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Abstract

This thesis investigates the potential of network switches based on FPGA (field-programmable

gate array) technology for high-performance applications. There are three contributions. The

first contribution quantifies the gap between current ASIC-based (application-specific integrated

circuit) switches and FPGA-based switches. We propose a novel buffer-sharing design to make

efficient use of the FPGA on-chip memory. We also develop techniques for predicting the

performance and resource requirements of the proposed switch design. The second contribution

is a novel architecture for random projection and ensemble learning that targets an FPGA-

based switch, utilising spare computational resources on the FPGA. This design is capable

of processing high-dimensional data effectively for training ensemble models. We also create

a model for efficient load distribution between the switch and the downstream servers. The

proposed architecture enables a reduction in ensemble training time while maintaining high

accuracy, with up to 6.7 times speed-up. The third contribution explores the benefit of kNN

(k nearest neighbour) classification using the Hamming distance metric. We introduce a new

architecture that enables complete application offloading to an FPGA-based switch. Our results

show an estimated speed-up of up to 8.7 times and a memory reduction of up to 27.7 times.
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Chapter 1

Introduction

A network switch is a device that operates at the data link layer of the OSI model, it connects

all devices in the computer network through packet forwarding. With the rapid growth of

technology (including the protocol, transceiver and semiconductor), network switches have

evolved to operate in Terabit Ethernet [12], that is the speed of above 100 Gigabits per second.

Due to the need for high performance, network switches are typically made with application-

specific integrated circuits (ASIC).

Nevertheless, ASIC-based network switches with their fixed architecture allow no changes after

taping out. This inflexibility slows down protocol/algorithm research which could potentially

benefit from changing the underlying switch design. In a data centre where a large number of

high-performance switches are used, the cost of updating the network switches is not trivial.

The thesis revolves around novel FPGA-based network switch design, as well as architectures

around the FPGA-based network switches that provide benefits compared with the traditional

ASIC switches. Apart from the design, performance models are also created to help applica-

tion designers find the best parameters with the current FPGA board and to provide FPGA

manufacturers with a reference for the next-generation FPGAs that focus on switch applica-

tions. Note that in this thesis, FPGA-based network switches, FPGA-based switches, and

programmable switches are used interchangeably.
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2 Chapter 1. Introduction

1.1 Motivation

Due to the increasing demand for both performance and variety of network services, new struc-

tures to overcome this problem are built. One good example is the smartNIC [13] designed by

Microsoft as shown in Fig. 1.2a, this new structure involves using a bump-in-the-wire FPGA

next to the NIC (Network Interface Card) as an accelerator, in contrast with a traditional NIC

as shown in Fig. 1.1. The design provides high flexibility not only by allowing the FPGA to

accelerate high-bandwidth flows but also by allowing the FPGA to assist data processing by

the CPU via a PCIe connection. Moreover, FPGAs can generate their own packets which are

independent of the CPU, in this way, FPGAs in the server can reach any other one in the data

centre and together with the customised communication protocol LTL (Lightweight Transport

Layer), idle FPGA resources of one server can be donated to the global pool for use by other

servers. With the advancing of FPGA, the new structure has evolved from bump-in-the-wire to

fully integrated design, further reducing the communication overhead, as shown in the middle

of Fig. 1.2b. Such structure is best exemplified by Xilinx ALVEO U25 [14] and Intel N6000-PL

and N5010 series [15].

Microsoft has shown that the implementation of smartNIC can bring such benefits to the

data centre. The main motivation of this work is to explore whether similar benefits can be

achieved by applying an FPGA-based structure to the network switch. The envisaged structure

is illustrated in Fig. 1.2b.

Server

CPU
NIC

(ASIC)
ToR

Switch

Figure 1.1: Commonly used data centre structure (ToR: Top-of-Rack)

Along with the main motivation, other benefits that motivate the FPGA-based smart switch

are:

Cost saving. Nowadays network switches either have functions that are unusable to the

customers or lack functions that customers need. Thus, there is always a mismatch between
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Server

FPGA
NIC

(ASIC)
ToR

Switch

CPU

SmartNIC

(a) Microsoft cloud scale acceleration architecture with SmartNIC

Server

FPGA

NIC

CPU

SmartNIC
FPGA

ToR
Switch

Smart Switch

(b) Envisaged future data centre structure

Figure 1.2: Current vs. future data centre structure with FPGA-based SmartNIC and Smart
Switch

the need and the offer. To customise the product to suit customer requirements, the idea of

building a customisable network switch is brought up. FPGAs show the way of building such

devices, nowadays FPGAs are capable of handling 25Gbps (by the time of writing) Ethernet

and the price of an FPGA that allows building a smart switch are much cheaper than before.

This makes the future of a lower-cost network switch possible.

Ability to deploy custom functions/future-proof. Benefit from the programmability of

FPGAs, it is possible to deploy customised network functions such as Explicit Congestion No-

tification Plus (ECN+) and pFabric [16], etc. to the smart switch. Moreover, these customised

functions could also utilise the run-time reconfigurability to optimise their behaviour.

Offload application-specific tasks from the server. Because network switches connect

multiple servers together, it is possible to offload tasks such as data aggregation [17] and

Memcached-like caching to the switch. Additionally, with the extra computation resources

packed within the FPGA, it is also possible to offload computational tasks such as dimension

reduction, and data compression.
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Future-proof. Although the Software Defined Network (SDN) switches with OpenFlow [18]

interface provide a way of improving the network service at the software level with the fast-

evolving algorithms and protocols, the hardware infrastructure cannot react fast enough to

adapt to those new ideas due to the long manufacture cycle of ASIC. The mismatch of software

and hardware update speed will not only slow down the development process but also leave

more pressure on software developers. With FPGA-based switches, however, the programmable

hardware can provide full support swiftly.

1.2 Research challenges

This section describes three challenges, C1, C2 and C3, that this research will address.

C1. Matching performance with ASIC-based switches. It is generally more difficult to

achieve the same level of performance, in terms of aggregate bandwidth, with fully configurable

logic such as FPGAs, which typically run at lower clock rates than Application Specific Inte-

grated Circuits (ASICs). This is particularly challenging given that ASIC-based switches used

in data centres today can support aggregate bandwidths of up to 12.8 Tbps, and even higher

bandwidths of up to 51.2 Tbps are readily available [19]. This challenge would be addressed in

Chapter 3.

C2. Resource limitation and application design. Due to the limited resources on the

FPGA, implementing high-performance switches inevitably competes for hardware resources

with other applications. It is challenging to design applications that have minimum impact on

the switch design while providing competent performance. This challenge would be addressed

in Chapter 4.

C3. Problem size and load distribution. For applications that can be offloaded to the

switch, the load distribution ratio between the switch and the downstream server depends on

the problem size and the available resources. Partially offloading an application introduces an

extra level of complexity, thus it is challenging to alleviate or even eliminate this overhead.

This challenge would be addressed in Chapter 4 and 5.
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1.3 Contributions and Thesis Organisations

This section presents the first-authored publications, their relationship with each chapter and

the related contributions to the thesis.

Chapter 2 provides the essential background for network switch design.

Chapter 3 describes the first contribution, which aims to address Challenge C1. It conducts a

feasibility study that quantises the gap between the ASIC-based switches and the FPGA-based

switches, this contribution is based on:

• Jiuxi Meng, Nadeen Gebara, Ho-Cheung Ng, Paolo Costa, and Wayne Luk.“Investigating

the feasibility of FPGA-based network switches.” In 2019 IEEE 30th International Con-

ference on Application-specific Systems, Architectures and Processors (ASAP), vol. 2160,

pp. 218-226, 2019

Chapter 4 presents the second contribution, which aims to address Challenge C2. It shows a

novel FPGA-switch based architecture that enables the acceleration of ensemble learning. In

addition, the usage of spare resources in computation is a potential benefit that FPGA-based

switches can offer over ASIC-based switches. This contribution is based on:

• Jiuxi Meng, Ce Guo, Nadeen Gebara, and Wayne Luk.“Fast and accurate training of

ensemble models with FPGA-based switch.” In 2020 IEEE 31st International Conference

on Application-specific Systems, Architectures and Processors (ASAP), pp. 81-84. 2020

Chapter 5 details the third contribution, which aims to address Challenge C3. It provides a

novel architecture that allows a complete kNN application offloading the FPGA-based switch,

this contribution is based on:

• Jiuxi Meng, Zhiqiang Que, Ce Guo, and Wayne Luk.“CEARNA: FPGA-based Classifier

with Ensemble Architecture for Nearest Neighbour Algorithm.” Under review.
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Chapter 6 concludes the studies we have carried out and the contribution we made. Future

works are also discussed. In particular, we envisage the future hardware platform to better

adapt to the FPGA-based switch concept, i.e. harden the switching fabric on the FPGA

(making the switching fabric ASIC-based) to accelerate the forwarding speed as well as port-

to-port latency.



Chapter 2

Background

This chapter starts with an overview of existing types of data centres, as well as different types

of network switches used in the data centres. From this we identify three major requirements

for network switches in the data centre, this serves as the guideline for designing FPGA-based

network switches.

The investigation of the ASIC-based commodity network switches categorises the existing prod-

ucts, which allows a clearer comparison between the FPGA-based network switches and the

ASIC-based counterparts.

Next, the related work on existing network switch design including switch fabric, buffering

technique, packet scheduler and scheduling algorithm summarises the state-of-the-art works,

this enlightened us on finding the design that suits the FPGA-based network switch.

Finally, since the flexibility of the FPGA-based switches enables customised applications on the

network switches, and because the application running on the switch can also affect the switch

design, we further provide backgrounds on applications that suit more on the FPGA-based

network switch compared to ASIC-based commodity switches. These applications can benefit

from the computational resources on the FPGA, which in turn reduces the workload for the

downstream servers. Such applications are shown in Chapter 4 and Chapter 5

7
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2.1 Type of data centres

Based on the purpose of the business, data centres can come in different shapes and sizes.

Popular data centre types are:

2.1.1 On-premise data centre

An on-premise data centre is a physical facility that is owned and operated by an organisation

to store and manage its IT infrastructure and data. It is located within the organisation’s

premises, typically within a secure building or data centre facility, and is managed by the

organisation’s IT staff.

On-premise data centres can be customised to meet the organisation’s specific needs and re-

quirements, and can provide greater control and security over sensitive data and applications.

Some of the advantages of an on-premise data centre include greater control and flexibility over

the IT environment, the ability to customise and optimise the infrastructure to meet specific

needs, and the ability to keep sensitive data and applications within the organisation’s own

premises. However, on-premise data centres also require significant upfront investment and

ongoing maintenance and management costs, which can be a challenge for some organisations.

2.1.2 Hyperscale data centre (Cloud)

A hyperscale data centre is a large-scale facility that is designed to meet the high-performance

computing needs of large enterprises and organisations. These data centres typically have a

massive amount of resources, such as servers, storage systems, and networking equipment, and

are capable of supporting massive workloads with high performance, reliability and scalability.

The term “hyperscale” refers to the ability of these data centres to scale up quickly and easily as

demand grows. They are typically built using modular designs and can be expanded rapidly by

adding more computing resources as needed. Tech companies can easily expand their operations
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by leveraging the scalability of hyperscale data centres. Some examples of companies that

operate hyperscale data centres include Amazon Web Services (AWS) [20], Microsoft Azure [21],

Google Cloud [22], and Facebook.

2.1.3 Edge data centre

An edge data centre is a facility that is designed to bring computing and storage resources

closer to the end-users and devices. These data centres are typically smaller than traditional

data centres and are located closer to the edge of the network, and can be placed in a variety

of locations [23].

The purpose of edge data centres is to reduce latency and improve the performance of applica-

tions and services that require low latency, such as streaming media, autonomous vehicles, and

IoT devices.

2.2 Network switches in the data centre

A Network switch is a special hardware that connects devices on the network by forwarding

messages (packets) from one device to another. In a data centre environment, hierarchical

topology is used to support large-scale connections. A common data centre topology is shown

in Fig. 2.1.

This topology divides the network into three layers, namely the core layer, the aggregation

layer and the access layer. The switches placed in these layers correspond to core switches

(layer 3), aggregation switches (layer 2) and access switches (layer 2). Due to the difference

in responsibility of these switches, the performance requirement varies. For example, the core

switches aggregate data from the aggregation layer, and the aggregation switches aggregate

data from the access layer; the core switch may only need to connect to a few aggregation

switches but with higher throughput, and the access switches may need to connect to many

servers with moderate throughput. As a rule of thumb, performance requirement decreases
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Figure 2.1: Common data centre topology

going down the topology. Due to the limited resources on the current FPGA chips, we put our

focus on the layer 2 Top of Rack (ToR) switches, which are also called access layer switches

when they are placed on the top of the server cabinet and are in charge of connecting the servers

and the aggregation layer.

2.2.1 Requirement of network switches

The main requirements of network switches in a data centre include:

R1. High Performance. Network switches should be able to handle high volumes of traffic

(high throughput) and provide low-latency connectivity between devices. A low-latency network

switch should typically have a port-to-port latency of several hundred nanoseconds, the lower

the better.

R2. Scalability. Network switches should be scalable to accommodate growing network

demands. They should be able to support additional devices and traffic without significant

performance degradation. The number of ports of a switch reflects this property. For a hyper-

scale data centre that holds massive devices and heavy traffic load, the required number of ports

of the top-of-rack (ToR) switch depends on the rack size. For an industrial standard 42U [24]
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rack, if a 1U server with 2 network interfaces is used, this would require a switch with at least

82 ports to connect to a fully occupied rack. This number increases going up the topology as

shown in Fig. 2.1. The number of ports needed for an edge data centre, which tends to have a

smaller scale, can vary greatly depending on the specific use case.

R3. Compatibility. Network switches should be compatible with other network devices and

protocols, including servers, storage systems, and networking technologies such as Ethernet,

Fibre Channel, InfiniBand, etc.

Examples of ASIC-based switches ASIC-based switches come in different flavours. In

this section, we briefly summarise commercial ASIC-based switches. The typical number of

ports that can be found in a single switch are 8, 16, 24, 32, 40, 48, 64, 96, 128 and 256. In

terms of the link capacity (port rate), typical values are ≤1Gbps, 10Gbps, 25Gbps, 40Gbps,

50Gbps, 100Gbps, 200Gbps and 400Gbps. In terms of port-to-port latency, it ranges from

90ns to 5000ns. The line between the low-end and high-end switch can be drawn by the total

throughput of the switch. A higher throughput means more ports with a fixed link capacity or

a higher link capacity with a fixed number of ports. Within the data centre, the physical size

of the switch is usually measured by rack unit, which is the size of a single slot in a rack. Based

on this, for a 1U (1 rack unit) design, the number of ports of the switch is usually 48 ports. The

number of ports generally increases with the physical size of the switch. For high-end switches,

the link capacity is at least 10Gbps and the number of ports goes as high as 2304 ports [25]

through stacking multiple switches. Low-end switches on the other hand would either trade

port numbers for link capacity or the reverse, with link capacity normally less than 10Gbps,

and port numbers being as low as 8.

High-end switches are normally found in hyperscale data centres where traffic loads are massive,

whereas low-end switches are normally found in smaller data centres such as edge data centres.

Table 2.1 presents examples of both high-end and low-end switches and the requirements they

meet.

A high-end switch is exemplified by the Cisco Nexus 9000 series aggregation layer switches. For

the 9500 series modular switches, the modular design allows the switch to be configured from
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Table 2.1: Comparison of high-end and low-end ASIC-based switches

Model Type Tier # ports
Link capacity
(Gbps)

Requirement
met

Nexus 9500 Series [25] Modular high/low-end <2304 10 - 400 R1, R2, R3
Nexus 9300-GX2 [26] Non-modular high-end 64 400 R1, R3
CBS350-48XT-4X [27] Non-modular low-end 48 10 R3

256 400-Gigabit Ethernet ports to 2304 1/10-Gigabit Ethernet ports, however, the latency

can be as high as 5000ns. These switches provide the capability to use foundational layer

2/3 technologies, as well as modern technologies such as VXLAN, with a Border Gateway

Protocol–Ethernet VPN (BGP-EVPN) control plane, Segment routing, Multiprotocol Label

Switching (MPLS), and automation via NX-APIs [25]. For the non-modular switches, such as

the Cisco Nexus 9300-GX2 Series [26], a maximum of 64 ports with 400Gbps link capacity is

provided, supporting 51.2Tbps of bandwidth (the reported bandwidth is computed as number

of ports × link capacity × 2). These switches support features such as VXLAN, IEEE 802.1ae

MAC Security and intelligent buffer management, etc. A low-end switch is exemplified by the

Cisco small business CBS350-48XT-4X (best in the CBS350 series) [27] with 48 10Gbps ports,

supporting 1.04Tbps bandwidth. It supports features such as IPv6 support and Layer 3 traffic

management.

2.2.2 Existing switch fabrics designs

Switch fabrics are in charge of making direct connections between any input and output port

on a switch (for a network switch setting, we have the same number of input and output

ports). The design of the switch fabric is tightly coupled with the traffic load and transistor

technology. Fig. 2.2 summarises most categories of fabric designs that exist. In general, there

are two categories, namely time division and space division.

Time division. If the traffic load is light or if the transistor speed is high, time division designs

can be used. Time division essentially relies on the fabric to run N times faster than the data

arrival speed, where N is the number of ports. In every cycle, if all input ports receive a slice
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Figure 2.2: Existing switch fabrics

of data (N in total), then the fabric needs to move these N slices of data to their designated

output ports. Time division can be implemented by either a shared bus or a shared memory

design. Although its simplicity in design, time division scales poorly with the number of ports;

this is due to the speed limit (operating frequency) of the transistor circuit.

Space division. To avoid stressing the operating frequency of the circuit, space division fabrics

allow multiple ports to transmit data at the same time; this is important for platforms such as

FPGA where the operating frequency is low. Unlike time-division designs which only allow one

pair of connections to be established at a time, space-division designs allow multiple connections

to be made concurrently. Space division fabric can be realised with either single-stage designs

such as the crossbar switch and the banyan switch [28], or multi-stage designs such as the

Clos network [29], Batcher Banyan network [30] and the Knockout switch [31]. Furthermore,

establishing optimised connections requires additional control of the fabric, i.e., the scheduler,

and optimising the establishment requires well-designed scheduling algorithms. Single-stage

design due to its simplicity requires less complicated scheduling algorithms compared to multi-

stage designs. The multi-stage design takes multiple single-stage designs and forms a network

of them. They are designed to relax a large number of interconnections (caused by either a

high port number or high data width) in the single-stage design.
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2.2.3 Common buffering techniques

Buffering is crucial for resolving packet contention and reducing packet dropping rate. The

choice of buffering is tightly coupled with the design of the scheduler as well as the scheduling

algorithm. Various buffering techniques have been proposed for implementing high-performance

switches, and these techniques differ both in terms of the location of the buffers and the

scheduling algorithms used to eliminate resource conflicts that can arise in a switch. Fig. 2.3

presents three prominent buffering approaches. The strengths and weaknesses of each approach

are described below.

(a) Input Buffering (IB): A limitation of placing one queue at each input port of a switch is

Head of Line (HOL) blocking, which can significantly reduce the switch’s maximum through-

put [32]. This occurs when multiple input queues have packets destined for the same output.

Those packets prevent subsequent packets destined to other output ports from traversing the

switch, which ultimately leads to poor throughput.

To avoid HOL blocking, Virtual Output Queues (VOQs) are used in input-buffered switches.

The goal of VOQs is to have a queue for each output port at each input port such that packets

no longer block each other when destined to different outputs as shown in Fig. 2.3a. Though

VOQs eliminate HOL blocking, they introduce the need for simultaneous input and output

conflict resolution. This means that the scheduler must not only determine input and output

port matching, but also which VOQ to select from each input port. Therefore, for an N port

switch, the scheduler must efficiently solve N2 requests from VOQs, which greatly complicates

the scheduling logic. This makes the choice of a scheduling algorithm that can achieve high

throughput while still being simple enough to be implemented on an FPGA particularly chal-

lenging. Based on the outcome of our analysis of the complexity of implementing schedulers for

input-buffered architectures on FPGAs [33], the scheduling algorithm iSLIP [34] is determined

to be most suitable for an FPGA implementation. At a high level, iSLIP works as follows. At

the beginning of each round, the input will send requests to the output grant arbiter based on

the existence of the packet in the corresponding VOQs. Then the output grant arbiter will take

the request vector (vector consists of all the requests from the input) and grant one request
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Figure 2.3: Buffering Techniques for Crossbar-based Switches

with a round-robin fashion starting from the port next to the previously granted port. Finally,

when the input accept arbiter receives the granted request from the grant arbiter, it will accept

the requests using the same round-robin method as the grant arbiter.

(b) Combined Input and Output Buffering (CIOB): Placing buffers at the output pro-

vides the best ideal switch performance and eliminates the need for scheduling by having the
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buffers operating N times faster than the line-rate in an N-port switch. However, since the

line-rate increases much faster than the memory bandwidth, output buffered switches scale

poorly, and this is supported by available commercial products [35]. Combining input buffering

and output buffering as shown in Fig. 2.3b allows the emulation of an output buffered switch

using a broad class of packet scheduling algorithms while only requiring the scheduler, crossbar

fabric, and output buffers to operate with a speed-up of 2− (1/N) as opposed to N [36]. How-

ever, operating the scheduling algorithm with such a speed-up is still challenging for FPGAs

especially when considering scaling to higher port counts (radix) and line rates. Therefore, we

do not consider these architectures in our work.

(c) Combined Input and Cross-point Buffering (CICB): Buffers are located both at

the inputs of the switch and are also made available for each input-output pair, as shown

in Fig. 2.3c. This decouples the task of scheduling and allows the use of simpler scheduling

algorithms at the switch’s inputs and outputs, achieving a good performance in terms of both

throughput and latency. However, the number of cross-point buffers scales quadratically with

the number of ports and that makes cross-point buffering less attractive. To address this

shortcoming, a Hierarchical Crossbar switch with CIOB was proposed by Kim [37] in order to

retain the advantages of the CICB while making it more FPGA-friendly as we discuss next.

(d) Hierarchical Crossbar switch + CIOB (HC+CIOB): Kim et al. [37] proposes the

use of a Hierarchical Crossbar architecture with CIOB to reduce the memory usage of cross-

point buffered architectures as shown in Fig. 2.4. The author modified the CIOB architecture

by replacing a N ×N buffered crossbar with (N/p)2 smaller p× p crossbars with CIOB. This

modification reduces memory usage by 40% compared to a fully buffered crossbar. The idea

of using HC switch is particularly beneficial for FPGAs: dividing the large radix (number

of ports) switch into smaller ones allows for simpler scheduling algorithms and simplifies the

overall design. Dai and Zhu built on this idea and proposed a Grouped Crosspoint Queued

(GCQ) switch targeting FPGAs [38]. The idea of the GCQ switch is to replace the CIOB

sub-switches with small-radix memory-based switches. Since BRAMs on the FPGA can run

much faster than the fabric, the author chooses to speed up the block RAM 4 times faster than

the fabric to emulate an 4 × 4 switch. We adopt a similar architecture in our analysis: we use
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a round-robin scheduler for conflict resolution and investigate its hardware resource usage for

higher radix switches.
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Figure 2.4: Hierarchical crossbar switch with a total radix of N and all sub-switches of radix
p

2.2.4 Scheduling algorithms for crossbar fabric

Crossbar switches are used to connect multiple inputs to multiple outputs, allowing data to be

routed between them. Scheduling algorithms are used to determine the order in which packets

are transmitted through the crossbar switch. We focus on switching algorithms for crossbar

fabric due to its simplicity and the fact that it is the basic component of most multi-stage

designs. The FPGA-targeted scheduling algorithms are presented in the collaborated survey

paper [39].

2.3 Related Work on FPGA-based switches

Yoshigoe et al. [40] implement a 24 port 10-Gbps switch with CIOB structure. However,

multiple FPGAs are used due to the limitation of the past FPGA technology resulting in

a high latency due to packet transmission across FPGAs. NetFPGA [41] is an open-source
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Figure 2.5: The architecture of Hipernetch. Source: [1].

hardware and software platform for network developers. The latest NetFPGA-SUME board

provides four 10Gb/s ports and is capable of achieving 100Gb/s aggregate bandwidth by further

utilising available FMC ports. It is further provided with a 4-port 10 Gb/s reference switch

design that uses a CIOB fabric with a round-robin scheduler for conflict resolution. This results

in a limited number of ports because the round-robin scheduler requires an internal data path

that runs four times faster than the input interface to support all 4 ports.

More recently, there have been a few proposals to use hardened NoCs [42,43] for FPGA switch

implementations. These papers, however, only demonstrate the possibility of leveraging NoCs

for implementing low latency and area-efficient network switches on the FPGAs through sim-

ulation since FPGAs with hardened NoCs are only recently made available [44].

Hipernetch [1] presents a high-performance FPGA-based network switch. It replaces the cross-

bar with a combined parallel round-robin arbiter, resulting a high frequency, low latency switch

design.

The primary feature of the design is the “Combined parallel round-robin arbiter” illustrated

in Fig. 2.5. This is a hardware optimisation of a switching scheme that involves having P

parallel round-robin arbiters, one for each output port, to balance the FIFOs’ occupancy. This
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is possible because the output of the pipeline for each port does not rely on packets destined for

other ports. Therefore, instead of using P sorting networks for P separate parallel round-robin

arbiters, the proposal only employs one sorting network, hence the name.

The architecture merges two pipelines: the first for the “sorting network” and the second for

the “offsets,” which calculates the rotation each barrel shifter needs to perform. The sorting

network sorts a batch of P incoming packets based on their destination and validity, making

it easier to route them by grouping those with the same destination. This reduces the number

of possible permutations needed before forwarding the packets to the output ports to only

rotations. The “offsets” pipeline contains everything below the sorting network in Fig. 2.5,

and mainly consists of adders, such as adder trees, that count the packets going to each port

and a prefix sum that finds the starting position of each consecutive packet group using this

information. The two pipelines have different lengths and use additional shift registers to

synchronise their output.

The arbiter architecture is fully pipelined and processes up to P packets at line rate. All inserted

packets are distributed into the output queues at its output. The pipeline logic is non-blocking,

and any dropped packets can only occur at the queue level.

FPGAs in the network. The success of Microsoft’s project catapult [45] and Amazon AWS

[20] has initiated a trend of bringing FPGA to the cloud. An FPGA, due to its flexibility and

reconfigurability, is a perfect candidate for balancing the growing cost of hardware update and

the fast-evolving algorithms. The Azure SmartNIC [46], which utilises FPGA as a bump-in-

the-wire accelerator next to the ASIC NIC, shows a reduction in latency and an increase in

throughput for Azure services. FPGA-based network switches take a step further in bringing

FPGA to the data centre. Because the network switch is located at a higher level than the

NIC, it is supposed to bring similar benefits to the network applications with the NIC whilst

reducing the response latency. There are two major types of studies on FPGA-based network

switches:

1. The infrastructure design targeting FPGAs such as [2, 47] focusing on designing high

throughput and low latency switch fabric on the FPGA.
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2. Applications utilising FPGA-based switches such as [48] focus on reducing the latency of

distributed training by moving the aggregation step into the switch. [49] also conducts a

series of experiments analysing the impact of FPGA accelerators based on their relative

distance in an IoT network.

2.4 Related work on applications

2.4.1 Dimension reduction

Random projection is a technique used in high-dimensional data analysis and machine learning.

The concept behind random projection is based on the Johnson-Lindenstrauss lemma, which

was introduced by William B. Johnson and Joram Lindenstrauss in 1984 [50]. The lemma

states that a high-dimensional dataset can be projected onto a lower-dimensional space while

preserving the pairwise distances between the data points.

The idea of random projection is simple. Consider a high-dimensional dataset consisting of

n data points, each of dimension m. To project this dataset onto a lower-dimensional space,

we randomly select a set of k vectors, each of dimension m, and project each data point onto

these k vectors. The resulting projection reduces the dimensionality of the dataset from m to

k, which is typically much smaller than m.

The key advantage of random projection is that it allows us to reduce the dimensionality of

a dataset while preserving the pairwise distances between the data points. This makes it an

efficient technique for analysing high-dimensional datasets, as it reduces the computational

complexity of many algorithms while preserving the accuracy of the results.

The most popular random projection methods are Gaussian random projection and Sparse

random projection [51,52].

Random projection on its own can perform both input feature manipulation and randomness

injection to the training dataset, which suits well the purpose of generating ensemble classifiers.
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Canning [53] investigates the accuracy of the ensemble method with random projection in a

theoretical way, whilst our work focuses on a practical scenario where reconfigurable logic is

used to deploy the concept at the server clusters level.

Fox. et al [54] proposes the first FPGA-based RP method to make training scalable on FPGAs.

As their work involves training within FPGAs, they need to restrict the computational resources

allocated for RP to make room for training. As a result, they resort to using RP matrices with

higher sparsity to simplify the hardware requirements. This increase in sparsity introduces

higher error for the projected subspace. Training on FPGA also limits their design to small

feature datasets, whereas the effects of random projection are more significant on high feature

datasets. Unlike their design, our work devotes all the idle computational resources to FPGA

for random projection, allowing us to explore RP using Li’s method [52] without extra error

injection.

Nazemi. et al [55] introduces an algorithm that allows the deployment of different dimension-

ality reduction models in hardware, including random projection, principle component analysis

(PCA), independent component analysis (ICA) and Equivariant Adaptive Separation via Inde-

pendence (EASI). The design computes all dimensions concurrently, as a result, it only achieves

dimension reduction for input with 32 features.

2.4.2 Ensemble Learning

Ensemble learning is a technique in machine learning where multiple models are trained and

combined to improve the accuracy and robustness of the final prediction. The concept be-

hind ensemble learning is based on the idea that a group of weak learners can combine their

predictions to create a stronger learner.

Ensemble learning involves training multiple models using different algorithms, different train-

ing data, or different hyperparameters. The models are then combined to create a final predic-

tion. Popular techniques for combining models in ensemble learning include:

• Bagging (Bootstrap Aggregating) [56]: In this technique, multiple models are trained
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using different random samples of the training data. The final prediction is then based

on the average or majority vote of the predictions made by each model.

• Boosting [57]: In this technique, multiple models are trained sequentially, with each model

focused on learning from the errors made by the previous model. The final prediction is

then based on a weighted combination of the predictions made by each model.

• Stacking [58]: In this technique, multiple models are trained and their predictions are

used as input features to a meta-model that makes the final prediction.

Ensemble learning can improve the accuracy and robustness of the final prediction by reducing

the variance and bias of the models. By combining the predictions of multiple models, ensemble

learning can reduce the risk of overfitting the training data and improve the generalisation

performance of the model. In our work, different from the techniques mentioned above, we

used a simplified version of [53].

Related work on ensemble learning. A survey [59] on the ensemble method reviews several

general-purpose methods for constructing ensembles, including Bayesian voting, manipulating

training examples, input features as well as output targets and injecting randomness. It also

points out that the ensemble method can achieve higher accuracy by combining the results of

multiple less accurate models. Lou. et al [60] proposed an FPGA-based flexible computing ar-

chitecture (through partial reconfiguration) that achieves a faster anomaly detection (compared

against a CPU implementation) through an ensemble of individual anomaly detectors.

2.4.3 Locality Sensitive Hashing (LSH)

The hyperplane technique described in [61] gives:

Pr[hr⃗(u⃗) = hr⃗(v⃗)] = 1− θ(u⃗, v⃗)

π
(2.1)

where θ(u⃗, v⃗) measures the angle between vectors u⃗ and v⃗. Since cos(θ) can be estimated by

θ, this similarity on the right-hand side can be treated as cosine distance. Furthermore, Indyk
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and Motwani [62] show that the similarity between two vectors u⃗ and v⃗ can be adapted to

measure the Hamming distance between them.

2.4.4 kNN algorithm

Given a query data that has the same dimensionality as the training dataset. kNN computes

the distance between the query data with samples in the training dataset. The distance is then

sorted to obtain the k closest training samples. Based on the label of these top-k samples,

the label of the query data can be derived. When computing the distance, there are a variety

of metrics available. For example, Euclidean, Manhattan, Cosine and Hamming distance, etc.

For vectors X and Y with M dimensions each, the Euclidean distance is computed as:

DEuc(X, Y ) =

√√√√ M∑
i=1

(Xi − Yi)2 (2.2)

The Cosine distance is computed as:

DCos(X, Y ) = 1− cos(θ) =

∑M
i=1 XiYi√∑M

i=1X
2
i

√∑M
i=1 Y

2
i

(2.3)

where cos(θ) is the cosine similarity between vectors X and Y. The Hamming distance is

computed as:

DHam(A,B) =
M∑
i=1

(Ai ⊕Bi) (2.4)

where A and B are binary vectors of dimension M.

2.4.5 Previous work on FPGA-based kNN design

Most previous research on FPGA-based k-nearest neighbours focuses on designing specialised

hardware to efficiently run kNN. Lu [63] implemented an HLS-based kNN accelerator that op-

timises memory access with multiple DDR and HBM memory banks, the design was tested on

data with dimensions up to 128, using single-precision floating-point type for data representa-
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tion. The high memory bandwidth comes at the cost of routing resources, especially in LUTs.

This high resource usage does not suit the current FPGA switch based application design sce-

nario. In addition, the high-precision data representation used in this work limits the data size

that can be stored onboard.

An [64] proposed a highly parallelled FPGA-based coprocessor for computing the nearest Eu-

clidean distance searching. This design also parallels memory access to gain high memory

bandwidth and is tested on feature vectors with dimensions up to 256. Pu [65] proposed an

OpenCL-based high-speed kNN accelerator utilising a modified parallel bubble sort, their design

was tested on data with dimensions equal to 64, also using a floating-point representation. Hus-

sain [66] implemented an ensemble kNN classifier using a systolic array and leveraging partial

configuration, however, using the Euclidean distance metric limits the dimension of the input

data even with the 16-bit datatype, and as a result, only small datasets are supported. Song [67]

implemented an HLS-based memory-efficient kNN leveraging PCA filtering and low-precision

data representation. Their design uses at least 4 bits to represent each feature, however, it was

only tested on a single dataset. Viera [68] implemented a scalable kNN classifier that exploits

various levels of parallelism. All aforementioned designs operate on datasets with relatively

smaller dimensions and use relatively higher precision data types compared with our design.

2.4.6 kNN designs uses Hamming distance as the metric

Songhori [69] introduced an efficient method for privacy-preserving k-nearest neighbours search.

Hamming distance is used in their sequential kNN circuit. The design works on data in the

Hamming space and no accuracy is presented, hence parallel to our application. An [70] imple-

mented an associative-memory based online learning method that uses fully-parallel associative

memory to reduce query time for nearest neighbour finding. However, the data is pre-processed

heavily before entering the FPGA. Besides, the tested dataset is a binary dataset which is suf-

ficient to use Hamming distance without losing accuracy. Lee [71] proposed a similarity search

design on an Automata Processor (AP) that uses Hamming encoding to solve the sorting phase

of kNN in linear time. This ASIC design on the AP platform achieves great speed-up. How-
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ever, this design assumes dataset vectors are processed offline, meaning it only needs to work

on datasets with small dimensions.

2.5 Summary

This chapter first introduces different types of data centres and different types of network

switches in the data centre, followed by a review of existing switch designs including switch fab-

ric, buffering technique, scheduler and scheduling algorithms. Previous works on FPGA-based

switches show that challenges remain in designing FPGA-based network switches, indicated by

the performance gap between the FPGA-based switch and ASIC-based switch. In chapter 3,

several FPGA-based switch design is presented, aiming to tackle challenge C1 and making it

more closely fulfil the requirements of network switches.

This chapter further reviews related applications that are adopted and applied to the FPGA-

based switch system architecture. In chapter 4 and 5, we demonstrate the ability of our system

architecture to accelerate machine learning related tasks. And how they address challenges C2

and C3.



Chapter 3

FPGA-based network switches

FPGAs are being increasingly used on network interface cards (NICs) as offload units to accel-

erate packet processing tasks. The rationale is that by customising the NIC logic it is possible

to achieve higher performance for the most critical tasks while eliminating unnecessary logic,

thus improving overall efficiency.

In this chapter, we aim to investigate if similar benefits can also be extended to network

switches. We compare different switch architectures and analyse their suitability for an FPGA

implementation. We discuss several optimisation techniques to overcome the challenges of

limited FPGA resources and assess the scalability of our designs up to 10, 25, and 50 Gb/s

throughput per port, which are commonly found in data centre switches [72]. Finally, we make

a comparison with a range of ASIC-based switches and discuss the gap between the FPGA-

based product and ASIC-based ones with respect to the port-to-port latency and number of

ports.

3.1 Introduction

FPGAs are often used in today’s data centres to support compute-intensive workloads such as

data analytics and machine learning as well as to accelerate network processing functions at

26



3.1. Introduction 27

the end hosts. For example, Microsoft has shown that using FPGAs as a bump-in-the-wire

between the CPU and the NIC can accelerate Bing search, machine learning inference tasks,

and packet processing [13, 73, 74]. In this chapter, we explore whether FPGAs can be used to

implement and customise network switches.

While modern network switches support some limited form of programmability, e.g. [75], most

of their operations are implemented as fixed logic. This poses two main challenges. First, data

centre operators can not arbitrarily modify this logic and implement custom network functions.

For example, if a new packet scheduling policy is to be implemented, the only option is to

engage with the switch manufacturer (if at all possible) and wait for the next chip tape out,

which typically requires 18 months or longer. Second, today’s cloud providers may not use all

the functionality offered by network switches. This leads to a waste of silicon area as well and

potentially higher costs and power consumption than necessary. An FPGA-based switch in

contrast provides more efficient solutions as it allows the flexibility of only implementing the

switch functions needed (including custom ones).

However, it remains unclear whether an FPGA-based switch can match the performance of

ASIC-based switches and meet the requirements as mentioned in section 2.2.1. If we just

consider the total transceiver bandwidth provided by FPGAs today, the gap between FPGAs

and ASIC-based switches is shrinking. The latest generation Intel Stratix 10 TX FPGA has

an aggregate transceiver bandwidth of 8Tb/s [76], which is almost two-thirds of the bandwidth

provided by top-end data centre switches [77] released at the same time (12.8 Tb/s), providing

evidence for meeting the High Performance (R1) requirement. However, this only reflects

the IO capability and does not indicate whether the FPGA has sufficient memory and compute

capabilities to switch packets at such rates, leaving the Scalability (R2) requirement unknown.

FPGA as a flexible hardware platform automatically meets the requirement Compatibility

(R3).

This chapter makes a first step towards determining this by focusing on the core functionality

required by any switch, i.e., the ability to forward packets from its input ports to its output

ports. Such functionality can be provided by either a space-division fabric such as crossbar
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(single stage) and crossover (multi-stage) along with some buffering and appropriate scheduling

algorithms, or a time-division based fabric such as shared memory that operates at a rate

proportional to the number of switch ports. In this chapter, we explore the trade-offs provided

by different architectures for implementing the building blocks (buffers and scheduling logic)

of such switches and reveal the challenges in meeting R2 and R3. Such challenges on FPGAs

include:

1. Limited on-chip memory and routing resources on the FPGA limit the size of the switch

2. FPGA usually runs at a much lower frequency than the ASIC design, thus it is challenging

to match their performance

We make the following contributions:

1. The development of an efficient buffer-sharing technique that minimises memory resource

usage on FPGAs for input buffered crossbar switch (Section 3.2). The use of the shared

memory design reduces the usage of on-chip memory blocks, as a consequence reduces

the amount of wiring and routing logic for these memory blocks as indicated in Fig. 3.3.

This tackles the first challenge and improves the Scalability.

2. A feasibility study that shows the performance and resource utilisation trade-offs of con-

sidered switch architectures (Section 3.3). To address the second challenge, with the

limited operating frequency, we focus on experimenting with different data width to gain

the same line rate as the ASIC design.

3. An analytical model to predict the performance and resource requirements of the imple-

mented architectures at various scales (Section 3.4).

To investigate the trade-offs of implementing an FPGA-based single-chip switch through design

space exploration, we first identify designs best suited for FPGAs and then implement them

while considering various optimisation techniques. Our work therefore provides a straightfor-

ward view of the pros and cons of the FPGA-based switches design. We found that switch
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architectures that make use of input buffering with the iSLIP scheduling algorithms and the

hierarchical buffering approach that leverages GCQ with a simpler scheduling algorithm are

most amenable for FPGA implementation due to their scalability and switching performance.

Therefore, this chapter focuses on their implementations and the corresponding investigation to

demonstrate the feasibility of these two approaches. In particular, we study these approaches

from a single-chip perspective and provide a comprehensive overview of their advantages and

drawbacks. To the best of our knowledge, this is the first work that provides a direct comparison

of these two architectures in the context of FPGAs. Additionally, another collaborative work

(Hipernetch) on a high throughput switch is presented and compared with the aforementioned

approaches in section 3.5.

3.2 Architecture

In this work, we restrict our attention to architectures that can fit within a single FPGA chip

for the following reasons. First, multi-chip implementations introduce a significant latency over-

head due to the long round-trip time (RTT). According to Shen, the measured average latency

between FPGAs using the Interlaken IP was approximately 170 ns [78] which is roughly the

same as the port-to-port latency of our entire single-chip implementation. Furthermore, multi-

FPGA implementations are far more complicated than a simple, single-chip design. Because a

single-chip design will not only reduce the latency introduced by the inter-FPGA connection

but will also simplify the design. As the long RTT between the line card and crossbar will

affect the switch performance. Shen [78] measured the average latency between FPGAs using

the Iterlaken IP, which is 170ns and this is approximately the same level as the port-to-port

latency of our implementation. This latency does not improve with the latest 2nd Gen Inter-

laken, according to the IP guide [79]; hence the multiple FPGA-based switch design will be out

of scope.
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Figure 3.1: BRAM implemented single queue for data width of 256 bit, larger data width
results in higher BRAM usage as well as waste; a buffer depth of 64 provides zero packet loss
as explained in section 3.3.1.

Fabric

A crossbar-based switch consists primarily of buffers, a scheduler, and the crossbar fabric

itself. Crossbar-based switches are non-blocking since any input port can be connected to any

output port. In addition, the behaviour of the crossbar can be easily emulated with a group of

multiplexers making them an attractive fabric choice for FPGA-based switches.

Buffering

Since low memory access latency is crucial to any switch design, fast on-chip memory resources

must be used for buffering instead of the off-chip memory. Naively using BRAM FIFOs on

FPGA for VOQs implementation, however, would limit the design’s scalability and would make

use of the memory resource available on-chip inefficiently.

Example: The Xilinx UltraScale+ XCVU9P consists of 2160 on-chip BRAMs. Assume that

a line rate of 10Gb/s can be supported with a data width of 256 bits and a queue depth of

64 operating at a frequency of 40MHz, which is the same setup as shown in section 3.3.1.

Since the 36 Kb BRAMs on the FPGA can be configured to have a maximum width of 72
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Figure 3.2: Shared memory architecture, similar to [2, 3]

bits, a total of four 36 Kb BRAMs would be required to write 256 bits in parallel. Since the

number of VOQs required for an NxN switch is N2, the following constraint must be satisfied:

4 × N2 ≤ 2160. This in turn limits the maximum number of ports that can be supported to

23. Additionally, most of the BRAM resources are also wasted as shown in Fig. 3.1. Utilising

the distributed RAMs instead of the BRAMs relaxes the constraint to 256 × 64 × N2 ≤ 36.1

Mb [80]. Nonetheless, the maximum port number is still limited to 46. While UltraRAMs

present larger storage capacities, they are as limited as BRAMs in flexibility and utilising them

for implementing VOQs would similarly be inefficient.

To efficiently use the on-chip FPGA memory resources, the shared memory architecture used

by the IBM Prizma switch [3] is adopted to replace large VOQs. This architecture enables

the flexible sharing of a single BRAM/UltraRAM-based memory across VOQs belonging to

the same input port. Another advantage of this architecture is its high tolerance to bursty

traffic, as the busy queues will be allocated with more buffer space in the shared memory

space. The shared memory structure has similarly been used in the work of Dai and Zhu [38]

when implementing a memory-based switch, and is shown in Fig. 3.2. Different from [38], which

uses the shared memory as the internal switch, we use the shared memory to replace the virtual

output queue.

The shared memory architecture is implemented using a dual-port RAM that supports concur-

rent read and write operations. The address pool is implemented as a simple FIFO populated
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with available memory addresses. When a packet arrives at a shared memory block, the des-

tination field is fed to the output pointer queues whereas the data get stored in the shared

memory with the address provided indicated by the address pool. The indicator block shown

in Fig. 3.2 is designed to handle multi-cast packets that are destined to multiple output ports.

Instead of storing the same data multiple times in the shared memory, only one copy of the

multi-cast data is kept. This minimises storage overhead since the number of bits required

to represent the request is much smaller than the data itself. The indicator stores a bit-map

indicating the output ports requested by a packet when it is first written into memory. The

bit-map entry representing a certain output is cleared when the header is popped out of the

corresponding output port, and the memory address is freed and returned to the address pool

only after the bit-map value is 0, which indicates that all the multi-cast requests have been

handled.

Although utilising an asymmetric dual port memory for implementing the indicator might

appear optimal as it allows the modification of individual bits within the bit-map with a single

clock cycle delay, such an approach would limit the scale of the shared memory. This is because

the read and write width ratio of the dual port memory provided by Xilinx [81] memory is

limited to 32. This in turn would restrict the maximum number of queues that can be shared.

To remove this limit, we choose to implement the indicator block using a symmetric dual port

memory at the expense of a cycle overhead required for updating the entire bitmap on each

access. In other words, the symmetric memory now requires the entire old bit-map content to

be read before writing back the new value thereby introducing an additional read delay.

Schedulers

Schedulers are among the core components of crossbar-based switches as they are needed to

resolve potential port conflicts that could arise in a switch. We consider two schedulers in our

work: 1) a centralised iSLIP scheduler that implements the iterative maximal size matching

scheduling algorithm proposed in [82] and guarantees 100% throughput for uniform Bernoulli

traffic. 2) a round-robin (RR) scheduler that can provide additional implementation simplicity
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Table 3.1: Utilised custom packet format.

Field Source Data Destination

Width log2N W − log2N −N N

over iSLIP in architectures where complex centralised scheduling is not required.

3.3 Feasibility Study

To investigate the scalability of FPGA-based crossbar switches, two architectures are con-

sidered. The first switch architecture, SMiSLIP , uses shared memory input-buffering with a

centralised iSLIP scheduler and is chosen to represent the broad class of input-buffered switches

with centralised schedulers. The second design, GCQ , is the switch architecture proposed by

Dai and Zhu in [38], and is chosen to be representative of CICB and HC+CIOB architectures

since the CICB architecture is an extreme case of the HC switch with S=1 as explained in Sec-

tion 2.2.3. We also implemented a simple crossbar switch architecture with an iSLIP scheduler

and with no buffer sharing to serve as a baseline. We specifically focus on simple scheduling

algorithms since they are more likely to scale to higher line rates and the number of ports while

achieving timing closure on FPGAs.

In the rest of this section, we first introduce our design setup and then discuss the results of

our study. Specifically, we present the trade-offs of the various architectures in terms of their

maximum achievable line rate and the number of ports (aggregate bandwidth), port-to-port

latency, and FPGA resource utilisation based on the simulation results obtained.

3.3.1 Design setup

Design Flow & Tools

Vivado Design Suite 2017.2 is used for hardware implementation, and our results are obtained

targeting Virtex Ultrascale+ XCVU9P FPGA with out of context flag to prevent IO in-
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sertion. Our results do not include any transceiver logic and are limited to the switching

architectures themselves.

Packet Format

All implementations assume uniform traffic and a fixed packet size representing a single transfer

unit, namely the cell. Though this approach increases the control resource overhead, it allows

for a simpler flow control logic. We simply use buffer occupancy flags (full or empty) as a

notifier to the sender. A customised packet format summarised in Table 3.1 is chosen since

our primary goal is investigating the basic switching functionality. The radix of the switch is

represented by N , and W is the total packet width. Each bit in the destination field represents

the request to the corresponding output port. Log2(N) bits are used to represent the input

port, and are only included to provide a more realistic packet format even though they are not

necessarily required for correct switch operation.

Design specification

We consider switches with the three line rates shown in Table 3.2. The reason why the operating

frequency is fixed at 40MHz is twofold: First, 40MHz is the boundary operating frequency for

the iSLIP scheduler to support 128 inputs based on our experimental results. Second, the

GCQ switch requires four times speed-up in the design, using 40MHz not simultaneously eases

achieving timing and provides a fair comparison with the previous work.

Buffer Depth

For zero packet loss, a VOQ buffer depth of 64 is used for the iSLIP-based switch. The GCQ

switch requires a smaller VOQ depth for zero packet loss and a VOQ depth of 16 is sufficient as

presented in [38]. The utilised buffer depths for the various switching architectures considered

are further summarised in Table 3.3.
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Table 3.2: Design specification.

Platform Operating frequency Line rate Data width

Virtex
UltraScale+

xcvu9p

40MHz 10Gb/s 256

40MHz 25Gb/s 640

40MHZ 50Gb/s 1280

Table 3.3: Buffer depth configurations (N denotes the number of ports).

iSLIP SMiSLIP GCQ
VOQ depth 64 n/a 16

Shared memory depth n/a 64N 64N
Memory pool depth n/a 64N 64N

Output address pointer
queue depth

n/a 64N 64N

3.3.2 Performance analysis

Design scalability

To get a better view of the scalability of the crossbar-based network switch, designs targeting

10Gb/s, 25Gb/s and 50 Gb/s (Data Width 256-bit, 640-bit and 1280-bit) were implemented

for all three designs. Without memory sharing the naive iSLIP can only achieve a maximum

of 32 ports with 10Gb/s and a maximum of 8 ports with 50Gb/s. The SMiSLIP on the other

hand can scale to 64 ports with 10Gb/s and 32 ports with 50Gb/s.

The maximum frequency and link capacity (maximum running frequency × data width) that

could be supported for each data width and the port count is determined and provided in

Table 3.4. Note that GCQ consists of two clock domains, with one being 4 times faster than

the other. The slower clock frequency is displayed in Table 3.4 because this clock determines

the link speed of the switch.

As can be seen from Fig. 3.4a, for switches with 32 or fewer ports, SMiSLIP can support a

higher link capacity than GCQ. This is because no speed-up is required for SMiSLIP so that

the entire switch can run at the highest frequency. However, due to the centralised architecture

of SMiSLIP, the maximum supported frequency decreases more rapidly than that of the GCQ
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Table 3.4: Frequency and line rate scaling with switch size and data width.

Maximum Frequency (MHz)
Link Capacity (Gbps)

Data Width 256 bit 640 bit 1280 bit
# Ports SMiSLIP GCQ SMiSLIP GCQ SMiSLIP GCQ SMiSLIP GCQ

8 228.68 55.49 206.31 54.14 206.65 48.31 264.52 61.83
16 201.49 54.29 192.53 52.69 183.79 43.67 235.25 55.88
32 135.65 51.28 109.89 50.64 56.72 46.42 70.33 59.42
64 52.46 49.29 - 48.56 - - 13.43 31.08

switch. This is because the iSLIP scheduler contains three stages in one scheduling iteration

and the input size of the scheduler is proportional to the port number squared. Larger input

size leads to a higher combinational logic delay and eventually reduces the maximum running

frequency. While inserting registers could help increase the operating frequency, this would also

introduce cycle overhead to the scheduler and as an iterative scheduler, this overhead would be

multiplied by the number of iterations, which makes its overall efficiency less clear. We leave

a more thorough exploration of this possible optimisation to future work. GCQ on the other

hand has a stable performance due to its hierarchical structure which makes it more suitable

for higher radix switch designs.

Average port-to-port latency

Table 3.5 reports the port-to-port latency obtained for each implementable configuration. The

latency of all the designs increases with both the port number and the data width. Fig. 3.4b

contrasts the average port-to-port latency of the SMiSLIP and GCQ switch designs for dif-

ferent port speeds. To provide a fair comparison against ASIC-based switches, the latency

of the transceivers is further accounted for in the result. According to [83], the latency of the

transceivers ranges from 13.65ns to 96.75ns for 10 Gb/s line rate resulting in an average latency

of 55.2ns. The shaded area represents the latency boundary of ASIC-based switches [84–86].

Overall, both design performs well in latency compared with the ASIC-based products, and

SMiSLIP has much lower latency compared with GCQ. This is because GCQ switches require

clock domain crossing at both input and output interfaces as well as the use of pipeline registers

to break the long wires that inter-connect the memory-based switches.
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(a) iSLIP 10G 16-port (b) SMiSLIP 10G 16-port (c) GCQ 10G 16-port

Figure 3.3: Implemented device view of three architectures. The leaf cells highlighted in blue
represent the memory resources used by buffers. The yellow cells represent the scheduler in the
iSLIP design and the memory-based switch in the GCQ design.

Table 3.5: Port-to-port latency scaling with switch size and data width.

Port-to-port (p-p) Latency (ns)
Avg. p-p latency (ns)

Data Width 256 bit 640 bit 1280 bit
# Ports SMiSLIP GCQ SMiSLIP GCQ SMiSLIP GCQ SMiSLIP GCQ

8 26.23 130.57 32.082 133.92 32.03 150.07 31.11 138.21
16 33.77 142.75 35.164 147.01 36.64 177.48 35.19 155.76
32 49.23 170.63 59.6 172.74 141.02 188.47 54.41 177.30
64 171.53 218.09 - 221.37 - 219.73

3.3.3 FPGA Resource Utilisation

Three floorplans of a 16 port switch are shown in Fig. 3.3 to demonstrate the scaling of each

architecture in terms of resource utilisation. As expected, the basic crossbar switch with no

buffer sharing has a high memory utilisation and is limited in scalability. The resource usage

versus port number for various port line rates is presented in Fig. 3.5a and Fig. 3.5b for the

SMiSLIP switch and the GCQ switch respectively. As can be seen, GCQ requires a higher

number of logic resources compared with the SMiSLIP switch (FFs and LUTs). However,

comparing the utilisation of the other resources is not as straightforward. Since the compiler

views the rest of the available resources as a collective pool of memory resources, it attempts to

make optimal use of the pool of resources while compensating for the lack of one resource with

another based on the total resources available on the target device. This, in turn, obfuscates the
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Figure 3.4: Switch performance scaling results.

relationship between the scale and the resource requirements of the design, as it is now subject

to target-dependent optimisation constraints. We therefore propose an analytical model in

Section 3.4.
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Figure 3.5: A base-10 log scale is used for the Y axis with the dotted horizontal line indicating
the 100% resource usage of the target platform; For designs with usage over 100%, synthesis
results are provided as they cannot be implemented on the FPGA; URAM is similar to BRAM
but with larger unit block size and less flexibility, therefore shared memory module are imple-
mented to first exhaust URAMs prior to using BRAMs to avoid wasting memory resources.
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3.4 Analytical Model

We present a target-independent model that can be used to estimate the resource requirement of

our proposed architectures at various scales for the future adoption of next-generation FPGAs.

This enables us to estimate the resource requirements of each architecture and predict whether

they can be implemented on a target FPGA while relying on the FPGA datasheet. This

approach reduces design time by eliminating the need to repeatedly implement the designs

while targeting different boards and scales. We also estimate the expected latency of each

architecture to show their trade-offs in terms of both latency and resource utilisation.

3.4.1 Memory Resource Model

We rely on our existing implementations of the SMiSLIP switch and the GCQ switch to obtain

a memory model that can be used to predict the memory resource requirements without being

subject to target device constraints. When we consider the SMiSLIP switch, the shared-memory

VOQs contribute to all the memory resource utilisation resulting in the equality shown in (3.1),

where Usm is the memory resources used by the shared memory VOQs.

USMiSLIP = Usm (3.1)

We further break down the shared memory VOQ architecture into the utilisation of its four main

sub-components: (a) a shared memory buffer (Ushared mem), (b) the memory pool (Umem pool),

(c) the output queues (Uout q), and (d) the indicator (Uindicator). Consider an N port switch

with a data path width of W and queues with a depth of D. The shared memory buffer is

expected to hold a total of N VOQs. This results in Ushared mem = DNW as shown in Fig. 3.2.

The memory pool should contain all the addresses for the shared memory. Given the depth

of D ×N , the input width of the memory pool equals log2(DN); hence the usage for memory

pool Umem pool = DNlog2(DN). The output queues store the addresses issued by the memory

pool with a depth of D, so the usage for output queues Uout q = DNlog2(DN) The indicator



3.4. Analytical Model 41

module should have the same depth as the memory pool and the data width of N to indicate

the request status for N outputs. This results in Uindicator = DN2. Finally, a total of N shared

memory units are needed. In summary, the total memory usage Usm for the shared memory

can be expressed as:

Usm = N × ( DNW︸ ︷︷ ︸
shared mem

+2DNlog2(DN)︸ ︷︷ ︸
mem pool&out q

+ DN2︸ ︷︷ ︸
indicator

) (3.2)

Similarly, the GCQ switch memory utilisation can be broken down into 3 sub-components:

(a) the memory-based switches (UMBS), (b) the VOQs (UV OQ), and (c) the output buffers

(Uoutbuf ). The core of the GCQ switch is the memory-based switch (MBS) which extends the

shared memory architecture by adding multiplexers and de-multiplexers at the beginning and

end respectively. As a result, the memory usage model for a MBS is very similar to that of

Usm, with the exception that the size of the MBS used in GCQ is fixed. With a speed-up of S,

the total number of MBS needed in the GCQ design is (N
S
)2, hence UMBS can be expressed as:

UMBS = (
N

S
)2 × ( DSW︸ ︷︷ ︸

shared mem

+2DSlog2(DS)︸ ︷︷ ︸
mem pool&out q

+ DS2︸︷︷︸
indicator

) (3.3)

The GCQ switch reduces the number of queues at the input to (N
S
). The UV OQ usage can then

be calculated as follows with DV OQ representing the depth of the VOQ at the input:

UV OQ = N(N/S)×W ×DV OQ (3.4)

GCQ requires additional asynchronous output buffers at the output whose usage can be ex-

pressed as the product of the number of buffers and a factor F to compensate for the resource

overhead when using the IP generator. Factor F is calculated by the ratio of actual memory

resources used by the IP to the theoretical memory usage without the IP. Because factor F

maps the theoretical memory usage to the actual memory usage, the model reflects a more
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accurate memory usage. The memory utilisation of a GCQ switch can then be given by:

UGCQ = (
N

S
)2 × (DSW + 2DSlog2(DS) +DS2)︸ ︷︷ ︸

UMBS

+F ×N(N/S)×W ×DV OQ)︸ ︷︷ ︸
UV OQ

+F × (N/S)2 × SWD︸ ︷︷ ︸
Uoutbuf

(3.5)

3.4.2 Port to port Latency model

SMiSLIP

The latency of iSLIP-based switches is dominated by the minimum clock period T of the

scheduler. According to [34], the iSLIP scheduler needs log2(N) iterations to converge, which

means each cell waits for at least log2(N) cycles in the buffer before it is scheduled to the output

port. The latency of the iSLIP scheduler can then be calculated as log2(N)T . Therefore, the

latency of SMiSLIP in clock cycles can be given by:

DSMiSLIP = TCMBS + log2(N)T (3.6)

where CMBS is the number of clock cycles that are required for the cell to pass through the

shared memory architecture.

GCQ latency model

The cross-clock domain logic and the pipeline stages in the GCQ design introduce latency

overhead to the design. The latency model for the GCQ switch with N ports in clock cycles is

shown below:

DGCQ = TsCwr + TsCrd + TfCMBS + TsCp (3.7)

where Ts and Tf are the clock period of slow and fast clock regions respectively. Cwr and Crd

are the write and read delay in terms of clock cycles. Additionally, Cp is the number of pipeline

stages inserted to break the long wire connections within the switch and it is equal to the
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Common Parameter Selection
Port Number (N)
Data width (W)

Queue depth (D)

Structure selection

Specific Parameter Selection
Speed up (S)

VOQ Depth (Dvoq)

Substitute Parameters in
Equation 3.5

Substitute Parameters in
Equation 3.2

Result

GCQ SMiSLIP

Figure 3.6: Memory model usage flow diagram. Note common parameters are parameters
shared by both architectures and specific parameters are exclusive to GCQ only.

number of memory-based switches in a row.

3.4.3 Case study: Resource model use case

As an example of how our model could be used in practice, we sketch a possible workflow in

Fig. 3.6. While we do not expect our model to give us the exact number of memory resources

that end up being used on the FPGA by each architecture, we can use that to answer the

following questions.

1. Is an SMiSLIP or GCQ switch implementation likely to fail due to insufficient

memory resources on a target board?

We answer this question by computing the expected memory resource requirements for the

points at the boundary conditions where the first design fails implementation due to insufficient

memory resources. This corresponds to a 64-port design with a line rate of 50 Gb/s. Based

on our model, we estimate that 356.515 Mb and 368.738 Mb are required for the SMiSLIP and
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GCQ architectures respectively. Considering that the target board has a total of 382 Mb of

cumulative memory resources (LUTRAM, BRAMs, and UltraRAM), our estimates are within

a threshold (6%) for SM-SILP and (3.4%) for GCQ from the overall memory capacity. Based

on those numbers, we hypothesise that designs are likely to fail due to insufficient memory

resources when the model-based memory resource estimations are within close proximity of

the determined thresholds. To verify our hypothesis, we run a number of tests for design sets

that start to fail implementation. The results indicate that on average, the design fails with

memory variation of 7.98% over for SM-iSLIP and 2.75% over for GCQ of the overall memory

capacity. This implies that the synthesis tools might end up using more memory than actually

needed. Therefore, while the model does not provide an exact matching number of resources,

it can be used to predict the likelihood of failing implementation due to memory constraints,

although more work is needed for rigorous statistical validation of the determined thresholds.

Next, we use our model to predict the lower bound of FPGA memory resource requirements

for extrapolating the memory requirements of FPGA switches at various scales. An example is

as follows.

2. What is the minimum memory requirement for implementing a 128-port SMiS-

LIP or GCQ switch operating at a line rate of 50 Gb/s ? Based on our model, we

determine that SMiSLIP and GCQ need 1503.65 Mb and 1474.9 Mb memory respectively for a

switch of such a scale. Considering this, and the amount of on-chip memory resources available

on FPGAs, we observe that the memory requirements of both designs cannot be supported

by the current generation of UltraScale+ FPGAs, which has a maximum of 502.8Mb RAM

(consists of Distributed, Block and Ultra) as reported in [80]. For FPGAs with on-chip HBMs

(with a typical size of 4GB, 8GB and 16GB), despite the large size, the access latency is high

compared to the other on-chip memory types, making them less suitable for low-latency switch

design.
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3.5 Sorting network-based high throughput switch de-

sign

This section is part of the collaborative work with Papaphilippou [1]. The material presented

below, unless noted otherwise, is my own work.

Different from the crossbar-based switches with VOQ as a buffer, which requires more complex

control logic for the scheduling algorithm, the sorting network-based design as shown in Fig. 3.7

can be treated as an output queued switch design that works with simple round-robin algorithm,

with the number of queues at each output port equals the input port number, this space division

queuing method avoids the speeding up of a single shared output queue. The multistage nature

of this design enables heavy pipelining, which suits the FPGA platform well. As a result, this

design achieves 1.7 Tb/s throughput for a 16-port design with 512-bit data width.

Incoming
packets

Output
Queues

Round-robin dequeue 
Balanced 
traffic To port 0

To port 1

To port 2

To port 3

0 1
3 2

0 1
3 2

0 1
3 2
0 1
3 2

0 1
3 2

Batcher's odd-even mergesort
                      &
               Offset logic

Barrel shifters
          &
       Filters

Figure 3.7: Abstract view of the design with 4x4 ports. As the detailed architecture and
implementation are presented in Hipernetch [1], we thereby only show the abstract design and
analyse its similarity to an output-queued design.

In this section, we first present the comparison between the sorting network-based design and

the aforementioned crossbar-based designs. Then based on the result of the comparison, we
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provide an analysis of sorting network-based switches and show their resemblance to output-

queued crossbar-based switches, which explains why this design outperforms the aforementioned

crossbar-based designs. Because Output-queued (OQ) network switches have been shown to

perform better than input-queued (IQ) switches [36].

3.5.1 Performance comparison with the crossbar-based designs

For a fair comparison, we re-run the experiment on a newer U280 board and use the same

wrapper logic for a fair comparison. The result is shown in Fig. 3.8 The implementations here

were redeveloped for the same target FPGA (Xilinx Alveo U280). Note that this comparison

is mostly indicative, as some assumptions were made for each implementation, such as to be

out-of-context as well (no actual transceiver is populated) and featuring different buffer lengths

and memory types. There could also be additional effort to optimise the implementation of the

competing designs.

Hipernetch Hipernetch

Figure 3.8: Comparison of 16×16 switches implementations on Xilinx Alveo U280. Source: [1].

Fig. 3.8 shows how the design space for the proposed design performs against the related work,
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based on the throughput and port-to-port latency. For a packet size of 256 bits, the sorting

network-based design 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 seems

to sometimes marginally win for port-to-port latencies, but our design space features choices

that are better in both the throughput and latency, including the aforementioned data point,

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 found in our simulations. GCQ yields the

worst latencies irrespective of packet size. For a packet size of 512 bits, we achieve 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 resource usage, the sorting network-based design requires less memory but

requires more LUTs and FFs compared with the crossbar-based designs. Although performs

better in terms of throughput and latency, the sorting network-based design is less scalable,

with a maximum number of ports of 32. This can be explained by the heavy usage in LUTs

and FFs of the arbiter logic.

3.5.2 Resemblance to output-queued crossbar-based switches

Output-queued crossbar switches (OQ-xbar) are considered as the ideal switch architecture and

most alternative architectures strive to emulate their performance [36, 87, 88]. They consist of

a crossbar fabric and a FIFO-based queue for each output port. In crossbars, conflicts happen

when packets from different input ports are targeting the same output port at the same cycle.

To solve this problem, both the crossbar and the queues use P times higher clock frequency

than the base clock (fabric speed-up of P times, where P is the number of ports). This gives the

illusion that packets arriving at the input ports are forwarded “immediately” to the appropriate

destination port queue.

In practice, the main performance bottleneck of the output-queued crossbar switch is the need

for a high memory accessing speed. Alternatives have been researched to match the performance

of an output-queued switch. These solutions, however, are all based on the speed-up of the
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switch fabric. In [89], a speed-up of 2 in a CIOQ switch was proven to be sufficient to emulate

an output-queued switch in theory. However, the need for scheduling algorithms that run with

a speed-up of 2 for switches with high port rates is challenging in general, and even more

challenging on FPGAs due to their low operating frequencies. In this section, we demonstrate

that our proposed design approaches the performance of the output-queued crossbar, though

it does not necessarily behave identically to an OQ-xbar switch. More specifically, two packets

arriving on the same cycle with the same destination can appear in a different order at the

output port, but this does not affect the common performance metrics.

In high-level, an OQ-xbar switch with P ports can enqueue up to P packets to a single output

port buffer immediately. The order in which these packets are written to the same destination

port buffer depends on an arbitration policy used which can be as simple as a round-robin

arbitration policy. Our proposed switch in contrast relies on a sorting network to perform this

arbitration, and therefore provides no deterministic order in which packets are written to the

destination port buffer. This is due to the fact that sorting networks are not stable sorters.

Another reason the behaviour of our design is not exactly identical to that of an OQ-xbar is

that packet drops can cause our optimised output arbiters to get desynchronised. In the rest of

this subsection, we explain how these differences in behaviour impact the performance of our

proposed design, and how it compares to an OQ-xbar in terms of the average latency, worst-case

latency, throughput and packet loss rate.

Latency Two metrics for measuring the switching performance are the average and the worst-

case latency. The average and worst-case latency is measured by counting the average and

maximum number of cycles respectively a packet needs to be served from the input port to the

output port.

Without loss of generality, we study the events in a single output port out of the P available.

With respect to the latency of packets destined for the same output port, there are two cases

to consider: (1) packets arriving on different cycles and (2) multiple packets arriving on the

same cycle.
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For (1), any two packets A and B arrive on different cycles tA, tB for the arrival time of A and

B respectively, where tA < tB (B precedes A). Both the combined parallel round-robin arbiter

and the output-queued crossbar have a fixed processing latency. Thus it is guaranteed that

the order of packets A and B will be conserved (each being served on the arrival time plus the

processing latency) and (1) is not a differentiating factor.

For (2), multiple packets (up to P packets) arriving on the same cycle, it is shown that different

permutations do not affect the latency metrics. Let t1, t2, ..., tp the timestamps for the i ∈

(1, 2, ..., P ) consecutive packets to be dequeued. Note that these timestamps are one cycle

apart from each other, due to the round-robin arbiters in the end. t0 denotes the common

timestamp of arrival in the input. The worst-case (tworst) and average (tavg) latencies are given

by:

tworst = max((t1 − t0), (t2 − t0), ..., (ti − t0))

= max(t1, t2, ..., ti)− t0

(3.8)

tavg = ((t1 − t0) + (t2 − t0) + ...+ (ti − t0))/i

= (t1 + t2 + t3 + ...+ ti)/i− t0

(3.9)

Due to the associative and commutative properties of both the max operation and summation,

the queuing order at the output will not affect the worst-case or average latency for both our

design and the OQ-xbar.

As the average latency is shown to be identical, we can verify this finding by comparing each

set of output queues to an M/D/1 model, for example, as it is shown to model the OQ-crossbar

as well [90, 91].

In our design, the highest arrival rate for the queue group in the output is 1 packet per cycle

(corresponding to 100% input rate under uniform Bernoulli traffic), and the highest serving

rate is also one packet per cycle per port. The queue utilisation is given by ρ = λ
µ
, where λ (or

r, ranging from 0 to 1) is the arrival rate and µ is the serving rate. For instance, achieving the
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steady state of the model requires λ ≤ µ, otherwise, the queue size would grow indefinitely.

As the average latency metric comparison assumes infinite queues, we choose to set µ to 1 due

to the dequeue policy of processing one packet per cycle (as with the OQ-xbar). The average

latency ωQ of a packet in such an M/D/1 queue can then be given by:

ωQ =
ρ

2µ(1− ρ)
=

λ
µ

2µ(1− λ
µ
)
=

λ

2(1− λ)
(3.10)

By mapping the average latency to the y-axis and the input rate to the x-axis we can compare

this model to our simulation results. This simulation dataset represents the average latency for

the entire switch (including the queues for all output ports), using uniform Bernoulli traffic.

There is a minor displacement due to a convention to wait to empty the queues, marginally

affecting the effective input rate in the simulation. The average latency ωQ of multiple M/D/1

queues equals to the average latency of a single M/D/1. Thus, observing this juxtaposition in

Fig. 3.9 indicates that our switch design follows the output-queuing model.
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Figure 3.9: Average latency comparison of M/D/1 queueing model and simulation result.

Throughput. The throughput is measured as the number of exported packets for a given time
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period. Both the output-queued crossbar fabric and the combined parallel round-robin arbiter

are collision-free, i.e. given at most P packets targeting the same port, arriving on the same

cycle, where P is the number of ports, they can all be processed. In the case of the crossbar,

this is achieved by expanding the time domain (i.e. speeding up both the fabric and the queues

P times). In the case of our design, this is achieved by rearranging the packets in line rate using

non-blocking components and increasing the parallelism of the space domain (i.e. accessing the

FIFOs in banks). They both support the line rate, sometimes referred to as “supporting 100%

of the throughput”, although this holds as long as there is adequate free space in the queues.

As network switches do not have an infinite amount of queue space, the throughput is reduced

by packet losses.

Packet loss rate. In terms of the packet loss rate, our proposal performs similarly to OQ-

xbar with queues of the similar total size. As this metric relates to a fixed queue size, the

implementation of the output arbiter and desynchronisation workaround also affects the packet

loss behaviour. For brevity, we show that our proposal with any simpler output arbiter choice

is no worse than an OQ-xbar with (M − P )/M of the total queue space for a port, where

M = P ∗D is the space of an output queue group and D is the queue depth. Note that this is

a worst-case and also between the workarounds there is, for instance, the backpressure solution

which would perform the same as an OQ-xbar with the same total queue size. The longer the

FIFOs, the less important this difference becomes.

On each cycle, due to the round-robin enqueue and dequeue policies in our solution, we notice

that the available spaces will be consecutive (cyclic) and evenly distributed across the P output

queues of the port. Therefore, regardless if the output arbiter for the port is synchronised or

not, when there are P or more free spaces (F ∈ P, P + 1, ..., P ×D), all packets arriving on

that cycle will find a place in the FIFO group of the port and will not be dropped. Therefore,

we notice that it performs at least better than an OQ-xbar with (M − P )/M the queue space

(with P fewer spaces).
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3.5.3 Comparison to ASIC-based switches

To compare the latency of our design with ASIC-based switches, we collect latency values re-

ported in the datasheet from well-known switch manufacturers, and the comparison is presented

in Fig. 3.10. Note that for ASIC-based switches, most vendors provide the best latency among

a series of products, and the relationship between the best latency and the number of ports

as well as the line speed is unknown. Thus, our reported best latency is chosen from designs

of different line speeds, given a fixed number of ports. The numbers in parentheses are the

available number of ports supported by the corresponding switch.

0

100

200

300

400

500

600

700

800

900

1000

Hipernetch
(4,8,16,32)

SMiSLIP
(16,32,64)

GCQ
(16, 32, 64)

Mellanox
SB7800 Series

(32,40)

Mellanox
QM8700

Series
(40,80)

Cisco Nexus
3500

(24,48)

Cisco Nexus
3200

(32,64)

N8500-48B6C
(48)

Juniper
QFX5100
(24,48,96)

Cisco Nexus
3264Q

(64)

Cisco Nexus
93180YC-FX3

(48)

P
or

t-
to
-p

or
t l

at
en

cy
 (

ns
)

2016
2016

2015

2015
2018

2013

2018

2020

Figure 3.10: Latency comparison with ASIC-based switches [4–11] (from left to right).

Our design is shown to yield very low latencies, but it has the most basic port forwarding

function, and is implemented in our switch with a custom packet format. As our design only

considers the latency inside the FPGA, it is not appropriate to compare with ASIC-based

switches without the same interface logic (SFP+/QSFP+). Thus, we add the corresponding

latency of such an interface to our design. Taking the Ethernet switch as an example, we make

an estimation using the 10G/25G Ethernet Subsystem from Xilinx [92], which gives the lowest

latency of 36.8 ns and 46.08 ns for 10GE and 25GE design respectively. To achieve the lowest

latency, we choose 36.8ns for our estimation.
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In order to compare with other Ethernet switches, the port-to-port latency was updated as

explained and corresponds to a very basic implementation with no additional functionality.

As can be seen in the figure, the Hipernetch and SMiSLIP designs have the lowest latency

among the ASIC-based switches, but for up to 16 ports. For 32 ports, Hipernetch shows a

higher latency than the SMiSLIP; this is because of the noticeable performance overhead from

approaching the limits of the FPGA device related to the Stacked Silicon Interconnect (SSI).

Due to the long iteration time of ASIC products, ASIC-based switches tend to pack functions

that might not be used by the customer in the switch. These additional functions potentially

affect the latency of the switch. In contrast, for an FPGA-based switch design, it is the choice

of the user to add their desired functions. Therefore, FPGAs can minimise the latency overhead

introduced by the redundant functions. Observing the latency difference between our design

and the slowest ASIC-based switch, our switch provides a time window of approximately 600

ns for the user to include additional functions like packet processing, and still able to compete

with the ASIC-based switches. Moreover, there will potentially be a frequency boost when

transitioning from FPGA to ASIC implementations [93].

One limitation of FPGA-based switches is the number of ports that a single FPGA can support.

Although our design shows the ability to saturate the fastest transceiver bandwidth on FPGAs,

it can be challenging to utilise all the available transceivers on board, due to routing and other

resource limitations. However, it is possible to overcome such limitations by utilising multiple

switches, or in different FPGA, hierarchically. Network topologies such as Clos networks [29]

and fat-trees [94] are typical methods to construct large switching networks with smaller switch-

ing modules. Such methods can increase the scalability of FPGA-based switch designs at the

expense of latency. These can also be regarded as a workaround for bigger switches before

improved generations of FPGA devices are released.
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3.6 Summary

In this chapter, we study the feasibility of FPGA-based switches to answer our primary ques-

tion of whether such architectures can be used to implement FPGA-based switches that can

match the performance of ASIC-based switches used today. Our experiments show that the

maximum number of ports achieved is 64, this makes FPGAs today more suitable for imple-

menting switches with lower port count requirements. We further determine the trade-offs of

each proposed architecture in terms of performance and scalability. Among the three designs

presented, Hipernetch has the lowest port-to-port latency for up to 16 ports. Beyond 16 ports,

the SMiSLIP architecture shows the lowest port-to-port latency. Though the SMiSLIP archi-

tecture has lower port-to-port latency than the GCQ switch, it exhibits limited link capacity

for high radix design. This is due to its higher resource utilisation as shown by the target

independent model, as well as to the difficulty in achieving higher operating frequencies due

to its centralised architecture. The GCQ switch, instead, demonstrates better scalability in

terms of memory resource requirements and consistency in supported link capacity, although

scaling it further is currently limited by routing resource congestion. Further, we observe that

achieving timing closure became more challenging as the size of the switch increases since it is

possible for a switch fabric to cross two super logic regions (in Xilinx FPGAs) to connect with

the transceiver.

In terms of meeting the requirements mentioned in chapter 2, FPGA-based switches meetR1 in

port-to-port latency when compared with ASIC-based switches, making them good candidates

for edge data centres where latency is of vital importance. As for R2, FPGA-based switches

can support a range of port counts. Hipernetch is more suitable for less than 32 ports design.

SM-iSLIP and GCQ more suitable for less than 64 ports design; this meets R2 when compared

with relatively lower-end ASIC-switches [6] as presented in section 2.2.1.

In terms of resource usage, we measure the usage percentage for a 16x16 switch on the Xilinx

U280 Alveo. The result as presented in Table 3.6 is obtained by fixing the same throughput

for all three designs. All three designs show similar usage in LUTs and FFs, this is because

Hipernetch due to its pipelined design runs at a higher frequency and therefore requires smaller
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Table 3.6: Resource summary for Xilinx U280 Alveo

Memory LUTs FFs

Hipernetch <1% 14% 6%
SMiSLIP <23% 17% 1%
GCQ <24% 17% 4%

data width to achieve the same throughput. For memory usage, because the type of on-chip

memory used depends on the compiler optimisation strategy, we only show the total usage

percentage. The Hipernetch design uses a shallow buffer and uses the least memory resources.

Additionally, none of the designs uses DSP resources.

In conclusion, current FPGA can match ASIC-based switches in either link capacity, port

number or switching latency. When combining them, they are more likely to match with

low-end ASIC switches as mentioned in Chapter 2. However, similar to ASIC-based switches,

it is possible to scale the port number by connecting multiple FPGA-based switches, with a

sacrifice in switching latency. This opens an opportunity for FPGA-based network switches in

hyperscale data centres when latency is not the most crucial requirement.

The rapid growth in the size of FPGAs and their performance can help circumvent these gaps

and enable larger and faster FPGA-based switches that do not rely on a centralised scheduling

architecture. With 3D stacking [95], more resources and short routing can be achieved on the

FPGA. Also, with hardened Networks-on-Chips (NoCs) finding their way into FPGAs, the

challenges of meeting timing closure can be alleviated, thus enabling even lower latency and

resource area usage, which in turn could help bring the performance of FPGA-based switches

closer to commercial switches.

In addition to packet switching, FPGA-based switches can handle computation-intensive op-

erations which is not offered by the ASIC-based switches. In the next chapter, we discuss

applications that can benefit from FPGA-based network switches.
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Ensemble Model Training

Random projection is gaining more attention in large-scale machine learning. It has been proved

to reduce the dimensionality of a set of data whilst approximately preserving the pairwise

distance between points by multiplying the original dataset with a chosen matrix. However,

projecting data to a lower dimension subspace typically reduces the training accuracy. This

chapter proposes a novel architecture to support ensemble learning on an FPGA-based network

switch. This architecture enables reducing training time while maintaining high accuracy. Our

initial result shows a speed-up of 2.1-6.7 times on binary classification using four different high-

dimensionality datasets. The speed-up is defined by the ratio between the time taken for a

single model to train the data to the time taken for the ensemble model to train the data, as

shown in Eq. 4.10.

4.1 Introduction

Due to the location of the network switch and the resource usage of the switch design, not all

application suits the FPGA-based switch. We, therefore, identify three traits for an application

to be well-mapped to the FPGA-based switch. Such traits are:

1. lightweight, e.g., with streaming algorithm support, heavy-load applications would com-

56
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pete for on-chip resources and affect the performance of the switch. Besides, the resources

for the applications should not exceed the spare resources obtained from Table 3.6.

2. requiring frequent communication with other servers, e.g., weight update in distributed

machine learning. Located at the centre of communications, handling collective operations

such as Gather or Reduce at the switch reduces the communication cost compared to

handling those operations using a dedicated server. Another type of application that

falls in this scope is data compression within the switch, a reduced data size reduces the

bandwidth usage and improves communication speed.

3. requiring low response latency (high response speed), e.g., distributed memory caching,

so that response time-sensitive applications could save time by only accessing the switches

instead of the servers. The earlier a request can be answered in the data centre topology

the better, in other words, the preference is switch > NIC > server.

This chapter presents an example application namely accelerate ensemble learning with an

FPGA-based switch that leverages trait 2 through the ensemble of multiple servers. Chapter 5

presents another application that leverages the remaining two traits.

Recent years have witnessed a significant surge in the size of data available for machine learning

tasks. Though this is great for improving training accuracy, it is computationally challenging.

Reducing the high dimensionality of the data becomes crucial for accelerating machine learning.

Random Projection (RP) has been proved to be a powerful method for dimensionality reduc-

tion. However, increasing the sparsity of the RP matrix and thereby reducing the projected

dimensionality inevitably results in the loss of information within the dataset. This, in turn,

impacts the training accuracy of machine learning applications.

An ensemble classification system comprises of multiple classifiers. These classifiers can be

diverse in model type as well as predictive accuracy. The diversity of the classifiers allows them

to correct and compensate each others’ shortcomings, thereby achieving a collective accuracy

that is higher than that of the individual classifier. Combining RP and ensemble systems

allows classifiers to gain diversity from data in different sub-spaces, and the system to recover
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the accuracy loss with the ensemble.

Network switches as the pivot of data centre networks are possible places to introduce diver-

sity, however, ASIC-based network switches are fixed in functionality which is not suitable for

computational tasks. Previous work [39, 47, 96, 97] shows the capability of FPGAs for imple-

menting network switches. Using FPGA-based switches enables network function customisa-

tion, on-path aggregation for traffic reduction and network application acceleration. However,

such design typically leaves computational resources such as Digital Signal Processing (DSP)

blocks unused, which can be utilised to implement additional functions. We therefore propose

an FPGA-based network switch architecture to deploy RP ensemble method across multiple

servers, with the switch section responsible for distributing training data and the DSPs for

random projection.

The challenges of designing such systems are: (C1) Processing large dimensional data re-

quires a large amount of FPGA resources, thereby limiting the scalability of the system. (C2)

Performing fast computation requires storing the RP matrices on-chip, and this becomes chal-

lenging as the dimensionality of input data increases due to limited on-chip storage. Through

model analysis, we tackle the aforementioned challenges, and provide a generalisable solution

for various scenarios. The main contributions of this chapter are:

1. A novel architecture for random projection ensemble method that utilises the spare re-

sources (as shown in Table 3.6) of an FPGA-based switch (section 4.2).

2. Potential speedups in training whilst maintaining or even surpassing the single model

accuracy(section 4.5). As presented in Fig. 4.5, the single model accuracy is represented

by the dotted line.

3. An analytical model that benefits future deployment of our system (section 4.5.1). The

performance model helps predict the speed-up for data with different dimensions. The

individual component analysis in Fig. 4.4 helps to tune the optimised RP time (section

4.5.3).
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4.2 System architecture

The system comprises two major parts as shown in Fig 4.1, the FPGA-based switch for data

preprocessing and the server nodes for training. Within the FPGA, on top of the switch func-

tionality, multiple DSP-based matrix multipliers are used for the RP process. The system starts

with a network storage server, sending the training data to the FPGA through a high-speed

interface. Upon entering the FPGA-based switch, the data within the packets are either sent

directly to the output port (forwarding mode), or enter the DSPs where matrix multiplication

is performed with the pre-stored RP matrices (processing mode) before being sent to the output

port depending on the request field in the header. The server nodes then use the received data

to perform training. We make no assumptions on the type of server nodes, and they could

range from simple development boards to server clusters. Finally, the outputs of the switch

stream into the servers where training happens independently. Servers are platforms capable

of running machine learning training.

Note that the ensemble method allows servers to hold different types of models, however the

slowest node will affect the completion time of the system, making training tasks difficult to

schedule. For the sake of consistency, we choose to have the same type of model running in

all the servers, for example, multilayer perceptrons (MLPs) in our case. Each output port

is assigned a unique projection function. Therefore, the servers receive data projected into

different sub-spaces, ensuring the diversity of trained models in the ensemble.

Our design can be deployed as an extra layer of switching between the ToR switch and server

nodes, illustrated by the right half of Fig. 4.1. This approach allows a reduction of the number

of servers connected to each FPGA and keeps the functionality of the traditional rack. As a

result, more resources on the FPGA can be utilised to compute random projection. Replacing

the ToR switch with FPGA-based switches, in contrast, would require the FPGA to scale with

the number of servers connected to the ToR switch and this would limit the resources available

for computation. Such a hierarchical approach allows us to address C1 as the number of server

nodes increases.
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Figure 4.1: System flow

4.2.1 On-chip storage reduction for projection matrices

On-chip storage avoids extra data transfer latency of the RP matrix from the off-chip memory

and is necessary to perform fast data projection within the FPGA-based switch. The size of the

projection matrix becomes considerably large when the data dimension increases, which can

become too large for the on-chip memory resources. Observing that the sparse matrix consists

of only three values (positive, negative and zero) as shown in [52], we propose to represent

matrix value with only 2 bits and restore its value only when being used, this is because the

absolute value of the positive and negative value is the same. To restore the value, a 2-to-n-

bit lookup table is needed for each DSP-based multiplier, where n depends on the data type,

for example, n equals 16 for a 16-bit fixed-point number. This process only takes one cycle

to complete and incurs minimal resources overhead. This method allows us to store the RP

matrix on-chip with only a little resource overhead, thereby addressing challenge C2. Even

for a dataset with extremely large dimensions that cannot fit within on-chip memories, this

method still reduces the transmission time between off-chip memories and the FPGA.
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4.3 Theoretical model

Our theoretical model analyses the system time using boundary conditions. Aiming to optimise

the system time, it provides conditions when maximum computation power can be utilised by

the system. However, The theoretical model is constructed under the condition that FPGA

has enough resources to compute the RP in a fully pipelined way, its result could deviate with

different implementations.

Random projection can be performed by the switch and/or by the server nodes. Let α be the

fraction random projection computed by the switch, the rest (1− α) computed by the servers.

The overall system time consists of three components (a) the random projection time Tproject(α)

(b) the release time of output ports trelease(α) and (c) the training time of the server Ttrain.

It is possible to implement the random projection with systolic matrix multiplication. In this

case, the output ports can send data to the servers while the random projection is in progress.

In other words, the random projection time and data release time overlap. Therefore, we take

the greater time of Tproject(α) and Trelease(α). Ignoring the latency caused by the network and

the pipeline, the total system time is as follows:

T (α) = max(Tproject(α), Trelease(α)) + Ttrain (4.1)

Tproject(α) =
αX

θswitch
project

+
(1− α)X

θserverproject

(4.2)

where X is the number of data points for training a sub-model in the ensemble; θDproject is

the throughput of random projection for device D measured by the number of data instances

projected per second.

The release rate of data should stay below the bandwidth of outgoing links due to congestion

control. The release time to a server is the total data traffic F (α) divided by the bandwidth b

from the switch to the server. The data traffic for each server includes the original data and
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projected data sent to the server, i.e.

F (α) = αXk + (1− α)Xm (4.3)

where m and k are respectively the number of dimensions of the original data and the projected

data. Assume that all servers have the same bandwidth b measured by the number of data

entries transferred per second, the release time is

Trelease(α) =
F

b
=

αXk + (1− α)Xm

b
(4.4)

We propose to handle all calculations for random projection in the FPGA-based switch with

spared resources, which corresponds to α = 1. In contrast, in a conventional system with an

ordinary switch, the random projection works solely on the servers, which corresponds to α = 0.

The difference in performance is as follows:

T (1)− T (0) = X
[
max(

1

θswitch
project

,
k

b
)−max(

1

θserverproject

,
m

b
)
]

(4.5)

The proposed system outperforms the conventional one if and only if

T (1)− T (0) < 0 (4.6)

This inequality holds if and only if

max(
1

θswitch
project

,
k

b
)−max(

1

θserverproject

,
m

b
) < 0 (4.7)

Note that inequality 4.7 is independent of the number of data points X or the time spent on

sub-model training Ttrain.

Inequality 4.7 is very likely to hold under practical settings. In particular, there can only be

four cases for the maximum operations.

1. max( 1
θswitch
project

, k
b
) = k

b
and max( 1

θserverproject
, m

b
) = m

b
. Since k < m is the fundamental setting of
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Figure 4.2: Dimensionality reduction data flow.

random projection and b > 0, we have k
b
< m

b
. Therefore inequality 4.7 obviously holds.

2. max( 1
θswitch
project

, k
b
) = k

b
and max( 1

θserverproject
, m

b
) = 1

θserverproject
. In this case, k

b
< m

b
≤ θserverproject. There-

fore, similar to the previous case, inequality 4.7 still holds.

3. max( 1
θswitch
project

, k
b
) = 1

θswitch
project

and max( 1
θserverproject

, m
b
) = 1

θserverproject
. In other words, the random

projection time is the bottleneck of both systems. In this case, the inequity holds if

θswitch
project > θserverproject, which holds as long as DSPs on the FPGA have a speed advantage over

the server in terms of matrix multiplication.

4. max( 1
θswitch
project

, k
b
) = 1

θswitch
project

and max( 1
θserverproject

, m
b
) = m

b
. In this case, whether inequality 4.7

holds is more data-dependent and hardware-dependent. However, we found that the case

is very unlikely to appear practically.

4.4 Experiment setup

The experiments are primarily carried out in simulation with several binary classification

datasets from the UCI repository [98]. The tested model is a two-layer MLP classifier from

Keras [99]. The simulation code and data are open sourced1.

Based on Eq. 4.8, training time is collected from software simulation and switch time is calcu-

lated manually for better estimation. The simulation flow is illustrated in Fig 4.3. Aiming to

1https://github.com/jiuxi-pub/Ensemble learning
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Figure 4.3: Simulation flow.

find the impact of dimension reduction on the training time and accuracy, different numbers

of servers (#en size), size of dimensionalities (#dim) and the portion size of bootstrapping

(#portion) are passed to the simulator as parameters. As for accuracy evaluation, the ensemble

process is achieved through simple majority voting among the predictions of all servers.

As depicted in Fig 4.2, original training data are randomly sampled using bootstrapping [56]

with predefined proportions to form different sub-training data for each server. After random

projection, sub-training data of shape (x,m) is reshaped to a lower dimension space with shape

(x, k), where x is the number of training data and m, k being the dimensionalities before and

after reduction respectively. Note that for each sub-training dataset generated from the original

training data, the remaining data are used as a validation dataset to estimate the performance

of the individual model.

4.5 Performance estimation

Fig 4.4 illustrates the system time flow in a more practical way, with the top half showing the

time for training without RP and the bottom half with RP. t0 represents the time for the first

element in the dataset to leave the switch. tIa is the time interval for each packet to arrive

at the server. Tt is the total training time taken by the server. Without random projection,

training data are simply forwarded to the server without processing, resulting in shorter t0 and

tIa in the top graph than the ones in the bottom. Packet forwarding during random projection
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Figure 4.4: Time graph. Top: Forward mode (without RP). Bottom: Processing mode (with
RP).

is also shown in the bottom graph, indicated by the grey arrows in between the packets with

RP. Note that training can start immediately after training start, this applies to Stochastic

Gradient Descent (SGD), Gradient Descent (GD) and mini-batch SGD. From the time graph,

it is not hard to observe that a speed-up from our design requires tdiff to be greater than zero.

To prove our point, four high-dimensionality datasets are tested with their attributes and

performance improvements are shown in Table 4.1. Take the realsim dataset for example, 10%

of the dataset is picked randomly for our experiment, this translates to 5783 training data. As

a proof of concept, we assume a 4x4 10Gbps (256-bit data width) switch is implemented on a

Xilinx VU9P FPGA with 6840 DSPs, as presented in [47, 96]. A previous 4x4 network switch

designed by the NetFPGA-SUME project [97] shows less than 15% of on-chip memory usage

and less than 10% logic usage on a Virtex-7 chip. The same implementation on an Ultrascale+

chip will leave us with more flexibility for the extra RP function.

Only DSPs are considered as multipliers in our analysis at this stage to avoid overestimating
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Table 4.1: Estimated result.

Name
Size
used

Original
dimension

Reduced
dimension

Estimated
Speed-up

Ad [100] 3279 1558 200 3.2
epsilon [101] 55000 2000 1000 2.1
gisette [98] 6000 5000 1000 6.7
realsim [102] 5783 20958 3500 3.5

the outcome, and to minimise the interference with the switch logic. We assume a 16-bit

fixed-point number for data representation as it only requires a single DSP to implement a

16x16 multiplier. Floating point multiplication should be avoided as it requires much more

resources on an FPGA. The impact of using fixed-point rather than floating-point is modelled

by a conversion precision loss in the simulation. In the future, we will investigate the effect of

varying the number of bits in the fix-point representation.

4.5.1 System time modelling

Overall system time is represented by the sum of time spent in the switch (Tswitch) and the

training time of servers (Tt) as shown in Eq. 4.8:

Tsingle = T F
switch + T F

t ,

Tensemble = T P
switch + T P

t

(4.8)

where superscripts F and P stand for the forwarding mode and processing mode of the switch

respectively. On the switch side, time is measured by the difference between the time the first

packet enters the switch and the last packet leaves the switch for both modes. T P
switch in terms

of clock cycles can be expressed as:

T P
switch = tin + tmult︸ ︷︷ ︸

t0

+(Xsub − 1) ∗ tIa + tout (4.9)
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Figure 4.5: Experimental results showing the impact of the proposed system on training time
and accuracy.
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Figure 4.6: Time variable explained.

where Xsub is the number of elements in the dataset for each sub-model; tin is the time for

the first element to enter the switch tout is the time for the last element to leave the switch,

it is shorter than tin due to the dimension reduction; tmult is the time for multiplying a single

element of the dataset with the RP matrix. tIa equals to tmult, as shown in Fig 4.6.

Packet forwarding time for single model training is shorter as no multiplication time is required.

The switching latency is typically a few hundred nanoseconds and is a one-time expense for

continuous packet transfer, which becomes negligible compared with the total forwarding time.

It can be modelled as T F
switch = Xs ∗ tout = Xs ∗ tin, where Xs is the number of elements in the

single model training dataset.

For worst-case analysis, we assume data flow into the switch as if the data flow through the

Ethernet port. This speed could be higher with PCIe and remaining high-speed transceivers.

Given the switch data width of D and the input dimensionality of m and output dimensionality

of k, we have tin = 16 ∗ m/D and tout = 16 ∗ k/D, where 16 is the width of the fixed-point

number. The speed-up S of our proposed system compared with a single model can then be

calculated by

S =
Tsingle

Tensemble

=
T F
switch + T F

t

T P
switch + T P

t

(4.10)

System flexibility

FPGAs can vary in resources and speed so can the servers, and case 3 in the theoretical model

will not always hold. It is possible for our system to adapt to different categories of FPGAs

and servers [49]. This can be achieved by tuning α, which shifts some portion of RP to the
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downstream servers. For servers like IoT or robotics whose computing power is usually low, we

expect a higher portion (α close to 1) of RP to be done by the FPGA. For servers like GPU or

TPU which are optimised for matrix operations, a smaller portion (α close to 0) of RP should

be done by the FPGA. For those that lie in between, like FPGAs or some CPUs, fine-tuning

of α is required for best performance.

4.5.2 Case study: Ad dataset training system speed-up

The Ad dataset under testing has a total element of 3279, in which 80% (Xs = 2623) is used

for single model training and the rest 20% is used for testing. The training time and model

accuracy of this single model are then severed as the baseline of the ensemble method. After

bootstrapping, sub-training data is sampled for each server. The sub-training data can be less

in quantity compared with the training data, and achieves the same model accuracy with less

training time. A portion of 80% is chosen for this case study, which makes the sub-training

data Xsub = 2098.

Each element in the Ad dataset has 1558 dimensions. Transferring an element in a 16-bit fixed

point over a 10Gbps switch with 256-bit data width requires tin = 1558∗16/256 = 97.375 ≈ 98

cycles. Assume the switch is running with a 200MHz clock, and let C denotes its period which

is 5ns. We then have tin = 98C = 0.49us. This latency only needs to be considered once as

matrix multiplication takes longer than receiving a packet. As mentioned in Fig 4.6, tin can be

hidden under tmult.

With limited DSP resources on the FPGA, matrix multiplication is broken down into vector

multiplication. Each element in the dataset will be multiplied by the RP matrix column-

wise. For a system with each FPGA switch connected to two servers, assume only DSPs-based

multipliers are used for computation for worst-case analysis. To simplify the calculation, we

allocate 1558*2 DSPs to each matrix multiplier module, which results in a total DSP usage of

6232 out of 6840.

As shown in Fig 4.7, the time for the multiplication process depends on the number of DSPs
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Figure 4.7: Column-wise matrix multiplication.

allocated for multiplication, which can be calculated as m∗k/NDSPs. Therefore, multiplication

time tmult = 1558/(1558∗2∗k∗C) = 1/2kC. Multiplication time tmult equals to tIa in this case as

multiplication takes longer than transmission. The remaining elements take tmult×(Xsub−1) =

209700C. On the output side of the switch, the reduced dimension data requires fewer cycles to

transfer. After dimension reduction, a vector of 200 dimensions takes Tout = 200×16/256 ≈ 13C

cycles to transfer. In total, T P
switch = (98 + 209700 + 13)C = 1.049e− 3s. Finally, the training

time for the thin data set is 1.838s measured by the server, in this case, an Intel 7700k CPU.

Therefore, Tensemble = 0.001049 + 1.838 = 1.8390s.

With the FPGA switch serving as a simple forwarding switch, time spent on the switch simply

equals the total number of cycles that the dataset requires to be transferred. Therefore, can

be calculated as Xs ∗ tin = 2623 ∗ 98C = 0.00128s. Together with a training time of 6.049s

obtained from the server, Tsingle = 0.00128 + 6.049 = 6.0502s. Substitute the calculated value

into Eq. 4.10 and obtain the speed-up S ≈ 3.2.

4.5.3 Tuning for optimised RP time

Small though compared with training time, RP still takes a significant amount of cycles to

finish. To highlight the impact on RP time by tuning α, ttrain is removed from comparison.

Use the Ad dataset again as an example, finding the optimum α requires the knowledge of time
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Table 4.2: RP time result with selected α value.

RP time (s) αopt

Name α = 0 α = 1
Ad 0.1145 0.0021 0.980
epsilon 0.1867 0.1760 0.515
gisette 0.3686 0.0320 0.920
realsim 0.7012 0.7756 0.475

taken on both the FPGA switch and the server, the optimised alpha can then be found based

on their speed. Tab 4.2 summarises the RP time and the optimised α value.

4.5.4 Time estimation for very large dimension size

For datasets with high dimensions, for example, the realsim dataset, the m×k RP matrix

becomes substantial in size, causing insufficient on-chip memory in small FPGAs. To solve this

problem, off-chip DDR memory needs to be added to the system as a method of offloading

the on-chip memory usage. However, extra latencies introduced by the DDR memory can cost

100-200 cycles. The data width of the memory controller can be chosen from 32-64bit for

DDR4 and 32-512bit for DDR3 [80]. To estimate the worst case, we assume a transfer latency

of 200 cycles and a memory interface of 512-bit wide. Moreover, RP matrices are assumed to

be stored completely off-chip, despite the spare on-chip memory remaining idle. Note that our

precomputed RP matrix is stored in the DDR memory in a compressed manner. Transfer for

each column of the RP matrix from DDR to FPGA costs 20958*2/512 = 81.86 ≈ 82 cycles.

Assume multiplication finishes as soon as one column of the RP matrix is transferred. In

contrast with the case where no DDR is involved, it takes 82 instead of 20958/1000 ≈ 21 cycles

to compute the one column of the RP matrix. Taking this into consideration, the new speed-up

becomes SDDR = 1.89.
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4.6 Discussion

In general, our software simulation result shows an increase in training accuracy and a decrease

in training time with the ensemble method, the reduced dimension is typically less than half

of the original. As proof of concept, several experiments are conducted using our proposed

system. A number of 15 members are chosen for the ensemble method, as it achieves stable

performance for most tested datasets. Fig 4.5 shows the training time against accuracy for

different binary classification datasets. The original data is represented with hollow markers

whereas experimental data are represented with solid-filled markers. The more to the right

of the x-axis the longer the training time and the higher the y-axis the higher the accuracy.

Take the Ad classification dataset for example, our method uses only 12.83% of the original

dimension and 30.38% of the original training time to achieve the same accuracy as single-model

training. Increasing the dimensionality to 50% extends the training time but results in even

higher accuracy than single-model training. For the epsilon data set, the proposed method

experiences a small variance in accuracy, but with only less than 0.5% lower in accuracy for

some dimensions. This can be explained as the result of an insufficient ensemble member size.

The gisette dataset gives the highest time reduction among all the tests. Note that the training

time of lower dimension data is measured from the slowest member. Another benefit of our

proposed method is the reduction in training data, since the training data for each member is

generated using 80% of the training data in the single model.

4.7 Summary

Our approach achieves a higher training accuracy for ensemble learning with reduced training

time compared with single-model training. Small datasets are manageable on current FPGAs,

whereas for datasets with very large dimensionality, current FPGAs may not have sufficient

resources to exploit our method. Our proposed architecture is not limited to a single FPGA-

based switch; it can be deployed with multiple FPGA-based switches to form larger ensemble

clusters. Moreover, ensemble machine learning is not the only application that can benefit from
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our proposed method; further work will explore how our design can benefit other demanding

computations, and how such computations can be implemented automatically and efficiently

on the switch.

Because training the MLP-based model requires a significant amount of resources and time

due to the iterative optimisation method. This chapter focuses on the scenario in which all

the training is carried out in the downstream servers. In the next chapter, we approach the

classification problem using a kNN model which requires no training. Considering the limited

resources on the FPGA, we choose to use hamming distance to replace the cosine distance as

the metric. Combining with the random projection, we show that it is possible to fully offload

the classification task from the servers, without losing classification accuracy.



Chapter 5

Ensemble Classifier for Nearest

Neighbour Algorithm

Chapter 4 proposes an FPGA-based architecture for ensemble learning. In this chapter, we

extend the aforementioned architecture and propose CERRNA, a novel FPGA-based ensemble

architecture that explores the benefit of the Hamming distance metric for KNN-based classifi-

cation, this design leverages the remaining two traits mentioned in chapter 4.

Recent years have witnessed a blooming in data-centric applications. k-nearest neighbour

search (kNN) as a simple yet effective algorithm has been widely applied to data mining and

machine learning applications. Popular distance metrics such as Euclidean and cosine rely on

multiplication operations; they are computationally expensive when either the dataset or the

dimensions of the dataset are large. Past FPGA-based kNN designs [65] revolve around these

distance metrics and their performance is limited by either the memory bandwidth or on-chip

memory storage, due to the usage of high bit-width (16 for example) data representation to

avoid accuracy degradation.

Hamming distance, which uses only 1 bit to represent each feature in a dataset, has been

proven to be able to approximate cosine similarity. As a binary encoding, hardware design

could greatly benefit from computing the Hamming distance. For example, compared with a

kNN design using a 16-bit data type for storage, using Hamming encoding alone will make

74
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the bandwidth 16 times more efficient. However, little research on it has been studied. One

reason could be that converting to Hamming space causes information loss, as a consequence,

reduces the accuracy. In this chapter, we present a novel FPGA-based ensemble architecture

that explores the benefit of the Hamming distance metric for a kNN-based classifier. Through

software and hardware co-design, and with minimum hardware optimisation, we are not only

able to gain an estimated speedup of 2.3-8.7 times whilst retaining the prediction accuracy, but

also achieve a memory reduction of 3.5-27.7 times, compared with the baseline CPU-based kNN

classifier using cosine distance, on a variety of high dimensional datasets. Combining random

projection with Hamming encoding, we show it is able to store large datasets (as indicated

by the trigger size in Table 5.2) in the onboard memory, making the FPGA solely in charge

of the kNN classification, i.e., completely offloading the task from any downstream server in a

large-scale system.

5.1 Introduction

With the explosive increase in data, more and more applications are moving their way to the

cloud to gain better performance. As a consequence, cloud providers continue to update their

infrastructure to accommodate more applications and provide better services. FPGA as a

flexible hardware platform has shown great success in the cloud in recent years, from PCIE-

connected accelerator cards [20] to smart Network Interface Controllers (NIC) [46]. In-network

computing is gaining increasing attention due to its benefits in reducing the response latency

of cloud applications, especially in a distributed environment.

FPGA-based network switches due to their customisability can bring multiple benefits to the

data centre. For example, support custom transport protocol, in-network acceleration and

aggregation [48, 49], network function customisation, etc. Recent study [1] also shows that

the gap between FPGA-based network switches and ASIC-based switches is shrinking. The

challenges of supporting applications on an FPGA-based network switch are: a) The need

for high-performance applications that avoid interfering with the dataflow. b) The available
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hardware resources for the application are limited by the specification of the switch, e.g., number

of ports, data transferring speed and switching latency, etc. This limits the type of applications

that can be implemented on the FPGA-based switch. Although it is possible to implement a

part of the application within the switch and rely on the downstream platform to solve the rest

of the problem, it introduces extra complexity as it is non-trivial to find the optimal balance

of the workload.

kNN has been broadly applied to machine learning and data mining tasks over the past few

decades due to its simplicity and outstanding performance. The simplicity comes from the

fact that, unlike other supervised learning methods, kNN does not have a training phase.

This eliminates potential training issues such as gradient explosion/vanishing in deep neural

networks.

The use cases for kNN cover three main areas: data clustering, classification and regression.

Additionally, kNN can serve as an important stage in some application-specific machine-learning

systems. When building a recommendation system, kNN can be used in the collaborative

filtering system to retrieve recommendations based on the similarity of certain user features. It

can also be used for data imputation [103,104], a classic way of dealing with missing values in

the training dataset, compressed communication methods for distributed DNN training [105,

106], and accelerating DNN interpretation query [107]. This chapter focuses on classification

applications using kNN.

A typical kNN operation consists of two steps: first computing the distance of a query with all

the pre-stored training data, then taking the top-k (first k items with the shortest distances).

Depending on the types of data, different distance metrics can be used. Pairwise distance

Metrics such as Euclidean and cosine distance are the default choices in most cases. However,

these metrics are computationally expensive, especially for large datasets; this can mean large

in either the length (number of data) or the width (dimension).

While using hamming distance is proven to have similar efficacy as cosine distance and is

a hardware-efficient distance metric, its impact on hardware design has rarely been studied,

especially for FPGA-based network switches. In this chapter, we propose an FPGA-based
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system architecture that combines the power of in-network computing, random projection,

ensemble learning and customised hardware design, which allows us to explore the benefit

of replacing cosine distance metric with Hamming distance. Through hardware software co-

analysis, we address the following challenges. a) How to support kNN on an FPGA-based

network switch with high performance and minimised resources, as shown in the proposed

system architecture. b) How to completely offload the kNN tasks from downstream servers, as

discussed in section 2.2.1. The contributions of this chapter are as follows:

1. A novel system architecture that enables kNN classification within FPGA-based network

switches through an ensemble of classifiers with Hamming distance as the metric (sec-

tion 5.2). The system can be easily adapted to FPGA-based NICs due to their similar

architecture.

2. Achieving high memory reduction on high-dimensional dataset whilst retaining accuracy

for kNN classifiers through random projection, random sampling and ensemble learning

(section 5.5).

3. A parameterised system model for hardware-software co-analysis that allows prediction

and analysis of the system performance, for datasets of different sizes or FPGAs with

different resources.

5.2 Proposed System Architecture

With the memory-efficient Hamming encoding method for dataset compression and computation-

efficient Hamming distance metric for computing the distance of nearest neighbours, our design

enables the possibility of removing the server from the system, having the output database

completely stored within the FPGA board. Build upon chapter 4, the distinct features and the

challenge they aim to tackle are:

1. In-FPGA top-k computation with sorting.
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Figure 5.1: System architecture of FPGA-based system, building on top of an FPGA-based
network switch. The Hamming distances are computed and sorted in the HS blocks (either
on-FPGA or on-server), and T blocks prepare the top-k distances for aggregation.

2. The top-k result is partially aggregated within the FPGA.

3. An additional binarisation step to convert data to Hamming code, this step extracts the

sign of each dimension to form a new Boolean vector (challenge a).

4. An additional level of multiplexing that supports the forward, store and query operations

(challenge a).

5. The combination of dimension reduction from random projection and the Hamming code

extraction gives the switch the ability to store all data within the FPGA board, instead

of relying on the server. (challenge b)

6. The multiplier module is not restricted to a DSP-based design, which enables support for

different types of RP matrices.

The above features distinguish our approach from other methods which are also based on

random projection and ensemble [108].
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Algorithm 1 Algorithmic expression of the system flow.

1: Group← [1...n] ▷ group contains n split servers
2: memory ← ∅
3: res← ∅
4: for each member m ∈ Group do
5: data← incoming data
6: datarp ← data ·MATRIXRP

7: datab ← BINARISE(datarp)
8: if Store is True then
9: memory ← memory ∪ datab
10: else if Query is True then
11: distance← ∅
12: for each data d ∈ memory do
13: idx← index of data
14: label← GET CLASS(d)
15: hamd ← HAMMING DISTANCE(datab, d)
16: distance← distance ∪ (idx, hamd, label)
17: end for
18: topk ← TOP K ELEMENTS ∈ SORT(distance)
19: res← res ∪ topk
20: end if
21: end for
22: # Result Aggregation
23: if freq reduce is True then
24: return the class label of the most frequent index
25: else if majority vote is True then
26: return class label of the majority
27: end if

The proposed system architecture is shown in Fig. 5.1, along with Algorithm 1 detailing the

operations in the system flow. In Fig. 5.1, the descriptions of the blocks are presented on the

left. In particular, the external servers are downstream platforms that carry out further data

processing tasks. In the data centre scope, they are normally referred to as the servers in the

rack. Looking from top to bottom, first, data will be fed to the FPGA-based switch from an

upper-stream storage source. Then based on the type of data, identified by the header field

of the packet, the packet will be either directly forwarded to the corresponding output port or

distributed to the computing pipeline through broadcasting. Each copy of the data will enter

the RP module to be projected (through matrix multiplication) to a different latent space.

Note in our design, based on the type of RP matrix used, the RP module can be implemented

with either Digital Signal Processing (DSP) units or simple adder trees, which brings more
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flexibility to the resource usage. After the RP process, the binarisation module converts the

data to the Hamming space by taking the sign bit of the projected data. This compresses

the data from high bit-width representation to binary representation. Since datasets vary in

all sizes and shapes, the hardware solution should also be flexible to support such variation.

Therefore another stage of bypassing is introduced in our design. This solves the challenge

when on-chip/on-board memory is limited in the development board, and allows us to analyse

the impact of our method under different circumstances.

If bypass is enabled, the compressed dataset will be forwarded to the downstream server for

storage and computation of the nearest neighbours. Turning off the bypass is equivalent to

removing the servers from the system, leaving storage and computation all on the development

board. For the initialisation phase, i.e., building the database with the store operation, data

will be stored in the onboard DDR RAM. For the prediction phase, i.e., query operation, the

incoming binarised data will be compared with the database, and the result will be aggregated

to form the result. The detail of the aggregation methods is presented in Fig. 5.2.

Let us consider the scalability of the proposed approach. Limited by the manufacturing technol-

ogy, current FPGA chips remain tight in resources after implementing a high throughput/high

port count network switch. This challenges the types of applications that can be implemented

on the FPGA-based switch, which potentially cuts out the benefit of in-network computing. To

scale the system, a hierarchical design that contains two layers of switching should be used. The

extra layer of switching will inevitably introduce additional latency overhead. We argue that

this fixed latency is trivial when compared with the computation cost, therefore it is reasonable

to adopt this architecture. In fact, when the dataset is large, the problem will be bounded by

the computation with current FPGAs. In section 5.5, we quantify this gap with an example

dataset.
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5.3 Software Modelling

Our baseline design computes kNN using cosine distance for the original dataset, operating on

a multi-core CPU server. The CPU time for the baseline is measured on the official KNeigh-

borsClassifier library, which is implemented as a Cython extension that compiles down to C,

leveraging OpenMP-based parallelism and allowing multi-core processing on the CPU. We im-

plement our own kNN function with the Hamming distance metric for the experiment for two

reasons:

1. The official library implements the Hamming distance with normalisation and returns a

double data type, the normalised Hamming distance is the ratio of the Hamming distance

to the length of the vector, whereas it is sufficient to use the un-normalised Hamming

distance in our experiment. The use of un-normalised Hamming distance simplifies the

computation, and only an integer data type is required for storing the result.

2. When the Hamming distance metric is used, little optimisation is applied in the official

library, causing an unfair comparison with the cosine distance metric.

Our implementation first generates a distance list by comparing the query with all the data in

the database, then returns the top k elements with the smallest distance (largest similarity)

after sorting on the distance list.

Fig. 5.3 summarised the software flow. The proposed method uses an ensemble of models to

recover the accuracy loss, if any, that is introduced by the Hamming space similarity. All data

are first preprocessed, this includes scaling all feature values to the same range, e.g., between

zero and one. The impact of using fixed-point rather than floating-point is also modelled by

a conversion precision loss function. Then the processed data are projected to multiple latent

spaces before being converted to their Hamming encoding. These new sets of data are then

stored in separated models waiting for queries to take place, shown as the right-most “Train

Data” in Fig. 5.3. The queries will go through the same process before turning into a Hamming

vector in their corresponding latent space, shown as the right-most “Test” in Fig. 5.3. Each

model in the ensemble will return the top k most similar elements in the dataset.



82 Chapter 5. CERRNA

member 1

0
1
2

k-1

idx label
a

b

c

d

e

f

c

g

a

e

f

c

c

a

b

e

2 3 n_split

Freq_Reduce: Concatenate and return

0
1
2

k-1

a

b

c

d

e

f

c

g

a

e

f

c

c

a

b

e

Majority_Vote: return

Figure 5.2: Two aggregation methods for computing the class label based on the top-k result
of each server.

Based on the aggregation type, each model can return either the label (label in Fig. 5.2) of

the majority class, or the index (idx in Fig. 5.2) of the top k element in their subspace. For

example, for classification problems, each model could return its predicted label, which is done

through a majority vote, followed by another majority vote across all the predicted labels from

all models. Each model could also return its top-k indices, then we aggregate these indices and

find the most frequency k indices before the majority vote. We will discuss the impact on the

result of these two aggregation methods later.

Table 5.1: Details of the 4 types of RP matrices used in the experiment.

RP Matrix type Multiplier Sparsity Data type/value

Gaussian DSP Dense floating-point

GaussianInt Adder tree Dense integer (0, 1, -1)

Sparse DSP Sparse floating-point

SparseInt Adder tree Sparse integer (0, 1, -1)
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Figure 5.3: Software simulation flow. The ensemble result is based on the aggregation type.

All datasets used are large datasets with high dimensionality, with a mixture of sparse and

dense datasets. Due to the lack of dense high-dimensional datasets online, we create two dense

datasets. The first one is created from a stock price dataset (Alcoa Corporation 1970-2017), the

dataset is created with a window size of 2000 and each window corresponds to the trend of the

market for the day after. The choice of window size can be random, we avoid picking dimensions

that are too small because dimensionality reduction suits better for high-dimensional datasets.

The second dataset contains the image embedding of cats and dogs created using the openAI

CLIP model [109], which outputs an embedding length of 512.

As for the experiment setup, we run the experiment for all datasets with 4 types of random

projection matrices. Gaussian, GaussianInt, Sparse and SparseInt, which correspond to dense

and sparse matrices and their compressed version (using -1, 0, 1 to replace positive, zero, and

negative values, identified by the Int suffix). Note that the dense RP matrix is used to compare

with the DSP-based multiplier and the compressed version is used to compare with the adder

tree-based multiplier. This is summarised in Table 5.1.

For the number of data used, we split the dataset with a fixed train test split ratio value of

0.8. For the ensemble, we provide a further sample portion of the training dataset to reduce

the number of data to be stored.
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5.4 Performance modelling

The estimation is done using a combination of hardware estimation and software simulation.

At a higher level, the time for our system can be summarised as the computation time plus the

transmission time. We denote the time taken for the baseline as Tsingle, which represents kNN

using the cosine distance metric operating on a single CPU without processing the dataset.

The time taken with our proposed design is denoted as Tensemble.

The time in the following equations is presented in Fig. 5.4. The time taken for the T block

is negligible because it only relates to simple pointer operations. For the baseline model, the

breakdown of the time can be expressed as:

Tsingle = Ttrans + Tcos + Tsort (5.1)

where Ttrans is the time taken to forward the data from the data server to the server, Tcos is the

time taken for the CPU to compute the cosine distance, Tsort for sorting the obtained distance

table. For worst-case analysis, we assume no overlap between these operations, theoretically,

sorting can start immediately after receiving a single data point if we maintain a priority queue,
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similar to a streaming top-k algorithm.

For the proposed model, the system time bifurcates into two expressions depending on the size

of the dataset. They are:

Tensemble = T fpga
rp + T fpga

bin + T fpga
trans + T fpga

DDR + T fpga
ham + T fpga

sort (5.2)

if the data size is smaller than the onboard memory, otherwise,

Tensemble = T fpga
rp + T fpga

bin + T fpga
trans + Tham + Tsort (5.3)

where Trp is the time taken for random projection, Tbin is the time taken for binarising the

projected data, TDDR is the time for reading and writing data from the on-board DDR memory

and Tham represents the time taken to compute the Hamming distance between the query and

the dataset. Note that parameters with superscript represent operations that happen on the

FPGA, whereas those without represent operations on the CPU. If the size of the database after

compression can fit in onboard memory, then the top-k is performed on the FPGA, otherwise,

performing top-k on the CPU server. For simplicity, we skip the case that would store the data

partially on the FPGA and partially on the servers, as this would require non-trivial algorithmic

adaptation.

For worst case analysis, we assume only two columns of multipliers are implemented on the

FPGA, i.e., generating two output dimensions at the same cycle. This reduces the execution

time of the multiplier by half. Now Trp = M∗m/N∗C, withM being the original dimensionality

and m being the projected dimensionality. Note that N represents the number of multiplication

units, which is the same for the adder tree and the DSP multiplier.

Tensemble contains two phases, namely the Store and Query phases. They can be calculated

with:

Tstore = sr × sp× ndata × trp (5.4)

Tquery = ndata × (1− sr)× (T fpga
rp + T ∗

ham + T ∗
sort) + Tinit (5.5)
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where ndata is the total data size, Tinit is the initial latency of the sorter pipeline, sr is the train

test split ratio and sp is the sample portion. Note that the sample portion only applies to the

training data. The superscript ∗ indicates the time taken in either a CPU or an FPGA. We

will elaborate on Eq. 5.4 and 5.5 with an example dataset in the next section.

The platforms used for our experiment are:

1. Xilinx U280 board [80] with a total DDR capacity of 32GB and 9027 DSP slices.

2. AMD EPYC 7543 32-Core Processor running at an average 2.8GHz, with 504GB total

memory.

Because the bypass signal separates the packet forwarding and data computing path, different

clock domains can be applied to the FPGA-based switch and the computing logic. This allows

switch designs that run at a lower frequency (e.g., SMiSLIP and GCQ) to be used. For switch

designs that run at a higher frequency (e.g. Hipernetch), only one clock domain is needed. For

simplicity, we assume the FPGA runs at 200 MHz, which is equivalent to a clock period of 5ns.

The following section presents the result of the performance model evaluated on several high-

dimensional datasets.

5.5 Dataset-specific case study

The epsilon dataset [101] is a dense dataset with high dimensionality, the original dataset

contains 400000 entries with 2000 dimensions. To reduce the simulation time, a portion of the

dataset is taken for simulation. In this case study, 7000 data entries are randomly sampled

from the dataset for training and testing, and a train-test split portion of 0.8 is used.

To calculate Tsingle: According to Eq. 5.1, the transmission time is simply the time spent

forwarding the packet by the switch. This time is determined by the design of the network

switch and the length of the packet. For simplicity, we assume that the packet is of fixed size,

and the network switch operates the same as the NetFPGA-SUME [97] base design, but to
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(building the database) on the top and Query phase (computing kNN) on the bottom.

match the state-of-the-art FPGA, we assume it is implemented on a U280. Based on [108],

Ttrans contributes little to the total time due to the domination of the RP process. Another

reason to ignore this parameter is that both the base case and our proposed design contain

packet forwarding, reducing their impact on the speed-up which is calculated by the ratio of

the two cases. Therefore, Tsingle is reduced to Tcos+Tsort. This gives us Tsingle = 0.29270s. Note

that Tsingle includes the time taken for the fitting process, this is to ensure a fair comparison

with the Tensemble.

To calculate Tensemble: As stated in Eq. 5.2 and 5.3, there are two conditions for Tensemble, which

can be further divided into two phases, Tstore and Tquery, both sharing the random projection

and binarisation processes as illustrated in Fig. 5.5.

Table 5.2: Experiment results

Name
#
entry

M m sp
Lib Time
CPU
Cosine/s

Estimated
time/s
FPGA

FPGA
speedup

Total
memory
reduction

Trigger
size
Terabytes

epsilon [101] 7000 2000 1000 0.9 0.2927 0.095917 3.0 3.9 1.138
catsndogs 10000 512 100 0.6 0.3065 0.103337 2.9 21.0 4.369
AD [110] 3279 1558 200 0.6 0.1111 0.012718 8.7 27.7 6.647
stock 10074 2000 1000 0.8 0.4916 0.151872 3.2 26.6 1.280
realsim [102] 3614 20958 8000 0.8 1.5200 0.652816 2.3 6.9 1.677
gisette [111] 6000 5000 1000 0.8 0.5027 0.078037 6.4 22.2 3.200
REJAFDA [112] 1996 6824 700 0.6 0.2153 0.012023 17.9 519.9 8.318
qsar oral [113] 8992 1024 800 0.8 0.3953 0.111949 3.5 12.8 0.819

Condition 1 — when the on-board memory can hold the dataset. In this case, there won’t be
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packet transmissions between the FPGA and the servers, removing one level of data transmis-

sion. The Store and Query in Fig. 5.5 will both run on the FPGA-based switch. However, we

do need to consider the DDR RAM latency for storing and reading. For worst-case analysis,

we assume the read and write latency takes 200 cycles = 1 us. Since it is smaller than Trp, it

can be hidden within the 2.5us window. Therefore T fpga
DDR can be replaced by the initial latency

of 1us, assuming read and write have the same latency.

For the Store phase, with the random projection being a time-consuming part of the design and

to support different RP matrices, we design our system to choose between two types of matrix

multiplication modules. A DSP-based multiplier for the RP matrices with large fixed-point

values, or an adder tree-based multiplier for RP matrices contains only 0, -1 and 1. To avoid

overutilising the resources, we assume that each switch will implement only two copies of the

RP module. For the DSP-based RP module, we allocate 2000 DSPs for each module. Then

two copies of the RP module give 4000 DSPs, which is less than half of the total DSPs (9024)

on the U280 board.

To align with the DSP-based RP module, we also implement an adder tree-based RP module for

GaussianInt type RP matrix as shown in Table 5.1, with 2000 input of type 16-bit fixed-point

using Vivado HLS. Because all input data are normalised between 0 to 1, a 16-bit fixed-point

data type is enough to avoid overflow. In terms of resource utilisation, the adder tree-based

RP module only uses 5% LUT on the U280 board. Using FPGA to binarise a vector can be

simply done by extracting the sign bit of each element in the vector, this is included in our

adder tree design. The overhead of this operation is trivial, thus adding this functionality to the

DSP-based multiplier will not affect the estimation outcome. Therefore, Trp = 0.5*1000*5ns

= 2.5us, meaning the projected data will be generated every 2.5us. The total time to generate

the entire projected dataset in the store phase is Tstore = 0.9 * 0.8 * 7000 * 2.5us = 12.60 ms.

In the Query Phase, the query data is first projected to the same latent space using the database,

which takes 2.5us. Then this projected query will be compared with the entire database,

computing the Hamming distance along the way; Burst reading from the DRAM can be initiated

within this 2.5us window, and by the time the projection is ready, the entire database would
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Figure 5.6: A simple circuit design for computing the Hamming distance between two binary
vectors V1 and V2, which are extracted for the sign of the previous stage.

be ready to use. To compute the Hamming distance, another adder tree is implemented. This

adder tree only takes as input a single bit, therefore significantly reducing resource usage. This

circuit is much simpler than the adder tree for random projection, and our implementation

result shows less than one per cent of LUT is used on the target platform.

If pipelined, the initial latency can be calculated as log2N , where N is the length of the input

bit vector. For an input of 1000 bits, the initial latency is around 11 cycles. The initial latency

can be amortised with a large input dataset. For the sake of simplicity, we will ignore this

latency in our estimation as the datasets used in our experiments are relatively large. When

reading the data from DRAM, with a reading port data width of 1024, it is possible to read

one data from the DRAM every cycle. Therefore, computing the Hamming distance of a single

vector can be achieved every cycle, and the total time is taken ndata cycles. For the epsilon

dataset, this is T fpga
ham = 0.9 * 0.8 * 7000 * 5ns = 25.2us.

Finally, for the sorting time, we need to sort an integer vector of length ndata. We implement

an iterative merge sorter using Vivado HLS with 6300 inputs using a short data type (signed

16-bit), the latency result is shown in Table 5.3. Since the size of each input is bounded by

the number of elements in the input vector, this allows further optimisation of the input data

width of the design. We use this simple design as a proof of concept, since designing a high-

performance sorter is not the main object of this chapter. We are aware that better designs for

retrieving top-k exist, this design serves as the upper bound of taking the top-k element. The

implementation result shows little resource usage. In fact, it is designed to return the result in
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Figure 5.7: FPGA speed-up versus projected dimensionality.
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Table 5.3: Sorter HLS implementation latency result.

latency
(cycles)

Latency
(absolute)

Interval
(cycles)

Type

81951 0.410ms 6304 dataflow

Table 5.4: Resource usage for Xilinx U280 Alveo.

Resource LUT BRAM FF DSP

Total 1303680 4032 2607360 9024
Used 7421 192 3755 0
Used% 0.57% 4.76% 0.14% 0.00%

log2(N) stages, so the output latency is deterministic given the running frequency.

In practice, our pipelined implementation with minimum optimisation (array partition) using

Vivado HLS has an initial latency of 0.410ms and an interval latency of 6304 cycles = 31.52

us, as shown in Table 5.3. In theory, the interval latency (N) is the latency of a single stage

and the initial latency (Nlog2(N)) is the total length of the pipeline and the latency. The

implementation summary shows the actual latency corresponds to the theoretical value. The

resource usage is shown in Table 5.4. Putting everything together, the total time taken by test

data is Tquery = 7000 * (1 - 0.8) * (2.5us + 25.2us + 31.52us) + 0.410ms = 83.318ms Adding

the time for the two phases gives the Tensemble = 12.6 ms + 83.318 = 95.917 ms

Condition 2 — when all data are stored in the server. Under this condition, the speed-up

will be dominated by the CPU computation time. KNeighborClassifier uses SciPy’s hamming

distance which returns a normalised distance with type double. This does not fit our design

purpose which requires only a small non-normalised integer distance as the output type. As

a result, we implement our own version of kNN that can take our own hamming distance

function as input. Re-running the experiments on our implementation and the speed-up under

this condition is 7.5.

Although this speed-up appears to be higher than that in Condition 1, it does not reflect the

real behaviour of our design. This is because our own implementation does not leverage parallel

computing on the CPU. The problem then becomes memory bound, meaning the time difference



92 Chapter 5. CERRNA

is dominated by the memory retrieval time of a full-precision dataset and a hamming encoded

one, which outweighs the benefit of computing RP on the FPGA. Getting the same comparison

of Condition 1 requires the exact same software implementation of the Scikit learning library,

which is beyond the scope of this study. Fortunately, it requires the dataset to be massive to

trigger Condition 2; this is presented in the last column of Table 5.2. The computation detail

is shown in section 5.6.2.

With respect to classification accuracy, our simulation results show that by configuring the

experiment with [projection dimension=1000, sample portion=0.9, number of split=18], we

could recover the accuracy loss caused by the RP and binarisation process. In terms of memory

usage, depending on the data type of the original dataset, there is a fixed compression ratio W

using the hamming space i.e., the bit width of the data type to 1. For example, W=32 for the

epsilon dataset that uses floating-point numbers. The total memory reduction (the ratio of the

original memory size to the compressed memory size) can be calculated as:

R =
M

m
× W

n split× sp
(5.6)

where M
m

is the ratio between the original dimension and the projected dimension, sp is the

sample portion, and nsplit is the size of the ensemble to recover the accuracy.

Quantifying the gap between forwarding latency and computation latency

Based on the official NetFPGA-SUME wiki [114], the average port-to-port latency of the ref-

erence switch is 823ns. This corresponds to T fpga
trans in Eq. 5.2 and Eq. 5.3. For the epsilon

dataset, T fpga
rp takes more than 3 times longer than T fpga

trans. As long as the total transmission

latency is shorter than T fpga
rp , it can be hidden under the random projection latency, therefore,

we could keep increasing the levels of the hierarchy until T fpga
trans saturates T fpga

rp . In addition,

if a certain level of buffering is enabled in the hierarchy, then it is able to control the packet

arriving interval by sending packets back-to-back, with a controlled burst interval. As long as

the burst interval is smaller than T fpga
rp , then it can also be hidden under T fpga

rp . Therefore we
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only need to add the initial latency to the whole model, which is 823ns times the number of

levels in the hierarchy. Compared to Tensemble which is in millisecond scale, this is still small.

5.6 Result and Discussion

Table 5.2 summarises the experiment results for all the datasets; it also contains all the in-

formation required to compute the speed-up and the memory reduction. The # entry column

represents the total number of data instances used to compute kNN. Column sp is the minimum

sample portion to successfully recover the accuracy given the ensemble size. The data shows

that our FPGA-based design offers speed-up for datasets of different sizes and dimensionality.

Notice that for the REJAFDA dataset, the speed-up is around 17 times, this is due to the

high sparsity of the dataset, which results in a very high M/m ratio. The trigger size is the

maximum amount of data that can be stored on the FPGA, this is detailed in section 5.6.2.

To generalise our performance model, we have created a function that takes as input the first

four columns of the table and returns the estimated FPGA execution time.

5.6.1 The relationship between speed-up and projected dimension

Fig. 5.7 presents the speed-up under different projected dimensions. The dotted line at the top

of each figure represents the based line execution time for the original dataset. The markers at

the bottom of each figure represent the execution time of our system with different projected

dimensionalities (the lower the better). The triangle markers in the middle of each figure show

the speed-up for each projected dimension. The speed-up various due the difference in data

size (#entry), original dimension (M) and the projected dimension (m) as shown in Table 5.2.

In general, the speed-up decreases linearly with the projected dimension. There are a few

exceptions such as Fig. 5.7b and 5.7c, where a constant speed-up for the FPGA can be observed.

This is because the projected dimension is smaller than the input size of the matrix multiplier.

With the current design, all dimensions smaller than the input threshold will experience a

constant speed-up. In terms of prediction accuracy, all the presented dimensions are able to



94 Chapter 5. CERRNA

achieve the same accuracy as the baseline. If speed-up is vital, it is possible to further reduce

the project dimension to gain higher speed-up, with the sacrifice of the prediction accuracy.

5.6.2 The effect of memory reduction on system scalability

Eq. 5.6 presents the memory reduction ratio after summing all copies of data stored in all

members of the ensemble. Multiply Eq.5.6 by n split gives the memory reduction ratio (Rs)

for a single copy of the dataset. Take the epsilon dataset which utilises 18 splits as an example.

Rs = 18 * 3.95 = 71.11, which means for a single FPGA board, we will be able to store 71.11

times more data. If we only consider off-chip memory for storage, for an FPGA board with

32GB available DDR RAM, based on the assumption that each FPGA board holds two copies

of the dataset, which means 16GB for each copy. With the memory reduction, we are able to

store data with sizes up to 1.138TB on a single FPGA node, which is enough for most available

datasets online. We define this maximum data size to be stored on the FPGA as the trigger

size, shown in the last column of Table 5.2.

5.7 Quantitative performance comparison

Compared with previous designs, our system supports a much higher input dimensionality. The

comparison is summarised in Table 5.5. In particular, [115] proposed a parameterised kNN IP

core that supports either a large number of training instances or a large feature dimension.

However, achieving high in one aspect inevitably brings down the other. For example, the IP

core theoretically supports dimensions up to 16384, but for only 15 data entries.
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5.8 Summary

By combining random projection and ensemble techniques for a binarised Hamming embedding

database. Our system is able to host the kNN classification entirely within an FPGA-based plat-

form equipped with customised network switches and gain promising speedup through software

hardware co-analysis. This indicates our system is able to completely offload kNN applications

from downstream servers, which preserves the server resource for other applications.
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Conclusion

This PhD thesis starts with a study on the feasibility of implementing network switches on

the FPGA, followed by the applications that can benefit from the FPGA-based switch design.

At the beginning, we study three FPGA-based switch designs namely, SMiSLIP (a memory-

efficient iSLIP-based switch design), GCQ (a hierarchical switch design) and Hipernetch (a high

throughput switch design). We quantify the gap between the commercial ASIC-based network

switches and show that modern FPGAs are capable of providing competitive performance in

terms of link capacity and latency; this is supported by showing that the internal bandwidth of

our FPGA-based design is higher than the combined transceiver (same as ASIC-based switches)

bandwidth on the FPGA, and the achieved port-to-port latency of the FPGA designs. However,

there is still a significant gap in the aggregated throughput, leading to a smaller number of

ports with the same link capacity. As shown in section 2.2.1, the high-end switches support a

bandwidth of 51.2Tbps, and the low-end switches support a bandwidth of 1.04Tbps. With the

highest bandwidth of the FPGA-based switch design being 3.4Tbps (1.7Tbs × 2 as reported

in Hipernetch [1]).

The main cause of the gap is the available resources on the current FPGA chips. The routing

and buffering resources limit the scalability of the switch fabric. The applications that make

use of the remaining resources on the FPGA are also affected by those limitations. For example,

in Chapter 4 and 5, the limited computational resources prevent us from implementing a fully

97
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pipelined version of the random projection module. Despite the speed gained from the current

design, better performance could be obtained.

Overall, the current FPGA-based network switch can be a good bump-in-the-wire solution that

replaces low-end ASIC-based switches. In terms of packet switching, FPGA-based switches due

to their customisability, can match the performance of high-end ASIC-based switches in either

number of ports, latency or link capacity. When combining these factors, current FPGAs are

more likely to match low-end data centre switches as mentioned in Chapter 2, which makes

them suitable for edge data centres.

In addition to packet switching, we show that FPGA-based switches offer customised appli-

cations which is not supported by current ASIC-based switches. We identify the traits for

applications that suit the FPGA-based switch and propose two novel architectures that facil-

itate machine learning applications. This gives the FPGA the advantage of off-loading tasks

from the downstream servers without sacrificing the performance. Although the gap between

the FPGA-based switch and the ASIC-based switch exists, the benefits of a programmable

switch are still notable.

With the advancement of the FPGA, for example, hardening the switching fabric or 3D stacking,

we foresee FPGA-based switches achieving their full potential and closing the gap between the

ASIC-based switch in terms of packet switching.

6.1 Summary of Thesis Contributions

This section summarises the contributions of this thesis and the challenges addressed by them.

The challenges are: (C1) Matching performance with ASIC-based switches, (C2) Resource

limitation and application design and (C3) Problem size and load distribution.

This thesis first conducts a feasibility study that reveals the challenges in FPGA-based switch

design and quantifies the gap against ASIC-based switches. To tackle C1, A memory-efficient

version of iSLIP design named SMiSLIP targeting the reduction of on-chip memory resource
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usage is proposed. Compared with the naive input buffered iSLIP design, the proposed design

increases the number of ports from 32 to 64 at 10Gbps link capacity, improving the scalability

requirement. We then proposed a novel FPGA-switch based architecture for ensemble learning

that utilises spare computational resources on the FPGA, this architecture achieves speed-ups

in training ensemble models whilst maintaining high accuracy, aiming to address C2. Finally,

we propose another novel architecture that enables fast kNN classification using an FPGA-

based network switch. The design achieves high memory reduction on big datasets, leading to

a more efficient onboard memory utilisation. As a result, we show that kNN classification can

be completely offloaded to the switch, saving computing power for downstream servers. This

addresses C3.

6.2 Future Work

To further overcome challenge C1, future work could focus on the exploration of more multi-

stage fabric designs such as [29,94] on FPGA since only a few switch architectures and schedul-

ing algorithms were implemented. Provided that a high-speed low-latency chip-to-chip commu-

nication method is discovered in the future, it is also worth exploring multi-chip based FPGA

switches. In addition, improving the current design could also help tackle the challenge. For

example, the current SMiSLIP is implemented without pipelining and therefore runs at a low

frequency; it is worthwhile developing a pipelined version of the iSLIP scheduler to gain a

higher clock rate. With a higher running frequency, it is possible to achieve higher throughput.

Due to the limited amount of resources on the FPGA, implementing applications on the FPGA-

based network switch will inevitably compete for resources. One possible future work is to

exploit the reconfigurability of FPGA technology to adapt the switch design to meet the resource

requirements for different applications. This would help tackle challenge C2. Another angle to

look at is to place ASIC-based hardware modules for accelerating applications on the FPGA and

leave all the programmable logic for the FPGA-based switch design. Also, future work could

involve automating the search for optimal performance, given the application performance and
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the switches’ performance.

As for challengeC3, a question might arise: could applications be implemented in the SmartNIC

instead of the FPGA-based switch, as there could be more resources left in the SmartNIC? To

answer this, we need to analyse the application requirements. If the implemented acceleration

task takes the same time for the switch and the smartNIC to finish, then it is worth looking at

the data size and the response time. If the result data eventually enters the server and needs to

be further processed, then a method such as compression could reduce the data transmission

time after the switch (FPGA → NIC → server). If the application terminates at the FPGA

switch or the NIC, then operating at the switch will give a better response time since it is closer

to the request.

However, the situation changes if the resources on the FPGA switch are not enough, resulting

in a longer running time. Then depending on how much it is slower, careful planning should

be made to decide the amount of workload to be offloaded to the NIC or even the server. This

planning is tightly related to the application and may require new algorithms to enable collab-

orative work between different machines. Two possible future directions might help alleviate

this challenge:

1. Harden the switch fabric on the FPGA and keep the programmable logic separated from

it. This would provide a higher operating frequency of the switch, and the speed-up in the

switching fabric gives opportunities for many stable-scheduling algorithms, which could

not be efficiently implemented with current FPGAs. Moreover, there will be less resource

contention between the applications and the switch.

2. Use machine learning to learn the offloading settings of different types of traffic and enable

the change of this setting through run-time reconfiguration, provided that reconfiguration

time is acceptable.

For the proposed system architecture for kNN classification, applying optimisation to the hard-

ware design could result in a higher speed-up. In addition, the kNN architecture can also be
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used in machine learning model compression using top-k sparsification [106], i.e. only sending

the most significant entries of the stochastic gradient.

6.3 Final Thoughts

One scenario for an FPGA-based switch to completely replace an ASIC-based switch is when

the growth rate of data is slower than Moore’s law, leading to excessive hardware power that

surpasses the data traffic size. However, in practice, we are currently experiencing an explosion

in data, especially in the era of machine learning. Therefore, it is unlikely that the data growth

rate will be slower than Moore’s law, which means ASIC-based designs would always perform

better than their FPGA counterparts for the same functionality due to the inherent tradeoff

between performance and flexibility in FPGAs. As a result, it is unlikely that an FPGA-based

switch to replace a top-tier ASIC-based switch in the near future.

To narrow the gap and maintain programmability at the same time, a viable solution is to

produce FPGAs with hardened (ASIC-based) switch capability in the FPGA fabric. These

devices would become examples of domain-specific FPGAs: they combine high-performance

switching capability and acceleration for demanding applications.
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