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In this chapter a review on some of the most important lossless data compression algorithms

is presented. A brief description of each algorithm is provided along with references for further

reading. Entropy coding methods are presented in Section 2.1, followed by dictionary methods in

Section 2.2. In Section 2.3 other lesser-known methods are introduced, some of which provide the

better compression ratios to date. Based on this review the Deflate algorithm is chosen as a case

study. Thus, a review on hardware implementations of the Deflate algorithm from the last ten years is

presented in Section 2.5.

2.1 Entropy Coding Methods

In 1948 Claude Shannon laid the foundations for information theory. In [2], Shannon defines the

entropy of a set of probabilities and the entropy of an information source. He shows that the entropy

can be seen as the average number of bits needed to code the output of a source. He also proves that

a lossless compressor can do no better than encode the output of a source with an average number

of bits equal to the source’s entropy.

Robert Fano independently developed similar work, which was published in [3]. Both works

present a similar method to encode symbols in a way that reduces the average number of bits needed

per symbol, known as Shannon–Fano coding. This algorithm takes into account the probabilities for

each symbol and finds corresponding codes such that the codes for the most frequent symbols have

a lower number of bits and vice-versa. Furthermore all the resulting codes are different and constitute

a prefix code, i.e. a code in which no codeword is a prefix for any other codeword. This makes

it possible for the receiver to decode the message unambiguously. Nonetheless, Shannon–Fano

coding is suboptimal since the algorithm cannot always find the lowest length codeword for a symbol.

In [4], David Huffman presents a coding method which improves upon Shannon–Fano coding.

Huffman proves that his algorithm finds an optimal prefix code given a set of symbols and their

probabilities. Therefore Huffman coding is an optimal way to encode symbols individually. But this

does not mean no better compression methods exist: when using Huffman coding, choosing which

“symbols” to use plays an important role in attaining good compression ratios. Some compression

algorithms use Huffman coding as their last step after carefully choosing symbols by transforming the

input in some way.

For Shannon–Fano or Huffman coding to be used, the probability distribution of the symbols

must be known. The most general way to know the distribution is to scan the input and count their

occurrences. This is general in the sense that no assumptions are made about the input. But in some

cases the input is known, expected or transformed to follow a particular distribution. For example, run-

length encoding (RLE) of 0s and 1s outputs a count of successive 0s followed by a count of successive

1s. If the probability of occurrence of a 0 is p, 1s occur with probability 1 − p. A sequence of n 0s

followed by a 1 has probability of pn(1− p). Therefore, probabilities of run lengths follow a geometric

distribution — smaller run lengths occur with higher probability. In [5], Solomon Golomb presents

a method to encode non-negative integers that follow a geometric distribution. He shows how N0
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can be partitioned into groups of m = −1/ log2 p elements and a variable-length code generated

such that groups with smaller integers have smaller codes: the number of the group is coded using

unary coding (variable length) and the position inside that group is coded with the ordinary binary

representation (fixed length). Unary coding simply means that a positive integer n is represented as

n 1s followed by a 0. Golomb coding involves calculating a quotient q = bn/mc and a remainder

r = n − qm, which can be considered computationally expensive. By limiting the values of m to

powers of 2 the quotient and remainder can be efficiently computed by shifting. This particular case

of Golomb coding is called Golomb–Rice coding or Golomb-power-of-2 (GPO2). Compared with

Huffman coding, Golomb coding might be more practical if the alphabet of run lengths can be very

large. Another example of data for which the probability distribution is approximately known a priori is

English text. Some studies on the entropy of English are in [6–9].

For the coded message to be decoded the decoder must know which probabilities were used by

the coder. If no model for the information source is known a priori the coder must transmit to the

decoder the perceived probability distribution. This transmission can explicit or implicit. For example,

when using Huffman coding and if the input can be fully scanned before encoding, a Huffman code

can be constructed and explicitly transmitted to the decoder as a header prior to sending the coded

data itself. An algorithm to create such an header can be seen in [10]. On the other hand, if no model

is known and the input cannot be scanned before coding (to determine a model) an adaptive coding

method can be used. In adaptive coding methods both the coder and decoder start with a predefined

model which they adapt according to the transmitted symbols so that both have the same model.

Adaptive Huffman coding was independently developed by Newton Faller [11] and Robert Gallager

[12] and improved by Donald Knuth [13] (resulting in the FGK algorithm) and Jeffrey Vitter [14] (Vitter

algorithm). For this coding method an updated source model is transmitted implicitly every time a

symbol is coded. Each time a symbol is coded the code might need to be updated in order to respect

the properties of Huffman coding. Another adaptive method is Rice coding, introduced by Robert Rice

in [15]. The coder codes sequences of J symbols using four different “operators” and checks which

operator resulted in the smallest coded sequence. This sequence is transmitted prefixed by a header

of two bits identifying which operator was used. Rice points out that this might be considered brute

force, but that the operators are so simple that it is feasible to compute them all. He also shows that

his coding method is efficient for sources with average entropy ranging from 0.7 to 4 bits/symbol.

Even though Huffman coding is optimal when coding messages symbol by symbol, the expected

length of the codewords can be up to pmax + 0.086 bits greater than the entropy, where pmax is the

probability of the most frequent symbol [12]. The redundancy (expected length minus entropy) can be

reduced by concatenating symbols to form a new alphabet and using the new symbols. While this can

reduce the redundancy because pmax is reduced, the number of symbols in the new alphabet grows

exponentially and so does the number of codewords. Beyond a certain number of concatenations

using Huffman coding in this way becomes unfeasible. In [16], Jorma Rissanen presents the base for

arithmetic coding, which allows to code a particular sequence of symbols without the need to produce

codes for all the sequences of that length. A message is represented by an interval of real numbers
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in the range [0, 1[. As more symbols are encoded the interval size must be reduced and more bits

are needed to represent it; the most probable symbols reduce the range less than the least probable

ones. The algorithm was generalised in [17] and [18]. It only became popular almost one decade

later due to an effort of Ian Witten et al. [19] in pointing to the community that Huffman coding had

been surpassed. Practical implementations are discussed in [20] and [21]. Adaptive models can be

used with arithmetic coding as discussed in [19, 21].

Entropy coding methods are still in use in several applications. Huffman coding and arithmetic

coding are the most popular methods and many times they are combined with other methods, such

as dictionary methods.

2.2 Dictionary Methods

In 1977 Jacob Ziv and Abraham Lempel started a new branch in compression history with [22]. In

this paper they describe an algorithm which uses a dictionary — a list of patterns occurring frequently

in the input. The algorithm in that work became known as the LZ77 algorithm and it uses a sliding

window as the dictionary, which slides over the input as it is encoded. This window stores the last

n symbols emitted by the source. The encoding process consists in finding phrases in the input that

occur in the sliding window. When a match (or the longest match) is found in the dictionary, the LZ77

coder emits a triple consisting of the offset in the window where the match was found; the length of

the match; and the codeword for the next symbol of the input after the current phrase. Whenever a

match is not found a triple (0, 0, C(s)) is produced, where C(s) is the codeword for symbol s. Since

the window has a finite length, repetitions in the input with period longer than n cannot be detected

and compressed by LZ77. LZ77’s dictionary contains all single symbols and all the sub-strings of the

string that is in the window.

In the following year the same authors published [23] which originated the LZ78 algorithm. LZ78

uses an explicit dictionary instead of a sliding window. This dictionary stores phrases previously

found in the input. The input is parsed and when a match is found the LZ78 coder outputs a double

(i, C(s)), where i is the index for an entry already in the dictionary that has the longest match; and

C(s) is the codeword for the input symbol after the matched phrase. Then a new entry is added to the

dictionary: its index is the next free index and its content is the concatenation of the content at index

i with s. When no match is found the special index 0 is used (consequently the dictionary starts at

index 1). Because of the way the entries are constructed, the new entries become longer and longer,

allowing for lengthier matches. Unlike LZ77, once a phrase enters the LZ78 dictionary it will always

be detected and compressed. In practice the growth of the dictionary must be limited in some way,

which may mean matches will not grow beyond a certain length.

The Lempel–Ziv algorithms became popular and are the base for many other algorithms (see

Figure 2.1). It has been proven in [24] and [25] that both achieve asymptotically optimal compression

ratios for ergodic sources (i.e. sources for which every sequence is the same in statistical properties).

Many LZ-class algorithms derive from LZ77. The adoption of LZ77 was greater than that of LZ78
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because of patenting issues concerning the LZW variant of the latter (those patents expired in 2004)

Many of the LZ descendents never became popular and are little known. In the following paragraphs

some of the most relevant or recent ones are outlined.

Figure 2.1: LZ class of algorithms

The Lempel–Ziv–Welch (LZW) algorithm is the most know variation of LZ78. It was proposed by

Terry Welch and described in [26]. With LZW, Welch aimed to popularise the use of compression

in commercial computer systems by presenting a simple, adaptive and fast algorithm with good

compression ratio. The LZW dictionary starts with entries for all the symbols in the alphabet. The

input is stored as a string ω until a character K is read that results in a pattern ωK that is not in the

dictionary. At this point, the index for the entry with ω is emitted and a new entry with content ωK

is added to the dictionary. While LZ78 emits a double of the form (i, C(s)), LZW emits a single: (i).

LZW is used in UNIX’s compress utility. When Welch published [26] he had a patent pending for it.

Spencer Thomas did not know this and used LZW in compress. This meant the users of the program

had to pay royalties to use it, and hence its popularity fell. The GIF image format also uses LZW and

its developers were unaware that it was patented. The format became widespread before the patent

was enforced. Nonetheless, the controversy surrounding GIF resulted in the development of the PNG

format, which uses the Deflate algorithm (based on LZ77). The patent problems with LZW reduced
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its popularity and consequently the popularity of LZ78. The LZW patent expired in 2004.

The Deflate algorithm and data format was developed by Phil Katz as a part of his PKZIP archiving

program. The algorithm results from a combination of LZ77 followed by Huffman coding. The format

is specified in RFC 1951 [27]. As Deflate uses LZ77 it needs to encode references to strings in the

window as well as literal symbols (which in Deflate are bytes). The sliding window used in Deflate has

a maximum size of 32 kB and consequently offsets are limited to 32 kB. Match lengths are specified

to be in the range [3, 258]. The triples produced by LZ77 are encoded using two Huffman codes. One

of the codes is for offsets: 30 ranges are specified, which combined with a variable length of bits fully

specify an offset. The other Huffman code combines the alphabets for literals and for match lengths

into a new alphabet. This alphabet has 286 elements: 256 literals; one end-of-block symbol; and 29

symbols to represent ranges for match lengths. Deflate is one of the most widespread compression

algorithms. It is used in the popular Zip and Gzip [28] formats, Transport Layer Security (TLS) protocol

version 1.0 to 1.2 [29–31], HTTP/1.x [32, 33] 1 , Secure Shell (SSH) [36], Zlib [37], PNG [38], etc. Katz

filed a patent for his original implementation of Deflate [39]. Nonetheless, alternative implementations

can be used — such as the one in [27] — that are not covered by patents and generate data in

the Deflate format. Implementations of the algorithm exist both in software and hardware. A review

of Deflate hardware implementations is presented in Section 2.5. Further details on Deflate and its

implementation in Gzip are in Chapter 3.

Lempel–Ziv–Markov chain algorithm (LZMA) was apparently invented by Igor Pavlov for his file

archiver 7-Zip, first released in 1999. No scientific publications explaining the algorithm exist, nor

is it well documented. Its implementation is available in the LZMA SDK [40], which is in the public

domain since 2008, so the algorithm can be studied and modified from its implementation. LZMA

is a combination of LZ77 and arithmetic coding2. The original LZ77 is a greedy algorithm: it parses

the input and uses the first match it can. By looking ahead some symbols of the input, a non-greedy

algorithm can make better choices on which phrases to parse and hence achieve better compression

ratio [41]. The implementation in LZMA uses non-greedy parsing. Another aspect of LZMA is that

it uses a special “repeat match” (short) code to encode the three most recent matches’ offsets (as

in the LZX algorithm [42]). Literals, matches and repeated matches are all coded using a binary

(i.e. the used symbols are bits) arithmetic coder with order-n context. The context varies according

to what is being coded. Literals, for example, start with the previous byte and lower bits from the

current position as context (the bits from the position are an attempt to capture structure that repeats

at powers of 2) and as the encoding of the literal advances bits from the literal are also used in the

context. More details on LZMA can be gathered from [42–44]. LZMA can achieve compression ratios

significantly higher than Deflate at the expense of an increase in computing time and memory. While

Deflate is limited to a dictionary of 32 kB, LZMA can use up to 4 GB. The high compression ratio allied

to increasingly powerful computers is making this algorithm more and more used. The most known

implementations are in 7-Zip and in xz.
1Compression is seemingly going to be dropped in TLS v1.3 because of the CRIME and BREACH exploits. For HTTP/2

[34] a new header compression method was developed [35] to prevent these exploits.
2More precisely range coding, an integer based version of arithmetic coding.
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In the last decade the engineers at Google have developed and open-sourced at least four

compression algorithms, all based on LZ77: Snappy, Gipfeli, Zopli and Brotli. Snappy [45] aims

to be very fast, both at compression and decompression. Its results show that it can compress at

250 MB/s and decompress at 500 MB/s, for the test files for which it was slowest (for comparison

Zlib (Deflate) compresses at 74 MB/s in its fastest setting and 24 MB/s with default settings). This

increased speed is attained at the expense of compression ratio: Snappy’s compression ratio is 20

to 100 % lower than Zlib’s. Version 1.1 uses a sliding window with 64 kB, but the format allows a

dictionary up to 4 GB (larger windows can be slower to decode [46]). The encoding is byte-oriented

and no entropy coding method is used. Because “incompressible” data can slow down LZ algorithms,

Snappy uses an optimisation so that when no matches are found for 32 consecutive searches the

next searches are performed only for alternate bytes. If after 32 alternate-byte searches no match

is found, searches are performed only every third byte; and so on. The algorithm restarts “normal”

matching when a match is found. Snappy has been used internally by Google in their MapReduce

[47] and Bigtable [48] projects as well as in Google’s remote procedure call (RPC) systems.

Fast compression algorithms like Snappy are so fast that I/O operations might be the bottleneck

of the algorithm. Gipfeli [49] is another fast algorithm, about 30 % slower than Snappy but achieving

30 % more compression ratio. It is three times faster than Zlib (with fastest settings) and achieves

similar (yet lower) compression ratio. A dictionary with a maximum of 64 kB is used. Unlike Snappy,

Gipfeli entropy-codes literals and match information: for matches a static entropy code is used, which

was built based on statistics for text and HTML files; literals use an ad-hoc entropy code based

on taking samples from the input. Huffman or arithmetic coding were not used “because of their

slow performance.” For the algorithm not to slow down with data that is hard to compress the same

approach was used as in Snappy. The researchers replaced Snappy for Gipfeli in MapReduce and

obtained up to 10 % speed improvements in computations.

Zopfli [50] aims to compress data into the Deflate format with higher compression ratios than those

achieved by implementations as gzip and zlib. Zopfli produces compressed data 3.7 to 8.3 %

more compact than gzip --best. However, the execution time is around two orders of magnitude

higher than that of gzip. Decompressors take an identical time to extract data compressed with

either algorithm. As seen before, Deflate is widely deployed. Because of this, data compressed

with Zopfli can be readily used in many applications. One use case is in the web: static pages can

be better compressed with Zopfli and browsers can decompress the HTTP [33] content without the

need for any update. The browser user might see relatively small improvements in bandwidth or

page load times when compared to other Deflate data. Nonetheless, for mobile users the small extra

compression ratio might mean less energy spent in wireless communications and therefore increased

battery duration. PNG [38] images also use Deflate and can benefit from Zopfli’s better compression,

resulting in further gains since they are popular on the web. For content delivery networks (CDNs) and

websites with high traffic, Zopfli-coded content can result in significant improvements in bandwidth,

total data transferred and needed storage space. Unfortunately Zopfli’s throughput might not be

suitable to compress dynamic content. A good reference on implementation details seems not to
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exist. A very brief remark can be found in [51] stating that Zopfli searches a graph of possible Deflate

representations.

Brotli [52] is currently Google’s newest open-source compression algorithm. It was first released

in 2015. Unlike Zopfli, Brotli is not intended to be Deflate compatible. In fact Brotli is intended be a

modern replacement for Deflate. Since Deflate is popular for its fast compression and decompression

speeds along a relatively good compression ratio, for Brotli to be a suitable replacement it should be

at least as fast and provide somewhat better compression. In [46], Google researchers compare

Brotli with other algorithms, including Deflate, Zopfli and LZMA. Results show that for a target

compression ratio Brotli generally provides faster compression than Deflate and both are on par when

decompressing. Furthermore, Brotli can achieve significantly higher compression ratios when using

its slowest settings: it can compress 20 to 26 % more than Zopfli — which in turn (as seen before)

compresses more than Deflate — while being more than twice faster. For some files LZMA can attain

around 2.5 % better compression ratio considerably faster than Brotli. But LZMA’s decompression

time is four to five times higher, making it unsuitable to replace Deflate. Brotli uses a sliding window

up to 16 MB in size. Alongside this dynamic dictionary a static one is used. It contains syllables

and words from several human languages and phrases used in computer languages as HTML and

JavaScript. The static dictionary is 120 kB in size and transforms can be applied to the its entries such

that a total number of about 1.6 million sequences can be represented. This dictionary is particularly

useful when compressing small files. Data is encoded as a series of “commands.” Each command

is composed of three parts 1) the number of literals, n, encoded in this command and the length of

the match, 2) a sequence of n literals and 3) the offset of the match. Each of these parts is Huffman-

coded using an alphabet specific to that part. In fact more than one code can be used for each

part, depending on the context the symbols appear in. For literals the context is the previous two

uncompressed bytes; and for offsets the length of the match is used as context. Apart from these,

additional contexts can be specified for each part of the commands. For further details please refer

to [52]. As new as Brotli is, it is already in use on the Internet: the WOFF 2.0 font file format [53] uses

Brotli for compression; and Brotli has been accepted into the HTTP Content Coding Registry [54]

by the IANA. Chrome, Firefox and Opera web browsers currently support Brotli when compressing

HTTPS.

Dictionary-based compression algorithms are undeniably the most commonly used algorithms in

lossless data compression. Among them, LZ77 is one of the most known and constitutes the base of

many others.

2.3 Other Lossless Methods

Entropy coding and dictionary methods are undoubtedly the most widely known categories of

compression algorithms. Nonetheless other less known methods exist. In this section Burrows–

Wheeler transform, context modelling and context mixing algorithms are presented. Many of today’s

programs with best compression ratios stem from one of these algorithms.
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The Burrows–Wheeler transform (BWT) was invented by David Wheeler in 1983 and first published

by Wheeler and Michael Burrows in 1994 in [55]. It is not a compression algorithm per se, but rather,

it sorts blocks of the input in such a way that makes them more compressible by other lossless

compression algorithms. It works by performing all the possible rotations of the input block. Then,

these rotations are sorted lexicographically, forming a list where the original block can be found at

index i. The string formed by the last character of each of these sorted rotations, along with index i,

constitute the BWT of the original block. From this index and the new BWT-sorted block the original

block can be recovered. One property of the BWT block is that it contains clusters of equal symbols,

i.e. if a symbol s appears in a certain position in the block, there is a high probability that contiguous

positions also contain s. This property can be exploited by the move-to-front (MTF) coding method,

which is suited to take advantage of locality of reference [56, 57]. The most known implementation of

BWT followed by MTF is found in the bzip2 program.

Context modelling compression algorithms build a model that allows them to predict which symbol

comes next in the input. These predictions are based on what is called a order-n context. Consider

the word symbol as an example. For the letter l the order-5 context would be symbo; the order-

4 context is ymbo; and so on, until order-0 context, which is l itself. Using order-0 means when

encoding a symbol we don’t take past symbols into account. This means that the symbol’s probability

is simply the number of times it occurs divided by the total number symbols that occurred. When

using a order-n context with n > 0 the probability of a symbol is a conditional probability given that

the previous n symbols occurred. Generally, a higher order context gives a better chance of correctly

predicting the next symbol, because that symbol probably has a high probability in the current context.

A high probability means the symbol will take less bits to encode using for example arithmetic coding.

Nonetheless, it might be unfeasible to gather probabilities for high order contexts, because the number

of different contexts grows exponentially with the length of the context. Furthermore the majority of

those contexts will never occur: for example the string aaaa almost never occurs in a normal English

text. Therefore it is wasteful to calculate all probabilities for all contexts a priori.

The most known context modeling algorithm, called Prediction by Partial Matching (PPM) [58],

solves this problem by calculating the probabilities as needed. The maximum length of the context

is decided beforehand. When encoding a symbol, the longest context is checked: if this symbol

previously appeared in that context we know its probability and encode it accordingly; otherwise the

size of the context is reduced and an escape symbol is encoded, signalling to the decoder that this

reduction happened. This process is repeated until the symbol is found in some context. If this is

the first time the symbol appears in the input, not even order-0 context will have information about it.

Therefore a fallback fixed probability exists for each symbol. Before proceeding to the next symbol,

the counts of the times this symbol appeared with these contexts is updated. The tricky part about

PPM is which probability to assign to the virtual escape symbol. This is called the zero-frequency

problem, which is described in [59]. Many variants of PPM appear in the literature, proposing different

solutions for this problem. The most popular variation is PPMd, based on [60] (not to be confused

with another version called PPMD [61]).
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The algorithms mentioned is this section are little-known compared to the ones in the previous

sections. They provide the best compression ratios to date, but are mostly used only for investigation.

2.4 Compression Benchmarks

The throughput and compression ratio a particular compression algorithm can achieve depends

on the data being compressed. Therefore, comparing algorithms or implementations is only possible

by testing them with the same data sets. For this reason, a few standard data sets — referred to as

corpora — are commonly found in works about compression. The ones most frequently found are the

Calgary, Canterbury, Enwik and Silesia corpora. Table 2.1 shows the sizes of these Corpora.

The Calgary and Canterbury corpora are relatively small, with around 3 MB. On modern computer

systems these small file sizes can be compressed in less than a second by the fastest algorithms.

Therefore, in order to obtain more reliable results the Enwik and Silesia corpora can be used, whose

sizes are in the order of hundreds of megabytes. The Enwik corpus has several variants called

Enwik9, Enwik8, etc. The largest is Enwik9 and the others are obtained by truncating the file to 10n

bytes, where n is the number in the name of the variant.

The contents of each corpora consist of a combination of text files such as books or HTML and

binary files such as program’s binaries or raw data, except for the Enwik corpora, which is a text

excerpt from the Wikipedia. In this work, the corpora with multiple files are compressed as a whole,

by first archiving the files into a tar file.

Table 2.1: Commonly used corpora and their sizes

Corpus Raw size (B)

canterbury.tar 2821120
calgary.tar 3152896
enwik8 100000000
silesia.tar 211957760
enwik9 1000000000

2.5 Hardware Architectures for Deflate

From the previously mentioned algorithms, the one whose usage is most widespread is undoubt-

edly the Deflate algorithm. It is used in the widely available Zip and Gzip formats, and is also prevalent

on the web, where it is used by 71 % of the top ten million websites [62]. For this reason, and because

the algorithm is relatively simple and well-documented and there are numerous scientific literature

works on it, Deflate will be used as the case study throughout this work.

This section presents several hardware architectures related to the implementation of Deflate,

focusing on LZ77, which is the slowest part of the algorithm. Only works published in the last ten

years are considered in this section, as they tend to best represent the current technologies and have

best performance, while they refer older works when appropriate. We group the architectures into two

main categories: architectures that use hashes to search for matches and architectures that do not.
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These categories are then divided into architectures that were considered sufficiently dissimilar from

the others.

2.5.1 Hashless Architectures

This type of architecture directly compares all the data in the window with the one in the lookahead,

trying to find matches. It has no a priori knowledge of where in the window the best matches for the

current lookahead might be. Therefore it needs to compare the lookahead with all the window’s

positions, making it impractical for “large” dictionaries. A general representation of this architecture

can be seen in Figure 2.2. The window and the lookahead are fed into a comparison matrix, which

compares all the sequences in the window with the sequence in the lookahead. The results of these

comparisons enter a block which computes the best match (if any) and outputs the length of the match

and its offset in the window buffer. If no match was found the literal will be encoded instead.

Figure 2.2: General hashless architecture

2.5.1.A Direct Implementation

The most direct implementation is an architecture that closely resembles the diagram in Figure 2.2.

The main components are a comparison matrix and a best match calculator. Figure 2.3 depicts an

example of all the comparisons that the comparison matrix must perform, for a dictionary of 8 bytes

and a lookahead of 4 bytes. It can be seen that if the size of the window is W and L is the size of the

lookahead then the comparison matrix must compare WL bytes. Figure 2.4 shows an architecture for

the best match calculator block as proposed in [63]. The inputs of the block are of the form wilj , which

represents the result of the comparison of byte wi of the window and lj of the lookahead. The AND

gates in each row of the architecture are chained in order to figure the match length of each particular

combination of window and lookahead sequences. The ORs and multiplexers on the left side of the

diagram select the longest length from all the rows. The rightmost part of the diagram features chains

of multiplexers, which for each column forward the shortest distance for which a match exists, for the

length corresponding to that column. The outputs of these chains of multiplexers are then selected by

a multiplexer whose control signal is the best match length. In summary, this circuit finds the longest
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match available at the shortest distance from start of the lookahead.

Figure 2.3: Representation of the comparisons that the comparison matrix must perform for W = 8 and L = 4

Figure 2.4: Architecture for a best match calculator with W = 3 and L = 3. The AND gates from the left and
right halves of the diagram are the same.

In each clock cycle this architecture can shift the input in the window by a number of bytes equal

to the length of the best match. This means a shift of a single byte in the worst case and of L in the

best case. The worst case is when there are no matches or the best match is less than 3 bytes in

length, because that is the minimum match length for Deflate. The throughput of this architecture will

therefore depend not only on the clock frequency but also on the redundancy of the stream of data

being processed.

In order to improve the throughput, it is possible to match future lookaheads in the present cycle.

To do this more bytes of the input are appended to the lookahead. For each appended byte one

additional future lookahead is evaluated in the current cycle. In terms of hardware each extra byte

adds W byte-comparators to the comparison matrix and one extra best match calculator. Figure 2.5

shows that the results from the previously existing lookaheads can be used to find matches for the

future lookaheads. Without reusing these results the increase in comparators would be WL instead.
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However, extending the lookahead in this way does not increase the maximum match length. The

maximum match length is still L, because that is the number of bytes each best match calculator can

process. By extending the lookahead by Le bytes, the input can be shifted by at least Le + 1 bytes in

each cycle and at most by L + Le. However, additional circuitry is needed to decide which matches

to commit, as the several discovered matches cannot overlap each other nor leave bytes of the input

uncovered.

In [63], throughputs from 175 to 750 MB/s are reported, depending on the combinations of

W ∈ [16, 512] and L ∈ [4, 32]. The hardware usage ranges from 311 to 33k 4-input LUTs. In [64],

a maximum throughput of 1.14 GB/s was reached, using 120k 6-input LUTs, but the sizes of the

dictionary and lookahead are not specified. In both works the value of Le is not clear, although in the

latter it appears to be Le = L.

Figure 2.5: Unrolling of the comparison matrix to match Le = 2 future lookaheads

2.5.1.B Systolic Arrays Architectures

A systolic array is a network consisting of a repeating processing element (cell). Each cell is

connected to a small set of the cells close to itself. Cells execute some operations on the data and

then pass it to its neighbours.

The comparison matrix in Figure 2.2 can be implemented using a systolic array, such that the cells

gradually pass the window data to their neighbours and each cell compares it with bytes from the

lookahead buffer. The results of the systolic array are then processed to find the longest match.

Figure 2.6 shows the architecture of the simple systolic array described in [65]. The number of

cells is equal to the length of the lookahead. Bytes from the lookahead enter the cells from the

top, while the bytes from the window or lookahead enter the leftmost cell and are passed from one

cell to the following. Each cell compares one byte from the window with one from the lookahead and

outputs the result of that comparison. Each cell simply contains a byte-comparator and three registers

(Figure 2.7).

The systolic array takes W clock cycles to compare all the sequences from the window with the
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lookahead. The comparison results from each cycle, mW−1...m0 should be encoded into a binary

integer to obtain the length for the candidate match. This can be accomplished for example with a

chain of AND gates and an encoder of W to blog2 W c bits. The best match calculator block must keep

track of the best length found so far for the current lookahead as well as the position in the window for

the corresponding match.

Figure 2.6: Systolic array architecture for L = 4

Figure 2.7: Architecture of a cell of the systolic array in Figure 2.6

A simple way to improve the throughput is to detect when a match with length equal to the

maximum length — i.e. L — is found and immediately shift the window. In Deflate, shorter distances

result in better compression, thus it would be better to feed the systolic array from the right to the left,

starting with the lookahead and then the window. This would ensure that when a match with maximum

length is found it is also the least distant match with that length. Another contribution to increase the

throughput is to use more than one systolic array such that each one compares the lookahead to

different segments of the window, as seen in Figure 2.8. Using n systolic arrays, the number of

cycles to compare all window sequences is reduced from W to dW/ne. However, the number of

length encoders increases to n and the best match calculator block must pick the best match from n

different matches. Note that each time the lookahead advances, L−1 cycles are needed to propagate

the window data so that all cells are ready to start matching the new lookahead in the next cycle.

Therefore, the total number of cycles needed to match each lookahead is dW/ne + L − 1. In [65], a

throughput of 1.6 MB/s is estimated for n = 1, W = 1 kB and L = 16. For the same parameters a

total of 419 4-input LUTs are used.
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Figure 2.8: Using two systolic arrays to improve throughput, for L = 4. The upper array matches the first half of
the window, while the lower matches the second half.

2.5.1.C Pipelined Dictionary

A hashless architecture fairly different from others is proposed in [66]. The architecture is divided

into processing units each of which includes a part of the dictionary, comparison logic and match

calculation logic. Each processing unit finds matches for a certain lookahead in a chunk of the

dictionary memory. A diagram for the processing unit can be seen in Figure 2.9.

The lookahead is 16 bytes long and is compared to 16 dictionary sequences in each unit. Because

each match can be at most 16 bytes long, the dictionary memory in each unit must contain 31 bytes.

In order to reduce implementation area each unit features only four 16-byte comparators. Therefore,

each comparator must perform four comparisons for each lookahead. This means the execution of

each unit is divided into multiple cycles: one cycle is needed to access the dictionary memory and

four more to perform the comparisons. While the memory is being accessed the four best matches

found in the previous unit (PRENA) pass through the 2-1 multiplexers and the longest of those four

matches is selected by the longest match circuit. This match can then be compared with LONMA —

the longest match found so far for this lookahead. The LONMA output of the current unit is updated

as needed. Then, during the four comparison cycles the 2-1 multiplexers pass the results of the

lookahead-dictionary comparisons. In each cycle the best of those four matches is found and stored

in one of the PRENA output registers. At this point each unit can start processing the next lookahead.

Both PRENA and LONMA are two bytes long: the first 8 bits identify in which chunk of the dictionary

the match was found; the next 4 bits are the offset in the chunk for the first byte of the match; and the

last 4 bits are the length of the match.

The presented architecture, however, seems to be used with static dictionaries in [66], i.e. the

dictionaries are fixed and implemented as ROMs. Hence, the purpose of the address ADDR on top of

Figure 2.9 seems to be to select from one of multiple available static dictionaries. Notice too that the

last 15 bytes of the dictionary in every unit are the same as the first 15 in the next. Therefore 93 % of

the memory is duplicated. It should be possible to use non-static dictionaries with this architecture for

example by implementing the dictionary memory with a shift register of bytes as seen in Figure 2.10.
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Figure 2.9: Pipelined dictionary architecture [66]. Bus widths are in bytes.

The example in that figure uses a lookahead of 3 bytes (L = 3). Therefore, each unit compares

the lookahead with 3 sequences of the dictionary before moving to the next lookahead. When the

lookahead moves from one unit to the following, the shift register shifts the dictionary by one byte in

the opposite direction — in the figure the lookahead moves to the right and the dictionary to the left.

With this solution no memory duplication is needed, but the number of used LUTs should increase.

In terms of performance a throughput of 315 MB/s is reported for this architecture. It is also

referred that by making the pipeline more fine-grained a throughput of 1 GB/s is achieved. A total

of 256 processing units are used, resulting in an area of 127k 6-input LUTs for the non-optimised

implementation and 116k for the optimised one.

2.5.2 Architectures Using Hashes for Searching

While hashless architectures blindly compare the full contents of the window to the lookahead, the

architectures in this category only compare portions of the window that are more likely to have a match
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Figure 2.10: Scheduling of the comparisons in each processing unit in order to use a non-static dictionary, for
L = 3. Note the dictionary moves one position from right to left for every 3 cycles.

for the current lookahead. This is accomplished by applying some hash function to the lookahead and

using a hash table to store, for each hash value, positions of the window whose hash corresponds

to that value. Figure 2.11 shows a diagram of a general architecture employing hashes. The way it

works is as follows: the current lookahead is hashed and the hash value is used to index the hash

table; the hash table outputs a position from the window that matches this hash value; this position

is used to index the window, from which a sequence with the same length as the lookahead is read;

this sequence is compared with the lookahead and the length of the match is calculated. The position

given by the hash table is transformed into a distance relative to the beginning of the lookahead,

suitable to be used during Deflate’s Huffman coding stage. In order to improve the compression ratio

the hash table may contain multiple window positions corresponding to a certain hash value. We refer

to the number of positions as the depth of the hash table. For depths greater than one, the several

matches might be processed sequentially or multiple comparators, length calculators and offset to

distance converters might exist in order to process various matches in parallel.

In general this type of architecture should use less hardware than a hashless architecture for the

same dictionary and lookahead sizes and throughput. The lower amount of hardware resources can

be traded for increased throughput. However, hashless architectures might be able to find some

matches not found by some “hashful” architectures, due to the finite amount of references that the

hash table in the latter might support.

2.5.2.A Implementation with Linked Lists

One way to implement the hash table is to use a linked list. It closely mimics the approach used

in Gzip, which can be observed by reading Section 3.2.2. The hash table is organised using two

memories, head and prev. The head memory stores, for each hash value, the last offset in the

window where a sequence with that hash value exists. This position can be immediately used to

index the window to get a candidate match. But it also doubles as a pointer to the second memory,

which contains the remaining elements of the linked list. Each memory position in prev contains the

offset for another window position with the same hash value. As seen in Figure 2.12 this offset also
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Figure 2.11: General hashful architecture

serves as the address for prev which contains the next element of the linked list. The end of each

list is denoted by a memory word with null value.

Figure 2.12: Example of addressing a linked list hash table

One disadvantage of using a hash table implemented as a linked list is that the positions for

the matches are fetched sequentially, because a memory position must be accessed in order to

retrieve the next one. Therefore, if several candidate positions exist their matches will be searched

sequentially instead of in parallel. Because a null word is used to indicate the end of each list, another

disadvantage of the linked list approach is that it could require “rotating” the next memory, i.e. for

every W (the window size) input bytes the offsets that point out of the current window are zeroed.

According to [67] this operation can represent from 25 to 75 % of the total running time of a hardware

implementation. To mitigate this problem they propose adding k “generation bits” to each entry of the

prev memory. This way the rotation is performed only once for each 2kW bytes of input. They also

suggest that the memory can be divided in several parts so that they can be rotated in parallel.

An implementation using a linked list does not require duplication of any of the blocks seen in
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Figure 2.11. Furthermore, it does not require high throughput from the window and hash table

memories, which in other architectures might lead to memory duplication in order to increase the

throughput. Another advantage is that the depth for each hash value will be the same as the number

of sequences in the window which have that hash. The increased number of candidate matches can

result in better compression, as seen in Chapter 4.

The size of the head memory grows exponentially with the number of bits of the hash values

and linearly with the number of bits required to store the offset for the window. The size of prev

is proportional to the dictionary size and to the number of bits of the offsets. In practice, the size

of the window (and therefore the length of the offsets) does not impact the size of the memories,

because the data width of the memories is generally a multiple of 8 bits and the size of the dictionary

is generally from 1 kB to 32 kB, resulting in offsets whose representation always requires two bytes.

An architecture of this type was proposed in [68]. This implementation only compares one byte

of the window with one of the lookahead in each cycle. The dictionary and lookahead’s sizes are the

maximum supported by Deflate, i.e. W = 32 kB and L = 258 B. Unfortunately the throughput results

are not clear, because the prototype uses an SD card to store the input data, which was found to be

too slow to feed the architecture (the read bandwidth of the card is not reported). In terms of hardware

usage the LZ77 part of the design uses 2077 LEs (logic elements), each containing a 4-input LUT.

Another hash-based architecture was proposed in [67]. Up to four bytes are compared during

each cycle: the memory accesses are aligned to 32 bits, therefore the first comparison for each

match can be of 1 to 4 bytes and, if the match is longer, the following comparisons will be of 4 bytes

per cycle. Window sizes of 4 kB and 32 kB were used and L = 258 bytes. The reported throughputs

are of 49 MB/s for the smaller dictionary and 46.2 MB/s for the largest. The effects of comparing a

single byte per cycle were tested, resulting in throughputs of 30.3 MB/s and 25.9 MB/s for the two

dictionary sizes, which represents a performance decrease of 63 to 78 %. Disabling the “generation

bits” mentioned above was also tested, which lowered the throughput to 11.9 MB/s and 33.8 MB/s,

respectively. Notice the decrease is more marked for the smaller dictionary, because it requires more

frequent rotations of the hash table. The average number of cycles per input byte is two cycles. For

the 32 kB dictionary the implementation area is of 2620 6-input LUTs.

2.5.2.B Multiple Matches per Cycle

In order to achieve high throughputs with a high compression ratio, several matches should be

processed per cycle. This is not possible using a linked list hash table. Therefore, a new architecture

for the hash table is needed, which must support storing and reading several candidate window

positions in each clock cycle.

The simplest hash table organisation allowing reading multiple window positions corresponding

to a single hash value is to have a fixed number of slots corresponding to each hash value. This

can be implemented by using a memory with a data width sufficient to accommodate the number of

bits needed to have several offsets in a single slot; or by using separate memories for each unit of

depth. Which option is used will depend on the available memory configurations in the used device.
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The multiple offsets for a hash value should be updated in a first-in first-out (FIFO) manner, so that

the stored positions always correspond to the ones closest to the current lookahead. Consequently,

the first implementation option is less desirable, as keeping track of which memory bytes to write

would require extra logic. Therefore, separate memories are used to increase the depth, as seen in

Figure 2.13. The total size of the hash memories increases exponentially with the number of bits of

the hash value, linearly with the depth and remains constant with the number of bits of the offsets for

the typical window sizes.

Figure 2.13: Example of addressing a multi-slot hash table implemented with two memories

Processing multiple matches per cycle implies reading the window memory multiple times per

cycle. In FPGAs it is common for the BRAMs to support up to two accesses per cycle. These two

accesses may be a combination of reads and writes, but only two address buses are available. Thus,

memory duplication and/or increasing the memory operation frequency is generally necessary in this

type of architecture.

Notice that the throughput of this type of architecture does not depend on the input stream.

The throughput remains constant, irrespective of the input stream, because all the matches for a

lookahead are processed in a constant number of cycles. This is unlike the architectures using a

linked list, in which the number of cycles spent for a certain lookahead depend on the contents of the

linked list.

The architecture described in [69] seems to fit in this category, but its description is very

ambiguous. It uses a 16 kB dictionary divided into 16 separate BRAMs and the hash table seems

to implement a depth of 2, using two separate BRAMs. A total of 4 matches seem to be processed

per cycle. The throughput results reported are dependent on the input data, which is unexpected.

It varies from 61 MB/s to 110 MB/s and the fastest throughputs are attained for highly compressible

data sets. No hardware area utilisation is mentioned, nor is the size of the lookahead specified.

The previous descriptions assume several matches are processed per cycle, but that all of them

correspond to a single lookahead. In order to further improve the throughput it is possible to compute

multiple matches per cycle for multiple lookaheads. Works such as [70] and [71] can process 16

and 32 lookaheads in a single cycle. This puts the window, lookahead and hash table memories
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under additional stress due to the high number of accesses required in each cycle. If only memory

duplication is used to cope with the required bandwidth, the amount of needed resources becomes

unacceptable. Consequentially, a more elaborate architecture is necessary.

In the next paragraphs a description of how this problem is solved in [71] is presented. Other

implementations which process several lookaheads per cycle can be found in [70] and [72]. However,

[70] is a reimplementation of [72] in OpenCL, which does not give sufficient details about the memory

organisation; and the latter seems to have been a presentation in a conference, for which no published

materials could be found.

In [71], a total of 32 lookaheads are processed in each cycle. Each lookahead is 32 bytes long.

They implement a hash table depth of 1 and use 16 bits of hash size. Consequently, in each cycle 32

candidate positions must be read from the hash table. Assuming each BRAM has two ports it would

be necessary to replicate the 216 positions hash table 16 times, in order to perform all the needed

reads and writes (note the read address is the same as the write address). Their solution is to divide

the hash table into a series of banks and distribute the 216 positions equally by the banks. Each bank

is independent from the others, hence it is able to be accessed two times in a single cycle. They

chose to use 32 banks. The 32 hash values must now be used to address the 32 banks. The least

significant bits of each hash value are used to select the bank where the information about that hash

can be found. It is clear that collisions can happen. In the worst (improbable) case all the 32 hashes

will have the same lowest bits and therefore 32 accesses will be need from a single bank in a single

cycle. The best case is that no more than two hash values correspond to the same bank in each

cycle. Because of the possibility of collisions a crossbar switch is used to forward the hash values

to their respective hash banks. This crossbar switch includes an arbiter which chooses up to two

requests per bank per cycle. This hash table architecture is represented in Figure 2.14. An additional

crossbar switch is then necessary to forward the outputs of the banks so that at the hash table output

the order or the candidate positions match the order of the hash values at the input. Notice that the

requests that are dropped by the arbiter tend to reduce the compression ratio that would be attained

without those collisions. With 32 banks 64 candidate positions can be read per cycle, which should

minimise collisions to a certain degree. However, in order to further reduce the number of collisions,

the authors use a frequency for the hash table which is double from that of the rest of the datapath.

Since 32 lookaheads are processed per cycle and each lookahead is 32 bytes long, the window

memory should be able to output 32 consecutive bytes from any address, in a total of 1024 bytes

per cycle. It must also be updated with 32 new consecutive bytes. In order to accomplish this, the

authors chose to replicate the window memory 32 times. Each replica outputs 32 bytes which are

aligned so that any byte aligned address can be accessed in a single cycle. A window size of 64 kB

is used, which means the Deflate64 variation of Deflate is implemented, as the original only supports

dictionaries up to 32 kB. The lookahead memory is simply stored in 64 eight-byte registers.

The implementation in [70] uses a lookahead of 16 bytes and processes 16 lookaheads per

cycle. The size of the dictionary is not specified. A throughput of 2.84 GB/s is reported and about

110 kALMs (adaptive logic modules) are used. On the other hand, in [71] 32 lookaheads of 32 bytes
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Figure 2.14: Multi-bank hash table architecture [71]

are processed per cycle, resulting in a a throughput of 5.6 GB/s, using 108 kALMs. This is the best

throughput currently found in the literature. This throughput is about the double of the former, which is

expected since it processes two times more bytes per cycle with a similar frequency. The mentioned

areas include the Huffman coding parts of the architecture.

2.5.3 Summary of Implementations

Table 2.2 provides a summary of performance parameters for the implementations of the

architectures described in the previous sections. In general the hashful architectures support longer

dictionaries than their hashless counterparts, which results in better compression ratios, as will be

seen in Chapter 4. In terms of throughput, both types of architectures can reach 1 GB/s. However,

the hashful architectures have a better throughput per area ratio.

Table 2.2: Comparison metrics for several implementations of Deflate or LZ77

Ref. Architecture type Win. size Look. len. Thr. (MB/s) Area

[63] Hashless (direct) 512 8 750 23743 4-input LUT
[64] Hashless (direct) ? ? 1167 120000 6-input LUT
[65] Hashless (systolic array) 1024 16 2 419 4-input LUT
[66] Hashless (pipelined dict.) 4096 16 1024 116000 6-input LUT

[68] Hashful (linked list) 32768 258 ? 2077 4-input LUT
[67] Hashful (linked list) 32768 258 46 2620 6-input LUT
[69] Hashful (multi-match) 16384 ? 62 ?
[70] Hashful (multi-match) ? 16 2908 110000 ALMs
[71] Hashful (multi-match) 65536 32 5734 108000 ALMs

2.6 Conclusion

This chapter introduced the main lossless data compression algorithms currently available. It also

introduced the data compression benchmarks usually used to test the algorithms for both throughput

and compression ratio. We concluded that due to its widespread use and relative simplicity compared
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to other algorithms the Deflate algorithm is the most interesting case study for hardware acceleration.

Hence, works from the last ten years concerning implementations of LZ77 or Deflate in reconfigurable

devices were presented and evaluated, and will serve as a basis for the development of our proposed

architecture.
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