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Recent data compression research focuses on the parallelisation of existing al-

gorithms (LZ77, BZIP2 etc.) by exploiting their inherent parallelism. Little

work has been performed on parallelising highly sequential algorithms, whose slow

compression speeds would benefit the most from parallelism. This dissertation

presents a generalised parallelisation approach that can be potentially adopted

by any compression algorithms, with model sequentiality in mind. The scheme

presents a novel divide-and-conquer approach when dividing the data stream into

smaller data blocks for parallelisation. The scheme, branching propagation, is

implemented with prediction by partial matching (PPM), an algorithm of the

statistical-modelling family known for their serial nature, which is shown to suf-

fer from compression ratio increases when parallelised. A speedup of 5.2-7x has

been achieved at 16 threads, with at most a 6.5% increase in size relative to se-

rial performance, while the conventional approach showed up to a 7.5x speedup

with an 8.0% increase. The branching propagation approach has been shown to

offer better compression ratios over conventional approaches with increasing par-

allelism (a difference of 11% increase at 256 threads), albeit at slightly slower

speeds. To quantify the speedup over ratio penalty, an alternate metric called

speedup-to-ratio increase (SRI) is used. This shows that when serial dependency

is maintained, branching propagation is superior in standard configurations, which

offers substantial speed while minimising the compression ratio penalty relative to

the speedup. However, at lower serial dependency, the conventional approach is

generally preferable, with 9-16x speedup per 1% increase in compression ratio at

maximal speed compared to branching propagation’s 6-13x speedup per 1%.

University Web Site URL Here (include http://)
Faculty Web Site URL Here (include http://)
Department or School Web Site URL Here (include http://)


Acknowledgements

Firstly, I would like to express utmost gratitude towards my supervisor, Ling

Cheng, who never failed to support me in the hardest of times. His supervision

and mentorship have also given me many great insights and motivations. If it

was not for him, I would not have had the will to see this through.

Utmost gratitude to my friends, Jiyaad Lai and Talha Tayob, who always showed

support and optimism for my work. When I was formulating concepts, they were

often the first people for me to do a “does this make sense?” idea pass.

iii



Contents

Declaration i

Abstract ii

Acknowledgements iii

Contents iv

List of Figures vi

List of Tables viii

Abbreviations ix

Publications x

1 Introduction 1

1.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Aim & Research Objectives . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Organization of Dissertation . . . . . . . . . . . . . . . . . . . . . . 5

1.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Background and Literature 6

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Entropy Codes . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2.2 Statistical Modelling . . . . . . . . . . . . . . . . . . . . . . 8

2.2.3 Dictionary Algorithms . . . . . . . . . . . . . . . . . . . . . 9

2.2.4 Transforms . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3 Model Branching Propagation 14

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.2 Branching Propagation . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.2.1 Propagation Phase . . . . . . . . . . . . . . . . . . . . . . . 17

3.2.2 Saturation Phase . . . . . . . . . . . . . . . . . . . . . . . . 18

3.2.3 Complexity Analysis . . . . . . . . . . . . . . . . . . . . . . 19

iv



Contents v

3.3 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.3.1 Preliminary . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.3.2 Memory Structure . . . . . . . . . . . . . . . . . . . . . . . 21

3.3.3 Decompression & Metadata . . . . . . . . . . . . . . . . . . 23

3.4 Results & Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.4.1 Transient Performance . . . . . . . . . . . . . . . . . . . . . 24

3.4.2 Block Size . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.4.3 Block Ratio . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.4.4 Model Resets . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.4.5 Speed-to-Ratio Increase . . . . . . . . . . . . . . . . . . . . 31

3.4.6 Encoder-Decoder Mismatch . . . . . . . . . . . . . . . . . . 34

3.4.7 Unbounded Propagation . . . . . . . . . . . . . . . . . . . . 35

3.4.8 Model Selection in Saturation . . . . . . . . . . . . . . . . . 38

3.5 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4 Conclusion 40

4.1 Recommendation & Future Direction . . . . . . . . . . . . . . . . . 41

A Separate SRI plots 43



List of Figures

3.1 m-independent sources (left) and k-independent sources (right).
Dashed lines indicate a thread’s transition from one data block to
another. While solid lines indicate thread and model transition.
The block numbers are in order of appearance in the source. . . . . 16

3.2 A single iteration of the branching propagation scheme. Note that
the models’ memory is preallocated. This current iteration is at
propagation with k = 2, K = 4. . . . . . . . . . . . . . . . . . . . . 17

3.3 Inter-block correlation of models form-independent (left),K-independent
(middle) and branching propagation (right). In this example K = 4. 18

3.4 Compression (left) and decompression (right) speed over time of
branching propagation with varying maximum number of threads.
Dashed lines represent the naive performance for comparison. The
intersections on the x-axis mark the total time taken for compres-
sion/decompression. The (omitted) serial compression/decompres-
sion finished at 78.5 and 120.0 seconds respectively. Block size is
fixed at 500KB. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.5 Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) of enwik8, with varying maximum thread
count. The branching method is represented by solid lines and naive
is by dashed lines. The dotted line in the top plot corresponds to
a m-independent sources approach, marking the maximum ratio
penalty of a completely parallel scheme. . . . . . . . . . . . . . . . 25

3.6 Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) for enwik9, with varying maximum thread
count. The branching method is represented by solid lines and naive
is by dashed lines. The dotted line in the top-left plot corresponds
to a m-independent sources approach, marking the maximum ratio
penalty of a completely parallel scheme. . . . . . . . . . . . . . . . 26

3.7 Effects of block ratio on compression ratio (top) and speed (bottom)
of enwik8, with varying maximum thread count. The branching
method is represented by solid lines and naive is represented by
dashed lines. The right axes show the relative performances to the
serial version of the algorithm. . . . . . . . . . . . . . . . . . . . . . 28

3.8 Serial compression ratio over the entire enwik9 data. The drop at
400-600MB position is due to highly repetitive sequences [1]. The
periodic spikes roughly every 74MB correspond to points where the
model reset, as described in Section 3.3.2. . . . . . . . . . . . . . . 30

vi



List of Figures vii

3.9 Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) of varying fractional lengths of enwik9,
i.e. 0.2 corresponds to the first 200MB of the 1000MB file. The
solid and dashed lines correspond to the branching method and
naive method respectively. The maximum thread count is fixed at
16. Note that the difference in compression ratio becomes smaller
with increasing source length. . . . . . . . . . . . . . . . . . . . . . 32

3.10 SRI of varying fractional lengths of enwik9, i.e. 0.2 corresponds
to the first 200MB of the 1000MB file. The solid and dashed lines
correspond to the branching method and naive method respectively.
Horizontal bars at the bottom indicate the ranges where branching
has higher SRI than naive. The maximum thread count is fixed at
16. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.11 Effects of block size/propagation intervals on compression ratio for
enwik8. The branching method is represented by solid lines and
naive (i.e. K-independent) is represented by dashed lines. . . . . . . 36

3.12 Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) of enwik8, with varying maximum thread
count. The solid and dashed lines correspond to the branching
method without and with model selection. . . . . . . . . . . . . . . 38

A.1 SRI for source length = 100 MB . . . . . . . . . . . . . . . . . . . . 43

A.2 SRI for source length = 200 MB . . . . . . . . . . . . . . . . . . . . 44

A.3 SRI for source length = 300 MB . . . . . . . . . . . . . . . . . . . . 44

A.4 SRI for source length = 400 MB . . . . . . . . . . . . . . . . . . . . 45

A.5 SRI for source length = 500 MB . . . . . . . . . . . . . . . . . . . . 45

A.6 SRI for source length = 600 MB . . . . . . . . . . . . . . . . . . . . 46

A.7 SRI for source length = 700 MB . . . . . . . . . . . . . . . . . . . . 46

A.8 SRI for source length = 800 MB . . . . . . . . . . . . . . . . . . . . 47

A.9 SRI for source length = 900 MB . . . . . . . . . . . . . . . . . . . . 47

A.10 SRI for source length = 1000 MB . . . . . . . . . . . . . . . . . . . 48



List of Tables

3.1 Branching propagation at maximum speed compared to a balanced
configuration on enwik8. . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Branching propagation at maximum speed compared to a balanced
configuration on enwik9. . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3 Values of P/m for fixed S. . . . . . . . . . . . . . . . . . . . . . . . 30

3.4 Compression (encode) and decompression (decode) speed on dif-
ferent setups of enwik8, in MiB/s. The configuration (logical core
counts, maximum threads) and compression speed of each setup
are under the encode column. While decompression of each data
is performed on all three setups with their respective logical core
counts (max thread persists from the encoder). The dashed entries
under decode (4) are due to insufficient memory. Block size is fixed
at 500KB. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.5 A comparison of various compression schemes. . . . . . . . . . . . . 37

3.6 Expected (normalised) compression ratio at higher thread counts,
using a balanced configuration. . . . . . . . . . . . . . . . . . . . . 37

viii



Abbreviations

ANS Asymmetic Numeral System

BWT Burrows-Wheeler Transform

CPU Central Processing Units

GPU Graphical Processing Units

GPGPU General Purpose Graphical Processing Units

LZ Lempel-Ziv

LZMA Lempel-Ziv Markov-chain Algorithm

LZSS Lempel-Ziv-Storer-Szymanski

LZW Lempel-Ziv-Welch

MTF Move-To-Front

PNG Portable Network Graphics

PPM Prediction by Partial-Matching

RLE Run-Length-Encoding

SRI Speedup-to-Ratio Increase

TIFF Tag Image File Format

ix



Publications

Overlapping Submitted journal papers directly related to this Disser-

tation

chapter

[3] Shaw Chian Lin and Ling Cheng, “Model Propagation for High-

Parallelism in Data Compression”, submitted to IEEE Access for

review.

x



CHAPTER 1

Introduction

The use of data compression is near-ubiquitous in the present information age.

Whether for storage or transfer purposes, various types of compression algorithms

are employed to reduce said data storage and transfer requirements. A compres-

sion algorithm can be either lossy - where unnecessary information is removed

and cannot be recovered upon decompression, or lossless - where all information

is retained upon decompression. This dissertation concerns and assumes lossless

algorithms unless otherwise stated. Most of today’s algorithms are combinations

and/or derivations of techniques developed before the 2000s. For example, the

widely used ZIP file archive format and the PNG image format both use the

DEFLATE compression algorithm[2] from 1996. DEFLATE itself uses Huffman

codes [3] from 1952 and the LZ77 algorithm [4] from 1977. As computing resources

become more powerful and network infrastructures more established, existing al-

gorithms such as DEFLATE are more than good enough for typical applications.

Over the past decade, computational resources have become increasingly parallel

and more widely available. The increasing popularity of general-purpose graph-

ical processing units (GPGPUs) on a large scale also garnered the attention of

parallelism in data compression, with a resurgence in data compression research

in recent years. Emphasis has been on the parallelisation of previously devel-

oped algorithms, mostly for GPU-acceleration, some earlier work has been done

for CPU-based parallelisation as well. However, not all compression algorithms

can be treated equally in this endeavour. Algorithms with the best compression

ratio performance, in that they are the best choice in terms of compressed file

size, those (compression) ratio-focused are generally also the worst in terms of

1
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compression speed. Recent research progress on parallelisation made the faster

algorithms even faster, while those slower algorithms are generally ignored due

to the ever-decreasing cost of digital storage and data transfer. Yet it is those

ratio-focused compression algorithms that need parallel speedup the most, as they

are the slowest algorithms and could benefit greatly from said speedup.

1.1 Problem Statement

The approach taken by conventional algorithms for parallelisation is simple, split

the data source into a corresponding number of chunks and perform said compres-

sion algorithms on each block in parallel, independent of each other. This is the

pitfall of ratio-focused algorithms, whose excellent ratio performance comes from

their ability to “learn” the data and thus improve compression ratio over time as it

serially processes the data. Those algorithms are mostly based on statistical mod-

elling and perform best when sequentially processing data. As one might expect,

parallelising a highly serial algorithm yields poor results. Splitting said data into

smaller chunks effectively means less data for the statistical model(s) to learn and

will often result in worse ratio performance. It is also likewise difficult to quantify

said ratio penalty in relation to the speedup benefits.

1.2 Aim & Research Objectives

The aim of the research can be described with a primary research question:

Is it possible to parallelise highly serial statistical algorithms, while offering viable

space-time trade-offs?

Since one can always parallelise any algorithm by the conventional approach of

splitting data. The goal is a parallel approach for statistical algorithms which

will perform better than the conventional approach. For evaluating performance,

space-time trade-off refers to compression ratio versus speed, where favouring one

would come at a cost of the other. Due to this trade-off, it is harder to quantify
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one approach over the other. As mentioned before, this trade-off is also heavily

influenced by an algorithm’s serial dependency, in that algorithms which benefit

the most from serial processing will also be most affected by parallelism. From

our primary question, several objectives can be presented in sub-questions:

1. Is there a viable alternative to the conventional approach of splitting data for

parallel compression?

2. If so, how would this hypothetical approach be affected by an algorithm’s

serial dependency?

3. Finally, how do we quantify the parallel performance increase for compari-

son?

1.3 Contribution

The contribution of this work presents itself in the form of responses to the sub-

questions:

1. Is there a viable alternative to the conventional approach of splitting data for

parallel compression?

This dissertation presents a solution to this: branching propagation. While

the solution is not outright better regarding the space-time trade-offs in all

cases (an aspect relating to problem 2), the compression ratio alone is always

better than the conventional approach. The branching propagation scheme

is designed such that one can generalise the approach without being specific

about the algorithm, as the scheme can be described without specifying the

algorithm beforehand and likewise, be applied to various algorithms. The

selected algorithm does, however, have to be implemented to conform to

certain restrictions.

2. If so, how would this hypothetical approach be affected by an algorithm’s

serial dependency?



Chapter 1. Introduction 4

The serial dependency is first shown to be relative to the data source itself,

along with the algorithm’s capacity. For example, an algorithm with limited

model capacity will perform worse on sources with long stretches of alternat-

ing patterns, as it will forget certain sequences that have not been seen in

a long time. The greater the serial dependency of the algorithm, the better

branching propagation performs when considering space-time trade-offs. On

the contrary, low serial dependency will perform better with the conventional

approach.

3. Finally, how do we quantify the parallel performance increase?

To aid in answering the previous two questions. A metric is proposed to

specifically quantify parallel (or any sort of modification) speedup relative

to the increase in the compressed size of a serial algorithm. This metric,

speedup-to-ratio increase (SRI), allows for easier comparison between two

parallel approaches. One could compare the two by considering the increase

in speed per increase in size. For example, the proposed scheme has an

average SRI of around 7 × 102 for longer sources, corresponding to around

700% increase in speed per 1% increase in size, at 16 parallel threads.
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1.4 Organization of Dissertation

The rest of the dissertation is organized as follows. Chapter 2 gives a prelimi-

nary on lossless data compression algorithms. Chapter 3 presents the proposed

scheme in a paper format and details the answers to the aforementioned questions.

Chapter 4 then concludes the paper with possibilities for future work.

1.5 Conclusion

The simplest approach to parallelising compression algorithms is to divide the data

source into individual sources, each to be compressed separately. However, this

becomes far less viable with increasing serial dependency, as will be shown later

on in Chapter 3. With the problem described, this dissertation will then present

a potential solution to the problem: branching propagation.



CHAPTER 2

Background and Literature

2.1 Introduction

This chapter provides the basis of preliminary information regarding common loss-

less data compression techniques. Emphasis will be placed on algorithms that be-

came popular candidates in the recent parallelisation trend, as well as components

in the work of this dissertation, followed by a review of the literature on said trend.

2.2 Background

Data compression algorithms can be divided into two main types: lossy compres-

sion and lossless compression. Our interest lies in lossless compression, which

retains data correctness upon decompression, as such, lossless compression can

be assumed for the remainder of this dissertation. In lossless compression, most

algorithms can be categorised into sub-types. The first group are entropy codes,

including Huffman codes [3], arithmetic codes [6] and asymmetric numeral systems

(ANS) [7]. Entropy coders achieves compression by translating symbol probabil-

ities into codewords, the three techniques mentioned are optimal to Shannon’s

entropy [5]. Complementing entropy codes, are statistical modelling techniques[8,

9, 29], which produces more accurate probability estimations and consequently bet-

ter compression ratios. Third group are dictionary codes[4, 10–13], which achieves

compression by mapping input sequences to shorter codeword sequences from a

dictionary. The dictionary is constructed based on previously observed data. All

dictionary coders are based on the initial Lempel-Ziv77 (LZ77) algorithm [4] and

6
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generally have the LZ prefix. The remaining techniques are more diverse: the

basic run-length encoding (RLE); transforms such as the Burrows-Wheeler trans-

form (BWT) [14] and move-to-front (MTF) makes data easier to compress for

other techniques. Practical compression algorithms generally combines the com-

pression subtypes to attain better compression. Common examples includes the

commonly used DEFLATE format [30] (used in ZIP archives) which combines

LZ77 [4] and Huffman coding [3], and the BZIP2 algorithm , which was described

in the original BWT paper [14] and uses BWT, RLE and Huffman coding [3].

2.2.1 Entropy Codes

The field of information theory began with Shannon’s paper, A Mathematical

Theory of Communication [5], from 1948. In the paper, the lossless data compres-

sion technique called Shannon coding became the precursor of an entire family

of compression techniques known as entropy coders. An entropy coder performs

mapping of symbols to codewords, with the optimal length of binary codewords

being [5]

− log2 P bits (2.1)

where P is the probability of a particular symbol occurring. Huffman codes [3], a

type of prefix code like the Shannon codes, offered optimal (minimum-redundancy

per-symbol) representation to achieve compression. Both methods generate code-

words by constructing a binary tree with symbols as leaf nodes. The corresponding

sequence of 0s and 1s corresponds to the left and right traversal from the root node

to said symbol node. Huffman code [3] achieves optimal coding by constructing

the binary tree from the bottom up, by repeatedly connecting two parent-less

nodes with the lowest probability to a single parent node (which itself is parent-

less). Huffman coding is still one of the most prominent techniques used in many

compression algorithms today.

A flaw with Huffman codes is that codewords are always rounded to the nearest

whole bit. If a symbol has a 0.9 chance to occur, it should only require roughly
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0.15 bit to represent. However, Huffman code will map it to one bit. Two solutions

to this are arithmetic coding [6] and the asymmetric numeral systems (ANS)

[7]. Arithmetic coder achieves compression by encoding symbol probabilities in

a single decimal number of arbitrary length (every symbol encoded adds to the

length). This is achieved by repeatedly shrinking an interval (starting with [0,

1)) in proportion to the symbol probabilities. As an example, suppose we have

the symbols a and b with corresponding probabilities 0.9 and 0.1. encoding the

sequence ab will result in the interval steps of [0, 1) → [0, 0.9) → [0.81, 0.9). ANS

[7] is a much newer addition which encodes and decodes data in a first-in-last-out

fashion. It also achieves optimal coding, but is much faster than arithmetic coders,

at a speed comparable to Huffman coders.

2.2.2 Statistical Modelling

To attain a better compression ratio, entropy coders are often used in conjunction

with statistic models. One algorithm of concern is the prediction by partial-

matching algorithm (PPM), which uses a variable-order Markov model [8] to

produce better probability estimates and consequently shorter codewords. The

variable-order Markov model keeps track of symbol occurrences after a specific

sequence. For example, in English text it is highly probable that the symbol that

comes after “th” is a vowel, therefore those symbols will have a higher proba-

bility assigned to them by the model. Context mixing [9] is a technique which

extends upon this idea, by utilising multiple models to account for various data

patterns (e.g. 2-D matching for images), one can achieve even better compression

ratios. Statistical modelling algorithms are, however, relatively slower and more

memory-intensive.
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2.2.3 Dictionary Algorithms

Alternate to entropy coders, is the Lempel-Ziv (LZ) family of dictionary coders.

Instead of using an entropy coder, those algorithms achieve compression by replac-

ing recurring sequences with shorter representations from a dictionary. The nature

of the dictionary varies based on the algorithm. The original LZ77 keeps the last

few kilobytes of data as its dictionary and replaces sequences with positions of

occurrences within said “sliding window” of data. LZ78 [10] instead constructs

a dictionary, which maps symbol sequences to codewords which are simply their

position within the dictionary. Lempel-Ziv-Welch (LZW) [11] is a commonly used

algorithm based on LZ78. Its primary difference is that it uses a pre-initialised

dictionary with all possible symbols. Lempel-Ziv-Storer-Szymanski (LZSS) [12] is

instead a derivation of LZ77, the primary difference being the ability to directly

encode the sequence with the codeword may require more bits than the sequence

itself. Lempel-Ziv-Markov chain algorithm (LZMA) [13] is the algorithm used in

the 7Z file archive format. It is also based on LZ77, but is capable of much larger

dictionary sizes (up to 4 GB), along with many other enhancements, including an

entropy coder for the final encoding process.

2.2.4 Transforms

Transform algorithms do not compress the data. As the name suggests, they

reversibly transform the data such that other algorithms can achieve better com-

pression ratios with the transformed data. Move-to-front transform keeps a list

of the possible symbols, it then outputs the position of the symbol on the list

(as a symbol). When a symbol is observed, it is then moved to the front of the

list. The idea is that more frequently occurring symbols will be found closer to

the front of the list, and consequently increase the probability of output symbols

(positions) closer to the front. Another transform algorithm, the Burrows-Wheeler

transform (BWT) [14] transforms the data block-by-block. The block of symbols

is first rotated (i.e. move the first symbol to the back and repeat) to produce
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all possible arrangements. After which the arrangements are sorted into lexical

order. The output sequence is formed by the last symbol of each arrangement,

in the order of the sort. BWT is used in the BZIP2 algorithm [14], along with

run-length encoding (RLE) and Huffman coding.

2.3 Related Work

The above summarises all of the commonly used compression algorithms. As one

may have noticed, much of the initial work was done before the 21st century.

Those techniques, entropy coders, statistical models, dictionary algorithms, and

transforms, forms the basis of all of the algorithm we use today. Recent research

(discussed in Section 2.3) has also been concerned with their parallelisation, mostly

for the application of GPU-acceleration.

To avoid confusion, we will properly define a few terms which may be used in-

terchangeably. Compression speed, compression rate and performance all refer to

the throughput of data by an algorithm. Speedup/slowdown refers to the ratio

between the speed of two algorithms. For compression ratio, the two commonly

used measures are 1) output size/input size and 2) input size/output size. While

the first metric generally presents a value from 0 to 1.0, the latter value is a value

usually greater than 1. Smaller/larger refers to 1), while higher/lower respectively

corresponds to 2). For simplicity, this dissertation will only make use of 1), as

it shows a linear scale relative to the original input. Ratios mentioned by other

literature will also be represented in 1). In most cases, a difference in compression

ratio (from serial) is used, referred to as ratio penalty.

The first parallelisation of compression algorithm concerned the Lempel–Ziv–Storer–

Szymanski (LZSS) algorithm [12] by Gonzalez Smith and Storer [32] in 1985 and

Franaszek[33] in 1996. Their paper described a parallel hardware implementa-

tion of LZSS with complexity analysis, it does not, however present actual results

other than a reference to the original LZSS [12]; [33] presents an “intermediate

approach” to the parallel dictionary-modelling of the LZSS algorithm. It allows
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for the joint construction of a dictionary by multiple processing threads, which

the author has experimentally shown to have little ratio loss over the sequential

variant. One other work done in CPU-based parallelisation is on BZIP2 in [34].

As mentioned before, BZIP2 is memory-less (between data blocks), therefore the

only concern is the speedup. They have shown a near-linear speed-up proportional

to the number of CPU cores.

The three works considered so far made use of parallelisation on multi-core CPUs

as opposed to highly parallel GPUs, as the general-purpose application of early

GPUs was not practical due to their poor performance. However, interest in

parallelising compression algorithms saw a resurgence in the past decade with the

ever-growing presence of big data and the growing applicability of GPGPUs.

A 2009 paper by Balevic [15] sets the first practical example of data compression

on GPGPUs. The paper describes a novel method of parallelising Huffman code

[3] on the GPU, where the codewords have their length (consequently position)

reserved via parallel computations. In this design the main bulk of computation

lies in the bit offset computation with a time complexity of O(log n) [15]. The speed

improvement over conventional CPUs (of similar age) reaches up to 50x. A paper

from 2011 by Cloud et al. [16] also experimented with implementing Huffman

codes on the GPU. While the results are not as impressive as [15], with 2x the

performance increase over multi-core CPUs and 5-8x the performance over single-

core processors, it still demonstrates the viability of accelerating data compression

with GPUs.

Following the work on GPU accelerated Huffman coding [15, 16], the majority

of work had been on GPU acceleration of the LZSS algorithm [12]. Ozsoy et al

presented the CULZSS algorithm with improving iterations [20–22]. The algorithm

was implemented on CUDA [20] and displayed a speed-up (8-20x) over the serial

version on the CPU and a slight speed-up (1.5x) over the multithreaded CPU

implementation at a slight compression penalty. A pipeline version of CULZSS

[21] was presented the following year with improved throughput and speed-up
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over the parallel CPU implementation (2.2x). Ozsoy later presented the CULZSS-

Bit algorithm [22] in 2014, which further parallelises the CULZSS algorithm by

implementing bit-level parallelism. In the same year, a separate implementation,

referred to as Parallel Matching LZSS (PMLZSS), was presented by Zhou et al.

[27]. The performance improvements are similar to that of Ozsoy [21], with a

speed-up of up to 16x compared to the serial implementation, but at a much

lower compression ratio penalty (2%). In 2019 Stein et al. [26] presented an

improved version of the CULZSS algorithm via stream parallelism. Additionally,

they described a different method of finding the longest match with multi-GPU

support. The result is not only better compression ratios over both [21, 22] and

[27], but is also faster (albeit with better GPU hardware). It is worth noting that

the scalability over multiple GPUs demonstrates the viability of GPU acceleration

for data compression.

Work had also been done on other LZ-variants. Funasaka et al. [17] succeeded in

implementing the LZW algorithm [11] used in TIFF images on the GPU. They

achieved a 3x speed increase over CPU with no compression penalty while main-

taining compatibility with the existing format. The widely used DEFLATE algo-

rithm [2] for GPU acceleration is explored in [25]. Recently in 2019, Lu & Hua [28]

described an algorithm called the G-match, which is based on Google’s Snappy

algorithm [35] (also of the LZ family). G-match presented a speed improvement

of 7x over Snappy with a compression penalty of less than 0.1 and performed 1.4x

faster than CULZSS with 22% better ratios.

Compared to the popular dictionary-based algorithm, little work has been done on

GPU acceleration for other families of compression algorithms. In 2012 Patel et

al.[23] implemented the BZIP2 algorithm, which is based on BWT. However, they

noted a decrease in speed in all three stages of the BZIP2 algorithm (BWT, MTF

followed by Huffman coding) compared to the CPU counterpart. Improvement of

the BZIP2 algorithm was still possible, as demonstrated by Shastry et al. [24].

Unlike the implementation of [23], theirs yielded positive results, achieving speed-

ups of up to 6.3x when the GPU is utilized in conjunction with the multicore

CPU [24]. A less-known algorithm, the context tree weighting (CTW) method
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[29], was implemented by Krishnan et al. [19] on the GPU. While it is comparable

to other existing commercial algorithms when it comes to time-space complexity

trade-offs, it does not present a compelling reason for GPU acceleration compared

to the work done on BZIP2 [23, 24] and LZ-variants [17, 20–22, 26–28].

Although our scheme applies to the GPGPU architecture, this dissertation only

evaluates the performance on CPU. It is worth noting that the speedup benefits are

not directly comparable between ours and existing work. While existing literature

considers the inherent parallelisation within an algorithm, our approach instead

considers the scenario of running multiple instances of such algorithms (serial or

parallel) in parallel. The generalised nature of our scheme is to not only enable

parallelisation but also offer an alternative parallelisation approach, which can

potentially be adopted by and benefit said existing work. Furthermore, no work

has been done on the parallelisation of our example algorithm (PPM [8]), which

is of the statistical model sub-type.

2.4 Conclusion

In this chapter, common compression algorithms were first described, followed by

a review of the literature concerning the parallelisation of said algorithm. A re-

emphasis that the work presented in this dissertation is unlike those of existing

literature in that this work considers the application of running an algorithm in

parallel, as opposed to parallelising the algorithm internally.



CHAPTER 3

Model Branching Propagation

The content of this chapter is adapted from the paper “Model Propagation for

High-Parallelism in Data Compression”, submitted to IEEE Access for review.

3.1 Introduction

With the application of general-purpose graphical processing units (GPGPUs) in

various fields such as scientific simulations, data sciences and machine learning.

Data compression is no exception, recent research has been focused on parallel

variants of existing data lossless compression algorithms [15–28]. However, not all

types of compression algorithm have their parallel nature explored. Most lossless

compressors, [4, 8–13, 29] are online/adaptive, in that they develop a model to

better compress the data based solely on previously observed information. Algo-

rithms which favour compression ratio over compression speed [8, 9] are especially

exploitative of processing serial data for context modelling. The downside, how-

ever, is that they are less popular due to their relatively slow compression speed.

With the rise of the information age, the ever-decreasing cost of both storage and

bandwidth further reduced the need for better compression ratios; when consid-

ering the slight improvement in compression ratio with a large decrease in speed

over other types of algorithms, (compression) ratio-focused algorithms become

the lesser choice. That is not to say that compression ratios no longer matter.

More so, serial algorithms will prove to be more valuable if their speed can be

greatly increased using modern computing resources. This begs the question:

14
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can modelling-based compression algorithms, whose performances are highly de-

pendent on serial processing, be modified to benefit from parallel speedup while

minimizing compression ratio penalties?

Many parallel implementations of popular algorithms [2, 8, 13, 14] take the simple

approach of running independent models on individual data blocks. Memory-

less algorithms such as Huffman codes[3] and BWT[14] are capable of producing

exact compressed outputs regardless of the degree of parallelism [15, 23, 24, 31].

However, algorithms that maintain an online/adaptive model, including all of

the dictionary and statistical algorithms, will observe a penalty to compression

ratio when configured for parallelisation. Thus, we present a generalised method,

termed branching propagation, which takes an approach that exists in between

serial and parallel compression. As with the base case, the method assumes the

segmentation of the data source into smaller blocks of data. More specifically, the

scheme is designed for algorithms that benefit from inter-block persistent memories

and model data correlations/repetitions to achieve compression. Our contribution

can be summarised as follows:

� We present a generic parallelisation scheme that can be applied to various

types of serial model-based compression algorithms.

� We show significant speedup with an example serial algorithm, prediction

by partial-matching (PPM) [8], with a ratio penalty much less than the

aforementioned simple approach.

� Additionally, we will show with said example that the greater the serial

dependency, the greater the compression ratio penalty.

� We show that our scheme can be future-scalable, a concept which will be

discussed in Section 3.4.7.

We will first discuss related work in Section 2.3 The details of the branching

propagation scheme and a practical implementation will be discussed in Section

3.2 and 3.3 respectively. Followed by a discussion on experimental results and



Chapter 3. Model Branching Propagation 16

possible improvements/investigations in Sections 3.4 and 3.5, and concluding with

Section 3.6.
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Figure 3.1: m-independent sources (left) and k-independent sources (right).
Dashed lines indicate a thread’s transition from one data block to another.
While solid lines indicate thread and model transition. The block numbers are

in order of appearance in the source.

3.2 Branching Propagation

Consider the conventional approach to parallelisation, the data stream of length

n is divided into m data blocks . Each block is then processed serially by one

of the K available processing threads of a machine, effectively achieving a O(K)

speedup in an ideal scenario. The flaw in this approach is the lack of model inter-

dependencies, as most compression algorithms are online models in that they are

updated as data is being processed. Thus, the algorithm splits the sources into m

number of independent sources, that is, a m-independent algorithm. An alternate

solution to this is using a common model per thread, in this case, we have K-

independent sources. The remaining issue of this approach is that as K increases,

the penalty to compression ratio also increases. We will refer to this method

as the naive approach or the K-independent approach (Fig. 3.1). In a highly

parallel system, K-independent approaches will become closer to m-independent

approaches, as such, m-independent sources approaches are upper bounds of K-

independent approaches both in compression ratio and speed.

Our proposed scheme, the branching propagation method (Fig. 3.2), offers a

compromise between the serial end of the spectrum, with complete model inter-

dependency, and the fully parallel end, where K = m is a large number much

less than n (effectively m-independent). The method takes a divide-and-conquer
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approach to the assignments of data blocks to processors (Fig. 3.3). It consists

of two main phases: the propagation phase and a saturation phase, the basics of

which will be described below, followed by an overview of implementation.

b4b1

b1

b2

m1

m2

m3

m4

m2

m1

m3

m4

b3

A

A

b4b3b2

Input Stream

Output Stream

Figure 3.2: A single iteration of the branching propagation scheme. Note that
the models’ memory is preallocated. This current iteration is at propagation

with k = 2, K = 4.

3.2.1 Propagation Phase

The scheme begins with the propagation phase. Given the source S of length n

is divided into m data blocks b1, b2, b3, ...bm, K processing threads t1, t2, ..., tK are

available, with a corresponding model set M1,M2, ...,MK . Let k be the number

of active threads, i.e. only threads t1, t2, ..., tk will be running at a given iteration.

At the beginning we have k = 1 active thread (t1), processing the 1st data block

b1 using m1. After b1 is done, m1 is copied into m2, the number of active threads

increases to k = 2, the active threads process the next two corresponding blocks

b2 and b3. After which m1 and m2 are copied into m3 and m4 respectively, k is

doubled to 4, and the next four data blocks are processed. This doubling process

is repeated until all of the threads are active (k = K), upon which the scheme
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will enter the saturation phase. Note that the block assignments are in-order and

predetermined.
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Figure 3.3: Inter-block correlation of models for m-independent (left), K-
independent (middle) and branching propagation (right). In this example K =

4.

Consider Fig. 3.3, compared to the m-independent sources or the K-independent

sources, we see greater model correlation in our branching approach. This is espe-

cially important with online compressors, where a model begins with zero knowl-

edge of the source. Thus, more time should be spent learning the initial blocks

of data before distributing them, as is the case with the branching propagation.

While the difference of branching versus naive may seem minimal in Fig. 3.3, for

large values of K, the performance of k-independent source will tend towards that

of a m-independent source approach. This makes the branching approach more

suitable for environments that offer a large number of logical processors, such as

GPGPUs.

The branching factor β is defined as the additional number of processing thread-

s/models to be activated in the next iteration i.e. kt+1 = kt + β. In the standard

case β = k, however, β can be set to any integer value ≥ 0 or an integer multiple

of k. Setting β to a constant corresponds to a linear model propagation and a

polynomial speedup w.r.t. K. β = 0 corresponds to a serial compression algo-

rithm. kinitial can also affect the overall scheme, setting kinitial = K corresponds

to a typical K-independent sources scheme.

3.2.2 Saturation Phase

In the saturation phase, the scheme behaves like a standardK-independent sources

algorithm, like the propagation phase the block assignments are in-order and pre-

determined. Depending on the block size n/m and total number of processing
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threads K. A compressor using branching propagation might not even reach the

saturation phase before it is done with the data stream.

In the case of saturation, consider the application of the branching techniques

used in the propagation phase. While there are no benefits to setting K beyond

the number of logical processors available on a machine, one can still consider

replacing one model with another. The worst-performing (ratio-wise) models can

be combined or replaced with the top-performing models without exceeding K.

3.2.3 Complexity Analysis

The time complexity of the resulting algorithm can be estimated based on the pro-

portion of propagation and saturation phases. For cases of propagation, we have a

logarithmic time complexity O(log2mprop), based on our divide-and-conquer strat-

egy. For the saturation phase, the time complexity is O(msat/K). Where mprop

andmsat are the block count within the propagation phase and saturation phase re-

spectively. Correspondingly, the ideal speedup is O(mprop/log2mprop) and O(K),

note that mprop = 2K − 1 for sufficiently large m ≥ mprop. Before considering

Amdahl’s law:

1

1− p+ p/s
(3.1)

where 1 − p is the serial portion and p/s is the parallel portion. Even with an

ideal (fully parallelisable) scenario, the logarithmic time of the propagation phase

will contribute to a less-than-ideal speedup. Furthermore, propagation will have a

higher associated coefficient due to the additional time required for model copying.

We can approximate the overall speedup as

Speedup ≈ m

S + (1 + P )(log2mprop + 1− 1) + (msat +K)/K
(3.2)

where P is the time required in model copy relative to the average time required to

process a data block, and S is the relative time of serial operations. While S and
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(msat+K)/K are correspondingly congruent to the serial and parallel denominator

terms of Amdahl’s law, the central log term is introduced by the proposed scheme.

3.3 Implementation

The scheme is implemented using the C++ language. The algorithm of interest is

from the statistical modelling family called prediction by partial matching (PPM)

[8]. A brief overview of the algorithm is given, along with high-level implementa-

tion.

3.3.1 Preliminary

Given a source S of arbitrary length n and a sequence of symbols s1, s2, s3, . . . , sn

from an alphabet X with N unique symbols x1, x2, x3, . . . , xN . A model is required

to model the source and achieve compression. The requirements of the “black-box”

model are generalised as such:

1. The model must provide a probability mass function (PMF) estimate of the

next unseen symbol si for the entropy coder.

2. The model does not know what the next symbol is until it has been encoded.

3. If P (si = xj) = 0 for any xj, then the probability of an additional symbol

known as the escape symbol [8] must be provided and greater than 0.

4. The model can be informed that the symbol si has “escaped”(i.e. P (si =

xj) = 0 [8]). Note that it does not know what si is. It then needs to

provide an alternative PMF. This process will repeat until a distribution

where P (si = xj) > 0 is provided by the model.

In the case of PPM, the above model is a variable-order Markov tree [8]. The

technique uses arithmetic coding [6] as its entropy coder. Our arithmetic coder
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is based on the implementation described in [36]. The coder will be encoding the

probability near-optimal to Shannon’s entropy [5]

H(X) = −
N∑
j=1

P (xj) log2 P (xj) (3.3)

where P (xj) denote estimated probability of all of the symbols of X. Note that

(3.3) applies to an independent and identically distributed (i.i.d) source with an

alphabet of fixed distribution. In algorithms such as PPM[8], the model does not

present an i.i.d. source. We can instead approximate the information density.

Given by [5] that the information of a single symbol is − log2 P bits. Taking the

average over all symbols s1, s2, s3, . . . , sn, we have

− 1

n

n∑
i=1

log2 P (si) (3.4)

where P (si) is the taken probability from the model, i.e. P (si) = P (si = xj) if

si = xj. Note that escape symbols are additionally generated for the sole purpose

of encoding/decoding in [8] P (si = xj) is based on previously observed symbols,

the degree of which (i.e. how many previous symbols are considered) is dependent

on the model itself. While there are also errors from using practical entropy

coders, (3.4) is useful in fast approximation, bypassing the computation cost from

arithmetic coders.

3.3.2 Memory Structure

The core aspect of the scheme is model duplication. The instantaneous throughput

of the algorithm becomes zero during actual propagation when models are being

copied. A copy-efficient structure is thus required for the models in use. Two

important properties must be considered: contiguity and dynamic.

Contiguous/sequential memory allocation was observed to be far more copy-efficient

compared to random-access with dynamic memory allocation. Therefore we need

to assign contiguous memory blocks for each model. This effectively reduces model
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copying to standard array copies. On the other hand, dynamic allocation is pre-

ferred due to the dynamic growth and memory requirement of many models as

they observe more and more data. A high-entropy source often requires more

model memory compared to a low-entropy source. Pre-allocating memory for con-

texts that may never occur is next-to-wasteful in a memory-limited environment.

A context is a set of prediction-related data that corresponds to a set of previ-

ously observed symbols, usually limited to the last few symbols in a variable-order

Markov model. For example, given a+ prior sequence “abc”, we have the cor-

responding contexts, “”, “c”, “bc” and “abc”, for order-0, order-1, order-2 and

order-3.

The proposed structure is a contiguous array with its internal dynamic allocation.

A maximal number of contexts is designated for the array, which behaves like

a smaller memory with its allocation scheme. The allocation is sequential, with

its index counter for allocating new context data structures. When the memory

is full, the array undergoes garbage collection. This is achieved by removing all

memory references to the contexts and resetting the index counter.

This particular implementation of PPM is based on a trie-structure [37] up to

the 5th order, thus, we can simplify the reference removal. The root node, cor-

responding to an order-0 Markov model, is preserved, while its references to any

child nodes are removed. Consequently, the rest of the trie will not be referenced

as resetting the index treats all preexisting entries as empty for reallocation. A

more complete memory allocation system may be better, for example, if we wish

to keep both order-0 and order-1 (root and the first layer of the trie). The issue

is that it would in turn result in much greater overhead in memory allocation and

deallocation (note that the current approach used does not require deallocation).

With the memory structure defined, the propagation phase can be implemented

efficiently. Given t maximum number of threads, K blocks of the memory blocks

will be preallocated for our models M . Starting with k = 1, the stage alternates

between model updating/compression and model copying. The k active threads

will perform compression on the next k data blocks. When all threads are done,
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they proceed to copy their models into the next k available memory blocks. Finally,

we double k (unless k = t) and start over with compression of the next k data

blocks.

3.3.3 Decompression & Metadata

As is the case with many online compressors, the propagation scheme is designed

for symmetrical algorithms (in this case it refers to similar compression and de-

compression algorithms, not speed). It is a requirement that the decompression

models can diverge at the same time the compression models do. This way the de-

compression threads will have matching compression/decompression model pairs

and corresponding data blocks. This requires additional information to distin-

guish between the individual compressed blocks. While it is easy to determine the

corresponding models of the data blocks, the nature of data compression means

that the blocks have varying lengths. The simple solution to this is to write the

compressed length at the beginning of each data block. The number of bits per

block length can be predetermined (and written to the file header) based on the

uncompressed block length, which the compressed length should never exceed.

3.4 Results & Discussion

The primary testing setup uses a Ryzen 7 5800X, with 8 physical cores and 16

logical cores, the total memory on the machine is 32 GB. Consequently, we assign

1.1 GB (222 contexts) for each model’s memory block. The effects of varying the

maximum number of threads K and number of data blocks m, will be investi-

gated. The branching scheme is compared to the naive/K-independent approach

to determine its effectiveness, the serial algorithm is used as the control. The

same PPM algorithm based on [37] will be used across the schemes. This is to

maintain fairness, along with the fact that performances of the PPM algorithm [8]

vary slightly by implementation. For comparison against the serial performance,

some of the results are also shown as normalised values, i.e. measured relative to
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serial performance, and are displayed on the right-vertical axes of relevant figures.

The importance of normalised results will be discussed further in this section.

The test data used is the enwik8 and enwik9 dataset from the Large Text Com-

pression Benchmark [1], which corresponds to the first 108 and 109 bytes of the

English Wikipedia. It is the largest text compression dataset available [38]. The

main concern of the branching propagation is speed-up and size increase, and

not the performance of the algorithms themselves. Furthermore, we will see in

the following results that parameters such as the length of the source stream n,

maximum thread count t and block size n/m. Data samples are taken after each

iteration described in Fig. 3.2.

3.4.1 Transient Performance

0 5 10 15 20 25 30 35 40 45 50

Time (s)

0

1

2

3

4

5

6

7

8

9

10

S
p

e
e

d
 (

M
iB

/s
)

0 10 20 30 40 50 60 70

Time (s)

K = 16

K = 8

K = 4

K = 2

serial

Figure 3.4: Compression (left) and decompression (right) speed over time of
branching propagation with varying maximum number of threads. Dashed lines
represent the naive performance for comparison. The intersections on the x-axis
mark the total time taken for compression/decompression. The (omitted) se-
rial compression/decompression finished at 78.5 and 120.0 seconds respectively.

Block size is fixed at 500KB.

The characteristics of the scheme can be seen with compression/decompression

speed over time (Fig. 3.4). Specifically, the raw data rates are measured, i.e. com-

pression input speed and decompression output speed. The propagation method

takes time to reach maximum speed, which is in line with the branching charac-

teristic. Upon saturation, the performance behaves like a naive approach. The

slightly slower decompression is expected since the PPM decoder needs the same
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state calculation as the encoder in addition to the decoding calculations [8]. De-

compression runs at 70-80% of the compression speed. Due to the near-linear

proportionality, the proceeding results will only show compression speed to avoid

cluttering the plots.

3.4.2 Block Size
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Figure 3.5: Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) of enwik8, with varying maximum thread count. The
branching method is represented by solid lines and naive is by dashed lines. The
dotted line in the top plot corresponds to a m-independent sources approach,

marking the maximum ratio penalty of a completely parallel scheme.

The next set of results concerns the size of the data blocks n/m. This is a crucial

aspect as it affects the propagation rate and consequently how fast the scheme

reaches saturation. A higher propagation rate is desirable for faster speed, but

in contrast, smaller blocks would mean less data for the models to learn between

propagation.
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Figure 3.6: Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) for enwik9, with varying maximum thread count.
The branching method is represented by solid lines and naive is by dashed lines.
The dotted line in the top-left plot corresponds to a m-independent sources
approach, marking the maximum ratio penalty of a completely parallel scheme.

Fig.3.5 shows the effects of block size on the compression ratio and average speed

for enwik8. The first observation is the detrimental effect m-independent sources

have on the compression ratio. As our machines do not have m processor cores,

the speed of m-independent is omitted. We can expect it to follow a similar trend

shown with compression ratio, where it behaves like an upper bound in larger

block sizes. Further on, the compression ratio improves with increasing block

length, from being more parallel-like to being more serial-like. Speed performance

is poor when the block sizes are either too small or too big. The expected reason for

small block sizes hindering compression speed is memory I/O and multi-threading

overheads. Therefore, the relevant region of interest is the right side of the plot (the

point of maximum speed to the point of serial performance). Towards the right

end, slower compression speed (along with better ratios) was expected for large
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block sizes, reducing the number of data blocks for the scheme to reach saturation

and making the scheme converge to a serial performance. The proposed scheme

performed as expected, with a slower, yet scaling speed. The compression ratio

also follows a similar pattern, as its performance tends towards that of the naive

propagation with decreasing block size (increasing propagation rate).

The ratio difference is not as distinct for enwik9 (Fig. 3.6), while the speed

performance follows a similar pattern of enwik8. This alone suggests that our

scheme is not more beneficial for larger input data, which contradicts the purpose

of using branching propagation over the K-independent approach. A counterar-

gument is that at best branching propagation can still achieve results similar to

K-independent schemes. In Section 3.4.5, we will provide a metric that takes both

speed and ratio into account, which will allow for a better comparison in cases of

similar performance such as this.

3.4.3 Block Ratio

One observation is the oscillatory pattern in speed, consider the plot of the same

data against block count or block ratiom (Fig. 3.7 This is a point of consideration,

especially with low block ratios (m < 5K, 2 MiB or 211 KiB for enwik8 ). Since

the compression ratios follow a smooth trend, it is ideal to maintain the highest

compression speed possible. The oscillatory pattern is due to the nature of the

propagation scheme, the slowdown is caused by idle threads during the compres-

sion of the last batch of data blocks. The relationship between the block ratio m

and the maximum number of threads K is

m = iK − 1 (3.5)

for i ∈ N the scheme will attain local maximum compression speed, for other

i ∈ R there will be idling threads when processing the last batch of data blocks.

A solution to this is to modify the scheme to evenly assign the last batch of data
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Figure 3.7: Effects of block ratio on compression ratio (top) and speed (bot-
tom) of enwik8, with varying maximum thread count. The branching method
is represented by solid lines and naive is represented by dashed lines. The right

axes show the relative performances to the serial version of the algorithm.

with a different block length such that all of the threads are given the same length

of data to process (i.e. nleft/k)

The value of i in (3.5) can be used to differentiate the scheme into different

types. For i ≤ 2, k never reaches the saturation phase, this will be referred

to as propagation-pure. For 2 < i < 4, where more data blocks are processed

during propagation than saturation, we have propagation-dominant. Where i > 4

and most data blocks are processed in saturation, it is saturation-dominant. In

between, where i = 4, the scheme is balanced and an equal amount of data blocks

processed in the propagation and saturation phase.

saturation-dominant is chosen when higher speed is preferred, while propagation-

pure or propagation-dominant favors better compression ratio. With a balanced

configuration, we can achieve roughly 80% of the maximum speed, while having
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Table 3.1: Branching propagation at maximum speed compared to a balanced
configuration on enwik8.

K
Speedup Ratio Increase

Max Balanced Max/Bal. Max Balanced Max/Bal.
2 1.67 1.48 0.88 0.002 - -
4 2.74 2.19 0.80 0.018 0.004 0.22
8 4.06 3.17 0.78 0.040 0.017 0.43
16 5.13 4.17 0.81 0.066 0.034 0.52

Table 3.2: Branching propagation at maximum speed compared to a balanced
configuration on enwik9.

K
Speedup Ratio Increase

Max Balanced Max/Bal. Max Balanced Max/Bal.
4 3.06 2.46 0.80 0.010 0.005 0.50
8 4.79 3.66 0.76 0.015 0.007 0.47
16 6.65 5.17 0.78 0.024 0.013 0.54

a ratio increase that is at most 55% of the increase from maximum speed(Table

3.1 & 3.2). Note that the comparison is between different branching propagation

configurations, not against the K-independent approach.

From 3.1 we can validate (3.2) described in Section 3.2.3. By assuming a balanced

configuration, (3.2) can be simplified with (3.5) to

Speedup ≈ m

S + (1 + P )(log2K) + (m−K + 1)/K
(3.6)

Using (3.6), we can find constant values of S and P/m (since P is proportional

to m) that exist for all values of the balanced configuration. 3.3 shows that at

S = 0.5, P/m remains mostly constant.

3.4.4 Model Resets

One may have noticed from Fig. 3.5 that at one point, branching propagation

performed better than the serial implementation. To explain this phenomenon,



Chapter 3. Model Branching Propagation 30

Table 3.3: Values of P/m for fixed S.

S
enwik8 enwik9

K=2 K=4 K=8 K=16 K=4 K=8 K=16
0.4 0.04714 0.04833 0.03632 0.03058 0.02326 0.02225 0.01898
0.5 0.03286 0.04500 0.03526 0.03019 0.01999 0.02141 0.01858
0.6 0.01857 0.04166 0.03419 0.02979 0.01667 0.02009 0.01819
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Figure 3.8: Serial compression ratio over the entire enwik9 data. The drop at
400-600MB position is due to highly repetitive sequences [1]. The periodic spikes
roughly every 74MB correspond to points where the model reset, as described

in Section 3.3.2.
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consider the block count or block ratio m. Fig. 3.7, plots the data of Fig. 3.5

but with finer steps of m as the x-axis. From Fig. 3.7, the best compression

ratio is at m = 3. When Fig. 3.8 is also taken into account, we observe a flaw

in our adaptation of the PPM algorithm to suit the required memory structure.

The periodic spike increase in compression ratio corresponds to the model reset

described in Section 3.3.2. At m = 3 there is no model reset, which corresponds

to m1 processing 33MB of data, branching into m1 and m2, each of which will

process the remaining two blocks of 33MB. The total data processed by each

model is 66MB, which is below the observed model reset threshold of 74 MB.

As the propagation interval and thread counts increase, the decreasing model

correlation overwhelms the ratio improvement of not having a model reset. Most

curiously, is that even with the model reset, which removes all but the 0-order

context (similar to a simple frequency counter), branching propagation still offers

a significantly better compression ratio over aK-independent approach, even while

losing a majority of the memory from the previous data.

Fig. 3.6

3.4.5 Speed-to-Ratio Increase

When comparing Fig. 3.5 and Fig. 3.6, we see that the benefit of branching

over naive becomes less with larger sources. This is expected, since an online

model’s average compression ratio averages out with larger source lengths (and

consequently block lengths), as seen in Fig. 3.8. The benchmark is reiterated

for the first 100MB, 200MB, 300MB, ..., 1000 MB of the enwik9 dataset (recall

that enwik8 corresponds to the first 100MB) and the results shown in 3.9. We

observe that an increase in source length corresponds to more model resets. This

reduces the models’ serial dependency on the source, where there is insufficient

memory to hold older information. As the serial dependency decreases, the ratio

differences between branching and naive also decrease (Fig. 3.9). It is important to

consider the relation between speed increase and size increase since the main goal

is parallelisation with minimal penalty. To unify our metric of speed increase and
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Figure 3.9: Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) of varying fractional lengths of enwik9, i.e. 0.2 cor-
responds to the first 200MB of the 1000MB file. The solid and dashed lines
correspond to the branching method and naive method respectively. The max-
imum thread count is fixed at 16. Note that the difference in compression ratio

becomes smaller with increasing source length.

size increase, an alternative measure of parallelisation improvement is proposed,

called the speed-ratio increase factor:

SRI =
R(speednorm − 1)

R(rationorm − 1) + ϵ
, R(x) =

x, x ≥ 0

0, x < 0

(3.7)

where the speed and ratio parameters are normalised against serial performance,

R(x) is the ramp function, and ϵ is a small, positive value, set to be 10−5 in this

case, used to prevent division-by-zero errors. The rationale behind this metric

is that it measures the speed gain per size gain, therefore the higher the speed

increase for the same size increase, the better the parallelised algorithm.
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Figure 3.10: SRI of varying fractional lengths of enwik9, i.e. 0.2 corresponds
to the first 200MB of the 1000MB file. The solid and dashed lines correspond
to the branching method and naive method respectively. Horizontal bars at the
bottom indicate the ranges where branching has higher SRI than naive. The

maximum thread count is fixed at 16.

For a sense of scale, a SRI of 102 means that for every 1% increase in compressed

size, the speed is increased by a factor of 1 (100%), likewise, an SRI of 103 corre-

sponds to a factor of 10 (1000%) per 1% increase. The SRI plot (Fig. 3.10 shows

that for smaller source lengths (¡500 MB), the branching method will perform bet-

ter than the naive method at reasonable block sizes. Beyond 500 MB, however,

the effectiveness of branching propagation is lessened, only performing better than

naive propagation within a range of block sizes. The suspected reason for this is

the major drop in compression ratio of the source at the 400-600 MB position (Fig.

3.8). The change in data patterns, while beneficial as it offers a better compres-

sion ratio at the given position, is detrimental as the pattern returns to “normal”

past the 600 MB mark. For branching propagation, it effectively loses the benefits

of branched learning at the beginning, since it has to re-adjust the models the



Chapter 3. Model Branching Propagation 34

same way as the naive approach to account for the sudden change in redundancy

pattern. Due to naive being inherently faster, it yields a better SRI while having

ratio increases similar to that of branching for block sizes greater than 213 KiB

(8 MiB), while also being much faster. Branching does still present better SRI at

the block range of 28 KiB (256 KiB) to 213 KiB (8 MiB) which is also the region

in where we have a range of balanced to saturation-dominant propagation scheme,

which ranges from 210 KiB (1 MiB) to 214 KiB (16 MiB). Note that branching

propagation will perform better than the naive approach for source lengths below

500 MB, where there is a greater serial dependency. While the asymptotic effect

from the better-than-serial performance does make the comparison more difficult,

one could also point out that the K-independent scheme never performs better

than serial in terms of ratios. This is despite both approaches using the same

algorithmic implementation with the same model reset frequency. This suggests

that the propagation scheme does transfer sufficient information in propagation

which yields a better compression ratio, enough to offset the effect of model re-

sets. Regarding the m-independent sources approach, since they are in essence

upper bounds of K-independent approaches, we can expect that branching prop-

agation will likely yield better SRI when compared to m-independent schemes,

while providing better compression ratios.

3.4.6 Encoder-Decoder Mismatch

An important aspect of the branching propagation scheme is what can be termed

an encoder-decoder mismatch, whereby the system specifications at the compres-

sion end and decompression end are different. This is critical, particularly in cases

where the decompression machine is not as capable as the machine performing

compression. Those scenarios will be illustrated with the use of three machines.

The first one is an Intel Pentium Gold 6500Y mobile processor, with 4 logical

cores with 8 GB of memory. The second setup is an Intel Core i5-10400F, with 12

logical cores and 16 GB of memory. The final machine is the primary setup used

in previous benchmarks, with 16 logical cores and 32 GB of memory.
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Table 3.4: Compression (encode) and decompression (decode) speed on dif-
ferent setups of enwik8, in MiB/s. The configuration (logical core counts, max-
imum threads) and compression speed of each setup are under the encode col-
umn. While decompression of each data is performed on all three setups with
their respective logical core counts (max thread persists from the encoder). The
dashed entries under decode (4) are due to insufficient memory. Block size is

fixed at 500KB.

Encode Decode Speed (MiB/s)
(Cores, K) Speed (MiB/s) (4) (12) (16)

(4,4) 1.42 0.98 2.40 2.67
(12,16) 4.62 - 4.29 5.87
(16,16) 7.61 - 4.29 5.87

Table 3.4 shows the compression of data with the ideal maximum thread of each

setup (i.e. K is set to the smallest power of two that is greater than or equal

to the number of logical cores) followed by decompression of said data on all

three setups. It is important to note that compression and decompression require

the same parameters, i.e. same K and m. Thus, the decoding machine may be

limited by the parameters determined by the encoder. With 1.1 GB per memory,

the mobile machine is incapable of decoding any data with K > 4, as it has

insufficient memory. On the other hand, the 12-core and 16-core machines are

unable to reach maximum decompression speed when decoding with K = 4.

3.4.7 Unbounded Propagation

One might have observed this in the previous sections. A curious aspect of the

proposed propagation scheme is scenarios primarily dominated by the propagation

phase. Consider an arbitrarily large value ofK such that i ≤ 2 in 3.5, k will appear

to be constantly doubling throughout (de)compression. This is referred to as

unbounded model propagation, where K is indeterminable by the observer. While

the number of logical threads available determines the actual speed and point

of saturation in compression, it is preferable to set K to be arbitrarily large for

future scalability. This refers to the storage of data with unbounded propagation.

Supposedly, given a machine with only 4 logical cores, compressing the data at
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K = 4 and K = 64 will take approximately the same amount of time (albeit one

would require larger memory overhead, which may affect latency). However, with

ever-improving hardware (both thread counts and memory size), it is undesirable

to bind the stored data by K = 4 when the new machine has 64 logical threads.

As we have seen in 3.4, given sufficiently large K (greater than available logical

threads), the encoding and decoding machine’s performances are independent of

each other. This property of being able to fully utilise the computational power of

any configuration for decompression is what we will refer to as future scalability.

Future scalability is the primary advantage offered by the commonly used m-

independent sources approach, as each block is independently modelled.
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Figure 3.11: Effects of block size/propagation intervals on compression ratio
for enwik8. The branching method is represented by solid lines and naive (i.e.

K-independent) is represented by dashed lines.

Fig. 3.11 shows the performance of branching propagation compared toK-independent

and m-independent sources at larger K. The results are emulated with a single

thread at the cost of time for higher values of K due to the unavailability of a

machine with sufficient logical thread count and memory capacity, as such, speed
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Table 3.5: A comparison of various compression schemes.

m-indep. K-indep. Branching Serial
Dependency No Yes Yes Yes
Parallel Yes Yes Yes No
Scalable Yes No Unbound No

Table 3.6: Expected (normalised) compression ratio at higher thread counts,
using a balanced configuration.

K
Balanced Ratio (normalised)
K-indep. Branching ∆

16 1.08 1.03 0.05
32 1.11 1.04 0.07
64 1.16 1.08 0.08
128 1.20 1.11 0.09
256 1.25 1.14 0.11

performance is omitted. Observe that the branching method is bound by both

the corresponding K-independent curve and the branching curve of a higher K.

We can see that the adjoining points of the branching curves form the bound

for unbounded propagation K = ∞. Furthermore, note that an unbounded K-

independent scheme will simply result in an m-independent sources scheme, also

shown in Fig. 3.11, Table 3.5 summarises the comparison.

Assuming a balanced configuration will maintain around 80% maximum speed

at higher thread counts, the corresponding differences in improvement-over-serial

(normalised) are shown in Table 3.6. If the purpose of the compression scheme is

more inclined towards compression size. It would be preferable to either limit K

directly or indirectly via the block size. However, it would be more beneficial to

make use of unbounded propagation, especially for long-term storage, as it offers a

middle ground between the future scalability of the m-independent-sources scheme

and the compression sizes of a serial scheme. The only major concern is that of

model memory space. Where there is insufficient memory, one would need to

either: 1) compute the blocks in separate passes, similar to how the results were

emulated.
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3.4.8 Model Selection in Saturation

We will briefly discuss the model selection idea described in Section 3.2.2, a point

of investigation is the selection of a better-performing model to replace lesser

competition. The approach taken takes the top-half best performers (in terms of

ratios) and replaces the lower half with them in a one-to-one fashion. While there

may be other possible methods to model selection, this dissertation would not be

investigating the alternatives. Since the initial results (Fig. 3.12) are shown to be

detrimental to not only speed (from additional model copies) but also compression

ratio.
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Figure 3.12: Effects of block size/propagation intervals on compression ratio
(top) and speed (bottom) of enwik8, with varying maximum thread count. The
solid and dashed lines correspond to the branching method without and with

model selection.



Chapter 3. Model Branching Propagation 39

3.5 Future Work

Much of the related work (Section 2.3) is based on the premise of GPU-acceleration.

Since ranching propagation is already designed for models to be self-contained in

a contiguous memory space, consequently, we can also adapt our scheme to GPU-

based architectures with heterogeneous setups. This will allow for more exper-

imentation at higher thread counts. However, the serial nature of our example

algorithm will be much less suited for a GPGPU’s kernel parallelisation. It would

be better to test our scheme on alternative algorithms mentioned in Section 2.3,

most of which are designed for in-kernel parallelism.

There is also the unexplored aspect of branching propagation that was mentioned

in this paper. Effects of different branching factors β can be considered. Alterna-

tives to model selection are unlikely, as copying does incur a significant slowdown.

A compromised approach, where minor combination/information-sharing between

models could be worth considering. To reduce memory usage, one could consider

using a single model to compress multiple data blocks, race conditions will have

to be negated in such implementations.

3.6 Conclusion

We presented a novel approach to parallelising any generic algorithm, called branch-

ing propagation. By adjusting the parameters of the scheme, a varying balance

between compression speed and compression ratio can be achieved. While some

compromises have been made in implementing a viable memory model, our scheme

has still been shown to perform better than conventional approaches in standard,

balanced configurations. This is done using the speedup-to-ratio increase (SRI)

which is used as a unifying metric for speed and ratio trade-off that allows for

better interpretation results in parallelisation of compression algorithms.



CHAPTER 4

Conclusion

The conventional approach of parallel compression algorithm, while simple and

effective when speed is the only point of concern, can be rather detrimental when

concerning compression ratios, as we have noted in the case of bothm-independent

and K-independent schemes. This is, however, also dependent on the serial de-

pendency between the algorithm and the data source. As been shown, greater

serial dependency results in far greater ratio penalties as does the number of par-

allel threads. Furthermore, algorithms with high serial dependencies are generally

also highly sequential, making it difficult for tailor-made parallelisation of their

functions.

This dissertation presents a novel solution to reduce the impact of parallelisation,

called branching propagation. The algorithm itself assumes a generic divide-and-

conquer approach and persists the algorithm’s memory between data blocks. This

can be applied to various types of algorithms. The branching propagation scheme

provided some answers to our initial research questions:

1. Is there a viable alternative to the conventional approaches of splitting data

for parallel compression?

This is directly answered by the approach itself, the work described is a

novel divide-and-conquer approach to improving the overall data assignment

in a parallel compression environment. It offers not only better compression

ratios but also better space-time trade-offs at sufficient serial dependency. A

direct relation to Problem 2.

40
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2. If so, how would this hypothetical approach be affected by an algorithm’s

serial dependency?

It is first shown that serial dependency (i.e. how well it compresses data

in serial compared to parallel) is dependent on not only the algorithm but

also the source, greater source lengths will reduce the serial dependency

the algorithm has on the source itself. As shown with the results, greater

serial dependency yields better SRIs, while still providing adequate parallel

speedups. However, the performance of branching propagation is heavily

tied to serial dependency, to a point where insufficient serial dependency

yielded worse SRI than the conventional. Branching propagation still offers

better compression ratios, although with decreasing serial dependency the

differences decrease as well.

3. Finally, how do we quantify the parallel performance increase?

The solution to this is SRIs, which allow for one to take both speed and

compression ratio into account. One can intuitively interpret an SRI value

of 700 as a 700% increase in speed per 1% increase in size. While this metric

is not perfect, as cases with better compression ratios than serial can result

in an undefined SRI, it does, however, also make an argument that if the

compression ratio is better than serial, there is no reason not to use it.

4.1 Recommendation & Future Direction

Much of the work presented in this dissertation covers only the basics. As pointed

out, there are still many unexplored potentials of branching propagation. Some

examples include aspects relating to the branching factor and sharing models be-

tween multiple threads to reduce memory usage. The memory architecture could

do with additional refinements, as illustrated, model resets do affect the compres-

sion ratio. The generality and future scalability of branching propagation give it

high relevance in modern data compression research, this is further reinforced by
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its ability to parallelise highly sequential algorithms with adequate ratio penal-

ties. One would not expect difficulties in adapting such an approach to other,

potentially GPU-accelerated algorithms. It is worth reiterating that algorithms

with high serial dependency are inherently more difficult to parallelise on a GPU,

hence the lack of relevant work. It is, however, still a potential direction to explore

the degree to which statistical algorithms can be parallelised. The greatest limit-

ing factor is still the hardware limitations of branching propagation, memory and

computing threads. But this will only increase and become more widely available

with ever-improving technology. One could widely speculate that it may become

widely adopted like its many predecessors.
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Separate SRI plots

This appendix splits the SRI plot for enwik9 in Fig. 3.10 into individual plots for

legibility.
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Figure A.1: SRI for source length = 100 MB
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Figure A.2: SRI for source length = 200 MB
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Figure A.3: SRI for source length = 300 MB
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Figure A.4: SRI for source length = 400 MB
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Figure A.5: SRI for source length = 500 MB
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Figure A.6: SRI for source length = 600 MB
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Figure A.7: SRI for source length = 700 MB
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Figure A.8: SRI for source length = 800 MB
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Figure A.9: SRI for source length = 900 MB
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Figure A.10: SRI for source length = 1000 MB
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