees are counting the number of packets going to

each of the P ports. This information is later used by the prefix sum, as well as to update

the offset counters (keeping the ‘current’ write rotation index of the output queues).

• The parallel prefix sum is used here to identify the starting positions of each group of

packets going to the same destination port, within the sorted batch of P packets. The

inputs of the prefix sum are the P out of the P+1 popcounts, starting from the Null

count for in0, the (dest. == 0) count for in1, and up to the (dest. == P − 2) count for

inP−1. Since the priority is given to Null packets in sorting, the out0 wire of the prefix

sum represents the start index of the packets going to port0, or the index just after the

Null packets. Those starting positions are used to calculate the final amount of rotation

each copy of the sorted batch of P packets needs, before writing them to the FIFO groups,

in order to achieve the round-robin effect.

• The subtractors occupy one pipeline stage and their purpose is to produce the select

signals for the rotators. Each rotator performs a rotation equivalent to two rotations,
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one to the left, for bringing the packets going to the respective port to position 0 in the

sorted packet batch, and one to the right, to achieve the round-robin effect. In other

words, the rotation will follow the “current” rotation offset for correctly balancing the

corresponding queues (positive offset), after “normalising” the starting position of the

consecutive packets to 0 (negative offset). The subtractor calculates the addition of the

positive offset to the negative offset. The positive offset corresponds to the (delayed)

queue rotation offset for the port, produced by the offset counters. The negative offset

corresponds to the respective output value of the prefix sum, i.e. out0 the start index for

packets to port0, etc.

• The barrel shifters working as rotators are useful for performing the final rotation on the

batch of 0 to P consecutive packets destined to each port. Note that the rotations are

done on all packets in the batch, as it is broadcasted to all rotators. The output of each of

the rotators is filtered afterwards to ensure that it only serves the respective destination

port.

• The filters check the validity of a packet or whether the destination field equals a specified

port number (an integer between 0 and P-1). Therefore, an equality check is performed

for only up to log2(P ) bits, which has little timing slack and no additional pipeline register

was added for it.

4.4 Properties and optimisation

Following is a list of properties and optimisation for the high-level functionalities, as well as

specifically for the provided implementations.
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4.4.1 Non-blocking

A stream processor is called non-blocking when it can process everything as it arrives, without

delaying the output or applying backpressure on the input. It is commonly used in the context

of circuits that perform permutations. Backpressure is supported when a stream processor

can indicate with a ready signal whether it is able to process the input so that its master or

producer will wait for it to accept the next data (or retransmit it, according to the system). An

alternative to backpressure is to just drop the incoming packets, such as when it is acceptable

by the communication protocol. Classic examples of non-blocking circuits are crossbars, sorting

networks and various non-blocking permutation networks, including Beneš networks.

The parallel round-robin arbiter does not necessarily implement all possible permutations. For

example, the stable version places consecutive packets consecutively in output (or cyclically).

Still, it can accept everything as it arrives (being non-blocking), for all permutations of the

input, and the output permutation is decided internally (being self-routing) by the compare-

and-swap units and the adders.

Note that the definition of the non-blocking property could be specific to the application. For

example, crossbars can do more than only permutations, including broadcasting (one-to-all),

and for their supported mappings are always considered non-blocking.

On the other hand, in the case of interconnects and network switches, it can be misleading

to call them non-blocking, because they support more mappings than permutations. They

support multiple inputs going to the same output, as each incoming packet has a designated

address field. This is true even if they are implemented with a crossbar internally, because each

output port can only accept a single packet per cycle. Though it can be fair to characterise

internal components as non-blocking, including the combined parallel round-robin arbiter and

the crossbar. Therefore, memories are required in network switches, in order to appropriately

delay packets and tolerate some levels of uneven traffic for some time. Theoretically, infinite

amounts of memory would be required to call a network switch non-blocking for all input traffic

patterns.
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Unlike the network switches, the parallel round-robin arbiter requires no additional memory

or FIFOs to achieve the round-robin effect, as everything can be processed immediately. The

same holds for the combined parallel round-robin arbiter, before also adding the queue system

near the ports to build a network switch.

In this chapter, it is assumed that the number of input ports is the same as the number of

output ports (P). If the number of output ports was lower than the number of input ports,

then the parallel round-robin arbiter would not be non-blocking, and would require FIFOs to

tolerate short intervals of high utilisation (more incoming packets than the number of output

ports). In such cases, if the number of inputs is different to that of the outputs, the parallel

round-arbiter would also work as a rate converter.

With respect to the combined parallel round-robin arbiter for implementing a network switch,

the number of output ports can be lower than the number of input ports while still being non-

blocking (not the switch in its entirety). This is true as long as there are enough outputs/FIFOs

for the queue groups near the output ports, to be able to forward every packet combination in

a single cycle.

4.4.2 Scalability

The proposed implementations have no signal going from a pipeline stage to the input of

a previous stage. In other words, they are “feedback-less” pipelines (as with FLiMS from

chapter 3), or each pipeline stage can operate independently from the next stages during the

FPGA clock cycle. This helps with timing closure, as the critical path does not directly increase

by increasing the number of inputs.

An important advantageous property is that both the PRRA and the CPRRA are “self-routing”.

This means there is no additional routing algorithm for deciding the 2x2 switch states (equiv-

alent to the multiplexers and CAS units here). This is inherited by the building blocks, such

as from the self-routing property of the sorting network, when used as a permutation network.

For instance, a Beneš network is more efficient than the sorting networks in terms of num-
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ber of pipeline stages for implementing all permutations, but it is known to require a routing

algorithm “more complex than the network itself” [154].

A concern for scalability for the combined parallel round-robin arbiter is its hardware resource

utilisation. According to the FPGA technology, a high utilisation could negatively affect the

timing characteristics, as well as the routability. With higher numbers of ports this becomes

a concern, although a high-performing 16-port switch on a high-end FPGA is presented in

the evaluation section. It yields higher performance than previous FPGA-based solutions,

but reducing the hardware complexity could possibly make it competitive towards commercial

switches as well.

4.4.3 Complexities

In terms of hardware resource utilisation for the parallel round-robin arbiter, the fastest growing

of all basic building blocks is the sorting network. The hardware complexity of the bitonic sorter

or the odd-even merge sorting network is O(P × log2(P )) CAS units.

For implementing the proposed network switch, the sorting network, having the highest com-

plexity, highlights the importance of the “combined” aspect of the combined parallel round-robin

arbiter. Its reduced hardware resource utilisation makes its implementation practical on FP-

GAs for a fairly high number of ports. The reduction to just one sorting network reduces the

overall hardware complexity to that of the P barrel shifters, which sums to O(P 2 × log(P ))

multiplexers.

The pipeline length of the parallel round-robin arbiter (latencyPRRA) is the sum of that of the

sorting network and the one of the barrel shifter, since the adder tree pipeline stages overlap

the last log2(P ) + 1 stages of the sorting network.

latencyPRRA = latencyBS + latencySN

= log2(P ) + log2(P )× (log2(P ) + 1)/2

∈ O(log2(P ))

(4.1)
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For brevity, this formula only considers P values power of 2, and greater than 2, so that the

adder tree pipeline can be placed across the sorting network stages. In a PRRA of two inputs,

the sorting network is shorter than the adder tree pipeline, and could be implemented with one

additional set of pipeline registers after the sorting network. However, for such a small size, it

would be more appropriate to use a combinational circuit (i.e. with a truth table), as the focus

of the pipelined structure is scalability, especially for the routing characteristics.

For network switches, latency is one of the main contributors to the port-to-port latency, as it is

added as a processing latency, even when the output queues are empty. Here, the latency of the

combined round-robin arbiter (latencyCPRRA) is similar to latencyPRRA because the multiple

barrel shifters operate in parallel, but the offsets pipeline can sometimes surpass the latency

of the sorting network pipeline. latencyCPRRA is calculated as the sum of the barrel shifter

latency (latencyBS) and the maximum of the two pipelines at the beginning, which are the

sorting network (latencySN) and the offset calculation logic (latencyoffsets).

latencyCPRRA = latencyBS + max (latencySN , latencyoffsets)

= log2(P ) + max (
log2(P )× (log2(P ) + 1)

2
, 2× log2(P ) + 1)

∈ O(log2(P ))

(4.2)

As is, the resulting latencyCPRRA is not competitive for network applications. However, in the

following subsection, an optimisation is presented to improve the port-to-port latency (including

latencyCPRRA) significantly, that makes it competitive for network switches.

4.4.4 Reducing the pipeline latency

The logic complexity of each stage, although highly parallel, is relatively lightweight. According

to the application of the parallel round robin arbiter, different numbers of bits are required to

be compared in the sorting network. In the case of the combined parallel round-robin arbiter,

the basic components are comparing, adding or subtracting up to log2(P )+1 bits in the entire

design. Comparing only up to log2(P )+1 bits is also the case for the stable version of the
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parallel round-robin arbiter shown in figure 4.5. This allows combining multiple pipeline stages

in one cycle with minimal overhead in the critical path.

The pipeline latency can be reduced by removing the registers from all pipeline stages whose

order is not multiples of S, where S ∈ N∗ can approximately divide the pipeline latency (i.e.

latencyopt ≈ latency/S). In this way, although the complexity of the number of pipeline stages

is more than that of competing solutions, this approach can still provide lower port-to-port

latency for moderately high values of P. An example for dividing a sorter’s latency by 3 is

shown in figure 4.10.
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Batcher's odd-even mergesort (S=1) Batcher's odd-even mergesort (S=3)

Figure 4.10: Dividing the latency of a sorter by 3, before (left) and after (right)

At the programming level, when there is a pipeline register corresponding to a stage without

registers (when S > 1), the registers are replaced with wires. In this way, the notion of stages

is kept for the sake of simplicity. For instance, a shift register of length 4 and S=2 is essentially

still implemented as a shift register of length 2.

Note that this optimisation is very similar to an already existing technique in current FPGA

tools, which is register balancing throughout retiming [155]. The idea is that the toolchain can

explore the potential placement of registers in an automated and more fine-grained way than

here. This is not considered, in an attempt to be vendor agnostic, to keep the notion of cycles

consistent, and to simplify the design space for providing more in-depth insights on the impact

of the registers in the design. For instance, since the comparisons are done on a small subset

of the data for the switch (on up to log2(P ) + 1 bits), the option to add more registers than
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stages would be redundant and is omitted. Expressing the switch in a combinatorial form and

optimising for a specific target with actual transceivers are part of the future work.

4.4.5 Calculating the optimised latency

The only pipeline stage whose registers cannot be removed is where the offset counter is updated.

On the example of figure 4.5, this is the third stage. On the combined parallel round robin

arbiter, P adders are keeping the queue offsets for the P ports on the same pipeline stage, as

shown in figure 4.9. These adders are the only place where a feedback exists in the pipeline, as

the output of each adder is added back as a way to update the respective offset. Fortunately,

this feedback is always one stage long and does not contribute to the critical path.

In both the PRRA and CPRRA, the placement of the compulsory register moves according

to the number of inputs. The compulsory register in the parallel round-robin arbiter is in the

last stage of the sorting network. For the combined parallel round-robin arbiter, it is log2(P )

stages before the common ending of the sorting network and offsets pipeline. The index of the

compulsory register stage is denoted as indexcomp,PRRA and indexcomp,CPRRA for PRRA and

CPRRA respectively, and it represents the index of this pipeline stage starting from 0. These

are calculated as:

indexcomp,PRRA = latencySN − 1

=
log2(P )× (log2(P ) + 1)

2
− 1

indexcomp,CPRRA = max (latencySN , latencyoffsets)− log2(P )− 1

= max (
log2(P )× (log2(P ) + 1)

2
, 2× log2(P ) + 1)− log2(P )− 1

(4.3)

Keeping the above in mind, the optimised pipeline latency (latencyopt) is calculated as follows.



4.4. Properties and optimisation 97

latencyopt = d latency − indexcomp

S
e+ d1 + indexcomp

S
e − 1 (4.4)

Table 4.1 illustrates how the latency reduction optimisation significantly reduces the pipeline

latency. A typical operating frequency of 150 MHz was selected to enable translating the

pipeline latency from cycles to nanoseconds, before the actual place-and-route in the evaluation.

Table 4.1: Indicative pipeline latency after register reduction

PRRA CPRRA

Number of ports (P) 4 8 16 32 64 128 256 2 4 8 16 32 64 128 256
Pipeline length 5 9 14 20 27 35 44 4 7 10 14 20 27 35 44

Compulsory reg. index 2 5 9 14 20 27 35 1 2 3 5 9 14 20 27
Pipeline latency, S=1 5 9 14 20 27 35 44 4 7 10 14 20 27 35 44

S=2 2 5 7 10 13 18 22 2 4 5 7 10 14 18 22
S=4 1 3 4 5 6 9 11 1 2 2 4 5 7 9 11
S=8 1 1 2 2 3 5 6 1 1 1 2 3 3 4 6

Pipeline latency (ns)
(indicative, with S=4 6.7 20.0 26.7 33.3 40 60 73.3 6.7 13.3 13.3 26.7 33.3 46.7 60 73.3

and fclk=150 MHz)

4.4.6 Optimality

The proposed implementations are not optimal in terms of hardware complexity, pipeline depth

(latency) or with respect to synthesising it for specific technologies. They were designed to

facilitate the needs of data analytics, as in subsection 4.2.3, as well as to provide a proof-

of-concept for ideas related to the implementation of a high-performance network switch (see

section 4.3).

For example, with respect to selecting a sorting network, for a specific number of inputs (P)

there are other sorting networks, which feature optimal depth and/or the number of compara-

tors (see section 2.3.1). The depth contributes to the pipeline length, thus the number of

registers are affected, which contribute to the hardware utilisation.

A category of additional optimisations would be about variations in implementation of the

structures on the target FPGA architecture. For instance, adder trees have been discouraged
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for FPGA implementation, at least for certain Xilinx architectures [156]. This is because 6-

input LUTs are able to add three numbers together, hence this binary tree approach being

considered wasteful. An alternative recommended approach is to use the available DSPs [156].

Additionally, there have already been optimisations on the basic building in other contexts,

such as halving the barrel shifter pipeline latency by using 4-to-1 multiplexers in ASICs [157],

and combining pairs of compare-and-swap units (CAS) when consecutive pairs operate on

3 wires [74]. Nevertheless, these recommendations would need further experimentation for

adoption here, because the adder tree recommendation was not for pipelines, and combining

multiplexers and CAS units could break the complexity regularity between the pipeline stages

that allowed efficient register reduction optimisation.

Mainly speaking about the parallel round-robin arbiter, the directives behind the proposed

implementations were scalability, portability and applicability for the studied use cases. See

the future work section 6.2.2 for a discussion on an alternative implementation of the parallel-

round robin arbiter (PRRA), where a banyan network-based approach is shown to achieve the

required routing with a fraction of the routing logic, but the control logic itself is currently

more expensive.

Finally, it would be important to also refine the usage of memories at the output ports of the

network switch. The P × P complexity of the queues could be limiting, such as for a high

number of ports and a queue implementation using block RAM, which can quickly reach the

limits of the device [13], [144]. Shared-memory techniques for network switches have some

shortcomings, such as the requirement for running at multiples of the base frequency in a

technique that has also been used in an FPGA implementation [13]. Since CPRRA outputs

packets in consecutive positions, this could simplify memory-sharing for inclusion in a future

iteration of this switch.
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4.5 Evaluation

For the purposes of evaluating the parallel round-robin arbiter, only the network switch imple-

mentation (that uses the combined aspect) is considered. Evaluating this use case as a network

switch is more complex, but yields easily-relatable performance metrics such as the port-to-port

latency and the throughput. Due to its small size, the parallel round-robin arbiter itself is less

challenging to implement on FPGAs, especially in its use cases for database acceleration, that

also use a relatively small number of input ports. The evaluation of its database uses exists in

chapter 5.

The novel network switch [39], that uses the combined parallel round-robin arbiter, is evaluated

in two ways:

1. As a switching algorithm: This part of the evaluation is conducted exclusively in soft-

ware using high-level simulations [146] without describing hardware. The purpose of this

approach is to focus on the algorithmic aspect of the proposal, such as the time a packet

stays in the queues, the queue occupancy and packet losses under different traffic patterns.

Any hardware implementation specifics are ignored, such as the operating frequency, the

pipeline latency, the port bandwidth and the packet size. A series of Python scripts have

been developed from scratch to achieve a comparison with competing approaches.

2. As an FPGA design: The switch is implemented in Verilog HDL [146], with the help of

a generator script written in Python to parameterise the switch design. There are two

wrappers for the generated Verilog file, one to make it work as an AXI peripheral and

one that includes a testbench for debugging in simulation. Originally, the AXI peripheral

version was useful for debugging in real hardware, such as a relatively small device in the

Xilinx Ultra96 board featuring 154K logic cells. The same design was used for collecting

FPGA resource utilisation reports for higher-end devices, as AXI peripherals are relatively

portable among the current Xilinx devices.
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4.5.1 As a switching algorithm

The combined parallel round-robin arbiter is considered an alternative to scheduling algorithms

for crossbar switches, even though it does not use any crossbar. This is because the proposed

network switch uses P × P queues, as in VOQs for input-queued switches. Another similarity

is that it requires no speedup of memory or logic (e.g. through multipumping [158]), as the

entire design runs at the same operating frequency. These scheduling algorithms are relatively

simple, and have been incorporated in FPGA network switch implementations [144]. They are

also present in less-traditional switch designs, such as inside the building blocks of hierarchical

switches [13].

As this focuses on the algorithmic performance of the proposed approach, all competing schedul-

ing algorithms are assumed to run on a switch using the same operating frequency and band-

width and with a processing latency equal to zero.

The performance of the proposed design is compared against various scheduling algorithms.

Specifically, the comparison is made against the following: parallel iterative matching (PIM

[159]), round-robin matching (RRM [149]), iSLIP [149], dual round-robin matching (DRRM

[160], [161]) and dual round-robin matching switch with exhaustive service (EDRRM [153]).

The progress in such algorithms has been rather iterative, in the sense that each approach im-

proves on some aspects of a predecessor. The changes focus on improving ASIC implementation

efficiency [149], [160], scheduling performance and/or their behaviour under a wider spectrum

of traffic patterns [153], [162].

Although all can work as iterative algorithms, some of them are originally presented as 1-

iteration approaches, due to their simplicity and relative-efficiency. Nevertheless, both their

single-iteration and their multiple (log2(P )) iteration versions are considered.

With respect to the traffic, the proposed approach is evaluated for the following patterns:

(a) Uniform Bernoulli arrivals: At each input port, in each cycle a packet is sent with a

probability r (input rate). The destination port of each packet is any of the P ports, all
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appearing with an equal probability 1/P .

(b) Uniform bursty traffic: The packets at each input are sent based on an independent

Markov chain, which has three states: ‘On’, ‘Off’ and ‘New’. In each cycle at ‘Off’,

no packet is emitted. At ‘New’, a packet is sent with its output destination selected

uniformly among the ports. At ‘On’, a packet is sent to the same destination as the one

of the previous packet. The transition probabilities of the Markov chain are shown in

figure 4.11, where r ∈ [0, 1] is the average input rate and s ∈ N is the average burst size.

The proposed model is almost equivalent to the two-state model [162], but it does not

limit the maximum input rate to 1− 1
s+1

. The default value of s is set to 32.

Off On

New

r/s

(1-r)/s

1-1/s

On phase

1-r/s

Off phase

r/s (1-r)/s
1-1/s

r/s

Figure 4.11: A uniform bursty traffic Markov model

(c) Nonuniform traffic [153], [162]: At each input, in each cycle a packet is sent with a

probability r. Its destination will be the same as the source with a probability p. All

other outputs share an equal probability, i.e. (1 − p)/(P − 1). The default value of p is

set to 0.5.

Average latency The first experiment explores the average latency a packet waits inside a

queue to be served. In this experiment, it is assumed that the P ×P FIFOs have infinite depth

and, thus, no dropped packets.

In figure 4.12, the proposed design is observed to consistently outperform the studied scheduling

algorithms. For each of the scheduling algorithms a multi-iteration version and a single-iteration

version is considered. The latter is denoted by appending “-1” to the name of the corresponding

algorithm. For both the traffic patterns (a) and (b), the multi-iteration scheduling algorithms

perform almost identically to each other. (It is their single-iteration performance that motivated
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most of them). In traffic model (c), the only close competitor to this approach is EDRRM [153],

which is selected here as an algorithm designed for bursty/nonuniform traffic. Still, for an input

rate of near 1, the proposed approach reduces the average latency by 2x, 1.4x and 6x for the

traffic models (a), (b) and (c) over the best alternative for each (PIM, PIM and EDRRM).
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Figure 4.12: Average packet latency using different algorithms and traffic models (16 × 16
switch, simulation)

Worst-case latency Using a similar experiment, for a 16x16 switch, the proposed approach

also yields the lowest average worst-case latencies. The best alternative algorithms remain the

same for this metric. Using an input rate of near 100%, the best alternative per traffic model

yields a latency of 1535, 7992 and 7212 cycles for the traffic patterns (a), (b) and (c). The

corresponding values for the proposed design are 375, 2807 and 310 cycles, which translate to

a reduction of the worst-case latency by 4.1, 2.8 and 23.3 times on average respectively. Figure

4.13 summarises the results of the worst-case latency experiment.

Note that this difference in performance is expected and comes from the fact that these schedul-

ing algorithms involve a crossbar with virtual-output queues (VOQs). VOQs limit the possible

paths from the queues to the output ports, as illustrated in figure 4.6. This leads to additional

delays for higher input rates, and is reflected on the worst and average latency. The proposed

approach is not a scheduling algorithm for VOQ-based switches. However, it is included in

this comparison, as it combines some of the advantages of this family of switches related to

FPGA implementation. Alternative approaches exist and they exhibit a better algorithmic
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Figure 4.13: Average worst-case packet latency using different algorithms and traffic models
(16× 16 switch, simulation)

performance than VOQ-based switches, but require a logic or memory speedup [145].

Impact of queue size As a third experiment, the queue size requirements are explored. The

best alternative algorithms are still PIM, PIM and EDRRM for the traffic patterns (a), (b)

and (c) respectively. The approach is to measure the dropped packet rate using different FIFO

lengths. The FIFO depth metric is a consistent way to measure the total buffer size in the

simulations, as both virtual output queues (VOQs) and the proposal’s output queues are P ×P

buffers.

Figure 4.14 shows the dropped packet rate with respect to the queue size for the proposed

approach, as well as for the best alternative for each of the traffic patterns. The proposed

approach requires a small fraction of memory to support 100% throughput, i.e. a dropped

packet rate equal to zero (represented by the colour white). For the traffic pattern (a) and

an input rate near to 1,the proposal achieves a 4.6x reduction in FIFO depth (153 to 33) for

supporting 100% throughput, while the dropped packet rate for a FIFO depth of 1, drops from

16.1% to 5.2%. For the traffic patterns (b) and (c) and input rate close to 1, the other approaches

require a FIFO depth beyond the design space, which is a sign for a significant performance

bottleneck, as the memory’s order of magnitude approaches the one of the number of inserted

packets. Nevertheless, the proposed approach exhibits a better behaviour. Moreover, for the

traffic pattern (c), it is able to handle nonuniform traffic with marginally less requirements
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Figure 4.14: Impact of queue size, for the proposal and the best alternative per traffic model
(16× 16 switch)

than in the Bernoulli case, while this pattern becomes much more challenging for the other

approaches.

4.5.2 As an FPGA implementation

This exploration focuses on the performance and timing characteristics of the main logic, which

is the combined parallel round-robin arbiter, on a relatively high-end Xilinx FPGA. Starting

with the Verilog generator script, a custom network switch encapsulated in an AXI peripheral is

produced for a custom number of ports (P ), packet size in bits and a custom latency reduction

parameter (S). If P , packet size and S are restricted according to the requirements and feasible

switch sizes, this results in a relatively narrow design space. The resulting switch configurations

are integrated into a simplistic Vivado project for the Xilinx Alveo U280 board, with debugging

functionality.

Note that this is an indicative and out-of-context approach, as no transceiver is populated and

the aggregate FIFO space is only P packets per port. Thus, this evaluation does not use block

RAM, and studying memory implementations and memory sharing on FPGAs is part of future
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work.

Resource utilisation: Figure 4.15 introduces the resource utilisation metrics as reported

by Vivado for the switch design space. Each data series includes the switch designs for the

same port and packet configuration under different S values. The dashed lines represent the

LUT and FF capacity of the test platform on the corresponding axis. As can be observed, the

number of ports is a big contributor for both the LUT and FF utilisation and can become a

limiting factor for a high number of ports. The packet size is shown to impact linearly the

LUT and FF utilisation, as the 512-bit versions of the equivalent configurations for 256-bit

packets have roughly double the resources. The S parameter for latency reduction does not

seem to have a big impact on the LUT utilisation. This is expected as the value of S only

determines the number of pipeline registers and does not impact the rest of the logic of the

switch. In contrast to LUTs, the number of FF registers can be significantly decreased by the

register reduction optimisation (S approximately divides the pipeline stages). For instance, for

P=16 and 512-bit packets, using approximately one quarter of the pipeline registers (using S=4,

yielding around 3.5x stages reduction), the FF utilisation drops from 755K to 305K (around

2.5 times FF reduction). Appendix B presents the resulting dataset from this exploration in

more detail.

Performance: Figure 4.16 introduces the physical implementation performance results through

the throughput and port-to-port latency metrics for the design space up to 16 ports (see ap-

pendix B for the complete dataset).

As can be observed from figure 4.16, among all 512-bit packet switches, there is at least one

configuration that exceeds 100 Gbps per port for each explored number of ports up to 16.

For 256-bit packets, it seems more challenging to get high throughput for a similar range of

operating frequencies, but there are still points exceeding 100 Gbps for ports 2,4 and 8, but

not for P=16. For P=16, one good performing configuration from the design space is for S=2

and 512-bit, which achieves an aggregate throughput of 1.7 Tbps and a port-to-port latency of

39 ns. Note that this specific data point required aggressive optimisation to ease routing.
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Figure 4.16: Performance for switch designs with 256-bit (left) and 512-bit (right) packets

Comparison with FPGA-based related work

In this subsection the 16×16 switch implementations [146] are selected for comparison to other

FPGA-based network switches. The other switch implementations here were redeveloped for

the same target FPGA (Xilinx Alveo U280) by Jiuxi Meng. The dataset is updated according to

the journal extension [44]. Note that this comparison is mostly indicative, as some assumptions

were made for each implementation, such as to be out-of-context and featuring different buffer
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lengths and memory types.

An FPGA network switch implementation is GCQ [13]. It improves on a hybrid buffer approach,

the hierarchical crossbar switch [152]. The idea is to improve the scalability for a higher number

of ports by using smaller switches hierarchically. Due to the fact that it requires a logic speedup,

the yielded base frequency was 40 MHz, resulting in an aggregate throughput of 160 Gbps for

a 16× 16 switch, but was originally evaluated on older architecture (Xilinx Virtex 6-240T).

A more recent switch implementation on an FPGA is SMiSLIP [144]. It is an input-queued

switch, implemented as a crossbar with VOQs, and controlled by the iSLIP scheduling algorithm

[149]. The focus of this work is the optimisation for FPGAs to achieve buffer-sharing and a

better performance. Despite the relatively high operating frequencies, SMiSLIP only produces

output once every 3 + log2(P ) cycles. For this reason, the throughput is calculated as 1
3+log2(P )

of the line speed.

This is expected for iterative matching algorithms, such as iSLIP. One of the original iSLIP-

based prototypes [139] is an ASIC operating at 175 MHz in a 32-port switch. Despite its

optimisations such as the merging of the 2 out of its 3 phases (request, grant and accept),

it is not fully-pipelined. It only produces output once every 9 cycles, reducing the maximum

throughput to only 1/9 of the speed the fabric. It does not necessarily mean that the lines

are useless during the in-between cycles. In this case, a packet is broken down into 9 pieces

and is sent progressively. Thus, higher throughput can be achieved, but with fewer decisions

(crossbar configurations) between the same amount of data. In other words, a larger packet

size is needed to fulfil higher throughput, but this can quickly become wasteful and inefficient

on FPGAs.

Figure 4.17 shows how the design space for the proposed design performs against the related

work, based on the throughput and port-to-port latency. For a packet size of 256 bits and

S=4, the proposal achieves a throughput of 53 Gbps, which is around 8.5 and 4.6 times the

throughput of the 256-bit versions of SMiSLIP and GCQ respectively. SMiSLIP sometimes

marginally wins for port-to-port latencies, but the design space for the proposal features choices

that are better in both the throughput and latency, including the aforementioned data point,
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Figure 4.17: Comparison of 16× 16 switches implementations on Xilinx Alveo U280

which has a latency of 24.2 ns. Also, since SMiSLIP uses the iSLIP scheduling algorithm, there

will be additional latency for high input rates, as demonstrated in simulation. GCQ yields the

worst latencies irrespective of packet size. For a packet size of 512 bits and S=2, the proposal

achieves the highest throughput overall at 105.5 Gbps and a latency of 39 ns, saturating the

UltraScale+ GTY and GTM transceiver, as well as for 100 Gbps or equivalent.

In terms of hardware resources utilisation, as a direct comparison with GCQ [13], for a 256-bit

16x16 switch the S=4 implementation consumes around 3.5x the LUTs and 4x the FFs. It is

important to note that it would be more appropriate for this comparison to be made against

a competitor switch of wider packets for achieving similar throughput, as demonstrated. In

conclusion, this design provides state-of-the-art performance for unicast, but with a relatively

high resource utilisation.

4.6 Summary

The parallel round-robin arbiter is a non-blocking load balancer circuit that is easily pipelin-

able and keeps the order of the input among its output ports in round-robin priority. It has

applications in parallel processing, such as for appropriately removing the sparsity for aggre-

gation tasks, including the use cases of chapter 5 in sort-merge joins and distinct counts. The
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occurring sparsity can be considered as an intermediate step for accelerating other database ap-

plications in streaming processors. The general concept of the pipelinable logic is also applicable

to network switches, for building a high-performance FPGA-based network switch. Its varia-

tion called the “combined” parallel round-robin arbiter achieves high switching performance by

emulating the performance of the output-queued crossbar, achieving better performance than

common scheduling algorithms. The pipelined design for the network switch is also shown to

achieve efficient FPGA implementations, outperforming relatively recent FPGA-based switch

implementations on the same FPGA.



Chapter 5

Accelerating database operators using

FPGAs

This chapter presents novel designs for database operators known to consume considerable

computation time for the specialised industrial use case, as outlined in section 1.1, as well as

more widely. These are for sorting, joins and distinct counts.

FPGAs are increasingly being introduced as a platform to accelerate big data and database

analytics [41]. A considerable fraction of such operations relies on sorting [37], [81], or their

performance can be improved when operating on sorted data after making the appropriate

algorithmic changes [24]. For this reason, the research for efficient FPGA-based sorters has

been fairly active recently, with one of the main considerations being the disproportionate

advantage of the throughput and latency performance with which the CPU accesses the main

memory.

First, an end-to-end FPGA implementation of a sorter design is presented, that improves on

the latest research about sorting acceleration on FPGAs [32]. It can also be considered a

realistic use case for FLiMS [36] (chapter 3), which is a building block for hardware merge-

sorters. This solution introduces some other interesting concepts and designs, such as the

merge-capable linear sorter. The proposed sorter works for data that fit on-chip, with the

additional functionality to merge sorted sublists recursively, for an input of arbitrary length.

110
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While many-leaf mergers (merging hundreds of sorted lists simultaneously) are conventionally

single-rate (a record per FPGA cycle), a novel technique in the presented approach is to use a

parallel merge tree only for the latest stages of the merge tree. This achieves merging that is

both multi-rate and many-leaf, and in combination with the flexibility of the generator script,

it can produce designs for a variety of use cases, while saturating the memory bandwidth for

uniformly random data.

Other presented accelerators are for equality joins (equi-joins) in relational databases, as well as

for performing distinct count, to accelerate counting the number of distinct values in a column.

Also introduced is a more demanding variation of a distinct counter that counts the distinct

values in different groups.

The overall goal is to provide alternative designs to address some of the research challenges

(section 1.2) to a greater extent than the related work, rather than a direct performance com-

parison. For instance, while there are alternative approaches and algorithms for performing

these database operators in hardware, the presented approaches are based on algorithms yield-

ing linear access patterns for easier performance gains on heterogeneous systems.

The sorter was originally introduced in the paper “An Adaptable High-Throughput FPGA

Merge Sorter for Accelerating Database Analytics” [32]. The material relating to sort-merge join

is based on the paper “Accelerating the merge phase of sort-merge join” [43]. The accelerator

for the distinct count without groups has not been published elsewhere yet. The distinct counter

with groups is based on the paper “An Adaptable High-Throughput FPGA Merge Sorter for

Accelerating Database Analytics” [32].

5.1 An adaptable high-throughput FPGA merge sorter

This section presents a full system FPGA implementation of a sorter design, that improves on

the latest research about mergesort on FPGAs [32].

A challenge a the hardware designer is to maximise performance while adhering to a number
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of constraints related to the storage medium and data movement. These include the storage

capacity, the data width and number of ports, the latency for different access patterns [42], ad-

dress segmentation and NUMA-related restrictions. In research, using a representative storage

medium is not always the case, such as with the majority of sorters mentioned in the related

work, that are BRAM-based even though are destined for large-scale sorting.

When performing mergesort using FPGAs, there currently seems to be a trade-off for supporting

either high-throughput/few-leaves or single-rate/many-leaves. For high-throughput mergers, a

limitation of the current solutions is their scalability to a high number of inputs, and require

a high aggregate bandwidth. The most recent variation has only reported merging for up to

64 inputs [74]. On the other hand, many-leaf mergers can merge a couple of thousand input

lists simultaneously, which can have significant benefits due to the reduced number of data

passes. A data pass involves reading every data from DRAM and writing them back once

and is considered a performance bottleneck. However, an evaluation [42] that demonstrated

saturation of the PCI Express bandwidth used 800-bit records, which may not always be the

norm.

The presented sorting solution combines features from the state-of-the-art hardware designs

for mergesort, while taking into account different architectural constraints. A sorter generator

produces a hardware merge sorter in Verilog, with any desired datapath length, data width

and payload width. The same logic is also used to perform the first sorting pass efficiently,

that is to produce a series of sorted sublists, before merging them together. This functionality,

while crucial to applicability, performance and resources utilisation, is absent from most large-

scale sorters, which usually assume already-sorted sublists or rely on existing hardware sorter

modules.

The provided open-source RTL generator [163] produces sorting peripherals with customisable

parallelism and data format. The FPGA design is evaluated as a 128-bit-wide peripheral on

an MPSoC platform, with a speedup of up to 49 times over a single A53 core for 32-bit integer

sorting (see section 5.1.3 for more information on the evaluation).
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5.1.1 Solution

The proposed design works in 3 phases internally, with regards to the data movement. As shown

in figure 5.1, initially, the unsorted data are streamed from DRAM directly to the sorter, and

the immediate results are stored to BRAM. These data in BRAM are sorted in chunks of k

elements.

merge
sorter

DRAM

BRAM

1) Sort k-sized chunks

merge
sorter

DRAM

BRAM

2) Merge to k2-sized chunks

merge
sorter

DRAM

BRAM (as cache)

3) Merge to kP+1-sized chunks

Figure 5.1: Data movement during the three sorting phases

In the second phase, the sorter works as a merge sorter of k sorted lists of length k from BRAM.

In other words, the sorter is able to provide a sorted list of size k × k with a single pass.

The third phase is the merge operation from data in DRAM. The same phase applies to input

lists of arbitrary length. Thus, the sorter can sort an input of size kP+1, where P is the total

number of passes. During this phase, the merger still reads from BRAM, which works as a cache

to DRAM, to hide the latency from accessing with a random access pattern. This memory is

already divided in k lists of length k, which now work as buffers and are filled upon request,

with a throughput of w records per cycle.

See section 6.2.4 for a proposed future work that expands on this approach to take into account

NUMA-related complications in datacenter FPGAs, such as with PCIe data transfers.

Following are detailed descriptions of the building blocks.

Merge-capable linear sorters

The linear sorter is modified such that it can also be used for merging a number of sorted lists.

The idea is that a many-leaf merger essentially outputs the minimum head of all queues to be



114 Chapter 5. Accelerating database operators using FPGAs

merged, representing the minimum of all unprocessed input. And this can be emulated by a

linear sorter. By appending the source list index to the value as a payload, we can keep track

of the source of the extracted head. This is useful for fetching the next head to be processed

on the immediately next cycle. In this way, we can keep exactly one head for each of the input

queues, and appropriately represent the merge operation.

Figure 5.2 illustrates1 an example for merging 8 lists (named A through H). The minimum

head (1) is extracted as an output, as it represents the minimum of the heads of already sorted

lists, which subsequently also represents the minimum of all input. The next head is indicated

by the source list (A), and the next head (6 from list A) is dequeued to be processed on the

next cycle.

merge-capable 
linear sorter

new head
minimum

head

6

17 13 13 5 5 4 2 1

A

D E B C G F H A

next source_list

source_list

Figure 5.2: Merge-capable linear sorter example

In order to make it practical for general use, some additional functionality is added, such as for

supporting list endings:

a) Enqueue a ‘bubble’: This is used to adjust merge capacity, as well as to support the end of

an input queue.

b) Flush current values: Only useful in sorting mode, this is triggered automatically, as soon

as the sorter fills up, in order to support full-streaming of multiple chunks for sorting (i.e. no

additional latency between the processing of consecutive chunks). The cells with flushed values

behave as shift registers to eventually propagate the sorted chunk, while ignoring new requests.

1See [133] for a more comprehensive visualisation online.
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Modified parallel merge tree

The modified linear sorters are appropriate for both sorting and merging, but they are limited

to single rate input/output. In this subsection, we propose to use an upgraded parallel merge

tree (PMT [69]), to merge the results of multiple merge-capable linear sorters. In this way, we

can efficiently support a custom amount of throughput, as well as many-leaf merging.

The parallel merge tree here adopts FLiMS [36] (chapter 3) as a building block, an efficient

high-throughput merger for 2 lists.

merge-capable linear sorter

round-robin
enqueue

FIFOs

FLiMS
4:2

2

round-robin
enqueue

3

2

FIFOs
FLiMS

8:4

4

4
out

new value

w=4
in

minimum
value

Parallel Merge Tree (PMT)
k/w

2

2

FLiMS
4:2

2

3

2
42

2

Figure 5.3: The merge-capable high-throughput sorter (for a throughput of 4). Wire widths
are multiples of the value width.

Figure 5.3 shows how the parallel merge tree increases the throughput of the proposed merge

sorter. First, there are w linear sorters, where w is the degree of parallelism. Each linear sorter

has a length of k/w, where k is the total merge capacity or the sorted chunk size. This structure

is able to both sort an input of k elements, and merge k sorted lists of arbitrary length.

In sort mode, the value of a two bit counter is appended to the most significant bits of all output

of the linear sorters. This 2-bit counter is incremented when a new sorted chunk is flushed to

the PMT. It is used by FLiMS to be able to give the correct sorting priority to independently

sorted chunks. Note that one bit is not enough, as during the half-cleaners stage (MAX units

of figure 3.2), between one value with a chunk order of 0 and one with 1, it is not possible to

differentiate easily which came first.
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On-chip buffers

This subsection describes each of the buffers required for efficiently merging or sorting using

the presented approach. Note that there are many such design choices.

a) PMT FIFOs: In order for the first phase to be able to support bursts of length k, the FIFOs

after the linear sorters have a depth of k/w elements. This is required because the linear

sorters are flushed automatically when full. A ready signal represents the space availability for

a forthcoming burst. With respect to the FIFOs of all levels in the merge tree, each FLiMS

module of a previous level (as well as the linear sorters) must stall when there is no space left

for its output.

b) Burst buffer: The output to DRAM is written in bursts. A burst buffer is near the output

and is enabled from the second phase and beyond. When no space is left, the FLiMS of the

last level in the PMT is stalled.

c) List buffers (BRAM): The block memory is divided in w × w banks. The first dimension is

for the w linear sorters, which merge an independent range of k/w lists. The second dimension

is for being able to fill a buffer with a throughput w. In the first phase (sort), the output

of the PMT is written across all w partitions, with round-robin priority per sorted chunk, to

distribute the merging workload evenly across the w linear sorters. In the second phase, each

linear sorter reads from its own partition with a throughput of 1, and the merged output is

redirected to DRAM.

d) Fill request buffers: In the third phase, the linear sorter functionality remains similar, and

each list buffer of size k represents data in DRAM. When a list buffer is halfway empty, a

request is stored in a fill request queue. When a list buffer is empty or a fill request buffer is

full, a stall signal is triggered for the respective merge-capable linear sorter.

e) Next head buffers: For an efficient merge operation, there needs to be a buffer between the

linear sorters and BRAM. This is because the BRAM introduces a latency of 1 cycle and this

could potentially halve the overall throughput. The next head buffers prefetch the next head

for each of the k lists, as soon as a head is read, so that the BRAM latency is hidden.
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5.1.2 Optimisations

The following optimisations are proposed for increasing the throughput of the sorter according

to the micro-architecture and capabilities of the target platform. The goal is to be able to

consider these optimisations in the sorter design space (see section 5.1.3) to overcome some

performance bottlenecks that can be observed when implementing on current FPGAs. Both of

the following optimisations were used in the presented designs of the evaluation (section 5.1.3).

Input buffer rate

A design choice for balancing the resources utilisation for a specific device is to use additional

BRAM for the 3rd phase (merging from DRAM). Instead of only reusing the BRAM of the 2nd

phase (merging from BRAM, totalling k × k values), the Verilog generator script accepts one

more parameter, the buffer rate (r). It represents the ratio of the BRAM to be used as input

buffers in the 3rd phase over the BRAM required for the 2nd phase. By increasing r, the input

buffers are lengthened accordingly, improving the performance when merging from DRAM. As

the input buffers can be filled with longer DMA transfers, a higher throughput can be achieved

[43] and the memory access pattern from DRAM becomes more linear.

Throughput

One complication from using a form of linear sorters in this solution could be a reduction to the

operating frequency. This is because linear sorters require broadcasting to multiple comparator

cells, that becomes expensive for many cells [67], given that the result is needed on the next

cycle. In contrast, systolic sorters [68] could scale better, but are not suitable for implementing

the proposed merge-capable design, because of the induced latency. The proposal solves this

problem partially, due to the arrangements to achieve high-throughput. It essentially splits a

sorter of length k to w linear sorters of length k/w. Therefore, each broadcast is more local, as

there are w independent linear sorters that are w times shorter, for the same chunk size k.
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An optimisation is proposed to further increase the operating frequency of the generated sorters

and saturate the bandwidth of the port. Since this approach allows a custom degree of par-

allelism (w), a sorter with a width multiple of the datapath width can be generated instead.

For example, by doubling the value of w and appropriately interleaving the input and output,

the sorter logic can operate at half the operating frequency of the base clock. This emulates a

sorter of half the value of w and double the frequency (as in the evaluation). This modification

is relatively inexpensive, as only w changes in the logic complexity (see table 5.2) and w is

relatively a small number. This optimisation can also help in situations where the value width

is high and the comparator logic latency contributes to the critical path of the design.

5.1.3 Evaluation

In this section, we evaluate the sorter design with an example use case for sorting 32-bit integers.

See the following sections 5.2 and 5.4 for different database applications that could utilise such

a sorter. The latter (section 5.4) demonstrates a 64-bit use case based on the same design for

distinct count.

A generator script written in Python [163] produces a Verilog sorter for user-specified values for

w, buffer rate r (see below) and a flag to enable the FLiMS skewness optimisation (see section

3.2.1). The remaining parameters can also be modified after generation (and before synthesis):

total merge capacity or inner chunk size k, value width d, comparison width (to facilitate

payloads) and various queue lengths. The combination of w and the data width specifies the

throughput of the sorter (e.g. w = 4 and 32-bit values for reading and writing at 128 bits per

cycle). All integer parameters are in powers of 2, except the comparison width.

The evaluation platform was Avnet’s Ultra96 board, which combines a Xilinx Zynq UltraScale+

ZU3EG device with 2GB LPDDR4 RAM shared between the programmable logic and the four

A53 (mid-range) ARM cores, running Linux at a frequency of 1.2 GHz. In comparison with

earlier iterations of this FPGA architecture [83], one of its database-related advantages is that

it provides 128-bit-wide ports for faster communication between the processing system (PS)

and the programmable logic (PL).
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The available memory is manually divided into two 1GB regions, one for the Linux environment,

and one for the accelerator. The latter is uncached, and for fairness it is not used for evaluating

the CPU software baseline. The generated peripherals have a 128-bit-wide datapath and most

data transfers are done by a DMA engine. The software part of the sorter accelerator behaves

as a callable C function.

The baseline for comparing to CPU sorting is GCC C++ standard library’s std::sort() im-

plementation (single-core), that is considered a widely-available well-performing baseline for

evaluating high performance sorting in software [5]. All binaries were compiled using the -O3

optimisation flag of GCC, and their execution is pinned to the same core/thread (using taskset).

The micro-architecture of the A53 cores is advanced enough to include a data prefetcher in hard-

ware [164]. The A53 also supports a basic set of 128-bit SIMD instructions [165]. Though, no

manual vectorisation and fine-tuning of the std::sort() function has been done for this experi-

ment to ensure that SIMD is used efficiently by the software stack in the default Linux image

of Ultra96.

The first selected configuration was a sorter with k = 128, w = 4, 128-bit datapath and an

operating frequency of 250 MHz. This frequency can saturate the achievable bandwidth of that

port at 128 bits per cycle [77] and was achieved with the throughput optimisation (internally

with w = 8). The equivalent design that has not used this optimisation (internally with w = 4)

achieved an operating frequency of only 150 MHz. This example highlights the impact of the

throughput optimisation on the operating frequency, though further discussion of suboptimal

datapoints is omitted for brevity.

As shown in figure 5.4, this sorter achieves a speedup of up to around 36 times for data that

fit in a single pass (k2 = 16384) and above around 15 times for all other input sizes. A big

contributor to performance is the number of passes, especially for the 2nd phase and above, as

the memory access pattern becomes less linear. For instance, for 1 pass, the memory access

pattern is completely linear, while for 2 passes and beyond, the access pattern is random with

large portions of linear sections (at least k2-sized). Different combinations of chunk sizes for

the same number of passes seems to have a negligible variation in performance (showing the



120 Chapter 5. Accelerating database operators using FPGAs

0

5

10

15

20

25

30

35

40

2
10

2
12

2
14

2
16

2
18

2
20

2
22

2
24

2
26

2
-8

2
-7

2
-6

2
-5

2
-4

2
-3

2
-2

2
-1

1 2 4 8 16 32 64 128 256 512

F
P

G
A

 S
p

ee
d

u
p

 o
v

er
 s

td
::

so
rt

()

Total input size (32-bit integers)

Total input size (MiB)

1 pass

2 passes

3 passes

Figure 5.4: Sorting performance

maximum in the figure). This can be explained by the wide-enough chunk size, that achieves

to “linearise” the accesses to a considerable degree.

Also evaluated is a sorter configuration optimised for single pass sorting. With k set to 256, it

is able to sort 65536 32-bit values in a single pass and with a speedup of 49x over the A53 core

and 19x over an Intel i7-8809G core running at 4.2 GHz (in turbo boost). Note that the i7 is

on a different system and with a more advanced memory. Table 5.1 illustrates the results of

the evaluation, as well as the hardware resource utilisation.

Design configurationa Vivado 2019.2 report FPGA Speedup overc

fmax′b A53 i7
k w d r LUT FF BRAM (MHz) Min Max Min Max

128 4(×2) 32-bit 8× 26K 39K 128 250 15 36 6 17
256 4(×2) 32-bit 1× 44K 61K 64 214 6 49 2 19

aAll designs feature the skewness optimisation (see section 3.2.1) and no payload.
bNearest lower frequency to fmax evenly dividing 1500 MHz.

cMax. is at input size k × k (1 pass). Min. only refers to > 1 passes.

k: chunk size of phase 1, w: parallelism degree, d: data width, r: input buffer rate.

Table 5.1: Results summary for full system sorting designs for 32-bit sorting

With respect to the block memory utilisation, which is used for the list buffers, the presented

solution can achieve 100% utilisation of the allocated resources. In other words, for phases

1 and 2, all used BRAM can be dedicated to a single fully-sorted list of size k × k, given

that k is in multiples of w × w, and the data width is in multiples of the BRAM width of
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the target FPGA. For example, for the example configuration with k = 256 and 32-bit data,

it is able to sort k2 = 65536 integers (= 256KiB) in a single pass with 64 BRAM blocks

(= 64 ∗ 36Kib = 288KiB). In this example, 288− 256 = 32 KiB are unused (88.8% utilisation

efficiency), only due to the fact that the data width is not 36-bit (or more generally, multiples

of 18-bit for mapping directly to RAMB36/RAMB18 primitives).

On the other hand, the input buffer rate optimisation divides the BRAM utilisation efficiency

by r for improving the performance of phase 3, if only on-chip sorting is concerned (phases 1 and

2). This is because the (r−1)/r of the total buffer space is only used for achieving wider bursts

on phase 3, and is not used in phases 1 and 2. In conclusion, the implementation efficiency of

specific use cases can be improved by fine-tuning the configuration parameters, though if only

single-rate many-leaf merging is required, there are superior approaches with respect to the

resource utilisation in general (see sections 2.3.4 and 5.1.4 on many-leaf merging).

5.1.4 Properties and related work

As a small-scale sorter

Small-scale sorting, also known as internal sorting, refers to sorting on-chip data (see section

2.3.1). The proposed approach provides a good combination of logic, storage and time require-

ments (challenges C3 and C4). Table 5.2, compares the complexities of a series of small-scale

sorters. The proposed sorter combines the minimum for storage and time, that are in O(n) and

O(n/w), where n is the input size and w the throughput. The only exception in time is that

of sorting networks, which are only practical for small n.

With respect to the logic, there are two competing streaming sorting networks [167]. The first,

although with relatively similar complexity, the impact of the input size is rather limiting for

its storage requirements, which are in O(n log2 n). The second one has the least logic, but as

its time is not linear, its overall throughput as a stream processor is reduced considerably.

The proposed approach requires a logic complexity of O(w log2w +
√
n), which is the sum of
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Approach Throughput Logic Storage Time
Storage

type
Fully-

streaming

Linear sorter [65] 1 O(n) O(n) O(n) registers Yes

Bitonic and odd-even mergesort [61] n O(n log2 n) O(n log2 n) O(log2 n) registers Yes
Interleaved linear sorter [166] 1 ≤ w ≤ n O(wn) O(wn) O(n/w) registers Yes

Streaming sorting networks [167] 2 ≤ w ≤ n O(w log2 n) O(n log2 n) O(n/w) BRAM Yes

Folded streaming sorting networks [167] 2 ≤ w ≤ n O(w) O(n) O(n log2 n/w) BRAM No
Partially ordered set linear sorter [168] 1 ≤ w ≤ n/2 O(w2 + wn) O(n) O(n/w) BRAM No

Proposed design 1 ≤ w ≤
√
n

O(w log2 w
+
√
n)

O(n) O(n/w)
BRAM/
DRAM

No

Table 5.2: Comparison with various small-scale sorters, inspired by [167], [168]

the complexity for the FLiMS-based merge tree (CAStree ∈ O(w log2w) (or O(w2 logw) for

the “unoptimised” tree of figure 2.5)) and the merge-capable linear sorters (O(
√
n), totalling

k sorting cells, for an input length n = k2). The complexity of the merger tree (CAStree) is

calculated as the sum of the number of CAS units (CASFLiMS) for each merger in the tree, i.e.:

CAStree(w) =

log2 w∑
i=1

(2log2(w)−i × CASFLiMS(2i))

= w

log2 w∑
i=1

(2−i × CASFLiMS(2i))

= w

log2 w∑
i=1

(2−i × ((2i) +
1

2
(2i)× log2(2

i)))

= w

log2 w∑
i=1

(20) +
w

2

log2 w∑
i=1

(log2(2
i))

= w log2w +
w

2

log2 w∑
i=1

i

= w log2w +
w

4
(log2

2w + log2w)

=
5w

4
log2w +

w

4
log2

2w ∈ O(w log2w)

(5.1)

A sorter is fully-streaming when processes consecutive chunks without the need to wait in-

between [167]. The proposed design is fully-streaming for chunks of size k =
√
n (phase 1).

During phase 2, the logic is being reused for merging, unless we double the logic (see section

6.2.4). When processing multiple chunks separately, the overall throughput is getting halved.
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For data that fit on-chip (k2), in contrast to [168], there is virtually zero latency between reading

all the unsorted data and writing the result (challenge C1).

Finally, this proposal is the only studied small-scale sorter to provide the merge functionality.

It can be used recursively to sort an input of arbitrary size. This makes this solution applicable

to the following sorter classification as well (challenge C4).

As a large-scale sorter

Large-scale sorting, also known as external sorting, refers to sorting of off-chip memories by

using external interfaces (see background sections 2.3.4 and 2.3.5). The proposed sorter achieves

both many-leaf sorting for minimising data passes, and high-throughput for saturating the

available bandwidth (challenge C1). In terms of logic complexity, it is inferior to other many-

leaf mergers. The number of comparator cells in many-leaf mergers [42], [76] is log2 k, whereas

the proposal requires a comparator per list. However, the related work (2.3.2 to 2.3.4) require

and assume pre-sorted sequences, making them more appropriate for merging only. In many-

leaf sorting a small-scale sorter is required to be present anyway, and for small-scale sorting,

the proposal offers improvements over the related work.

With respect to alternative non-merge-based end-to-end large-scale approaches, there are only

a few examples, including samplesort [8]. There are some considerations when using such a

non-merge based sort, such as the sampling accuracy and the applicability of the data format,

stable sorting etc. It is also not appropriate for data with many duplicates. Nevertheless,

samplesort and other solutions requiring sorting in chunks as a first step, can still benefit from

this work as an efficient small-scale sorter.

5.2 Accelerating the merge phase of sort-merge join

An efficient, high-throughput and scalable hardware design is presented for accelerating the

merge phase of the sort-merge joins [43]. Sort-merge join is one of the fundamental join algo-
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rithms and among the most frequently executed operations in relational databases. It has been

the focus in various pieces of research on FPGA use, each having their own different shortcom-

ings and usually only focusing on the sort phase. A new parallel sort-merge join architecture

is developed that provides data streaming functionality and high throughput. The key idea is

the use of a novel design for a co-grouping engine, with which the input data are summarised

on-the-fly. In this way, the operation is performed on streams of data, preserving the linear

access pattern for a more efficient movement of the data, and it also eliminates the need for

a replay buffer/cache. In contrast to related work, this approach does not make assumptions

about the value distribution of the input data and applies to any input size and width.

The result is a fully-streaming sort-merge join approach, where the merge phase is on the pro-

grammable logic. The design decisions allows merge-joins to be performed on data of arbitrary

length, width and key distribution.

The two most widely applied (equi-)join algorithms are sort-merge join and hash-join (in various

forms). Neither of these algorithms strictly dominates the other in terms of performance, and

this is especially true when considering implementation on different architectures [37]. The

usual approach in data management research is to apply hash-join when one table is much

larger than the other and the data are unsorted. Sort-merge joins are applied when the table

sizes are in the same order of magnitude or when the input tables are sorted. In this case,

the dominant performance factor is the merge phase. While there is published research on the

hardware-acceleration of the sort phase (see section 2.3), there is no significant progress on the

merge phase.

Equijoin is the task to join two tables by combining all rows that share the same value in the

join attributes. If keys appear more than once in the two tables, then the join operation would

need to create a Cartesian product of the matching rows from the two tables. As an example,

the tables A and B, containing a set of (key, value) pairs, {(2, A1), (3, A2), (3, A3)} in A and

{(3, B1), (3, B2)} in B, their join would be {(3, A2, B1), (3, A2, B2), (3, A3, B1), (3, A3, B2)}.

As this is essentially a product for rows with a matching key, supporting arbitrary product

lengths is challenging to implement efficiently on static designs on FPGAs.



5.2. Accelerating the merge phase of sort-merge join 125

On the other hand, hash-join implementations require some form of a hash-table [19]. The

input data do not need to be sorted, and for this reason they produce a random access pattern.

CPUs are an attractive platform for hash-joins, since they are equipped with mechanisms to

cope with the additional latency of accessing data in a non-linear pattern, and their main

memory system is also designed for lower latency.

The goal is to accelerate equijoin using sort-merge join on FPGAs, to benefit from the algo-

rithm’s streaming nature, while overcoming a number of related challenges found in current

research.

5.2.1 Solution

This work considers equi-joins (with the equality predicate) for a single-attribute join, which

are one of the key operations in relational database systems.

In high-level, the solution takes two sorted input streams, A and B, each containing rows of the

form < index, key >. The resulting output contains rows of the form < istart,A, iend,A, istart,B,

iend,B, key >, where istart,A, iend,A and istart,B, iend,B represent the index ranges for A and B

respectively, where the value of the key is the same. Figure 5.5 presents the inputs and outputs

of the merge-phase accelerator in high-level, where w is the degree of parallelism, and the wire

widths are multiples of the respective tuple width.

merge
join

<iA, key>
w

<iA,start, iA,end, iB,start, iB,end, key>
w/2

<iB, key>
w

Figure 5.5: High-level view of the merge-phase accelerator

Figure 5.6 presents an overview of the architecture. w denotes the degree of parallelism, or the

maximum number of elements that can be processed per cycle. This design receives either 0 or

w elements per cycle from each of the 2 inputs, while the number of rows exported in output

ranges from 0 to w/2 per cycle.

The merge-join accelerator is a modular design mainly consisting of two co-grouping engines
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Figure 5.6: Building blocks of the proposed solution

(CG), for compacting multiple tuples with same keys into row ranges, a join module, to match

ranges with same keys in the two streams, two circular queue buffers, to synchronize the co-

grouping engines with the join module, and finally multiple parallel round-robin arbiters (RR).

The latter building block is responsible for removing invalid (Null) entries while keeping the

data correctly aligned in banked memories for high-throughput processing (see chapter 4).

Following is a detailed description of the novel building blocks of the approach.

Co-grouping engine

First, the data pass through the co-grouping engine. There are two co-grouping engines, one for

each input stream. They are responsible for summarising multiple consecutive entries sharing

the same key (duplicates). The input stream is a series of < index, key > pairs and the output

is a series of < indexstart, indexend, key > tuples.

The idea is to be able to provide a high-throughput by processing multiple < index, key >

pairs per cycle, without underutilising the datapath width. For these purposes, we assume

that the data are already organised in a round-robin fashion, such as when loading consecutive

main memory locations to banked memory, or directly to this stream processor, if the platform

supports it. In order to achieve this, we use the parallel architecture as illustrated in figure 5.7.

In the first pipeline stage, there are w entities, denoted with f , that invalidate any tuples whose

key does not appear for the first time. The resulting tuples are of the form < index, key, valid >

where the < index, key > part is the same as the input (one cycle delayed). The valid bit is
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Figure 5.7: Co-grouping engine

the result of the condition (key 6= keyLeft), were keyLeft is the immediately previous key. In

order to provide the correct previous key to the top entity (f0), the last one (fw−1) also works

as a shift register, to delay the last key of the current batch by a cycle, for comparing it with

the top of the next batch. The behaviour of f is summarised in distributed algorithm 5. Figure

5.8 (left) provides a high-level illustration to associate the wire names with the ones used in

the co-grouping engine of figure 5.7.

1 input index, key, keyLeft;
2 output(< index, key >); . function representing valid output on current cycle

3 while forever do
4 receive (positive clock edge);
5 if key 6= keyLeft then
6 output < index, key >;
7 end

8 end
Algorithm 5: Entity fi algorithm pseudocode

f
i-1

f
i

f
i+1

<indexLeft, keyLeft>

key

<index, key>

keyLeft

<index, key>

gi-1

gi

gi+1

<indexstart, indexend, key><index, key, valid>

<index, key, valid>Right

Figure 5.8: Complementary figures for algorithms 5 (left) and 6 (right)

After the first pipeline stage, the parallel round-robin arbiter permutes the < index, key, valid >

tuples according to their valid bit and the last offset, so that the valid tuples will appear as

they are produced in order. For more details on the parallel sound-robin arbiter see chapter 4,
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and especially section 4.2.3 that describes its stable version for database use.

During the last pipeline stage, there are w entities responsible for resolving the indexend field of

the ranges for the duplicates and finalising the output of the co-grouping engine. The output

tuples are of the form < indexstart, indexend, key >. Each one of the gi entities receives both

the tuples in positions i and (i + 1)%w. Note that this does not require delayed input, but

there are internal state registers. The actions taken based on input and states are summarised

by algorithm 6 and figure 5.8 (right).

1 registers index′, key′, valid′; . local registers

2 input < index, key, valid >;
3 input < index, key, valid >Right;
4 output(< indexstart, indexend, key >); . function representing valid output on current cycle

5 while forever do
6 receive (positive clock edge);
7 if (valid && validRight) then . this and the next key valid

8 if key>keyRight then . the following key is smaller → no room for duplicates

9 output < index, indexRight − 1, key >;
10 else
11 if valid′ then
12 output < index′, indexRight − 1, key′ >; . commit the last saved

13 end
14 index′, key′, valid′ ← index, key, True; . save new values

15 end

16 else if (!valid && validRight) && valid′ then . no more keys equal to register key’

17 output < index′, indexRight − 1, key′ >;
18 valid′ ← False;

19 else if (valid && !validRight) then
20 . key is the lowest available in the batch → may not be the last with this value

21 index′, key′, valid′ ← index, key, True; . save new values

22 end

23 end

Algorithm 6: Entity gi algorithm pseudocode

Join module

The purpose of the join module is to get the < indexstart, indexend, key > tuples from the two

co-groupers, one for each input stream A and B, and encode the Cartesian product whenever

the key matches. This results in the output stream, which consists of tuples of the form

< istart,A, iend,A, istart,B, iend,B, key >.

The join module is based on FLiMS [36] of chapter 3, a high-throughput 2-way merger for

building hardware merge sorter trees [69]. FLiMS merges 2 sorted streams into one sorted
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stream, with a steady output rate of w entries per cycle. The idea of using an efficient merger

of 2 streams is based on the fact that, since we essentially eliminate the duplicate keys, we

will have a maximum of two identical keys consecutively, after we merge the two input lists

together. Then, we can match the grouped keys by just comparing consecutive entries in the

sorted-by-key output. Figure 5.9 provides an overview.
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Figure 5.9: Join module, for w = 8

Beforehand, the two data streams of < indexstart, indexend, key > tuples are stored in two

circular queue buffers, one for input A and one for input B. The circular queue buffers are

divided into w banks each, to provide a degree of parallelism w. On each cycle, FLiMS dequeues

a total of w heads, denoted ai and bi from inputs A and B respectively. The MAX entities

allow only the top w out of the current 2w values residing in the internal registers cAi and cBi

to pass through. The functionality of these entities is described in algorithm 7. The results

of these comparisons are also used for input control, as they are used to calculate the empty

space in the circular queue buffers.

We modify FLiMS in the following ways: 1) Every data unit needs to carry the payload, which

are the indexstart and indexend fields, as well as an extra bit to remember each tuple’s source,
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1 int i; . i is the entity tag

2 registers cAi, cBi, ini;
3 while forever do
4 receive (positive clock edge);
5 if cAi.key>cBi.key then
6 ini ← < 0,cAi>; . 0 for source A

7 cAi ← dequeue(ai);

8 else
9 ini ← < 1,cBi>; . 1 for source B

10 cBi ← dequeue(bw−i);

11 end

12 end
Algorithm 7: MAXi pseudocode, modified for equi-joins

for inputs A and B. 2) The comparators inside the CAS and MAXi entities now operate on the

key fields only. Note that the skewness optimisation presented in chapter 3 is not useful here

because the duplicates in each input stream are already eliminated by the co-grouping engine.

After FLiMS, there is the key matching stage (KM), where each consecutive pair of tuples are

compared based on their keys. The last entry/tuple is also delayed for an additional comparison

to the top of the next batch, in the cases where a matching pair is halfway through. When

there is a match, the resulting < istart,A, iend,A, istart,B, iend,B, key > tuple is produced, and the

position of the i fields are arranged according to their source bit.

Next, there are w/2 multiplexers (Mux) to reduce the output width to the maximum output

rate (w/2), based on the valid bits. This is because there should not be three consecutive

identical keys, and therefore no two consecutive matches. Finally, the join module output goes

through another round-robin module (parallel round-robin arbiter) for w/2 inputs (see figure

5.6) to remove the newly occurring sparsity and the results are saved in a banked output buffer.

5.2.2 Evaluation

The evaluation was done on Avnet’s Ultra96 development board (see section 5.1.3 for more

information on the evaluation platform). It is shown that there is up to 4.1 times speedup over

the host processor, even without accelerating the sort phase, while still taking into account the

data offloading from and to main memory in Linux.
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The current evaluation focuses on comparing single-thread (software) and one-port (hardware)

performance. Note that for the sake of simplicity and the focus on evaluating different the

input distributions, this specific implementation does not support processing during offloading.

A program written in C [169] has two functions for the same task, one is a software implementa-

tion and the other is hardware-accelerated. The code for the latter is rather simple. It initiates

some DMA copies and busy-waits when necessary. The input of the program is a text file

containing two integers per line, which represent keys from the inputs A and B. These data are

saved twice, once in a memory-allocated (malloc) space and once in a memory-mapped (mmap)

space. The first performs better for the software implementation, since it is cached, for a fair

comparison. The latter is a continuous DRAM memory location outside the kernel space, where

the Direct Memory Access (DMA) engine moves data from and into the programmable logic.

After calling the two functions individually, the expected result is the same, an array of tuples,

each carrying the 5 32-bit values. The C program is compiled using gcc -O3 -march=native.

The implementation of the merge phase accelerator is for w = 8 (256-bit/cycle), and has a clock

frequency of 136 MHz. One basic performance factor is the input size. Longer DMA transfers

are more efficient in such a heterogeneous system [77]. Here, the FPGA speedup peaks when

the DMA throughput reaches 2.1 GB/s at an input size of around 214 32-bit values, using this

operating frequency.

The performance of both software and hardware implementations also depends on the key value

distributions. In figure 5.10, there are experimental results on how the FPGA speedup varies

across different random inputs. The data are automatically generated to have some specified

characteristics. We vary the percentage of distinct keys in both inputs together, as well as

the number of key matches. The input size is fixed at 214 32-bit keys per table, to approach

saturation of the available throughput. In order to minimize any runtime noise, measures that

were taken include pinning processes, running in isolation with high priority and averaging

tens of runs per data point. As an observation, FPGA favours inputs that yield more ‘internal’

workload, i.e. many co-groupings of duplicate keys, with fewer rows in output for less inter-chip

communication.
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Figure 5.10: FPGA speedup for different key distributions

The FPGA speedup for this input design space varied from 1.9 to 4.8, with 3.4, 3.8 and 4.1 being

the lower quartile, the median and the upper quartile respectively. This peripheral consumes

about 19K LUTs and 22K FFs, which take 27% and 15% of the respective capacity for this

device, also including the AXI logic and input and output buffers.

5.2.3 Properties and related work

Regarding the inputs and output, the approach to use indices instead of passing full rows

of tables minimises the inter-chip data movement. Additionally, the co-grouping approach is

consistent with a strategy known as “late materialization” that is implemented in most modern

in-memory database systems [170]. This reduces the bandwidth needs (challenge C1), rather

than carrying entire rows through the accelerator. Not carrying entire row data also makes this

applicable to arbitrarily wide tables. According to the application’s needs the expansion could

be done on demand. Additionally, this fully-streaming functionality is agnostic to the input

length (challenge C3).

With respect to edge cases, the only unaddressed case is when the number of records with the

same key exceeds the range of the index counter (such as with 232). For instance, the width of

the index-related counters and wires need to be increased to the desired count, to support such

a case, according to the workload characteristics. Note that due to the late materialisation
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approach, the expansion of the results does not take place on the FPGA design at the moment,

hence eliminating edge cases relating to the use of buffers in related work [23].

With respect to performance, a consideration about the input could be the data skewness

problem, which is traditionally found in hardware merge sorters, as introduced in chapter 3.

It arises when the input queues are not long enough and the merger may underutilise the

bandwidth of one or more of the inputs because of the key distribution. In this design, this is

already solved efficiently by the co-grouping engine, and the queues afterwards hold co-grouped

tuples sharing the same key in single entries. Thus, the skewness optimisation of FLiMS (section

3.2.1) is not required for this use of FLiMS in the join module.

The total pipeline length is equal to:

dCG(w) + dJoin(w) + dRR(w/2) + 1

= (df (w) + dPRRA(w) + dg(w)) + (dFLiMS(w) + dKM(w) + dMux(w)) + dPRRA(w/2) + 1

= (1 + (log2(w) · (log2(w) + 1)/2 + log2(w)) + 1) + (log2(w) + 1 + 1) + (log2(w/2) · (log2(w/2) +

1)/2 + log2(w/2)) + 1

= log22(w) + 2 · log2(w) + 4 ∈ O(log2(w))

where dM(w) is the latency of the module named M as a function of w, the degree of parallelism,

a power of 2. This is if we ignore the circular queue buffer between each co-grouping engine

and the join module. Hence, the +1 is used here to represent the minimum time a tuple stays

in the queues. The tuples can stay for longer in the pipeline, according to the values in both

inputs.

With scaling the degree of parallelism w, the building blocks remain ‘feedback-less’, as with

FLiMS of chapter 3. Further optimisation of the implementation, such as to achieve a better

maximal operating frequency, is part of the future work. This includes applying the throughput

optimisation and the processing-during-offloading functionality of section propere.

In terms of hardware resources, it requires 2 sets of w queue buffers of data width 3 · 32-

bit (for the fields in < indexstart, indexend, key >) and of depth greater than 1 + (log2(w) ·

(log2(w) + 1)/2 + log2(w)) + 1 ∈ O(log2(w)), the latency of the co-grouping engine. Regarding

the LUT/FF/routing complexity, the fastest growing resources are in the CAS network of the
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parallel round-robin arbiters (PRRA). This is in O(w · log2(w)) and is an achievement over

related work on sort-merge joins [23]. Section 6.2.2 discusses a possible optimisation of the

PRRA that could reduce this complexity to only O(w · log(w)).

The hardware complexity with respect to the key-size is linear. However, if the key size is

hundreds of bits wide, the CAS units might not be able to fit under a narrow FPGA cycle. In

such cases, there are solutions for scaling arithmetic operations on wider fields [171], or breaking

the comparison in multiple pipeline stages [42], which could be evaluated in this context.

With respect to related work, there are relatively few hardware-based sort-merge join acceler-

ators, as described in the background section about joins on FPGAs 2.4.1. There is a notable

advantage in terms of applicability and scalability (challenges C3 and C4), as the competitor

sort-merge join accelerator required N2 comparators for matching keys from N rows in each

input at a time [23]. The proposed approach only needs O(N · log2(N) comparators, also while

operating on co-grouped entries. Additionally, it removes the need for a “replay buffer” which

was a bottleneck in inputs with many matches [23], due to the irregular access patterns.

As the proposed solution is the first to use late materialisation, it cannot be directly compared

to other approaches in terms of performance, unless it is compared in a realistic DBMS envi-

ronment (see section 6.2.3). Also, there are fundamental architectural differences in the related

work, such as with multi-FPGA servers [23] and experimental platforms. While a similar dis-

cussion can be made for hash-join based approaches as well, it is actually useful to have many

algorithmic options available. This is because different algorithms may be more appropriate

in different situations and input attributes, such as according to the ratio between the size of

the input tables. For sort-merge joins on FPGAs, the overall performance can still come down

to the sorter implementation, as well as the main memory throughput bottleneck, and this

approach achieves high-throughput joining as an efficient sorter add-on or for pre-sorted data.
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5.3 Accelerating distinct count

In contrast to most related work on distinct counts on FPGAs (section 2.4.4), this chapter

focuses on non-approximate methods. There are applications that having a zero margin of

error is desired, such as when specified by the requirements of the project, or to simplify the

contracting process. The solutions presented here are, thus, immune to statistical errors, as

there are no design choices concerning accuracy losses and their relationship with different input

data distributions.

We focus on 2 specialised use-cases for FPGAs: distinct count of keys with a restricted range

(section 5.3.1), and distinct count of keys with a wider range (section 5.3.2).

5.3.1 Distinct count of keys with a restricted range

When the range of a key is known and sufficiently restricted, it is possible to perform distinct

count in O(N) time, where N is the input size, by keeping a bitmap, with one bit per possible

value. A “test-and-set” algorithm could check if a key was observed for the first time by setting

the appropriate flag and incrementing a counter on new occurrences.

In software, the considerations would relate to the main memory, as well as all architectural and

memory hierarchy implications. First, the size of the bitmap must be able to fit inside the main

memory. As bit manipulation is not that efficient on modern CPUs, the indexing is found to be

more efficient on bytes, which increases the storage by 8 (8 bits per flag). Another consideration

is the latency that comes with the random access pattern. If the bitmap is greater than the

cache size, there will be a significant miss rate, which will result in excessive DRAM accesses

and a performance overhead. The source code of a relatively straightforward implementation

in C is shown in algorithm 8.

In FPGAs however, addressing by bit can be done very efficiently. By using block RAM, which

is conventionally counted in millions of bits (Mbits), a single-cycle latency can be achieved for

a key range fitting on-chip. For the same key range, on CPUs it would require 8 times the
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1

Algorithm 8: An implementation of distinct count in C

Last-Level-Cache size for a performance in the same order of magnitude, considering that the

CPU has tens of times higher clock speed but tens of cycles latency for accessing cache contents.

As an example of a rough analogy, the ZU3EG UltraScale+ device, a relatively small FPGA

can hold around 8 Million bits, which could compete with CPUs with 8 MB of cache.

One challenge for an FPGA implementation would be to be able to introduce parallelism to this

simplistic approach of using the BRAM as a bit array to answer memberships. Without any

parallelism, it would be able to process 32-bits per cycle, regardless of the available port width.

Another challenge would be to parallelise without introducing any redundancy in BRAM space,

as BRAM natively allows 1 write and 2 reads per cycle (per block, and on popular architectures

such as Xilinx UltraScale+).

Figure 5.11 presents a high-level overview of a proposed solution as a pipeline, for an input

consisting of four 32-bit keys per cycle, totalling to 128-bit in the datapath as an example.

First, each of the four keys are sent to a group of four FIFO queues, with a condition that

the last two bits of the key should be equal to the ID of the FIFO in the group. Then, each

round-robin arbiter dequeues the next available key from four FIFOs consisting of keys of the

same last-two-bit combination using a round-robin priority. The selected four keys from the

round-robin arbiters now have different last two bits, one combination for each of the four

BRAM partitions. A “test-and-set” arrangement tests for the first occurrence of each key, and

a counter is incremented on each bit flip. Finally, an adder provides the distinct count of all

partitions, by adding all four immediate distinct counts.

In this way, when the data is close to evenly distributed with regards to the last two bits of the
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Figure 5.11: High-throughput design of distinct count on FPGAs, w = 4

keys, this design is able to process 4 keys per cycle, using a BRAM space of exactly as many

bits as the range of the keys. Not exchanging BRAM space for throughput can be crucial to

the applicability to the task, as the BRAM of the FPGA can be seen as a precious resource in

such specialised uses with a restricted key range.

We evaluate this design on Ultra96, working as an AXI peripheral controlled by a C callable

function on a dedicated address space, with a direct memory access (DMA) engine facilitating

the transfers to the design. A stall signal is generated so that it goes high when the FIFOs

cannot fit an additional AXI burst, as AXI bursts cannot be terminated early [172]. This

design has an operating frequency of 125 MHz and around 2 GiB/s theoretical peak bandwidth

of the 128-bit port. We compare the results to the single-core implementation in C, as shown in

algorithm 8. The FPGA results are compared to a system with an Intel i7-8809G, a CPU with

a high single-thread performance, running at 4.2 GHz and with a more sophisticated memory

hierarchy. With respect to the input, we vary the number of inputs, as well as the range of the

keys.

Figure 5.12 illustrates the results of the design exploration of the input as a way to compare

the performance of the FPGA design and the software alternative. The first two colormaps
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Figure 5.12: High-throughput distinct counter performance for different inputs

show how the achieved throughput varies according to the input size and key range. As an

observation, the FPGA throughput is highly influenced by the input size, and this is because

the DMA engine is most efficient on longer transfers. At the same time it is also not dependent

on the input range, as the entire BRAM is accessible in under one cycle latency, with the

exception of key ranges 1 and 2, which only utilise a quarter and a half of the partitions

respectively. These exceptions also represent the worst case performance, when the last two

bits are not evenly distributed. On the other hand, the CPU is similarly affected by the input

size, but longer input probably also improves the performance of its adaptive mechanisms such

as prefetching etc. The highest achievable throughput in the FPGA design is 1.75 GiB/s, while

on the CPU it is 6.4 GiB/s. Notably, unlike the FPGA, the cache hierarchy limitations are

reflected (roughly) on the throughput values through the key ranges. As a flag is represented

by a byte, 32 KiB for L1D cache translates to a degradation near past 215, 128 KiB for L2

cache near 217, and 8 MiB for Last-Level cache (LLC) near 223, if we extrapolate the y axis.

Finally, the third colormap is a combination of the first two colormaps to show the speedup of

the FPGA. For longer inputs, the performance of the FPGA is close to the one of the CPU,

but is much higher on medium input sizes, such as 252x for 1024 elements, and for lower power.

A higher-end FPGA is seemingly going to show further benefit by having more BRAM than

the equivalent space available in the last-level cache of the CPU. One consideration for this

case would be the scalability to a wider key range with more BRAM. While addressing by bit

was feasible in the evaluation on this FPGA and key range, the additional addressing logic for

a wider range could lengthen the critical path, resulting in a timing overhead. However, in
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terms of scalability to the problem size, the proposed design supports arbitrary input sizes, and

the restricted range aspect still applies to big data. The main disadvantage of the proposed

approach would be the need to reprogram the FPGA per query, in order to initialise all flags

in BRAM to 0, which takes a few hundred milliseconds.

Note that both the CPU baseline and the proposed approach do not need a flag counting step

at the end, as the counting is done progressively. Otherwise, following a final flag counting step

would be disproportionately expensive for smaller problem sizes for a fixed key range (yielding a

time complexity of O(N+M), where M is the key range). On CPUs, there are bit manipulation

intrinsics that could be used to accelerate this final phase [109], such as with Hamming weight

(popcount) instructions. Future work could elaborate on fine-tuning a bit-manipulation-based

approach on CPUs, as well as with multi-threaded implementations, for improving the software

baseline and cache efficiency.

As a conclusion, fully exploiting the BRAM on the FPGA can make it very competitive for

this specialised big data task, with some potential shortcomings such as the reconfiguration

time. This approach directly addresses the inter-chip communication challenge (C1), although

it benefits from a reduced applicability (C3) through this specialised use case.

5.3.2 Distinct count of keys with a wider range

A solution for performing distinct count on input with a wider range is to first sort the data

and then process the sorted data. When using sorting, the main complexity would be that of

sorting, and this also applies to an equivalent CPU implementation. Essentially, the main focus

for performance comparison would shift back to sorting, which is used as a means to linearise the

access pattern for both the FPGA and CPU implementation, as the post-processing (distinct

count) is found to be done efficiently enough. The post-processing step on the FPGA can be

”hidden” by including it in the pipeline.

This specific task would be a rather trivial sorter add-on to implement and evaluate, and

comparing it with differently optimised software is outside of the scope of the thesis. Thus, it is
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omitted in favour of a variation that is closer to real-world applications and is more demanding

computationally. The following section presents a variation of distinct count, also with keys of

a wider range. It also demonstrates how task-pipelining on the FPGA can eliminate the need

to wait between sort and distinct count, and achieves to turn the spotlight back to sorting.

5.4 Accelerating distinct count with groups

An emerging expensive operation is to find the distinct count of keys per group, as in the

industrial setting of section 1.1. The input is a list of < group id, key > pairs, with each field

being 32-bit wide, totalling 64-bits per pair. The resulting data are 64-bit-wide pairs as well,

with the last 32-bit value representing the distinct count of the respective group. For instance,

the distinct count of the list (A1, A2, B2, B2, C3, G4, G5, G7) is (A2, B1, C1, G3).

5.4.1 Design

The proposed hardware accelerator, illustrated in figure 5.13, uses parallel round-robin arbiters

(chapter 4), plus some adopted building blocks from the co-grouping engine [43] (section 5.2.1)

to perform this task as a non-blocking high-throughput stream processor. The output of the

merge sorter (section 5.1) bypasses the distinct counter, until the last pass takes place, when

the sorted output gets its final form to be processed on-the-fly.

The functionality of this pipeline goes as follows. First, the f ′i modules invalidate duplicate

occurrences of the same < group id, key > combination. This is achieved by comparing each

entry with its immediate predecessor, as the stream is already sorted. Similarly, the f ′′i modules

only allow unique group ids to pass, but with an index appended, representing their order

just before removing duplicate group ids. Distributed algorithms 9 and 10 summarise the

functionality of modules f ′i and f ′′i respectively.

Finally, the g′i modules subtract the indices of consecutive < group id, index > entries to

provide the final distinct count per group id. The algorithm of g′i entities is very similar with
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Figure 5.13: Distinct counter engine

1 input group id, key, group idLeft, keyLeft;
2 output(< group id >); . function representing valid output on current cycle

3 while forever do
4 receive (positive clock edge);
5 if < group id, key > 6= < group idLeft, keyLeft > then
6 output < group id >;
7 end

8 end

Algorithm 9: Entity f ′i algorithm pseudocode

1 int i; . i is the entity tag

2 register index=i;
3 input group id, group idLeft;
4 output(< group id, index >); . function representing valid output on current cycle

5 while forever do
6 receive (positive clock edge);
7 if < group id > 6= < group idLeft > then
8 output < group id, index >;
9 index+ = w;

10 end

11 end

Algorithm 10: Entity f ′′i algorithm pseudocode

the algorithm 6 of gi (now with keys referring to group ids). The only difference is in the

output function, where now instead of providing both the indexstart, indexend, the indexstart
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field is now subtracted from the indexend field, for providing the distinct count per group id.

Any occurring sparsity is removed using parallel round-robin arbiters. The parallel round-robin

arbiters (chapter 4) rearrange arriving entries to achieve a round-robin arbitration effect to the

output, but with full throughput.

5.4.2 Evaluation

The evaluation methodology is the same as with the proposed hardware sorter (section 5.1).

The design is an add-on of the provided merge sorter, enabled on the last pass of merging, for

64-bit entries.

In order to estimate the performance under different inputs, we average multiple runs of two

opposite cases. One with 100% unique groups, that consumes the most time, as the number of

lines in output is the same as sorting. The second type of input is with near 0% unique groups

(all duplicates), which outputs a couple of lines in the last pass, maximising the FPGA workload

ratio to data movement. The performance variation between the two types is relatively small,

as sorting still takes the majority of time. This is especially true for inputs that require more

than one pass, because the data movement savings actually happen only during the last pass,

and also the CPU performance improves for many duplicate values as well.
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Figure 5.14: Distinct count performance

Figure 5.14 and table 5.3 summarise the results of this exploration. The steps are from the
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sorter requiring multiple passes, such as after 214 (as in figure 5.4 for a stand-alone sorter). The

average speedup of the selected configuration over std::sort() plus distinct count on the A53

core reaches up to 27 times, for 16384 tuples, and over 9 times for the other input lengths.

Sorter configurationa Vivado 2019.2 report FPGA Speedup overc

fmax′b A53 i7
k w d r LUT FF BRAM (MHz) Min Max Min Max

128 2(×2) 64-bit 4× 35K 50K 120 250 9 27 3 12
(with distinct counter)

aFeaturing the skewness optimisation (see section 3.2.1) and no payload.
bNearest lower frequency to fmax evenly dividing 1500 MHz.

cMax. is at input size k × k (1 pass). Min. only refers to > 1 passes.

k: chunk size of phase 1, w: parallelism degree, d: data width, r: input buffer rate.

Table 5.3: Results summary for full system 64-bit sorting with distinct counter

Not shown in the figure are the performance variations between the different input types. Most

of the variation happens at 16384 (single pass), where the 27 times speedup is actually the

average of around 24 and 30 times for the inputs with 100% unique groups and near 0% unique

groups respectively. For a lengthier input, this sorter performs more than one data pass, and

the variation of input becomes less noticeable. This is because the transfer-time savings from

removing duplicates in the output only happen during the last pass.

5.4.3 Comparison to related work

While there are many works focusing on approximate solutions, there are only few concerning

exact results, including in a database context (see section 2.4.4).

This section presented an alternative approach to building custom cache hierarchies using con-

tent addressable tables (CATs), as in [29]. The idea behind CAT-based approaches is to

perform “GROUP BY”s and/or answer set membership queries using hashes, that induce a

random memory access pattern. The reduced memory performance is then dealt with multi-

threading on the FPGA, to be able to saturate the bandwidth. Such approaches are more prone

to the data distributions, in the same way a working set might be larger than CPU caches [14].

The proposed design is analogous to sort-merge joins as opposed to hash joins [27], as the most
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expensive part of the computation here is dealt by the sorter accelerator.

Advantages include more deterministic performance for different distributions (but relying more

on the sorter performance), simpler designs (no need for caches), scanning access patterns,

effortless high-throughput (no need for multi-threading), and modularity. Thus, the main

challenges that are addressed are the inter-chip communication (C1) and development (C2),

as well as applicability (C3). This approach is especially useful when a sorter or sorted data

are already present, such as through using sort-merge joins, and the overhead of including such

a sorter add-on would be minimal. A disadvantage would be the requirement to sort first.

Special use cases such as in section 5.3, can still yield a working set small enough that all the

required data fit on-chip, that would perform better without the need to sort for linearising the

access pattern.

5.5 Summary

This chapter introduces novel designs for full-system hardware sorting, equi-joins (using sort-

merge join), distinct count and distinct count with groups.

It presents a novel hardware sorter [32] (section 5.1) adaptable to different input-sizes, band-

width and use cases. As a small-scale sorter, it has a competitive combination of logic, storage

and time requirements, but also works as a merger of multiple input lists. The merging capa-

bility was embedded to the linear sorter, to enable scalability to arbitrary problem sizes. The

approach to use a parallel merge tree to combine single-rate mergers provides a way to saturate

the bandwidth while still performing many-leaf merge. An open-source script [163] generates

Verilog code for a sorter of a custom degree of parallelism, merge capacity, data and payload

width. The performance on the evaluation platform was up to a 49x speedup over std::sort()

and up to 19x over std::sort() when running on a different system with an i7 processor.

A merge join approach is introduced [43] (section 5.2), applicable to data of arbitrary length,

depth and distribution. The open-source implementation [169] yields a median speedup of
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3.8x times on the evaluation platform. Though, it is here evaluated out-of-context, with more

potential for larger devices, where the sorter can also reside for achieving direct task-pipelining.

The range-restricted distinct counter (section 5.3.1) introduces a BRAM organisation inspired

by network switches to achieve high-throughput, by being able to process all data in streaming

fashion. This achieved a speedup of up to 252x over the Intel i7-8809G in a system with more

advanced memory, though the performance advantage of this approach depends heavily on the

input length and range size.

Finally, a novel design is presented for implementing the “distinct count with groups” task (sec-

tion 5.4) for arbitrarily long data, that utilises the “parallel round-robin arbiter” for achieving

non-blocking and high-throughput computation. This accelerator is designed to extend the

merge sorter pipeline, and is activated on the last pass of the data, when the data will be

sorted in their entirety. This approach achieved 9x to 27x speedup on the evaluation platform,

and 3x to 12x over the i7 for 64-bit input, mostly depending on the sorter implementation.

The presented techniques for processing data in streaming fashion with high-throughput, as well

as the approach to implement sorter add-ons, can be used more widely to linearise the access

pattern of other data aggregation problems and achieve high-performance in heterogeneous

systems. It is demonstrated with two use-cases how the “parallel round-robin arbiter” (see

chapter 4) is useful for such join or aggregation tasks as found in relational databases.
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Conclusion

This PhD introduces novel parallel algorithms and FPGA designs for big data analytics accel-

eration that take into consideration common platform limitations. The presented designs ac-

celerate time-consuming database operators such as sorting, sort-merge join and distinct count,

with notable improvements over the state-of-the-art where applicable, including on resource

and time complexities.

These accelerators make use of two novel fundamental building blocks, the FLiMS lightweight

merge block and the parallel round-robin arbiter. They are shown to have a wide applicability

to different problems, including in databases, network switches and single-instruction multiple-

data (SIMD) algorithms for CPUs. The preferred methodology on acceleration was to use

algorithms that stream sorted data through a wide datapath, for being scalable to input of

arbitrary size and future high-bandwidth datapaths. The presented techniques for building

high-throughput stream processors can be used to build novel scalable designs for different

aggregation tasks.

Finally, embedding small FPGAs as reconfigurable SIMD instructions in CPUs is predicted

to be a viable future path for big data acceleration, by solving the inter-chip communication

challenges. Communication is one of the most important bottlenecks for accelerating big data

analytics using FPGAs, that also expands into development challenges, high deployment cost

and scalability, portability and applicability limitations. Simodense, a novel RISC-V softcore is

146
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presented in appendix C, that is optimised for exploring custom SIMD instructions. The goal

of this softcore was to help improve the research for novel SIMD instructions, though section

6.2.5 elaborates on the future work required to support reconfigurable instructions in high-end

CPUs.

6.1 Summary of contributions

This section briefly lists the contributions of the thesis, alongside their respective addressed

research challenges (as introduced in section 1.2): C1 communication, C2 development, C3

portability, applicability and C4 scalability.

• FLiMS, the high-throughput 2-way merger that is the most hardware-efficient building

block to date for building merge sorters using merge trees. (C3, C4)

• Variations of FLiMS for optimising it for skewed datasets or supporting stable sort, to

widen its applicability for different big data applications. (C3)

• Correctness proofs for non-trivial aspects of the novel designs, and theoretical and exper-

imental comparison with the state-of-the-art.

• The SIMD application of FLiMS for accelerating merge sort in modern CPUs. (C3)

• The linear sorter modification to become merge-capable that allows using it both as a

small scale sorter, as well as a many-input merge sorter. (C3)

• The approach to combine single-rate many-leaf sorters, with a smaller parallel merge-tree,

to overcome the many-leaf vs high-throughput trade-off found in related work. (C1, C4)

• An end-to-end sorter design with better combination of asymptotic complexities than the

related work. (C1, C3)

• The parallel round-robin arbiter, which provides a load balancing scheme assisting high-

throughput computation, without relying on multi-tasking or data partitioning. (C1,

C2, C4)
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• The combined variation of parallel round-robin arbiter, which yielded 1.7 Tbps aggre-

gate throughput for a 16-port FPGA-based network switch, also with better algorithmic

performance than traditional scheduling algorithms. (C1)

• Novel designs for accelerating the merge phase of sort-merge join using late materiali-

sation, making it efficient for inputs of arbitrary length, data distributions and format.

(C3, C4)

• Non-approximate methods for computing distinct count under different problem specifi-

cations on FPGAs and comparison with CPU performance. (C4)

• Insights on supporting reconfigurable SIMD instructions in future generations of general

purpose processors (CPUs) through the discussions of section 6.2.5 and appendix C. (C1,

C2)

6.2 Future work

There are many ways the discussed topics can be expanded. The following ideas and preliminary

experiments also have as a goal to further address the aforementioned research challenges C1-

C4.

6.2.1 Further optimisation

One interesting way the current material could be expanded is through additional optimisation,

mainly targeting challenges C3 and C4. Finding ways to reduce the logic requirements while

keeping high timing performance would be ideal to increase the applicability and scalability of

such designs to a broader range of FPGAs and ASICs.

In some cases it may be easier to see that there is a form of redundancy in the logic or data.

Such case is with the combined parallel-round robin arbiter (CPRRA), where the same batch of

packets is broadcasted to multiple sets of barrel shifters, for rotating them in different amounts.
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The barrel shifters are currently the biggest contributor to the hardware complexity of CPRRA,

and would be desirable to reduce.

Optimisation can be challenging, such as by having an exponentially growing design space for

exploration, where brute force is not practical. Thus, other exploration techniques could be

followed, including evolutionary algorithms. It would also be interesting if a commercialisation

of quantum computing would lead to a revolution in logic optimisation and place-and-route

tools for FPGA development, or replacing FPGAs entirely in some domains.

6.2.2 Optimising the parallel round-robin arbiter

One example for further logic optimisation is about the parallel-round robin arbiter (chapter 4),

mainly concerning challenge C3. This section provides an alternative implementation for the

(non-combined) parallel round-robin arbiter that has less routing complexity, but its control

logic requirements seem too high for a practical use on FPGAs (at least when scaling to higher

numbers of ports). If the control logic complexity is ignored, parallel round-robins arbiters can

be implemented with much fewer 2x2 switches, by using an inverse butterfly network (butterfly

networks are also referred to as banyan or omega networks in different contexts [173], and the

inverse prefix is sometimes called reverse).

Butterfly networks have log2(N) parallel stages, where N is the number of inputs. They can

perform (an interesting) subset of all possible permutations of the input. Therefore, they

are known as blocking networks, and this is easy to prove (the number of possible switch

configurations is smaller than the number of possible permutations of the input, e.g. 23∗8/2 =

4096 < 8! = 40320 for N = 8). The network topology of the butterfly network can also be

found in the bitonic sorter [61] as a building block. It is also the CAS-network found in FLiMS

(chapter 3), which is able to sort any bitonic sequence.

Figure 6.1 shows a butterfly network, as found in the bitonic sorter, as well as a reverse butterfly

network. The yellow box on the bitonic sorter indicates one of its two equally-sized butterfly

networks near its output. The preferred visualisation of the butterfly network in the figure is
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Figure 6.1: Butterfly network (a) as found in a bitonic sorter (b), and reverse butterfly (c)

not a conventional one that uses 2x2 switches [173], and this is to focus on the relevance to the

bitonic sorter. Still, instead of compare-and-swap (CAS) units of the sorting networks, that

operate on the magnitude of the input, the butterfly network uses 2x2 switches (visualised with

connected squares instead of circles). There is a single control bit for every 2x2 switch, with a

high value denoting a swap, and a low value denoting simple forwarding.

In the butterfly network case, a widely used algorithm [174] for the input of the control bits is

a bit from the value. More specifically, the MSB of the values are for the switches of the first

stage, MSB-1 for the switches of the second stage, and so on. If the inputs are a permutation of

indexes (0 to N-1), this becomes a permutation network, but not for all possible permutations.

In the cases of the inverted butterfly networks, in the studied use cases, the input of the control

bits of each switch is more complex.

An already-studied use case for the inverse butterfly network is for implementing rotations [175].

The control logic is more complex than the barrel shifters, but the resulting circuit is close to

that of barrel shifters, with log2(N) steps. However, the implementation of barrel shifters is

found to be more lightweight on ASICs, due to the optimisation to combine multiplexers [157].



6.2. Future work 151

in0

in1

in2

in3

0 1 2

out0

out1

out2

out3

stages

a) Rotator

in0

in1

in2

in3

0 1 2

out0

out1

out2

out3

stages

b) Parallel round-robin arbiter

r1r0
X 1

r1r0
X 1

r1r0
1 X

r1r0
0 1
1 0

v3v2v1v0 r1r0
0 0 X X X 1
1 0 0 0 X 0 
X 1 1 0 X 0 
X 1 0 1 X 0 
1 0 1 1 X 0 
X 1 0 0 X 1 
1 0 1 0 X 1 
1 0 0 1 X 1 
X 1 1 1 X 1 

v3v2v1v0 r1r0
X X 1 0 X 0 
X X X 1 X 1 

v3v2v1v0 r1r0
1 X 0 X 0 X 
X X 1 X 1 X 

v3v2v1v0 r1r0
X 1 X 0 0 0 
X 1 X 0 1 1 
X X X 1 1 0 
X X X 1 0 1 

Figure 6.2: Reverse butterfly working as (a) a rotator, (b) a parallel round-robin arbiter

Figure shows the switch control logic required to implement a (a) rotator and (b) a stable

parallel round-robin arbiter for four inputs. Since espresso [176] was used to derive the truth

tables after exhaustive search in custom python code, the control logic is here expressed in

disjunctive normal form (DNF) with don’t cares (X). Each of the swap units in (a) reads the

rotation bits (r1, r0) as shown in the corresponding table, and when a row matches the rotation,

the swap is activated. For example, rotating ABCD by 1, would trigger both swaps in the first

layer, resulting in BADC, and then the first swap of the 2nd layer, resulting in DABC. This is

equivalent to the related work [157], [175], and is provided only for comparison.

In the implementation of the stable parallel round-robin arbiter (b), the logic of each swap

unit also involves the valid bits of the inputs (v3, ..., v0) from the previous stage. An example

execution is provided for the input A BC, where “ ” is here for in1 not being valid, and a

rotation offset of 2. In the first layer the second swap unit is enabled through the rule X101

X0, resulting in A CB. Then the first swap of the second stage is activated through the line

XXX1 10, resulting in C AB at the output, which is a concentration of the input starting from

a desired rotation offset.

In order to prove that the reverse butterfly network routes all desired input combinations

(passable permutations), it is enough to show that its output can be considered a bitonic

sequence with respect to the order of its input (up to one local minimum and up to one local

maximum). This is enough because regular (non-reverse) butterfly is shown to sort all bitonic
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sequences in the bitonic sorter [61], and any scheduling that would allow routing of bitonic

sequences, would also enable non-blocking routing for all bitonic sequences for sorted input,

using the inverted circuit (with its inputs and outputs swapped).

The order/magnitude of the inputs of the reverse butterfly as a PRRA can be considered to be

the port number. The possible order of the outputs can be seen as all rotations (according to

the rotation offset) of the concatenation of the valid bit and the local order (there are different

orders among the two subsets for valid and non-valid elements). For the stable version of the

parallel round-robin arbiter, the local order of the valid subset must be the same as in the input

port number. With respect to the local order of the non-valid set, the order does not matter

for the requirements of the parallel round-robin arbiter. Therefore, in order for this to be a

bitonic sequence, the local order of elements in the non-valid set is conveniently considered to

be the negative of the respective port number in input. For no rotation, the resulting output is

a bitonic sequence. This is because its form is e0, ..., en−1, en, ..., eP−1, where ei is the local order

of the ith element, and n is the number of valid inputs. The sublist e0, ..., en−1 is already sorted

according to the port number, and the sublist en, ..., eP−1 is reversely sorted and every of its

elements are below all elements in the first sublist. This only yields up to one local maximum

en−1 (or e0 when all inputs are invalid), and up to one local minimum eP−1 (or e0 when all

inputs are valid), and thus is a bitonic sequence. For all other rotations, the output will still

be a bitonic sequence, as a rotated bitonic sequence is still a bitonic sequence [134], finalising

the proof that the required permutations to implement a stable PRRA are passable inside the

reverse butterfly.

This alternative approach would reduce the amount of 2x2 switches from P/2 × (log2(P ) +

log2(P )×(log2(P )+1)/2) to only P/2×(log2(P )) for the parallel round-robin arbiter, although

the logic complexity of the control bits is not very practical for implementation, at least in its

current form. As this only considers the network complexity, it also does not calculate the

rotation offset, but it would be an interesting starting point for further optimisation as future

work.
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6.2.3 Integration to real database management systems (DBMS)

Most of the proposed designs have been evaluated in small-scale systems, including on em-

bedded platforms as a proof-of-concept. Integrating those designs to high-end systems for data

center use would be an appropriate next step, bringing them one more step closer to production.

Similarly, most of the benchmarking was done using micro-benchmarks, and would be appro-

priate to evaluate in a realistic environment, where the workload is representative of datacenter

workload. Such work would address the challenges C1, C3 and C4.

Note that due to the commercial sensitivity of the methodologies deployed in dunnhumby’s

tools, an out-of-context approach was preferred, and one of the goals of the thesis was to

present framework-agnostic solutions for a potentially wider adoption.

6.2.4 A fully-streaming merge sorter on datacenter FPGAs

Similarly to integrating to DBMS, it could be also appropriate to integrate the proposed sorter

of section 5.1 in larger-scale systems. This subsection presents a variation on the use of the

merge-capable high-throughput sorter (figure 5.3) for today’s datacenter FPGA, including a

Xilinx Alveo U280 [117], which features its own DRAM. The idea behind the proposed solution

is to use two merge-capable high-throughput sorters (here referenced as merge/sorters), to avoid

stalling between merging k-sized chunks to k2-sized chunks from BRAM to DRAM.

Figure 6.3 presents the three different phases of such an arrangement. The phases of this

approach with regard to the data movement start from 4 to distinguish from the internal

phases of the merge/sorters (figure 5.1)). In phase 4, the merge/sorter A works as a fully-

streaming k-size chunk sorter for an input of k2-sized chunk (internally as phase 1), while the

merge/sorter B merges k different k-sized sorted chunks from BRAM to FPGA’s DRAM (phase

2 internally). Phases 5 swaps the roles of the merge/sorters A and B, so that A now gets to

merge its k-size chunks, and while A is busy merging, B will be accepting the new data. The

phases 4 and 5 are interleaved on every k2 elements, resulting in k2-sized sorted chunks in

FPGA’s DRAM. Finally, in phase 6, the BRAM works as a cache, and the merge/sorters work
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Figure 6.3: Proposed arrangement for fully-streaming merge sorting

both as mergers from FPGA’s DRAM (internally with phase 3). Each of the merge/sorters will

produce a sorted chunk of up to k3 elements, and an additional FLiMS merger can be activated

in the end to produce a sorted list of up to 2× k3 elements.

An example configuration would be for 64-bit elements and k = 512. By using this approach, it

would be able to produce a sorted list of 2 GiB, only with offloading to the FPGA and reading

the data back to the host. This can be achieved without waiting in-between the transfers,

assuming non-special case data distributions, such as already-sorted. Experimental evaluation

of this design as future work would help further with scalability C4.

6.2.5 Supporting reconfigurable SIMD instructions in high-end pro-

cessors

Appendix C introduces Simodense [45], an open-source high-performance RISC-V softcore, in

an attempt to facilitate future research on novel SIMD instructions. The general idea is that,

by having small FPGAs working as custom instructions inside CPUs, all of the aforementioned

challenges can be addressed to a degree. Note that this concept also targets the development

challenge C2 more directly than other designs in the thesis, by only requiring a few low-level

lines of code to implement advanced accelerators [46]. Figure 6.4 shows a high-level example

of a hypothetical architecture that enables a simple streaming application such as prefix sum
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(see section C.3.3) to use a custom instruction implementation for computation and the CPU’s

facilities for data movement.

CPU
core

instruction slot 0

instruction slot 1

instruction slot 2

instruction slot 3

Main
memory
(DRAM)

CPU
cache

system

read

write

Figure 6.4: Reconfigurable instructions in CPUs: example data movement

Since Simodense is an FPGA-optimised softcore, it does not expose the challenges that would

need to be resolved for applying the concept to higher-end processors. Most of the chal-

lenges for supporting reconfigurable instructions in high-end processors relate to the presence

of internal states in the instruction designs. As modern operating systems need to support

context-switching for multi-processing, a thread’s state needs to be able to be resumed. An-

other case of the need to access the states of the FPGA-based instruction is when wrong-path

execution is supported, during which the processor’s pipelines need to be flushed from the

wrongly-predicted data. Resuming the state of FPGA designs can be costly, as with the pro-

vided flexibility a global access to the registers of the design is not assumed. Otherwise, a serial

storing and resuming approach would need to be followed, which would resemble bitstream

loading. Alternatively, the required states could be stored inside vector registers, for example,

but this would reduce the flexibility of the custom instructions. This could also complicate the

processor design for achieving seamless access to a high number of states in the form of data

through the instruction operands.

The higher the amount of internal states an instruction can hold, the more likely it is to achieve

accelerator-like levels of performance in CPUs. A simple analogy to support this argument is

with the design space exploration of numerous FPGA-based accelerators that exchange FPGA

resources for performance, as with the sorter design space of section 5.1.3. Avoiding inter-

nal states in instructions altogether is possible, such as through combinatorial descriptions of

instructions, but this would eliminate the flexibility of the instruction implementations. A re-

lated concern is with the size of the reconfigurable areas on the CPU, which would need further

exploration to be decided. This is because larger areas would allow more complex designs, but
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could introduce timing bottlenecks, also with respect to the reconfiguration time.

Another consideration with this approach is that CPUs operate at higher frequencies than

FPGAs. For instance, this is the reason why NEON-based (SIMD) memcpy() implementations

can achieve high bandwidth on ARM, even though a big portion of the instructions are not

directly related to the data movement itself [177]. Given that isolated or out-of-context FPGA

designs can run much faster than when integrated in bigger systems [178], the hardening of

all communication in future processors with reconfigurable instructions could further close this

gap.

Future research on using small FPGAs as instructions would be necessary to enable reconfig-

urable instructions in higher-end CPUs. This could involve novel programming models, instruc-

tion set architectures, verification techniques and other hardware and software mechanisms to

abstract and handle internal states correctly and securely.

6.2.6 FPGA-friendly cache subsystem

As discussed, the nature of the memory access patterns heavily impacts design decisions on FP-

GAs. Appendix C introduces a purpose-built cache hierarchy for facilitating high-performance

SIMD instructions on a softcore. A similar set of concepts could be applied into a compart-

mentalised IP, available for a wider range of FPGA applications. Linearising the access-pattern

and introducing additional adaptive mechanisms, such as prefetching, as plug-ins, could be very

useful for novel applications on FPGAs.

It is generally accepted that when switching the target application from a CPU to an FPGA,

there might be the need to use an entirely different algorithm as a baseline for development,

due to this limitation. For this reason, providing an easy means to efficient memory accesses,

including optimisations to the inter-connection protocol, would be an alternative path to the

more “radical” future architectural approach supported in the thesis.

Such a general cache module, could provide alternative forms of addressing, such as with content

addressable tables (CATs), which have already been used in specialised cache hierarchies [29].
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Combining advanced adaptive algorithms, such as Markov chain-based prefetching [15] in a

general purpose cache module could help accelerate more traditional software-inspired designs

for arbitrary problem sizes on FPGAs. This would ease the development of novel algorithms

on FPGAs (challenges C1 and C2).

6.2.7 ASIC equivalents and their placement in systems

One unexplored aspect of the provided database solutions, including the sorters and Simodense

(appendix C), is how they would perform as hardened circuits. While it could be relatively

straightforward to get an initial understanding of the performance, power and area requirements

using a standard cell library, it would be appropriate to also study their method of integration

in a real system.

In this scenario, a question would be whether the flexibility of FPGAs can also be of any use

other than for the proposed functionalities in the thesis. For example, a hardened (combined)

parallel round-robin arbiter could be reused in a similar way a NoCs is used in Versal FPGAs

[126] for resource sharing and other applications. A high-performance network switch with

reconfigurable regions could also prove beneficial for use in the datacenter. The latter could

be used to offer computation offloading to network switches, in order to perform aggregation

tasks, including implementing a Map Reduce model [179] in multi-node clusters and distributed

algorithms.

This future work on partly hardening FPGA designs focuses more on the data movement side

(challenge C1).

6.3 Concluding remarks

Fundamentally, FPGAs have a high potential for accelerating big data analytics and database

systems, due to their high amounts of internal bandwidth. Their usual placement as a co-

processor for accelerating specialised workloads has an overhead in development, deployment
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and performance, which is more apparent in big data analytics. However, FPGAs offer un-

paralleled amounts of flexibility internally that can sometimes mitigate the shortcomings of

inter-chip communication. Modular designs (distributed/parallel algorithms) such as FLiMS

and the parallel round-robin arbiter as building blocks are demonstrated to accelerate workloads

for arbitrarily long data with high-throughput. As the latest trend in achieving high-bandwidth

in memories and interconnects is to increase the amount of information that is passed per cy-

cle, the proposed designs aim to benefit from arbitrarily wide datapaths, rather than resorting

to multi-tasking and data partitioning. Such design choices and optimisations help increase

the number of different acceleration methodologies to overcome different restrictions of vari-

ous acceleration platforms. The approach to first sort the data in different aggregation tasks

achieves scalability to larger problems more easily, though for different problem requirements

hash or cache-based algorithms can be more appropriate. Finally, it is predicted that future

system architectures can benefit from bringing FPGAs closer to CPUs, and potentially reduce

the amount of the silicon and computing cycles required to perform big data analytics.
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Appendix A

FLiMS-based sorting function using

SIMD intrinsics and optimisation

This appendix introduces the most important parts of the design space exploration needed

for fine-tuning the FLiMS-based C++ function implementation (section 3.6). The presented

techniques were useful for deciding the final form of the FLiMS merge function, as well as the

sort-in-chunks function through bitonic sorting.

A.1 Merge function fine-tuning

First, while developing the FLiMS representation using SIMD-intrinsics, there is the question

of how wide FLiMS should be. For example, for w = 8, eight integers (32-bit-wide) would be

able to be fetched and processed by each SIMD instruction, and would be closer to a physical

representation of 8 MAX units in a single vector register. However, with the same 256-bit

extension set, it is also easy to emulate FLiMS of more inputs, such as with w = 32, because of

the regularity of the bitonic partial merge structure in FLiMS. For instance, for double width,

one more stage is added to the CAS network, and the remaining stages would use approximately

double the instructions of a single width.
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With respect to the implementation of the selector stage (MAX units), the cB is represented

in reverse, and this is also required between the vector registers holding the cB values. For

example, for w = 16 loading the first half would require fetching the second half of 8 integers,

after reversing it.

There is an alternative approach to implement the distributed part (MAX units). The idea is

to maintain vectors of seemingly independent pointers corresponding to the series of registers

cA and cB in vectors. The pointers will point to consecutive/rotated locations in the input

lists and they are updated according to the algorithm requirements (the vector of pointers for

the second list is in reverse order). This is achieved by calling mask/gather intrinsics, which

selectively update the vectors with the respective memory locations as pointed by the pointers.

As the gather instruction is relatively expensive in AVX2 [109], this approach has not been

used, even though it resembles the original distributed algorithm of FLiMS more closely.

The proposed approach to represent FLiMS with SIMD intrinsics of section 3.6.1 is scalable.

The first layers of the butterfly network are more straightforward, as the workload can be easily

split across multiple calls of the same intrinsics. For the last few, only half of the min/max result

is used, because it is found to be more costly to align the inputs for fully utilising the min/max

units instead. Figure A.1 summarises how the butterfly network of FLiMS is generated for an

increased number of inputs, and what a pair of vector registers can implement in each layer.

worth to combine halves too many instructions to combineTrivial: compare (max, min) whole vectors

Figure A.1: Vectorising the CAS network of FLiMS using min, max and shuffle AVX2 intrinsics

In principle, emulating a wider FLiMS can result in increased data locality, as more computation
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is done in registers. On the other hand, more logic needs to be represented, and the instruction

count of the loop increases, with the additional disadvantage of less-obvious data dependencies.

Since the number of vector units are limited in a processor, emulating more logic on the merge

loop can trigger more cache accesses and worsen the performance.

Figure A.2 shows how the degree of parallelism w of the emulated FLiMS influences the achiev-

able throughput on the AVX2-native processor i7-8809G, running at 4.2 GHz. The same

experiment was done using three optimising compilers and the input lists size was 224 integers,

with each point representing an average of 25 runs. A Python script was written to produce

the desired SIMD-based FLiMS for a given degree of parallelism w. For high values of w, this

resulted in tens of thousands of lines of code in C. The main conclusions are that for w = 16 or

w = 32 the throughput is the highest, and there is little variation between different compilers.
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Figure A.2: Finding the optimal w value for AVX2-based FLiMS 2-way merger

A.2 Merge function implementation using AVX-512

Next, the performance when using AVX-512 (using 512-bit vectors) instead of AVX2 is explored

individually. The equivalent Python code-generator script is developed to produce the 512-bit

SIMD code, hence starting from w = 16 for a 32-bit FLiMS. The performance evaluation was

done on an Amazon EC2 droplet featuring the Xeon 8124M, running at 3.4 GHz for single

thread, though there could be a degradation due to the multi-user environment. Figure A.3
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shows the results of this exploration (right), plus the AVX2 code on the same processor (left)

to see the benefits of using AVX-512.
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Figure A.3: AVX2 vs AVX-512 FLiMS performance comparison on Xeon 8124M

The main outcome from this experiment is that AVX-512 offers little benefits over AVX2, at

least with this processor implementation and FLiMS implementation. It is interesting that

the performance of the AVX-512 version of FLiMS peaks at w = 32, which is the equivalent

result for AVX2’s w = 16 by using double the vector width. The AVX2 version on the non-

server processor i7-8809G from figure A.2 is higher than both the Xeon 8124M experiments, as

Xeons are most optimised for multi-threading rather than single-thread performance. Still, the

advantages of AVX-512 remain questionable for this application.

A.3 Sorting in chunks using bitonic sort

Finally, for the sort-in-chunks function it is appropriate to see what is the optimal sorted

chunk size. The methodology to generate its intrinsics representation is very similar to the one

described in high-level for the butterfly network inside FLiMS. For smaller chunk sizes, there

need to be more merge iterations. For larger chunk sizes, FLiMS benefits from the streaming

access pattern, but as with FLiMS, a larger logic representation of the bitonic sorter results

in an increased instruction count and working set from more distant data localities. Since

this experiment implements the entire AVX2-FLiMS-accelerated merge sort, the baseline is
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std::sort() for unsorted input. Figure A.4 demonstrates that a sorted chunk size of 512 integers

is the optimal chunk size, for an input size of 227. The slight oscillation is expected and is due

to a temporary space optimisation for merge sort, where an odd number of merge iterations

requires an additional memcpy() at the end, as halving the chunk size increases the number of

merge iterations by one.

0

1

2

3

4

5

6

7

8

16 32 64 128 256 512 1024 2048 4096 8192 16384 32768

S
pe

ed
up

 o
ve

r 
st

d:
:s

or
t(

)

Bitonic sorter chunk size

GCC

ICC

Clang

i7-8809G (AVX2 native)

Figure A.4: Finding the optimal chunk size for the sort-in-chunks loop that uses an AVX2-
based bitonic sorter

Omitted from the presented exploration are some lower-level optimisations, including reorder-

ing the SIMD intrinsics. Such optimisations improved the performance at a lower degree,

and seemed more sensitive to the compiler, as well as the micro-architectural features of the

processor.

Here some inefficiencies can be observed, including the fact that there are two comparisons for

each CAS unit (since there are calls for both a min and max instruction). Appendix C discusses

a possible future architecture path to solve the shortcomings of vectorisation using a fixed set

of SIMD intrinsics, and demonstrates a solution for a similar use case using an FPGA-based

softcore.
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A.4 Comparing sorting performance on different micro-

architectures

The first sets of results are illustrated in figure A.5. The performance of a FLiMS-based sort

function is compared against the C++ Standard Library implementation of sorting std::sort(),

as well as a highly-optimised [5] SIMD-based radix sort implementation from Intel’s integrated

performance primitives (IPP). This is done for two Intel CPUs of different generations, the i7-

6700 on the left, and i7-8809G on the right. The y-axis represents the speedup over std::sort()

as it is a popular baseline and its performance is found to be relatively consistent across different

environments.
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Figure A.5: Comparison of FLiMS-based sorting and alternatives on Intel CPUs of different
generations

As an observation, FLiMS-based sort is consistently outperforming the alternatives on the

older generation, with around a 2x speedup over radix sort, and plateaus to around 7 times

over std::sort() for lengthier inputs. Though on the newer generation, radix sort seems to

marginally win towards the end of the x-axis range.

Some additional exploration was done to identify the reason for variation in the performance of

IPP radix sort, including manipulating the number of memory channels used by the processor.

However, the reason is still yet to be found. This could relate to the individual processor

implementation, and further investigation would be outside of the scope of the thesis.
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The results presented in this figure were based on GCC-compiled binaries, but there was rel-

atively little variation between compilers in this experiment. More generally, the performance

of FLiMS seems more consistent across different architectures and compilers, also considering

the results of sections 3.6.1 and 3.6.3.



Appendix B

FPGA-based network switch

implementations dataset

This appendix presents the dataset results of the network switch design space exploration

(section 4.5.2), which was also used in the journal extension of the network switch [44]. This is

done for the Xilinx Alveo U280 FPGA, and is summarised in Table B.1.

The first set of columns contains the network switch configuration, as well as the optimised

pipeline latency (latencyopt) after the latency reduction optimisation. The middle set of columns

contains the resource utilisation (LookUp Tables (LUT) and Flip-Flop registers (FF)) and

timing characteristics (Worst Negative Slack (WNS) and maximal operating frequency (fmax)

for an initial target clock frequency of 600 MHz, after synthesis and place-and-route by Vivado

2020.1 for U280. The final set of columns includes some additional performance metrics derived

indirectly, such as the port-to-port latency in nanoseconds, that is the latencyopt plus one cycle,

representing the minimum time a packet will stay in a queue, multiplied by the clock period.

The throughput is the product of the operating frequency and the packet size. Finally, the

last column is the product of the number of ports (P ) and the throughput, and represents the

aggregate throughput for all ports in the switch.

Not discussed in the rest of the thesis are the 32-port switch configurations, out of which only

two were successfully implemented: 256-bit switches with S=3 and S=5. Those implemen-
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Table B.1: Synthesis and implementation dataset, based on reports from Vivado 2020.1

P packet size S latencyopt LUT FF
WNS
(ns)

fmax

(MHz)
p2p lat.

(ns)
Thr.

(Gb/s)
Agg. Thr.

(Gb/s)

2 256 1 4 1877 4803 -0.89 391.44 12.77 100.21 200.42
2 2 2381 3778 -0.74 416.38 7.21 106.59 213.19
3 1 1874 2734 -0.95 382.46 5.23 97.91 195.82

512 1 4 3523 9419 -0.73 417.07 11.99 213.54 427.08
2 2 4463 7378 -1.29 338.10 8.87 173.11 346.22
3 1 3448 5294 -1.01 373.46 5.36 191.21 382.42

4 256 1 7 8516 18791 -1.28 339.60 23.56 86.94 347.75
2 4 7881 13662 -0.85 397.98 12.56 101.88 407.54
3 2 10282 11613 -1.24 343.92 8.72 88.04 352.17
4 2 8070 11490 -0.57 447.09 6.71 114.46 457.82
5 1 8236 7378 -0.93 385.41 5.19 98.66 394.66

512 1 7 15985 37255 -0.84 398.46 20.08 204.01 816.04
2 4 14815 27038 -0.94 384.07 13.02 196.65 786.58
3 2 19158 22990 -0.93 384.96 7.79 197.10 788.40
4 2 14975 22754 -0.97 378.98 7.92 194.04 776.15
5 1 15092 14546 -0.91 388.25 5.15 198.78 795.13

8 256 1 10 40783 84236 -0.80 405.24 27.14 103.74 829.93
2 5 45283 60522 -1.13 357.44 16.79 91.50 732.04
3 4 38223 44037 -0.97 379.27 13.18 97.09 776.74
4 2 38678 39763 -1.74 293.20 10.23 75.06 600.47
5 2 38864 39498 -1.88 282.11 10.63 72.22 577.77
6 2 41234 39404 -2.15 261.73 11.46 67.00 536.03
7 1 41967 22920 -3.07 211.03 9.48 54.02 432.19

512 1 10 80856 167505 -1.75 292.34 37.63 149.68 1197.43
2 5 91110 120289 -1.55 311.17 19.28 159.32 1274.56
3 4 77778 87547 -1.66 301.05 16.61 154.14 1233.12
4 2 77068 78933 -2.25 255.45 11.74 130.79 1046.32
5 2 80418 78575 -2.55 237.44 12.64 121.57 972.54
6 2 79612 78398 -3.79 183.43 16.36 93.92 751.33
7 1 79476 45429 -5.31 143.38 13.95 73.41 587.27

16 256 1 14 172923 380475 -2.70 228.90 65.53 58.60 937.59
2 7 170927 229670 -4.81 154.40 51.81 39.53 632.42
3 4 174724 154347 -4.18 171.04 29.23 43.79 700.57
4 4 172916 155476 -3.17 206.97 24.16 52.98 847.74
5 3 182177 150602 -5.84 133.21 30.03 34.10 545.65
6 2 179797 145789 -5.18 145.99 20.55 37.37 597.99
7 2 174749 145038 -6.81 117.97 25.43 30.20 483.21
8 2 176048 144270 -5.79 134.14 22.36 34.34 549.45

512 1 14 339176 754511 -4.07 174.23 86.10 89.20 1427.26
2 7 334309 452424 -3.19 206.11 38.81 105.53 1688.49
3 4 341205 304413 -5.58 138.03 36.22 70.67 1130.76
4 4 334730 304384 -4.96 150.97 33.12 77.30 1236.78
5 3 362053 295889 -10.03 85.53 46.77 43.79 700.67
6 2 340507 287664 -8.16 101.73 29.49 52.09 833.40
7 2 351596 287648 -12.31 71.56 41.92 36.64 586.25
8 2 339829 287632 -8.45 98.87 30.34 50.62 809.91

32 256 1 20 796403 1718863 - - - - -
2 10 921362 1129280 - - - - -
3 7 881187 848720 -19.08 48.21 165.95 12.34 394.92
4 5 827109 577687 - - - - -
5 4 795848 569310 -24.2 38.66 129.33 9.90 316.70
6 3 927131 559998 - - - - -
7 3 799999 559967 - - - - -
8 3 840207 559936 - - - - -

512 1 20 1582246 3426381 - - - - -
2 10 1823635 2251584 - - - - -
3 7 1831691 1692494 - - - - -
4 5 1684437 1150937 - - - - -
5 4 1578126 1134558 - - - - -
6 3 1839919 1117059 - - - - -
7 3 1589338 1117030 - - - - -
8 3 1688442 1116992 - - - - -

tations used special Vivado directives (such as AlternateRoutability, ExploreSequentialArea,

SSI SpreadLogic high, SSI SpreadSSLs or AggressiveExplore) to overcome some routing com-
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plications from using multiple Super Logic Regions (SLRs). Although modular, the switch

design requires frequent communication between modules. This becomes less of a problem

when most logic fits inside a single SLR, such as for P ≤ 16 on U280.

The rest of the data points used the default Vivado directives without any aggressive optimisa-

tion, with the exception of 512-bit switch designs for P=8/S=2 and P=16/S=2 and S=6, that

were initially outliers, possibly relating to the performance of the tool heuristics in place-and-

route.

With respect to the switch configuration, one observation is that there are different values

of S for the same P, that map to the same latencyopt. This correctly follows the respective

formula. However, those designs with the same number of pipeline registers are not equivalent,

hence the marginal differences in the resource utilisation and other metrics. This is because

their pipeline registers can be in different placements, due to the different compulsory register

position. In contrast, when S is sufficiently large, the latencyopt becomes equal to 1, in which

case the only register remaining is the compulsory register. In the latter case, the designs with

a single pipeline registers are equivalent, as the compulsory register position is a function of P.

For this reason, the redundant data points have been removed from the table, hence the points

for P=2 stopping at S=3, for example. The design space originally included S values ranging

from 1 to 8.



Appendix C

Exploring a possible future path for

CPUs to accelerate big data analytics

Modern general purpose CPUs support a variety of single-instruction-multiple data (SIMD)

instructions [109] as a way to accelerate applications that exhibit high data-level parallelism.

Although there can be notable performance improvement in certain applications [5], the in-

struction set can become bloated with overspecialised instructions [180], and sometimes it is

still difficult to express efficiently a parallel task using a fixed set of SIMD intrinsics [181].

As an alternative acceleration platform, FPGAs can achieve impressive processing performance

in specialised tasks [11], [182]. They have been getting attention for use in the data center,

with numerous industrial and academic solutions focusing on processing big data [25], [26],

[41]. However, the combination of specialisation and their placement in highly heterogeneous

systems has considerable development and deployment costs.

In combination with the openness of the RISC-V instruction set, and its support for custom

instructions [183], this is a great time to start considering custom SIMD instructions on general

purpose CPUs. Small FPGAs can be integrated, to implement custom instructions [180] and

are demonstrated to improve the performance over existing extensions significantly [184], [185].

In the literature, the exploration of custom instructions on CPUs, and specifically SIMD, is

rather limited, even though small reconfigurable regions working as instructions is a promising

192
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idea and possibly the future of acceleration.

This appendix presents Simodense, an open-source RISC-V softcore that is optimised for explor-

ing custom SIMD instructions. In order to achieve high throughput for streaming applications,

the focus was given on the cache hierarchy and communication. The framework allows easy

integration of custom vector instructions and evaluation in simulation and hardware. A num-

ber of microarchitectural features, such as the vector register width, can be conveniently set by

parameters before implementation. Finally, examples of custom instructions are evaluated and

utilised for providing insights on introducing small FPGAs as execution units in CPUs. The

exploration was done on a Zynq UltraScale+ FPGA, where the FPGA with the softcore shares

the same DDR4 memory with the embedded cores, allowing a direct comparison.

With respect to the contributions of this project, an open-source [186] softcore framework is

provided for evaluating novel SIMD custom instructions, as well as design choices for maximis-

ing streaming performance (sections C.1, C.3.1). A set of non-standard instruction types is

presented to enable optional access to a high number of registers for expressing complex tasks

with fewer instructions (section C.2.1). A clean Verilog template for custom acceleration as an

SIMD ISA extension is proposed for use in such a lightweight softcore (section C.2.2). Last, a

demonstration of the approach with novel SIMD instructions is provided (section C.3.3), with

promising performance gains for memory-intensive applications.

This appendix is based on the paper “Simodense: a RISC-V softcore optimised for exploring

custom SIMD instructions” [45], (and its workshop version [46]).

C.1 Simodense microarchitecture

The proposed softcore supports the RISCV 32-bit base integer instruction set (RV32I v. 2.1),

plus the “M” extension for integer multiplication and division [183]. The novel features of

the proposed approach include a series of design choices to: (1) enable high-performance for

custom vector instructions and streaming applications; (2) allow efficient implementation on
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recent FPGAs by enhancing the block RAM (BRAM) organisation and the behaviour of the

inter-chip communication.

C.1.1 Cache hierarchy optimisations

On the first level, there is an instruction cache (IL1) and a data cache (DL1), and on the sec-

ond level there is a unified last-level cache (LLC). LLC responds to requests from both IL1 and

DL1. It communicates in bursts to DRAM through an interconnect such as AXI. It resembles a

modified Harvard architecture, as the address space is common between data and instructions.

Figure C.1 provides a high-level example for the data communication throughout the cache

hierarchy in the evaluation platform (Ultra96).

Last-Level Cache (LLC)

Programmable logic

2GB DDR4 Main memory

CPU

A53

A53

A53

A53

Figure C.1: Data movement in an example configuration

All caches use the writeback policy, with the exception of the IL1 cache, where writing is not

needed. This is achieved by storing a dirty bit alongside each stored block, to acknowledge

modification. While DL1 and LLC are set-associative caches, the IL1 is direct-mapped for fast

lookup of the next instruction, to avoid a stall on instruction hits.

The LLC is implemented in block memory (BRAM), to accommodate the high capacity of

the last level. The IL1 is implemented in registers for a reduced latency, in order to be able

to provide the successor instruction immediately on the next cycle, if it is a hit. The DL1 is
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implemented in BRAM by default, although changing the implementation directive to registers

yields similar performance and utilisation results, due to its relatively low size.

At the set-associative caches (DL1 and LLC), each block can be allocated into multiple possible

ways, represented by different parallel block RAM sections. The block replacement policy for

these caches is not-recently-used (NRU). It uses one bit of meta-information per block [187],

but closely resembles the Least-Recently-Used (LRU) eviction policy. In some cases, it is also

known to surpass the performance of LRU, and is also equivalent to other approximations of

LRU when implemented with a single bit per block, including SRRIP [16]. The choice of a

replacement policy can be crucial to the performance of streaming applications, due to the wide

data blocks and the reduced cache space on the FPGA. For instance, a random policy would

stagnate the bandwidth for memory copying (memcpy()), when the source and destination are

aligned.

A series of design choices are presented for optimising the performance and applicability for

streaming SIMD applications and FPGA implementation.

Level-1 block size

One optimisation is to set the block size of the DL1 to be equal to the vector register width,

such as 256 bits. This is because a wider block size would require an additional read on each

write, from the cache of the higher level, so that the entire block becomes valid. When the

data are from vector registers and are properly aligned, there is no need to wait for fetching

that block on a write miss, because the whole block will contain new information.

The IL1 uses the same block size for easier arbitration between DL1 blocks, at the cache of the

higher-level (LLC). Additionally, since IL1 is direct-mapped, using a wider-block than 32-bits

is also beneficial to performance, as it can also be seen as a natural way of prefetching.
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LLC block size

An important feature for increased streaming performance is to use very wide blocks for the

last-level cache, such as 8192-bit wide. This is much higher than in today’s CPUs with 512-bit

(64-byte) block sizes. The idea is that on write-back to/ fetch from main memory, a larger

block achieves a higher speed because of longer bursts through the interconnect. Longer bursts

are shown to have a significant impact on the overall throughput, such as in heterogeneous

systems with AXI [77], and this is especially helpful in streaming application performance.

Associating entire LLC blocks with bursts was a convenient and practical organisation choice,

because of the interconnect protocol limitations, such as for not allowing crossing of the 4KB

address boundary in AXI [172].

LLC strobe functionality

A naive implementation of the LLC in BRAM, would be to read the (very wide) blocks in

their entirety in a single cycle, as in the DL1 case. However, BRAM is organised in chunks of

certain width and length, such as 36-bit wide. With a LLC of just a single wide-enough block,

the BRAM capacity of the FPGA can be exceeded, or stagnate timing performance. For this

reason, the proposed LLC stores blocks in consecutive BRAM locations of narrower size.

There is an internal notion of sets that corresponds to the address of the block memory, where

each requested data can reside. The tag array only stores the tags of entire blocks. This can

be generalised for other memory technologies as well, including ultra RAM.

There is no overhead in access latency by using sub-blocks, as it still takes a single cycle to

read an I/DL1-sized block from LLC. Another advantage of this technique is that, on fetch,

the requested I/DL1 block can be provided before a read burst from DRAM finishes, since the

LLC blocks are stored progressively. When the requested sub-block is closer to the start of the

block/burst, there is a resemblance to the “critical-word first” technique. Figure C.2 visualises

the indexing and strobe action of the LLC cache, where M is the number of ways, N is the

number of sub-blocks in BRAM and B is the number of sub-blocks.
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Figure C.2: Last-level cache block RAM organisation

Flushing writes

One consideration is that it is desirable to be able to observe all memory modifications Simod-

ense makes, at least when used as a co-processor. Thus, it also features a recursive flush-writes

command. Upon request, the DL1 goes through all stored blocks one-by-one and writes back

all dirty blocks to the upper level. The changes are propagated recursively to DRAM starting

from DL1. Then LLC repeats the equivalent process until all dirty bits are set to 0. This es-

sentially “cleans” all blocks upon request, one-by-one without erasing the caches, and all writes

propagate to DRAM.

Doubling the frequency of the interconnect

In contrast to the timing characteristics of Simodense, as well with other well-known softcores

[188], the operating frequency of the interconnect on FPGAs can be relatively much higher

[189]. Given that the port data widths are rather narrow (e.g. 128 bits/ cycle on Ultra96),

this directly impacts the throughput for streaming applications. This optional optimisation

involves setting double rate for the interconnect, to emulate double data width by fetching

or writing twice per cycle. Figure C.1 illustrates this change on the data movement diagram in

high-level.
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It can be considered a platform-specific optimisation, since the complexity of having the in-

terconnect operating at double the clock speed could vary according to the FPGA model.

Moreover, the timing characteristics of future FPGA generations could shift to favour the soft-

core implementation, for example. When applicable, it can saturate [77] the bandwidth more

easily.

C.1.2 Main core

The core has a single pipeline stage, even though more advanced instructions such as pipelined

vector instructions have their own pipeline. Almost all instructions in RV32I consume 1 cycle

and the result is available on the immediately next cycle. In practice, this has a similar effect to

operand forwarding in pipelined processors, as consecutive dependent instructions are executed

sequentially without stalls.

The load and store instructions are handled by the cache system independently. On a data

cache hit there is a latency of 3 cycles until the dependent command gets executed. The 3

cycles can be seen as a small pipeline with one cycle for memory access, one for fetching the

data and one for updating the registers. This effectively yields a latency of 2 cycles for cache

hits, when the next instruction is data-dependent on the load, as execution is in-order.

Having a single pipeline stage, so that most instructions complete in a single cycle, is useful

for simplifying the dependency checks. The output of simple instructions such as add, addi, etc.

is not tracked for dependencies. Of course, there are alternative approaches, but the current

implementation mapped well in the evaluation platform and facilitated the SIMD functionality

rather efficiently.

In order to monitor the data dependencies in multi-cycle instructions such as the “M” extension,

SIMD tasks and loads, there is a ready bit per register that influences the stall decisions. The

“M” extension is implemented behaviourally in Verilog, but consumes a few cycles more, to

enable Vivado to use DSPs efficiently and ease timing closure.

The implementations of the SIMD instructions follow a template (discussed in section C.2),
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that allows a variable pipeline length, abstracted through a ready signal for when the result is

available. Apart from the 32 base 32-bit registers (as per RV32I), there are up to 8 VLEN-wide

registers, such as 256-bit-wide for the SIMD instructions.

C.2 Custom SIMD instructions

In order to support adding and using SIMD instructions on Simodense, this appendix presents

(A) new instruction types that refer to the vector registers and (B) HDL (Verilog) code tem-

plates for implementing the instructions in hardware.

C.2.1 Vector instruction types

In addition to the RV32IM standards two additional non-standard instruction types are pro-

posed for supporting the custom SIMD instructions. Originally there are 4 main instruction

types: R, I, S/B, U/J in RV32I, that define the format of the immediate field and the operands.

The proposed instruction types I’ and S’ are variations of the I and S types respectively.

The general idea is that the space used for the immediate field is repurposed for the vector regis-

ter names. Up to 6 registers (vector and non-vector) can be accessed by the same instruction,

reducing the instruction count for complex or stateful (through registers) instructions. The use

of the immediate field for the vector registers was also convenient for minimal interference and

modification to the RISC-V GNU toolchain in GCC’s binutils for supporting inline assembly of

custom instructions. There is currently no official tool support for vector registers due to the

draft status of the vector extension. Thus, the opcodes dedicated to custom applications are

adopted for all custom vector instructions, and can be used through inline assembly.

Type I’ provides access to the register operands of the I-type, that is one source and one

destination 32-bit register. It also provides access to two source (vrs1 and vrs2 ) and two

destination (vrd1 and vrd2 ) vector registers. Type S’ exchanges the space used by vrs2 and vrd2
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for access to an additional 32-bit source register rs2. The proposed variations are summarised

in Figure C.3.

I-type

imm[11:0] rs1 func3 rd opcode

I’-type

vrs1 vrd1 vrs2 vrd2 rs1 func3 rd opcode

S-type

imm[11:5] rs2 rs1 func3 rd opcode

S’-type

vrs1 vrd1 imm rs2 rs1 func3 rd opcode

31 29 28 26 25 24 23 22 20 19 15 14 12 11 7 6 0

Figure C.3: Two variations of the I and S instruction types

As shown in Figure C.3, the fields for each vector register are three bits wide, which sets

the maximum number of vector registers to 8. Vector register 0 is conveniently assigned to

a constant value of 0, similarly to the 32-bit base registers. It is useful for the proposed

many-register instruction types, because not all register operands may need to be accessed at

once, allowing different combinations of operands using the same type. In software, this can be

achieved with aliasing the unused operands with register 0, and was not supported in “V”, as

vector 0 originally represents a register.

The official (draft) RISC-V ”V” vector extension has not been followed in this work, as it seems

to target high-end/ hardened processors. For example, it requires a fixed number of 32 vector

registers and features hundreds of instructions [6], also reducing the number of registers an

instruction can access. This would also be contrary to the idea of having small reconfigurable

regions as instructions, rather than supporting hundreds of intrinsics. An interesting feature in

the “V” specification is the ability to chain vector instructions, hence the need for a high number

of registers. Since the proposed solution enables custom instruction pipelines of arbitrary

length, a lower number of registers was considered satisfactory.
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C.2.2 Instruction templates

The custom instruction templates are placeholder modules inside Simodense’s codebase, for

adding user code for specialised SIMD instruction implementations. Algorithm 11 is written

in Verilog and shows part of the template for I’-type instructions, plus an example user code,

marked in yellow. On each cycle, the instruction module also accepts the destination register

names (rd, vrd1 and vrd2 ) to provide them later, when the data result is ready, after the

specified pipeline length (c1 cycles). In this way, with a pipelined implementation the module

can process multiple calls one after another. Blocking instructions are also supported with

minor modification.

1

1 `define XLEN 32 // 32-bit base registers
2 `define VLEN 128 // 128-bit vector registers
3 `define c1_cycles 3 // pipeline length of c1 custom instruction
4
5 module c1 [...]
6 input clk, reset, in_valid; // valid bit for input
7
8 // Destination register names (1 base and 2 vector)
9 input [4:0] rd; input [2:0] vrd1, vrd2;

10
11 input [`XLEN-1:0] in_data; // 32-bit input 
12 input [`VLEN-1:0] in_vdata1, in_vdata2; // 128-bit input
13
14 // (Delayed) output valid bit and output register names
15 output out_v; 
16 output [4:0] out_rd; output [2:0] out_vrd1, out_vrd2;
17
18 output [`XLEN-1:0] out_data; // 32-bit output 
19 output [`VLEN-1:0] out_vdata1, out_vdata2; // 128-bit output
20
21 // Shift register logic to delay rd, vrd1, vrd2 and in_valid
22 // by c1_cycles, to out_rd, out_vrd1, out_vrd2 and out_v resp.
23 [...]
24
25

//// User code ////

26
wire [31:0] net [15:0]; // 32-bit wires inside the sorting network

27
28

CAS cas0(clk, net[0], net[1], net[4], net[5]);

29
CAS cas1(clk, net[2], net[3], net[6], net[7]);

30
31

CAS cas2(clk, net[4], net[7], net[8], net[11]);

32
CAS cas3(clk, net[5], net[6], net[9], net[10]);

33
34

CAS cas4(clk, net[8], net[9], net[12], net[13]);

35
CAS cas5(clk, net[10], net[11], net[14], net[15]);

36
37

// Assigning input and output to wires in the sorting network

38
// (only using 1 input and 1 output reg. for this instruction)

39
for (i=0; i<4; i=i+i) assign net[i]=in_vdata1[32*(i+1)-1-:32];

40
assign out_vdata1={net[12], net[13], net[14], net[15]};

41 endmodule

in
pu
t

> > >

output

// On pos. edge: a, b -> min(a,b), max(a,b) 

Algorithm 11: Verilog template for I’-type, with user-provided code highlighted in yellow
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The example instruction implementation in Algorithm 11 is a bitonic sorter of 4 inputs. Such

sorting networks are parallel and pipelinable algorithms for sorting a list of N values. (See

section 2.3.1 for more information on sorting networks). For a vector register width of 128-bit,

this bitonic sorter sorts four 32-bit values in 3 cycles. A demo abstract [190] elaborates on this

example.

The template of the S’-type instructions is similar to Algorithm 11, but with an interface that

reflects the correct operands (2 base and 1 vector registers for input and 1 base and 1 vector for

output). One S’ type instruction for loading and storing VLEN-sized vectors (c0 lv and c0 sv

respectively) is provided by default.

C.3 Evaluation

The exploration is divided in three parts according to the outcomes of each set of experiments:

(C.3.1) justifies important design choices related to streaming performance, (C.3.2) shows that

the performance is still acceptable when no SIMD instruction is used and (C.3.3) explores the

behaviour and efficiency of example novel custom SIMD instructions.

The evaluation platform is Ultra96, which features the Xilinx UltraScale+ ZU3EG device.

The FPGA on the device shares the same 2GB DDR4 main memory with the 4 ARM cores.

The ARM cores run Linux, but the kernel address space is manually configured to end at the

1GB mark, so that the other 1GB is dedicated to the FPGA, that includes Simodense. This

softcore is controlled through the Linux environment for quick deployment and comparison

with alternative solutions. All source code is available [186].

C.3.1 Design space exploration

The target application is memory copying (memcpy()), as its performance is (indirectly) detri-

mental to big data processing and related evaluations have a long history in HPC applications

[191]. memcpy() here is manually implemented with the custom instructions for load vector
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and store vector, instead of a library implementation using base registers. The data length is

256 MiB, in order to surpass the cache sizes.
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Figure C.4: Memcpy() read and write (bidirectional) throughput for different vector register
widths (left) and last-level cache block sizes (right)

Figure C.4 (left) illustrates the impact of the vector register size on memcpy(). The 1024-

bit Simodense achieved a memcpy() rate of 1.37 GB/s. Though, 256-bit (VLEN) registers

are preferred, with a rate of 0.69 GB/s, as 512-bit and beyond seemed more challenging to

route efficiently when incorporating more complex custom instructions. These designs used a

16384-bit-wide LLC block.

Another experiment (Figure C.4 right) measures the impact of the block size in last-level cache

(LLC). Wider LLC blocks seem to be a considerable contributor to memory performance, as

they relate to the burst size. The improvement starts to plateau after longer bursts at around

8192 bits. All implementations reached timing closure for a frequency 150 MHz, except the

1024-bit configuration that was clocked at 125 MHz. Table C.1 summarises the selected baseline

configuration for the remainder of the evaluation.

Table C.1: Selected configuration of Simodense

IL1 DL1 LLC
sets block sets ways block sets ways block sub-blocks VLEN fmax

(bits) (bits) (bits) (bits) (MHz)

64 256 32 4 256 32 4 16384 32 256 150
(=2KiB) (=4KiB) (=256KiB)
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C.3.2 Performance as a RV32IM core

In order to show that there is no significant bottleneck when compared with other non-SIMD

cores, some other works with a similar specification are overviewed. Table C.2 presents com-

mon benchmark metrics alongside previously reported numbers using FPGAs. Note that this

is not for direct comparison, as each work used a different FPGA architecture, core/cache

configuration and compilation environment.

Table C.2: Indicative comparison ignoring SIMD

DMIPS/MHz Coremark/MHz fmax FPGA architecture

RVCoreP/radix-4[178] 1.25 1.69 169 Xilinx Artix-7
RVCoreP/DSP[178] 1.4 2.33 169 Xilinx Artix-7
PicoRV32[192] 0.52 N/A N/A (simulation)
RSD/hdiv[193] 2.04 N/A 95 Zynq
BOOM/hdiv [193], [194] 1.06 N/A 76 Zynq
Taiga[188], [195] >1 2.53 ∼200 Xilinx Virtex-7

This work 1.47 2.26 150 Zynq UltraScale+

Additionally, the performance of the proposed approach is measured for memory-intensive sit-

uations, without the use of SIMD. STREAM [191] is an established benchmark suite measuring

memory performance, especially in HPC. Figure C.5 shows the obtained throughput in MB/s

for each of the 4 kernels.
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Figure C.5: Adapted STREAM benchmark results, no SIMD

On the same FPGA, a PicoRV32 [192] is placed as a drop-in replacement that supports AXI

(Lite). Although it was not designed for performance, it achieves high operating frequencies
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(300 MHz on the test platform), partly mitigating for its low IPC [188]. It does not have a cache,

although this does not directly impact memory bandwidth, as the data reuse is practically zero.

(The steps in Figure C.5 are from reusing data from the initialisation). The results of PicoRV32

were 4.8, 3.6, 4.4 and 4 MB/s for Copy, Scale, Add and Triad consistently across the array size

range. This makes the approach 38x faster for Copy at 183.4 MB/s, or 144x faster if the

256-bit memcpy() performance is considered. This also highlights the importance of optimising

communication for streaming applications.

C.3.3 Custom SIMD instruction use cases

Sorting (32-bit integers)

Sorting is a widely applicable big data application. Existing SIMD intrinsic solutions are based

on algorithms such as sorting networks [61], radix sort [196], mergesort [181], quicksort [5] and

combinations.

The presented approach follows merge sort, with the help of sorting networks for introducing

parallelism. Sorting networks were adapted for both software [5], [181] and hardware [32], [69],

[70], [197] solutions for sorting arbitrarily long input.

In order to accelerate sorting in the softcore for arbitrary-sized input, a sorting network is

used first to sort the entire list first in small chunks, as in [5]. Then, a traditional recursive

merge sort approach is performed, but instead of merging each two sublists by comparing one

element by one, it uses a parallel merge block. The merge block (the last log2(N) layers of odd-

even mergesort) is to merge two already-sorted lists together, as demonstrated in a numerical

example in figure C.6. In the implementation, one more stage is added to the start of the

pipeline to enable merging arbitrarily long lists progressively, and the algorithm is inline with

the intrinsics merge algorithm [181].

For brevity, this section only elaborates on the sort-in-chunks loop. Figure C.7 illustrates the

instruction start and end times for this loop during a simulated run. From this figure the
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Figure C.6: Two new custom instructions based on odd-even mergesort

pipelining effect can be observed, as two instances of c2 sort take place simultaneously, to sort

two octuples. The second sort is shifted by two cycles, as it still waits for its operand v2 from

the second load. Then, the merge instruction (c1 merge) merges the registers v1 and v2 and

stores the upper and lower half back to v1 and v2 respectively, for sorted chunks of size 16.

Another observation is the presence of instructions that take a single-cycle, such as bne and

addi.

c0_lv v1, a5 (a4)

addi a3, a5, 32

c0_lv v2, a3 (a4)

c2_sort v1, v1

c2_sort v2, v2

c1_merge v1, v2, v1, v2

c0_sv v1, a5(a4)

c0_sv v2, a3(a4)

addi a5, a5, 64

bne a5, a2, 100f4

cycles

Figure C.7: Instruction execution times from the loop for sorting in chunks

The performance of the resulting mergesort function is compared against non-vectorised code

on the softcore, running at 150 MHz, as well as on the ARM A53 core, running at 1.2 GHz.

The baseline is qsort() from C’s standard library. The obtained speedup is 12.1x and 1.8 times

over the qsort() on the softcore and ARM respectively, for 64 MiB random input. Comparison
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with more optimised code such as multi-threaded NEON-based for ARM, as well as other SIMD

algorithms [5] would also be possible.

One of the most useful insights from such exploration is about the reduction in the number of

instructions and cycles required for a task. For instance, the c2 sort instruction is able to sort

a list of 8 32-bit elements in 6 cycles. In contrast, a sorting network implementation of only 4

32-bit inputs in older Intel processors required 13 SIMD instructions and 26 cycles [181]. This

13x and 4.3x reduction of instructions and cycles respectively, while solving a bigger problem,

is due to the unavailability of such specialised instructions. Even with the latest AVX-512

intrinsics [109], for each layer of compare-and-swap (CAS) units, a pair of separate instructions

min and max are required, as well as a few calls of shuffle that permute the inputs for correct

alignment [181]. A similar discussion can be made for prefix sum [38], though parallel prefix

sum uses more comparisons than the serial case, hence the less notable speedups.

Note that a FLiMS-based approach (chapter 3) would have achieved a lower resource utilisation

for the sorting use case, but in terms of performance there would not be a significant difference,

because the amount of pipelining in this implementation is not that advanced, to benefit from

the removal of the feedback. FLiMS however results in lower instruction count in AVX2 and

AVX-512 implementations (see section 3.6 and appendix B) in x86 processors, because the

reduced resource utilisation over different merging algorithms (see section 3.4) translates into a

reduced instruction count when using a predefined instruction set. This fact can be considered

one more advantage of the reconfigurability in instructions. Still, advanced pipelining of the

instructions in the core architecture would be an appropriate future work, to benefit from such

lower-level optimisations as FLiMS.

Prefix sum

Another fundamental operator is prefix sum, and has numerous applications in databases,

including in radix hash joins and parallel filtering [38]. The prefix sum for a series of values is

the cumulative sum up to each value inclusive, (i.e. outk =
∑k

i=0 ini for k ∈ {0, 1, ..., N − 1}),

where N in the number of inputs. The serial implementation of prefix sum is trivial and easy for
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compiling efficient code. Each element is read one by one and is added to a counter initialised

with 0. On every read, the value of the counter is written back as output for the corresponding

position.

Data parallelism in prefix sums is mainly exploited either horizontally or vertically. Here, the

vertical computation is selected, i.e. to exploit data-level parallelism in a single pass of the data

without partitioning or multi-tasking, similarly to the sorting in chunks sub-task. A widely-

used algorithm for parallelising prefix sum is from Hillis and Steele [198], and is used in recent

SIMD implementations [38], that consumes log2N parallel steps. This algorithm is for a fixed

input size, but it can be applied to arbitrarily long input by reading the input in increments

and adding the sum of the preceding batch, as with existing SIMD implementations [38].
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Figure C.8: New SIMD instruction for prefix sum

Figure C.8 presents the proposed custom instruction for the task. The first logN steps contain

a pipelined version of the Hillis and Steele [198] algorithm, plus one additional stage that adds

the cumulative sum of the previous batch, that also happens to be the cumulative sum of the

entire input up to that batch. In this way, it can calculate the prefix sum of an arbitrarily

long input in a pipelined and non-blocking way. This design is also appropriate for stand-alone

accelerators. For 64 MiB input, vectorising prefix sum yielded a speedup of 4.1x over the serial

version, though it had 0.4x the speed of an ARM A53 core.
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C.4 Comparison to related work

As this appendix concerns a framework with a unique purpose, there are no direct competitors.

However, there are alternative works that could be used instead, but with a need for significant

alterations to their code-base (if available), to support the desired features and performance

for exploring SIMD instructions.

Nguyen Dao et al. presented FlexBex [180], an open-source framework for embedding small FP-

GAs in a modified Ibex RISC-V core [199]. Although it provides a form of SIMD functionality,

it is for embedded solutions and without a cache, and the operation is done on multiple 32-bit

registers. This makes it limiting for benefiting memory-intensive applications, which is the tar-

get of the thesis. On a similar note, Ordaz et al. [185] developed a closed-source 128-bit wide

SIMD engine shared between RISC-V cores [195]. Unlike the proposed softcore, the memory

interface was much narrower than the SIMD engine, and both of these works mostly focus on

the fabrication aspect rather than instruction development and streaming performance. More-

over, the presented softcore is demonstrated on memory-intensive applications instead, and for

wider vector widths.

There is a plethora of open-source softcores implementing the RV32IM or similar instruction

set [188], from both industry and academia. Many have special features, such as out-of-order

execution [193], [194], running Linux [200] and optimised arithmetic-logic units [178], [201].

Though, fundamental limitations, such as a 32-bit memory interface, are usually hard-coded

and prevent efficiently incorporating vector instructions.

There are softcores that may have the potential to be adopted for exploring custom SIMD

instructions [202], [203], but one major consideration is their use of higher-level languages and

generators, which are known to be a problem for adoption [178]. Novel modifications can be

incompatible and require considerable effort altering the framework. One such candidate is the

latest variant of Berkeley’s BOOM [204] that still does not support SIMD instructions. In this

thesis, the framework is purposely written in Verilog with SIMD in mind, as well as for the

templates, to enable low-level customisation.
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There are also numerous FPGA-based vector processors and overlays, that could potentially

perform better but are not suitable for exploring arbitrary SIMD instructions for CPUs. For

example, Cheung et al. introduced a simple RISC-V extension for coupling FPGA-based ac-

celerators, but the new instructions are only for passing and retrieving exclusive control to

a dedicated accelerator logic [205]. Other works elaborated on a fixed vector instruction set

[206]–[210] but not for adding custom instructions, and of a custom pipeline complexity. There

are also frameworks that eliminate the base instruction set [211] in favour of only executing

a specialised task. Additionally, there are works on accelerator generators that are based on

SIMD instructions, but there is a complete absence of instructions in the implementation itself

[92].

C.5 Summary

This open-source [186] softcore, in combination with the proposed optimisations and instruction

templates can be used to explore novel high-performance SIMD instructions. The provided

instruction templates and types provide the ability to develop advanced SIMD instructions

with a few lines of code, and minimise the instruction count for increased performance. It is

demonstrated that custom SIMD instructions can provide an order of magnitude of speedup

over serial implementations for memory-intensive applications. Sometimes, the custom SIMD

instructions can approach the performance of the hardened cores, especially if there is more

“internal” computation, whose efficiency cannot be surpassed with predefined instructions.

Simodense aims at exploration. It is shown to perform well on real hardware, and does not

assume 1-cycle-latency memories for instructions or data, a convention often found in other

works [188]. However, sometimes it cannot compete with dedicated FPGA accelerators, as

with the sorter of section 5.1). This gap is expected and relates to the presence of instructions,

such as by trying to avoid internal states. Still, further pipelining of the caches can help to

a degree, especially for simpler applications like prefix sum. Non-memory-intensive tasks can

still achieve higher speedups, depending more exclusively on the FPGA’s capabilities.
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Holding states can be challenging, especially for higher-end CPUs. Some of the presented

instructions here do hold a (minimal) state, including the cumulative sum of the last valid

output for prefix sum (which resets on request (by setting vrd1 = 0). Though, holding a state

is allowed in template 11 and the core is simple enough to not be of concern, such as with no

wrong execution paths. With respect to sorting, since it is not a purely streaming task, many

accelerators try to “internalise” processing to reduce the number of times the data is read [32],

but not on CPUs [181]. See section 6.2.5 for a discussion on the challenges of holding states

inside instructions.

The availability of small reconfigurable regions as instructions in future generations of CPUs

would be a more efficient use of silicon and processing cycles, as also demonstrated through

the studied use cases. This would also simplify designs and potentially solve the main memory

bottleneck found in today’s FPGA-based datacenter accelerators.
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