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Abstract

The rapid growth of the Internet of Things has led to machine learning being increasingly
used for safety-critical applications such as autonomous vehicles. The current paradigm
of offloading computationally expensive calculations from edge devices, to remote high-
performance computing clusters has shown to be incapable of meeting hard real-time
constraints. This is because these clusters are often distant from edge devices, leading
to a large communication latency. One promising alternative to address this latency is
to offload these computations to more numerous lower-cost edge servers, which are
proximate to the edge devices.

This work explores the viability of an alternative approach that offloads these
calculations directly to large clusters of edge devices instead of more costly edge
servers. This has been done by developing a simplistic primary-secondary distributed
framework that offloads matrix multiplication tasks to numerous Raspberry Pi 5s.
Matrix multiplication was selected for offloading as it forms the foundation of many
contemporary machine learning algorithms. If suitable scalability can be demonstrated
with matrix multiplication using Raspberry Pi Ss, it is likely that more complex machine
learning algorithms can also be scaled efficiently.

Two experiments were conducted to determine whether matrix multiplication tasks
can be suitably scaled when using the distributed framework on a single and multiple
Raspberry Pis. Results demonstrated near-linear scalability when using up to three Rasp-
berry Pis, with the primary being the bottleneck, meaning the implemented framework

scales well.



Research Ethics Approval

This project was planned in accordance with the Informatics Research Ethics policy. It
did not involve any aspects that required approval from the Informatics Research Ethics

committee.

Declaration

I declare that this thesis was composed by myself, that the work contained herein is my
own except where explicitly stated otherwise in the text, and that this work has not been

submitted for any other degree or professional qualification except as specified.

(Ryan Wiebe)



Acknowledgements

I wish to dedicate this work to the memory of my uncle, Neil Harte, who recently
passed away. His guidance was invaluable in shaping me into the person I am today.

Foremost, I would like to express my deepest gratitude to my supervisor, Dr. Yuvraj
Patel, for his insightful feedback and guidance. His encouragement and expertise was
vital in allowing me to succeed.

Additionally, I would like to thank my colleagues Gerardo Melesio Sancen, Hanyuan
Ma, and He-Yi Lin for their advice and camaraderie, which was critical in helping me
tackle challenges as they appeared.

Finally, I would like to express appreciation to my partner, my parents, and my
friends for their patience and unwavering support. You all have been a key source of

strength and encouragement throughout this journey.



Table of Contents

1 Introduction 1
1.1 Background . . . ... .. ... ...

1.2 Objectives . . . . . . . v o i e e 2

2 Literature review 3

2.1 Matrix multiplication algorithms . . . . . . . ... ... ... .... 3

2.1.1 Conventional matrix multiplication . . . . .. ... .. ... 3

2.1.2  Strassen’s matrix multiplication . . . . . ... ... .. ... 4

2.2 Distributed machine learning . . . . . . . ... ... ... ... ... 5

2.3 Distributed matrix multiplication . . . . . . . . ... ... ... ... 6

2.3.1 Non-block matrix multiplication . . . . . ... ... ..... 6

2.3.2 Block-based approaches . . . . ... ... ... ... 7

3 Implementation 8
3.1 Raspberry Pi 5 theoretical hardware capabilities . . . . . . . ... ..

3.2 Primary-secondary paradigm and assumptions . . . . . .. ... ... 10

3.3 High-level softwaredesign . . . . .. ... ... ........... 10

3.4 Implementation preliminaries . . . . . . . . . . .. ... ... .... 13

3.4.1 Matrix representations . . . . . .. ... ... ... 13

342 Tasksandtask treecreation. . . . . .. ... ... ... ... 15

3.4.3 Primary-secondary communication . . . . .. .. ... ... 18

344 Taskscheduler . ... ... ... ... ..., 19

3.4.5 First-in-first-outqueue . . . . . ... ... L 20

3.5 Taskexecution. . . . . .. .. ... 20

3.5.1 Task and secondary allocation . . . ... ... ........ 20

3.5.2 Primary gRPCinterface . .. ... .. ............ 22

3.5.3 Secondary gRPCinterface . . .. ... ............ 24



4

3.5.4 Secondary taskexecution . . . . . ... .. ...

Evaluation

4.1 Systemvalidation . . . . . ... ...
4.2 Evaluation methodology . . . . . ... .. ... ... ........
43 Metricgathering . . . . . . . ... L
4.4 Evaluation limitations . . . . . . ... ... ... L L.
4.5 Single device scalability . . . .. ... ... ... .. L.
4.6 Multidevice scalability . . . . .. ... ... ... L.

Conclusion
5.1 Keyfindings . . . . . . ...

5.2 Limitations and future work . . . . . . . . . . ... ... ..

Bibliography

A

Single device scalability results
A.1 Synchronousresults . . . . . .. ... .. ... ... ... .. ...

A.2 Asynchronousresults . . . . ... ... ... ... ... ...

Multi device scalability
B.1 Synchronousresults . . . . ... ... ... .. ... ... ...

B.2 Asynchronousresults . . . . ... ... ... ... ... .. ...

28
28
29
31
31
32
35

39
39
40

41

46
46
48



Chapter 1

Introduction

1.1 Background

The rapid growth of the Internet of Things (I0T) has led to machine learning (ML)
systems being increasingly used for applications with hard real-time components [1]. It
is becoming more apparent that utilising remote high performance computing (HPC)
clusters for offloading ML inference is not able to meet the latency required for many
systems, such as those that are safety critical (i.e. object detection in self-driving cars)
[2, 1]. With there being an expected 29.42 billion 10T devices online by 2030 [3],
alternative approaches must be developed to facilitate ML inference with low latency.

Though much research has already been conducted to explore potential approaches
that could accelerate ML calculation speed and the memory usage on [0T edge devices
through software optimisation and additional hardware support [4, 5, 6, 7], these
approaches are still limited by monetary cost (i.e. cost for additional required hardware)
and power cost (i.e. additional read/write operations) related to using a single device for
increasingly large calculations. In addition, on-device techniques for inference, such as
pruning for neural network compression, can lead to a loss in accuracy [8, 9], which is
not necessarily desired in safety-critical applications (i.e. autonomous vehicles).

A distributed approach that offloads these calculations to numerous lower-costing
edge servers that are proximate to the IoT devices has been shown to be a good
alternative [10, 11]. Our work attempts to take this to the extreme by exploring the
viability of directly offloading these complex calculations directly to a cluster of system-
on-chip-powered (SoC) edge devices. While much work has been done in distributing
ML algorithms on low-cost edge devices [12, 13], these works tend to be primarily

concerned with distributing the calculations without fully addressing the scalability
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to a large number of devices. If comparable ML inference performance could be
demonstrated when using multiple edge devices while maintaining a similar or lower
cost, clusters of these low-cost devices could be dispersed at more locations that are
closer to IoT devices. This would effectively allow ML computation offloading at a low
latency without sacrificing computation power. We believe this hypothesis may be the
case, as work such as [12] have already demonstrated promising improvements in terms

of inference time when using clusters of SoC-powered devices.

1.2 Objectives

Our work is exploratory in nature and serves as an initial validation of the viability
of distributing a basic ML algorithm directly on edge devices before exploring more
complex use cases. This project aims to demonstrate this by showing matrix multiplica-
tion can be scalably distributed across numerous edge devices. We have chosen to use
matrix multiplication as the target algorithm as it is the basis of many more complex
ML algorithms such as neural networks, linear regressors, and kernel functions. If such
scalability is observed in distributing this fundamental calculation, similar behaviour
may be possible with more sophisticated algorithms. Our work targets a cluster of
Raspberry Pi (RPI) 5s due to their low cost and widespread usage in both industry and

academia. We have set the following three objectives for this project:

1. Develop a suitable framework that can distribute matrix multiplication across

multiple RPIs.

2. Evaluate whether using a single RPI for distributed matrix multiple is scalable

(i.e. does using multiple cores scale).
3. Determine whether suitable scalability is observed when using multiple RPIs.

We have chosen to design and implement a new RPI-specific distributed matrix
multiplication framework, as few currently available frameworks are suitable for our
needs. Traditional frameworks such as Dask [14] and Apache Spark [15] are designed
primarily for large HPC clusters without considering the limited computing capabilities
that devices such as the RPI have. While some RPI-specific distributed frameworks
exist [16, 17], they tend to be designed for generic use cases that are not necessarily

optimised for distributing matrix multiplication.



Chapter 2
Literature review

This chapter outlines the findings gained throughout a literature review. The research
has focused on matrix multiplication algorithms, distributed ML, and contemporary

distributed matrix multiplication systems.

2.1 Matrix multiplication algorithms

2.1.1 Conventional matrix multiplication

Matrix multiplication is the process of multiplying two input matrices to produce a new
matrix. Given two input matrix A and B where A is a matrix of R™*" and B is a matrix
of R"*?, the matrix multiplication of A * B will result in matrix C, which is R"*? [18].
As seen in figure 2.1, matrix multiplication is conventionally performed using the sum
of element-wise multiplication across each row of A and each column of B [18]. This
approach is computationally complex in the sense it requires #° multiplications and

n? % (n— 1) additions to generate a result [18].

ai | d12 | ... | Qin b1 | b2 | ... | by Ci1 | C12 | ... | C1p

A | aw | ... | an by baa | ... | by Ca1 | Ca2| ... | Cop
X =

Am1 | Amz2 Amn bnl bnz bnp Cm1 | Cm2 Cmp

Cij = ain*byj + aip*byj + ... + bin*by

Figure 2.1: Diagram demonstrating how matrices A and B can be multiplied together

using conventional matrix multiplication.
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One challenge when implementing conventional multiplication algorithms on com-
puters is the order in which elements inside matrices A and B are accessed. As seen in
figure 2.2, three algorithms for this are the row-by-column, row-by-row, and column-
by-column [18, 19]. Row-by-column matrix multiplication effectively iterates through
each row of A and multiplies it with all elements in B by iterating along B’s columns.
Alternatively, row-by-row matrix multiplication instead performs multiplication by
iterating through B’s rows instead of columns. Column-by-column operates similar
to row-by-column but instead iterates through A along columns instead of rows. [19]
conducted an experiment to determine which of these three algorithms has the fastest
execution time. It found row-by-row to offer the best average execution time. This is
likely due to processors favouring sequential memory accesses due to caching. Matrices
are typically stored in a 1D sequential array in memory, with each row being stored
sequentially (i.e. the first row occupies the first n entries in the 1D array, assuming a
matrix of size n x n). Iterating along columns effectively causes each memory access to
request locations with a n difference in addresses. Assuming 7 is larger than a cache

line, cache misses are likely to occur with each column iteration.

Row-by-Column Row-by-Row Column-by-Column
for (1=0;i< size; i+4) for (1=0;1< size; i++) for (1= 0;1< size; i+4)
for (j=0; j < size, j++) for (j=0; ] < size, j++) for (j = 0; j < size; j++)
for (k =0; k < size; k++) for (k =0; k < size; k++) for ( k= 0; k < size; k++)
Ali. ] += B[, K] * Clk. ]] All, K] += B[i. j] * C[j. K] [k.i] += Bkj] * C[i]

Figure 2.2: Pseudo code of row-by-column, row-by-row and column-by-column element-

wise algorithms as described in [18, 19].

2.1.2 Strassen’s matrix multiplication

In modern processors, addition operations are typically faster than multiplication op-
erations. Strassen’s algorithm attempts to take advantage of this by utilising fewer
multiplications and more additions when multiplying two matrices [20]. Consider the
2 x 2 matrices in figure 2.3, Strassen’s algorithm can multiply these two matrices using
seven multiplications and 18 additions/subtractions instead of eight multiplications
and four additions when using the conventional algorithm [18]. This corresponds to

2807 multiplications as opposed to the conventional’s n>[18].

approximately ~ n
Strassen’s algorithm can be used on larger matrices using recursion. Consider the
multiplication of matrices A and B, which are of size n X n. We recursively divide

the matrix into half-sized block matrices and apply Strassen’s algorithm at a certain
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2x2 Multiplication Intermediate values Final values
ml = (au + az) * (b + bao) ¢y =ml+ m4 - m5 +m7
m2 = (az; + azz) * bn €12 =mM3 +m5
ay | an bj_l blz C11 | C12 m3 = ap * (byz - bzo) Cay = M2 + Md
X = md = az, * (bzs - by) €22 =ml+m3-m2+mé
5 = (ay + a1z) * bae
a a b b C c m 11 12,
21 22 21 22 21 22 | 116 = (agy - ags) * (byg + bra)

m7 = (312 - azz) * (bzl + b?Z)

Figure 2.3: Diagram demonstrating the various intermediate values used in Strassen’s
2 x 2 matrix multiplication algorithm.

cutoff matrix size. Assuming n = 29, we can expect this recursion to continue until all
multiplications are between individual elements as opposed to blocks of matrices. If
this is not the case, conventional matrix multiplication algorithms can be applied at the

set cut-off size.

2.2 Distributed machine learning

Before analysing distributed matrix multiplication algorithms, it’s important to un-
derstand distributed ML as a whole. Distributed ML systems operate by splitting a
large ML computation into smaller computations, which can be concurrently executed
using multiple devices called nodes. There are many topologies that can be used when
arranging the communication and computation operations of these nodes. Common
topologies include primary-secondary systems (i.e. all nodes feed computation results
into a single primary node), tree-based systems (i.e. each node controls some set of
child nodes, which they can further offload computation to), and decentralised systems
(i.e. each node operates independently with no form of centralised control) [21].

Two common ways of achieving parallelism are data parallelism (i.e. partition
the dataset itself across multiple nodes that each contain the same model) and model
parallelism (i.e. partition the model itself across multiple nodes to accelerate time to
compute a single sample) [22]. Assuming each node contains the same computation
capabilities, work must be evenly distributed across the available nodes to maximise the
benefits of parallelism. Our work is primary concerned with model parallelism as we
wish to accelerate a single matrix multiplication calculation using multiple computation
nodes.

Two approaches that are common in frameworks for distributed ML are MapRe-
duce (MR) and Bulk-Synchronous Processing (BSP) [22]. BSP works by splitting an
algorithm into a set of parallelisable operations called supersteps [23]. Parallelisable

operations are executed concurrently on various nodes. Note that each superstep must
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be executed in sequence, meaning straggling nodes could affect performance. MR is a
more simplistic model that breaks an algorithm into a series of map and reduce phases
[24]. The map phase first executes a map function that assigns keys to local data stored
on each node. A shuffle phase then occurs where data of specific keys is redistributed
across nodes such that all data of a set key is located at a single node. The reduce phase
then occurs, where each node takes the data it received during the shuffle phase and
reduces it to a final result. One benefit of MR’s simplistic model is that it can be scaled

easily across a large number of nodes [21].

2.3 Distributed matrix multiplication

Distributed matrix multiplication is a form of model parallelism that distributes matrix
multiplication computation work using a set of concurrent nodes to generate a single
result matrix. Key factors in distributing matrix multiplications include reducing redun-
dant operations (i.e. avoid unnecessary calculations) and redundant communications
(i.e. unnecessary inter-node communication steps) [25]. Two methods of dividing
matrix multiplication work across nodes include non-block and block-based approaches
[26].

2.3.1 Non-block matrix multiplication

Non-block approaches take advantage of the independent nature of the multiplications
within conventional matrix multiplication algorithms. These approaches will tend to
distribute a series of rows or columns of matrix A to each node for local storage. Each
node will typically then continuously perform multiplications across all of matrix B until
completion [27]. [27] conducted experiments on the performance of various non-block
approaches that distribute row/columns across a number of CPU cores. While [27]
showed that more execution cores led to a near-linear decrease in calculation time, it
is questionable whether an approach like this is scalable to a truly distributed system
with multiple nodes as opposed to a single node with multiple execution cores. Each
node will effectively either be required to store a full copy of matrix B, which could
lead to a computation bottleneck, or will be required to receive B matrix data through
communication, leading to large communication costs. Due to this, the vast majority of

literature is focused on block-based approaches.
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2.3.2 Block-based approaches

Block-based approaches work by dividing the two matrices A and B into a series of
block submatrices, which are used for computation across each node. Block-based
literature typically assumes a fully decentralised model with nodes arranged into a
grid/cube that operate using a BSP-like system. Nodes are able to communicate with
their neighbouring nodes (i.e. a given node can communicate with neighbours above,
below, to the left, and to the right). Matrices A and B are typically divided in N blocks
for a grid of NxN nodes. Each node is typically able to store one block from matrices
A, B, and a special block to store local partial results. Optimisation typically occurs by
minimising the communication required between nodes.

The foundation of block-based distributed matrix multiplication is Cannon’s algo-
rithm [28]. As seen in figure 2.4, each node initially stores blocks from matrix A and
B corresponding to the node’s position in the grid (i.e. pj initially contains block
A11 and Bp1). Each node then calculates the matrix multiplication of the two locally
stored blocks. Once all nodes have performed their local multiplications and added the
result to it’s local partial result matrix, they each send their local A matrix to their left
neighbour (i.e. left shift) and their local B matrix to their above neighbour (i.e. up shift).
Assuming an NxN grid of nodes, this process is repeated N times, where the partial
result stored in each node will correspond to the matrix multiplication result for its
given block. Further improvements have been made since Cannon’s algorithm through
communication optimisation, additional local memory usage on each node, and the use
of Strassen’s algorithm [29, 30, 31, 32, 33, 34, 35]. [33, 34, 35] are particularly notable
as they demonstrated distributed matrix multiplication can be thought of as a tree of
multiplication operations on submatrices of a set size. We use a similar approach when

generating computation tasks in our system (see section 3.4.2).

Initial position Position after 1st shift Position after 2nd shift

4 | Aun | Az | A T | Aw | Az | An Az | An | A
Bix | Bz | Bis B21 | B2 | Bzs Bs: | Bsz | Bas

A | Az | Az smies | A2z | Az | An smis | A2z | A1 | A

M Boy | Baa | Bas berel By | Bap | Bas el By | Brz | Big
Azp | Az | Ass Az | Az | Ay Azz | Az | Axm

¢ | Bai | Bax | Bas Bin | Biz | Bas Bo1 | B2z | Bos

Shift A Shift A

- Nod P - -

by one by one'

Figure 2.4: Diagram showing the distribution of data across the processor grid when

computing the multiplication of 3 x 3 matrices using Cannon’s algorithm.



Chapter 3
Implementation

This chapter offers a high-level description of the implemented distributed matrix
multiplication system. The system utilises a primary-secondary paradigm where the
matrix multiplication of two large matrices is divided into a tree made of discrete
matrix multiplication and matrix multiplication tasks that can be offloaded from a
primary to numerous secondary RPI 5 devices. This work has been implemented
primarily in C with a C++ interface for interacting with gRPC, which has been used for

primary-secondary communication.

3.1 Raspberry Pi 5 theoretical hardware capabilities

A model of the RPI 5 was initially constructed to determine the theoretical hardware
capabilities before designing and implementing a system. As seen in figure 3.1, the
RPI 5 utilises four ARM Cortex A76 cores inside the BCM2712 system on chip as its
primary processors [36]. Each Cortex A76 core contains a 64kB write-back L1 cache
and a 512kB dynamic-biased L2 cache, which both utilise 64B cache lines and the
MESI algorithm for cache coherency [37]. The four cores also share a2 MB L3 cache
[36]. Additionally, the RPI 5 offers high speed communication through two USB 3.0
ports and a 1 Gb/s Ethernet port [36].

In a simplistic distributed matrix model, the RPI must receive some data, perform
some computations, and output the result. An ideal system would have a communica-
tion speed that is significantly faster than its computation speed to ensure minimum
computation downtime. A brief investigation was conducted to compare the RPI’s
multiplication theoretical execution speed to its theoretical communication speed. The

Cortex A76 has a signed integer multiply and accumulate (MnA) instruction and add
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Raspberry Pi 5

L J - - =Ry
Ethemet @ 1 Ghps \ rBCMZTlZ boq wn{l) Armve-A ISA
8 GB LPDDR4X @
- 1/ Conex ATE Cortex ATE 4267 MTis
+ 2.4 GHz * 2.4 GHz
\ \ + 2x 64 KB L1 s X B4 KB L1
- - + 512 KB L2 <512 KB L2
2x USB 3.0 @ 5 Gbps " J L
p " / - - - 32 GB MicroSD @ 104
Cortex ATE Cortex ATE MBps (Theory) actual
L J\ .\ 2.4 GHz . 2.4 GHz ~20.1 MBps (dd wrile)
N N + 264 KB L1 - 2% B4 KB L1 ~78.5 MBps (dd read)
<?x USB 2.0 @ 480 Mbps X . 512 KB L2 512 KB L2 ~
E \ / < N -
- PCle Gen20 @5
L. J e . e GTps (can be forced
WiFi 802.11ac @ 433 an& L Sl SIS ] into Gen 3.0 mads for
{ 10 GTps)

{tlmcry) likely — 200 \“.bjfs L J L
\

N

-

Figure 3.1: Basic block representation of RPI hardware include the BCM2712 system on

chip and various input/output interfaces.

instruction throughput of 1 instruction/cycle and 3 instructions/cycle, respectively [38].
Assuming no load instructions and a steady clock speed of 2.4 GHz, we could expect
2.4 G MnA ops/s (as three multiplications are required for every N in conventional
matrix multiplication, the practical MnA rate is 0.8 G MnA ops/s) and 7.2 G add ops/s.

With the Cortex A76 supporting out-of-order operations, costs due to the RPI’s
operating systems, and this estimation not accounting for time required for memory
accesses, we can’t expect this performance in reality. The matrix multiplication and
addition algorithms, as discussed in section 3.4.1, were run on a single Cortex A76
core to determine the true rate at which input data could be consumed when performing
matrix multiplication and matrix addition. This experiment was conducted using buffers,
which correspond to the total memory at the L1-L3 cache sizes, to minimise bottlenecks
due to cache misses. As each MnA instruction takes two 4 byte signed integers as inputs
in the Cortex A76 [39], it was found that the core was consuming input data at rates of
~11.8 MB/s (~ 68 x slower than ideal), ~4.2 MB/s, and ~2.2 MB/s for L1, L2, and
L3 data sizes. As the theoretical output speed of the Ethernet is 125 MB/s, the system’s
bottleneck during matrix multiplication will likely be the computation time, even in
instances where all cores are executing multiplication, assuming no computation cost
for Ethernet communication. Despite this, matrix addition consumed inputs at a higher
rate of ~1.1 GB/s (~ 6.5x slower than ideal) at all cache sizes, meaning a network

bottleneck is likely present when performing addition.
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3.2 Primary-secondary paradigm and assumptions

Chapter 2 showed that current block-based distributed matrix multiplication systems
utilise a local storage model with direct point-to-point communication between nodes.
While these approaches offer great performance, they are complex, and their perfor-
mance can be affected by numerous implementation-specific factors. As discussed in
1.2, the work in this paper is exploratory and is to serve as the basis for future work,
hence, we have opted to use a simplistic distributed matrix multiplication system using
a basic primary-secondary paradigm. The primary benefit of this is it allows us to
isolate all factors external to the RPI and solely focus on the scalability of on-device
multiplication itself in ideal circumstances.

Our primary-secondary approach assumes there exists a primary device with infinite
computation capabilities that has a point-to-point communication link with an arbitrary
number of RPI secondary devices. The primary is given oracle access to the two
input matrices but is forbidden from performing any computations directly related to
the matrix multiplication. Instead, it must offload these computations to secondary
devices by dividing the total multiplication work into a series of smaller subcomponents
called tasks. Each task contains two input matrices and an operation to perform.
Additionally, each task must be executable by only a single secondary. The secondary
simply receives the input matrices from a single task and returns an output matrix to
the primary after executing the requested operation. For reasons discussed in section
3.4.2, these operations will either be matrix multiplication or matrix addition. Once all
tasks have been executed, the matrix multiplication has been complete. As the tasks are
independent and the secondaries are homogeneous RPIs, we can expect task throughput
to increase linearly for every added RPL. If we can demonstrate this linear behaviour, we
can then assume that similar scalability may be possible with more complex algorithms,

such as those outlined in section 2.3.2.

3.3 High-level software design

Two applications primarily written in C were created to represent the primary and
secondary devices discussed in section 3.2. gRPC via the RPI’s Ethernet was chosen for
primary-secondary communication as: 1) the 1 Gbps Ethernet interface should provide
sufficient bandwidth to prevent a communication bottleneck on a single RPI when

performing matrix multiplication (see section 3.1), and 2) gRPC is a lightweight library
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that uses a simplistic client-server communication model via TCP. While alternative
libraries such as MPICH were investigated [40], they are bare bones and require the
development of additional mechanisms such as a load balancer. While implementing
such low-level network-specific features would likely be beneficial for performance, this
work is to serve as the baseline implementation for future projects, hence, implementing
these is outside the scope of this work.

In short, the primary device has three primary purposes:

1. To divide the large input matrix into smaller tasks, which can each be executed

by a secondary RPI.

2. To ensure each secondary RPI has been allocated and is executing a set number

of tasks.
3. To manage which idle tasks are ready for subsequent execution.
The secondary serves two purposes:
1. To execute received tasks evenly across a set number of cores on the RPI.

2. To communicate with the primary by receiving input task data and returning the

corresponding output data.

One way of representing the software implementation is in a series of producer-
consumer problems across 6 distinct software layers - the top three run in the primary’s
application and the bottom three run in the secondary’s application. The first layer is
made up of the read and write threads, which are responsible for allocating tasks to the
RPIs. The second layer is made up of the DistMultClient class, which is responsible
for tracking the status of this work and initiating gRPC communication. The third and
fourth layers are responsible for transferring data along the Ethernet wire. The fifth
layer is made up of the DistMultServer class, which is responsible for passing received
work to RPI cores and sending result data back via gRPC. The sixth layer is made up of
1-4 core-pinned threads, which are responsible for executing the originally allocated
work.

The interaction between these layers when executing a single task has been outlined
in figure 3.3. The primary first selects a secondary to send a task to. The input is
then encapsulated using a DistMultClient object and sent to the secondary via Ethernet.
The secondary then receives the task inside its DistMultServer object and passes it to

a core-pinned thread for execution. Upon completion of this execution, the inverse
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Primary write
thread

Consumes a task and a worker
resource

Produces tasks and RPI resources

Primary Read
thread

Receives computed
worker id and task

DistMultClient | Produces task id for task LUT|  pistmultClient
OnReadDone SendTask

- )
Receives __J Consumes atask id
MatrixResponse message ; and sends a

MatrixRequest message

‘ gRPC Client Library

A :
: gRPC async stream protocol :
: via Ethernet :

R Y
gRPC Server Library

‘ Recieves

Sends MatrixResponse } MatrixRequest
message re= ‘_‘ message
( DistMultServer J_Piofoe_SBu_ﬂir ior_n_ex_t r_ead [ DistMultServer ]
Write Thread OnReadDone
Consumes computation order :
and sends result to write 1 I Consumers buffer and

thread ! .
1 . I produces computation order
o - Rplcompl'natlon -‘------Jp P
thread

Figure 3.2: Diagram showing the six software layers in the software architecture. Note

the various producer-consumer paradigms at each layer.

of this operation then occurs, with the secondary encapsulating the result using its

DistMultServer object and returning it to the primary.

Primary Device Secondary Device Primary Device
Secondary
Primary assigns computes task Primary marks
task to RPI using received task as complete
data
A
A
Primary Secondary Secondary Primary
encapsulates task assigns task data encapsulates determines task
data for to computation result data for associated with
transmission thread transmission data
A A
\ I
Primary sends Secondary Secondary sends Primary receives
data to secondary ~-§ = receives data via data to primary 4 —f» dataviagRPC
via gRPC client gRPC server via grRPC server client

Figure 3.3: Diagram of the lifetime of a task as it flows between the primary to a

secondary devices.
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There are two effective modes of operations when assigning tasks to a given sec-
ondary: synchronous and asynchronous. Synchronous works by having the primary
only assign a single task to each computation thread. The primary first sends this task
to the secondary. The secondary then receives the task, computes it inside a compu-
tation thread, and returns it back to the primary. Upon receiving the task result, the
primary then sends the next task. This operation is not ideal as each computation thread
effectively is left idle while data is being sent to and from the primary. Asynchronous
addresses this by instead assigning two tasks to each computation thread. Each computa-
tion thread computes one of these tasks while receiving another task from the primary in
the background. Given the computation time will likely be the bottleneck due to reasons
discussed in section 3.1, we can assume the buffers associated with the second task
will be full before the computation thread finishes executing the first task, allowing the
computation thread to continuously execute tasks with minimal computation downtime.
It is recommended to use the representation of software layers in figure 3.2 and the task

lifetime in figure 3.3 as a reference when reading the rest of this chapter.

3.4 Implementation preliminaries

Before discussing the implementation of the primary and secondary devices, the follow-

ing subsections outline any features on which the wider implementation is reliant.

3.4.1 Matrix representations

Typically, m X n arrays (i.e. matrices) in C are represented on the stack by unwrapping
each n-sized row into a 1D array of size m x n. Column-wise iteration is handled
by offsetting the memory address by n. This is not necessarily the case for the heap,
meaning a suitable heap-based representation must be created. Two different matrix
representations were developed utilising arrays of signed integers with different use
cases. As seen in figure 3.4, these are the /D and 2D representations.

The 2D matrix representation uses an “array of arrays” approach inside a structure
called matrix_t. Say we had an m X n matrix, an array of signed integer pointers will
be allocated on the heap to size m. Each of the pointers in this array will point to
heap-allocated integer arrays of size n. This representation is not cache-friendly as
each allocated array will not necessarily be located at continuous addresses, meaning

many cache misses will likely occur when iterating from the end of one row to the start
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Figure 3.4: Diagram showing how the 1D and 2D matrix approaches are used to

represent a 4 x 4 matrix.

of another. Despite this drawback, this representation is very flexible for generating
submatrices with direct memory pointers to the original matrix. Due to this, it is used
by the primary when it generates a task tree and in it’s task representation. This can be
seen in figure 3.9 in section 3.4.2.

The 1D representation is similar to stack-based multi-dimensional arrays in the
sense it uses a single allocated integer array of size m X n. The primary benefit of this
continuous memory approach is that it is very cache-friendly. As the memory addresses
are continuous, subsequent rows will likely already be pre-loaded into cache when
iterating from the end of one row to the start of another. Not only is this favourable
when iterating through the matrix for computations, data received on a network link
will naturally be in a 1D representation and can be directly passed into a 1D matrix
structure without the need for extra copying. These traits have led it to be primarily
used by the secondary device for performing all matrix computations. See sections
3.5.3 and 3.5.4 for more on how the secondary uses the 1D representation. Note that
the 1D representation is encapsulated inside a structure called matrix_ld_t.

A simple cache-friendly matrix multiplication algorithm was implemented to ensure
efficient computations occur using the 1D representation on the secondary. As discussed
in section 2.1.1, the row-by-row conventional matrix multiplication algorithm offers the
best performance when compared to it’s counterparts due to it’s inherent cache-friendly
behaviour. It has hence been implemented to perform all multiplications with the 1D
matrix representation. A simple matrix addition algorithm was also implemented by
simply iterating through both the left and right matrices and performing element-wise

addition.
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Figure 3.5: Diagram demonstrating the row-by-row multiplication algorithm from [18, 19].
The algorithm works by multiplying each value in an row of A by it's corresponding row in
B and storing the partial result (i.e. A1 multiplied by B’s first row, A2 by B’s second row,

etc.).

3.4.2 Tasks and task tree creation

Before discussing the various layers, it’s important to understand what tasks are and
how they can be used to perform distributed matrix multiplication. The proposed system
divides the multiplication of two large matrices into a series of smaller computations
called tasks. As demonstrated in [34, 33], we can think of matrix multiplication as a
series of ordered calculations that can be arranged into a series of tree data structures,
with each node representing a computation of some form with a result that is passed
to another node. As seen in figure 3.6, we opted to use a similar, more simplistic
approach that decomposes a matrix into multiple same-sized blocks and creates a
tree of multiplications and additions between these blocks based on the conventional
matrix multiplication algorithm. Each leaf node in the tree represents a piece of input
data, with the root node being the final output data. Each corresponding input data
is linked together using a corresponding multiplication task, which generates a result.
Multiplication task results are then passed into corresponding addition tasks until a final
result is generated. The tree shown in figure 3.6 shows the graph for cell ¢j;. Similar
trees must be created to represent each output cell.

The primary uses a very similar approach and generates these task trees by per-
forming multiplication and addition operations on blocks of submatrices instead of
individual matrix cells. As seen in figure 3.7, the primary first divides its input matrices
into smaller submatrix blocks of a set size. In the case of figure 3.7, it divides the

4 x 4 matrix into four 2x2 submatrix blocks. Using these submatrices, task trees are
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Figure 3.6: Diagram showing how the calculation of an output cell using conventional
matrix multiplication algorithm can be represented as graph of multiplication and addition
tasks. The coloured nodes represent the input and output data from each respective

matrix. The white nodes represent the multiplication and addition tasks.

constructed for the result for each of the output’s submatrices. Note that the number of
task trees to generate corresponds to the total number of output submatrices (i.e. one
task tree per submatrix). By offloading the computation of all tasks in each task tree
to secondaries, distributed matrix multiplication can occur. Note that the implemented
system can only generate task trees for square matrix multiplication (i.e. number of
rows equals the number of columns) with square submatrices. Additionally, similar
task trees can be implemented for other matrix multiplication algorithms, such as
Strassen’s algorithm. Due to time constraints, we have only implemented task trees for

conventional matrix multiplication.

ap |ajp|aiz|ai b11 | b1z | b1z | bia C11|Ci12|C13 Ci14 A1 (Bu1) (A1z) Bay
\ ey AN A AN s \ e
11— —— A1 1 - | Bz Cur—— ——C12 ¢ ‘ : -
ap1 |apz| a3 A4 « b21 | b2z |b23 | b2s C21|Ca22|C23 C24 2 >
a31|az2| A3z Az b31 | bsz | b3z | bag C31|C32|C33 Caq L4
Azy | Az Ba | f B2 Con1 Ca {
a4y | Q42| Q43 Q44 41| baz|baz | bas C41|Cs2|Cs3|Cag ~
1 1 1 1 1 L
(C1n)

Cu = An*Bn + A12*Bay

Figure 3.7: Diagram showing how the primary divides a matrix into block submatrices
and generates a task tree which can be computed to generate a given output block’s
value. The coloured nodes represent the input and output data from each respective
matrix. The white nodes represent the multiplication and addition tasks.

One challenge with task trees is when the number of multiplications or multiplica-
tions in a layer of the task tree is not a power of 2. As seen in figure 3.8, the result of an
excess multiplication task cannot be paired with another multiplication task for addition.
When this occurs, a new addition task is created and appended to the root of the task tree.

While doing this could lead to a bottleneck forming towards the root of the tree when

w

(Pa1)
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using multiple secondaries to execute a single task tree. This isn’t an issue in practice as
tasks from all trees are simultaneously executed using a first-in-first-out (FIFO) queue
(see section 3.5.1 for more on this). Assuming the number of trees generated is greater
than the number of available secondaries, no bottleneck should form.

e " . o o o Y :

A < > / >, ~ ) -~ b A - A
7 S . v

Figure 3.8: Diagram showing how excess tasks are handled in tree construction in 3x3
and 5x5 matrix multiplications. The excess tasks which cannot be paired with another
task in it’s layer has been highlighted in purple. The addition task appended at the root
of the tree is highlighted in orange.

As seen in figure 3.9, the data structure used to represent each task on the primary
is task_node_t. 1t contains information about the operation it represents in the form
of an enumeration that determines whether the task is for matrix addition or matrix
multiplication, an unsigned int corresponding to the id of the RPI currently executing
the task (see section 3.5.1 for more on this), two input 2D matrix structures, and a single
2D matrix result structure. In order to represent the order of the tree, each task node_t
structure also contains a pointer to its parent, left child, and right child task _node_t
structures. These pointers are null if the corresponding node is a leaf node or parent

node.

task_node t structure
) definition
unsigned int assigned worker
enumeration operation
matrix_t left
matrix_t right
matrix_t result

task_node_t* parent

task_node_t* left child
task_node_t* right child

Figure 3.9: Definition of task_node_t structure. This is used by the primary to represent

tasks.



Chapter 3. Implementation 18

3.4.3 Primary-secondary communication

As described in section 3.3, gRPC is used to facilitate primary-secondary communi-
cation across the RPI’s 1 Gb/s Ethernet port. gRPC communication operates through
definable services, which contain various methods that a gRPC client can trigger on a
gRPC server for computation [41]. Our system utilises a service called DistMultService
which runs on every RPI using gRPC’s internal server library. The primary can interact
with a given secondary’s gRPC server by running its own client instance using gRPC’s
internal client library. These internal libraries represent layers 4 and 3, respectively.

Communication between the client and service is done using DistMultService’s only
callable method called ComputeMatrix, which has an input stream of MatrixRequest
messages and an output stream of MatrixResponse. Asynchronous streams in gRPC
are a one way method of continuously sending or receiving data on the client or server
without blocking [41]. Each stream contains two methods that the client and server can
use: write and read operations [41]. Write operations are used to send data from the
client to the server or vice versa [41]. Read operations are used to receive incoming
data from the client/server [41].

There are two message types that are used in these streams, each represented by
C++ classes. The MatrixRequest class is made up of four unsigned integers and two
byte arrays. The unsigned integers contain information such as the type of operation to
perform (i.e. multiplication or addition), a task id, the row size of the two matrices, and
the column size of the two matrices. The byte arrays correspond to the 1D representation
(i.e. matrix_1d_t structure) of the left and right input matrices of a task. These messages
are sent using the input stream from the client (i.e. primary) to the server (i.e. secondary).
Similarly, the MatrixResponse class contains the task id, column and row sizes, and a
byte array for the 1D representation of the result matrix. These messages are used to
send data from the server to the client.

The DistMultClient (layer 2) and DistMultServer classes (layer 5) were created to
manage and interface all communications between the client and server of the gRPC
service. Each class effectively contains a member function to write data and a member
function called OnReadDone, which is called internally by gRPC when a piece of data
is read. As layers 1 and 6 were written in C, a C-based interface was also created to
instantiate, call member functions, and destroy these objects as needed. Note that a
separate DistMultClient must be created for each DistMultClient running on a secondary,

meaning N client objects will be created for N secondary devices.
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3.4.4 Task scheduler

One challenge common to the primary and secondary is balanced task allocation
between execution units. An execution unit is something that can consume multiple tasks
simultaneously. This task allocation challenge has been addressed by implementing a
hierarchical linked list with each entry representing an execution unit. Each entry is
made up of an id (i.e. which execution unit the entry corresponds to) and a resource
counter (i.e. how many tasks can the execution unit handle simultaneously). This id is
used by the primary/secondary to pass said task to the execution unit. See sections 3.5.1
and 3.5.3 for more on how this id is used. The maximum value of the resource counter
can be set as needed.

A component called task_scheduler_t was implemented to represent this hierarchical
linked list. The order of these entries in the list is descending based on the value of each
entry’s resource counter, with the entry with the highest counter being at the start of the
link list. There are two primary operations that can be performed on the linked list: 1)
consume a resource from the entry with the most resources, and 2) produce a resource
on a selected entry. Note that each operation is mutex-protected to ensure thread safety.

The resource consumption operation is used to gather the id of the next execution
unit to pass a task to. As seen in figure 3.10, resource consumption works by saving the
1d of the linked list’s head entry and decrementing the entry’s resource counter. Next,
the linked list is updated by moving the previous entry to a new position based on its
new resource value. The id is finally returned. If an entry in the linked list has zero
resources available after consumption, it is removed from the linked list completely. If
a resource consumption operation occurs and there are no entries in the linked list, the

operation will wait until an entry has been added.

1. Get Head Node
computation thread id

,/\D: 5\\‘ /\D.‘ l\-‘ /ID.' Bx-‘ ;/ID'. 2\.‘ ;/HJ'. J?\\ ﬁ/HJ'. 3\\ r/[D'. 1\\ f’/IDZ -3\‘ I‘//IDZ 2\ Computation thread id = 2

2. Decrement resource counter 3. Update linked list order 4. Return saved id

\Res:2 /™ Res:2 /™ \Res:1) |Res:1/™\Res:2/™\Res:1]) |Res:2/ ™| Res:1/ ™ Res:1)
N N N Y Y O O N N
Computation thread id = 2 Computation thread id = 2 Computation thread id = 2

Figure 3.10: Diagram showing how consumption operations are performed on a

task_scheduler_t to gather the id for the next computation thread buffer to read into.

The resource production operation works by first incrementing the resource counter
of the entry associated with a received computation thread id. It then reorders the linked
list to ensure the updated entry is at the correct position. If the entry was not in the

linked list as it had zero resources, it is added to the tail of the linked list.
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Figure 3.11: Diagram showing how production operations are performed on a

task_scheduler_t.

3.4.5 First-in-first-out queue

Another challenge common to the primary and secondary is passing ordered data
between threads. This has been handled by implementing a FIFO queue in a dedicated
structure called queue_t. This structure contains a linked list of entries with the head
node corresponding to the first-in entry. Each queue_t can have either push or pop
operations performed on it. The push operation works by creating a new node, storing
a pointer to some data, and then appending it to the end of the linked list. The pop
operation simply removes the head node and returns the pointer assigned to the original

head node. Both operations have been mutex-protected to ensure thread safety.

3.5 Task execution

3.5.1 Task and secondary allocation

As discussed in section 3.3, the primary must assign an idle task to a secondary device
to begin execution. This can effectively be thought of as a producer and consumer
problem in regards to executable tasks and the RPIs to allocate said tasks to. The layer’s
implementation is made up of two threads: the write thread (i.e. consumes tasks and
RPIs) and the read thread (produces tasks and RPIs).

Task production and consumption works using a queue_t, with the write thread
pulling tasks from the queue and the read thread pushing tasks to it. The queue
effectively contains all tasks that are leaf nodes in every single task tree. This is because
these nodes have all of their input data assigned to a buffer and hence can be computed.
The queue’s initial state contains all multiplication leaf nodes of every created task
tree. As seen in figure 3.13, the write thread simply gathers the head of the queue to
consume a resource. If no tasks are in the queue, the write thread will wait for a task to
be produced by the read thread.

One challenge with handling multiple RPIs is that gRPC requires that each gRPC



Chapter 3. Implementation 21

server connection have a DistMultClient. This means N client objects are required to
communicate with N RPIs. As seen in figure 3.12, this has been handled by using a
simple look-up table (LUT) of DistMultClient objects with each entry corresponding to
an RPI. Each LUT index corresponds to an RPI’s id. Tasks are sent from the primary to

one of the RPIs by selecting an id and using the corresponding DistMultClient object.

DistMultClient

RPI IDs LUT

------ obj

Number of

------ obj
RPIs

------ obj

wW| N »r| O

------ obj

Figure 3.12: Diagram showing the relationship between an RPI id and the DistMultClient
objects inside the primary’s gRPC LUT.

Ideally, tasks should be assigned evenly across the RPIs. This means id selection
should account for the number of tasks currently assigned to each RPI. This has been
handled using task_scheduler_t, with each entry corresponding to an RPI’s id from the
LUT and the number of resources corresponding to the number of tasks that can be
assigned to each RPI. The number of tasks per RPI depends on whether synchronous
or asynchronous operation is used. In synchronous, each of the RPI’s computation
threads can handle a single task. This means the number of tasks that can be assigned
to a single RPI is the number of computation threads (i.e. four tasks per RPI when
four computation threads per RPI). In asynchronous, each computation thread can
handle two tasks at a time (i.e. one for computation and one to be filled via background
communication). This means the number of tasks per RPI is two times the number
of computation threads (i.e. eight tasks per RPI when four computation threads per
RPI). To send a task to an RPI, the resource consumption operation outlined in section
3.4.4 is performed on the task_scheduler_t, and an id is returned. Task data is then sent
using the DistMultClient object corresponding to the returned id. As seen in figure
3.13, the write thread will effectively continue to send tasks to the RPI with the most
available resources (i.e. the least amount of assigned tasks) until there are no available
RPI resources or available task resources. Assuming there is no task bottleneck and the
time to receive the first result from an RPI is longer than the total allocation time, the
distribution of work sent to RPIs should be balanced.

As seen in figure 3.13, the read thread is reliant on messages sent to its inbound

queue_t from each RPI’s DistMultClient object. When a DistMultClient object receives
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the output of a task, the read thread is first sent the id of the RPI that has finished
executing a task. This causes the read thread to free up a resource used by the RPI’s
entry in the task_scheduler_t by using the produce operation outlined in section 3.4.4.
The read thread then receives the completed task, causing it to potentially produce a
new task using a task clean-up operation. This operation removes the now computed
task from the task tree and passes a pointer of the result data to the input of it’s parent
node. If the parent node has input data from both children after passing the pointer, a

new task is ready to be computed and is pushed to the back of the task queue.

Write Read
Thread thread
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task queue <*==13 ™ DistMultClient objects
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Get id's corresponding
— DistMultClient object
and send task

Figure 3.13: Flow chart of interaction between the read and write thread. Dotted lines

represent creation of additional shared resources.

3.5.2 Primary gRPC interface

As discussed in section 3.3, the DistMultClient class is used as an interface between
the read/write threads and the internal gRPC client library. This class has two primary
purposes: 1) to send data from a task to the object inside the write thread using write
operations, and 2) to notify the read thread of data received for the corresponding RPI
using read operations.

The DistMultClient effectively operates as a simple extension of the producer-
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consumer paradigm between the read and write threads. Each DistMultClient object
must be able to handle at least the maximum number of tasks that can be assigned to it’s
corresponding RPI. As each task may be executed on different cores on the RPI, there is
no guarantee these tasks will be returned in the order they are sent. Due to this, an LUT
of tasks with an associated task id has been introduced (see figure 3.14). This task id has
a producer-consumer paradigm where sending a message consumes an LUT slot and
receiving a response produces a new LUT slot using a C++ queue of task ids. When the
write thread sends a message via gRPC, it calls the SendTask DistMultClient member
function and passes a task as an argument. This task is assigned a task id from the task
id queue, causing a pointer to the task to be stored in the task LUT. All required data
is then copied to a MatrixRequest message, including the task id, which will be later
returned in the corresponding MatrixResponse message. This message is then passed
into the internal gRPC client library using a write operation, where it will eventually
be sent, allowing the write thread to continue it’s iteration. Note that there could be a
significant delay from the time of passing the message to the internal gRPC library to

when the message is actually sent through Ethernet.

Task IDs Task* LUT

+ ----- ptr
+ ----- ptr
e ptr
+ ----- ptr

Number of
buffers per
RPI

W N k| O

Figure 3.14: Diagram showing the relationship between a task id and the task buffer

used by each DistMultClient object.

The DistMultClient object contains a callback function called OnReadDone, which
is called from the internal gRPC library when a MatrixResponse message is received
from the RPI during a read operation. When called, the DistMultClient first sends
the it’s associated RPI id to the read thread. This allows the read thread to update
the number of resources the RPI has available, hence allowing the next write to begin
without delay. Next, the task id is gathered from the MatrixResponse object. Using this
task id, the task corresponding to this message is gathered from the task LUT. The task
id is then added to the end of the DistMultClient’s task id queue so it can be consumed
for additional sends. The 1D matrix data received inside the MatrixResponse object is
then copied into the 2D matrix buffer of the task. The task is finally sent to the reader

thread so additional tasks can be produced.
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3.5.3 Secondary gRPC interface

As discussed in section 3.3, each RPI has a DistMultServer object, which is responsible
for interacting between the computation threads and the internal gRPC server library.
Upon receiving data inside a MatrixRequest object, all necessary data is offloaded and
passed to a computation thread inside a task_compute_data_t. This contains all the
data required for matrix computations, including two input matrix_1d_t structures, an
enumeration value determining whether a multiplication or addition operation is to
occur, and a matrix_1d_t structure to store the output. It similarly passes result data in
the form of a task_compute_result_t from each computation thread and sends it to the

primary. The definition of these can be seen in figure 3.15.

task_compute data t task_compute_result_t
structure definition structure definition
rvoid* DistMultServer handle rvoid* DistMultServer handle |
unsigned int task id unsigned int computation thread id
unsigned int buffer id unsigned int task id

[ unsigned int buffer id

enum operation
matrix_1d_t left
matrix_1d_t right
matrix_1d_t result

Figure 3.15: Definition of task_compute_data_t and task_compute_result_t structures. This

is used by the secondary’s computation threads to receive and send messages.

One challenge posed by using gRPC is that the byte arrays inside both MatrixRequest
and MatrixResponse are represented by C++ strings. Ideally, we want each computation
thread to have its own set of buffers to benefit from cache locality. Due to this, a method
is required to directly map these C++ buffers to each computation thread. This has
been handled by assigning each computation thread a set number of stack-allocated
MatrixRequest objects (used for reading inbound messages), task_compute_data_t struc-
tures (used to store messages to computation threads), MatrixResponse objects (used to
send data), and the computation thread queue_t structure (used for writing outbound
messages) inside a number of single/multi-dimensional LUTs. As discussed in section
3.3, the number of tasks assigned to each computation thread depends on whether
synchronous or asynchronous operation is used. If synchronous operation is used,
the LUT is single dimensional, with each computation thread only having a single
MatrixRequest, task_compute_data_t and MatrixResponse associated with it, however,
if asynchronous operation is used, each computation thread instead has two of each

buffer type.
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Figure 3.16: Diagram showing the relationship between the computation thread and
buffer ids and the buffers inside the secondary’s LUTs.

Ideally, task execution should be spread evenly across an RPI’s computation threads.
One challenge with implementing this is that gRPC requires a MatrixRequest object to
be specified before beginning the next read. As each buffer is directly associated with
a computation thread, a buffer management system was implemented to select which
computation thread will compute the next inbound task. This was done by tracking the
number of tasks allocated to each computation thread using a task_scheduler_t, with each
entry corresponding to a computation thread and each resource counter corresponding
to the number of available MatrixRequest objects. Using a consumption operation,
a computation thread is selected, and the next read will feed into it’s corresponding
MatrixRequest object in the LUT. As asynchronous assigns two MatrixRequest objects
per thread, the least recently used MatrixRequest object will be used for the next read.

A flow chart of the read and write operations inside the DistMultServer class can be
seen in figure 3.17. When the DistMultServer is reading, a MatrixRequest object from
the LUTs is used, with its corresponding computation thread id being saved. When
OnReadDone is called, this stored id is used to determine which MatrixRequest object
contains the incoming data. A new read is then potentially initiated using another LUT
buffer if a computation thread has an available resource. Next, critical information,
including the buffer id, the operation to perform, and the matrix dimensions, are stored
inside the matrix_compute_data_t in the LUT slot with the same buffer id. Direct
pointers for the buffers from the MatrixRequest and MatrixResponse with the same
buffer id are then passed to the matrix_compute_data_t’s input and output matrix_1d_t
structures. This is possible as the data format used for the inbound matrix buffers is
already in the 1D representation. Not only does doing pointer copying prevent the need
for an additional copy from one buffer to another, it also offers cache benefits as the
computation thread will likely already have the cache lines from each buffer in memory,

allowing for write-back benefits from the Cortex A76’s MESI cache coherency protocol.
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The matrix_compute_data_t is then sent to the corresponding computation thread using
the queue_t with the same buffer id.

Write operations have been handled by using a separate thread internal to the
DistMultServer class. It operates by simply waiting for task_computation result_t
structures to be pushed into it’s queue_t. Upon receiving a structure, the computation
and buffer ids are used to determine which MatrixResponse is ready to be sent. Basic
information included in the task_computation_result_t such as the task id are then
attached to this MatrixResponse object. Note that no memory copies are necessary
as the computational thread directly stores the computation results into this object’s
result buffer. If no MatrixRequest buffer is currently being used for reading, the least-
recently used MatrixRequest object is then used to start a new read. If a MatrixRequest
buffer is already being used for reading, a resource is instead freed using the received

computation thread id.
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Figure 3.17: Flow chart demonstrating how read and write operations occur within
DistMultServer. Note that DistMultServer performs writes within a dedicated write thread
and performs reads inside it's OnReadDone callback function which is controlled by a

thread inside the internal gRPC server library.



Chapter 3. Implementation 27

3.5.4 Secondary task execution

As discussed in section 3.3, each RPI contains a number of computation threads that
are used to perform matrix multiplication and addition tasks. As seen in figure 3.18,
these threads operate primarily using two queue_t structures as input and output. Each
thread initially waits for its input queue to for a task_compute_data_t structure to be
received from the gRPC interface. Upon receiving the task_compute_data_t structure,
the input matrix_ld_t structures are then used to either perform matrix multiplication or
matrix addition using the 1D matrix algorithms described in section 3.4.1 depending
on the value of the received enumeration. Once computed, the result is stored inside a
stack-allocated task_compute _result_t structure, which is sent to the DistMultServer’s
output queue. The thread then waits idle until another input matrix is received.

As discussed in section 3.1, the RPI contains four Cortex A76 cores, meaning the
maximum number of computation threads is four, with each thread being pinned to
a single core of the RPI. This is done to prevent the operating system’s kernel from
unnecessarily interacting with computation threads, causing task computation delays
and cache flushing. The number of computation threads used is varied at compile time

using compiler tags.
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Figure 3.18: Diagram showing the flow of execution used by the secondary’s computation

threads.



Chapter 4
Evaluation

This chapter outlines the testing and evaluation conducted on the implemented dis-
tributed matrix multiplication system. This includes a description of methods used to
validate system behaviour. In addition, two different experiments have been outlined
in this chapter to analyse single device scalability and multi device scalability of the

synchronous and asynchronous RPI strategies.

4.1 System validation

Before conducting the experiments outlined in section 4.2, the implementation outlined
in section 3 was validated. The primary method of system validation was log analysis
of primary and secondary device operation, and a use of the gdb debugger. System
performance was analysed using these as additional features were added. In addition,
numerous assertions were placed throughout the code to catch invalid states as they
occur, such as an assertion to ensure RPI actually has resources before sending a task or
that the final multiplication result generated by the system was correct. The system was
able to successfully compute the matrix multiplication of two 11,800 x 11,800 matrices
using a submatrix size of 295 x 295 using three RPIs each with four computation threads.
This corresponds to 64,000 matrix multiplication and 62,400 addition tasks successfully
completed without an assertion arising. Additionally, no assertion arose due to invalid
states, nor did the system fail to generate a correct result when computing this large
matrix and the various simulations described in sections 4.5 and 4.6. These two facts

are indicative of the implemented system’s robustness.

28
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4.2 Evaluation methodology

Three metrics have been primarily used to evaluate the performance of the synchronous

and asynchronous multiplication systems. These are:
1. Total clock time of completing all tasks (Total clock time).
2. Total clock time of completing all multiplication tasks (Total mult time).
3. Total clock time of completing all addition tasks (7otal add time).

The total clock time is measured from when the write thread on the primary sends
it’s first task to a DistMultClient object to when the read thread receives it’s last task.
Similarly, the total multiplication/addition clock time is measured from when the first
multiply/addition task is sent to when the final multiplication/addition task is received
by the read thread. Note that the sum of the total multiplication time and the total
addition time does not necessarily equal the total time taken as an add task may be sent
to an RPI before the final multiplication task has been handled by the primary. Changes
in clock time should be indicative of the system’s scalability.

We are also interested in identifying challenges in system scalability; hence, a
model of synchronous and asynchronous tasks was created, with the various associated
time costs being measured. As seen in figure 4.1, the theoretical time taken for each
synchronous task from the secondary computation thread’s perspective is the time
spent performing the required matrix addition/multiplication (i.e. mult cost and add
cost) added with the time spent sending/receiving data (i.e. comm cost). In reality,
there is an additional time cost (i.e. addi cost) that occurs on the secondary when
transferring data between the DistMultServer object and a computation thread. This
is the time spent transferring data from DistMultServer’s OnReadDone function to a
computation thread (i.e. setup time), the time a data_compute result_t spends waiting
inside DistMultClient’s output queue for handling, and the time spent passing received

data_compute_result_t into a MatrixResponse before beginning a gRPC write.

Synchronous theoretical task cost

R“F"WE r"'l_”'-"p'“d Sf-""d Communication cost = Send Time + Receive time

Time Tme Time Additional cost = Setup time + Wait time + Setdown time
Mult cost = Mult time
Add cost = Add time

Synchronous actual task cost

Receive Setup MultAdd Whait Set down Send
Time Time Time Time Time Time

Figure 4.1: Diagram of the theoretical and actual time costs with synchronous tasks.
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Asynchronous operates by filling a second set of task buffers in the background of
another task’s matrix multiplication/addition computation; hence, the theoretical time
taken for each asynchronous task from the secondary computation thread’s perspective
is the time taken for each matrix multiplication/addition. In reality, there will likely be
time spent waiting in between finishing the one task computation and receiving the next
task on the computation thread’s input queue. This time must be added to the mult/add
time (i.e. idle cost).

Three further metrics were gathered to evaluate whether communication or compu-

tation is a bottleneck when performing matrix multiplication tasks:
1. Multiplication input data rate (i.e. Mult data rate).
2. Communication data rate (i.e. Comm data rate).
3. Effective data rate (i.e. Eff data rate).

Multiplication input data rate is the rate at which input data is consumed during
matrix multiplication. This is calculated by taking the total size of a single task’s input
matrices in bytes and dividing it by the average time taken for each task’s on-device
matrix multiplication. This can be seen in Equation 1, where n? is the row size of
each of the task’s square input matrix, #,, is the average time spent performing matrix
multiplication, N,,; is the number of RPIs, and N;j¢4q 1s the number of computation
threads per RPI. Note that n is multiplied by a factor of two as there are two input
matrices and a factor of four due to each signed integer being 4 bytes on the Cortex
A76 [39].

Equation 1: Mult data rate = N,p;* Nipreaq * (2 4 % n) /tm

The effective communication data rate is the rate at which data is effectively trans-
mitted via gRPC. This is calculated by taking the total amount of bytes sent per task and
dividing it by the average communication cost per task. This can be seen in Equation 2,
where #.omm 18 the average communication cost. Note that n?is multiplied by a factor of
three as three matrices are sent during communication and a factor of four due to each

signed integer being 4 bytes on the Cortex a76 [39].
Equation 2: Comm data rate = (3 x4 n?) /teomm

The effective data rate is the effective rate at which input data is consumed when

executing each multiplication task. This is calculated by taking the total size of a single



Chapter 4. Evaluation 31

task’s input matrices in bytes and multiplying it by the number of multiplication tasks,
and then dividing it by the total multiplication time. This can be seen in Equation 3,
where N, 1s the number of multiplication tasks computed and 7;,,,,;; is the total mult

time.

Equation 3: Eff data rate = N,ags % (2% 4 % n%) | Ty

4.3 Metric gathering

A metric gathering system was implemented to record the metrics outlined in section
4.2 from each distributed matrix multiplication run. This has been done by using
Linux’s internal clock_gettime function, which can be used to determine elapsed time
at nanosecond resolution [42]. As some time was tracked on the secondary’s side, this
information was passed back inside MatrixResponse messages in the form of doubles.
Given the matrix sizes used for evaluation were in the magnitude of kBs, these additional
bytes should have minimal effect on the overall communication time. Additionally,
RunStats and RpiStats C++ classes were implemented to track each desired metric.
RunStats is primarily used to track the system’s overall times while RpiStats is primarily
used to track the times associated with each individual RPI (i.e. each DistMultClient
object contains it’s own RpiStats object where it places various timings for that specific
RPI upon receiving data inside the client’s OnReadDone function). Data gathered
by these classes can be exported to a CSV file if needed upon completing all matrix

multiplication tasks.

4.4 Evaluation limitations

The main limitation of the experiments outlined in sections 4.5 and 4.6 is the perfor-
mance of the primary. As discussed in section 3.2, we assume the primary has infinite
computation capabilities and communication bandwidth. This is not true for the experi-
ments, as a laptop with a 6-core AMD Ryzen 5 7640U and a 2.5 Gbps Ethernet link was
used as the primary. Given that the purpose of this work was to focus on the scalability
of the RPI itself, the primary’s code implementation is not necessarily optimal and
could cause further bottlenecks. Both of these factors effectively mean the scalability of

the primary will play a factor as the number of computation threads and RPIs is varied.
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4.5 Single device scalability

The objective of this experiment was to determine whether the synchronous and asyn-
chronous systems were scalable as the number of computation threads was varied on the
secondary. As seen in figure 4.2, the experiment was set up by running the secondary
application on a single RPI 5 and connecting it to the primary via a 1 Gb/s Ethernet link.
This experiment entailed running various matrix multiplication tasks, measuring the
various total times, and analysing whether linear improvements were observed as the
number of computation threads was varied from one to four (i.e. one for each Cortex
A76 core). To ensure a fair test, the experiment was run with submatrix sizes, which
caused the total buffer sizes used by each RPI core to be at approximately L1, L2, and
L3 cache sizes (i.e. the sum of matrix A, B, and C buffers for synchronous, and the sum
of matrix A, B, and C buffers multiplied by a factor of two for asynchronous). This
corresponds to submatrix sizes of 70 x 70, 208 x 208, and 410 x 410 for synchronous,
and 52 x 52, 147 x 147, and 295 x 295 for asynchronous. Not only does using these
submatrix aid in minimising cache misses, it also gives an indication of whether there
is an ideal submatrix size for both systems. The outer matrix size used for the exper-
iment was chosen to be five times the chosen submatrix size (i.e. a 350x350 outer
matrix is used for a 70x70 submatrix). This means each experiment will execute 125

multiplication tasks and 100 addition tasks at the given submatrix size.

F’rimary RPI
Device

1 Gb/s
Ethernet

Figure 4.2: Diagram of single device experiment.

This section will offer an overview of key aspects from the results, however, the
full set of results is available in Appendix A. Tables 4.1 and 4.2 display the total
times and task costs from executing at 410x410 and 295x295 submatrix sizes using
the synchronous and asynchronous strategies, respectively. Both approaches saw total
multiplication time decrease by ~ 2x and ~ 3x when using two and three threads,
respectively, implying near-perfect scalability. Despite this, there is a drop off to
~ 3.75x when using four threads. This drop off is likely due to the computation thread
sharing a core with the gRPC. Not only does this cause numerous context switches due
to the gRPC and computation thread sharing execution time, these context switches

can also cause an increase in cache misses due to gRPC and the computation thread
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likely working with different data. Interestingly, the total add time did not decrease
linearly with additional threads for any submatrix size. This is because the matrix
addition time is significantly shorter than the communication cost for a given matrix
size, meaning little benefit is offered from additional threads as the Ethernet’s bandwidth
will effectively be saturated. Another key point is that the respective average additional
and idle costs when using synchronous and asynchronous were minimal, implying
operations outside of directly computing tasks and sending data have little effect on
overall system performance. Note that these costs do rise when using four computation
threads, though this is likely due to the gRPC threads waiting for processor time before
being able to handle outbound data.

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)
1 Thread 83.382919 81.349977 2.684011 0.020414 0.628687 0.000026
2 Thread 42.175365 (1.98x) 41.340792 (1.97x)  1.492626 (1.80x)  0.022142 0.632777 0.000050
3 Thread 28.149070 (2.96x) 27.365983 (2.97x)  1.439219 (1.86x)  0.024781 0.628498 0.000059
4 Thread 21.748822 (3.83x) 21.707201 (3.75x)  1.374750 (1.95x)  0.024082 0.645349 0.000816

Table 4.1: Table of total times and task costs when performing synchronous multiplication

of two 2050x2050 matrices using 410x410 block sizes with one to four computation

threads.

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)
1 Thread 29.979391 29.350825 1.098870 0.011331 0.234638 0.002518

2 Thread 15.194023 (1.97x) 14.758651 (1.99x)  0.905860 (1.21x)  0.014708 0.234498 0.004256

3 Thread 10.241340 (2.93x) 9.880388 (2.97x) 0.835543 (1.32x)  0.017647 0.234537 0.005583

4 Thread 7.974954 (3.76x)  7.803008 (3.76x) 0.858051 (1.28x)  0.019131 0.241335 0.006617

Table 4.2: Table of total times and task costs when performing asynchronous multiplica-
tion of two 1475x1475 matrices using 295x295 block sizes with one to four computation

threads.

Tables 4.3 and 4.4 display the various data rates from executing at 410x410 and
295x295 submatrix sizes using the synchronous and asynchronous strategies, respec-
tively. In general, the effective data rate at each size corresponded closely with the
multiplication data rate. This makes sense as the average communication cost is sig-
nificantly lower than the average multiplication cost, meaning the bottleneck is the
computation time. Additionally, asynchronous was generally found to have a faster
effective data rate than its synchronous counterpart when performing multiplication

tasks at all submatrix sizes and thread configurations. While some of this benefit is
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due to asynchronous’ background communication, the benefit is likely primarily due
to the use of smaller submatrix sizes. Consider the multiplication data rates in tables
4.3 and 4.4. Asynchronous’ multiplication data rate is significantly faster despite this
measurement only accounting for matrix multiplication time. This is expected behaviour
if we consider that smaller matrix sizes correspond with faster matrix multiplication
rates due to fewer cache misses at each cache level (see section 3.1). Additionally, little
benefit is offered by asynchronous, as the average communication cost is significantly
smaller than the average mult cost. This means the penalty associated with having each
computation thread idle for communication in synchronous is effectively negligible.

Despite this, further experimentation is required to validate this hypothesis.

Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 Thread 125 2.139 98.814 2.066
2 Thread 125 4.250 91.103 4.066
3 Thread 125 6.419 81.410 6.143
4 Thread 125 8.335 83.764 7.744

Table 4.3: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing synchronous multiplication of two 2050x2050

matrices using 410x410 block sizes with one to four computation threads.

Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 Thread 125 2.967 92.163 2.965
2 Thread 125 5.938 71.002 5.897
3 Thread 125 8.905 59.177 8.713
4 Thread 125 11.539 54.587 11.153

Table 4.4: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 1475x1475
using 295x295 block sizes with one to four computation threads.

Interestingly, non-linear behaviour multiplication time was observed due to a com-
munication bottleneck when conducting experiments at 70x70 and 52x52 submatrix
sizes for the synchronous and asynchronous strategies, respectively (see Table 4.5).
Consider the effective communication and multiplication data rates when using four
threads in Table 4.6. The communication rate is 32.325 MB/s, while the multiplication
rate is 39.132 MB/s. This effectively means computation threads will be consuming

input data faster than task input data is passed into the RPI due to a communication
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bottleneck. This bottleneck effectively negates the added benefit from the fourth ex-
ecution thread. Additionally, the effective communication rate is significantly below
the theoretical limit of 125 MB/s offered by the Ethernet, highlighting an issue with
gRPC when using smaller data sizes. One potential cause for this poor performance is a
high overhead cost when sending each message within asynchronous gRPC streaming.
This cost could be longer than the actual transmission itself at small data sizes, though
further investigation is required to validate this. Assuming this communication problem
could be addressed, using small block sizes will likely offer the best effective data rate
due to L1 cache’s significantly faster multiplication time. We should also note that the
measured effective communication data rate worsened as more computation threads
were added. This is likely due to a bottleneck within the gRPC implementation on the

primary’s side when sending more data simultaneously.

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)

1 Thread 0.838796 0.666351 0.177484 0.001774 0.003328 0.000009
2 Thread 0.427328 (1.96x) 0.345663 (1.93x) 0.086718 (2.05x)  0.001697 0.003577 0.000018
3 Thread 0.286247 (2.93x) 0.241358 (2.76x) 0.050105 (3.54x)  0.001563 0.003764 0.000021
4 Thread 0.267144 (3.13x) 0.224400 (2.97x) 0.048630 (3.64x)  0.001819 0.004007 0.000395

Table 4.5: Table of total times and task costs when performing synchronous multiplication

of two 350x350 matrices using 70x70 block sizes with one to four computation threads.

Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 Thread 125 11.779 33.145 7.353

2 Thread 125 21.918 34.649 14.176
3 Thread 125 31.243 37.620 20.302
4 Thread 125 39.132 32.325 21.875

Table 4.6: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing synchronous multiplication of two 350x350

matrices using 70x70 block sizes with one to four computation threads.

4.6 Multi device scalability

The objective of this experiment was to determine whether the synchronous and asyn-
chronous systems were scalable as the number of secondary RPIs was varied. As

seen in figure 4.3, the experiment was set up by running the secondary application
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on a number of RPI 5 devices, which are each connected to a switch using a 1Gb/s
Ethernet link. Additionally, the primary was also connected to the switch using a 2.5
Gb/s Ethernet link. Similar to the single device scalability experiment, the various total
times were measured and analysed as the number of RPIs used was varied from one to
three. Ideally, the total mult time should linearly decrease based on the total number
of computation threads, irrespective of the number of RPIs used. Due to this, each
RPI configuration was run using one to four computation threads. Additionally, the
experiment was run with submatrix block sizes corresponding to the L3 cache sizes
(i.e. 410x410 for synchronous and 295x295 for asynchronous) as it offered good single
device scalability with little to no communication bottleneck. This section will offer

an overview of key aspects from the experiments, the full set of results is available in

Appendix B.
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Figure 4.3: Diagram of multi device experiment. The number of RPIs connect to the

switch varies between one and three.

figure 4.4 shows the total mult time decrease as the number of computation threads
was varied when running experiments with one to three RPIs. In general, the number of
computation threads almost linearly decreases total multiplication time until it reaches
eight threads, where the benefit of additional threads tapers off.

This drop off is likely due to a communication bottleneck forming with additional
computation threads. The theoretical inbound data rate on the RPI is 125 MB/s (see
section 3.1), meaning the communication rate for each RPI should be near this limit,
however, this is clearly not always the case as the number of computation threads was
increased during the multi device experiment. Consider the data rates when performing
synchronous and asynchronous multiplication from using three RPIs with one to four
computation threads in figure 4.5. The effective data rate generally aligns with the
multiplication data rate. Despite this, the communication rate appears to drop with

additional computation threads. The communication data rate eventually drops below



Chapter 4. Evaluation 37
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Figure 4.4: Plots of the total multiplication time decrease as total computation thread
count varies when using synchronous and asynchronous operation. Different coloured
lines correspond when different number of total RPIs are used. Note that the yellow line

corresponds to perfect linearity at each computation thread count.

the multiplication data rate, causing a communication bottleneck (i.e. the effective data
rate no longer aligns with the multiplication data rate). Two potential causes for this
bottle are: 1) the primary is utilising its full Ethernet bandwidth and is hence unable to
transmit data to RPI at the theoretical rate, and 2) the primary’s implementation has a

bottleneck that is affecting the communication data rate.
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Figure 4.5: Plots of the data rates as total computation thread count varies when using

synchronous and asynchronous operation on three RPlIs.

To test the first hypothesis for the low communication data rate, the experiment was
run again using three RPIs each with four computation threads, with the outbound data
rate sent from the primary to all secondaries being measured using Wireshark [43]. The
outbound data rate when performing multiplications was measured to be ~ 37MB/s,

which corresponds almost exactly to the total bandwidth required to feed three RPIs at a
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rate of 12.235 MB/s (i.e. 3% 12.235 MB/s ~ 37MB/s), meaning the primary’s Ethernet
is not the bottleneck.

The bottleneck is likely caused by the primary’s implementation failing to scale
and not the secondary. As discussed in section 4.5, minimal change was observed
in the additional and idle times when increasing the number of threads. Given that
each secondary operates independently from each other due to the primary-secondary
communication model, these values should remain the same, assuming the primary
scales ideally for each additional device. As seen in figure 4.6, this is not the case as the
additional cost and idle cost both increase when more RPIs are used during the multi
device scalability experiment. This implies the primary itself is failing to scale. Further
investigation is required to determine which aspect of the primary is failing the scale.

Two potential culprits include the gRPC’s internal library and the software architecture

used by the primary.
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Figure 4.6: Plots of additional and idle cost for synchronous and asynchronous respec-
tively as total computation thread count varies. Different coloured lines correspond when

different number of total RPls are used.



Chapter 5
Conclusion

This chapter evaluates the project’s success based on the objectives set in Chapter 1 and
summarises the results gathered from the various experiments conducted in Chapter 4.

Additionally, potential future project work has been evaluated and considered.

5.1 Key findings

This project aimed to develop a suitable framework for distributing large matrix multi-
plication across numerous RPIs. This was achieved through developing a task-based
primary-secondary framework which successfully performs distributed matrix mul-
tiplication across multiple RPIs using the synchronous and asynchronous modes of
operation via Ethernet using gRPC.

Two experiments were conducted to evaluate the implemented system’s scalability
on a single and multiple RPIs. Each of these experiments analysed system perfor-
mance based on the total time from the primary’s perspective, the costs associated with
each task from the secondary’s perspective, and the rate at which data passed from
the primary to the secondary is consumed. It was found that both synchronous and
asynchronous generally offered near-linear scalability with each additional core-pinned
computation thread on a single device. Diminishing returns was observed when us-
ing four computation threads due to time sharing between a computation thread and
gRPC communication. While a communication bottleneck was observed when using
L1 cache-sized buffers, the system generally had a higher effective data consumption
rate when smaller submatrix block sizes were used. Additionally, both synchronous
and asynchronous had near-linear scalability when using additional RPIs, with a per-

formance drop off as the total number of computation threads increased. The cause

39
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of this dropoff was identified to be likely casued by a bottleneck in how the primary
on-loads and off-loads tasks to the secondaries. If challenges in the primary were
addressed, near-linear scalability is probable as the number of RPIs and computation

threads increases.

5.2 Limitations and future work

Both the single-device and multi-device scalability experiments have key limitations that
must be considered. We assumed that there exists a primary with infinite computation
and communication capabilities. We attempted to demonstrate these using a simplistic
primary-secondary-based distributed system that assumes the primary has infinite
computation and communication capabilities. In our experiments, our primary was
limited by it’s hardware and the primary’s code implementation. These likely affected
the communication data rate as the number of computation threads increased, causing a
bottleneck. Due to this, this current implementation is not suitable for large scalability
across hundreds of RPIs, which would likely be required to offer comparable to a
state-of-the-art HPC cluster.

Future work tends to fall into two categories: 1) improving the current primary-
secondary-based system, and 2) expanding work to use more sophisticated architectures.
In terms of system improvements, the primary’s implementation was identified as the
likely culprit in diminishing scalability with additional RPIs. This could be investigated
and addressed to develop a more optimised system. Additionally, our task allocation
system is very simplistic, as we treat each RPI core as a separate computation unit.
Investigations could be done to see if utilising all RPI cores to execute a single task
using a parallel matrix multiplication algorithm is a better approach. Additionally,
each task was independent and required both input matrices to be transmitted for each
task. Given that contemporary distributed matrix multiplication systems utilise local
storage to optimise communication time, perhaps the primary and secondaries can
take advantage of this through intelligent task allocation. Additionally, little literature
exists on the scalability of contemporary distributed matrix multiplication algorithms
on edge devices. Future work could integrate these systems into the existing framework
and conduct experiments to determine their viability on RPI 5s. Given that many
contemporary systems rely on all-to-all communication, they will likely struggle with
scalability when using hundreds of RPIs. Work could then be done to determine whether

a tree-based distributed topology aid in achieving scalability using hundreds of RPIs.
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Appendix A

Single device scalability results

A.1 Synchronous results

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)

1 Thread 0.838796 0.666351 0.177484 0.001774 0.003328 0.000009
2 Thread 0.427328 (1.96x) 0.345663 (1.93x) 0.086718 (2.05x)  0.001697 0.003577 0.000018
3 Thread 0.286247 (2.93x) 0.241358 (2.76x) 0.050105 (3.54x)  0.001563 0.003764 0.000021
4 Thread 0.267144 (3.13x) 0.224400 (2.97x) 0.048630 (3.64x)  0.001819 0.004007 0.000395

Table A.1: Table of total times and task costs when performing synchronous multiplication

of two 350x350 matrices using 70x70 block sizes with one to four computation threads.

Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 Thread 125 11.779 33.145 7.353

2 Thread 125 21.918 34.649 14.176
3 Thread 125 31.243 37.620 20.302
4 Thread 125 39.132 32.325 21.875

Table A.2: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing synchronous multiplication of two 350x350

matrices using 70x70 block sizes with one to four computation threads.
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Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)

1 Thread 11.639586 11.093248 0.634177 0.005664 0.082346 0.000015
2 Thread 5.914058 (1.97x) 5.658569 (1.96x) 0.342962 (1.85x)  0.006255 0.082741 0.000035
3 Thread 4.005656 (2.91x) 3.761507 (2.95x) 0.332185 (1.91x) ~ 0.007032 0.082665 0.000054
4 Thread 3.165573 (3.86x) 2.952456 (3.76x) 0.324228 (1.96x)  0.008482 0.084373 0.000306

Table A.3: Table of total times and task costs when performing synchronous multiplication

of two 1040x1040 matrices using 208x208 block sizes with one to four computation

threads.
Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)
1 Thread 125 4.203 91.661 3.900
2 Thread 125 8.366 83.001 7.646
3 Thread 125 12.561 73.829 11.502
4 Thread 125 16.409 61.208 14.654

Table A.4: Table of the multiplication input data rate, effective communication data rate

and effective data rate when performing synchronous multiplication of two 2040x2040

matrices using 208x208 block sizes with one to four computation threads.

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)
1 Thread 83.382919 81.349977 2.684011 0.020414 0.628687 0.000026
2 Thread 42.175365 (1.98x) 41.340792 (1.97x)  1.492626 (1.80x)  0.022142 0.632777 0.000050
3 Thread 28.149070 (2.96x) 27.365983 (2.97x)  1.439219 (1.86x)  0.024781 0.628498 0.000059
4 Thread 21.748822 (3.83x) 21.707201 (3.75x)  1.374750 (1.95x)  0.024082 0.645349 0.000816

Table A.5: Table of total times and task costs when performing synchronous multiplication

of two 2050x2050 matrices using 410x410 block sizes with one to four computation

threads.
Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)
1 Thread 125 2.139 98.814 2.066
2 Thread 125 4.250 91.103 4.066
3 Thread 125 6.419 81.410 6.143
4 Thread 125 8.335 83.764 7.744

Table A.6: Table of the multiplication input data rate, effective communication data rate

and effective data rate when performing synchronous multiplication of two 2050x2050

matrices using 410x410 block sizes with one to four computation threads.
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A.2 Asynchronous results

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)

1 Thread 0.279061 0.205391 0.076680 0.001614 0.001350 0.000442
2 Thread 0.135048 (2.07x) 0.101609 (2.02x) 0.036305 (2.11x) ~ 0.001324 0.001427 0.000332
3 Thread 0.109998 (2.54x) 0.073394 (2.79x) 0.039690 (1.93x)  0.001430 0.001395 0.000540
4 Thread 0.106473 (2.62x) 0.072277 (2.84x) 0.038353 (2.48x)  0.001701 0.001496 0.000864

Table A.7: Table of total times and task costs when performing asynchronous multipli-
cation of two 260x260 matrices using 52x52 block sizes with one to four computation

threads.

Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 Thread 125 16.024 20.104 13.165
2 Thread 125 30.318 44.411 26.612
3 Thread 125 46.520 41.119 36.842
4 Thread 125 57.840 19.087 37.411

Table A.8: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 260x260

using 52x52 block sizes with one to four computation threads.

Thread # Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)

1 Thread 3.837359 3.675685 0.216154 0.003264 0.029249 0.000636
1.977329
2 Thread (1.94%) 1.847551 (1.99x) 0.187388 (1.15x)  0.004416 0.029218 0.001161
.94x
1.355275
3 Thread 2.83) 1.234331 (2.98x) 0.179253 (1.19x)  0.005409 0.029044 0.001658
.83x.
4 Thread 1.098109 (3.59x) 0.997508 (3.68x) 0.180410 (1.20x)  0.006955 0.030444 0.002178

Table A.9: Table of total times and task costs when performing asynchronous multiplica-
tion of two 735x735 matrices using 147x147 block sizes with one to four computation

threads.
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Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)
1 Thread 125 5.910 79.445 5.879

2 Thread 125 11.833 58.720 11.696

3 Thread 125 17.856 47.940 17.507

4 Thread 125 22713 37.284 21.663

Table A.10: Table of the multiplication input data rate, effective communication data rate

and effective data rate when performing asynchronous multiplication of two 735x735

using 147x147 block sizes with one to four computation threads.

Thread # Total Time (s)

Total Mult Time (s)

Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)

1 Thread 29.979391

2 Thread 15.194023 (1.97x)
3 Thread 10.241340 (2.93x)
4 Thread 7.974954 (3.76x)

29.350825
14.758651 (1.99x)
9.880388 (2.97x)
7.803008 (3.76x)

1.098870 0.011331
0.905860 (1.21x)  0.014708
0.835543 (1.32x)  0.017647
0.858051 (1.28x) ~ 0.019131

0.234638 0.002518
0.234498 0.004256
0.234537 0.005583
0.241335 0.006617

Table A.11: Table of total times and task costs when performing asynchronous multiplica-

tion of two 1475x1475 matrices using 295x295 block sizes with one to four computation

threads.
Thread # Mult task # Mult data rate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)
1 Thread 125 2.967 92.163 2.965
2 Thread 125 5.938 71.002 5.897
3 Thread 125 8.905 59.177 8.713
4 Thread 125 11.539 54.587 11.153

Table A.12: Table of the multiplication input data rate, effective communication data rate

and effective data rate when performing asynchronous multiplication of two 1475x1475

using 295x295 block sizes with one to four computation threads.
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Multi device scalability

B.1 Synchronous results

RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)
1 RPI 83.382919 81.349977 2.684011 0.020414 0.628687 0.000026

2RPI 44.177361 (1.89x) 42.132450 (1.93x)  2.731622 (0.98x)  0.043205 0.627307 0.000031

3RPI 30.176473 (2.76x) 28.129135(2.89x)  2.826389 (0.95x)  0.052589 0.627960 0.000030

Table B.1: Table of total times and task costs when performing synchronous multiplication

of two 2050x2050 matrices using 410x410 block sizes with one computation thread on

one to three RPIs.

RPI# Multtask# Multdatarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)
1 RPI 125 2.068 98.815 2.066
2RPI 125 4.024 46.689 3.990
3RPI 125 6.068 38.358 5.976

Table B.2: Table of the multiplication input data rate, effective communication data rate

and effective data rate when performing asynchronous multiplication of two 2050x2050

using 410x410 block sizes with one computation thread on one to three RPlIs.
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RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)
1 RPI 42.175365 41.340792 1.492626 0.022142 0.632777 0.000050
2RPI 22919571 (1.84x) 21.146497 (1.95x) 2.481691 (0.60x)  0.056741 0.627696 0.000328
3RPI 16.080611 (2.62x) 14.115513 (2.93x)  2.720289 (0.55x)  0.077638 0.627978 0.000537

Table B.3: Table of total times and task costs when performing synchronous multiplication
of two 2050x2050 matrices using 410x410 block sizes with two computation threads on
one to three RPIs.

RPI# Multtask# Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 4.250 91.103 4.066
2RPI 125 8.570 35.551 7.949
3RPI 125 12.849 25.982 11.909

Table B.4: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 2050x2050

using 410x410 block sizes with two computation threads on one to three RPlIs.

RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)
1 RPI 28.149070 27.365983 1.439219 0.024781 0.628498 0.000059
2RPI 15.830197 (1.78x) 14.153660 (1.93x)  2.426517 (0.59x)  0.066770 0.625634 0.005974
3RPI 11.753083 (2.40x) 9.750247 (2.81x) 2.835532 (0.51x)  0.098655 0.627042 0.018444

Table B.5: Table of total times and task costs when performing synchronous multiplication
of two 2050x2050 matrices using 410x410 block sizes with three computation threads

on one to three RPIs.

RPI# Multtask# Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 6.202 81.401 6.143
2RPI 125 12.073 30.211 11.877
3RPI 125 17.917 20.447 17.241

Table B.6: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 2050x2050

using 410x410 block sizes with three computation threads on one to three RPlIs.
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RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Addi Cost (s)
1 RPI 21.748822 21.707201 1.374750 0.024082 0.645349 0.000816
2RPI 12.859698 (1.69x) 11.273037 (1.92x)  2.445517 (0.56x)  0.076921 0.639830 0.021274
3RPI 10.224802 (2.13x) 8.332107 (2.61x) 2.983663 (0.46x)  0.122284 0.638648 0.059648

Table B.7: Table of total times and task costs when performing synchronous multiplication
of two 2050x2050 matrices using 410x410 block sizes with four computation threads on
one to three RPlIs.

RPI# Multtask# Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 8.335 83.764 7.744
2RPI 125 16.814 26.224 14911
3RPI 125 25.268 16.496 20.145

Table B.8: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 2050x2050

using 410x410 block sizes with four computation threads on one to three RPIs.
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B.2 Asynchronous results

RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)
1 RPI 29.979391 29.350825 1.098870 0.011331 0.234638 0.002518
15.669458
2 RPI (190%) 14.810790 (1.97x)  1.335979 (0.81x)  0.014925 0.2340858 0.008431
.90x
3RPI 10.826506 (2.77x) 9.910222 (2.96x) 1.404478 (0.78x)  0.039292 0.234594 0.012655

Table B.9: Table of total times and task costs when performing asynchronous multiplica-
tion of two 1475x1475 matrices using 295x295 block sizes with one computation thread

on one to three RPIs.

RPI# Multtask # Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 2.967 92.163 2.965
2RPI 125 5.948 69.970 5.876
3RPI 125 8.903 26.578 8.781

Table B.10: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 1475x1475

matrices using 295x295 block sizes with one computation thread on one to three RPIs.

RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)

1 RPI  15.194023 14.758651 0.905860 0.014708 0.234498 0.004256
2RPI 8.442334 (1.80x) 7.563222 (1.95x) 1.381860 (0.66x)  0.043767 0.234575 0.017574
3RPI 6.08550 (2.50x)  5.085923 (2.90x) 1.542304 (0.59x)  0.060326 0.234942 0.026541

Table B.11: Table of total times and task costs when performing asynchronous multiplica-
tion of two 1475x1475 matrices using 295x295 block sizes with two computation threads

on one to three RPlIs.

RPI# Multtask# Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 5.938 71.002 5.897
2RPI 125 11.872 23.860 11.506
3RPI 125 17.780 17.311 17.111

Table B.12: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two1475x1475

matrices using 295x295 block sizes with two computation threads on one to three RPIs.
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RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)

I RPI 10.241340 9.880388 0.835543 0.017647 0.234537 0.005583
2RPI 5935398 (1.72x) 5.073384 (1.94x) 1.398888 (0.60x)  0.048160 0.234586 0.023237
3RPI 4.597594 (2.22x) 3.553982 (2.78x) 1.638006 (0.51x)  0.073521 0.235124 0.041199

Table B.13: Table of total times and task costs when performing asynchronous multipli-
cation of two 1475x1475 matrices using 295x295 block sizes with three computation
threads on one to three RPlIs.

RPI# Multtask# Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 8.905 59.177 8.808
2RPI 125 17.807 21.684 17.153
3RPI 125 26.649 14.204 24.487

Table B.14: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two1475x1475
matrices using 295x295 block sizes with three computation threads on one to three
RPIs.

RPI# Total Time (s) Total Mult Time (s) Total Add Time (s) Avg. Comm Cost (s) Avg. Mult Cost (s) Avg. Idle Cost (s)

1 RPI 7.974954 7.803008 0.858051 0.019131 0.241335 0.006617
2RPI 4.808485 (1.66x) 4.051877 (1.93x) 1.408140 (0.61x)  0.049816 0.240558 0.029400
3RPI 3.904607 (2.04x) 2.941590 (2.65x) 1.661148 (0.51x)  0.0853561 0.241267 0.053823

Table B.15: Table of total times and task costs when performing asynchronous multi-
plication of two 1475x1475 matrices using 295x295 block sizes with four computation

threads on one to three RPls.

RPI# Multtask# Mult datarate (MB/s) Comm data rate (MB/s) Eff. data rate (MB/s)

1 RPI 125 11.539 54.587 11.153
2RPI 125 23.153 20.963 21.478
3RPI 125 34.627 12.235 29.584

Table B.16: Table of the multiplication input data rate, effective communication data rate
and effective data rate when performing asynchronous multiplication of two 1475x1475

matrices using 295x295 block sizes with four computation threads on one to three RPIs.



