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In this paper we introduce L?C, a hybrid lossy/lossless compression scheme applicable both to the memory
subsystem and I/O traffic of a processor chip. L?C employs general-purpose lossless compression and combines
it with state of the art lossy compression to achieve compression ratios up to 16:1 and improve the utilization of
chip’s bandwidth resources. Compressing memory traffic yields lower memory access time, improving system
performance and energy efficiency. Compressing I/O traffic offers several benefits for resource-constrained
systems, including more efficient storage and networking. We evaluate L2C as a memory compressor in
simulation with a set of approximation-tolerant applications. L?C improves baseline execution time by an
average of 50%, and total system energy consumption by 16%. Compared to the lossy and lossless current
state of the art memory compression approaches, L2C improves execution time by 9% and 26% respectively,
and reduces system energy costs by 3% and 5%, respectively. I/O compression efficacy is evaluated using a set
of real-life datasets. L2C achieves compression ratios of up to 10.4:1 for a single dataset and on average about
4:1, while introducing no more than 0.4% error.

CCS Concepts: « Computer systems organization — Architectures; Processors and memory architec-
tures.
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1 INTRODUCTION

The rapid increase of connected devices and data produced globally [1] drive numerous applications
to become more data-intensive, overwhelming existing computing systems in various domains
[2-4]. In high performance computing, server machines in data centers and supercomputers need
to handle massive volumes of data supporting Big Data, Cloud Computing, streaming services and
many other emerging applications. In the embedded domain, edge and Internet-of-Things (I0T)
devices are expected to store, process and communicate data at high data rates under a tight power
budget. In turn, the huge sizes and overwhelming rates of data put pressure on the memory and
I/0 bandwidth resources of systems and often become the bottleneck, limiting performance and
wasting energy [5].

One way to alleviate the bandwidth pressure is to improve its utilization with compression.
Compressing data towards bandwidth improvement has different requirements depending on the
target subsystem. On one hand, in a memory subsystem, compression needs to have low latency,
especially during decompression triggered by read accesses, and be effective on small block sizes,

This work is supported by the Swedish Research Council (contract number 2012-4924) under the ACE project.

Authors’ addresses: Albin Eldstal-Ahrens, eldstal@chalmers.se, Chalmers University of Technology, Rénnvagen 6, Gothen-
burg, Sweden; Angelos Arelakis, angelos.arelakis@zptcorp.com, ZeroPoint Technologies AB, Gothenburg, Sweden; Ioannis
Sourdis, sourdis@chalmers.se, Chalmers University of Technology, Rannvégen 6, Gothenburg, Sweden.

© 2021 Copyright held by the owner/author(s). Publication rights licensed to ACM.
This is the author’s version of the work. It is posted here for your personal use. Not for redistribution. The definitive Version
of Record was published in ACM Transactions on Embedded Computing Systems, https://doi.org/10.1145/3481641.

ACM Trans. Embedd. Comput. Syst., Vol. 21, No. 1, Article 12. Publication date: January 2022.

12



https://doi.org/10.1145/3481641
https://doi.org/10.1145/3481641

12:2 Eldstal-Ahrens, Arelakis and Sourdis

i.e., a few cache lines. Then, it can reduce memory access latency offering faster processing and
higher energy efficiency. Commercially available memory compression techniques are mostly
application-specific, i.e., GPUs [6, 7]. Other more generic memory compression approaches use a
single, lossless or lossy algorithm for compression [8-10]. However, current lossless compression
algorithms offer limited compression ratios (on average, between 2x and 4x) [8, 11-15], while a
lossy one is only suitable for datasets that tolerate approximations [16, 17]. The trade-off is that
lossy compression is able to offer compression ratios as high as 16x [10], making it attractive where
supported. On the other hand, compression of data transferred through I/O ports has different
design objectives as it strives for high throughput rather than low latency and handles data in larger
blocks or in streams. In turn, the combination of latency tolerance and larger block sizes enables
higher compression ratios. I/O compression offers better storage utilization and more efficient
data transmission improving systems efficiency. I/O compression in embedded systems is often
supported by custom hardware, hence is more expensive and with limited applicability, i.e., targeting
wireless communications [18]. In the HPC domain, IBM Power9 and Z15 offer user-controlled
lossless-only compression acceleration [19], while software-based, hence slower, compression is
used for check-pointing traffic [20].

This work describes L2C , a new holistic compression scheme aiming to utilize more efficiently
the bandwidth resources of a processor chip. The main advantage of L2C is that it combines lossless
and lossy compression to best fit the characteristics of different parts of a dataset and improve
the impact of compression. In particular, L?C offers high, lossy compression for data that can
be approximated and lower, but lossless compression for data that cannot. Thereby, it is better
than previous approaches that offer only lossy or only lossless compression. Combining lossless
and lossy compression in the memory system is challenging as they exhibit radically different
characteristics, which call for different design requirements. The compression ratio of a lossless
method is 4-8x lower than that of a lossy one, as a consequence, using the same memory block size
for both would either introduce excessive traffic overheads for the lossless or limit the effectiveness
of the lossy method. On the other hand, supporting two different block sizes introduces challenges
in the design of the memory system. L2C addresses these challenges to preserve the benefits of both
compression alternatives. Another property of L?C is that it handles both memory and I/O traffic
improving systems efficiency and simplifying integration in the uncore of a chip. However, reusing
the same mechanism for memory and I/O compression introduces the challenge of supporting both
low latency as well as high throughput compression, while remaining effective in handling small
blocks.

In a nutshell, the contributions of this paper are the following:

o The first approach that combines Lossy and Lossless compression algorithms in a memory
system. L2C achieves this supporting:
- two granularities of memory blocks, tailored to each compression method in order to
increase its effectiveness and reduce overheads;
— a cache structure and main memory layout that can store blocks of both granularities;
— a mechanism to dynamically select the most suitable compression method;
- a hybrid metadata format that supports the two methods and in addition is partially
embedded with the data to reduce costs.
e Reusing the same compression mechanism for I/O traffic, too, to improve the efficiency of
storage and networking functions, which is enabled by compressor designs that offer both
high throughput and low latency.
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o A thorough evaluation and comparison with state of the art compression techniques showing
the benefits of combining lossy and lossless compression as well as the gains of reusing it for
compressing 1/O traffic.

The remainder of this paper is organized as follows. Sections 2 and 3 discuss related work and
background. Section 4 describes the proposed L2C architecture. Section 5 presents our evaluation
results and Section 6 draws our conclusions.

2 RELATED WORK

Prior work on related topics is discussed next. First, existing designs for memory compression are
presented and subsequently a summary of I/O compression techniques applied in data collection
systems is given. Finally, in relation with lossless compression methods, an overview is provided
on approximate computing techniques that improve the performance of memory systems.

2.1 Memory Compression

A wide variety of memory compression techniques have been proposed for improving memory
capacity and bandwidth utilization. They employ low latency algorithms and suggest different
adjustments in the memory system to increase compression efficiency and minimize overheads.

Most existing designs use lossless compression algorithms to avoid introducing changes to
the data. Some example of lossless algorithms applied to memory systems use dictionary-based
compression [21], exploit frequent patterns and zero-value blocks [22], use similarities of words at
the same bit position [8] or offer a hybrid scheme of different lossless algorithms applied to different
data [23]. In spite of these varying approaches, lossless solutions have limited compression ratio
between 2:1 and 4:1. Leveraging the fact that some applications can tolerate inaccuracies in parts of
their data [16, 24], lossy algorithms, such as downsampling [9] and Squeeze [10], were introduced
for memory compression to improve compression ratio up to 16:1. However, lossy approaches can
be applied only to data that tolerate approximations and limits their applicability.

Besides the algorithm choice, another aspect is the data placement in memory. Some approaches
compact compressed data in memory to improve capacity [25]. Others avoid the overheads of data
compaction, allocating the worst case storage required for the uncompressed data and focus only
on memory bandwidth improvements [9, 10, 26, 27].

Another important design choice is the granularity of the memory block size used for compression,
especially when random access in the compressed form of the data is limited or not supported at
all. Then, the block size defines a trade-off between the maximum supported compression ratio and
the traffic overheads of fetching more data than requested. To exemplify, considering that a cache
line (e.g. 64B) is the standard memory access granularity, selecting a block size of eight cache lines
defines the maximum compression ratio to be 8:1. However if the average achieved compression
ratio is 2:1 then that means that on average a memory access will bring four cache lines on-chip,
at the risk of overhead in case of lacking locality. As a consequence, previous lossless memory
compression solutions use small blocks of 2-4 cache lines and lossy ones use blocks of about 16
cache lines [9, 10]. Another overhead of larger block sizes is the fact that evicting a cache line from
the chip requires the entire block to be present in order to get updated; this adds traffic overheads
in case the block misses. In the past, the following two techniques have been used to reduce these
overheads: the first one stores recently compressed blocks in the Last Level Cache of the processor
and the second uses unoccupied memory space to evict dirty cache lines in their uncompressed
form, postponing the recompression of the block [9, 10].

Finally, managing the metadata needed for locating and handling the compressed data is also
challenging as it may add considerable memory bandwidth overheads [28, 29]. One approach is to
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employ a metadata table and a cache of it, as in [9, 10, 25], which is updated with the TLB and adds
a few bytes of bandwidth overhead at every TLB miss. Techniques like Attache [28] aim to further
reduce the metadata cost by embedding the metadata directly in the compressed block.

L2C strives to improve bandwidth utilization while avoiding compaction in main memory. Note
that on the contrary, compaction in storage and networking I/O devices is one of L?C objectives.
L2C is the first memory compression solution that addresses the challenge of combining lossy
and lossless. It does so by adapting the memory system to support two block granularities; one
for lossless and one for lossy compressed data. In addition, L2C employs a mix between the two
metadata approaches mentioned above, with essential metadata kept in a table along-side the TLB
while non-essential metadata are embedded in the compressed block.

2.2 Link Compression

Compression has been a key technique for reducing I/O traffic in embedded as well as in HPC
systems. The main design objective is high throughput and in the case of embedded systems low
power is an additional requirement.

In distributed embedded data collection systems and IoT devices, compression fills a critical
role due to tight constraints on power, communications and computational resources. Lossless
compression has been applied to reduce the volume of off-device traffic [30], by exploiting appli-
cation specific data properties [31], deduplication [32], prediction [33], and similarities between
concurrent data streams [34]. General-purpose compression algorithms such as LZW have proved
prohibitively expensive for such low-power devices [35] due to their excessive energy costs. A
number of compression schemes have been proposed for embedded applications, utilizing data
transformations [36], correlating multiple data sources [37], identifying particularly interesting (i.e.
irregular) measurements [38], automatically adapting compression parameters to data features [39].
Moreover, a hybrid lossy and lossless scheme [18], the combination of which in I/O compression
does not entail the challenges discussed for the memory compression counterpart.

In HPC applications, software-implemented lossy stream compression has been applied to
high-volume I/O traffic without latency constraints [20] to alleviate the performance, energy and
storage costs of saving checkpointed data. Moreover, IBM Power9 and z15 provide a user-controlled
compressor accelerator in their DMA engine [19] to reduce data volume of DMA transfers.

In summary, embedded I/O compression techniques are mostly custom hardware designs, which
increases the cost of the system and often limits their applicability to the particular targeted class
of I/O devices. In the HPC domain, compression solutions are in some cases software-based, hence
slower and less energy efficient, and in all cases controlled in the user space therefore cannot be
exploited at regular memory and I/O operations.

L2C exposes its proposed memory compression technique to compress I/O traffic, too, in order
to alleviate I/O bandwidth pressure and improve the efficiency of storage and networking systems
functions. L2C compression is generic, hardware accelerated and handled in a transparent way
without user explicit control. Finally, reusing the same compression mechanism for memory and
I/O saves systems energy and area.

2.3 Approximate Computing

The aforementioned lossy compression approaches can be considered part of the broader topic
of Approximate computing as they introduce approximations to the data they handle. As such,
they share in common some aspects such as the mechanisms for handling errors and identifying
opportunities for approximation. Below, approximate computing techniques for improving the
memory system are discussed.
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Large classes of applications are inherently tolerant to approximations [16]. This enables a trade-
off between the quality of their results and their performance and energy efficiency. This trade-off
is exploited by various approximate computing techniques, such as computation acceleration [40],
memoization [41], limited fault recovery [42], and data storage [43, 44].

Several approximate computing techniques target memory system bottlenecks. Approximate
load value prediction reduces memory latency by predicting rather than fetching a value from
memory [45-47]. Reducing the precision of floating point [48-51] and fixed point [52, 53] numbers
has been used to alleviate the memory bandwidth bottleneck in deep neural networks [52], GPU
workloads [49-51, 54] and other approximation tolerant applications [48] improving performance
and energy efficiency. However, the compression ratio is still limited between 2:1 and 4:1 despite
the loss of precision as these approaches do not exploit inter-value similarities to compress data.
Furthermore, Doppelgénger proposed to deduplicate similar cache lines to compress data [55].

A combined approach has been proposed to increase the compression ratio offering the option
to reduce precision of individual values by truncating bits and then apply lossless compression on
top [49]. The compression ratio remains at roughly 2:1, due to the limited impact of single-value
precision reduction and is similar to existing lossless compression schemes, offering little benefit to
outweigh quality loss of approximation. Precision reduction is distinct from full lossy compression,
in that it only trivially reduces storage size for each individual value rather than identifying inter-
value redundancy. Furthermore, the proposed design is implemented in a GPU architecture. While
GPGPU techniques extend application support beyond graphics, it is nonetheless limited. L2C takes
a different approach, supporting lossless compression along-side more aggressive lossy compression
in a general-purpose processor, as well as dynamically switching between the two. This is a more
complex problem, due to the differing properties of the two compression methods.

In the past, applications [16] and (parts of) datasets [24] that tolerate approximations have
been identified. Past lossy memory compression techniques used error thresholds for maintaining
the introduced approximation error in check [9, 10] and evaluated the final error caused to the
application output. They also kept track of the accumulated average error per block to limit the
effect of repeated approximations on the same data [10]. LC follows the same approach for handling
the error introduced by lossless compression.

3 BACKGROUND

L2C takes its basis in two existing compression systems: the lossy MemSZ [10] and the lossless
SC? [14]. Lossless compression is safe to apply to all application data, but generally offers limited
compression ratio. Lossy compression is only applicable to select portions of data, but provides
significantly higher compression potential. By combining these two approaches, L?C is able to reap
the benefits of both. In this section, the two existing systems are described.

3.1 MemSZ

Memory Squeeze (MemSZ) applies lossy compression to parts of the application data, which can
tolerate approximation [10]. Thereby, it reduces the volume of data transferred between main
memory and processor chip, improving memory bandwidth utilization. The main component of
MemSZ is a compressor and decompressor between the last level cache (LLC) and the memory
controller of a processor.

Similar to most techniques that focus on data approximations [9, 48, 55, 56], data regions are
annotated approximable by the programmer, using a specialized system call. Allocated pages are
marked as approximable using one extra bit for every entry in the page table and translation looka-
side buffer (TLB). The programmer also specifies two acceptable error thresholds for approximable
data. One threshold limits the allowable error introduced in any single compression event, the
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Fig. 1. MemSZ’s Decoupled Sectored Cache and main memory block layout.

other limits the total accumulated error across the full application lifetime. Like other memory
compression works [9, 25, 57], metadata information for compressible memory blocks is stored in a
Metadata Table (MT) in main memory and cached on-chip (CMT). CMT is accessed in parallel with
the LLC and updated together with the TLB. Application data which are not marked as approximable
are not compressed. MemSZ does not aim to improve memory capacity. Consequently, each block
is allocated enough space to remain uncompressed, and therefore memory allocation is not affected.
Compressed blocks leave empty memory space between them, which remains uncompacted.

In order to achieve compression ratios of up to 16x, MemSZ applies compression at the granularity
of a 1kB (16 cache lines). However, this introduces a number of challenges. The compression prevents
random access to single cache lines embedded in compressed blocks, so a memory access triggers
accessing the entire block. In addition, LLC evictions are burdened with the overhead of fetching and
recompressing blocks. MemSZ addresses these challenges by (i) co-locating compressed memory
blocks and uncompressed cache lines in the Last Level Cache (LLC), (ii) handling LLC eviction in a
lazy manner, and (iii) keeping track of badly compressing memory blocks. These three points are
explained next.

In order to store compressed memory blocks alongside regular uncompressed cache lines, MemSZ
employs a Decoupled Sectored Cache [58], as illustrated in Figure 1. A layer of indirection (back-
pointers) allows a single tag to represent a block of multiple consecutive cache lines. MemSZ extends
this design to store any combination of compressed memory subblocks (CMS) and uncompressed
cache lines (UCL) under a shared tag.

A request to the LLC may hit in three distinct ways, with increasing latency: (i) in the buffer of
the compressor, which stores the most recently decompressed block; (ii) in the LLC as an UCL, (iii)
in the LLC as part of a compressed block. In the latter case, the block must be read out of the cache
and decompressed, introducing additional latency compared to a regular cache hit. Otherwise,
when the cache line misses, a memory request is issued. The metadata for the block indicates
whether the memory location is compressed in main memory or not. If not, the requested UCL can
be fetched from memory directly. If the data in the memory location are compressed, the entire
compressed block is fetched and decompressed. The compressed block is inserted in LLC, as is the
requested UCL. Writebacks to LLC are inserted as in a regular, non-compressing cache. When a
dirty line is evicted from LLC, the corresponding compressed block is updated if available on-chip.
If the block is only available in memory, it may be brought on-chip in order to be updated. To
reduce the overhead of such full-block fetches, MemSZ employs lazy evictions. The single dirty UCL
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is written back to memory, utilizing the space left empty after the end of the compressed block.
Figure 1 illustrates three lazily evicted cache lines in the empty space of block C. These lines were
dirty in the LLC in the past, and at eviction time the compressed block C was no longer on-chip.
As a result, lazy evictions wrote the dirty cache-lines back to memory. Lazy eviction allows MemSZ
to postpone the costly recompression and mitigate its traffic overhead.

The overhead of unsuccessful compression attempts is minimized by keeping a history of previous
compression attempts per block. This history is maintained in the metadata of each memory block.
It is used to delay recompression until a sufficient number of updates have been carried out, with
an exponential back-off. The metadata of a block also includes its compressed size, number of lazy
evicted cache lines, and the total accumulated error of each block.

The compression algorithm used by MemSZ is chosen for its high compression ratio and designed
for fast decompression. Compression is based on SZ [20], modified for a fixed block size and
increased parallelism. Individual values which exceed a set error threshold are embedded in the
compressed block, ensuring that each recompression meets the set threshold. This allows a variable
compression ratio ranging from 2X to 16X.

MemSZ reduced memory traffic up to 81% improving system performance and energy efficiency
up to 62% and 25%, respectively, introducing less than 2% application output error.

3.2 Statistical Cache Compression

Statistical Cache Compression (SC?) is a lossless cache-compression scheme, rather than main
memory, which is based on type-agnostic huffman-encoding [14]. A global Value Frequency Table
(VFT) is populated during a sampling phase at the start of execution, forming the basis for an
encoding tree. This encoding tree is then used to compress cache lines before they are written to
LLC, increasing its capacity.

During the sampling phase, the VFT is populated by observing the last-level cache. The VFT is a
set-associative cache structure, indexed by data values. It stores occurrence counters for the set of
most frequently seen values. When a line is updated in LLC, each individual value in the cache line
is added to VFT, i.e., its counter is incremented. When a cache line is evicted from LLC, each value
in the line is subtracted from VFT, i.e. its counter is decremented.

Since the VFT is of finite capacity, not all possible values can be present at the same time. Newly
observed values are inserted in the VFT, replacing the least-frequent value in its set. A special
counter labeled OTHER is maintained with the sum of all replaced counts. This is used as the
frequency of any data value not explicitly present in the VFT.

When the sampling phase ends, the frequencies collected in VFT are used to build a huffman tree,
assigning variable-length codes to each of the observed data values. This process assigns shorter
codes to the most frequently seen values, based on the assumption that common values during
sampling will remain common during the rest of execution.

During execution, any line to be inserted in the LLC is compressed using the generated encoding.
Known values are replaced with their variable-length code. Values not assigned an explicit encoding
are stored as-is, prefixed by the code assigned to OTHER. The global state (VFT) being shared
between all compressed blocks removes the need to embed the huffman dictionary in the compressed
block. This allows SC? to be applied to blocks of arbitrary size, with no reduction in compression
efficiency.

4 SYSTEM ARCHITECTURE

L2C is a hybrid compression scheme which combines lossless compression with more aggressive,
lossy compression. Lossy compression has the potential for higher compression ratios, but is limited
to data annotated by the developer as approximable. Lossless compression offers more modest
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Fig. 2. Top-level view of the LZC memory compression architecture. The compressor module is placed next to
the DMA controller, with access to the on-chip interconnect.

benefits, but is safe to apply to all data, even as a fallback for approximable data. The hybrid nature
of L2C offers benefits over either approach. Lossless compression is available for all data. For data
which is marked approximable, lossy compression is employed as a primary technique. If lossy
compression fails due to quality constraints, L2C falls back to lossless compression. This approach
makes L2C applicable and beneficial to any application able to tolerate lossy memory compression.

L2C adds a hardware compressor in the uncore of a processor chip as depicted in Figure 2. It uses
the MemSZ [10] and SC? [14] compression methods for lossy and lossless compression, respectively.
The L2C compressor module includes a buffer that stores the most recently decompressed data
(DBUF) and a cache of the metadata table (CMT) to handle the compression/decompression process.
Similar to MemSZ the LLC is designed as a decoupled sectored cache able to store compressed
blocks alongside the normal uncompressed data. Moreover, the L2C LLC and memory support two
block type of different granularity to fit the requirements of the two compression modes.

The compressor is located next to a Direct Memory Access (DMA) controller and connected
to the on-chip interconnect allowing it to interact with data transfers between the Last Level
Cache (LLC), Memory controller and system I/O ports. This placement allows both memory and
I/O compression. In turn, this enables L?C to use the same compressor for both memory and I/O
compression, the latter case controlled by the DMA.

Briefly, a memory access in the L2C system, is handled as follows. L2C extends the page table to
include metadata information about the allocated pages, including the annotation of approximable
pages, in other words pages that can be compressed in a lossy manner. A memory access is marked
as approximable or not after the TLB access. Metadata is read out in parallel with the LLC being
accessed. At the LLC, an access may hit either compressed or uncompressed data; otherwise (LLC
miss), an access to the main memory is triggered. The metadata indicates the size and compression
state of the fetched data. Moreover, LLC evictions are handled lazily by first attempting to update
the block if it resides in the LLC; if not, an uncompressed write-back is attempted, if compression
has left any unused space, otherwise, the block is fetched from memory to be recompressed.

In general, data in memory are grouped into larger blocks of multiple cache lines. These blocks
are kept in memory in compressed form. When a dirty cache line is evicted from the LLC, the
compressed block it belongs to is eventually updated to include the fresh data. At maximum
compression ratio, a block of 1kB (16 cache lines) fits in 64B (one cache line). Moreover, L2C can
automatically downgrade blocks from lossy to lossless compression in cases where insufficient
precision can be preserved. This allows the benefits of compression to be retained, at a reduced
level, rather than leaving the data uncompressed. Finally, blocks which are not explicitly marked as
approximable are only compressed losslessly.
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Fig. 3. Lossy compression scheme employed by L2C. A data block is processed as several parallel sequences.
Each value in a sequence is encoded as a function of the preceding values.

In the remaining of the section, we describe the system design in more detail. First, the design of
the compressor is presented. Subsequently, the L?C memory block format and memory layout are
discussed. After that, it is explained how transition between block types are handled, and metadata
information is organized. Then, the design of the last level cache (LLC) is described. Finally, the
L2C I/O compression support is explained.

4.1 Compression Methods

The main feature of L2C is the application of two separate compressors, unified in a hybrid design.
In this article, we present and evaluate using the MemSZ lossy compressor [10] and the SC? lossless
compressor [14]. MemSZ represents the state of the art in lossy memory compression, offering
compression ratios of up to 16x. SC? is designed for cache compression, which requires low latency
and hardware complexity. These features also make it suitable for memory compression. Both parts
of the L?C compressor are pipelined allowing high throughput. Without loss of generality, L?C
can be implemented using any combination of block compressors. It is also trivial to extend LC
to support multiple lossy or lossless compressors and choose the most successful method for any
given block.

4.1.1  Lossy compression. The lossy part of the L2C compressor is based on the SZ lossy compression
algorithm [20], which compresses sequences of values by describing each consecutive value as a
function of the preceding values. This is done by computing three different fixed functions (constant,
linear or polynomial), comparing their respective error and selecting and storing the best option
(two bits) in place of the value (32 bits). MemSZ introduces several performance improvements
to SZ