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ABSTRACT

Network performance has contributed fundamentally to the growth of supercomput-
ing over the past decades. In parallel, High Performance Computing (HPC) peak
performance has depended, rst, on ever faster/denser CPUs, and then, just on in-
creasing density alone. As operating frequency, and now feature size, have levelled
0 , two new approaches are becoming central to achieving higher net performance:
con gurability and integration. Con gurability enables hardware to map to the ap-
plication, as well as vice versa. Integration enables system components that have
generally been single function-e.g., a network to transport data || to have additional
functionality, e.g., also to operate on that data. More generally, integration enables
compute-everywhere: not just in CPU and accelerator, but also in network and, more
speci cally, the communication switches.

In this thesis, we propose four novel methods of enhancing HPC performance
through Advanced Computing in the Switch (ACiS). More speci cally, we propose
various exible and application-aware accelerators that can be embedded into or at-
tached to existing communication switches to improve the performance and scalability

of HPC and Machine Learning (ML) applications. We follow a modular design disci-



pline through introducing composable plugins to successively add ACIS capabilities.

In the rst work, we propose an inline accelerator to communication switches for
user-de nable collective operations. MPI collective operations can often be perfor-
mance killers in HPC applications; we seek to solve this bottleneck by o oading them
to recon gurable hardware within the switch itself. We also introduce a novel mech-
anism that enables the hardware to support MPI communicators of arbitrary shape
and that is scalable to very large systems.

In the second work, we propose a look-aside accelerator for communication
switches that is capable of processing packets at line-rate. Functions requiring loops
and states are addressed in this method. The proposed in-switch accelerator is based
on a RISC-V compatible Coarse Grained Recon gurable Arrays (CGRASs). To fa-
cilitate usability, we have developed a framework to compile user-provided C/C++
codes to appropriate back-end instructions for con guring the accelerator.

In the third work, we extend ACIS to support fused collectives and the combining
of collectives with map operations. We observe that there is an opportunity of fusing
communication (collectives) with computation. Since the computation can vary for
di erent applications, ACIiS support should be programmable in this method.

In the fourth work, we propose that switches with ACIS support can control and
manage the execution of applications, i.e., that the switch be an active device with
decision-making capabilities. Switches have a central view of the network; they can
collect telemetry information and monitor application behavior and then use this
information for control, decision-making, and coordination of nodes.

We evaluate the feasibility of ACiS through extensive RTL-based simulation as
well as deployment in an open-access cloud infrastructure. Using this simulation
framework, when considering a Graph Convolutional Network (GCN) application as

a case study, a speedup of on average 3:4 across Ve real-world datasets is achieved

Vi



on 24 nodes compared to a CPU cluster without ACIS capabilities.
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Chapter 1

Introduction

Ever since the 1990s, when Massively Parallel Processors (MPPs) took over from Vec-
tor Supercomputers as the dominant architecture in High End Computing (HEC),
network performance has been vital to overall system performance. In parallel,
High Performance Computing (HPC) peak performance has depended, rst, on ever
faster/denser CPUs, and, in the last twenty years, just on increasing density alone.
As operating frequency, and also now feature size, have levelled o , two approaches
are becoming central to achieving higher net performance: con gurability and in-
tegration. Con gurability enables hardware to map to the application, as well as
vice versa. Integration enables system components that have generally been sin-
gle function-e.g., a network to transport data ] to have additional functionality, e.g.,
also to operate on that data during transport. More generally, integration enables
compute-everywhere: not just in CPU and accelerator, but also in network and, more

speci cally, the communication switches.

1.1 Context and Thesis Statement

A tenet of HPC is that compute should go to the data and not the reverse: there
are orders-of-magnitude advantages in power and latency with a local computation
over an inter-node data transfer. We investigate a novel approach that challenges this
conventional assumption. Once communication has been minimized algorithmically

(Demmel et al., 2005; Demmel, 2013), the remaining data transfers typically are



unavoidable as they need to be combined with other remote data. We explore the
freedom of choosing where this combining process takes place. For instance, since
these data streams can be passing one another in the network on the way to being
combined, it follows this combining could occur in the switches, rather than at an
end point. In this thesis we show that this approach o ers multiple advantages in
terms of performance and resource utilization.

HPC systems continue to face crises in performance-portability and scalability
(Jones et al., 2003; Balaji et al., 2009; Holmes et al., 2016; Ayala et al., 2021).
Problems include increasing communication latency (De Sensi et al., 2020), networks
that are both overloaded and underutilized (Schonbein et al., 2019), load balancing
(Walshaw and Cross, 1999; Khaleghzadeh et al., 2021), and process skew (Ferreira
et al., 2008; Widener et al., 2014; Bayatpour et al., 2020; Nikitenko et al., 2021). Our
recent study (Haghi et al., 2021), shows that, on average, 45% of the total execution
time (of a representative set of HPC applications) is wasted due to workload imbalance
and other types of performance variability. This waste worsens with larger numbers of
nodes (Bhatele et al., 2013; Nikitenko et al., 2021). Moreover, these problems are only
aggravated with ever more powerful compute nodes and the increasing importance of
applications dominated by sparse data and non-uniform communication. In addition,
since these measurements do not include many other overheads that arise from other
causes, a large amount of achievable performance is currently being left on the table:
performance that we show can be obtained through judicious deployment of advanced
computation and control in the switch fabric.

HPC applications often rely on collective communication for performing opera-
tions that require interaction among multiple processes; collectives comprise a large
fraction of total HPC communication (Klenk and Froning, 2017; Bernholdt et al.,

2018). Simple examples of collectives are the broadcast of data from one process



to many, or the gathering of data from many processes into one, usually combined
(reduced) with an operator such as add or max. O oad of collective processing into
Network Interface Cards (NICs) (Arap and Swany, 2016; Graham et al., 2010; Bay-
atpour et al., 2021) is well-established and has a number of bene ts: rst, it enables
the bypassing of layers in the communication software stack; second, the hardware
implementations are substantially faster than the software; third, it frees up the host
processor for other tasks and enables better communication-computation overlap; and
fourth, some network-host communication is removed as the NIC handles additional
send/receive operations. But while NICs are valuable, this scheme still forces process-
ing into endpoints. Another approach is to o oad collective processing into switches
(Peng et al., 2011a; Graham et al., 2016; De Sensi et al., 2021). This has three ad-
ditional bene ts: rst, latency and bandwidth are improved as computation can be
distributed, rather than performed in a single source or endpoint; second, switches
support far more communication tra c¢ than NICs so the potential bene t is propor-
tionally increased; and third, communication volume may be drastically reduced as
messages are quickly merged (reduction) or slowly replicated (broadcast).

In-switch computing brings additional advantages compared to processing in NICs.
However, previous works on in-switch computing lack two limitations: (i) hardware
switch support is xed with lack of exibility and recon gurability; and (ii) there is
no or at least little application support. In this thesis, we propose four novel methods
of Advanced Computing in the Switch (ACiS). More speci cally, we propose various

exible and application-aware accelerators that can be embedded into or attached
to existing communication switches to improve the performance and scalability of
HPC and Machine Learning (ML) applications. We follow a modular design disci-
pline through introducing composable plugins to successively add ACiS capabilities.

In our approach, we design ACiS with minimal additional redesign of either network,



NIC, or processing node, which means ACiS will be cost-e ective and practical as well
as transformative in terms of performance. Our thesis is that exible, complex,
and integrated application-level processing in communication switches im-
proves the performance and scalability of HPC and machine learning ap-

plications.

1.2 ACIS Taxonomy

In this thesis we propose a taxonomy of ACiS Types. Type 0 includes well-established
methods of compute in the network including transformations on streams, such as
changes in data types or appending a CRC (Faber et al., 2021; Patel et al., 2022b),
and supporting collectives (Almasi et al., 2005; Graham et al., 2016; Graham et al.,
2020), but on a limited number of primitive data types (e.g., int) and operations (e.g.,
add, max). Current implementations of simple collectives are integrated with MPI.
Datatypes, operations, and communication contexts (MPIl communicator) are Xxed.
An example is an MPI_Allreduce on a oat with the aggregation logic accelerated by
a xed function switch (Graham et al., 2016).

Four addition ACIiS Types comprise the primary contributions of this dissertation.

Type 1 ACIS: In the rst method, we propose an inline accelerator to commu-
nication switches for user-de nable collective operations. Message Passing Interface
(MPI) collective operations can often be performance killers in HPC applications;
we solve this bottleneck by o oading them to recon gurable hardware within the
switch itself. We also introduce a novel mechanism that enables the hardware to sup-
port a large number of MPI communicators of arbitrary shape, and that is scalable
to very large systems. An example is an MPI_Allreduce on a oat data type with
multiplication as the reduction operator.

Type 2 ACIS: In the second method, we propose a look-aside accelerator for



communication switches that is capable of processing packets at line-rate. Functions
requiring loops and states are addressed in this method. The proposed in-switch
accelerator is based on mixing ISA (subset of RISC-V instructions) with data ow
graphs found in coarse-grained recon gurable arrays (CGRAS). To facilitate usabil-
ity, we develop a framework to compile user-provided C/C++ codes to appropriate
back-end instructions for con guring the accelerator. Examples include accelerating
compression algorithms (Krishnan et al., 2020) and communication-intensive parts of
machine learning inference for large-scale datasets (Haghi et al., 2023a).

Type 3 ACIiS: In the third method, we extend ACIS to support fused collectives
and the combining of collectives with map operations. \We observe that there is an
opportunity of fusing communication (collectives) with computation. Since the com-
putation can vary for di erent applications, ACiS support should be programmable in
this method. An example is fusing Allgather with Allgatherv found in the NAS sort
benchmark (Bailey et al., 1991). Another example is accelerating MapReduce type
of operations, used in Deep Neural Network (DNN) inference for small ML models,
(Swamy et al., 2022).

Type 4 ACIS: In the fourth method, we propose that switches with ACiS support
controls and manages the execution of applications, the switch is an active device with
decision-making capabilities. Switches have a central view of the network; they can
collect telemetry information and monitor application behavior and then use this
information for control, decision-making, and coordination of nodes. An example
is workload rebalancing for certain applications (e.g., graph convolutional network
training (Shi et al., 2021)). Another example is exible synchronization as is used in
Stale Synchronous Parallel (SSP) and Dynamic Stale Synchronous Parallel (DSSP)
(Zhao et al., 2019) applications (e.g., DNN training).

These new capabilities, through ACIS, improves the performance and scalability



by improving the following: (i) latency of communication operations; (ii) overhead
for collective processing in general; (iii) network load; (iv) process skew and load
imbalance; and (v) application and middleware overhead.

These are the approaches we take for ACIS types:
Investigate and address the problems (without ACIS)
Investigate network/switch architecture/design and its support
Investigate codesign with algorithms and applications
Investigate codesign with programming models, run-times, and middlewares

Performance measurement/evaluation and engineering

ACIS has certain requirements. First, to support line rate communication, packet
processing should be done in hardware. Second, since the processing is both non-
trivial and application dependent, this hardware should be (at least partially) recon-

gurable. Finally, communication and computation must be tightly coupled. These
requirements are currently met by augmenting existing switches with recon gurable
logic (Swamy et al., 2022); by FPGA-augmented switches, e.g., from Arista (Arista,
2023); or by using the FPGA itself as a switch (e.g., New Wave (New Wave DV,
2023)).

1.3 Thesis Contributions

We summarize the main contributions of this thesis for each ACIiS type as follows:

Type 1 ACIS:

Design, implementation, and evaluation of a set of exible in-switch MPI collec-
tives in addition to e cient support of communicators of arbitrary shape with

small memory footprint.



Type 2 ACiS:

Design and implementation of an in-switch computing look-aside acceleration
through a novel combining of CGRA architecture with RISC-V vector instruc-
tion support. To e ciently process machine learning workloads the ISA is

extended with sparse vector instructions.

A software toolchain to compile user-provided packet handlers to the instruc-

tions for con guring the accelerator at software speed (rather than HLS).

Experimental results showing that a cluster with switches enhanced with Type
2 ACIS improves the performance and scalability of GCN applications. The
performance advantage is on average 3.4 (across Ve real-world datasets) on

24 node.
Type 3 ACIS:

Proposing fusion of collectives and a systematic framework to accelerate them
with recon gurable switches transparent to MPI and experimental results show-

ing that thsis approach improves the performance of applications.
Type 4 ACIS:

A deadline-based Extra Work Method (EWM) is proposed to improve the pre-
dictability and the e ciency of system utilization for applications with an av-
erage of 12% improvement. This provides new insights on designing future

collective o oads and motivation for ACiS Type 4.

Proposing new capabilities in the switches to control and manage the execution
of applications with di erent case studies: workload rebalancing, time synchro-

nization, and new paradigms of parallel computing.



1.4 Organization

The remainder of this thesis is organized as follows. We review the background, state
of the art on in-switch computing, and models in Chapter 2. Chapter 3 presents
user-de nable inline collectives as type 1 ACiS. In Chapter 4, we introduce our type
2 ACiS which is look-aside acceleration in the switch. Chapter 5 presents our work on
fused collectives for type 3 ACiS. Chapter 6 presents introduces control in the switch
which is our type 4 ACiS. In Chapter 7, we discuss the future directions and conclude

this thesis.



Chapter 2

Fundamentals, Related Work, and Models

2.1 Fundamentals

In this section, we presents background on Message Passing Interface (MPI), Collec-

tives, and Field Programmable Gate Arrays (FPGAS).

2.1.1 Message Passing Interface (MPI)

Message Passing Interface (MPI) is a standardized communication protocol and li-
brary for parallel computing (Gropp et al., 1996). It provides a programming model
that allows multiple processes or threads to exchange data and synchronize their
execution in a distributed computing environment, typically used in HPC systems.

MPI enables communication between processes by sending messages from one
process to another. It provides a set of functions that allow processes to send and
receive messages, perform collective operations, and manage the synchronization and
coordination of computations across multiple processes.

The basic concept in MPI is that processes operate independently and exchange
data through explicit message passing. Each process has a unique identi er known as
a MPI process (rank), and messages are sent and received based on the ranks of the
processes involved. The data exchanged between processes can be of various types,
such as integer or oating-point numbers.

MPI supports both point-to-point communication and collective communication.

Point-to-point communication involves sending messages between speci c pairs of pro-
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cesses, while collective communication involves coordinating communication among a
group of processes, such as broadcasting data to all processes or performing reductions
across multiple processes. MPI also supports other types of advanced communica-
tion to provide better scalability such as non-blocking communication, partitioned
communication (Holmes et al., 2021), persistent operations (Morgan et al., 2017),
neighborhood collectives, and one-sided communication.

MPI is designed to be portable and scalable, allowing parallel programs written
with MPI to run on a wide range of hardware architectures, from multi-core machines
to large clusters and supercomputers. It is widely used in scienti ¢ and engineer-
ing applications that require e cient parallel computing, such as weather modeling,
Molecular Dynamics (MD) simulations, and Computational Fluid Dynamics (CFD).

There are di erent implementations of MPI, including Open MPI, MPICH, and
Intel MPI, which provide libraries and tools for developing MPI applications. These
implementations adhere to the MPI standard, ensuring compatibility across di erent

systems and architectures.

2.1.2 Collectives

MPI collectives refer to a set of communication operations in MPI that involve the
coordination and data exchange among a group of processes. These collective op-
erations are executed by all participating processes together, and they often require
synchronization and coordination among the processes. MPI provides a variety of
collective operations to facilitate e cient communication patterns in parallel ap-
plications. There are numerous MPI collectives such as MPI_Bcast, MPI_Reduce,
MPI_Allreduce, MPI_Scatter, MPI_Gather, MPI_Allgather, and etc. For instance,
MPI_Bcast broadcasts data from a single process (the root) to all other processes in
the group. The root process provides the data, and all processes receive the same

data. And, MPI_Reduce: Combines values from all processes in a group and stores
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the result on a speci ed root process. The reduction operation can be a sum, prod-
uct, minimum, maximum, etc. MPI_Allreduce is similar to MPI_Reduce, but the
result is made available to all processes in the group. All processes perform the re-
duction operation, and the nal result is stored in the output bu er of each process.
MPI_Allreduce is used extensively in ML training to update weights from di erent
workers. MPI collectives can be performance killers in many HPC applications (Klenk
and Froning, 2017; Bernholdt et al., 2018). One possible solution is to 0 oad collec-

tive processing to NICs, and specially switches.

2.1.3 Field Programmable Gate Arrays (FPGAS)

FPGAs, or Field-Programmable Gate Arrays, are integrated circuits that can be cus-
tomized and reprogrammed by users even after they have been manufactured. Unlike
traditional Application-Speci c Integrated Circuits (ASICs) that are designed for spe-
ci ¢ functions and cannot be altered once produced, FPGAs provide a programmable
platform that allows users to implement and modify digital logic circuits according
to their speci ¢ requirements. These devices are widely used due to their exceptional
performance, low power consumption, support for recon gurability, and their well-
established integration in the communication stack, including routers (Bolaria and
Byrne, 2009; Sheng et al., 2017a) and network facing components (Caul eld et al.,
2016; Eran et al., 2019; Guo et al., 2022b).

FPGA normally consists of ve types of hardware resources for e cient compu-
tation and communication (Hauck and DeHon, 2008).
1. Look-Up-Tables (LUTs) can be used to provide both exible computation and
high-concurrency data storage.
2. Flip-Flops (FFs) are used as registers.
3. DSP units are generally used to perform high-precision and high-performance

addition, multiplication, and multiply-accumulation operations.
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4. Block RAMs (BRAMs) are on-chip memories that provide tens of GByte on-chip
storage.

5. Multi Gigabit Transceivers (MGTSs) provide e cient inter-FPGA communication.
Each FPGA chip normally has hundreds of high-bandwidth (over 20 Gb/s for each
MGT) and low-latency MGTs as 1/0s. They can be bundled together to support 100
Gb/s networking. These 1/0s can be directed connected to other on-chip resources.

The hierarchical and programmable on-chip interconnect network embedded in
FPGAs allows users to seamlessly integrate hardware resources according to their
speci ¢ needs. By programming the interconnect network, users have the freedom to
tailor the FPGA to address their target problems e ectively. This inherent exibility
of FPGAs has positioned them as a compelling platform extensively utilized for HPC
and the acceleration of ML tasks (Gokhale and Graham, 2005; Herbordt et al., 2007a;
Herbordt et al., 2008; VanCourt and Herbordt, 2009; Benkrid and Vanderbauwhede,
2013).

FPGAs and GPUs, the widely used acceleration devices, are often compared, al-
though they di er conceptually. However, in practical usage, FPGAs often exhibit
similarities to GPUs. FPGAs incorporate hardware resources into numerous parallel
computing units, similar to GPUs’ Streaming Multiprocessors (SMs). Each FPGA
computing unit comprises computation pipelines implemented with LUTs, DSPs, and
FFs, as well as local memories utilizing BRAMs. BRAMs can serve as a shared global
scratchpad memory, akin to caches in GPUs. Nevertheless, FPGAs also possess dis-
tinct advantages and diverge from GPUs in various aspects. The computing units
of FPGAs can be customized precisely to match speci c target problems, potentially
achieving higher e ciency. Furthermore, FPGAs o er a exible and customizable
interconnect, enabling seamless connections between computing units without restric-

tions on inter-unit communication, except for physical interconnect limitations. This



13

exibility makes FPGAs an attractive choice for addressing irregularity problems.
Due to the exceptional communication support provided by FPGAs, it is logical
to con gure them directly within FPGA-centric clusters. Extensive research has been
devoted to modeling and constructing such clusters, which involves determining the
types of interconnects, such as direct (FPGA-FPGA) or indirect (via a router) (Sheng
et al., 2015; Sheng et al., 2016b; Sheng et al., 2017b; Sheng et al., 2016a; Putnam,
2014; Xiong et al., 2018; Plessl, 2018; Boku et al., 2019; Shahzad et al., 2021).
Given the advantages mentioned earlier, FPGAs play crucial roles in HPC and
neural network acceleration (VanCourt and Herbordt, 2007; VanCourt and Herbordt,
2006¢; VanCourt and Herbordt, 2005a; VanCourt and Herbordt, 2005b; VanCourt
and Herbordt, 2004; Sanaullah et al., 2018c; Sanaullah et al., 2018a; Jamieson et al.,
2018). Although FPGAs have not yet achieved the same level of prevalence as GPUs
in HPC, they have displayed promising potential as a component of future HPC sys-
tems. Researchers have e ectively showcased the e ciency and advantages of FPGAs
in machine learning (Geng et al., 2018b; Geng et al., 2018a; Wang et al., 2020; Geng
et al., 2021a; Geng et al., 2019b; Geng et al., 2019a; Geng et al., 2021b; Haghi et al.,
2020d; Peng et al., 2022; Shi et al., 2020) and various critical scienti ¢ computing
applications, including Molecular Dynamics (VanCourt et al., 2004; VanCourt and
Herbordt, 2006b; Sukhwani and Herbordt, 2008; Sukhwani and Herbordt, 2009; Chiu
et al., 2008; Chiu and Herbordt, 2009; Chiu and Herbordt, 2010; Chiu et al., 2011,
Yang et al., 2019a; Yang et al., 2019b; Yang et al., 2017; Wu et al., 2020; Wu et al.,
2021; Wu et al., 2022; Wu et al., 2023), Algebraic Multigrid (VanCourt and Herbordt,
2006a; Haghi et al., 2020a), Adaptive Mesh Re nement (Wang et al., 2019a; Wang
et al., 2019b), bioinformatics (Herbordt et al., 2007b; Herbordt et al., 2006), as well
as security (Wolfe et al., 2020; Patel et al., 2020; Patel et al., 2022a), and others
(Peng et al., 2021). The programmability of FPGAs is often believed to be an ob-
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stacle to the wide adoption of FPGAs in the real HPC system. However, researchers
have demonstrated that this can be addressed in better design tools (Sanaullah and
Herbordt, 2018b; Sanaullah et al., 2018b; Sanaullah and Herbordt, 2018a; Sanaullah
and Herbordt, 2018c; Herbordt, 2019; Shahzad et al., 2022) and middleware (Haghi
et al., 2020c; Haghi et al., 2020b; Xiong et al., 2020; Bandara et al., 2022).

2.2 Related Work

While the idea of "the network is the computer™ (Perry, 2019) has been around for
a long time, it has typically involved using the network as a passive and transparent
channel. However, in recent years, there has been a shift in the data center model,
moving from a compute-centric approach to a data-centric one (Yoshida, 2020; Mor-
gan, 2021), in part, through the emergence of SmartNICs (Arap and Swany, 2016;
Graham et al., 2016; Bayatpour et al., 2021; Xilinx, a; Xilinx, b; Inventec, ; Silicom,
; Napatech, ; Intel, ; Mellanox, ) and similar network-facing devices (Caul eld et al.,
2016), and their use in 0 oaded application (Chung et al., 2018; Xiong et al., 2019)
and system (Li et al., 2016; Firestone et al., 2018) processing.

There are two types of communication switches: xed function (Graham et al.,
2016) and programmable switches (Bosshart et al., 2014). The former, while can be
con gurable to some extent, cannot support new transport protocols or new packet
processing capabilities. The latter, however, exposes programmability to the users,
for example, by customizing packet header elds (leads to support di erent transport
protocols), the type of packet processing (actions), and the matching rule (match)
such as P4-based switches.

The IBM BlueGene systems (Almasi et al., 2005) o oad collectives into the xed
function network router. Recent work by Mellanox (Graham et al., 2016) o oads MPI

collectives to xed logic switches using reduction trees for short message size. It has
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limitations, in particular, supporting only a small number of simple operations with no
extensibility; also there are no published (or generally available) design details. Also,
in general, they have o ered only modest bene t in typical environments (Hoe er
et al., 2009; Haghi et al., 2021). A hardware-based streaming aggregation capability
was later added to provide high bandwidth for large messages (Graham et al., 2020).
Another limitation of prior art is the lack of exible MPI communicator support. For
example, some prior works do not even support communicators (Peng et al., 2011b;
Saldanra et al., 2010); others support only a limited number of communicators at a
time (Gilge, 2013). We address this limitation by a exible and scalable hardware
design (Type 1 ACIS).

Increasing switch exibility has long been a goal of the networking community,
culminating, in part, in programmability using P4 (Bosshart et al., 2014). P4 is a
high-level language used to control packet forwarding. While there has been some
exploration of application-level processing (Sankaran et al., 2021) in P4 switches,
including support of collectives (Sapio et al., 2021), these capabilities are currently
limited and likely to fall short in certain applications, including machine learning
(Swamy et al., 2022). P4 has aided in increasing switch exibility (Bosshart et al.,
2014) including accelerating applications that are beyond the basic switching func-
tion. Examples are consensus algorithms (Dang et al., 2016), database transaction
processing (Jasny et al., 2022), caching (Liu et al., 2017), and key-value store process-
ing (Jin et al., 2017). While there has also been some exploration of application-level
processing (Sankaran et al., 2021) in P4 switches, including support of collectives in
ML training (Sapio et al., 2021), these capabilities are currently limited (Swamy et al.,
2022) and likely to fall short in certain applications, including machine learning. This
includes limited set of operations (e.g., no multiply), data types (e.g., no sparse data

types), and memory footprint. Another limitation is that packets can only access each
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memory location once within a traversal (De Sensi et al., 2021) (limited data reuse);
while it is possible to recirculate packets, this technique reduces throughput. To ad-
dress these limitations, ACIS is designed to handle advanced calculations, such as
fused multiply-accumulate (MAC) and sparse accumulation, o -chip memory access
with controllable bu ers, data reuse, and control.

In-switch computing is becoming an active area of research. The work in (Li et al.,
2019) provides an in-switch computing paradigm, implemented on NetFPGA, to ac-
celerate aggregation of gradients used in the training phase of reinforcement learning.
The authors in (Sapio et al., 2021) accelerate distributed training of DNN models
by designing a communication primitive that uses P4. The work (Sensi et al., 2021)
designs a exible programmable switch on top of PsPIN (Di Girolamo et al., 2021)
building blocks to accelerate Allreduce with custom operators and data types; that is,
sparse data (Type 1 on a single collective type). The work (Liu et al., 2020) presents
a Remote Direct Memory Access (RDMA) compatible in-network reduction architec-
ture to accelerate distributed DNN training in which the FPGAs are connected to
the switch and the switch is con gured to route the packets that need to be aggre-
gated to the FPGA. The work in (Swamy et al., 2022) adds custom hardware based
on a MapReduce pattern/abstraction (built upon a CGRA) to P4 devices to enable
per-packet inference of machine learning (Type 3 - but with no fusion of collectives).
To summarize, we are not aware of previous work that fully supports user-de ned
or complex collectives (Types 1 and 3) or in any way addresses look-aside or control

capability (Types 2 and 4).

2.3 Models

In this section, we discuss methods of accelerator integration, switch con guration,

methodologies and tools as well as switch models.
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2.3.1 Accelerator Integration Methods

We consider two approaches for integrating our accelerators: Accelerator-integrated-
switch (AiS) and Accelerator-attached-switch (AaS). In AiS, the accelerator is in-
tegrated into existing switch pipelines that implement a full switch functionality,
including packet forwarding. In AaS, an accelerator (implemented on FPGA device)
is attached to an existing switch: packets are directed to the accelerator for further
processing and are redirected back to the switch for switching. In both cases, there

is additional functionality to con gure the accelerator.

2.3.2 Indirect/Direct Network Model

There are at least two plausible architectural targets for using recon gurable logic
for in-switch compute-in-the-network. One is to use recon gurable logic in the switch
(AIS (Arista Networks, Inc., 2013)) or to attach a recon gurable device to the switch
(AaS) for packet processing in an indirect network (e.g., fat-tree topology). A second
is in FPGA-centric clusters with direct FPGA-FPGA interconnects (Putnam, 2014;
George et al., 2016; Miyajima et al., 2018; Stewart et al., 2021).

2.3.3 Fixed Function and Programmable Switches

There are two types of communication switches: xed function (Graham et al., 2016)
and programmable switches (P4-based switches) (Bosshart et al., 2014). The former,
con gurable to some extent, cannot support new transport protocols or new packet
processing capabilities. The latter, however, expose programmability to users, e.g.,
by customizing packet header elds (to support di erent transport protocols), the
type of packet processing (actions), and the matching rule (match) through a match-
action pipeline. ACIS plugins can be used to extend the functionality of both xed

function and P4-based switches.
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2.3.4 Switch Con guration Methods

We classify switch con guration methods into three approaches: (1) con guration
through host: Typically, there is a host attached to communication switches; some-
times these hosts run a specialized operating system called Network Operating Sys-
tem (NOS). After installing the switches it is possible to connect to them from leaf
nodes through, for example, secure shell protocol (SSH) and load the con guration or
change Quality of Service (QoS) of switch. (2) Con guration through network pack-
ets: another approach is to con gure the switches on-the- y from leaf nodes through
a specialized packet called a network packet distinguished by a speci ¢ header. An ex-
ample from an academic work is (Li et al., 2019). (3) Con guration through Software-
De ned Networking (SDN): a mechanism to automate this process in data centers
and clouds is to utilize SDN (Kreutz et al., 2015). SDN is an technology for network
management that enables dynamic and programmatically e cient network con gu-
ration in order to improve network performance and monitoring, making it more like
cloud computing. This can be accomplished through certain Application Program-
ming Interface (APIs) and special server(s) are used for this purpose. In our research

we use the rst method.

2.3.5 Methodology and Tools

Experimental results in this thesis are generated either from a simulator or from a
testbed. For the simulation, we use an emulation method inspired from (Li et al.,
2019). To make a fair comparison with baseline CPU cluster, the emulation has (i)
the same number of network hops, (ii) the same amount of tra c in the network links,
and (iii) accurate accelerator overhead. We also capture process skew of the applica-
tion and consider the arrival time of each process; these can a ect the performance

of in-switch o oad (Graham et al., 2016). For the process skew, we run MPI appli-
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cations on a CPU cluster and obtain time traces for all of the processes in the system
by annotating the application code. For the accelerator overhead, we use simulation
results from a cycle-accurate RTL simulation using a testbench to drive signals, gen-
erate tra c, and measure the ACIS accelerator’s performance and/or throughput.
The testbench has emulation modules for o -chip memory and streaming ports that
realize the handshaking. Xilinx Vivado is used for this purpose. Also, we consider the
latency overhead of MPI with the same message size for sending/receiving packets
used in our approach.

For the testbed, we use two clusters, one for direct network and one for indirect
network. For the direct network, our testbed is a two-node Alveo FPGA boards
connected together in a ring fashion with 100 Gb/s cables, where each FPGA is
attached to a host CPU. We use this testbed for direct-network version of Type 2
in AiS con guration. For the indirect network, we are using CloudLab (Handagala
et al., 2022) infrastructure where the accelerator is implemented on a Xilinx Alveo
U280 FPGA attached to a Dell Z9100-ON switch and several leaf nodes connected to
the Dell switch with NIC facing the network (the maximum number of leaf nodes is
four). These leaf nodes send packets to the FPGA, the FPGA processes packets and
sends back the processes packets to leaf nodes. We also call this prototype as headless
NIC testbed. The accelerator has a socket table which binds Internet Protocol (IP)
addresses to port numbers and makes it feasible to listen on incoming packets, process
them, and send them back to leaf nodes. This is used for the indirect-network version
(AaS) of Types 2 and 3. For the baseline CPU reference, applications/benchmarks
were run on the TACC Stampede2 (Stanzione et al., 2017) Skylake (SKX) compute
cluster with 48-cores per node (2 sockets) 2.1 GHz Intel Xeon Platinum 8160 CPUs,
and a 100 Gb/s Intel Omni-Path (OPA) network.

For the direct network, ExaMPI (Skjellum et al., 2020) implementation is used for
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making our approach transparent without the need for underlying hardware knowl-
edge. ExaMPI is a light-weight MPI1 implementation that focuses on key blocks of
functionality and new MPI concepts and it is designed for modularity and extensi-
bility. In order for the host CPU to communicate with FPGA we use OpenCL API
calls supported by Xilinx Vitis. Vitis is a uni ed framework that exposes APIs to
enable host-FPGA communication; however, it is not designed for communication
between FPGAs. Therefore, we modify existing open-source repositories that pro-
vide networking support for FPGAs (TCP and UDP) to tailor our need. For the
indirect network, run-time and middleware are supported through Python functions
with Unreliable Datagram Protocol (UDP) as the transport layer and with the help
of PYNQ and socket libraries.

Finally, for Types 2 and 3, we use LLVM toolchain (Lattner and Adve, 2004) for

the front-end compilation and an in-house back-end compiler.
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Chapter 3

Type 1 ACIS: User-De nable Inline
Collectives

This chapter introduces user-de ned inline collectives. Collectives such as Reduce and
Allgather are supported. Two important ACiS plugins are (1) a collective control unit,
for exible management of MPI communicator context, and (2) a programmable ag-
gregation unit, for supporting aggregations with di erent data types and operations.
This chapter is based on the work published in Concurrency and Computation: Prac-
tice and Experience (CCPE) = 2022 Wiley (Haghi et al., 2022) and High Performance
Extreme Computing Conference (HPEC) = 2020 IEEE (Haghi et al., 2020c).

3.1 Introduction

Collectives are often a large fraction of total communication in HPC applications
(Klenk and Froning, 2017; Bernholdt et al., 2018) and have been shown to bottleneck
performance (Pjesivac-Grbovic et al., 2005; Faraj et al., 2009; Graham et al., 2016).
As collectives are integral to HPC, and since much communication in production HPC
is based on MPI (see e.g., (Bernholdt et al., 2018)), addressing the acceleration of
collectives necessarily means dealing with them within an MPI framework. Collectives
in MPI implementations (such as MPICH (Gropp et al., 1996)) generally consist of
point-to-point messages with computations in between. Thus much support has been
added at the software level (Pjesivac-Grbovic et al., 2005; Thakur et al., 2005; Chan
et al., 2004); however, the addition of these algorithms has greatly complicated the
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software stack (Rafenetti et al., 2017).

Compute-in-the-network has been studied since the early days of computing
through structures such as adder trees and sorting networks (Knuth, 1973); it is also
fundamental to the more powerful PRAM models explored in the 1980s (Eppstein and
Galil, 1988). However, there appear to be just two modern commercial versions of
in-switch computing that can support collectives: the IBM BlueGene family (Almasi
et al., 2005; Faraj et al., 2009) and, in current use, certain switches from Mellanox
(Graham et al., 2016). Both of these have limitations that are, in part, the result
of being ASIC-based and so having strictly bounded capabilities with limited ex-
ibility. Moreover, being commercial products, few details are available about their
implementation, which curtails their use as the basis of further research.

In Type 1 ACiS, we o oad MPI collectives into recon gurable FPGA hardware
(MPI-FPGA) and, in particular, into logic appended to the communication switches.
Implementations with recon gurable logic have several inherent advantages over those
with xed logic. First, they are not limited to a small, xed set of operations, e.g.,
SHArP only supports MPI_Allreduce and MPI_Barrier operations (Graham et al.,
2016) and a few primitives. Second, hardware resources can be con gured to match
application requirements, e.g., by increasing the arithmetic support as needed. This
can even be done at runtime for applications in which the communication data volume
is unpredictable (Haghi et al., 2020a). Third, support can be extended beyond sim-
ple datatypes to more complex structures such as matrices, tensors, and user de ned
datatypes (Haghi et al., 2020a; Haghi et al., 2020c). Fourth, compute-in-the-network
can be generalized still further to support altruistic or opportunistic computing (Mu-
nafo, 2018). And nally, since recon guration time is similar to program load time,
only resources that will actually be used need to be con gured; the remaining logic

can be used for other purposes. All of these scenarios can be accomplished without
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incurring the cost of designing and fabricating ASIC chips for each application, or
devoting ASIC resources to functions that rarely occur.

An essential part of implementing MPI collectives is handling the critical MPI
feature of the communicator; these are used to de ne a safe communication context
for message passing within a speci ¢ group of processes. Communicators have sig-
ni cant scalability issues (Kamal et al., 2010), meaning we cannot implement them
in hardware with the same methods used for managing communicators in software;
for this reason in-switch implementations sometimes limit communicator geometry
(Almasi et al., 2005). In this chapter we introduce an in-switch design for general
communicator support that consumes minimal memory resources. Moreover, as the
resources are guaranteed to grow no faster than the log of the number of nodes, this
solution is likely to remain relevant far beyond exascale.

The main contribution is the design, implementation, and evaluation of a set
of FPGA-based in-switch MPI collectives. We believe this to be the rst FPGA
version to be fully integrated into a general router. To achieve this end, a novel
2-level in-switch design is proposed with full-pipeline capability. Essential to this
design are the seamless integration to a general router, added hardware support for
aggregating (reordering) packets for reduce-type (gather-type) operations, and the

exibility to add more computational resources as the switch bandwidth increases.
MPI-FPGA is fully integrated into MPICH; MPI-FPGA is therefore transparently
usable by any MPI application. It is also easily extended to support additional
collectives or integrated into other MPI implementations. A second contribution is the

nding that all collective routing decisions{including those with arbitrarily complex
communicators{can be made using only a small amount local information. Finally,
an e cient streaming interface is provided to ensure a ne-grained communication

specially for long message sizes.



24

In this chapter we consider both indirect and direct networks. Our experiments
show that MPI-FPGA in a direct network can achieve a signi cant improvement for
MPI collectives over a CPU cluster for a large range of message sizes. For FPGA-
based high-radix switches in an indirect network it is possible to make comparisons
with SHArP technology: MPI-FPGA is competitive and improves the performance of
Allreduce operation. We have also experimented with NAS parallel benchmarks and
two MiniApps from the Mantevo project (miniFE and HPCCG). The most signi cant
result, however, is that this performance is possible while simultaneously supporting
recon gurable in-switch computing in MPI collectives and many extensions (e.g.,
(Haghi et al., 2020c)).

The rest of this chapter is organized as follows. Section 3.2 provides background
information on some of the key concepts. Section 3.3 introduces in-network commu-
nicator support and it sheds light on some of the design choices. Section 3.4 describes
in detail the proposed switch and the modules used in the design. Section 3.5 analyzes
and compares the performance of our approach (in-network collective o oad) with
that of the existing approach. Section 6.2.4 presents experimental results. Section

6.3 concludes this chapter.

3.2 Concepts

We review the MPI software stack to identify opportunities for, and the bene ts
of, o oading collectives. Next, we discuss our hardware model. We then cover
MPI1 communicators and the di culties they create for hardware implementations.
Finally, we discuss the proposed streaming interface needed to e ciently support long

messages.
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3.2.1 MPI Collectives

MPI collectives are generally implemented so that processes execute sequences of
point-to-point messages and computations. Various algorithms are used, but priority
is given to those that avoid congestion and minimize the total number of packets.
However, these may translate into more work in software for deciding which chunks of
data to send and receive, and the processes with which to communicate. For example,
a trivial implementation of MPI_Reduce has every process send data directly to the
root and leads to congestion in a large network. In contrast, with a binomial tree
algorithm, as seen in Figure 3 1(a), each process could be either a leaf, intermediate,
or root process. Leaf processes simply send data to their parent, but intermediate
processes must determine the identities of their children, receive data from them, and
perform the reduction operation on the received data. They then determine their
parent and then send their intermediate result. In summary, this algorithm lessens the
number of packets in the network and unclogs the root, but it forces much additional
work in software. Other algorithms that are commonly used in collectives { such as
recursive halving and recursive doubling { can similarly improve the performance of

the collective, but also require that each process perform extra work.

3.2.2 MPI-FPGA - Overview

MPI1-FPGA removes the need for this software and moves its functions into the net-
work. Throughout this paper, we refer to the CPU (leaf nodes) as the processor and
to the FPGA-augmented switches as the network. MPI-FPGA requires no changes to
the MPI API and so is transparent to application; this makes it completely portable:
it can be integrated into HPC applications without requiring the programmer to have
any knowledge of the underlying hardware or make any changes to existing programs.

Rather, MPI-FPGA constructs access capabilities automatically through enhanced
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Figure 3-1: Subset of commonly used MPICH collective algorithms

middleware. The design makes no assumptions about the type of end-systems be-
ing used, as it only affects data as it is routed through the switches in the network.
We create new functions for each offloaded collective (e.g., MPI-FPGA_Reduce), and
place these underneath existing MPI collective functions (see Figure 3-2). If the hard-
ware supports the offload of a particular collective, then the MPI-FPGA replacement
function is used. If a collective does not have offload support, then it is performed by
the software as usual.

The basic operation of MPI-FPGA is as follows. Upon receiving a valid packet
header from the processor, the switch begins the collective operation and performs all
of the necessary steps to complete it. If an MPI process is not required to receive the
final data—such as the root process in a broadcast operation—then control returns
to the user application as the network is responsible for progressing the message.
If the calling process does need to receive the result—for instance, all processes in
an Allgather operation—then the process waits until it is interrupted, which happens

when the final collective results have been received and passed to the processor from
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Figure 3-2: MPI-FPGA Software Stack

the network.

We focus on blocking MPI collectives; the extension to nonblocking operations
is simple. In the MPICH implementation of MPI middleware (Gropp et al., 1996),
all the functionality of the Abstract Device Interface (ADI) is maintained. This
work currently uses MPICH-3.2 (Gropp et al., 2003); tasks such as packing and
computing predefined reduction operations are performed identically in this design.
At the MPICH channel interface, we add code to transfer data into the network, with

the actual FPGA hardware sitting below the channel interface (see Figure 3-2).

3.2.3 Hardware Model

For integrating MPI-FPGA, we consider both direct and indirect networks. For sim-
plicity, in both cases the network switches consist entirely of FPGAs. Since the
configurable parts of the design are modular, the extension to systems that combine
fixed and reconfigurable logic is straightforward. For other advantages of fully con-
figurable switches see (Sheng et al., 2018). For direct networks, this is identical to
clusters with direct FPGA-FPGA interconnects (e.g., (Putnam, 2014; George et al.,

2016)). Each FPGA switch is attached to the processor through a PCle interface
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and FPGAs themselves are connected directly together through a secondary network
(3D-torus). For indirect networks the FPGAs are proxies for high-radix switches with
integrated con gurable logic and are attached to multiple processors through NICs.
We currently use a fat-tree network (spine-leaf architecture (Alizadeh and Edsall,
2013)). Switches in the direct (indirect) model are homogeneous (non-homogeneous)
between leaf and spine switches.

Figure 3 3 shows the hardware model of the switch. To simplify the gure,
transceivers and DMA engines are duplicated on the left and right. A Collective
Control Module (CCM) manages the coordination between di erent MPI processes
for a collective operation. Inside the 2-level switch are, rst, Con gurable Gather
Reduction (CGR) units that perform the gather or reduction operation on incom-
ing packets, and, then, hierarchical switches for reordering or redirecting packets.
The CCM and CGR units are discussed in depth in Section 3.4. Processor-FPGA
and FPGA-FPGA communication, as well as in-switch processing, are based on a
streaming interface: data is pushed to the DMA engine, transceivers, and bu ers,
respectively, without having to wait for the entire packet to arrive. User logic units
surround the switch for pre- and/or post-processing. Although this design is im-
plemented on FPGAs, its portability ensures that it is independent of the type of
hardware used. Units added in support of any typical network switch can be inserted

or removed seamlessly.

3.2.4 Communicators

Communicators are an essential MPI capability and must be supported in any useful
system; yet, little work on collective 0 oad into the network addresses it. While the
default communicator is MPI_COMM _WORLD, where the process group is the entire
set of processes (Dongarra et al., 1995), many MPI programs use multiple commu-

nicators having subsets of processes. A typical example where sub-communicators
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Figure 3-3: FPGA Switch Hardware Model

are used is when the workload is partitioned among an array of MPI processes and
collectives are performed on rows or columns of processes. The most common way to
create these partitions is to call a function like MPI_Comm._split.

All communicators have a context ID, identifying the communicator, and a process
group containing the list of processes in that communicator. When a new communica-
tor is created, a new process group is created and stored in memory. In large systems,
with correspondingly large communicators, the memory consumption of these process
groups leads to scaling issues (Kamal et al., 2010). To have an entire process group
in FPGA memory would require storing the list of all MPI processes included in the
communicator. The number of bits required would be the product of COMM_SIZE
and BITS_PER_PROCESS, meaning that the resource utilization would grow linearly
with the communicator size. For a system with thousands of nodes, it would require
many thousands of bits in the switch for each of many communicators in a single
application. Since high performance routing depends on having routing information
close to the switching logic, replicating information about these entire process groups

would quickly use up these resources, even for mid-sized clusters.
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3.2.5 Streaming Interface

While current MPI implementations rely on bulk transfers involving large bu ers
(De Matteis et al., 2019), we adopt a streaming interface for both processor-FPGA and
FPGA-FPGA communication. The advantage of providing this support is three-fold.
First, the latency of collective operations is reduced as data is processed/transferred
cycle by cycle. Second, the streaming interface facilitates ne-grained communication-
computation overlap. And third, it avoids the congestion caused by messages with a
large payload.

To ensure the nest granularity we convert (inside the switch) processor packets
into multiple small-sized network packets. Decoupling these two kinds of packets is
bene cial as processor packets may contain a large payload that could block other
packets from progressing. Network packets, on the other hand, are small-sized with
replicated headers. The size of the packet is itself one of the elds in the new header.
The structure of processor and network packets is discussed in more detail in Section
3.3.1. We set the phit size to 256 bits; however, the DMA engine can process two
phits on each cycle.

Flow control is implemented in a standard way using back-pressure and stalling
without incurring costly handshakes. There is a margin m in the FIFOs; upon reach-
ing this threshold the upstream node is noti ed to stop sending packets. When the

bu er gets depleted past the margin the upstream node is noti ed to resume sends.

3.3 In-Network Communicator Support

In this section we introduce the Communicator Table (CT) design, which supports
collectives across any intra-communicator. This design takes advantage of the existing
MPI collective algorithms in order to minimize resource utilization and latency. For

simplicity, in this section and the next section we assume a direct network. The design
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Table 3.1: Algorithms commonly used by MPICH for processing collectives (Thakur
et al., 2005)

MPT Collective Algorithms
Reduce Binomial Tree Recursive Halving and Doubling
Allreduce | Recursive Doubling | Recursive Halving and Doubling
Broadcast Binomial Tree Binomial Tree and Ring
Scatter Binomial Tree Binomial Tree
Gather Binomial Tree Binomial Tree
Allgather | Recursive Doubling Ring

is analogous for indirect networks; necessary modi cations are given in Section IV.D.

3.3.1 Communicator Table (CT) Design

The purpose of the CT is to manage communicator information that is needed by
the CCM to make packet forwarding decisions. To minimize the resources required,
the table only holds the local data that is necessary to complete the implemented
collectives. This means that each switch needs a way of obtaining this local data,
which is a list of the other MPI processes with which it must communicate to perform
each collective. The contents of this list, for a given communicator, can be determined
immediately after its initialization.

Table 3.1 shows a subset of MPICH algorithms for widely used collectives (Thakur
et al., 2005). The three most commonly used are binomial tree, recursive halving, and
recursive doubling. The ring algorithm is also common, but since its implementation
is trivial we focus on the others. By being able to implement these three algorithms,
we can perform all of the collectives that use them. Returning to Figure 3 1, for each
MPI process we can identify the subset of processes with which a given MPI process
must communicate. For example, process 0 must communicate with the following
process set in all three algorithms: 1, 2, 4. Storing this subset in switch memory is
much more e cient than storing an entire process group as it is equal to the log of
the communicator size (which can be proved directly from the properties of binomial

trees).
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The CT holds a row for each communicator of which the current switch is a mem-
ber. In each row, we store a small amount of meta-information: the communicator
size, the MPI process in the communicator with which the current switch is associ-
ated, and the subset of processes with which the switch will be communicating. If
there are multiple processes per node, one of the processes (the parent) is designated
as the local MPI process. Each communicator entry is indexed into the table using
its context ID. For any incoming packet, it is thus easy to look up its communicator
as the context ID is a eld in the packet header. The current design supports 32
outstanding communicators with a table size of around 1 KB; this is su cient for up
to 64K MPI processes.

Once the switch has a table entry for a given communicator, it can use that data
to perform any collective that uses a binomial tree, recursive halving, or recursive
doubling. For any collective algorithm in a communicator, each MPI process will
communicate with the same subset of MPI processes regardless of how many times
the collective is called. Once a valid entry is loaded into the table, no updates on

that entry are required until the communicator is freed.

3.3.2 Communicator Table (CT) Entry Creation

When a new communicator is created in software, the switch needs a way of obtain-
ing the CT entry from the processor. A new CT entry creation function has been
inserted at the end of each MPICH communicator creation function. This added
function checks whether an MPI process is a member of a new communicator and,
if so, calculates the subset of MPI processes with which it communicates. This re-
quires that, for each communicator creation function call, the processor calculates
the physical addresses of the subset of MPI processes that will be stored in the table
entry. Once the new entry is created, the switch can handle new collectives occurring

within this communicator. The addresses are then packaged alongside communicator
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metadata to be sent to the switch. Although this operation does lead to a small
amount of overhead in creating communicators, this overhead is only paid for once
during communicator creation.

In addition to the CT, there is a forwarding table in each switch which stores
a dictionary of global ranks (used by MPI_COMM_WORLD) as the keys with the
processor physical addresses as the values. When there are multiple processes in a
node, multiple global ranks associated with the processor appear in the forwarding
table. This information is collected during MPI_Init (called only once at the start
of the program). It is then successively used in the routing phase. Since each new
communicator could assign a new rank for the same process, storing the information
in the forwarding table for each new communicator has the potential to exhaust
memory resources. Hence, the CT entry creation function sends the global ranks
of the processes instead of the actual rank of that speci ¢ communicator. As a
result, the switch deals with the global MPI process ranks for packet forwarding
while the software on the processor considers the actual MP1 process ranks (based on

the communicator).

3.4 Implementation

3.4.1 Overview

The base design is a standard virtual channel router (see Figure 34 and (Sheng
et al., 2016a; Sheng et al., 2018)) extended with the proposed streaming interface.
It uses the classic four stage pipeline (Dally and Towles, 2004): route computation,
virtual channel allocation, switch allocation, and switch traversal. In this example it
is designed to be used in an FPGA cluster interconnected in a 3D torus and so has
six input and six output ports, each connected to serial transceivers.

To minimize back-pressure from switch to processor, the size of input FIFOs should
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be su cient to tolerate the latency of the collective tree. This happens if the tree is
deep and the root has to wait a considerable amount of time for the leaf processes.

We calculate the minimum bu er size as in Eq. 3.1:
min_buf_size=(m+(d+q) (+5)) Ph 3.1

where m is the ow control margin, d is the maximum depth of the tree-based collec-
tive algorithm (accounting for the number of nodes used in the FPGA cluster), and
g is a constant to provide slack for other operations to proceed. L, T_clk, and Ph are
the link latency, clock period, and phit size, respectively.

The MPI o oad support is designed to keep the overall design modular: the ac-
celerator architecture is portable to any other standard router. The two key modules
are the collective control module (CCM) and the in-switch collective support mod-
ule. The former determines new forwarding and multicast destinations for collective
packets; it also contains the communicator support. The module is placed before the
router so that the packets’ output ports can be calculated during the route computa-
tion stage after it has been assigned a new destination. The latter is integrated into
the L1 switch (see Section 3.4.3) and is used for reordering, redirecting, and in-switch

processing. Details follow in the next subsections.

3.4.2 Collective Control Module (CCM)

The CCM (Figure 35) performs all of the algorithmic work found in the
software of MPI_Reduce, MPI_Allreduce, MPI_Bcast, MPI_Scatter, MPI_Gather,
MPI_Allgather, and MPI_Reduce_scatter, as well as any other collectives implemented
in the future. When packets enter the router, they rst go through the CCM. If they
are not part of a collective operation, or are not destined for the current process,

then they simply pass through unchanged. If they are part of an o oaded collective
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and the destination address in the packet header matches that of the current process,
then the CCM uses the CT to determine new destinations for the packet.

In order for the CCM to determine which collective a packet is a part of a collective,
an opcode field has been added to the packet header. With this MPI-FPGA can
perform work for each collective algorithm in parallel and then use the opcode to
decide which algorithmic results to use for the packet (see Figure 3-5). Within each
of these algorithm blocks, MPI-FPGA performs computations using input from the
packet header and the CT entry. For a reduction, the router calculates the parent
node to send the packet to; or, for a broadcast, all of the child nodes to multicast the
packet to.

The communicator table also eases the computation required to calculate these
destinations. When a packet needs to be sent to multiple destinations, these are
also adjacent in the table entry. For multicast a bit vector is used to keep track
of these destinations; this results in much less work than if destinations were calcu-
lated repeatedly. Once a packet passes through the CCM, it is passed to the route

computation stage (in the routing pipeline) where its output port is calculated.
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As in MPICH-3.2, the implementation also supports multiple algorithms for the
same collective operations. The choice of algorithm is often determined by packet
size. In MPI-FPGA we support algorithm selection by adding bits to the packet

header opcode eld.

3.4.3 Two-Level Switch

As shown in Figure 3 4, the overall switch design consists of hierarchical switches (L1
and L2) for directing packets. The L1 switch directs packets to the correct output
port and is followed by output FIFOs. The current design supports a round-robin
arbitration policy. Note that the arbiter is disabled for the Eject port; once the com-
munication between the switch and the processor is established, packets in other input
ports do not contend for the Eject port as the network packets are again converted
into processor packets. To support processing of the collectives there is an in-switch
collective support module that is seamlessly integrated to the L1 switch. This module
performs the gather-type (Gather and Allgather) or reduce-type (Allreduce, Reduce,
and Reduce_scatter) operations. If network packets are identi ed as part of one of
these collectives (by their opcode eld), they are transferred to the in-switch collec-
tive support module. It has two collectors, two L2 switches, and CGR unit(s). The
rst collector is responsible for waiting for all packets corresponding to the child MPI
processes. The rst L2 switch and the last collector are only used for gather-type
operations. The former reorders incoming packets according to their sender’s rank,
while the latter serializes the gathered data. Finally, the last L2 switch is responsible
for directing the CGR outputs to the correct switch output port.
The CGR unit consists of con gurable vectorized Aggregation Logic Units
(AgLUs), as shown in Figure 3 6. Each vectorized AgLU is cascaded to match the
number of switch ports to perform concurrent reductions with full pipelining. The

aggregation is made up of two separate paths with vectorized AgLUs chained together



38

which are combined at the end. Each vectorized AgLU can accommodate multiple
AgLUs based on the bitwidth of the datatype being used. The CGR unit also has
gather and reduction tables that are indexed and capable of supporting multiple gath-
ers and reductions, respectively, and with di erent communicators. There is a counter

eld inside the tables to track the number of processed phits; this is then compared
with the count eld (total number of phits according to the message size). When
the threshold is reached, a completion noti cation is sent to the DMA engine. The
CCM con gures the value of the count eld in the reduction (gather) table according
to the processor packet header. Count and counter elds have the same bitwidths
as the message size in the processor packet header. There are six columns for the
reduction (gather) matching the switch radix for the current design (3d-torus), each
with a bitwidth equal to the phit size.

To support multiple simultaneous reductions (gathers), there are SA (Simultane-
ous Aggregations) number of CGR units. Clearly, SA can be equal to the radix of
the switch; but it also can be fewer depending on the available hardware resources
(discussed in Sec. 3.6.1). There are R 4 AgLUs (64-bit) for each CGR unit (with
a double data type), where R is the radix of the switch. This results in SA R 4
AgLUs in the L1 switch.

The arithmetic unit is constructed using standard methods including the use of
vendor IP. The current design supports sum, min, max, XOR, AND, and OR but is
trivially extendable for other operations, including user speci ed functions.

This approach is exible enough to support multi-user processing. When the
number of jobs is small { not larger than the number of AgLUs in a VAgLU { it
is possible to divide phit size channels (each arrow in Figure 3 4), into 64 bit sub-
channels and assign each of them uniquely to each job. In this case, there is no

resource/time sharing involved in the switch and each AgLU is mapped to a single job.
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Figure 3-6: Configurable Gather/Reduction (CGR) Unit: aggregation has two paths
with vectorized AgLUs chained together and combined at the end.

When there are more jobs, it is possible to employ time slotting (Byma et al., 2014;
Khawaja et al., 2018). In either case, if the computation requirements of a certain
application surpass the operations that are supported by the AgLUs, or there is a
need to add user logic for inline pre/post-processing (see Figure 3-4), it is possible to
take advantage of partial reconfiguration. For the former case, partial reconfiguration
does not disturb other existing jobs but, for the latter, it would introduce minimal
idle time (depending on the amount of new logic) as only the AgL.Us and the user

logic would be reconfigured, rather than the entire design.

3.4.4 Considerations for Indirect Networks

The MPI-FPGA switch design for indirect networks follows the same overall design

as Figure 3-4 but with some differences:

e In the direct model, each FPGA card is attached to a processor through a PCle
interface. In the indirect network model, FPGA switches are attached to the

processors through network ports.

e For the indirect model, storing information in the forwarding table is a two-step
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process. During MPI_Init, a dictionary ]| where the keys are the global process
IDs and the values are the port numbers ] is sent from the processors to each
of the corresponding leaf switches and then from leaf switches to spine switches.
As a result, each spine switch maintains a dictionary of all the processors within

the system inside its forwarding table;

The count and context ID elds in the reduction/gather tables of the spine
switches are con gured by sending the information from the leaf switches to the
spine switches based on the collective operation shown in the incoming packet

header;

For the leaf switches, the number of packet converter modules is equal to the

number of downlink ports.

3.5 Performance Analysis of In-Network Collective O oad

In order to develop a general understanding of how this approach could improve the
performance of MPI collectives and the conditions that need to exist for this approach
to bene t application performance, we consider a LogGP model (Alexandrov et al.,
1995). L, o, g, G, and P represent the latency, overhead, gap between messages,
gap per byte, and number of processors, respectively. As is standard in reports
on hardware implementations of communication operations, including collectives, we
assume that all of the processes start at the same time with no skew. As it has been
stated previously, substantial process skew necessarily diminishes the performance
bene t of any aggregation algorithm (Graham et al., 2016). Skew is discussed further
in (Haghi et al., 2021).

We compare two models: a baseline with no compute-in-the-switch and the new

one where the switch is able to perform the computation, multicast, and reordering.



41

Since the total latency of an MPI operation is determined by the slowest process;
i.e., the maximum latency of any process, processes having di erent roles during the
collective need to be considered. For MPI-FPGA, we consider the latency of two
processes in an MPI_Bcast for a binomial tree (see Figure 3 1 (a)): one receiving a
number of messages (e.g., process 7) and one sending multiple messages consecutively
(process 0).

We rst derive expressions for the time spent on the second process type. Let
Tgii and T,s; denote the time needed for the it process to nish the MPI operation

in baseline and in-switch models, respectively.

Tere 1 =blog(P)c (Os+(k G)+L+0,) (3.2)

T|s;p 1= OS + (k G) + L+ Or (33)

We distinguished the overhead time on the sender side (Os) from that on the receiver
side (Oy); these are the times it takes for the processor to transmit and receive a
message, respectively. Note that blog(P)c is reduced to 1 in Eq. 3.3. These equations
indicate that the MPI-FPGA approach e ectively eliminates the overhead time (Og
and O,) for intermediate MPI processes since communicator support is 0 oaded into
the FPGA fabric. Also, the above model suggests that the in-switch approach unlocks
higher performance for collectives involving many-to-many communication patterns
(Allreduce, Allgather, Reduce_scatter, and Barrier) as the number of times that CPUs
are bypassed is higher in these collectives. The in-switch approach also scales better
with the number of nodes. Finally, note that the term G in the baseline is greater
than for in-switch: the cost of the transport protocol is high compared to that of the

light-weight transport engine.
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We now analyze the time spent on the root process (process 0):

Tero = Os + ((dlog(P)e 1) maxfg;Osg) + (dlog(P)e k G) (3.4)

T|S;0 == OS + (k G) (35)

In the in-switch model the g term is eliminated by the pipelining communication. For
example, for MPI1_Bcast the message is sent from the processor to the switch only once
where it is then multicast to the di erent MPI processes. For MPI_Scatter, di erent
messages are lumped into a large message. Consequently, for the in-switch model g=0
and assume only G for both short and long messages. Clearly if the message size is
small, then the G terms in all of the above equations are irrelevant. One observation
is that, for the in-switch model, the coe cient dlog(P )e is reduced to 1 in Eq. 3.5 as
the switch bene ts from in-network multicast. Another observation is that a multi-
port switch attached to each node in the direct network reduces the e ective G for
intermediate MPI processes as multiple messages can be sent simultaneously.

One major bene t of the in-switch model is in-network reduction; inline high-
throughput reduction is performed in the switch, which eliminates the need to perform
the reduction in the CPU. This is especially bene cial for large messages. Assum-
ing n MPI processes involved in the reduction collective, in the baseline model the
operation could be performed n-1 times. In the in-switch model nearly all of these
operations are eliminated owing to the pipelined, high-throughput AgLUs. Another
advantage of the in-network reduction is reducing network tra c and the number of
data copies in the processor. From the above discussion, we infer that the application
characteristics that maximize MPI-FPGA bene t are, rst, a large number of MPI
collectives, especially Allreduce and Allgather, and, second, reductions with large

message sizes.
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Table 3.2: Inter-FPGA Latency and Bandwidth for Xilinx Alveo U280

(Fpgzxirg_eége A) Latency (ns) | Peak Bandwidth (Gb/s)
Value 440 950

3.6 Evaluation

We implemented and tested MPI-FPGA on a two-node FPGA system using Xilinx
Alveo U280 boards and the standard Xilinx development tool suite. Each board
exposes two 100 Gb/s QSFP128 interfaces and a PCle Gen3 x16 interface. Vendor-
provided IPs (Xilinx QDMA with AXI4-Streaming interface and Aurora) were used
to implement the DMA engine and transceivers. The design is coded in Verilog HDL.
We have provided the FPGA-to-FPGA latency and peak bandwidth of the Alveo
U280 card in Table 3.2. The bandwidth starts to saturate at a message size of just
under 1 KB. The information in this table is used during the simulation, which is
discussed in the next paragraph.

Given the challenges of HDL coding, an e cient cycle-accurate simulator is es-
sential for exploring a large number of nodes. The simulator used in this chapter is
an version of that described in (Sheng et al., 2018; Yang, 2019) updated by chang-
ing the transceiver parameters collected from the two-node testbed (table 3.2). The
simulator is implemented in C++; every hardware module in the RTL model has
a corresponding class in the simulator. These classes are organized in the same hi-
erarchical structure as the RTL model. To give the cycle-accurate simulator good
extensibility, we de ne an interface standard for all hardware modules. We adopt a
producer-consumer model with every module being both a producer and consumer.
The simulator has been validated with respect to the RTL code for the two-node
FPGA system; the behavior of RTL simulation matches the simulation.

For cluster tests, we target Xilinx XCVU13P FPGA devices. The performance
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Table 3.3: Resource usage on Xilinx XCVU13P FPGA Devices

Design LUT | FF | DSP | BRAM [ URAM [ #SA [ #AgLU
Di t 401852 448117 1441 454 6 6 144
Irec (23.3%) | (13.0%) | (11.7%) | (16.9%) | (0.4%)
. 700409 | 1062680 | 2561 523 0

Indirect-8 | (40'506) | (30.7%) | (20.8%) | (19.4%) | (0%) 8 256
. 1408301 | 2126184 51721 987 0

Indirect-16 | (1 5op) | (61.5%) | (41.7%) | (36.7%) | (0%) 8 512
. 1551853 | 2349600 4481 1543 0

Indirect-28 | 39 gos) | (68.0%) | (36.5%) | (57.4%) | (0%) 4 448

results for the FPGA cluster are obtained from a cycle-accurate simulator. Resource
utilization is reported using Vivado Design Suite 2019.2. The operating frequency
of the current implementations is 250 MHz. For the CPU reference, benchmarks
were run on the Stampede2 (Stanzione et al., 2017) Skylake (SKX) compute clus-
ter, accessed through XSEDE, with 48-cores per node (2 sockets) 2.1 GHz Intel
Xeon Platinum 8160 CPUs, and a 100 Gb/s Intel Omni-Path (OPA) network (fat
tree topology). We used Intel MPI1 18.0.2 as an Intel-compatible MPI compiler and
launcher as recommended for the TACC Stampede2 cluster. We found that it usually
gives a better performance compared to MPICH 3.2.

To assess the e ciency of MPI-FPGA, we compare the performance with re-
spect to the CPU cluster for Allgather, Allreduce, Broadcast, Gather, Reduce, Re-
duce_scatter, and Scatter operations using the OSU micro-benchmarks (v5.6.2) (?).
The study investigates a range of message sizes. For FPGA-based indirect networks,
we considered three switch designs: indirect-8, indirect-16, and indirect-28, which de-
note switches with radix-8, -16, and -28, respectively. Radix-28 was the highest radix
we could implement on the XCVU13P FPGA according to the number of available

GTY transceivers.

3.6.1 Resource Utilization

FPGA resource consumption is shown in Table 3.3 for four di erent designs (direct

and indirect networks). As discussed previously, each AgLU supports a di erent set
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of operations. Depending on application requirements, the user can remove the sup-
port for unused operations or add user-defined operations; these actions decrease or
increase resource utilization, respectively. The current result is based on using float-
ing point add operation (double-precision). Overall, BRAM utilization is dominated
by serial transceivers, input FIFO buffers, and the DMA engine, while the L1 switch
accounts for a large fraction of DSP, LUT, and FF utilization.

According to Table 3.3, the overall utilization increases with the radix of the
switch. For all designs except indirect-28, the number of SAs is equal to the number
of ports. There the number of SAs needed to be reduced in order to fit the entire
design onto the FPGA. This is because the number of AgLLUs for each CGR unit
increases with the radix of switch. The critical resource is LUTs with the CGR units

constituting a large fraction of total LUT utilization.

3.6.2 Performance of MPI Collectives

We evaluated MPI-FPGA for seven different MPI collectives using the OSU Micro-
benchmarks. For all collectives, double precision floating point was used. The results
were averaged over 1000 iterations (with 200 warm-up iterations) and five different

runs (different node allocations).
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Figure 3-7: MPI CPU cluster (SKX) vs MPI-FPGA execution times for 32, 64, and
128 nodes: (a) osu_allgather, (b) osu_allreduce, (c) osu_bcast, and (d) osu_gather.
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128 nodes: (a) osu_reduce, (b) osu_reduce_scatter, and (c) osu_scatter.

Overall Collective Latency Figure 3-7 and Figure 3-8 show the simulation results
of MPI and MPI-FPGA collectives for small (4 Bytes to 4 KB) and medium-to-large
message sizes (4 KB to 4 MB) for 32, 64, and 128 nodes using the OSU benchmarks.
The reported average latency is the average time it takes for the processes to finish the
operation. Processor-FPGA communication latency is included in the time. To isolate
the impact of the design under study, e.g., from contention at the PCle interface, we
focused simulations with one process per node.

One of the advantages of MPI-FPGA is that utilization of the application layers
in the network stack (such as MPI) can be bypassed for the nodes associated with
root and intermediate processes because communicator support is offloaded, while
reduction operations (if any) can be performed by a network switch. Although hav-
ing a low-latency network topology (such as a fat tree) for the reference CPU cluster
(as opposed to 3D torus for the FPGA cluster) can offset the aforementioned ben-
efits, we observe that MPI-FPGA has a higher overall performance. As is evident
from Figure 3.7 and Figure 3-8, MPI-FPGA speedup relative to the CPU cluster is
higher for Allreduce operation, since a greater number of nodes corresponding to the
intermediate processes are involved and data volume is reduced during transfer. For

the Reduce_scatter operation, the switch corresponding to the root process is able to
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perform the reduction on incoming data received by ingress ports and then scatter
the result directly. This e ectively bypasses the processor as it eliminates the need
to transfer data to the processor to perform reduction and scattering.

To view the results from a di erent perspective, Figure 3 9 shows the average
speedups for each of these collectives on 32, 64, and 128 nodes. The geometric mean
is used to summarize MPI-FPGA speedup ratios with respect to di erent message
sizes. The speedup ratio ranges from 2.0 to 32.6

MPI-FPGA achieves higher performance than the CPU cluster for both small
and medium to large message sizes. The central reason is that MPI-FPGA does
compute-in-the-network. This bypasses the processor in the nodes corresponding to
the root and intermediate processes, which in turn reduces the latency, especially
for short messages. Also, MPI-FPGA utilizes a streaming interface with ne-grained
communication as opposed to processor-based bulk transfers involving large bu ers;
this helps for long messages.

With respect to problem size, of note is that the MPI-FPGA speedup is maintained
as the number of processes grows; this indicates the expected bene t for larger systems
through reduced network tra c. Interestingly, the speedup usually increases for larger
systems, especially for medium-to-long message sizes, showing that the advantage of
MPI-FPGA scales. According to the results in Figure 3 9, the speedup in medium-
to-large messages is higher than for small messages (except Allgather) due to the
e cient streaming-based interface. An exception is Allgather where there is more
wait time and tra c, the latter since the volume of data expands as it traverses the
network.

In order to characterize the latency variation of MPI collectives across di erent
iterations and di erent runs, we have tabulated the standard deviation (std), maxi-

mum, and minimum latency for messages of size 1 KB and 1 MB on 32, 64, and 128
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Figure 3-9: Average MPI-FPGA speedup ratios for OSU Benchmarks running on

32, 64, and 128 nodes of Stampede2 for short and medium to long messages.
Table 3.4: MPI collective latency variation on the Stampede2 compute cluster for

message sizes 1 KB and 1 MB on 32, 64, and 128 nodes.

MPI 32 nodes 64 nodes 128 nodes
Collective TKB TMB TKB TMB TKB T MB
| std [ max [ min | std | max | min_| std | max | min | std max min_| std | max | min | std | max
Allgather 7 | 488 | 27.1 | 250.3 | 5406.0 | 46451 | 12.2 | 87 | 44.8 [ 8085 | 14164.0 | 11327 | 17.2 [ 130.2 | 66| 090.7 | 26430 | 23233.2
A uce . 16 21 | 814 | 22240 | I'SM.] [10.7 | 74.1 [ 360 | 1820 2614 T 116 86.1 | 332 [ 2014 | 2085 -
Bcast 6 | I81 | 16 | 305 | 493 340 21 262 | 178 | 352 | 546.2 a1 34 % 228 116 | 8168 | 4029
Gather 2 [ 260 [ 08 5 2730 | 2712 | 44 [ 41 21 | 74 5465 | 54250 [ 250 | 1511 | 44.1 | 353 | 11007 | 10847
Reduce 8 [ 301 [ 11.0 [ 1516 | 3720.1 | 30800 [ 112 [ 57 | 97 | 2173 | 45240 | 36051 | 12.2 | 72 | 210 | 2558 | 47000 | 3807
Reduce_scatter | 6.6 | 382 | 160 | 1134 | 25770 | 20339 | 101 62 25 | I87.Z | 49089 | 41501 | 84 (2] 3T | 2036 | 490427 | 4195.7
Scatter ERNIPLE 1T T2.1 | 27818 | 27201 | 39 [ 341 [ 210 | 166 | 5540.2 | 54838 | 10 | 5.1 | 45.8 | 208 | 11018 | 10937

nodes (SKX cluster), see Table 3.4. As expected MPI collectives for large messages
(1 MB) have larger variation than those of small messages (1 KB) and the deviation

usually increases as we scale out.

Indirect Network Study Figure 3-10 shows the average latency of two MPI col-
lectives, Allgather and Allreduce, for small message sizes (4 Bytes to 4 KB). Four
different kinds of networks are considered: direct, indirect-8, indirect-16, and indirect-
28. These are a direct network with 3D torus topology and indirect networks with
radix-8, -16, and -28 switches, respectively. The switches in the indirect network
have a default over-subscription of 3:1. Overall, use of an indirect network reduces
the average latency compared with the direct network. As expected, switches with

higher radix result in more performance benefit. There are cases, however, in which
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this does not hold, e.g., in (Figure 3-10 (f)). There, having radix-16 switches could
not reduce the number of hops compared to the radix-8 switches. This slightly affects
the performance as higher radix switches are more complex and have more AgLUs. It
should be noted that, for Allgather, average latency increases more rapidly compared

to Allreduce as packets are combined throughout the network.
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Figure 3-10: Performance comparison for short messages of MPI-FPGA with direct

and indirect networks on 32-, 64-, and 128-node systems for Allgather and Allreduce
operations.

Of interest is the comparison of MPI-FPGA with the commercial ASIC-based ver-
sion of in-switch offload of collectives from Mellanox. Unfortunately gaining access
to SHArP-based systems is still extremely challenging. SHArP only supports Allre-
duce and Barrier collectives (Graham et al., 2016) while the reconfigurable approach
embraces a diverse and extensible set of collectives. Although results published in
SHATP may not be directly comparable to those described here, as they are inde-
pendent sets of experiments, it appears that the MPI-FPGA approach is competitive
with SHATP and could outperform SHArP beyond a certain message size (Graham

et al., 2016). One likely reason is that reduction of messages that are larger than
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SHArP hardware maximum message size are performed by posting multiple reduc-
tions. In contrast, in MPI-FPGA only one request is sent. Also, MPI-FPGA has
an efficient streaming interface where large processor packets are converted internally
to multiple small network packets. There is a newer version of the SHArP protocol
which is based on streaming aggregation interface, but it is not optimized for small
message size (Graham et al., 2020) and the latency is higher than that of the original
work (Graham et al., 2016).

Figure 3-11 summarizes the average speedup of indirect network switches over the
baseline direct network switch (from Figure 3-10) for short messages. The geometric
mean is used to summarize speedup ratios over different message sizes. The overall
speedup ratio is between 1.2x to 1.9x.
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Figure 3-11: Average speedup ratios of indirect network switches over direct network
switches for short messages.

3.6.3 MiniApp-Level Benchmarking

To show the efficacy of MPI-FPGA in application performance, we have benchmarked
various HPC kernels and pseudo applications using NAS parallel benchmarks (NPB)
as well as two MiniApps from the Mantevo Project (miniFE and HPCCG).

When running the benchmark codes on the FPGA cluster we found that the

addition of barriers simplified the instrumentation. To ensure that we compared the
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FPGA cluster results with the best possible baseline, we also created versions of the
baseline codes with barriers. For the baseline cases, original and \barrier,” we found
that the performance of the two versions was indistinguishable.

For NPB, class A is used for CG and SP, the others (IS and MG) are benchmarked
with class C. The results are averaged over ve runs. Table 3.5 compares NPB,
miniFE, and HPCCG for the CPU cluster (SKX) and MPI-FPGA for 64 and 128
nodes. Analyzing the NPB results, it can be inferred that MPI-FPGA improvement
increases scales with the number of nodes. This aligns with the discussion of the
LogGP model in Section 3.5. For MG, MPI-FPGA achieves considerable improvement
(about 2% on 128 nodes) as there are a large number of MPI collective calls in this
benchmark. For IS there is an MPI_Allreduce with a large message size in which MPI-
FPGA bene ts from in-network computing (about 3% improvement on 128 nodes).

For miniFE and HPCCG, we used 48 OpenMP threads on SKX as this number of
threads yielded the highest performance according. The problem size used for miniFE
application on 64 (128) nodes is 512 256 64 (512 512 64). When scaling up,
the problem size per processor is kept xed (weak scaling). Our approach provides
satisfactory speedup as one of the Allreduce collectives is called for 400 times. Weak
scaling is measured for the HPCCG benchmark as well (the grid dimension on each
process is 100 100 100). Similar to miniFE, one of the Allreduce collectives is
called for a large number of times (298).

Figure 3 12 shows the CPU cluster (SKX) execution time and MPI-FPGA speedup
for Allreduce (Reduce) collectives used in (a) NPB and (b) miniFE and HPCCG.
Because each application may have a large number of collectives, we only used Allre-
duce: these are common and account for most of the collective execution time. Each
instance is evaluated separately. Also, for those collective instances with multiple

executions, we take the arithmetic mean of their execution times (maximum time



52

100000 10 1000000 5
9 45
10000 3 100000 4
35 ~
7 10000
Z 1000 2 2 3 g
) = 1000 252
é 100 4 § 100 154
3@ 1
10 2 10 05
I | I : °
1 [) O B O B O 0\\ 06\ A & G\"\ o®
CCQ) ISA) MG (1) MG (2) MG (3) MG () MG () MG (6) SP@) SPQ) y“,&‘fﬁy“ &€ ¢ & d&‘& <
SKX-64 mw=SKX-128 FPGA_Imp: 64 —-FPGA_] 128
SKX-64 wmSKX-128 -~ FPGA_impr 64 ~+~FPGA_impr £ 128
(a) NAS Parallel Benchmarks (b) miniFE and HPCCG

Figure 3-12: CPU cluster (SKX) execution time and MPI-FPGA speedup of Allre-
duce (Reduce) collectives used in the applications under study. Each collective in-
stance is evaluated separately, e.g., with MG having six instances of Allreduce.

Table 3.5: Performance comparison of NAS parallel benchmark, miniFE, and
HPCCG, for MPI CPU cluster (SKX) vs MPI-FPGA for 64 and 128 nodes. *For
the SP benchmark the number of processes must be a perfect square.

Benchmark/ 64 nodes 128 (121%) nodes
Application | SKX (ms) | FPGA (ms) [ Improvement () [ SKX (ms) | FPGA (ms) [ Improvement (V)
CG 40.3 39.7 1.45 69.9 68.5 2.06
IS I51.7 150.3 0.89 883 85.7 2.96
MG 536.7 5324 0.80 3033 2945 2.92
SP* 708.3 707.7 0.08 626.7 625.5 0.18
miniFE 32886.9 32868.2 0.06 71052.9 71037.8 0.02
HPCCG 24890.9 248580 0.13 58268.6 582474 0.04

among all processes). The exception is CG which does not use Allreduce: Reduce

was used instead.

3.7 Conclusion

In this chapter we present a comprehensive solution to processing collectives in net-
work switches with reconfigurable logic. This has the advantage over fixed logic
alternatives of being able to support capabilities as needed. This includes varying the
supported operation types and numbers of simultaneous operations, but also enabling
more general user-defined processing in the network.

As part of this solution we present a new method for supporting MPI communi-
cators and accelerating collectives in the network switch. We begin by considering

the movement towards exascale computing and the need for offioading collectives and



53

communicator support into hardware, in particular, for collectives occurring over ir-
regular communicators. We nd that storing entire process groups in the network
is not a scalable solution. We then introduce the Communicator Table (CT), which
takes advantage of the properties and patterns of collective communication in or-
der to provide the accelerator hardware with the minimum amount of communicator
information needed to perform collectives.

A novel 2-level switch design is introduced to e ciently process in-network collec-
tives; yet it remains exible enough to embrace user-de ned collectives. We provide
a streaming interface to improve the performance for long messages. By supporting a
full o oad of seven popular collectives, we remove nearly all of the collective operation
software from MPI1 and implement the functionality in the switch. The hardware sup-
port has been integrated into a recon gurable router which remains portable enough
that it is independent of the type of router. We evaluate MPI-FPGA with respect to
a CPU cluster and nd that the in-switch accelerator achieves signi cant and scalable

speedups.
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Chapter 4

Type 2 ACIS: Look-Aside Acceleration

This chapter introduces look-aside (stateful) capabilities. In this type, communication
is processed not just through transforming and merging streams but also by recycling,
looping, and saving states. For example, many compression algorithms require look-
aside processing. In the rst part of this chapter, we consider a direct network with
a distributed dense matrix multiply as a case study. However, it su ers from two
limitations: First, while direct networks are a good testbed for in-switch computing
their use cases in real scenarios are limited; current supercomputers and data centers
rely on indirect networks. Second, while the target platform is recon gurable the ap-
proach taken for the acceleration is xed meaning that it takes considerable e ort to
design and implement a new kernel or application. In the second part, we focus on an
indirect network with a graph convolutional network (GCN) case study. This time,
we take another approach for the acceleration: we design a programmable yet high
performance in-switch accelerator where users can simply write a packet handler in
high-level language to de ne the functionality of the switch with software-speed com-
pilation time. The key ACIS plugin (for the second part) is a programmable CGRA.
This chapter is based on the work published in International Conference on Super-
computing (ICS) = 2023 ACM (Haghi et al., 2023a) and International Conference on
Field-Programmable Technology (ICFPT) = 2020 IEEE (Haghi et al., 2020b).
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4.1 Introduction

A growing trend in HPC is the importance of the network in application support. For
example, o oad of collective processing into SmartNICs (Arap and Swany, 2016; Guo
et al., 2022a; Guo et al., 2023; Sheng et al., 2016a) is well-established and has several
bene ts. But while SmartNICs are invaluable, this scheme still forces processing into
endpoints. Another approach is to o oad collective processing into switches (Graham
et al., 2016; De Sensi et al., 2021), which has additional advantages. Current in-switch
processing, however, is limited in a number of ways. Commercial implementations
only support collectives, and this support covers only a small set of scalar and xed
function operations (e.g., (Faraj et al., 2009; Graham et al., 2016)). While academic
work (Stern et al., 2017; Haghi et al., 2022) demonstrates support for user-de ned
extensions, the resulting switches are still con ned to inline (aka streaming (Krishnan
et al., 2020)) processing.

We posit that beyond collectives there are additional acceleration opportunities
that are not feasible in the current streaming-only paradigm. To tackle these chal-
lenges, we propose a programmable look-aside (LA) accelerator that can be integrated
into, or attached to, existing communication switch pipelines. Recently, look-aside
accelerators have been proposed for SmartNICs (Krishnan et al., 2020); their e -
cacy has been demonstrated in applications including machine learning at the edge,
data compression, and storage disaggregation. Extending LA capabilities from NIC
to switch yields bene ts analogous to those just enumerated for extending collective
support.

Increasing switch exibility has long been a goal of the networking community,
culminating, in part, in programmability using P4 (Bosshart et al., 2014). P4 is a
high-level language used to control packet forwarding. While there has been some

exploration of application-level processing (Sankaran et al., 2021) in P4 switches,
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including support of collectives (Sapio et al., 2021), these capabilities are currently
limited and likely to fall short in certain applications, including machine learning
(Swamy et al., 2022). More speci cally, P4-based switches su er from having a lim-
ited set of operations (e.g., no multiply), data types (e.g., no sparse data types), and
memory footprint. Perhaps most signi cantly, packets can only access each memory
location once within a traversal (De Sensi et al., 2021); while it is possible to recir-
culate packets, this technique reduces throughput. To address the above limitations,
the proposed programmable in-switch accelerator is designed to handle more complex
calculations, such as fused multiply-accumulate (MAC) and sparse accumulation, o0 -
chip memory access, and data reuse.

Adding LA switch support confers several additional advantages to in-switch com-
puting. Most importantly, it improves application scalability. For instance, during
scale-out, inference communication time for graph convolutional networks (GCNSs)
with real-world graphs can quickly outweigh the total execution time. LA switch sup-
port can improve scalability by reducing communication data volume as the switch
can aggregate data and act as a storage device.

In the rst part of this chapter, we propose a novel in-switch hardware accel-
erator design, called FPin, that integrates kernel-level optimizations. We focus on
distributed matrix multiplication. There are several problems that must be solved.
(1) Existing support of collective o oad only exploits the optimization opportunities
at a per-operation level; kernel-level global optimization has been neglected. (2) Since
the computation may be more complex than naive reduction, providing full overlap
of computation and communication should still maintain line-rate packet processing.
(3) In-network processing usually leverages streaming data with limited local state
(Hoe er et al., 2017). In contrast, complex kernels often require a large amount of

data reuse to achieve higher performance which is not supported in current hard-
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ware collective o oads. To tackle the problems mentioned above, rst, we propose
a novel collective o oad design which integrates kernel-level optimizations for ma-
trix multiplication. Second, we propose a smart o oad engine to e ciently handle
communication-computation overlap and matrix multiplication scheduling. In other
words, scheduling is o oaded to the accelerator hardware; by pushing most of the
logic from software to hardware our approach is capable of improving the performance
of applications.

The rst work has some limitations; rst, it is only for direct networks. Second,
while the target platform is recon gurable the approach taken for the acceleration is

xed meaning that it only works for matrix multiplication.

Thus, in the second part of this chapter, to support di erent workloads and en-
able software-like programmability, while achieving near-ASIC performance, we use a
coarse-grained recon gurable array (CGRA) overlay architecture (Taras and Ander-
son, 2019). The proposed data ow architecture is itself RISC-V compatible with a
subset of scalar and vector instructions (Waterman and Asanovic, 2017). The CGRA
is composed of multiple vector processing elements (VPES) pipelined together based
on the applications’ needs. Both on-chip (vector register les) and o -chip memory
(HBM banks) are accessible through the datapath. To e ciently process machine
learning workloads the ISA is extended with sparse vector instructions.

Two critical challenges are addressed. First, to facilitate usability, a software
framework has been created to compile user-provided C/C++ codes (packet handlers)
into back-end instructions for con guring the switch. Compile time is negligible,
especially with respect to that of high-level synthesis (HLS) tools. And second, despite
adding complexity, the accelerator does not compromise line rate. A number of
optimizations are implemented to improve throughput, including vector instructions

with large vector length and a technique called idle tile skipping to avoid stalls.
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We propose an in-switch computing framework, FLASH, to support generic
application-level acceleration. Our approach is orthogonal to programmable switches;
we do not invent a new programmable switch or a language. The accelerator can be
integrated or attached to existing switches to accelerate parts that are communication-
intensive with coupled computation. While FLASH can accelerate a variety of work-
loads, we consider GCN inference as a case study. We summarize the contributions

of this work:

Extending look-aside capabilities from NICs to switches for enhancing support

of application-level processing;

Addressing the major challenges of extending LA capabilities to switches { i.e.,
maintaining full switch functionality and usability { through a novel combining

of CGRA architecture with RISC-V instruction support (84.3);

A software toolchain to compile user-provided packet handlers to the instruc-

tions for con guring the accelerator at software speed (rather than HLS §4.4);
The rst in-switch GCN inference accelerator; and

Experimental results showing that FLASH improves the performance and scal-
ability of GCN applications. The performance advantage is on average 3.4

(across ve real-world datasets) on 24 nodes (85.7).

4.2 Background, Motivation, Basics

We describe the GCN algorithm used to showcase LA in-switch computing, then
discuss motivation, enumerate limitations of current programmable switches, and

present the FLASH models.
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4.2.1 Graph Convolutional Network (GCN)

We provide GCN background and elaborate on distributed GCNSs.

GCN Background

Equation 4.1 shows the layer-wise forward propagation in a multi-layer GCN.
XD = (AxOw D) (4.1)

We denote A as an adjacency matrix such that A,., = 1 if and only if vertex u and v
are connected by an edge, otherwise, A, = 0. X® is a matrix denoting the features
at layer-l. W® is the weight matrix at layer-l. Finally, () denotes a non-linear
activation function.

Multiplying (A X)W rst results in a sparse-sparse matrix multiplication that
produces a large dense matrix. Previous work (Geng et al., 2020; Geng et al., 2021c)
found that the order of computation, A (X W), greatly reduces the scale of com-
putation since both are sparse-dense matrix-multiplications (SpMM). We therefore

rst compute the product of feature and weight matrices, which is the called com-
bination phase. Subsequently, matrix A is multiplied with the result of combination
phase (updated feature matrix); this is called aggregation. Similar to the prior art,
we follow a 2-layer vanilla GCN model (Geng et al., 2020). From now on, for a SpMM
computation, we refer to the rst (sparse) matrix as LHM (left-hand matrix) with
the size m k and the second (dense) matrix as RHM (right-hand matrix) with size
k n.

GCNs are good candidates to bene t from in-switch LA. First, their sparse con-
nectivity leads to a higher communication-to-computation ratio compared with, say,
dense matrix operations (Tripathy et al., 2020), which leads to worse scalability. Sec-

ond, computation is coupled with communication in distributed SpMMs: the same
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data are used for both computation and communication.

Distributed GCNs

GCNs typically operate on large and irregular input graphs with small models, i.e.,
with few layers. This is in contrast to DNNs where the model and collection of input
samples are large, but the size of each sample (e.g., image) is small. In some cases,
these graphs are so large that they cannot be stored in the memory of a single node
(Jia et al., 2020). Thus, for training, it is common to employ sampling techniques
so that the data can t in the memory of a single device, but at the cost of reduced
accuracy (Jia et al., 2020). In contrast, for inference, the whole graph is typically
processed (in one batch). More than 90% of infrastructure cost is due to inference
and less than 10% is due to training on AWS (AWS, 2019; Gasteiger et al., 2022).
And inference is also necessary during training.

The interest here as a case study is that scalability is essential for high performance
and accurate GCN inference and can be achieved more easily by enhancing a cluster
with FLASH. This is shown in Figure 4 1 (a), which depicts results from a CPU
cluster (with Skylake processor) and that cluster enhanced with FLASH. Each node
runs 24 processes; §5.7.1 has details.

Accelerating distributed GCNs with FLASH poses challenges:

Challenge 1: In addition to local computation, an e cient partitioning method and
communication scheme is needed.

Proposed solution: We provide such a partitioning method among nodes and switches
and a novel communication scheme with overlapping between o oaded and non-
0 oaded parts (84.2.1).

Challenge 2: Graphs are extremely sparse (Zhang et al., 2021) leading to irregular
communication and local computation.

Proposed solution: FLASH streams data (instead of sending several messages destined
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to di erent processes) in a ne-grained manner with pipelining of communication and
computation in the switch.

Challenge 3: Graph sparsity can also cause large idle time in the switch pipeline;
switches are not aware of the sparsity distribution in advance.

Proposed solution: we propose a runtime technique called idle tile skipping to advance
the control ow for idle tiles (84.3.2).

As discussed previously, there are two SpMMs in each layer. The combination
phase is usually done locally since the weight matrix is so small it can be replicated
among processes (Tripathy et al., 2020). The aggregation phase, however, is per-
formed distributively. Thus, we only accelerate the aggregation phase. In distributed
matrix multiply algorithms, it is customary to divide LHM into two parts: diagonal
and o -diagonal (Park et al., 2015a). Figure 4 1 (b) depicts the partitioning of both
LHM and RHM matrices into four processes (row-wise).

It is evident that the diagonal part contributes to local computation since the
associated RHM part is already stored in the same process. On the other hand, the
0 -diagonal part requires communication with other processes since the associated
RHM parts are not stored in the process locally. Typically to accelerate distributed
SpMMs, each process obtains RHMs from other processes with an Allgather after
which each process performs the calculation locally (Tripathy et al., 2020). The
Allgather is an all-to-all type communication with a large message size which can be
a bottleneck, especially for large-scale datasets (84.6.2 and 84.6.2). Instead of a large
bursty communication followed by the computation, we use a pipelined ne-grained

communication that overlaps local computation.

Partitioning and Overlapping in FLASH

In this subsection, we describe how FLASH distributes GCN inference and how the

workloads are partitioned and overlapped. There are two approaches for o oading
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Figure 4 1: (a) GCN inference execution time on a CPU cluster (Skylake processors)
without and with FLASH accelerators. (b) FLASH matrix partitioning for an SpMM
kernel with tasks shown for process 0 (P0). Gray tiles in LHM belong to the diagonal
part and the rest are o -diagonal.
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a workload to smart switches: sending part of LHM from nodes to switches while
storing RHMs in the switches (RHMs are reused) and vice versa. We follow the
former approach as the latter potentially comes with a higher hardware cost and
worse workload imbalance among processing elements (i.e., LHM is sparse and it is
harder to distribute evenly in the o -chip memory of the switch accelerator).

A naive method is to o oad all of the o -diagonal parts to switches and perform
the diagonal part locally. There are two downsides, however. First, the o -diagonal
part can constitute a large fraction of the total execution time, especially when there
are a large number of processes. Second, this approach is not e cient for intra-node
processes (i.e., sending LHM data to be processed in switches); this is avoided with
an intra-node Allgather.

Therefore, in our approach, (1) diagonal parts are computed locally; this is called
the diagonal computation task. (2) An Allgather on parts of the RHM is performed on
a set of processes (called neighbor processes); afterward computations are performed
locally (o -diagonal computation task). And (3) the rest of the o -diagonal part
is 0 oaded to the switches for processing where the RHM is stored (0 oad task).
We further optimize performance by overlapping the non-o oaded (1 & 2) and the
0 oaded part (3). Referring to Figure 4 1 (b), processes PO and P1 are neighbors as
there is an Allgather on corresponding parts of their RHM, but PO with P2 and P3
are remote processes. We note that neighbor processes are not necessarily constrained

to one node for large systems.

4.2.2 Motivation

Figure 4 1 (a) shows that while parallelizing GCNs improves performance, the scal-
ability is limited. The FLASH-aware implementation improves the scalability by
restructuring the application and using in-network computing. Figure 4 2 summa-

rizes some of these bene ts for a large-scale dataset (ogbn-products (Hu et al., 2020))
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over a baseline without in-switch acceleration. 24 processes per node is used. The
bene ts include reducing the number of elements transferred among nodes, the to-
tal number of hops, and enabling overlap between the switch o oaded task and the
rest of the application. FLASH achieves a tremendous reduction in the number of
transferred elements since (i) some processing happens directly inside switches in-
stead of moving data and subsequently processing them and (ii) only transferring
needed data elements and doing so in a ne-grained pipeline fashion. Similarly the
application bene ts from the overlap of o oaded parts and the parts executed in the

CPUs. These become more pronounced during scale-out.
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Figure 4 2: FLASH results for ogbn-products dataset: (a) number of transferred
elements, (b) number of hops, and (c) overlap.

P4 is a high-level language used to control packet forwarding in protocol-
independent programmable network devices. It raises the abstraction level of pro-
gramming networks and is target-independent (FPGA, ASIC, software switches, etc).
Since its introduction, di erent P4 architectures have emerged (Hauser et al., 2021),
including the SimpleSum Architecture, the portable switch architecture (PSA), and
the To no native architecture (TNA). Parsers, match-action tables, and deparsers
are the most important pipeline elements (Wang et al., 2017).

P4 is an established and e ective approach for programming network devices.
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However, it falls short for many workloads, especially for application-level processing.
We summarize them (and give the section that describes how it is addressed with

FLASH):

The SRAM capacity of the P4-based switches is small, which precludes storage
of large machine learning models (Kfoury et al., 2021). FLASH supports 0 -
chip memory so stores the entire ML model (as limited by the switch’s o -
chip memory size). This avoids the latency overhead of streaming many small

messages to a pool-based switch memory (Sapio et al., 2021) (84.3.2).

P4 has limited set of datatypes and operations (Qiao et al., 2020; De Sensi
et al., 2021). For example, current P4-based switches do not support sparse
data. However, some machine learning applications (i.e. GCNs) operate on
sparse data calculation. Further, there is a limited multiplication capability
in P4, e.g., to powers of two. Hence, the scope of P4 is limited to simple
calculations; we discuss how FLASH supports more complex calculations in

§4.3.2.

Data reuse is crucial to many applications, but in P4-based switches, each
packet can only access each memory location once within a traversal of the
pipe (De Sensi et al., 2021). By tiling and reusing data it is also possible to

decrease 0 -chip memory latency overhead (84.3.2).

P4 does not support loops (Qiao et al., 2020), which is required to express LA
behavior, including ML applications (84.5.2).

We address P4 limitations not through extending the language, but rather through

a programmable accelerator that can be integrated into existing switch pipelines.
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4.3 Hardware Design

In this section, we first describe FPin architecture in detail and then we introduce

the FLASH hardware design.

4.3.1 FPin

Fig. 4.3 shows the FPin overall architecture for an FPGA with four transceivers.
Transceivers and DMA engines are duplicated on the left and right to simplify the
figure. In FPin, we consider a systolic array architecture as a part of the offload;
this is an efficient solution for convolution operations and any computation patterns
similar to a matrix multiplication. After the input FIFOs are packet parsers which
then get directed to progress shapers and then virtual channels (VCs). The data path
for host-to-card (H2C) streaming packets is slightly different as there is a support for
having both stream (stateless) and stateful (with DRAM/HBM) interfaces with the

systolic array.
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Figure 4-3: FPin Overall Architecture

An L1 switch directs packets to the correct output port and is followed by the
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output FIFOs. To support in-switch processing for collective operations there are two
collectors, an L2 switch and a configurable gather/reduction (CGR) core. The first
collector is responsible for waiting for all child nodes to arrive. The L2 switch and
the last collector are only for gather-type operations. The former reorders incoming
packets according to their ranks while the latter serializes the gathered data. In the
case of receive operations, there is a PR unit in the card-to-host (C2H) path which
performs message matching and asserts completion requests. Asserting completion

requests for collectives is performed by the CGR core.
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Figure 4-4: Systolic array, CGR core, PR, and HL progress unit Architecture

Fig. 4-4 shows the systolic array, CGR core, PR, and HL progress architecture in
more details. In the systolic array, double buffering is used to tolerate DRAM latency.
Each PE has a register file (RF) which stores intermediate results of buffer tilings.
To support complex float data type, four surrounding PEs supporting float can be
merged to form a fused PE. Inside the progress engine are a packet assembler and a
scheduler. The former assembles headers for incoming FPGA packets to communicate
with remote FPGAs, while the latter schedules the systolic array.

The PR unit accepts posted receive requests and unexpected messages (PRQ and

UMQ in the MPI standard). PRQ and UMQ are used for storing unresolved requests
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and messages received but not requested. A Content Addressable Memory (CAM)
and a separate memory are used to store unexpected messages. Given a header, the
CAM nds a matching address with the stored tag. The PRQ table also keeps track
of the number of received elements which are then compared with the count eld. A
completion request is asserted when this threshold is reached.

The CGR core consists of con gurable vectorized Aggregation Logic Units (ALUS).
Each ALU is cascaded to match the number of switch ports to perform concurrent

reductions with full pipelining.

4.3.2 FLASH

After an overview, we address the challenges of designing a programmable switch

accelerator:

We summarize a number of challenges for designing a switch accelerator since

LA has di erent characteristics than stream packet processing.

We extend the ISA with sparse vector instructions, specializing it for GCN

inference acceleration.

An important requirement of switch accelerator architectures is that it should

not compromise the line rate. Thus, we apply several optimizations.

We address a number of questions for integrating the proposed accelerator into

existing switches.
Overview

Data ow: FLASH is ideal for the execution of (nested) loop-intensive applications
due to optimizations and massive parallelism of the LA architecture. LA consists

of several VPEs pipelined together to process incoming packets. Figure 57 shows
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the architecture with three VPEs. Each VPE consists of a number of oating-point
Processing Elements (PEs) arranged in a SIMD fashion. The application’s loop body
forms a data ow graph (DFG) running on VPEs while the loop’s control ow is
mapped to scalar processing elements that control the termination of the loop body.
We elaborate on VPE and scalar PE below. To better understand how FLASH
supports data ow, consider that each VPE performs independent operations, e.g.,
multiplication. These VPEs are then pipelined together to enable supporting simple
DFGs with SIMD parallelism. When all of the inputs to a PE become valid, data is
consumed and processed accordingly. It is possible to have more complex DFGs with
inter-PE reduction; this is future work.

Architecture: The accelerator has two AXI streams for input and output in-
terfaces, referred to as stream_in and stream_out. In addition, there is one AXI-Lite
to control the accelerator (starting and nishing the kernel, etc.), one read-only AXI
memory-mapped (MM) for application instructions, and several AXlI MMs (both
read/write) for application data (RHM) and immediate oating-point data. More
information is provided in.

FLASH has two main parts, data plane and control plane, with the former re-
sponsible for the actual packet processing while the latter controls how packets are
processed (see Figure 5 7). The control plane has AXI-control and instruction loader
modules. AXI-control allows the switch accelerator host to start the accelerator ker-
nel and interrupts the host when the kernel is done. The Instruction loader module
reads stored instructions used to con gure the switch from o -chip memory (HBM),
into on-chip con guration tables (CTs) from which instructions are sent to the data
plane. The data plane consists of all the other modules. We divide it further into
front-end and back-end. Program counter (PC) logic, decoder, and auto-increment

vector modules belong to the front-end, while the back-end includes other modules.
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We now describe the modules in the data plane. PC logic governs -enable, -
increment, and -load signals for CTs in the control plane. Decoder decodes incoming
instructions and asserts corresponding control, register le (RF) addresses, vector
length (VLEN), and immediate signals. Auto-increment vector increments VLEN
times on a base read and/or write RF address from the decoder for vector instructions,
and asserts a done signal upon completion. Stalls from memory read/write and
invalid data during arithmetic vector operations are considered in this module. HBM
read/write masters handle the AXI-MM handshake and data transfer with an
HBM bank. RF stores scalar values, while vector register le (VRF) stores vectors
of oating-point (FP) values. Scalar PE performs scalar instructions. Vector PE
performs arithmetic vector instructions on data from incoming packet and VRF which
will be then written back to VRF again. Idle tile control monitors writes to a
special register for keeping track of Tk (Tm) and increments this register with an
0 set equal to the di erence of a tile required by incoming packet and the current
tile for output stationary (weight stationary) data ow. Tk (Tm) is tiling in the
k (m) direction. Disassembler detects the packet header of the incoming stream
and asserts a corresponding metadata signal for it. It also shifts parts of the packet
from one beat to another. Assembler re-assembles the packet and calculates the

checksum.

Coupling Accelerators and Streaming Packet Processing

Accelerators often load blocks of data from o -chip memory, do the processing in
batch, and store them again in the memory. This di ers from stream processing
where data is processed cycle-by-cycle and directly forwarded to the output. We
summarize some considerations here.

Vector load/store instructions dealing with memory and data path should be

detached from streaming ports with stall and backpressure logic implemented in case
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Figure 4-5: The proposed switch accelerator with three pipelined vector PEs. It is
packaged with an AXI interface to facilitate integration with switch pipelines.

memory is not ready. Vector arithmetic instructions are used where packets from
the stream_in interface meet data loaded from memory to VRFs. To enable such
a processing we hardwire one of the PE inputs to stream_in (the first input source
operand in the instruction). Furthermore, to move data from VRFs to the stream_out
interface after packet processing we introduce a streamout instruction (streamout.v)
which steers data from VRFs to the stream_out port serially across VPEs. Also, the
packet header length (IP packets on top of Ethernet frames which yields 34 Bytes
header) is not a multiple of PE bitwidth (32 bits) and because part of the payload
comes with the header in the same beat (512 bits); this creates a misalignment which
prevents packets from being processed at a granularity of PE bitwidth. To deal with
it, we shift the packets for 34 Bytes across beats within a disassembler module. Lastly,
since the accelerator can potentially modify the packet length header we calculate the

checksum for the new header.
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Sparse Vector Instructions

Instructions: Sparse matrix multiplication is critical to GCN. We implement two

types of sparse vector accumulation instructions to accelerate SpMMs:

spvacc.vx v2, vl, x4

# (v2[Vvi[i]D+=(v1[i1]>=VLMAX)?0:v0[4]
spvacc.xv x4, v2, vl

# vO[4]+=(v1[1]>=VLMAX)?0:v2[V1i[i]]

where VLMAX is the maximum vector length for VRF groups; we divide VRFs into
groups based on vsetivli instruction (supported instructions are summarized in
84.4.2). In the context of GCN acceleration, the rst (second) instruction resembles
a weight (output) stationary approach (Chen et al., 2017). We note that utilizing the
second instruction yields fewer vector load instructions for the GCN packet handler
and is more e cient.

Accelerating SpMM with sparse vector instructions: We elaborate on how
SpMM computation in GCN is accelerated with FLASH. First, RHM is stored in
FPGA switch memory and matrix LHM is streamed. Since LHM in GCN represents
an adjacency matrix and is either 0 or 1, we only stream the column indices that
are non-zeros. We use the tiling technique to improve GCN performance. A tile of
RHM is loaded into VRFs, which are then accumulated according to indices that the
matrix LHM is providing. The results are then streamed out from the VRFs to the
output interface. One optimization is to unroll the sparse vector accumulation by
reusing data in the VRFs. Since n is small, the RHM is tiled vertically (except for
datasets in which the number of classes is larger than the maximum available VPEs,

see §4.6.2), but the LHM is tiled both vertically and horizontally.

Optimizations

A number of optimizations improve line rate and latency:



73

(1) We employ the idle tile skipping technique to automatically advance the control

ow of the program in the event of tiles without nonzero data elements; otherwise

the pipeline is stalled. In 84.6.2, we show that this technique saves a large number of
idle tiles.

(2) Currently, the RISC-V has only 32 vector registers. However, this is not
su cient for accelerators targeting compute-intensive applications. It can support
grouping vector register les with a factor of up to 8 (LMUL). To enable e cient
tiling, each VRF in FLASH can contain a large number of vector registers (4K). We
extend the grouping factor by up to 2K. This means, e.g., that a vector load with
a LMUL as 2K (which is set by vsetivli) can load up to 2K values to the VRF
automatically with a single instruction.

(3) One approach to move the processed packets to stream_out is to store them in
0 -chip memory and then move them to the output interface. However, this hampers
line rate as the packet processing pipeline could be stalled when storing and then
loading data. Alternatively, FLASH directly moves the processed packets from VRFs
to the stream_out port bypassing memory.

(4) Unrolling vector arithmetic operations improves the reuse of data stored in
VRFs. This reduces the number of vector loads.

(5) FLASH provides massive parallelism: SIMD parallelism allows concurrent
processing with the same instruction (there are 16 SIMD lanes). And processing
elements across di erent VPEs add another level of parallelism. There can be up to
31 VPEs in the FPGA (85.7) as there are 32 HBM banks and one bank is used for

storing instructions.

Integration with Existing Switches

Methods: For AaS, Ethernet media access control (MAC) and networking capabili-

ties are incorporated into the FPGA. On the FPGA, LA performs packet processing
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and swaps the source and destination of headers (in the assembler module) after net-
work packets are passed through the Ethernet MAC and networking kernels. Traffic is
then sent back to the networking kernel. For AiS, LA is added to the switch pipeline.
For example, for a NetFPGA design, the accelerator is placed between the input
arbiter and output port lookup modules (Naous et al., 2008). There are two meth-
ods of acceleration: off-the-pipeline (Li et al., 2019) and in-pipeline (Graham et al.,
2016). Off-the-pipeline has the benefit of reduced latency when the accelerator is not
needed. FLASH has a pass-through mode that enables the traffic to be forwarded
directly from input to output, making this approach off-the-pipeline.

Look-aside Interface: A standard interface is vital for both AaS and AiS. We
use a Xilinx-compliant AXI interface to package the accelerator. Figure 4-6 shows
the memory map for AXI interfaces used here with an example with three AXI MMs.
The first is used for application instructions, the others for application data. ap_start
and ap_done signals are accessed through the control register (address 0x000). As
shown in Figure 4-6, the base address of the AXI MMs is accessed through AXI-Lite.
One challenge with RTL kernels is that ap_done logic should be implemented in the
accelerator itself. To support any number of packets of any length we assert this
signal when the application is finished. This is done by placing a wfi instruction at

the very end, which indicates kernel finish.
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Figure 4-6: Memory map for AXI interfaces with three AXI MMs; the first is used
for application instruction and two others for application data.
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Hierarchical network switches: Finally, scaling out the acceleration and sup-
porting a rack-scale cluster or data center is trivial as only leaf (access) switches in
a spine-leaf (three-tier) architecture are accelerated with FLASH (Rios et al., 2021).
Each leaf switch stores the whole RHM. While in this work we can store the whole
RHM in the switches, one solution to handle very large graph datasets (more than

the HBM limit) is to distribute RHM among switches.

4.4 Software Design

The following is the software design and framework for FLASH. For FPin, we use
ExaMPI implementation. It is a light-weight MPI implementation which focuses on
key blocks of functionality and new MPI concepts. As it is designed for modularity

and extensibility we use it for transparent integration of the FPGA in FPin.

4.4.1 Compiler

To support a packet handler that is described with a high-level language we use a
compiler, based on LLVM (Lattner and Adve, 2004), to generate back-end RISC-V
instructions. RISC-V is adopted since it is an open-source ISA that lends itself to
hardware specializations and ISA extensions. The Clang front-end generates LLVM
intermediate representation (IR). We chose this step to introduce target-dependent
parameters to support high-level languages other than C (e.g. Python), and to apply
several optimizations. These parameters come from a con guration le, which in-
cludes CGRA dimension, number of SIMD lanes, unroll factor, register le (RF) size,
etc. We built our back-end, which involves parsing the IR, generating the DFG, code
generation, scheduling, and register allocation. Figure 4 7 shows the proposed frame-
work to map an ML model with a user-provided packet handler to the recon gurable
switch accelerator. The compiled host code, along with the binary le generated from

the CGRA overlay kernel, is used by the Xilinx runtime (XRT) library to program
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and interact with the FPGA.

Packet
Handler

RISC-V

Instructions
> rg > » Waveform

Figure 4.7: Framework to map a machine learning model with a user-provide packet
handler to the reconfigurable switch accelerator. Gray components are proposed.
White components are powered by existing tools.

4.4.2 Supported Instructions

Three types of instructions are supported: vector, scalar, and configuration. Vector
instructions include load (v1e32.v), store, FP addition & multiplication, sparse FP
accumulation, FP fused MAC, and streamout (streamout.v). The first two are based
on the current RISC-V "V’ vector extension specifications. Others are proposed here
based on RISC-V specifications. Sparse accumulation is discussed in §4.3.2. Fused
MAC is similar to that used in with the exception that here one operand is fixed
(scalar RF) and is not being auto-incremented. This is useful for ML applications to
exploit data reuse.

For scalar instructions, we support lui, addi, add, and bne all with the same
specifications as (RISC-V, 2023). Also, csrrw, vsetivli, and wfi instructions are
used to read (write) specialized control/status registers (CSRs), configure VLEN,
and finish the execution of the kernel. The two currently supported CSRs are cycle

and packet length, which are used to monitor the performance and set the packet
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length, respectively. In summary, vector instructions perform arithmetic operations,
load/store, and steer packets to the output port; scalar instructions govern the control

ow of the program; and con guration instructions monitor the status (read cycle
count CSR) of the accelerator, con gure (writing to packet length CSR), and trigger

(wfi) the accelerator.

4.5 Application Acceleration

We rst describe workload decomposition and scheduling of distributed matrix mul-

tiplication kernel in FPin and then discuss how to accelerate GCN using FLASH.

4.5.1 Distributed Matrix Multiplication

Workload Decomposition and Scheduling

In the most general case, we decompose FPGAs into a 3D grid as shown in Fig. 4 8;
each FPGA owns a portion of the cube. Since it is feasible to trade o0 memory
for communication, we de ne two modes: large memory (LM) and small memory
(SM). In LM, we have enough memory for each FPGA so that each can store a
redundant copy of matrix A and B from all other FPGAs in the same grid row and
column, respectively. In this case, there is no communication between FPGAs in the
m and n directions, and only outer product matrices are reduced in the k direction.
On the other hand, in SM mode there is no data copy. Computation is overlapped
by (1) sending streams of matrix A bulk chunks (blue) to a neighbor in the same
row, (2) sending streams of matrix B bulk chunks (red) to a neighbor in the same
column in a ring fashion, and (3) reducing outer product matrices in the k dimension
as shown in Fig. 48 (b). These correspond to comm_A, comm_B, and comm_C
operand communicators in MPI_GEMM, respectively. We de ne context switching

as a change of phase from halting local computation and starting on processing the
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packets received from remote FPGAs, or vice versa. As shown in Fig. 4-8, horizontal

(vertical) context switching corresponds to the matrix A (B) of each FPGA which
can be programmed by sch_A and sch_B in MPI_GEMM.
Let A[i][z], B[2][j], C[il[j], Sm, and Sn denote, respectively, the i** bulk chunk

of matrix A in column z, the j®* bulk chunk of matrix B in row z, the outer product

matrix on the first node corresponding to A[i][z] and B|z][j] vectors, and the num-

ber of rows and columns in the systolic array. Algorithm 1 describes the proposed

scheduling for distributed matrix multiply kernel on the first node for SM mode.

Algorithm 1: Proposed distributed matrix multiply kernel scheduling on
the first node

1 Input: A, B, M,N, K, Pm, Pn, Pk,Tm,Tn,Tk,Sm, Sn

2 Output: c

M N

Rn

s Rm=

PnxPm)?
an = 0: @n — 1 outer product reduction for £ =0:

Qm =

= PnxPm

M

PnxPmxTm?

. N
QTL ~ PnxPmxTn
K
PExTE — 1 do

form=0:Qm—1do-_

_spn=0: Pn — 1 horizontal context switching for pm =0: Pm —1 do

evertical context switching

7for tm =

0:Im _1do

_stn=0:£—1’:—1fortk=0:Tk—1do

oC[m + pn x Rm + tm][n + pm x Rn + tn]+ =
A[m + pn x Rm + tm][Tk x k + tk] @ B[Tk x k + tk][n + pm x Rn + tn]
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Figure 4-8: (a) Workload decomposition and (b) scheduling for small and large
memory modes.
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Communication-Computation Overlap Tuning

We now derive expressions for computation and communication time and bu er sizes

for one node before vertical context switching (the three inner-most loop in Algorithm

1).

. Tn Tm

comp_time = Tk S sm T _clk 4.2)

. maxfTm;Tng Tk SZ

B = + L 4.
comm_time Nk BW (4.3)
buf size=maxfTm Tk;Tn Tk;Tm Tng SZ (4.4)
. _ITm Tn

RF _size = Sm Sn Pm Pn SZ (4.5)

where link BW, and SZ are the bandwidth of serial link for FPGA-to-FPGA inter-
connect and size of one data element, respectively. buf_size in Eq. 4.4 represents sizes
of both reuse bu ers and input FIFOs.

From these equations, we can infer that if Tm is large enough then computation
time outweighs communication time (Eq. 4.2, 4.3), but the size of bu ers (register

les) increase and the output matrix would lose its streaming nature.

(5) => R=(2)/(3) =
derive Tm ] derive Tk

4

(4) => derive
buf_size

R e>,_| increase R =(2)/(3) o | Decrease FIFO_size =
R 2 RF_size derive Tm R Max{(1), (4)}
Yeg L

reuse_buf_size

=4

increase
RF_size

buf_sizex

4

decrease
R

/'y R = R_init

Figure 4 9: Proposed tuning methodology to obtain the size of tiles.

Assuming R is the computation to communication time ratio, Fig. 49 shows
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the proposed methodology to keep the amount of bu ering below a threshold while
ensuring enough overlap between computation and communication. We start by
initializing a small value for register le size and a number greater than one for R
(full overlap). We can then derive Tm from Eq. 4.5 and Tk from Eqgs. 4.2 and 4.3.
In the simplest case, when Tk (bu er size) exceeds K (max_buf) then register le

size (ratio R) is increased (decreased).

4.5.2 Graph Convolutional Network

Overview: The program ow of distributed ML inference acceleration is as follows:
at the worker nodes, data is streamed over the switch by means of a communication
library; at the switch accelerator, packets are processed according to a packet handler
written by the user. We use socket APIs and MPI middleware as the communica-
tion library. MPI remains the de facto standard, but other methods, e.g., socket
programming, are also possible.

On the switch accelerator, application data (RHM) and instructions are loaded
from the host switch accelerator. Upon starting the kernel (through the ap_start sig-
nal), packet handler instructions are fetched from o -chip memory into distributed
on-chip con guration tables. When loading is nished, the switch accelerator asserts
a ready signal to its input interface and begins accepting streamed data. Pack-
ets start being processed and valid data is streamed from the output port (using
streamout.v instruction). Once the wfi instruction is read from the con guration
tables, an ap_done signal is asserted by the accelerator, which interrupts the host.

Requirements: Some requirements for the packet handler are as follows. (i) It
should be encapsulated within a function with stream_in, stream_out, 0 -chip memory
pointer, and packet length (new length after packet processing). The latter is essential
because in some applications (e.g. GCN) data received from the output port might

have a di erent packet length than from the input port. (ii) The packet handler should
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be agnostic to switch port and worker node ID (rank in MPI terminology). Packet
processing in the switch is nished as soon as the program ow reaches the end of
function; it is the responsibility of the user to send/receive packets from worker nodes
to the switch. (iii) The order of streamed data from worker nodes should correspond

to that of processing within the switch as dictated by the packet handler.

4.6 Experimental Results

In this section, rst we evaluate FPin using distributed matrix multiplication and

then we assess the e cacy of FLASH using GCN.

4.6.1 Distributed Matrix Multiplication

Experimental Setup

To evaluate FPin, we compare the performance of our approach to that of the COSMA
algorithm (Kwasniewski et al., 2019). We considered three sets of matrices: square
(m=n=k=16K), tall and skinny (m=n=1K, k=128K), and at (m=n=64K, k=1K).

For the FPGA cluster, we target Xilinx VCU128 boards. To study the e ect of
topology for the FPGA cluster, we consider 2D mesh and 3D torus topologies with
up to 16 8 and 8 4 4 nodes, respectively. The performance results for the FPGA
cluster are obtained from a cycle-accurate simulator. Host-FPGA latency and the
time to distribute initial partitioned matrices are considered within the total latency.
The operating frequency of the current design is 250MHz. For the CPU reference,
benchmarks were run on the Stampede2 Skylake (SKX) cluster at TACC with 48 cores
per node (2 sockets), Intel Xeon Platinum 8160 CPUs, and a 100 Gb/s network.

Performance

In order to nd Parallel General Matrix Multiply (PGEMM) grid parallelism we rst

increase P m and P n until we exceed device memory capacity to store input matrices.
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Table 4.1: PGEMM Grid Parallelism for Float Datatype

# of Square Tall and Flat | # of Square Tall and Flat
node | Pm [ Pn [Pk Pm|Pn|PKk|pnode| Pm|Pn]|Pk|Pm]Pn]|]Pk
1 1 1 1 1 1 1 16 4 4 1 4 4 1
2 2 1 1 2 1 1 32 4 4 2 8 4 1
4 2 2 1 2 2 1 64 4 4 4 8 1 2
8 4 2 1 4 2 1 128 ! 4 8 8 4 4

We then increase Pk. To stress the amount of allowable memory on each device
we perform strong scaling in conjunction with memory scaling (Kwasniewski et al.,
2019); as the number of nodes is increased, the maximum available device memory
is decreased. Table 4.1 shows PGEMM grid parallelism for both LM and SM modes
on the base float datatype. We obtained 192, 160, and 64 for T'm, T'n, and Tk,

respectively, in the base float after employing the proposed tuning methodology.
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Figure 4-10: Strong scaling performance comparison of COSMA implementation
on SKX cluster and PGEMM kernel accelerated with MPI_Gemm on FPGA-based
cluster for square, tall, and flat matrices with complex float (a)-(c), double (d)-(f),
and float (g)-(i) data types.

Fig. 4-10 shows strong scaling (with memory scaling) performance of the PGEMM
kernel accelerated with MPI_Gemm and COSMA implementation for square, tall, and
flat matrices with complex float, double, and float data types. For the CPU reference,
we performed three experiments: SKX-1 (1 thread), SKX-24 (24 threads), and SKX-
48 (48 threads). For each experiment, the number of nodes was varied from 1 to

128 nodes. In general the performance of our approach becomes more pronounced
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as the number of nodes is increased since computation and communication are fully
overlapped. The CPU implementation outperforms our approach for double data
type since there are only a limited number of PEs supporting double data types in
our design. On the other hand, for complex and oat data types, we could achieve
the highest speedup for at matrices. This is because, in this case, both m and n
are very large which makes the outer product matrix very large. This in turn, makes
the reduction too costly both within and between nodes. Our approach avoids the

aforementioned problem by having a large number of streamed small outer products.

4.6.2 Graph Convolutional Network

Experimental Setup

For the CPU reference, benchmarks were run on SKX cluster. We used Intel MPI
18.0.2 as an Intel-compatible MPI1 as recommended for this cluster; we also found
it usually gives better performance than other MPI implementations. We experi-
ment with up to 24 (48) nodes for small (medium/large) datasets. For small and
medium/large datasets, we ran the experiments with 1 and 24 process(es) per node,
respectively. We ran each experiment in SKX 10 times and used the median result.
We wrote MPI code for the distributed GCN application following the Allgather-based
approach (84.2.1).

Performance bene ts shown are by comparing the HPC cluster (TACC) with a
FLASH-enhanced HPC cluster. Since we do not have direct access to either the
TACC switch internals (AiS model) or the capability of attaching FLASH to TACC
switches (AaS model) we created a proxy testbed. In this proxy testbed, parts that are
executed in the nodes (non-o oaded tasks) are run in the actual testbed (TACC),
and parts that pertain to the o oaded tasks are run on an FPGA. The recorded
times for each process, in addition to the accelerator’s runtime, are passed to an

emulator (described below). The accelerator’s runtime was measured either from
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RTL simulation (ap_start to ap_done interval), in AiS mode, or kernel execution time
at the accelerator’s host CPU, in AaS mode.

We now describe the emulation. We use the same method as (Li et al., 2019).
That is, the emulation must have (i) the same number of network hops, (ii) the same
amount of tra c in the network links, and (iii) accurate accelerator overhead. We
also capture the workload imbalance among processes (process skew) on TACC; this
can a ect the performance of any in-switch o oad (Graham et al., 2016; Haghi et al.,
2021).

As mentioned, for the AiS model, we use simulation results from a cycle-accurate
RTL simulation using a testbench to drive signals, generate tra ¢, and measure the
LA performance (accelerator overhead) and throughput. The testbench has emulation
modules for HBM and streaming ports that realize the handshaking with LA. For the
AaS model, the testbed is a two-node system on CloudLab (Handagala et al., 2021;
Handagala et al., 2022) with a Xilinx Alveo U280 FPGA attached to a Dell Z9100-ON
switch (total of three nodes including host). We use the Xilinx Vitis 2021.2 uni ed
software platform to program the FPGA. The LA accelerator is packaged as an RTL
kernel. It is coupled with a modi ed version of (Xilinx, 2023) to send/receive packets
from two leaf nodes. The operating frequency is 250 MHz. At the leaf nodes, packets
are sent and received using socket APIs to communicate with the FPGA through the
switch.

For both AiS and AaS models, we use two data ow modes: one accelerated with
spvacc.xv (OS for output stationary) and the other with spvacc.vx (WS for weight
stationary). The four combinations are AiS-OS, AiS-WS, AaS-OS, and AaS-WS.
We also note that while this approach works with high-radix switches, we consider
switches with up to eight ports as a proxy for larger scale systems (using the same

method as (Li et al., 2019)). Below we show that this limit is not because of the
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Table 4.2: Dataset Sizes

Dataset #nodes | #edges | #features | #classes
PPI 2372 34113 {0 121
Citeseer 3327 9464 3703 §]
Pubmed 19717 88676 500 3
Ogbn-mag 736389 | 5416271 128 349
Ogbn-products | 2449029 | 61859140 100 47

FLASH’s resource requirements (84.6.2); rather, we found that this gives the best
FLASH scalability in GCN applications with datasets of interest.

Datasets

Datasets: We consider two types of datasets. Small-scale datasets are protein-
protein interactions (PPI), Citeseer, and Pubmed; Ogbn-mag and Ogbn-products are
the medium/large datasets (Table 4.2 provides the details). The hidden dimension is
16. Adjacency matrices are evenly distributed among nodes (row-wise).

Application-level packetizing: At the application level, we set the maximum
packet size to 64 KBytes (in case the UDP transport protocol is used). This happens
for ogbn-mag and ogbn-products. Similarly, the minimum packet length should be
set by the user as otherwise there is incorrect GCN program ow. This is because
the packet handler performs partial sums on tiling with k dimensions. The packets
may therefore only be decomposed in the m direction.

Vector Instruction Incidence: Table 4.3 shows the number of vector instruc-
tions for di erent datasets and data ow modes for 24 nodes. It is evident that
vmacc.vx is the most widely used instruction across all datasets, which means that
this operation should be considered the key operation to be optimized. Also, the
number of vector instructions in WS data ow is higher than that of OS but WS has

a smaller vector length.
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Table 4.3: The number of vector instructions for di erent datasets and data ow
modes (OS: output stationary, WS: weight stationary)

vmacc.vx/
Dataset Mode | vle32.v Vmace.xy | streamout.v
PPI oS 2 4 1
WS 54 1696 1
Citeseer oS 4 21 1
WS 105 3328 1
Pubmed OS 22 640 2
WS 018 19744 1
Ogbn-products | OS 8379 267904 7
WS /6534 24490506 1
Ogbn-mag oS 722 23040 2
WS 23014 1364106 1

Communication performance

Figure 4 11 shows the GCN communication performance of the ve datasets as they
are scaled from 2 nodes to 24 (48) nodes for both the baseline SKX cluster and
FLASH with di erent con gurations. Comparing OS with WS: the latter typically
provides better communication performance on a small number of nodes for small-
scale datasets (PPI, Citeseer, and Pubmed), but its scalability is worse than OS due
to the ine ciencies discussed in 84.3.2. For larger datasets (ogbn-products and ogbn-
mag), the OS always provides better performance. One reason is that idle tile skipping
technique in WS is not as e ective as OS due to a small Tm (84.3.2). We therefore
consider only OS for the rest of this subsection. As discussed in §4.2.2, RHM is
communicated among the nodes in GCN. If RHM is large enough compared to LHM,
the application is communication-heavy (giving room for FLASH to improve perfor-
mance). This implies a large n and a small m. Of the datasets, PPI has the largest
n=m ratio and FLASH provides good communication performance improvement. For
ogbn-products and ogbn-mag, FLASH provides considerable communication perfor-
mance improvement. One reason is that the total number of transferred elements in

FLASH is greatly reduced.
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Figure 4-11: Communication performance and scalability comparison of GCN for a
baseline CPU cluster (SKX) vs. FLASH with different configurations.

Application scalability

Figure 4-12 shows the application performance and scalability of GCN with and with-
out FLASH acceleration across all datasets. For Pubmed, FLASH does not provide
good performance for small numbers of nodes. This is because the number of classes
(n) is small in Pubmed (Table 4.2). This leaves little data reuse for the data trans-
ferred to the switch (each class is mapped to each VPE and VPEs are pipelined). The
larger the number of classes (the upper limit is the maximum available VPEs) the
better the data reuse, and FLASH achieves more efficient computation with less data
movement. Nevertheless, FLASH outperforms the baseline at 24 nodes for Pubmed.
This demonstrates its superior scalability.

For larger datasets (ogbn-products and ogbn-mag), FLASH provides excellent
scalability as idle tile skipping is more efficient and the overhead of sending/receiving
packets to/from the accelerator becomes negligible. Ogbn-products performs better
than ogbn-mag in FLASH since LHM is streamed multiple times, as the number of
classes (n) in this dataset is much larger than the maximum number of vector PE
pipelines (31). On average, FLASH (OS mode) improves application performance
compared to a baseline SKX cluster by a factor of 2.2x, 2x, 1.1x, 1.4x, and 10.1x
for PPI, Citeseer, Pubmed, oghbn-mag, and ogbn-products on 24 nodes with an average
of 3.4x across all datasets.

We note that while the idle tile skipping technique is less efficient for small-scale
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datasets, it saves about 27% and 77% of total tiles in OS mode for ogbn-products

and ogbn-mag, respectively.
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Figure 4-12: Application performance and scalability comparison of GCN on a
baseline CPU cluster (SKX) vs. FLASH.

Overall application throughput

The overall finding is that FLASH communication output matches communication
input (streaming rate) all the way up to the port bandwidth. The exceptions are
when there is a reduction in data so that less data is output than input, or when
there is an algorithmic dependency that prevents data from being transmitted. Our
results show that LA itself can saturate network bandwidth at around 95.7 Gbps for
message sizes beyond 1.5 KB. Limitations do occur, however, if the application has
some characteristics that prevent input packets being processed by LA (e.g., control
flow instructions).

We show the overall application throughput measured at the input interface in
Figure 4-13 with the scaling of nodes across all datasets. For OS mode, throughput
values typically increase as the application is scaled out. This is because application
time decreases but the number of times that the spvacc.xv instruction is called
remains fixed. On the other hand, throughput more or less remains fixed for WS
during scaling since the execution time at the switch changes much more slowly (this
time VLEN is changed during scale-out instead of decreasing T'm for OS) for small

datasets. Finally, throughput values for WS mode are higher than for OS mode. This
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Table 4.4: Compilation time and other parameters of the back-end compiler for
GCN packet handler

Avg. Initial/Optimized | Initial/Optimized
Time (ms) | STP | SLOC | "ppa (4node) | DFG (#edge)
91.36 5.7 64 65/11 138/18

is because the number of times that spvacc.vx is called is larger (due to a larger Tk).
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Figure 4-13: Overall application throﬁghpfft measured at the LA’s input interface
for different datasets.

FLASH compilation time

We measured the compilation time of FLASH’s back-end compiler for the GCN packet
handler. The average time (across 20 runs) along with the standard deviation (STD)
are reported in Table 4.4. We used LLVM 11.0.0 running on an Intel Xeon Gold
6242 @2.80GHz. The compilation time does not differ across datasets since we are
using the same packet handler code with different configurations. Source lines of code
(SLOC) is also shown in Table 4.4, as well as the number of nodes and edges of both
initial and optimized DFG (after optimization passes) of the packet handler code.
Nodes in the initial DFG represent LLVM instructions while they represent rolled
RISC-V instructions. Of note is that compilation times are at the “software” scale of

milliseconds rather than the hours typical for HLS tools.

Resource requirements

Figure 4.-14 shows hardware resource utilization on the Xilinx Alveo U280 FPGA
board for a AiS configuration with 16 pipeline vector PEs. The switch is implemented

using a NetFPGA design (Naous et al., 2008). AaS utilization results can also be



90

inferred as there is only the accelerator itself in this configuration. As it is evident
from the figure, LA consumes DSP blocks and Ultra RAMs (URAMs), while the
switch logic takes up other resources. It is also clear that, as the number of ports
increased, the overall utilization increases. We note that VRFs and CTs are mapped

mostly to URAMs.
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Figure 4-14: Resource utilization for AiS configuration with 16 pipeline vector PEs
on Alveo U280.

FLASH Overheads

We measured the time to send RHM data from the switch host CPU to the acceler-
ator (i.e., moving data from a CPU’s off-chip memory to HBM banks in the FPGA
board). We repeat this experiment ten times. On average, it takes about 0.2, 0.1, 0.1,
32.2, and 48.3 milliseconds for PPI, Citeseer, Pubmed, Ogbn-products, and Ogbn-
mag, respectively. These overheads are negligible compared to total execution time
(Figure 4-12) for most datasets Ogbn-products. The overhead is similar to that of
setting up non-FLASH versions in distributed computing systems (since data is not

always available in the corresponding nodes).
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Discussion

We anticipate that scaling GCN applications to a larger number of nodes will bring
increasing performance advantages (for large datasets) due to the FLASH bene ts
(reducing the number of transferred elements and hops, overlap, etc). We also expect
FLASH to improve the performance and scalability of other communication-intensive
applications as it is generic enough to support di erent workloads and it directly

improves the communication time through in-switch computing.

4.7 Conclusion

In this chapter, we introduce look-aside accelerator to enable stateful packet process-
ing for HPC and machine learning applications. In the rst part of this chapter,
we present a compute-in-the-network FPGA assistant to accelerate distributed ma-
trix multiplication. The assistant utilizes vectorized ALUs supporting a variety of
data types as well as a smart o oad engine to handle communication-computation
overlap. Experimental results show that our approach achieves, on average, 2.4
and 1.8 speedups compared to the state-of-the-art COSMA algorithm for oat and
complex oat, respectively.

In the second part, we design, implement, and evaluate a programmable look-
aside accelerator that can be embedded into, or attached to, existing communication
switches. To facilitate usability, we develop a software toolchain to compile user-
provided code for con guring the switch. While our approach is generic and supports
a variety of workloads, we consider graph convolutional network (GCN) inference as a
case study. Experimental results show that this approach improves both performance
and scalability. The performance advantage is on average 3.4 (across Ve real-world

datasets) on 24 nodes.
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Chapter 5

Type 3 ACIS: Fused Collectives

This chapter introduces ACIS fused collective capabilities. This type combines mul-
tiple collectives with map operations from user code automatically. The advantage is
that the number of communication operations and, generally, the amount of overhead
in node/network processing are reduced. In this type, the plugins from Types 1 and

2 are combined together with the aid of intermediate bu ers.

5.1 Introduction

In-switch computing for MPI collective o oad has recently gained considerable atten-
tion (Peng et al., 2011a). Currently, however, switch hardware support for collectives
is limited to a small set of scalar operations and data types (e.g., (Faraj et al., 2009;
Graham et al., 2016)). Moreover, beyond collectives there are additional accelera-
tion opportunities. Our hypothesis is that it would be bene cial to further augment
switches to accelerate additional and more complex functions that integrate commu-
nication with computation; we refer to these as complex communication-computation
functions (CCCFs). We propose in-switch hardware support of three types of CCCFs.
The rst, is fused collectives, which are built by fusing multiple existing collectives
such as Allreduce with Alltoall (Haghi et al., 2023b). The second is semi-fused col-
lectives, which are built by combining a collective with a map computation. The
third is distributed kernels, which are built by combining multiple communications

and computations. An example of a distributed kernel is support for a parallel generic
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matrix-matrix multiply (PGEMM): usually each node performs local computation
and then sends input matrices to its neighbors; with appropriate hardware support
for o oading distributed kernels to switches, much of the computation can occur in
transit (Van De Geijn and Watts, 1997; Agarwal et al., 1995). Applications that
bene t from the speci cation and acceleration of distributed kernels include nite
element methods (Massing et al., 2013), iterative solvers (Falgout, 2006), and graph
algorithms (Page et al., 1999).

Adding switch support for CCCFs confers additional advantages to in-switch com-
puting. First, additional processing can be removed from the host as the switch
manages complex function operations autonomously. Second, performance can be
improved through handling hardware-accelerated irregular computation and data
caching. Third, two-level communication-computation overlap is achieved: host-
network and communication-computation overlap within the switch. Fourth, ad-
ditional network-host communication is bypassed as multiple communication phases
are o oaded to the switch. Finally, the programmer’s model (that is supported ef-

ciently) is extended to reductions on user-de ned data types, such as matrices and

sparse data.

(A | [coPA]
6 ' 2 6 v 2 6 ' 2 6 ' 2 6 ' 2 6 ' 2 6 2
5 3a 5 3a 5 3a 5 3a 5 3a 5 3a 5 3a
4 3b 4 3b 4 3b 4 3b 4 3b 4 3b 4 3b

1: Software Layer RemovaR: Hardware Implementation Spe&d CommunicationComputation Overlapﬁa) between Host and Network
(b) in Network Devices4: NetworkHost Communication Bypassirij Endto-End Bandwidttf. Composite Data Reduction

Figure 5 1: Characterizing G-FPin and related work with respect to bene ts of
collective 0 oad to network devices; COPA (Krishnan et al., 2020), INCA (Schonbein
et al., 2019), and SMI (De Matteis et al., 2019) are in-NIC approaches while iSwitch
(Li et al., 2019), SHArP (Graham et al., 2016), Flare (De Sensi et al., 2021), and
G-FPin are in-switch methods. *Denotes a headless con guration in COPA.

Multiple challenges need to be addressed. First, while CCCFs can be programmed
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directly, much more useful is that they be captured automatically from existing HPC
applications. Second, the hardware support for these operations must be transparent
to the existing communication middleware (e.g. MPI (Gropp et al., 1996)). And
third, CCCF support in the switch must remain general-purpose while handling high-
bandwidth communication.

Our solution, which we call G-FPin, has two major parts. The rst is a software
framework that can evaluate and translate the relevant parts of the input program,
compile them into a Control Data Flow Graph (CDFG), and then map this graph to
G-FPin switch hardware. The second is the G-FPin switch hardware itself. This has
multiple components for the di erent types of CCCFs. To support fused and semi-
fused collectives G-FPin uses a coarse-grained recon gurable array (CGRA) (Weng
et al., 2020) overlay architecture for packet processing. A second, more specialized
unit (we refer to as kernel logic) supports distributed kernels. A feature of G-FPin is
that the switch augmentation is transparent to the MPI layer; legacy MPI application
code is unchanged. The MPI communication library is modi ed with APIs that
provide communication between hosts and G-FPin switch hardware. In this chapter,
we focus on AiS model and a direct network.

Fig. 51 compares G-FPin and prior art (in-NIC and in-switch) with respect to
various bene ts of 0 oading computation into the network. In-switch approaches, if
designed e ciently, can attain substantial gains for the aforementioned bene ts.

We summarize the contributions:

Demonstrate the advantages of accelerating CCCFs with recon gurable switches

(Sec. 5.3).

A systematic framework to accelerate CCCFs with recon gurable switches

transparent to MPI (Sec. 5.4).

A network-optimized CGRA with Single Instruction Multiple Data (SIMD)
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and asynchronous execution features to fuse communications and computations

(Sec. 5.5.2).

A new compute-in-the-switch model to abstract communication and computa-
tion and to predict the performance of in-switch computing approaches (Sec.

5.6).

Experimental results showing that this approach improves performance of a

variety of HPC applications (Sec. 5.7).

5.2 Preliminaries

5.2.1 Complex Communication-Computation Functions

CCCFs provide substantial bene ts by reducing communication volume, possibly
making computation faster, and, at the same time, enabling overlap between them;
they can potentially improve the performance (Sec. 5.3). That useful CCCFs can
be extracted and/or constructed, however, is not at all obvious. After experimenting
with a variety of applications and kernels we have to identi ed a number of such

instances (Sec. 5.7). The current study examines the following CCCFs:

Fused collective: A collective followed by computation (we refer to as op)
followed by another collective (collective_op_collective). They are chained to-
gether; the receive bu er from the rst collective is used during the computation
(op) and data generated during the computation is in the send bu er of the sec-

ond collective.

Semi-fused collective: A collective followed by computation (op) (collec-
tive_op), where the receive bu er from the rst collective is used during the

computation.
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Distributed kernel: A kernel with multiple computations and communica-
tions following a well-de ned and repeatable communication pattern. A simple

example is a dot-product; more complex are matrix-multiply and FFT.

5.2.2 G-FPin Basic Building Blocks

To support general-purpose computation in the switch in conjunction to collective
0 oad, G-FPin is built around three fundamental building blocks: (1) basic collective
operation units, (2) a network-optimized CGRA (NGRA), and (3) kernel logic. The

rst block realizes primitive collective operations (reduction, gather, and multicast)
on incoming packets from di erent switch ports. The second and the third support
(semi)-fused collectives and distributed kernels, respectively. The second block is
inspired by CGRAs with the distinction that it processes packets (CDFGs are mapped
to this block). This building block enables G-FPin to support loops, which may have
conditions. The third block is a more specialized unit consisted of a 2D data ow-based

architecture to support HPC kernels.

5.3 Motivation

We now give an example to illustrate the idea of CCCFs. Fig. 5 2 (a) shows an exam-
ple of a fused collective for NAS parallel benchmark (1S). Communication (marked
with red rectangles) and computation (marked with blue rectangles, referred as op)
are chained together; the receive bu er in the MPI_Allreduce (stream_in array in
the gure) is used during the computation and the array the computation generates
(stream_out) is used as the send bu er by MP1_Alltoall. In this approach, instead of
sending the stream_in array back to the host and performing the computation there,
the switch performs this computation (op), as well as the next communication, with-
out host involvement. Fig. 52 (b) shows the C++ binding for a distributed kernel,

Sparse Matrix Vector multiplication (SpMV ), in which all of the communications and



computations are handled by the switch.

refer to stream-in, inbound, stream-out, and outbound as, respectively: the send buffer

We now define terminology necessary to characterize (semi)-fused collectives. We
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of the first collective; a collection of all the array(s) consumed in the computation (but

are not produced by the first collective); the receive buffer in the second collective;

and a collection of all the array(s) produced in the computation, but not consumed
in the second collective. These four arrays are identified by the G-FPin compiler. In
addition, computation operations (op) are compiled into instructions (stored in op

buffer in the host, see Fig. 5-2 (a)), which are transferred to the switch in order to

program the NGRA at runtime (Sec. 5.5.2).

(a)

Original MPI Program

MPI_INT, MPI_SUM, comm);

== for(i=0; i<1024; i++) {

S

recvBuf2, 1, MPI_INT, comm);

=== MPI_Allreduce(sendBufl, , 1029,

== accl +=
e | acc2 += sendBufl[i];
== if(accl >= (j+1)*inbound)){
== | stream_out[j] = acc2;
= outboundl[j] = outboundl[j-1]
+ stream_out[j-1];
== outbound2[j] = outbound3[j-1]+1;
== outbound3[j] = i;
== J++;
== acc2 = 9;}}

mmm MPI_Alltoall(stream_out|, 1, MPI_INT,

>

RCP<crs_matrix_type> A (new

vec_type b(A.getDomainMap());
vec_type C(A.getRangeMap());

// Trilinos library (Tpetra)
== A.apply(b, C); // C=A*b

crs_matrix_type (map, maxEntriesPerRow));

>

Translated MPI Program

int* op;

int* count;

MPI_Comm comm;
MPI_Iallreduce_op_alltoall(
sendBufl, recvBuf2, count,
MPI_DOUBLE, MPI_SUM, comm, op,
inbound, outbound);
MPI_Wait();

== Communication
== Computation

Communication
+ Computation

double* A _val, b, C;
int* A_colldx, A_rowPtr;
int* count;

MPI_Comm comm;

=== MPI_ISpMV(A_val, A_colIdx,

A_rowPtr, b, C, count, MPI_DOUBLE,
comm) ;
MPI_Wait();

Figure 5-2: Examples of (a) a fused collective (Allreduce_op_alltoall in the IS
application from the NAS parallel benchmark) and (b) a distributed kernel (SPMV).

To justify this project we conducted some preliminary experiments where we com-
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pared G-FPin on an FPGA cluster with the original CPU implementation on a CPU
cluster with 128 nodes. Fig. 5-3 summarizes G-FPin improvements over the original
CPU implementation with respect to some of the aforementioned in-switch computing
benefits for the two CCCF's shown in Fig. 5-2. It is evident that G-F'Pin provides sub-
stantial improvements by fusing communications and offloading them to the switch.
In order to further show the potential efficacy of this approach for a variety of (semi)-
fused collectives, we evaluated G-FPin with respect to a set of synthetic benchmarks.
Although these synthetic benchmarks are not real HPC applications, they are rep-
resentative of many communication-computation patterns in applications, including
graph algorithms and iterative PDE solvers. Table 5.1 shows the specifications of
the synthetic benchmarks and Fig. 5-4 depicts the average latency (among all ranks)
for these benchmarks on a CPU cluster and G-FPin (128 nodes). As is apparent,
G-FPin provides considerable improvement. For the CPU cluster specification and

simulation setup used for FPGA cluster, refer to Sec. 5.7.1.
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In-Network Data # of Network-Host Computation End-to-End
(a) Reduction Bypassing Communication Bandwidth

Overlap
H Allreduce_op_alltoall = SpMYV Distributed Kernel

Figure 5-3: Evaluating our approach vs. the original CPU implementation on 128
nodes with respect to (a) some in-switch computing benefits for the two CCCFs
introduced in Fig. 5-2.
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Figure 5-4: Latency of the synthetic benchmarks discussed in Table 5.1. * LoGeN
model is discussed in Sec. 5.6.

Table 5.1: Specifications of the synthetic benchmarks.

Synthetic o Sample Stream-In | Inbound
Benchmark p Application Size Size
MAC
. PAGERANK
Allgather Multiply- . 128 128
gather-op A(ccumulia{e) Algorithm (Page et al., 1999)
Allreduce_op Accumulation Albg%rrti};r}ll%ns 512 0
Allreduce_op DoTt-ProbDuUCT Norm Computation 1 16K
_allreduce + SCALING in GMRES (Yamazaki et al., 2017)
Master-Slave
Scatter_op_reduce | Accumulation (Workload 512 0
Distribution)
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5.4 G-FPin Software Support

In this Section, we rst present an overview of the software model and then we describe
the proposed framework which can fuse communications and computations from the

input program and construct their o oad to the recon gurable switches.

5.4.1 Software Model

There are two ways to support recon gurable network devices for MPI speci cations.
The rstis o ine (De Matteis et al., 2019) where collectives and ops are expressed
in a high-level language (i.e. HLS, OpenCL). In this method, the high-level language
is compiled into a bitstream for the hardware device for each MPI application (which
is a lengthy process). The other is online (runtime recon gurable) (Saldana et al.,
2010) where the recon gurable network device (i.e. the FPGA) is transparent to MPI
calls. We focus on the latter as it avoids regenerating the bitstream for each MPI
program while addressing portability across HPC applications (Gropp et al., 1996)
without requiring the user to modify the application.

In order to make FPGAs transparent to MPI calls, we have written a transport
layer that enables the host to communicate with the FPGA and load the con guration
at runtime. As a proof-of-concept, we have experimented with ExaMPI (Skjellum
et al., 2020). ExaMPI is a light-weight MPI implementation, which focuses on key
blocks of functionality and is designed for modularity and extensibility.

Existing collectives are usually implemented by building on a series of point-
to-point operations. CCCFs, however, bypass intermediate sends/receives; in this
model, each rank has only up to one non-blocking send and receive routines. Other
MPI functionality, including MPI rank management for the collective algorithms, is

handled by the switch.
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5.4.2 The Proposed Framework

Overview

The proposed framework translates an input MPI program into a new one enhanced
with CCCF APIs and compiles the relevant parts of the program to the recon gurable
switch. Fig. 55 shows the G-FPin framework. An input MPI program is rst fed
into a source-to-source translator. The translator begins by parsing the code and
inspecting the collectives and ops as well as the distributed kernel APIs. If it is
a distributed kernel, then it is replaced with a new API (similar to Fig. 52 (b)).
Otherwise, in case of a (semi)-fused collective, an evaluator rst evaluates whether
fusing the collectives and operations is worth o oad to the network. In case of passing
that criterion, a control data ow graph is generated by G-FPin compiler for the op
extracted via the parser. We used LLVM infrastructure (Lattner and Adve, 2004) for
this purpose.

The next step is CDFG mapping. There, CDFG operations are mapped into
NGRA processing elements (Sec. 5.5.2) with the aid of a con guration le, which
embeds architecture-speci ¢ information (number of processing elements, etc). We
use modulo routing resource graphs (MRRG) (Mei et al., 2003) for this mapping (the
initiation interval is increased incrementally until a valid mapping is found). Sub-
sequently, instructions are constructed using an instruction generator according to
a dictionary of those supported instructions. The collective(s) and ops are replaced
with new (non-blocking) CCCF APIs with the correct arguments including inbound-
/outbound arrays and a pointer to a data structure holding the instructions. These
new APIs are recognized by the MPI implementation. Note that the instructions
are loaded into the switch at runtime for each (semi)-fused collective. In order to
provide overlap between the CCCF itself and the rest of computation in the program,

an MPI1 _Wait is appropriately placed after it (considering the data dependency). This


















































































































































































































