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Open-Source Parameterized Low-Latency Aggressive Hardware Com-

pressors and Decompressors for Memory Compression

James C. Jearls

(ABSTRACT)

In recent years, memory has shown to be a constraining factor in many workloads. Memory
is an expensive necessity in many situations, from embedded devices with a few kilobytes
of SRAM to warehouse-scale computers with thousands of terabytes of DRAM. Memory
compression has existed in all major operating systems for many years. However, while
faster than swapping to a disk, memory decompression adds latency to data read opera-
tions. Companies and research groups have investigated hardware compression to mitigate
these problems. Still, open-source low-latency hardware compressors and decompressors do
not exist; as such, every group that studies hardware compression must re-implement. Im-
portantly, because the devices that can benefit from memory compression vary so widely,
there is no single solution to address all devices’ area, latency, power, and bandwidth re-
quirements. This work intends to address the many issues with hardware compressors and
decompressors. This work implements hardware accelerators for three popular compression
algorithms; LZ77, LZW, and Huffman encoding. Each implementation includes a compres-
sor and decompressor, and all designs are entirely parameterized. There are a total of 22
parameters between the designs in this work. All of the designs are open-source under a
permissive license. Finally, configurations of the work can achieve decompression latencies
under 500 nanoseconds, much closer than existing works to the 255 nanoseconds required
to read an uncompressed 4 KB page. The configurations of this work accomplish this while

still achieving compression ratios comparable to software compression algorithms.



Open-Source Parameterized Low-Latency Aggressive Hardware Com-

pressors and Decompressors for Memory Compression

James C. Jearls

(GENERAL AUDIENCE ABSTRACT)

Computer memory, the fast, temporary storage where programs and data are held, is ex-
pensive and limited. Compression allows for data and programs to be held in memory in
a smaller format so they take up less space. This work implements a hardware design for
compression and decompression accelerators to make it faster for the programs using the
compressed data to access it. This work includes three hardware compressor and decom-
pressor designs that can be easily modified and are free for anyone to use however they
would like. The included designs are orders of magnitude smaller and less expensive than
the existing state of the art, and they reduce the decompression time by up to 6x. These
smaller areas and latencies result in a relatively small reduction in compression ratios: only

13% on average across the tested benchmarks.
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Chapter 1

Introduction

From small IoT microcontrollers to warehouse-scale computers, memory is a valuable but
limited resource in all modern computing devices. Memory compression is a technique that
can enable significantly more effective memory usage by representing data in a more com-
pact format. This reduces the amount of physical RAM a task needs, and it can improve
performance in memory-bound applications by reducing the time spent swapping to a disk.
Additionally, RAM requires a constant power draw to refresh its data, so using less physical

RAM has the potential to lower power costs.

In cloud and data center configurations, where the architects often configure each CPU with
the maximum amount of supported memory, memory can be more expensive than the CPUs
used. The AMD EPYC 7763, the highest core count CPU currently on the market, costs
$7890 [30]. This CPU can utilize up to 4 TB of memory [21]. Extrapolating from the price
of the cheapest 64 GB RAM module currently available, $324, 4 TB of RAM would cost

$20736, which is over 2.62x as expensive as the CPU itself [46].

Software RAM compression has existed for many years to reduce the need for physical
memory. Linux, Windows 10, and MacOS all support software RAM compression [34, 49,
50]. However, software decompression adds nearly 75 microseconds of latency to memory
read operations. Compared to the latency to read an uncompressed page of memory, 255
nanoseconds, decompression adds over 280x more latency. This additional latency can have

a significant impact on performance. However, this latency can be significantly reduced if



2 CHAPTER 1. INTRODUCTION

compression and decompression are hardware-accelerated.

There are several existing implementations of hardware-accelerated compressors and decom-
pressors, but these are not suitable for memory compression research [3, 20]. These designs
have poor decompression latencies. They are also targeted towards file compression, which
could result in lower effective memory available when using them. These designs are also ex-
clusively proprietary and closed-source, so hardware memory compression research requires

building entirely new hardware.

The closed-source nature of existing works makes it difficult to conduct memory compression
research for a number of reasons. Most importantly, because there are no open-source hard-
ware compressors and decompressors capable of state-of-the-art latencies, researchers must
spend months, if not years, designing, implementing, testing, debugging, synthesizing, and
optimizing the compression hardware. The researchers must do these things before they can
incorporate the accelerator into a hardware design and use it for compression or decompres-
sion. The researchers must repeat this every time a new group is interested in memory com-
pression research, adding significant unnecessary development costs to compression projects.
By providing open-source tools, this work empowers the architecture research community to
generate area, frequency, and power numbers for simulators, FPGA-accelerated simulations

to improve the speed of simulation, and even tape-out chips in less time than ever before.

Existing designs are also very specialized. Applications with different requirements will
necessitate different hardware implementations. A low-power microcontroller will require a
much different compressor and decompressor than a server with hundreds of CPU cores. To
address this need, either many hardware compressors and decompressors must be available,
or designs should be highly parameterized. Parameterization allows for fast customization
and exploration of the design space, and it allows a single hardware generator to fulfill the

needs of many different use cases.



This work attempts to address the shortcomings of existing hardware compressors and de-
compressors for use in operating system memory compression. This work implements and
tests three hardware compressor and decompressor pairs. All implementations are open-
source under a permissive license, so individuals, research groups, or enterprises can use and
modify them as needed. Every aspect of the design is completely parameterized, from the
amount of data compressed by the accelerators to the number of bits in a byte, allowing
for complete customizability of the design. Area- or power-constrained systems can choose
to use individual compressors and decompressors, and high-performance designs can choose
to use multiple compressors and decompressors together for higher compression ratios. The
compressors and decompressors can achieve sub-microsecond decompression latency, even
while demonstrating compression ratios comparable to those of software implementations.
All of these characteristics mean that this work improves the state of the art for hardware-

accelerated memory compression.

The compressors and decompressors in this work are capable of several times lower latency
than the existing state of the art hardware compression and decompression accelerators.
These hardware compressors and decompressors also use an order of magnitude less area
than the existing state of the art. Finally, the compressors and decompressors in this work
accomplish all of this while being fully configurable and open-source for anyone to use in the

future.

The rest of this document describes this work and compares it to the existing state-of-the-
art. Chapter 2 discusses the existing literature relating to memory compression. Chapter
3 discusses the designs that comprise this work and the methods used to compare it to the
existing state of the art. Chapter 4 presents the results of the comparison to existing works.
Chapter 5 discusses some limitations of this work and identifies potential future projects

based on this work. Finally, Chapter 6 concludes with the broader implications of this work.



Chapter 2

Literature Review

This chapter reviews relevant literature on hardware compression and decompression for
memory. Section 2.1 gives background on the limitations of DRAM and many of the at-
tempted mitigation strategies. Section 2.2 discusses current state-of-the-art compression al-
gorithms, their benefits, and their differentiating features. Section 2.3 provides background
on the current state of open-source hardware and software for compression and motivates
the open-source aspect of this work. Section 2.4 describes the current state-of-the-art in

hardware compression and decompression and existing limitations.

2.1 Memory Constraints

Due to the proliferation of Big Data and AI, the available system memory constrains many
workloads. In their survey of in-memory applications, Zhang et al. say, ‘In spite of significant
increase in memory size and sharp drop in its price, it still cannot keep pace with the rapid
growth of data in the Big Data era, which makes it essential to deal with data overflow
where the size of the data exceeds the size of main memory [...]” [59]. Researchers have
been working hard to handle these data overflow cases for decades, so a large number of
mitigation techniques exist. These techniques include swapping memory data to a disk, using
new memory technologies to supplement DRAM, sharing RAM with remote computers, and

compressing in-memory data to take up less space.

4
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For all of the technologies discussed in this section, there are some important characteristics
that affect performance. These are the latency, bandwidth, and capacity. Each of the

technologies reviewed below has at least one characteristic that is better than DRAM.

Latency is the amount of time between memory data being requested and the transfer of
data completing. DDR4 at 2133 MHz and a CAS latency of 15 will have a latency of 255 ns
to read a 4 KB page of data. Any technology that is slower than this will potentially slow
down applications, because the computer will need to wait longer for data than it would

have if it were instead using DRAM.

Bandwidth is the amount of data that can be transferred in a given time frame. Bandwidth
is significant because it can limit the number of reads and writes that can occur in a set span
of time and because it affects latency. If bandwidth is very low, it will make 4 KB memory
page accesses take longer than they do with DRAM, even if a technology’s latency to access
the first byte of data is very low. DDR4 at 2133 MHz with a CAS latency of 15 will have a
bandwidth of 17 GB/s. Technologies with lower bandwidth than this could negatively affect

system performance.

Capacity is the amount of data that can be stored with a given technology. While most
technology capacities can be increased by purchasing more of it, it is useful to think of
this as the cost-effective capacity. In other words, how much capacity a given technology
can store at a reasonable price. The goal of all of the mitigation strategies is to have a
higher capacity than DRAM alone. If there is not enough memory capacity, not only will
the application be slower, the application will be unable to complete at all. Capacity is the

motivation behind all of the following technologies.
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2.1.1 Disk-Based Swap

A very simple way to increase the capacity of memory is to store infrequently-used memory
pages on a disk. By doing this, the effective memory capacity can be significantly improved.
Jung et al. and Lin et al. both implement flash-aware swap in the Linux kernel [25, 33]. In
an attempt to benefit from the latency benefits of flash and the cost-effectiveness of hard

disks, Liu et al. use a hybrid approach for improved QoS when swapping [35].

To utilize less of the disk and improve performance, Cervera et al. and Cortes et al. imple-
ment a disk-based swap that stores the data in a compressed form [12, 16]. This improves
the bandwidth of the swap, makes it more accessible to devices with small disks, and reduces

the latency of read accesses.

The disk-based swap approaches are some of the most cost-effective, because 1 TB of space on
an HDD costs less than $100 currently. However, it can cause some of the worst performance
of any of the strategies. Latency for data accesses on an HDD is many milliseconds, which is
several orders of magnitude longer than the read latency of DRAM. The bandwidth is also
several orders of magnitude lower as well. SATA 3 has a maximum bandwidth of 6 Gbps,

and most hard drives are not even capable of that.

However, latency and bandwidth are both significantly better on PCle-based NVMe SSDs.
Although they are currently more expensive per GB, their cost is lowering over time, and
many PCle drives can achieve bandwidths of multiple gigabytes per second. Some devices,
like Intel’s Optane Persistent Memory drives, can also achieve latencies of as little as one mi-
crosecond, bringing performance significantly closer to that of DRAM. These faster modern

devices make disk-based swap a much more attractive solution than it once was.
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2.1.2 DRAM Alternative Technologies

There are several technologies designed to compete with DRAM. These technologies hope
to provide lower power or higher capacities at latencies and bandwidths as close to that
of DRAM as possible. The technologies discussed here are Phase-Change Memory (PCM),
Resistive RAM (RRAM), and Magnetoresistive RAM (MRAM).

PCMs

PCMs use the amorphous or crystallized state of a material to store data [42, 57]. The
amorphous state, due to its irregular structure, has a high resistance, and the crystalline
state has a lower resistance. Heating the material in different ways can change the phase
of the material. By heating the material with a quick pulse of voltage, the material cools
quickly, forcing it into an amorphous state. By heating the material more slowly, the material

is able to slowly crystallize into the crystalline state.

On a macroscopic scale, waiting for a physical heating and cooling process would be quite
slow. Latency is a primary concern for a technology such as PCM. However, there are
documented cases of PCM that can recrystallize in under 5 ns [10]. Additionally, although
DRAM and other storage technologies have had poor scaling to smaller process nodes, PCM
has the potential to become faster and more efficient at smaller sizes, because there is less
material to heat and cool and a higher area to volume ratio to the material [10]. This means
that, if manufacturing technologies are able to produce high volumes, PCM is a promising-
looking technology to replace or supplement DRAM. Unfortunately, PCM will likely be

expensive and time-consuming to add support for, as DRAM currently dominates.
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RRAMs

RRAMs work by changing the resistance of a material with an electric current. This resis-
tance stays until it is rewritten, so it can be used to store data. RRAM devices use two
metal electrodes with an insulating oxide layer between them [60]. When a current is applied
to the oxide layer, it creates or destroys a thin conductive filament in it. This reduces the
resistance of the layer, allowing electrons to flow through more easily. By attempting to pass
electrons through this layer, the state of the RRAM device can be found, allowing stored

data to be read.

Like many of the other technologies in this section, RRAM is capable of low-voltage opera-
tion, does not require regular refreshing, and is also capable of areas, speeds, and latencies
that are competitive with DRAM [58]. However, just like all of the other technologies, the
largest hurdles are changing existing hardware implementations to utilize RRAM instead of

DRAM.

MRAMs

MRAMs are commonly implemented with two technologies: Giant Magnetoresistance (GMR)
and Magnetic Tunnel Junction (MTJ). GMR magnetoresistance MRAMs use a property of
thin-film magnets to store data. This property, GMR, causes the electrical resistance to
change based on the alignment of magnetic moments in stacked thin-film materials [53].
MTJ magnetoresistance MRAMs use two electrodes separated by a thin dielectric, like a
capacitor [53|. If the dielectric is made thin enough, electrons can tunnel through it, but by
using ferromagnetic materials for the electrodes, the orientation of the magnetizations of the
electrodes compared to each other can change the resistance of the MTJ [53]. Both of these

MRAM technologies use their respective magnetic orientations to store data as resistance
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values.

MRAM has a number of benefits. It is nonvolatile, which means it does not require power
to retain its value. MRAM does not require constant refreshing like DRAM, which also
reduces its power usage. It is smaller than SRAM, and fast enough to be competitive with
DRAM for program memory [23, 52|. However, like the other DRAM replacements, support
for this technology will likely require extra hardware or software support when compared to

the already very mature DRAM hardware stack in modern computers.

2.1.3 Remote Memory Sharing

Remote memory sharing is the idea that data can be stored in the memory of other computers
on the same network. This would not be effective in a context without a fast, low-latency
network connection or where all the nearby computers are memory constrained. However,
in many of the contexts where large amounts of memory are necessary, like cloud computing
or warehouse-scale computing, there are often imbalances of memory utilization. This can

occur more than 70% of the time for certain workloads [22].

In contexts where it is applicable, remote memory sharing can be very beneficial as a sup-
plement to DRAM. Gu et al. estimated that cluster vendors could increase revenues on the
same hardware configurations by up to 24.7% by enabling Infiniswap, their remote memory
sharing implementation [22]. Similarly, Liang et al. found that InfiniBand remote memory
had latency within an order of magnitude of the latency of DRAM for memory copies and
that quick sort only runs 1.45x slower with remote memory than with local DRAM [32]. Tt
is clear that, in the right situations, remote memory can be very useful, but its effectiveness

is limited by context.
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2.1.4 Memory Compression

Memory compression, the idea that portions of memory that are not in use can be compressed
to take up less space, has been around for many years. Often, memory compression works
in a similar way to a normal swap device like a hard drive: RAM data that has not been
recently used is stored somewhere else. However, instead of putting this data on a disk, the
data is compressed, and then stored back in RAM in a compressed form. Then, if a read
operation to that memory occurs, it can be decompressed and removed from the compressed

virtual disk.

The benefit of compressing memory but keeping it in RAM in a compressed state is sig-
nificantly reduced access latency when compared to disk accesses. Additionally, because
the RAM data is compressed and still inside RAM, there is no need for support for new
hardware technologies, memory compression can be used on any computer with software
support. Kjelsg et al. and Roy et al. investigate the performance implications of this tech-
nique [28, 45]. Memory compression was found to speed up application performance 5-250%
when compared to disk-based swap in these works. While this is significant, Kjelsg et al.
estimate that hardware compression instead of the implemented software compression could
yield many times higher performance [28]. These hardware compressors, the primary focus

of this paper, will be discussed in Section 2.4.

2.2 Compression Algorithms

To discuss hardware compression accelerators, it is first useful to have an understanding of
compression algorithms. There are two types of compression algorithms: lossy and lossless.

Lossy compression algorithms are often able to achieve much higher compression ratios, but
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lossy compression changes the data being compressed in some way. For memory compression,
which might hold important data, pointers, or programs, the changes that result from lossy
compression are not acceptable. For this reason, lossless compression is the focus of most

works in the field of memory compression.

The algorithms discussed in this section are LZO, LZ4, Zstandard, Huffman, LZ77, LZW,
and Deflate. This discussion is in preparation for discussion of hardware accelerators for

these algorithms in Section 2.4.

2.2.1 LZO

LZO is a unique compression algorithm in that no official public specification is available for
it. Only the source code and an attempt at documenting it in the Linux kernel can be used
to find information about the algorithm [51]. However, there is still enough information to
gain a simple understanding of its characteristics. LZO is a variation on LZ77 compression
by Markus Oberhumer. Its goal was to be faster than Deflate compression software like Gzip,
which uses Deflate [38]. LZO accomplishes this goal, but at the cost of lower compression
ratios. This is partially due to its lack of Huffman encoding, which Deflate includes. More

information about LZ77 is included in Section 2.2.5.

2.2.2 LZ4

LZ4, like LZO, is based on the LZ77 compression algorithm. It encodes data in a byte-aligned
manner. This allows its outputs to be compatible as inputs to algorithms like Huffman

compression, discussed in 2.2.4.

Each block of LZ4-compressed data consists of a byte of metadata, a variable number of
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optional bytes of metadata based on the first byte, a number of literal bytes that are not
compressed, and a compressed match [14]. The metadata at the beginning of the block
informs how long the literal data is and how long the match is. Once the literal data is
added to the data history, the match index, found at the end of the block, can be combined
with the metadata to match a sequence of characters in a row from the data history. This
allows repeated patterns of characters to be re-used without being repeated multiple times,
which is where the compression benefits come from. LZ4 is essentially a specific way to

encode LZ77, which is discussed in Section 2.2.5

2.2.3 Zstandard

It is one of two compression algorithms discussed in this paper that is a combination of exist-
ing algorithms. It combines LZ77 compression, Huffman encoding, and finite state entropy
encoding [15]. LZ77 compression, discussed in detail in Section 2.2.5, is performed on the
data first. Afterwards, literals that could not be compressed are compressed with Huffman
encoding, described in Section 2.2.4. The Huffman metadata and all other data is then
compressed with finite state entropy encoding, which allows it to achieve very competitive
compression ratios. However, because of this complexity, it is not often implemented in

hardware.

2.2.4 Huffman Encoding

Huffman encoding achieves minimum redundancy of data by giving characters of data vari-
able lengths [24]. The lengths of each encoding are determined by how frequently it appears
in the data being compressed. Frequently-occurring data are assigned shorter encodings,

and infrequently-occurring data are assigned longer encodings. In this way, data can be
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optimally encoded such that no two characters’ representations could be swapped to achieve

a shorter encoding result.

To accomplish this, Huffman encoding arranges all of the unique characters in the data into
a binary tree, where each character is a leaf node. Huffman encoding uses this tree to find
the most efficient encoding for each character in the data. There are two types of Huffman

encoding: static and dynamic.

Static Huffman encoding uses a premade Huffman tree to encode the data. This reduces
its flexibility, because the static tree will work very well for certain inputs and poorly for
others. However, using a premade tree removes all of the work required to create a tree,

which simplifies and speeds up the algorithm to encode the data.

Dynamic Huffman encoding is done in two passes. In the first pass, the encoder counts
the number of occurrences of each data character to determine their relative frequencies.
Afterwards, the encoder uses these frequencies to construct a binary tree where each data
character is a leaf node. The construction of this tree starts from the two least frequent
characters. Every time two nodes are combined under a new parent node, the parent node’s
frequency becomes the sum of the frequencies of its children. This continues until a single

root node encompasses the entire tree.

Once the tree is constructed, the lengths and encodings of the characters can be determined.
The number of bits used to represent a character is equal to its depth in the tree from the
root node. The encoding of each character is determined by the traversal steps required to
reach it from the root node. Every left path in the tree concatenates a ‘0’ to the binary

encoding of the character, and each right path concatenates a ‘1’ to the binary encoding.

Finally, once each of the leaf nodes has been given an encoding, the second pass can encode

the data. For each character of the input data, the second pass looks up its new encoding
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and outputs this new encoding. This continues until every character of the input has been

encoded.

To decode Huffman-encoded data, only the original Huffman tree is needed. Then, the
decompressor can simply traverse the Huffman tree for each bit in the encoded data, stopping
and starting from the root node every time it reaches a leaf. Including the original Huffman
tree with the compressed data can have a significant impact on the compression ratio. To
combat this impact, most Huffman compression implementations represent the tree in a
canonical form. A canonical Huffman tree represents the data as the number of characters
of each depth, then lists the characters in order from the lowest depth to the highest depth.
Canonical form is one of the most efficient ways of representing the Huffman tree, and it
can be several times smaller than an equivalent tree represented in ‘plain-text’ form, listing

each character, the length of its encoding, and the encoding itself.

Example

For the purposes of demonstration, the string of characters being compressed for Huffman
are shown in Table 2.1.

Table 2.1: Huffman Compressed and Uncompressed Example String

Uncompressed A A A B A A C B B A A B D A A B
Compressed O O O 10 O O 110 10 10 O O 10 111 O O 10

Without using Huffman encoding, each of these characters could be encoded with only two
bits. An example of the encodings that could be used to do this is shown in Table 2.2.
Because there are 16 characters in the example, it would require a total of 32 bits to encode

this data.

The first step in dynamic Huffman encoding is to count and sort the frequency that each
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Table 2.2: Example Uncompressed Encoding

Character Binary Encoding

A 00
B 01
C 10
D 11

character occurs. The result of the character frequency counting step is shown with the

frequencies sorted in Table 2.3.

Table 2.3: Character Frequency Count

Character Number of Occurrences

A

— | = | ot ©

B
C
D

Once the sorted list of frequencies is complete, the compressor can build the Huffman tree.
To build the Huffman binary tree, create a parent node and set its children to be the two
least frequent nodes in the list of existing nodes. Remove the two nodes that were set as
children from the list of characters remaining, add their summed frequency values as a new
parent node to the list, and re-sort the list by frequency. This step repeats until there is
only a single node remaining in the list. This is the root node. Figure 2.1 shows a completed

Huffman tree.

Once the Huffman tree is completed, the standard Huffman algorithm is nearly finished. A
codeword can be generated for each character in the tree based on its position in the tree.
Starting with the root node, the path of each sequence of left and right children reveals the

encoding of a character. Each left appends a 0 to the encoding, and each right appends a 1.
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Figure 2.1: Completed Huffman Tree Example

It is useful to note here that each character’s depth in the tree is equal to the number of bits

in its encoding. A character encoding based on the tree in Figure 2.1 is shown in Table 2.4.

Table 2.4: Character Encodings

Character Character Encoding Character Encoding Length

A 0 1
B 10 2
C 110 3
D 111 3

Now, the only task remaining is to encode each character using the codewords shown in

Table 2.4. The result of the final character encoding step is shown below in Table 2.1.

The resulting bit sequence shows a significant number of bits have been saved. The original

encoding would have required 32 bits, but this version only needs 25 bits. This simple exam-

initialdatasize
compresseddatasize

ple results in a compression ratio ( ) of 1.28. This is unusually short compared
to how Huffman compression would normally be used, so adding the storage overhead from
the Huffman tree will remove any compression benefits from Huffman compression. How-

ever, for completeness’ sake, both a canonical and a plain text Huffman tree example are
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demonstrated below.

For a canonical Huffman tree, there are many methods of encoding the data. The simple
way that is shown here first lists the number of each character at each depth, then lists
each character in order from shallowest to deepest. Because this example uses only four
characters, the deepest a leaf node could go in a Huffman tree is a depth of 3. For each
depth of the Huffman tree, the number of bits needed to represent the number of characters
at that depth is 1+ depth. Because the Huffman tree can have characters at a depth of up to
three, to represent all the depths, the first part of the canonical Huffman tree is as follows:
two bits for the number of 1-bit characters, three bits for the number of 2-bit characters,
and four bits for the number of 3-bit characters. This sums to a subtotal of nine bits for the
depths of the canonical Huffman tree. After the depths, each character is listed. Because
the characters can be represented uncompressed as 2-bit values, the character section of the
canonical Huffman tree can be anywhere from two to eight bits, depending on how many
characters are in the Huffman tree. Table 2.5 below is the binary representation of the
canonical Huffman tree of the encodings in Table 2.4. Note, this encoding is seventeen bits,
while the compressed version of the data only saved seven bits, resulting in an increase in

size of ten bits.

Table 2.5: Huffman Canonical and Plain Text Tree Comparison

HC o1 001O0O0O0T1O0O0OO0OO0OT1T1O0T11

gpT 01 0 0O00OO0O0O11O0OO0OI1O0O0111110101111

A plain text Huffman tree is very simple to implement. The most basic method is to
represent each character as the number of bits in its encoding, the encoding itself, and
the uncompressed character. The current example requires two, three, and two bits for
the number of bits, the encoding, and the uncompressed character, respectively. For four

characters, that means the plain text form will take up 28 bits, significantly more than the
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canonical encoding. If the Huffman tree didn’t use a character, this is demonstrated by
setting its encoding length value to zero for the plain text representation. Table 2.5 below

is the plain text representation of the encodings in Table 2.4.

More details on Huffman encoding and canonical Huffman trees can be found in [18, 24].

2.2.5 LZ77

While Huffman compression is effective at encoding individual characters, it has limitations
that motivate the use of other compression algorithms. Huffman compression with a dynamic
tree requires two passes, which requires buffering and knowledge of the total data length for
uses like file compression. Additionally, because Huffman only takes advantage of individual
characters that occur frequently, its utility is limited by the size of the Huffman tree and
the original size of each symbol. For instance, using 8-bit characters results in a manageable
tree size of 256 characters, but the maximum achievable compression ratio is 8x when a
character can be represented with a 1-bit code. Using 16-bit characters doubles the maximum
achievable compression ratio to 16x, but increases the size of the Huffman tree to 65,536
characters. Using symbol sizes that are unaligned to the sizes of characters, such as 9- or
10-bit symbols, results in poor compression ratios due to misalignment of symbols to byte

boundaries.

LZ77-based algorithms provide a solution to the shortcomings of Huffman encoding. LZ77-
based compression techniques use an algorithm pioneered by Abraham Lempel and Jacob
Ziv in 1977 [61]. When patterns of characters are repeated in data, LZ77 techniques use
references to previous instances of the patterns to represent the data more efficiently. These
references are bounded in a sliding window of the most recent data to pass through the

compressor. By compressing repeated patterns of characters, maximum compression ratios
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can be much higher. Additionally, by compressing based on the history of the data, LZ77

avoids needing to send metadata like Huffman does.

For LZ77 compression, a sliding window of a fixed size stores the past history of the com-
pressor. As characters are fed into the compressor, the compressor checks to see if each
sequence of characters it receives already exists in the sliding window. If it does, instead of
representing the characters as literal characters, it represents them as a pointer-length pair.
This pair contains both a pointer to the starting position of a character sequence in the
sliding window and the length of the matching character sequence. In this way, even very

large sequences of repeated data can be compressed down to only a few bytes.

When LZ77 data is decompressed, the decompressor also keeps track of a sliding window of
the data that has been decompressed. Whenever the decompressor receives a pointer-length
pair, the decompressor looks up the pointer and reads a number of characters after the pointer
equal to the length of the pair. This encoding does not require sharing any metadata between
the compressor and decompressor, they both automatically build up identical histories as

they process the data.

Example

The LZ77 example will use the string shown in Table 2.6 to demonstrate the result of LZ77
compression. As with the Huffman example, the characteristics of the example like the
compression ratio are not necessarily indicative of the average compression ratio that is
achieved by LZ77 on most inputs. However, the example is useful for demonstrating the

general format of an LZ77 implementation.

Table 2.6 also shows an example of compressing the example text with LZ77. Each bracketed

entry represents a character pattern that has already occurred in the history and that is three
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characters or longer. Three characters was chosen because this work requires at least three
characters in a pattern for the pattern encoding to be less than or equal to the length of the
pattern itself. Other variants of LZ77, like LZ4, choose four characters for this cutoff, but

the same principles still apply [14].

Each pattern shown in the compressed data of Table 2.6 follows the form {pattern starting
index, number of characters}. So, for example, {3,6} represents the pattern starting at index

three that is six characters long: ‘ quick’

Table 2.6: LZ77 Compressed and Uncompressed Example

Uncompressed The quick brown fox jumps over the lazy dog. The brown fox is very quick,
and the lazy dog’s nap is over.

Compressed ~ The quick brown fox jumps over the lazy dog. {0,4}{10,10}is very{3,6},
and{30,13}’s nap is{24,5}.

2.2.6 LZW

LZ78-based compression techniques such as LZW instead use an algorithm published by
Lempel and Ziv in 1978, after their first seminal paper on compression [62]. Like LZ77, LZ78
works by representing sequences of characters as references, but instead of representing them
as pointer-length pairs, LZ78 represents references as dictionary entries. These dictionary
entries are built by the compressor and rebuilt by the decompressor as the data is read, so

there is no need to transmit a dictionary separately.

LZW is a modification of LZ78 published by Terry Welch in 1984 [55]. LZW was developed
as a simpler, faster algorithm for compression than existing LZ77 or LZ78 algorithms, but
with the goal of still taking advantage of many of the redundancy opportunities that LZ77

and LZ78 take advantage of [55]. LZW is able to take advantage of the same character
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repeated multiple times in a row and of sequences of characters that occur multiple times in

the data.

When compressing with LZW, every sequence of inputs is added to a dictionary. Initially,
the dictionary contains as many entries as there are possible unique characters. Then, as
data is streamed through the LZW compressor, it adds entries to the dictionary. Anytime
a sequence of two or more characters is no longer able to be found in the dictionary, it is
added to the dictionary, and the sequence of characters starts from the final character in
the sequence that caused it to not match any existing entries. This continues for all of the
input characters, and then each character output from the dictionary must be the number
of bits required to represent the number of entries in the dictionary. This means that as
the dictionary gets longer, the length of each output of the compressor also gets larger to

allow it to represent all the valid indices in the dictionary. More information and examples

of LZW can be found in Welch [55].

LZW was implemented in this work as an alternative to LZ77 for combining with Huffman
to make a hardware Deflate accelerator. However, this idea was not utilized, because LZW
+ Huffman performance was worse than either in isolation for all of the tested memory
compression workloads. Despite this, because LZW was already implemented, it will be
included with the other compressors and decompressors in this work due to its area efficiency

and simplicity.

2.2.7 Deflate

Deflate is a combination of LZ77 and Huffman encoding [17]. First, byte-aligned LZ77
compression is performed on the input data. Next, this result is compressed with Huffman.

To decompress, Huffman decompression is first applied, followed by LZ77 decompression.
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By combining these two algorithms, Deflate is able to take advantage of both the pattern
matching of LZ77 and the improvements in character representation of Huffman encoding.
Because it takes advantage of both, its compression ratios are higher than either individually.

These high compression ratios make it a good candidate for memory compression.

Deflate’s high compression ratios and Deflate’s use of LZ77 and Huffman compression are the
motivation for this work implementing L.Z77 and Huffman hardware accelerators. The LZ77
and Huffman hardware accelerators can be combined to implement a Deflate accelerator,

improving compression ratios significantly.

2.3 Open-Source Hardware

Some of the most successful, widely-used software in the world is open-source. In listing some
of the most popular open-source projects, Fitzgerald lists some of the largest ever software
projects: the Linux kernel, the Apache web server, the Firefox and Chromium browsers, the
GNU C compiler, the Perl and Python scripting languages, and MySQL [19]. These each
revolutionized their fields, becoming some of the most popular tools in existence, even to

this day.

Open-source software has been a world-wide phenomenon. SourceForge, a website for open-
source software projects, lists over 199,000 open-source software projects. Some of the largest
software companies, Google, Facebook, Microsoft, and Amazon, have released dozens of

open-source projects between them, and they provide financial support to dozens more.

Open-source hardware has a huge potential for success. The open-source RISC-V instruction
set has resulted in an explosion of open-source CPU cores, including offerings from Western

Digital, Berkeley, Princeton, and dozens more [8, 11, 40]. Nvidia open-sourced the design
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for a deep-learning accelerator, NVDLA. FPGA tools, which for a long time have been
proprietary, are being replaced with open-source synthesis suites for Xilinx, Microsemi, and
Lattice FPGAs. It is now possible to build entire SOCs with fully open-source components
26].

Unfortunately, though, hardware has not seen the same proliferation of open-source designs.
Between OpenCores.org and LibreCores.org, two open-source hardware hosting websites,
there are less than 1000 projects. There are less than 2000 Verilog projects currently listed
on GitHub. Despite the many academic hardware compression works found in Section 2.4,

none of them are open-source.

2.4 Existing Hardware Compressors and Decompres-

SOrs

This section contains discussion of both proprietary and open-source implementations of
compressors and decompressors. The proliferation of proprietary implementations and the
dearth of open-source frameworks for compression/decompression further motivate our ap-

proach.

2.4.1 Existing Memory Compressors and Decompressors

The goals of Compresso are similar to the goals of this work: enabling low-latency mem-
ory compression to increase effective memory size [13]. However, because Compresso only
compresses blocks of 64 bytes, it is only able to achieve compression ratios of 1.85. In this
work’s testing, even excluding outliers with compression ratios of 60x, Deflate compression

ratios are 3.3 on average. Compresso’s mediocre compression ratios make it unsuitable for
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aggressive compression of memory data.

Like Compresso, IBM’s MXT technology attempts to implement a low-latency memory com-
pressor in hardware [2]. Although MXT succeeds at this, it is only capable of compression

ratios up to 2.68 in the best case shown, which severely limits its usefulness.

Benini et al. utilize hardware acceleration for memory compression, but makes no mention
of latency. However, Benini et al. mention that a future work is to implement LZ-like
compressors due to their higher compression ratios [9]. Although Benini et al. do not
publish the compression ratios their design achieves, this suggests that it is significantly

worse than LZ-based compression.

Pekhimenko et al. implements a low-latency hardware compression accelerator for main
memory, but compression results are significantly worse than either IBM’s MXT hardware
or LZ compression, both of which give significantly lower compression ratios than that of

software Deflate [39].

2.4.2 Proprietary Compressor-Only Hardware

This section discusses proprietary hardware accelerators that only implement the compressor,

relying on software to perform the decompression.

ASIC Designs

Lee et al. verify an LZ4 compressor design in an FPGA, then fabricate it on a 65 nm process
node [31]. However, this design can only compress patterns as large as 31 bytes, which limits

the compression ratios that it can achieve.
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FPGA Designs

Rigler et al. implements separate hardware compressors that use Huffman and LZ77 [44].
The designs are separate, but the authors claim that it is possible to merge the designs
together to implement GZIP. Unlike many designs, the Huffman compressor of this design

supports dynamic Huffman encoding, which significantly complicates the hardware.

Abdelfattah et al. use OpenCL to implement GZIP on an Altera FPGA [4]. This GZIP
compressor supports dynamic Huffman encoding and achieves compression ratios over 2x.
Abdelfattah et al. used high-level synthesis tools to implement this design. High-level syn-
thesis tools have a reputation for producing slow, inefficient designs. However, the OpenCL
implementation is shown to be very close to a hand-programmed Verilog design in area,

speed, and compression ratio.

Luo et al. implement a multi-core GZIP compressor for use with the Hadoop Distributed
File System [36]. This work uses static Huffman encoding. The hardware implementation

enables a speedup of 70x compared to software compression, which doubles the performance

of HDFS.

To address CPU-FPGA communication speed limits on FPGA compressors, Qiao et al.
implement a high-throughput Deflate compression accelerator [41]. Their design uses the
extremely high-speed communication of Intel’s HARPv2 platform to overcome existing com-
munication bottlenecks for FPGAs. Like many other compressors, they modify the hash
table to allow it to work in parallel and use a static Huffman tree to allow Huffman to easily

pipeline with the LZ77 compressor.

Ribeiro implements an LZ77 compressor and a static Huffman encoder on an FPGA with
a general-purpose CPU that passes data between them and manages them [43]. The CPU

of the Zynq devices that the design is implemented on limits the work to 123 MiB/s, and
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achieves a speedup of 1.5x over the Zynq ARM processor alone.

2.4.3 Proprietary Decompressor-Only Hardware

To the best of my knowledge, Ledwon et al. implement the only relevant work to include a
Deflate decompressor without a matching compressor [29]. Ledwon et al. implement their
work in C++ and synthesize it with Xilinx’s high-level synthesis tools. Because their work
is implemented in software, their decompressor supports the full Deflate specification. This
is uncommon in other hardware designs due to the complexity of implementing the full

specification in hardware.

2.4.4 Open-Source Hardware Compressors and Decompressors

This section discusses open-source hardware accelerators that have a matching compressor

and decompressor.

FPGA Designs

Nunez-yanez created the open-source X-MatchPROvw, implementing the XMatchPro com-
pression algorithm [37]. This hardware compressor and decompressor is a dictionary-based
pattern compression technique, and the design is capable of four bytes per cycle compression

and decompression throughput.

Vijlbrief implements a configurable Deflate compressor and decompressor designed for FP-
GAs [54]. However, this design requires multiple cycles per compressed or decompressed byte,
so it is not suitable for low-latency compression and decompression of memory. Additionally,

although the HDL-deflate design is partially parameterized, it has many fewer ‘knobs’ for
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parameterization than this work, as can be seen in Figure 2.2. Note that, because this work
does not implement a Deflate design by combining the LZ77 designs and Huffman designs,
the hypothetical Deflate shown in Figure 2.2 uses the sums of the parameters of the Huffman

and LZ77 designs.

Open-Source Parameterization Comparison

20

15

10

Parameters

HDL-deflate Huffman (My Wark) LZW (My Waork) LZ77 (My Wark) Deflate (Hypothetical My Wark)

Design

Figure 2.2: Open-Source Parameterization Comparison

2.4.5 Open-Source Compressor-Only Hardware

This section discusses open-source hardware accelerators that only implement the compres-

sor. These rely on a software implementation of the decompression algorithm.

FPGA Designs

Schrittwieser implements a LZRW1 compressor core [48]. This core requires two cycles
per byte and does not have a matching decompressor, so it is not suitable for low-latency

compression and decompression of memory.
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2.4.6 Proprietary Complete Deflate-Like Hardware Compressors

and Decompressors

This section discusses proprietary hardware compressors and decompressors that implement
Deflate-like algorithms. For the purposes of this discussion, a Deflate-like algorithm is one

that uses LZ77 compression followed by Huffman compression.

ASIC Designs

IBM created a Deflate compression and decompression engine that is included in both their
POWERQ9 and z15 processors [3]. IBM’s implementation is capable of handling data at a rate
of 8 bytes/clock, allowing for very high compression and decompression bandwidth [3]. The
IBM design uses completely accurate near-history CAM and a pseudo-CAM for the older
sliding window history to limit CAM area. Additionally, IBM’s Huffman encoder builds
dynamic trees, unlike many other works that build in a static Huffman encoding to remove

the required tree-building process.

The AHA Products Group sells multiple PClIe cards that implement GZIP, which uses Deflate
[5]. While there is not much published information about these cards, they support Deflate,
GZIP, ZLIB, and LZS compression, and they scale from 10 Gbps to 80 Gbps compression

throughput.

FPGA Designs

Microsoft implements a compressor and decompressor capable of Deflate [20]. The LZ77
compression of this Deflate accelerator is slightly modified to allow it to execute LZ77 in

parallel, and the Huffman encoder and decoder uses a static Huffman tree. This design also
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utilizes over 20 pipeline stages to enable its high clock speeds on an FPGA.

Microsoft also implements its own Xpress9 compression algorithm [27]. Xpress9 is very
similar to Deflate, with an LZ77 stage and a Huffman stage. This design is intended to ac-
celerate file compression and decompression in large-scale storage servers. Like Microsoft’s
other compressor and decompressor, this design processes multiple bytes in parallel to im-
prove the bandwidth of the design. However, unlike Microsoft’s Deflate implementation, the
Xpress9 design uses a Nios II FPGA soft-core to compute the Huffman encoding. 7 of this

design on an FPGA are able to support up to 128 threads of data at 2.4Gbps.



Chapter 3

Open-Source Hardware Solutions

This chapter reviews the contributions of this work. It contains arguments for what makes
the work valuable and details about how the work was implemented. It also discusses the

high-level design choices and the reasons they were made.

3.1 Overview

The proposed work consists of three separate pairs of open-source, parameterized compressors
and decompressors. The whole work is open-source under the MIT license, so it can be reused.
All designs in the work are also entirely parameterized to allow for easy configuration. The
first set of compressors and decompressors implements a heavily modified Huffman encoding,
the second implements a very slightly modified LZW, and the last implements a modified
LZ77.

3.1.1 Open-Source

As Section 2.3 discussed, there is a clear need for more open-source hardware compres-
sor and decompressor designs. This is especially true for low-latency designs. For this
reason, all of the designs, scripts, and workflow for this work will be open-sourced under

the MIT license. The MIT license gives nearly unlimited freedom to any group or indi-

30
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vidual to use, modify, or sell the designs in any way they may desire. This work can be
found at https://github.com/cjearls/Open-Source-Parameterized-Low-Latency-Aggressive-

Hardware-Compressors-and-Decompressors.

In the spirit of open-source, all of the tools used to debug, test, and simulate the work are
fully open-source as well. This means that anyone can recreate nearly every aspect of this
work for free, without paying for any expensive licenses. The only proprietary software used
by this work is the Synopsys Design Compiler, which was used for synthesis of the design
to find frequency and area estimates. Although there are currently open-source projects
targeting synthesis, they were still in development when this work began, so they were not

considered.

3.1.2 Parameterized Designs

Each of the designs in this work are fully parameterized. This means that every aspect of the
design is controlled by a parameter. Every single number in the source code of the design
is either a configurable parameter or derived from one or more configurable parameters.
Even the number of bits in a byte is configurable in this design. This provides a number of

benefits.

It is important to note that, unlike with software, fully parameterizing the design is very
uncommon in the world of hardware. If hardware is parameterized at all, it is normally
limited to a small number of macros that control the sizes of buffers or other structures.
Vijlbrief is a good example of this, as the design does have three parameters, but these
parameters only control the sizes of buffers and a search window [54]. The three designs that
comprise this work have over 20 parameters in total, and this allows design configurations

with frequencies spanning several hundred MHz and areas that are over an order of magnitude
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different. Not only are the sizes of buffers different between configurations, so are state
machine characteristics, numbers and sizes of arithmetic operators, and even the numbers of
many modules that are instantiated. This new level of parameterization separates this work

from any existing hardware compressors or decompressors.

The first, most important benefit of fully parameterized designs is that the designs are easily
configurable. This allows the designs to more easily fit area, frequency, power, and latency
constraints without additional tweaking. This means that these designs can potentially be

used for tiny microcontrollers and massive data centers without modifying the source code.

Another benefit of the parameterized nature of the designs is the speed of design space
exploration. Because everything is parameterized, multiple configurations of the designs can
be simultaneously tested for compression ratio, frequency, area, and power. This speeds up
the development cycle significantly, reducing the human effort needed to make decisions on

design trade-offs.

3.1.3 Implementation Language

This work was initially started in Verilog. However, after a brief trial run switching a module
over from Verilog to Chisel, every component of the design was implemented in Chisel. Chisel
has a number of benefits over Verilog. Verilog required 2-3x more lines of code on average
compared to Chisel. Chisel was significantly faster to write, and it generates well-formatted
Verilog, so there are never any issues with synthesizing a Chisel design. Chisel error codes
are easy to understand and fix. Most importantly, Chisel language features make it very
easy to parameterize the design. Parameterizability was critical for this work, as fast design

space exploration was very important to optimizing the hardware.
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3.2 Huffman

3.2.1 High-Level Design Choices

This section of the paper describes the high-level design of each of the compressors and
decompressors, the modifications to the algorithms used, and the motivations for the changes.
Information about the low-level implementation details of the design is included in a later

section.

Compressor

The Huffman compressor is a fully parameterized hardware compressor implementation.
The parameters of the design, along with the typical values chosen for them, are shown in
3.1. The Huffman compressor supports dynamic Huffman encoding, so instead of simply
translating input data with a static lookup table, it performs significant computation on the
input data. This allows it to have a higher compression ratio for most workloads than would

be possible with a static table.

Another benefit of the Huffman compressor design is its modularity. Because Huffman
compression requires many different steps, every stage of the process has been separated
into its own module. Thanks to this modularity, single components of the design can be

modified or replaced without affecting the rest of the design.

The first, most significant difference between this hardware Huffman compressor and a stan-
dard implementation is the size of the Huffman tree. This design uses a truncated Huff-
man tree, meaning only the most frequently occurring characters are used in the generated
Huffman tree. The number of characters allowed in the Huffman tree is controlled by the

‘characters in the Huffman tree’ parameter. The remainder of the characters are represented
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Table 3.1: Configurable Huffman Parameters and their typical values.

Parameter Typical Value
characters to compress 4096
bits in a character 8
characters in the Huffman tree 16
maximum allowed bits in a codeword 10
character counting frequency parallelism 8
compressor output encoding parallelism 8
include statistics on compressed data false
allow for inputs smaller than the ‘characters to compress’ size false
parallel compressor inputs false
parallel compressor outputs false
parallel decompressor inputs false
parallel decompressor outputs false

with an escape character that signals that a literal character, not character encodings, follow.
This escape character adds a small amount of compression overhead, but because it is only
used for the least frequently occurring characters, the overhead is not significant in most

cases.

Similarly, this compression implementation is able to normalize Huffman trees to a chosen
height. While normally, a Huffman tree would have a worst-case depth equal to the number
of characters in the tree, this implementation is able to further reduce this worst-case depth
to be equal to the ‘maximum allowed bits in a codeword’ parameter. In this way, the
amount of hardware can be reduced by limiting the total number of bits of a codeword in
the encoding. This normalization has a price. Because there is a limited encoding space,
sometimes, there is not room to reduce the depth of a character to the depth desired. In

these cases, characters less than this depth are pushed deeper, opening up additional room
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in the encoding space, until all characters can be represented correctly. This also has a
small impact on the compression ratio of the design, because the characters that are moved
in the tree to generate more encoding space are still some of the least frequently occurring

characters, so slightly lengthening them often does not make much of a difference.

Additionally, most software Huffman compressors represent the Huffman tree in canonical
Huffman tree form. This is a special format that reduces the size of the tree. However,
this design uses a plain text Huffman tree. In this tree, each character of the tree has its
length, its encoding, and the actual character data. This design uses a plain text Huffman
tree for two reasons: first, the design uses fewer characters than most designs, and second,
canonical Huffman trees are more complicated to parse than plain text. The first reason
means that not using a canonical form for the tree does not affect this design as much as it
would affect a design that used the standard Huffman algorithm. The second reason means
that the decompressor can be significantly faster, because it needs to do much less parsing

and computation to determine what the Huffman tree looks like.

Finally, this Huffman compressor has two configurable options for exploiting parallelism:
the character frequency counting and the final character encoding. Both of these can be
configured with parameters, allowing the design to be optimized for extreme bandwidth and

low-latency or to be optimized for area at the cost of latency and bandwidth.

Decompressor

Compared to the compressor, the Huffman decompressor is very simple. It uses all of the
same parameters as the Huffman compressor. It contains a simple state machine that controls
the reading of Huffman tree data into internal lookup tables. Once this is completed, for

each parallel encoder in the compressor, there is a parallel decoder that searches for its input
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data in the internal lookup tables. Each decoder is capable of a steady one byte per clock

cycle, so its throughput is nearly perfectly scalable with the compression parallelism.

3.2.2 Implementation Details

This section of the paper describes the low-level implementation details of each of the com-

pressors and decompressors and the reasoning for those implementations.

Huffman
Compressor

paralle] parallel

input output
‘Ar‘TKfl EI’VEIEL;\EL:;? uency EI’VEIEC\ESI'G{;EI] uency > tree generator [— tree depth counter —| tree depth sort depth narmalizer ——» codeword generator —» output encoder >

Ly
Tardlel
input

Figure 3.1: Huffman Compressor Block Diagram

Compressor

Huffman encoding is the most complicated of the hardware accelerators implemented in
this work. The compressor consists of multiple modules (see Figure 3.1), each representing
one stage of Huffman compressor, all connected with ready/valid interfaces. The design
consists of a character frequency counter, a character frequency sort, a tree generator, a tree
depth annotation traversal, a sort for the depths of characters in the tree, a character depth

normalizer, a codeword generator, and a compressed data output.

The character frequency counter takes as input a number of characters determined by the
‘character counting frequency parallelism’ parameter. This module iterates through the
entire input data, counting how many occurrences of each possible character value there
are. Once this is complete, it passes an array of the total number of occurrences for each

character to the character frequency sort.

The character frequency sort module sorts the frequencies it receives, but requires two passes
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to perform the sort. The first pass sorts the ‘characters in the Huffman tree’ most frequent
characters and sums the number of occurrences of characters that are excluded. Then,
so all the characters can be represented in some way, the second pass uses this sum of
occurrences for the escape character. The compressor sorts the escape character into the
existing character data, then passes the characters and their frequencies to the tree generator.
The end of this module matches up with the state of the compression example shown in Table

2.3, but with the addition of the escape character.

The tree generator builds a Huffman tree with hardware registers that can be configured
as pointers or as character and frequency values. Just like with a standard Huffman tree,
the tree generator iteratively builds a binary tree, adding nodes from the two least frequent
members of the node list until the entire tree has a single root node. In this tree, all of the
characters are leaf nodes. Each pointer from the root node can be eventually traversed to
reach a character. The tree generator passes this tree of pointers and characters to the next
module. The output data of this module corresponds with Figure 2.1, but the hardware

adds some additional steps after this stage.

The benefit of the Huffman tree is in knowing the depths of characters in the tree, so once
the tree is built, it must be traversed to find the depth of each individual character. The
tree depth annotation module performs an in-order traversal, only recording information
about the leaf nodes, as these are the nodes that correspond to characters. As an example
of how this works, the tree shown in Figure 2.1 would result in the tree depth annotation
module output shown in Table 3.2. Once the entire tree has been traversed, the tree depth

annotation module passes the depth of each character recorded to the next module.

The characters in the tree must be sorted based on their depth, so the next module sorts them
accordingly. Unlike the character frequency sort module, there are no other complicating

features in this module, just a simple hardware sort. Once the data is sorted by depth, it is
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Table 3.2: Example Tree Depth Annotation Output

Character Depth

A 1
B 2
C 3
D 3

passed to the next module.

After sorting, it is possible that the characters in the Huffman tree could have been deeper
than the chosen maximum depth, which determines the number of bits needed to encode a
character. To remedy this, the tree normalization module iterates down the sorted list of
characters from the lowest depths to the highest depths, then back up to the lowest depth

characters once it reaches the character at the highest depth.

On the way down the list in the tree normalization module, the number of unused spaces
in the encoding space is calculated. The number of available encodings in the encoding

gmazimum_bits - \where maximum bits is the maximum number of bits allowed to

space is
represent a character encoding, determined by the ‘maximum allowed bits in a codeword’

parameter. The number of unused encodings in the encoding space is Available Encodings —

Znumberofcharacters 2ma:cimum7bitsfcharacteribits

nel , where character bits is the depth of character

n in the Huffman tree. For characters at a depth deeper than ‘maximum allowed bits in
a codeword’; their depth is set equal to ‘maximum allowed bits in a codeword’ during this
iteration down the sorted list of characters. This method of representing the encoding space
is due to the properties of the Huffman tree. Because each character in the tree is a leaf
node, the less deep in the tree a leaf node is, the more encoding it is taking up in the total
encoding space, because it prevents any encodings that would need to be children of its

current position in the tree from being used. This method of representing the encodings is
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helpful for truncating and normalizing the Huffman tree.

Once the tree normalization module has gone through each character in the list, if the
number of available encodings in the encoding space is non-negative, it sends its output to
the next module. Otherwise, it iterates back up the tree from the deepest characters to
the shallowest characters in the tree. If a character is at the maximum possible depth, it is
ignored. However, if it is not the maximum possible depth, it tries to alter the characters
depth, making it deeper in the tree until it reaches the ‘maximum allowed bits in a codeword’
depth or the number of available encodings in the encoding space is no longer negative. As
long as the number of encodings available in the encoding space is still non-negative, it

continues to iterate up the list of characters and their depths.

An example of the tree normalization step with a ‘maximum allowed bits in a codeword’ of
2 performed on the results of the tree depth annotation in Table 3.2 is shown in Table 3.3.
Note that, to make room in the encoding space for C' and D to become 2-bit encodings,
A had to go from a 1-bit depth to a 2-bit depth. Although this would completely nullify
the compression benefit for this oversimplified example, with 8-bit characters at a 10-bit

maximum character depth with an escape character, this effect is often very minor.

Table 3.3: Example Tree Normalization Output

Character Depth

A 2
B 2
C 2
D 2

The codeword generator is the final step in the design before the data can be encoded. This
module uses the sorted, normalized data that it receives to generate codewords for each

character. It starts with the data at a depth of one bit and an encoding of zero. Every time
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the next data item is deeper, the encoding is left-shifted by the difference in depth, and every
time a data item is processed, the encoding is incremented by one to get the encoding of the
next character. In this way, every character and the escape character can be given unique
encodings. Once this is complete for the characters in the Huffman tree, these characters,
encodings, and the encodings for characters that utilize the escape character are written to
registers that are visible to the final module of the design. An example of the result of the
codeword generator module with the tree depths of Table 3.2 as inputs is shown in Table
3.4. Note that the depths in Table 3.3 were not used for this example because, being all the
same depth, they would all be the same value. However, normally the codeword generators

input would come from the tree normalization module.

Table 3.4: Codeword Generator Encoding Example

Character Generated Encoding

A 0

B 10
C 110
D 111

The final module of the design uses the encodings from the codeword generator module to
compress the input data. This module performs the final character encoding as discussed in
the Huffman compression example in Section 2.2.4. First, this module outputs the plain text
form of the Huffman tree as specified in Section 3.2.1. Once this is completed, the module
accepts input data compress. This module can be configured to compress multiple streams
from the input data in parallel. For each byte of each input stream, the corresponding
encoding and encoding length is found from the codeword generator. Once this is found, the

encoding and its length are output for each stream, resulting in a fully-encoded output.
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Figure 3.2: Huffman Decompressor Block Diagram

The decompressor is much simpler than the compressor. First, the decompressor reads the
plaintext tree data in from the first of the parallel character inputs. In the plaintext tree, each
character has a static bit width, and all possible characters in the Huffman tree are always
transmitted, even if there are fewer characters than that used. The data is always transmitted
as the unencoded character first, followed by the static-length character encoding, followed
by the length of the encoding. Once this data is processed for each character, decompression

can begin.

With the tree stored in the dictionary, the decompressor then decodes each configured char-
acter input in parallel. If a matched codeword is the escape codeword, the decompressor
reads out the bits after the escape word to get the literal character being referred to. Oth-
erwise, the decompressor reads the correct value from the dictionary. This continues until

every character input has decoded the correct number of characters.
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3.3 LZ77

3.3.1 High-Level Design Choices

This section of the paper describes the high-level design of each of the compressors and
decompressors, the modifications to the algorithms used, and the motivations for the changes.
Information about the low-level implementation details of the design is included in a later

section.

Compressor

The LZ77 compressor and decompressor hardware mostly implements its algorithm un-
changed. As with the other designs, it is fully parameterized, and the design parameters and
typical values can be found in 3.5. The major difference between this LZ77 implementation
and the normal LZ77 algorithm is that this implementation always selects the first, longest

CAM match, and can only match up to ‘CAM max pattern length’ characters in the CAM.

Table 3.5: Configurable LZ77 Parameters and their typical values.

Parameter Typical Value
Character bits 8
CAM characters 4096
CAM max pattern length 16
Max pattern length 266
Escape character 103
Decompressor max characters out 8

The LZ77 compressor reads each byte into a buffer of size ‘CAM max pattern length’. Once

this buffer is full, the pattern is searched in a CAM which returns the longest, first occurrence
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and the length of the occurrence. If the length of the occurrence is less than ‘CAM max
pattern length’ but equal to or greater than the number of bytes needed to encode a pattern,
the CAM outputs a pattern instead of the literal bytes. If the length is the maximum, then
the state of the state machine changes, and each byte after the pattern is checked against
the input bytes. This continues until the bytes no longer match or the length reaches ‘Max
pattern length’. Otherwise, the first character in the buffer is output as a literal character,

and the pattern buffer shifts in a new value from the input.

Compressed data always follows the same format. First, the escape character value appears,
then the negated most significant bit of the escape character, then the pointer to where in
the CAM the data is, then the length of the data. If the length of the data exceeds the value
that can be shown by one character of ‘Character bits’ width, then another character of the
same width is added to the encoding after that, until the ‘Max pattern length’ is reached
or this is terminated by a value that is less than the maximum possible value. However,
this means that escape characters cannot be encoded properly, so two escape characters in
a row encodes a single literal value of the escape character. The negated escape character
bit in the encoded data format ensures that encoded data is not mistaken for two escape

characters in a row.

The above information about the encoding for patterns does not make any assumptions on
the size of a character or the size of a pattern. This is because the design does not either.
The design can be generated for any configuration, and the encoding of patterns in the design

will be adjusted to reflect the configuration.



44 CHAPTER 3. OPEN-SOURCE HARDWARE SOLUTIONS

Decompressor

The decompressor for the LZ77 hardware, like the other decompressors, is much simpler
than the compressor. It reads in multiple bytes at a time and the first byte is a literal, it
outputs a single byte corresponding to that literal. If the input is a pattern encoding, the
decompressor transitions to the pattern decoding state. In the pattern decoding state, the
decompressor outputs ‘Decompressor max characters out’ characters from the history every
cycle. Once the decompressor has output a number of history characters equal to the length
of the pattern encoding, the decompressor goes back to the initial reading state, ready to

read more literal or pattern encoding data.

3.3.2 Implementation Details

This section of the paper describes the low-level implementation details of each of the com-

pressors and decompressors and the reasoning for those implementations.

Compressor

The LZ77 compressor consists of two primary components: a pattern search module that uses
a CAM to search for multi-character patterns in the byte history combinationally, and the

state machine and logic that utilize the pattern search module to perform LZ77 compression.

The pattern search module uses an internal multi-character CAM. This CAM receives data
and writes it to a history and receives patterns of data to search for in the history. The
CAM provides an output that gives access to all of its stored data so that, when matches
longer than ‘CAM max pattern length’ are found, the state machine of the LZ77 compressor

can check their true length. The CAM also outputs multiple large arrays of wires. Each
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Figure 3.3: LZ77 Compressor Block Diagram

array corresponds to one of the characters in the pattern being searched. Each bit in an
array shows whether or not its corresponding pattern character matches a character in the
CAM’s history. Table 3.6 shows an example CAM history, and Table 3.7 shows an example
pattern search input. Table 3.8 demonstrates each bit array, its corresponding character
in the pattern search input, and the value of each bit in each array with the CAM history

included for easy reference.

The pattern search module uses the output of the internal CAM to find patterns up to length
‘CAM max pattern length’ It does this by submitting a pattern to the CAM. The pattern
search module performs a combinational left-shift on each array of matches from the CAM
by its index, e.g. array 0 is shifted O bits, array 1 is shifted 1 bit, array 2 is shifted 2 bits,
etc. Then, the pattern search module performs a bitwise AND on the results of the array
shifts. As each additional array AND is performed, the remaining true values in the array
correspond to the starting indices of patterns that match a number of characters. So, for
instance, the bitwise AND of the shifted results of arrays 0, 1, 2, and 3 result in an array

where each true value index corresponds to the starting index of a pattern that matches the
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Table 3.6: CAM History Example

History Index Stored Character

0 A
1 D
2 B
3 C
4 D
) C
6 C
7 D
8 B
9 C
10 A

Table 3.7: Pattern to Search For

Index of Character in Pattern Character to Match
0 D

1 B
2 C
3 A

first four characters of the pattern search data. Once all ANDs have been performed, the
only remaining true values in the array are the indices of the starting points for patterns that
matched the CAM input entirely. By reversing the resulting arrays of wires and using the
Chisel3 lastIndexWhere() function, the first matching index of patterns of each length can
be found [6, 7]. The results of each of these lastIndexWhere() functions can be chosen by
performing an AND reduction on each resulting array of wires in the bitwise AND operation
previously described, and picking the longest pattern that returns a true value from this

reduction. Table 3.9 shows the result of the shifting operation for each bit array shown in
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Table 3.8: Bit Array Output Example

Byte Pattern  Pattern  Pattern  Array
History  Index 0 Index 1 Index 2 Pattern
Charac- (D) Bit (B) Bit (C) Bit Index 3

ters Array Array Array (A) Bit
Array
A 0 0 0 1
D 1 0 0 0
B 0 1 0 0
C 0 0 1 0
D 1 0 0 0
C 0 0 1 0
C 0 0 1 0
D 1 0 0 0
B 0 1 0 0
C 0 0 1 0
A 0 0 0 1

Table 3.8. Table 3.10 shows how the hardware AND’s the shifted bit arrays together to
detect a pattern. Table 3.10 shows that a pattern up to three characters long was found at
index 1, and a pattern up to four characters long was found at index 7. Because the longest
pattern is chosen, the pattern search module would output the index 7 and the length 4 as

the results of the pattern search.

The state machine that controls compression stores the input data in a buffer. The buffer
must be filled, and then each clock cycle, the buffer is checked against the pattern search
module. If a pattern is of a length such that the number of characters to encode the pattern
is less than or equal to the number of characters in the pattern, the pattern is compressed.
Otherwise, the buffer shifts out the oldest character and shifts in a new character, then adds

the old character to the byte history, and the old character is output as a literal character.
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Table 3.9: Shifted Bit Arrays

Bit Array Bit Array Bit Array Bit Array
0 Shifted 0 1 Shifted 1 2 Shifted 2 3 Shifted 3

Bits Bit Bits Bits
0 0 0 0
1 1 1 0
0 0 0 0
0 0 1 0
1 0 1 0
0 0 0 0
0 0 0 0
1 1 1 1
0 0 0 0
0 0 0 0
0 0 0 0

When a pattern is long enough to be compressed, the encoding starts off with an escape
character determined by the ‘escape character’ parameter. If the escape character is a literal
representation of that character value, the escape character occurs twice in a row. If not,
the escape character is followed by the negation of the most significant bit in the escape
character, then the starting index of the pattern in the byte history, then the number of
characters in the pattern. This encoding is character-aligned, which causes it to work very
well with Huffman encoding. However, to keep the encoding character-aligned while allowing
long patterns, the encoding can have a variable length. The smallest length of the encoding
occurs when the number of characters in the pattern can be added into the remaining bits
needed to reach character-alignment after the escape character, negation bit, and index are
all used. Because a pattern always has a minimum length, the pattern’s length is always

incremented by the pattern’s break-even length to increase the efficiency of the encoding. If
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Table 3.10: Pattern Detection with Shifted Bit Arrays

Index Array 0 Arrays 0&1 Arrays 0&1&2 Arrays 0&1&2&3

0 0 0 0 0
1 1 1 1 0
2 0 0 0 0
3 0 0 0 0
4 0 0 0 0
) 0 0 0 0
6 0 0 0 0
7 1 1 1 1
8 0 0 0 0
9 0 0 0 0
10 0 0 0 0

the pattern is too long to be represented this way, the maximum length value is set, and the
next character’s value is added to the pattern length. This can continue arbitrarily until the

maximum number of characters in a pattern is reached.

Decompressor
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|:I PUt 1 Byte History Memory » output
ata data

Figure 3.4: LZ77 Decompressor Block Diagram

The LZ77 decompressor takes enough characters to allow the largest possible pattern encod-
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ing from the LZ77 compressor to be read in a single cycle. If the first character in the input
data is not an escape character or is two escape characters in a row, it is counted as a literal
that is output and added to the character history. Otherwise, a state machine is used to
read bytes from the character history in parallel. The LZ77 decompressor continues to take

inputs until the configured number of bytes is decompressed, then finishes.

3.4 LZW

This section discusses the LZW compressor and decompressor. First, it introduces the high-

level design choices of this hardware, then it describes the details of the implementation.

3.4.1 High-Level Design Choices

This section of the paper describes the high-level design of each of the compressors and
decompressors, the modifications to the algorithms used, and the motivations for the changes.
Information about the low-level implementation details of the design is included in a later

section.

Compressor

The LZW compressor and decompressor are very close to functioning exactly like LZW.
Like the other designs, the LZW compressor and decompressor are fully parameterized.
Parameters and their typical values are listed in 3.11. The LZW compressor streams in
one character per cycle and adds it into a buffer to match against existing patterns in the
dictionary. Once a pattern no longer matches anything in the dictionary, the last pattern

match is sent to the output, and all but the last byte of the pattern are shifted out of the
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pattern buffer. The pattern buffer is built up again, repeating this cycle until there are no

more characters to be compressed.

Table 3.11: Configurable LZW Parameters and their typical values.

Parameter Typical Value
character bits 8
maximum characters in a sequence 16
maximum elements in the dictionary 768
enable debugging statistics false

The only differences compared to a software LZW implementation are limitations of hard-
ware: there is a limit to the size of the pattern buffer and to the number of entries in the
dictionary. If the dictionary is full of patterns, no new patterns will be added, but the hard-
ware can continue to compress as normal. And if a pattern fills the entire pattern buffer,
further instances of it will not continue to be added to the dictionary. Other than that, the

LZW hardware compressor is normal.

Decompressor

The decompressor is even simpler than the compressor. Every time it reads an input, it
outputs the resulting dictionary entry, and adds a new item to the dictionary based on the
last pattern and the first byte of the current pattern. Like the compressor, it only avoids
adding an element to the dictionary if the dictionary is full or the pattern is already as long

as it can become.
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3.4.2 Implementation Details

This section of the paper describes the low-level implementation details of each of the com-

pressors and decompressors and the reasoning for those implementations.

Compressor
LEW
Compressor
input - output
stream LZW Dictionary stream
—{dictionary buffer

Figure 3.5: LZW Compressor Block Diagram

The LZW compressor requires fewer steps to work than the Huffman compressor, so it is
implemented in a single monolithic module. The most important part of the LZW compressor
design is the dictionary. Each entry in the dictionary can hold a number of values equal
to ‘maximum characters in a sequence’ Additionally, each entry in the dictionary stores the
number of character values it holds. The dictionary starts with a list of each literal character
where the character’s index in the dictionary is equal to its encoded value and its length is

one character.

The LZW compressor reads in characters one-at-a-time to a character buffer. The size of
this buffer is determined by the ‘maximum characters in a sequence’ parameter. Each time
a new character is added to the buffer, the character is checked against the existing LZW

dictionary and the length of matching entries is checked to be sure any matches are valid.
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Every match is held until the next clock cycle, and once the buffer is full or there is no
match in the dictionary, the last match is output and the buffer is cleared. If a match was
output because the buffer was full, the buffer is completely emptied, and if not, the buffer
is emptied except for the most recently added character. Every time the buffer is cleared
because there was no existing match, a new entry is added to the dictionary representing

the character sequence in the buffer.

When it transmits an output, the LZW compressor also sends the number of bits of the data,
so the design using the compressor is able to pack the output values correctly. As the LZW
dictionary grows, the number of bits required to represent an index in the dictionary grows

as well.

This sequence of filling and emptying the buffer and adding characters to the dictionary
is repeated until there are no more remaining characters. If there are no more remaining
characters but there is still data left in the character buffer, the ‘stop’ signal can be asserted
to force the compressor to output a match corresponding to the data still held in the character

buffer.

Decompressor

LEW
Decompressor

input
stream

output
stream

—»  LZW Dictionary

Figure 3.6: LZW Decompressor Block Diagram
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The LZW decompressor works in much the same way as the compressor, minus the character
buffer. The decompressor also starts with the dictionary containing an entry for each literal
character. Each of these entries still have a character length of one, and the index of each
entry still matches its character value. The LZW decompressor takes outputs from the
compressor and uses them as indices to look up sequences in the dictionary. It outputs each
of the sequences in parallel. It also outputs the number of bits each input index currently
consists of so that the hardware sending the data can correctly increment whatever counters
are being used to send the unaligned data, because the number of bits in an input changes

as the size of the dictionary increases.

For each sequence that is not the maximum length, it and the first character of the follow-
ing sequence are added to the dictionary. This makes sure that the LZW decompressor’s
dictionary stays in sync with the dictionary of the compressor. Unlike the LZW compressor,
there is no need for a stop signal to send the final bytes of data, so once the input data is

exhausted, all the output data will be transmitted as well.

3.5 Evaluation Methodology

This chapter discusses the methodology that was used to generate data about the designs in
this work. It also contains details about the ways existing designs can be compared to this

work.

3.5.1 Hardware Synthesis

All designs were implemented with the ASAP7 7Tnm Predictive PDK with the Synopsys

Design Compiler. First, designs were synthesized with a target clock period of 10 picoseconds.
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The synthesis tools will fail to meet this unreasonable expectation, but the negative slack
from this synthesis run can be used to find the fastest possible clock speed and the area
usage of the design at this speed. A second run at the correct maximum clock speed can

then be used to find power information, if desired.

3.5.2 IBM Area Estimation

Unfortunately, IBM does not provide exact area numbers for the compression and decom-
pression acceleration engine [3]. However, die photographs enable area estimation for a
POWERY9 CPU [56]. Using this and the claim that the acceleration engine took up less than

0.5% of the entire chip’s area, the area of the acceleration engine can be approximated [3].

3.5.3 Compression Ratio Comparison

To compare memory compression ratios of the hardware designs with existing software im-
plementations, memory dumps were taken randomly during benchmarks from SPEC, Spark-
bench, Parsec, and other benchmarks. These memory dumps were then parsed into 4 KB
pages of memory. These pages were randomly sampled and compressed and decompressed
with Gzip (which uses Deflate), and the hardware designs from this work. Although no
hardware Deflate compressor or decompressor exists as part of this work, the pages were
also compressed and decompressed with LZ77 and Huffman sequentially to demonstrate the

difference between software and hardware implementations of the same algorithm.

The goal of this compression ratio comparison was to determine how much effective RAM
could be achieved with memory compression using each design. Because of this, all pages
that compressed to larger than 4 KB were treated as being exactly 4 KB for the average

compression ratio calculation, as an incompressible page would remain in an uncompressed



56 CHAPTER 3. OPEN-SOURCE HARDWARE SOLUTIONS

form during normal OS memory compression.

3.5.4 Latency

To calculate software compression latency, Gzip was timed compressing several thousand
4 KB memory dump pages in a row, then the time was divided by the number of pages.
This was done because a single compression often occurs too quickly to accurately time, so

multiple sequential compression operations were needed.

For hardware latency calculations, the latency can be found by multiplying the fastest possi-
ble clock period of each design with the number of cycles required to complete compression

or decompression with the design.



Chapter 4

Results and Analyses

This chapter delivers the results of the investigations detailed in Section 3.5 and analyzes

them.

4.1 ASIC Area and Frequency Comparison

Figure 4.1 shows the highest clock speeds achievable by each design configuration. As can
be seen, most of the designs are capable of achieving at least 2 GHz, except for the LZ77
compressor and the LZW decompressor. The reason for the LZ77 compressor’s lower than
expected clock speed is not currently known. Initial investigations into the clock speed by
dividing the design up and synthesizing it as separate pieces suggest that the reduction
in clock speed is not due to the CAM or pattern search module, so must be due to the
state machine. However, the state machine does not contain much additional logic, so it is

currently unclear what components cause the slowdown.

As for the LZW decompressor, although its hardware is simpler than the LZW compressor,
the compressor takes two cycles per byte compressed. The LZW decompressor only uses
one cycle per input pattern. It seems that the synthesis tools are able to perform register
retiming on the LZW compressor to make it faster, but that this retiming is not possible
on the decompressor because fewer cycles are available for each additional pattern to the

dictionary. This also must be investigated further to be determined certainly.
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IBM does not discuss the specifics of the clock speeds attainable by the hardware [3]. How-
ever, IBM mentions that the target clock speeds are 2.0-2.5 GHz. The IBM POWER9 and
z15 compressors are implemented on a 14 nm manufacturing node. Although there is no
way to make a direct comparison between the GlobalFoundries node used by IBM and the
ASAPT7 PDK, a TSMC press release review by Schor provides a way to approximate [47].
If it is assumed that the difference between the GlobalFoundries 14 nm node and ASAP7 is
the same as the difference between TSMC’s 16 nm node and TSMC’s 7 nm node described
by Schor, then IBM would be able to achieve speeds 35-40% faster than the POWER9 com-
pression engine, meaning it would be in the range of 2.7-3.5 GHz [47]. This would mean that
its clock speeds are faster than most of the designs of this work. However, it is important
to note that IBM’s design is heavily optimized to achieve these clock speeds, and the most

important aspect of the design is not clock frequency, but total memory latency [3].

Maximum Clock Speeds

6

Clock Speed (GHz)

LZ77 LZ77 LaW LaW Huffman Huffman
Compressor  Decompressor  Compressor  Decompressor  Compressor Decompressor

Design

Figure 4.1: Open-Source Compressor and Decompressor Maximum Clock Speed Comparison

Although not all of the designs can achieve similar clock speeds to the IBM compression

accelerator, they are certainly much more configurable due to their parameterization. As
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can be seen from Figure 4.2, all of the areas of the designs in this work can be significantly
changed based on the configuration. The compressor and decompressor with the largest
capability for change, LZW, can change in size more than an order of magnitude, depending

on what values the parameters are set to.

The designs in this work also achieve much lower areas than the IBM work. Figure 4.3
shows the area results of the design configurations chosen to be compared to the IBM im-
plementation. Although IBM does not publish the exact area of the POWER9 compression
engine, IBM mentions that the compression engine takes less than 0.5% of the total chip area
[3]. Additionally, estimates of the die area from photographs can be used to indicate the
approximate area of the IBM design [56]. For a direct comparison to the IBM area estimate,
Figure 4.3 shows the area of the designs from this work and IBM, normalized to the smallest
design in this work. As is evident, the smallest design in this work is 866x smaller than
IBM’s accelerator, and even the largest design in this work is still 18.6x smaller than IBM’s

design.
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Figure 4.2: Parameterized Design Area Configurability Demonstration
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Synthesized Area Results
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Figure 4.3: Compressor and Decompressor 7 nm Design Area Comparison

4.2 Latency Comparison

To compare latencies to the IBM design, first it is important to calculate the latencies of the
IBM design. For the purposes of comparing against this work’s designs, it is most fair to
compare IBM’s latency to compress or decompress a 4 KB page of memory. The IBM paper
states, ‘We model the accelerator execution time 7' with T = Ty+Data__Size/ Peak Bandwidth
where constant Ty is the setup time which is the software and hardware initialization delays
before the accelerator starts processing data. [3]. To get the overall hardware latency of
the IBM design, the hardware latency portion of Ty needs to be known, and the result of
Data__Size/ Peak Bandwidth needs to be known for compression and decompression. The

sum of these will be the hardware latency for IBM’s implementations.

The hardware latency portion of T can be found without difficulty. Later in the paper, Abali
et. al state, ‘Therefore, with multithreading software delays nearly disappear in the total

delay calculations and the 8-thread latencies in Table II reveal the actual NXU hardware
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Normalized Hardware Area Comparison
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Figure 4.4: Normalized Hardware Area Comparison

latencies in the 0.55-0.73u range’ [3]. The table the authors referred to can then be used to
find the hardware latency for compression and decompression for both the z15 and POWER9

accelerator engines.

The latency once the hardware is initialized requires some additional math, but can be
found from IBM’s description as well. The IBM paper says that, ‘When the data size is
Half_ Peak_Data_ Size = Ty x PeakBandwidth we get T = 2T;, which means that half
the time is spent in the setup and the other half in the accelerator doing actual processing.’
[3]. From this, we can deduce that PeakBandwidth = Half Peak Data_ Size + Ty. The
peak data size of 4 KB is already known, so the final equation for this portion of the latency is
AKB/(Half_Peak_Data_Size+Tp). These remaining variables can both be found in the
IBM paper’s Table 11, so it is possible to calculate the hardware latency of each accelerator.

The latency of each accelerator is shown in Table 4.1.
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Table 4.1: Hardware Latencies of IBM Compression and Decompression Accelerators

Hardware Design Total Hardware Latency (us)
POWER9 Compressor 1.1
z15 Compressor 0.88
POWER9 Decompressor 1.21
z15 Decompressor 1.205

Because I have all of the necessary information for my designs, it is much simpler to calculate
the total latencies. The minimum and maximum compression and decompression latencies
are simply the most and fewest possible cycles to compress or decompress a page multiplied

by the clock period of a single cycle.

Figure 4.5 and Figure 4.6 show the latency comparison between the IBM accelerator and
this work. As these graphs show, the minimum decompression latencies from the designs in
this work have significantly lower decompression latencies than the IBM designs. However,
although the designs in this work demonstrate significantly improved decompression laten-
cies, it is important to note that the compression latencies are often higher with the designs

from this work, and the Deflate hardware design is hypothetical.

The maximum decompression latencies are significantly faster for my design than the IBM
design, but these maximum decompression latencies can only be reached when the data
is completely incompressible. If data is incompressible, then there is no need for it to be
stored in memory in a compressed form, so no need for it to be decompressed. In all
cases with reasonable compression ratios for the compressed memory, the latency of my
hardware designs is significantly better than the maximum decompression latency, moving

the performance of this design closer to an order of magnitude lower than IBM’s.

The compression latencies are often higher with my designs. However, this is not as much

of a concern with memory compression as the decompression latencies. This is because,
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while the decompression is on the critical path to completing computations, the compression
latency is not. Once a compression operation has been submitted, the CPU could move on

while the memory write was buffered and compressed in the background.

The final note on these figures is that the Deflate hardware design shown is hypothetical.
The latency numbers for this design make the conservative assumption that no pipelining
can take place between LZ77 and Huffman compression or decompression, and each stage
completes separately before the next one starts. Even making this assumption, my hardware
designs could achieve significantly lower latencies than IBM if they were combined to form

a Deflate compressor and decompressor.
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Figure 4.5: Compression Design Latencies

4.3 Compression Ratio Comparison

Although decompression latency is very important, it must not be at the cost of significant

data compressibility. If the memory compressibility is significantly reduced, then there is no
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Decompression Design Latencies
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Figure 4.6: Decompression Design Latencies

point to compressing the memory in the first place. Figure 4.7 shows the compression ratios
achieved by each of the hardware designs as configured above. Additionally, LZ77+Huffman
on the graph shows the performance of a hypothetical design combining LZ77 compression
and Huffman decompression to create a Deflate compressor. This figure shows that on aver-
age, the LZ77+Huffman hardware is capable of achieving compression ratios 87% as high as
the software Deflate implementation. While this reduction is non-negligible, it is not enough
to completely negate the value of memory compression, and the latency reduction of several
orders of magnitude is likely worth the slightly reduced compressibility. This is especially
true in the context of operating system memory compression. Because the operating system
often does not compress memory data to a byte granularity, it is quite possible that many
workloads would see similar or identical effective memory from the hardware implementation

and the software implementation.
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Benchmark Memory Dump Compressibility
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Chapter 5

Limitations and Future Work

Although this work compares well to the current state of the art, there are a number of po-
tential improvements that could strengthen it significantly. In this chapter, these limitations

will be discussed in order of potential benefit.

Currently, the LZ77 decompressor design is capable of decompressing multiple characters per
cycle when given an encoded pattern. However, when the LZ77 decompressor receives un-
compressed literal characters, it currently processes them one-at-a-time, sequentially. This
makes the LZ77 decompression latency very closely tied to the compressibility of the data.
To fix this, the hardware could support multiple bytes of literal input per cycle. A naive
implementation would only do this search if there were no escape characters at all in the
characters read in parallel. However, a more complex implementation could support vari-
able parallel read speeds, only reading characters that come before an escape character in
the input data. This would significantly decouple the decompression latency from the com-
pressibility of the data, improving the speed of nearly all decompression operations by a

significant margin.

The designs would also benefit from being formally verified. Although the designs have each
been tested with over 400,000 4 KB memory dump files without any bugs found, it is possible
that the testing did not trigger edge cases that could cause the hardware designs to compress
or decompress incorrectly. Formal verification is a method of mathematically proving that

a design has certain characteristics, given a set of initial assumptions. If the designs were
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formally verified to never incorrectly compress or decompress data, this would make them
significantly better candidates for incorporating into an ASIC. Additionally, an easy-to-use
formal verification flow would allow for faster design changes, because bugs could be caught

as soon as they were written and tested.

While the designs are all able to achieve low latencies, some of the designs are not able
to run above 2 GHz. Because one of the ideal use cases of these designs are in a memory
controller, it would be good for the designs to be able to run at the clock speeds common
in server CPUs, somewhere in the 2-3 GHz range. This would allow integration into mem-
ory controllers without the need for multiple clock domains. Additionally, if this could be
achieved without increasing the number of cycles needed to perform the compression or de-
compression operations, increasing the clock speeds of the designs would also further reduce

latency.

Another valuable future work would be to add the design to a larger project. Currently, the
designs have only been tested in an isolated context. Adding the designs to something like
a memory controller or FPGA to accelerate compression and decompression would provide
valuable feedback about how easily the design can be interfaced with. This is an important

future work, as it is a primary motivation for open-sourcing this work.

While this work is primarily targeted towards memory compression with its low latencies,
all of the designs in this work have very low area overhead. Additionally, they implement
algorithms that are frequently used for data outside of memory compression. While it has
not yet been investigated, it would be valuable to investigate the compression ratios and
performance that could be expected from these designs in a file or network compression
context. Because the algorithms used in this work are common for file compression, it might
be possible for this work to be used for file and network compression as well as memory

compression.
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The only component of this work that is not fully open-source is the Synopsys Design Com-
piler. Synopsys Design Compiler is used to synthesize the area, power, and frequency num-
bers of this work. Unfortunately, a Synopsys license is expensive and the software is pro-
prietary. To match the open-source nature of this project and the other tools used by it, it
would be valuable to use a fully open-source toolchain for the synthesis. The OpenROAD
project seems to have made significant headway into an open-source, fully-automated RTL-
to-GDS toolflow [1]. If support for OpenROAD were added to this work, it would provide
the added benefit of seeing the area, frequency, and power of the design on the variety of
OpenROAD-supported manufacturing nodes. If this support were added, every possible

aspect of the design and tooling would be open-source and free for anyone to try.

Finally, software libraries could be made compatible with the compressors and decompressors
shown in this work. Many previous works utilize only a compression accelerator or only a
decompression accelerator [4, 29, 31, 36, 43, 44, 48]. However, modifications have been made
to all of the algorithms used in this work. This makes combining the proposed techniques with
software implementations impossible at present. To further improve the flexibility of this
work, it would be valuable to implement performant, configurable software implementations

of the compressors and decompressors.
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Conclusions

As workloads continue to eat up more RAM, memory compression will continue to become
an important cost-saving tool. Many of the benchmarks shown demonstrate compression
ratios significantly higher than 2x. Existing compression and decompression accelerators are
able to significantly reduce the latency of compression and decompression. However, existing

accelerators add several times the latency of an uncompressed memory access.

This work improves upon the existing state-of-the-art designs by reducing decompression
latency by over an order of magnitude at best and by 33% even in the worst case for the
benchmarks studied. With all of the designs in this work combined, this work still utilizes
nearly 8x less area than IBM’s state-of-the-art implementation. This smaller area will lead

to lower costs and higher yields for designs based on this work.

This work is parameterized, making it suitable for a variety of use cases. This work has
the potential to be used anywhere from small microcontrollers to large warehouse-scale data
centers. This work is much more configurable than any existing designs. This configurability

enables faster iteration, because design space exploration can be done in parallel.

Most importantly, the design is available to download for free under the MIT open-source
license. This allows for any individual, corporation, or other entity to use, modify, or dis-
tribute this work or derivative works free of charge. This will hopefully save future researchers

hundreds of hours of development time, speed further research into memory compression,
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and result in stability, speed, and area improvements as bugs are found and fixed and im-

provements are implemented.

This work is the first hardware compression and decompression framework to be open-sourced
for the community to use, and the performance and configurability make the designs in this
work very easy to use in existing designs and modify. Through open-sourcing the proposed
artifacts, the intent is to encourage others to pursue new designs and optimizations related

to memory compression.
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