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Abstract—Scientific codes that process large amounts of data
often leverage GPUs for performance gains, but the relatively
small global memory capacity can be problematic. As a remedy,
we present SLEEK, a software-based main-memory compression
technique for single- and double-precision floating-point data that
works on existing systems. Its high speed, comparable to that
of memory copies on GPUs, makes it a promising solution for
scientific applications grappling with memory-size limitations.
SLEEK provides both lossless and guaranteed-error-bounded
lossy compression that is CPU-GPU compatible. It supports all
IEEE 754 floating-point values, including infinities, NaNs, and
subnormals. SLEEK’s lossy compressor yields geometric-mean
compression ratios of up to 49.8 and 98.9 on single- and double-
precision SDRBench inputs. On an RTX 4090 GPU, it compresses
up to 1.71x and decompresses up to 1.65x faster than the speed
of device-to-device memory copies of the uncompressed data.
SLEEK exceeds the throughput of existing GPU compressors
while also yielding higher compression ratios than many of them.

Index Terms—Software-based memory compression, floating-
point data, guaranteed error bounds, GPU parallelization

I. INTRODUCTION

Many scientific computations process large volumes of data,
often on GPUs due to their performance benefits. One of the
biggest challenges in this context is the limited global memory
capacity of GPUs, which tends to be much smaller than the
main memory of CPUs. Since GPU memory is built for very
high throughput, it is tightly coupled with the system hardware
and cannot be extended by plugging in more modules.

One possible solution is main-memory compression, that is,
keeping the data compressed in the main (global) memory and
decompressing it on the fly, at the time of reading. However,
main-memory-compression approaches are not widely used
since they either do not allow writes to the data, require special
hardware, or are too slow, especially on GPUs.

Software-based related work such as Ligra+ [[1] supports
main-memory compression on CPUs but only for reading data.
Applying such techniques on GPUs is challenging since GPUs
have very high memory bandwidths, requiring the compression
throughput to also be very high. If it is too low, any benefits
from the reduced memory footprint will be nullified, yielding
an overall slowdown of the application.

Whereas there are a few works on hardware compression
of memory pages on GPUs [2]]-[4], the only prior work we
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could find on software main-memory compression for GPUs
is MPLG [5]], which targets read-only graph data structures.
It decompresses the data as needed for processing but does
not support re-compression. Also, since graph data structures
such as CSR are index-based, MPLG employs a compression
algorithm that is specific to integers. In contrast, scientific
applications predominantly deal with floating-point data.

In this paper, we present SLEEK, a software-based solution
for fast main-memory compression and decompression of both
single- and double-precision floating-point data on GPUs that
can be integrated into existing and new applications. As far as
we know, there is no prior work on this topic. In the following
description of SLEEK, main-memory compression refers to a
pure software solution that works on existing hardware.

There are several key challenges in developing an effective
main-memory compressor for floating-point data on GPUs.
First, it should operate at speeds comparable to normal read
and write speeds of global memory. Second, it should yield
high-enough compression ratios to significantly reduce the
memory footprint of the application, allowing larger datasets
to be stored. Third, it should support lossless and various levels
of lossy compression to allow the user to trade off precision for
compression ratio and speed. In case of lossy compression, it
should provide guaranteed error bounds to cap the maximum
error. Fourth, it should support heterogeneous systems as it
may be desirable to send compressed data to/from the GPU,
necessitating CPU-based compression and decompression.

No existing compressors meet all of these criteria (Table [I).
Almost all of them are much slower than directly reading or
writing data in global memory. The few algorithms that do
approach this speed provide very low compression ratios. Most
lossy compressors do not guarantee the user-selected error
bound. Finally, almost no CPU/GPU compatible compressors
exist. In contrast, SLEEK meets all of these demands.

(1) Throughput: SLEEK exceeds the performance of mem-
cpy on a number of current high-end GPUs. This means it
can copy data from one part of the memory to another faster
than a conventional memory-copy operation, in addition to
compressing or decompressing the data in the process. SLEEK
achieves this by hiding the computation overheads almost
completely with its high-speed implementation.

(2) Compression ratio: In lossless and especially in lossy



TABLE I: Comparison of compressor features

Compressor Memcopy Guaranteed CPU-GPU
throughput | error bound compatible
MGARD-X X X 4
FZ-GPU X X
cuSZp X X X
PFPL X v 4
BitComp X X X
SLEEK v v v

mode, SLEEK reaches compression ratios that are higher
than those of some much slower algorithms. Moreover, it
guarantees the user-provided point-wise absolute error bound.
Most other lossy algorithms quantize the floating-point values
by dividing each of them by twice the error bound before
compressing the quantized values. During decompression, they
de-quantize by multiplying by twice the error bound to recreate
the original value. Due to the finite precision of the IEEE
754 floating-point representation, the recreated values may be
imprecise and violate the error bound, in some cases by large
amounts [6]]. The new quantizer we developed for SLEEK does
not suffer from this problem as it emulates all floating-point
operations with integer instructions and decreases the error
bound to the nearest power of two.

(3) Cross-system compatibility: Even though SLEEK’s main
target is GPUs, it also includes fast CPU counterparts of
its lossless and lossy compressors and decompressors. The
compressed and the decompressed data produced by the GPU
and CPU versions match bit-for-bit. This allows applications
to use SLEEK to compress data on the host and decompress
on the device and vice-versa as needed.

Many HPC applications such as deep learning [7] and
bioinformatics [8] that process floating-point workloads face
global-memory limitations in GPUs. Moreover, applications
such as computational fluid dynamics [9], molecular dynam-
ics [10], and n-body simulations [[11]] execute time-stepped
iterations, often repeatedly processing floating-point data in
tiles or blocks. SLEEK targets these kinds of applications.

Our experiments demonstrate that, on these types of data,
SLEEK'’s lossy compressor for double-precision floats yields
geometric-mean compression ratios up to 98.9. It is faster than
cudaMemcpyDZ]f] (of uncompressed data) by up to 1.71x in
compression and 1.65x in decompression on an RTX 4090.

This paper makes the following main contributions.

« It introduces SLEEK, a new main-memory compression
algorithm for single- and double-precision floating-point
data that delivers speeds comparable to or exceeding the
speed of memcpy on high-end GPUs.

« It describes both lossless and lossy algorithms that yield
substantial compression ratios at high speeds. They sup-
port all floating-point values, including infinities, NaNs,
and denormals. In case of lossy compression, the algo-

I'This is a GPU-to-GPU copy that does not involve the PCI bus or the CPU.

rithm guarantees point-wise absolute error bounds with-
out the need to check for violations.

o It presents GPU and CPU implementations of SLEEK
that produce compressed and decompressed outputs that
are bit-for-bit identical, allowing data compressed on a
GPU to be decompressed on a CPU and vice versa.

o It demonstrates the ability of SLEEK to deliver much
higher throughput at a given compression ratio compared
to the state-of-the-art algorithms from the literature.

Our CUDA and C++/OpenMP SLEEK implementations are
available in open source as described in the artifact appendix.

The rest of the paper is organized as follows. Section
provides background. Section [[II] discusses SLEEK in detail.
Section [[V|describes the experimental methodology. Section
presents and analyzes the results. Section summarizes
related work, and Section |V1I| concludes the paper.

II. BACKGROUND

This section provides background on main-memory com-
pression, the difference between lossless and lossy compres-
sions, and guaranteeing point-wise error bounds in lossy
compression of floating-point data.

A. Main-memory compression

Main-memory compression reduces the memory footprint
of applications by applying compression and decompression
at runtime on data stored in the main memory. Storing data in
compressed format allows an application to avail more mem-
ory than is actually present. This is particularly beneficial for
applications that repeatedly process chunks of large datasets on
GPUs, which have relatively small amounts of global memory.

For example, consider a GPU with 8 GB of global memory.
Assume that an application needs to repeatedly process two
datasets, A and B, each of size 5 GB, one after the other. Since
the combined size of A and B exceeds the memory capacity,
the application will have to transfer the datasets back and forth
between the GPU and the host, which is slow. In contrast, if
there is a good compression algorithm that can compress each
of these datasets into, say, 1 GB, the application can store
both A and B in compressed format and use the remaining
6 GB space to decompress the needed dataset in each phase.
At the end of the phase, the dataset is re-compressed. For
such a solution to be useful, in addition to providing good
compression ratios, the compression and decompression must
operate at high speeds. SLEEK meets both of these criteria.

B. Lossless versus lossy compression

Applications that require highly accurate data prefer lossless
compression methods that can be fully reversed to recreate the
original data precisely from the compressed data. They apply a
chain of transformations to the data to encode the information
in less space. The requirement to be able to recreate the
original data exactly limits the compression ratios (the ratio
of the size of the original data to that of the compressed data)
that such algorithms can deliver [12].



In contrast, if an application can tolerate some error in the
recreated data, it is often better to use lossy compression,
which can yield significantly higher compression ratios [13].
Many lossy compression algorithms employ a quantization
function that maps the large range of floating-point values in
the input to a smaller, finite set of discrete values, which are
referred to as bins. Each bin represents a sub-range of the full
span of the input values. The number of bins is usually much
smaller than the number of distinct values in the input dataset,
and, hence, multiple input values may get mapped to the same
bin. This means that the sequence of bin numbers obtained
from the original data generally contains fewer unique values
and more discernible patterns, making it more compressible.

A chain of one or more lossless transformations is then ap-
plied to the bin number sequence generated by the quantization
step, yielding the final compressed data. On decompression,
the lossless transformations are reversed, returning the exact
bin-number sequence. The following dequantization typically
maps each bin number to the center of the sub-range of the
floating-point values it represents. This is the source of the loss
— all distinct original values in a sub-range are reconstructed
to the center value of that sub-range. SLEEK supports both
lossless and lossy compression.

C. Error bounds in lossy compression

Users of lossy compression may want to specify a point-
wise absolute error bound, €, indicating that, for each original
value v, the reconstructed value 7 is acceptable if v — e <
r < v + €. Leading lossy compressors perform quantization
by dividing each floating-point value by 2¢ and rounding the
result to the nearest integer, and dequantization by multiplying
the quantized value by 2¢ [14]. In the rest of this paper, the
term error bound refers to the point-wise absolute error bound.

Guaranteeing strict error bounds is a challenge due to the fi-
nite precision of floating-point operations and the non-uniform
distribution of representable values in the IEEE 754 floating-
point format [15]]. Hence, many existing lossy compressors
do not fully guarantee the error bound [16]. The few that do
incorporate special mechanisms to deal with values for which
they cannot guarantee the error bound, including losslessly
encoding them inline [|6] or storing them separately [14], [17].
This leads to a mixing of bin numbers and floating-point
values in the output, which necessitates additional steps in
the decompressor and reduces compressibility and throughput.
The lossy compressor in SLEEK efficiently addresses this
challenge in a novel way. It is able to guarantee the error
bound on all values, including infinities (INF), not-a-number
(NaN), and subnormals, without any special mechanism such
as violation detection or outlier handling.

III. SLEEK ALGORITHM AND IMPLEMENTATION

SLEEK has two components — (1) a lossless compressor
and (2) a lossy compressor that guarantees point-wise absolute
error bounds. Both components support single- and double-
precision floating-point inputs in IEEE 754 format. SLEEK
includes CPU and GPU versions that are cross-compatible. For

example, one can compress on the CPU and decompress on the
GPU or vice versa. In this section, we detail our algorithms,
their key features, and their parallel implementations.

Algorithm 1 Lossless SLEEK Encoder

1: TB < 32; > number of bits in a float
2: MSB + 1 << (TB - 1); > only MSB set
3: EXP_MSK < 0xFF00’0000; © exp mask after rotation
4. EXP_ONE < 0x0100’0000; > after rotation
5: max_val < 0;

6: for each index i in the group do

7: val < _ float_as_int(in[i]); > interpret as uint
8: val < rotate_left(val); > rotate sign into LSB
9: if ((val & EXP_MSK) # 0) then

10: val < val - MSB;

11: if ((val & EXP_MSK = 0) V (val > MSB)) then
12: val < val - EXP_ONE;

13: val < TCMS((signed)val); > to magnitude sign
14: temp[i] < val;

15: max_val < max(max_val, val);

16: n < TB - __clz(max_val);

17: return n;

A. Lossless compressor

This subsection details the operation of SLEEK’s lossless
compressor on single-precision floating-point values. The al-
gorithm for double-precision inputs is analogous.

The lossless compressor groups the input values into 512-
byte subchunks and applies a data reduction technique to
each group. It exclusively operates on the bit-wise integer
interpretation of each 32-bit value, that is, the exact binary
IEEE 754 representation (like reinterpret_cast), without any
rounding or numerical conversion. It transforms these integers
with the goal of increasing the number of leading zeros in
the common case as shown in Algorithm |l Based on our
analysis of scientific data from various domains [18], we
found the common case to be floating-point values with (de-
biased) exponents that cluster near zero. The high-level idea
is to bijectively map the biased exponents of the IEEE 754
representation to new values such that the typically frequent
exponents turn into values with many leading zero bits, which
are then compressed. The parallelization and code optimiza-
tions are discussed in Section

The constant TB in Algorithm [I| denotes the number of
bits in each input value. For single-precision floats, TB = 32.
The constant MSB is a bit sequence of length TB, where the
only set bit is in the most significant position. The constant
EXP_MSK has the 8 most significant bits set, corresponding
to where the exponent field is after rotating a float value by
one position to the left. The variable max_val is initialized
to zero (Line [5). The algorithm iterates over all values in the
group (Line [6). The bit pattern representing a float is first
interpreted as an unsigned integer (Line [/) and written to val,
which is then rotated to the left by one position to move the



most significant bit, which represents the sign of the original
float value, to the least significant position (Line [§). Since our
goal is to maximize the number of leading zeros, moving the
sign bit to the LSB position helps by getting it out of the way.

After the rotation, the top 8 bits of val correspond to the
exponent of the float. Due to the bias in the exponent of IEEE
754 floating-point values, the frequent native exponents tend
to have few or no leading zero bits. We bijectively map the
256 possible values the exponent can take into a new set of
256 values such that the exponents expected to occur more
frequently are mapped to values with many leading zeros.
SLEEK performs this mapping as follows. If the exponent
is zero, we leave it as is (Line [9) because zero is a relatively
frequent value. Otherwise, we subtract 128 from it (Line @]),
which in effect de-biases the exponent (the actual bias is 127).
We subtract 128 instead of 127 so as not to map the highest
possible exponent to a negative value, which would complicate
the decompressor. If the result of the subtraction is zero, we re-
map it to -1 because O is already taken and the mapping must
be lossless (Lines[TT{IZ)). Since the mapped value 0 is lowered
by 1, all smaller values are also lowered by 1 to maintain the
bijective nature of the mapping (also Lines [11{12).

The bit pattern in val is then interpreted as a signed
integer and converted from twos-complement to a modified
magnitude-sign (TCMS) format [|12], which often yields more
leading zeros, before it is stored into a temporary array
(Lines [I3}{T4). During processing, we also identify the max-
imum (unsigned) value max_val of all transformed values in
the group (Line [T3). In the end, we count the number of
leading zeros in max_val. Subtracting this count from TB
yields n, the number of bits required to losslessly represent all
transformed values in the group as the bits at positions above
n are guaranteed to be zeros.

As the last step, we remove T'B — n leading zeros from all
transformed values and pack them into the output, where each
encoded value occupies n bits. This is the step that actually
reduces the data size. Since the value of n is required to
demarcate the encoded values during decompression, we also
store n as part of the compressed output. The decompression
simply follows the reverse transformations in the opposite
order, reproducing the original data bit-for-bit.

Note that each step of the compressor and decompressor
compiles into just a few fast integer machine instructions.
None of the steps involve any floating-point instructions.

B. Lossy compressor

SLEEK’s lossy compressor guarantees point-wise absolute
error bounds on all input values including infinities, NaNs, and
denormals. Conceptually, it quantizes a value v by dividing it
by twice the error bound (2¢) and rounding the result. Next,
it typecasts the result to an integer, which is then transformed
into magnitude-sign format, yielding the bin number of wv.
The intuition here is that several values that are nearby on
the number line may fall into the same bin, helping achieve
higher compression ratios in the later data-reduction step. As

mentioned, the corresponding dequantization process (multi-
plication of the quantized value by 2¢) is not guaranteed to
produce a value r in the range [v — €, v + €] because floating-
point results must be rounded to a representable value. SLEEK
employs two techniques to avoid this problem.

First, it adjusts the user-provided error bound to the nearest
smaller power of 2. This yields anywhere between a 1 and 2
times tighter error bound than what the user requested. Being
a power of 2, multiplying or dividing a value x by (twice) the
adjusted error bound is tantamount to adding or subtracting an
integer from the exponent field of z, meaning that no rounding
error is introduced as the result can be precisely represented.
ZFP also uses error bounds that are powers of two [19].

Second, SLEEK only quantizes values that fall in the range
where representable floating-point values are no more than
the adjusted error bound apart. Outside of this range, there is
no reason to use quantization. In fact, it is detrimental as we
show below. Instead, SLEEK encodes those values losslessly
by applying a new transformation that creates more leading
zeros. Moreover, SLEEK ignores the sign of all values that
quantize to O but preserves it losslessly for all other values.

Another important feature of SLEEK is that it performs
all required operations such as multiplication and division by
2¢ and rounding using only integer addition/subtraction and
bit-wise operations on the exponent and mantissa fields of
the float. This has two key advantages — (i) It offers better
portability, since integer arithmetic is guaranteed to produce
the exact same results on different systems and is not subject
to rounding modes, and (ii) simple integer operations tend to
have a lower latency than floating-point operations.

1) Inner workings of the lossy compressor: We demonstrate
the operation as well as important aspects of our approach on
a mini floating-point format that adheres to IEEE 754 rules.
Each float in this example is represented by 7 bits: the most
significant bit is the sign bit (5), the next 4 bits are the biased
exponent (£), and the 2 least significant bits form the mantissa
(M). The bias is 7 (Y'). The value of a normal float represented
in this format is: value = —1% x 2F=Y x 1.M. The first
column in Table [[T] lists the representation of all positive values
in this format. The operation of our algorithm on negative
values is symmetric (not shown). Note that the first 4 rows
represent NaN and infinity values and the last 4 rows represent
subnormal values, including zero. The second column of the
table shows the value of the floats in decimal format.

SLEEK employs several constants and parameters. The
constant m represents the number of mantissa bits, which is
2 in our example. The user provides the value of the point-
wise absolute error bound. We round it down to the nearest
power of 2 and use this adjusted value as the error bound e
for the reasons stated above. Note that this adjustment lowers
the user-provided value by a factor of 1.5 on average. The
parameter B = 2™ stands for the number of unique mantissa
values. B = 4 in our example. The parameter £ B2 is twice the
adjusted error bound € and inv_E B2 is 1/EB2. Assuming a
user-provided error bound of 0.3, this yields an adjusted error
bound ¢ = 0.25, EB2 = 0.5, and inv_FE B2 = 2.0.



TABLE II: Example showing SLEEK’s lossy compression that guarantees the error bound on all values. For comparison, the

last 6 columns demonstrate what happens if the values are quantized conventionally.

Floating-point number SLEEK Scenario: Quantize all values
" Original Encoded | Decoded u= Rounded b w= Rounded

SlipEiET valu% (v) e value (Bin) | value S v/EB2_Q u (Bin) b*EB2_Q w Eror

0-1111-11 NaN Special 70 NaN| 0.000 NaN NaN 122 NaN NaN 0.000
0-1111-10 NaN values 68 NaN| 0.000 NaN NaN 122 NaN NaN 0.000
0-1111-01 NaN| (preserved 66 NaN| 0.000 NaN NaN| 122 NaN NaN 0.000
0-1111-00 INFINITY| losslessly) 64| INFINITY|0.000 INFINITY INFINITY 120 INFINITY INFINITY 0.000
0-1110-11 224.000000 62 224.00|0.000 336.000 INFINITY 120 INFINITY INFINITY INFINITY
0-1110-10 192.000000 60 192.00{ 0.000 288.000 INFINITY 120 INFINITY INFINITY INFINITY
0-1110-01 160.000000 58 160.00{ 0.000 240.000 INFINITY 120 INFINITY INFINITY INFINITY
0-1110-00 128.000000 56 128.00{ 0.000 192.000 192.000 116 120.000 128.000 0.000
0-1101-11 112.000000 54 112.00{ 0.000 168.000 160.000 114 100.000 96.000 16.000
0-1101-10 96.000000 52 96.00| 0.000 144.000 160.000 114 100.000 96.000 0.000
0-1101-01 80.000000 50 80.00/ 0.000 120.000 128.000 112 80.000 80.000 0.000
0-1101-00 64.000000 48 64.00( 0.000 96.000 96.000 108 60.000 64.000 0.000
0-1100-11 56.000000 46 56.00{ 0.000 84.000 80.000 106 50.000 48.000 8.000
0-1100-10 48.000000 44 48.00{ 0.000 72.000 80.000| 106 50.000 48.000 0.000
0-1100-01 40.000000 42 40.00{ 0.000 60.000 64.000] 104 40.000 40.000 0.000
0-1100-00 32.000000 40 32.00] 0.000 48.000 48.000 100 30.000 32.000 0.000
0-1011-11 28.000000 Normal 38 28.00{ 0.000 42.000 40.000 98 25.000 24.000 4.000
0-1011-10 | _ 24.000000 t‘r’gt”:; 36| 24.000.000 36.000 40.000] 98 25.000 24.000 0.000
0-1011-01 20.000000 preserved 34 20.00| 0.000 30.000 32.000 96 20.000 20.000 0.000
0-1011-00 16.000000| |ossl ly 32 16.00/ 0.000 24.000 24.000 92 15.000 16.000 0.000
0-1010-11 14.000000 30 14.00{ 0.000 21.000 20.000 90 12.500 12.000 2.000
0-1010-10 12.000000 28 12.00{ 0.000 18.000 20.000 90 12.500 12.000 0.000
0-1010-01 10.000000 26 10.00{ 0.000 15.000 16.000 88 10.000 10.000 0.000
0-1010-00 8.000000 24 8.00| 0.000 12.000 12.000 84 7.500 8.000 0.000
0-1001-11 7.000000 22 7.00{0.000 10.500 10.000 82 6.250 6.000 1.000
0-1001-10 6.000000 20 6.00{0.000 9.000 10.000 82 6.250 6.000 0.000
0-1001-01 5.000000 18 5.00{ 0.000 7.500 8.000 80 5.000 5.000 0.000
0-1001-00 4.000000 16 4.00| 0.000 6.000 6.000 76 3.750 4.000 0.000
0-1000-11 3.500000 14 3.50{ 0.000 5.250 5.000 74 3.125 3.000 0.500
0-1000-10 3.000000 12 3.00] 0.000 4.500 5.000 74 3.125 3.000 0.000
0-1000-01 2.500000 10 2.50{0.000 3.750 4.000 72 2.500 2.500 0.000
0-1000-00 2.000000 8 2.00| 0.000 3.000 3.000 68 1.875 2.000 0.000
0-0111-11 1.750000 8 2.00{0.250 2.625 2.500 66 1.563 1.500 0.250
0-0111-10 1.500000 6 1.50{0.000 2.250 2.500 66 1.563 1.500 0.000
0-0111-01 1.250000 6 1.50{0.250 1.875 2.000 64 1.250 1.250 0.000
0-0111-00 1.000000 4 1.00/ 0.000 1.500 1.500 60 0.938 1.000 0.000
0-0110-11 0.875000 4 1.00]0.125 1.313 1.250 58 0.781 0.750 0.125
0-0110-10 0.750000 4 1.00| 0.250 1.125 1.250 58 0.781 0.750 0.000
0-0110-01 0.625000 2 0.50{0.125 0.938 1.000 56 0.625 0.625 0.000
0-0110-00 0.500000 2 0.50| 0.000 0.750 0.750 52 0.469 0.500 0.000
0-0101-11 0.437500 2 0.50{0.063 0.656 0.625 50 0.391 0.375 0.063
0-0101-10 0.375000 2 0.50{0.125 0.563 0.625 50 0.391 0.375 0.000
0-0101-01 0.312500 2 0.50{0.188 0.469 0.500 48 0.313 0.313 0.000
0-0101-00 0.250000 2 0.50( 0.250 0.375 0.375 44 0.234 0.250 0.000
0-0100-11 0.218750|  Normal 0 0.00/0.219 0.328 0.313 42 0.195 0.188 0.031
0-0100-10 0.187500 values 0 0.00{0.188 0.281 0.313 42 0.195 0.188 0.000
0-0100-01 0.156250 that are 0 0.00{0.156 0.234 0.250 40 0.156 0.156 0.000
0-0100-00 0.125000| quantized 0 0.00{0.125 0.188 0.188 36 0.117 0.125 0.000
0-0011-11 0.109375 0 0.00{0.109 0.164 0.156 34 0.098 0.094 0.016
0-0011-10 0.093750 0 0.00| 0.094 0.141 0.156 34 0.098 0.094 0.000
0-0011-01 0.078125 0 0.00{0.078 0.117 0.125 32 0.078 0.078 0.000
0-0011-00 0.062500 0 0.00{0.063 0.094 0.094 28 0.059 0.063 0.000
0-0010-11 0.054688 0 0.00{ 0.055 0.082 0.078 26 0.049 0.047 0.008
0-0010-10 0.046875 0 0.00{0.047 0.070 0.078 26 0.049 0.047 0.000
0-0010-01 0.039062 0 0.00] 0.039 0.059 0.063 24 0.039 0.039 0.000
0-0010-00 0.031250 0 0.00{0.031 0.047 0.047 20 0.029 0.031 0.000
0-0001-11 0.027344 0 0.00{0.027 0.041 0.039 18 0.024 0.023 0.004
0-0001-10 0.023438 0 0.00{0.023 0.035 0.039 18 0.024 0.023 0.000
0-0001-01 0.019531 0 0.00{ 0.020 0.029 0.031 16 0.020 0.020 0.000
0-0001-00 0.015625 0 0.00{0.016 0.023 0.023 12 0.015 0.016 0.000
0-0000-11 0.011719 0 0.00{0.012 0.012 0.008 6 0.005 0.008 0.000
0-0000-10 0.007812| Subnormals 0 0.00{0.008 0.012 0.008 6 0.005 0.008 0.000
0-0000-01 0.003906| (quantized) 0 0.00{ 0.004 0.012 0.008 6 0.005 0.008 0.000
0-0000-00 0.000000 0 0.00{ 0.000 0.000 0.000 0 0.000 0.000 0.000




Assume we want to quantize a floating-point value v. First,
we compute v X tnv_FE B2 and round the result. Next, we
typecast the rounded float to an integer and transform it into
magnitude-sign format, which becomes the bin number b of v.
The fourth column of Table [[T] lists the bin numbers. They are
all even because the least significant bit, which is the sign,
is 0 in all cases since we only show positive values. The
dequantization reverses these operations. It first extracts the
sign bit and the absolute value u of b, computes r = u x EB2
and applies the sign bit back to r.

Note that there is a threshold floating-point value T =
EB2 x B beyond which the above quantization approach no
longer uses all bin numbers, making the encoding inefficient.
Hence we preserve those values losslessly, which not only
increases accuracy but also compressibility. In Table [, where
the threshold 7' = 2.0, we can clearly see that consecutive
representable values above this threshold are more than e apart.
Hence, there is no point in quantizing such values, which is
why we only apply quantization to a value v iff |v| < 2.0.

In our example, the bottom 32 floats in the table satisfy this
criterion and, therefore, we quantize those values. Columns
4, 5, and 6 of the corresponding 32 rows show the resulting
bin numbers (aka the encoded values), the results of the
dequantization (obtained by multiplying the quantized value
by EB2 and rounding the result), and the introduced errors,
abs(v — r). We note that the errors are all < e = 0.25.

To losslessly preserve values that cannot be quantized within
the error bound, prior work keeps the original float value [6],
[20]. Doing so has a major drawback — The corresponding
values have bit patterns that are quite dissimilar to those
of bin numbers and tend to have few leading zeros, which
hurts compressibility. As mentioned, we avoid this problem by
rounding the user-provided error bound down to the nearest
power of two as multiplying and dividing by a power of
two amounts to just adding and subtracting a value from the
exponent, which yields a precise result as long as there is no
over- or underflow. To avoid the over-/underflow issue, we
exploit the fact that all quantized values fall into a relatively
small range. After all, the maximum bin number used by the
values we quantize is only B (ignoring the sign bit).

If we interpret the bit pattern representing the threshold 7' as
an integer, threshold_i, we can see that the range of bin values
between B and threshold_i is unused. SLEEK closes this gap
by losslessly mapping each value u that is not quantized to
the value u_i—offset, where u_t is the integer interpretation
of the bit pattern representing the absolute value of u, and
offset = threshold_i — B, i.e., the size of the aforementioned
gap. In the end, we again store the sign bit in the LSB position
after shifting all result bits to the left by one position. Together,
this encoding lowers the magnitude of u_i, thus creating more
leading zeros without introducing any loss.

In our example, threshold 1" = 2.0, threshold_i = 32, and
offset = 32 — 4 = 28. The top 32 rows in Table [[I] have floats
with value > 2.0. Hence, we subtract 28 from their integer
representation and shift in the sign bit to obtain the green
encoded values. During decompression, if the encoded value

after shifting out the sign bit is > B, we simply add offset
to it, which recreates the original value losslessly. The top 32
rows of Column 5 show the corresponding decoded values.
As Column 6 indicates, all of these reconstructed values have
zero error, including infinity and the NaNs.

2) Quantization algorithm: Algorithm [2] sketches the re-
sulting quantization process for 32-bit single-precision values,
where m is 23 (the number of bits in the mantissa field),
eb_e is the biased exponent of the error bound e, and thr_e
is the biased exponent of the threshold 7'. For 64-bit double-
precision values, some constants and the type of some vari-
ables need to be changed. Note that the algorithm does not use
any floating-point operations. It achieves the desired effect by
applying appropriate integer arithmetic and bit-wise operations
on the sign, exponent, and mantissa fields of the bit pattern
representing the floating-point value.

Algorithm 2 Lossy SLEEK Quantizer (of unsigned int val)

1: int abs < (val < 1) > 1; © absolute value (elim. sign)
2: int val_e < abs > m; > extract exponent
3: int enc < O; > default value
4: if val_e > thr_e then > at or above threshold
5: enc < abs — offset; > lossless encoding
6: else > lossy encoding
7: int mant < val & ((1 < m) — 1); > extract mantissa
8: int shift < thr_e — val_e; > bias cancels out
9: mant < mant | (I < m); > insert implicit 1
10: mant < mant + (1 < (shift — 1)); > round
11: enc < mant > shift; > shift out unnecessary bits
12: enc < concatenate(enc, ~sign); > magnitude-sign

13: if enc # O then

14: enc < enc — I; > map -0 to +0 and fill gap

15: return enc;

The algorithm includes an optimization not yet covered
because Section only discusses positive values. In par-
ticular, Line E] maps all -0 values (bin number 1) to +0 (bin
number 0). To close the resulting gap, we subtract 1 from
all bin numbers greater than zero. Doing so flips the sign bit
stored in the LSB, which is why we invert the sign on Line [I2]

After this quantization step is done, which quantizes all
values within the error bound without exception, groups of
consecutive bin numbers are processed together to find the
minimum number of bits required to store them. Then, they are
packed by removing the common leading zeros as described
for the lossless compressor in Section [[II-A]

C. Conventional quantization (not used in SLEEK)

For illustration, the rightmost 6 columns of Table [[I} show
what would happen if all floating-point values were quantized
conventionally using our mini floating-point format. Each
value, independent of its magnitude, is divided by 2 times the
user-provided error bound. The parameter EB2_Q) is 0.625,
which is the nearest representable float for 2 x 0.3.

The first problem is overflow. For any value v, if the rounded
result of v/FEB2_(Q is larger than the largest representable



float, v is quantized to the bin number of infinity. Hence, upon
dequantization, the corresponding decoded value becomes
infinity. The last column in the table shows that this happens
for 3 large but finite values, violating the error bound. SLEEK
avoids overflow by quantizing large values losslessly.

The second problem is rounding errors. A floating-point
value v that cannot be represented exactly is rounded to the
next higher or lower representable value, depending on which
value is closer. Table [[T] shows 6 finite decoded values, none of
which suffer from overflow, that also violate the error bound
(red numbers in the rightmost column). For example, consider
the value 14.0, which is quantized to 20.0, yielding bin number
90, and then dequantized to 12.0, which is off by more than
6 times the error bound. This is the result of rounding errors
in both the quantizer and the dequantizer. The quantizer needs
to multiply 14.0 by 1.6 (the inverse of 0.625), but that is not
a representable value, so it multiplies by the rounded value of
1.5 instead, which yields 21. This result is not representable,
so it is rounded to 20. The dequantizer multiplies the floating-
point interpretation of the corresponding bin number by 0.625
(EB2_Q), yielding 12.5, which is rounded to 12.0. SLEEK
does not suffer from rounding errors because it only multiplies
and divides by powers of 2.

The third problem is that, for floating-point values above
the threshold, quantization yields bin numbers that have gaps
between them, which happens because the distance between
representable values grows with the magnitude of the floats.
For example, the bin numbers 70, 78, 86, 94, 102, etc. are
never generated during quantization, resulting in inefficient
use of the range of possible bin numbers. Recall that the bin
numbers are all even because we consider only positive values
in this example. Column 4 shows that SLEEK addresses this
problem by using every bin number up to a maximum and not
using any bin numbers above this maximum, thus maximizing
the number of leading zero bits in the used bin numbers.

D. Parallelization and optimization

We implemented SLEEK in CUDA for GPUs and also in
C++/OpenMP for CPUs. Both versions exclusively use integer
operations to perform the compression and decompression. As
a result, SLEEK guarantees bit-for-bit identical compressed
and decompressed output on CPUs and GPUs.

Since neither our lossless nor our lossy compressors need
any special processing for outliers, each value in the input
can be transformed or quantized in parallel, making this part
of the code embarrassingly parallel. SLEEK divides the data
into 16 kB chunks. On the CPU, we make each thread process
a chunk at a time. On the GPU, we assign each chunk to
a separate thread block. The amount of work required to
compress a chunk is data dependent. To alleviate any resulting
load imbalance, we use a dynamic schedule — once the
assigned chunk has been processed, the thread or thread block
picks the next unprocessed chunk from the worklist.

Even if the majority of the transformed values in a chunk
have many leading zeros, the presence of a single value with

few leading zeros will make the entire chunk less compress-
ible. To alleviate this issue, we further divide each 16 kB chunk
into 32 subchunks, each of size 512 bytes, and compress each
subchunk separately. This way, the reduced compressibility
caused by a value with few leading zeros will only affect a
subchunk rather than the whole chunk, yielding better overall
compression ratios. On the GPU, this division allows us to
assign one warp per subchunk.

During compression, each thread or thread block stores the
compressed size cs of its chunk and the total compressed size
tes of all previous chunks in a global carry array. Note that
tes is the prefix sum of cs and provides the starting position of
where to write the compressed chunk. On the CPU, the prefix
sum is updated with atomic operations. On the GPU, we use
Merrill and Garland’s decoupled look-back technique [21] to
quickly send the write position to the next thread block.

To increase parallelism, we independently compress each
chunk into local buffers, output the compressed size as soon
as it is available, finish the compression, and then wait for the
carry information from the previous thread or thread block.
Once this information is known, the compressed data from
the buffer is copied to the output. Chunks that cannot be
compressed are copied to the output verbatim to minimize any
possible expansion of the “compressed” data. The decompres-
sor recognizes this case if the compressed chunk size is the
same as the original chunk size. The complete output consists
of (1) a header that records the original uncompressed size,
(2) alist of all compressed chunk sizes, and (3) the compressed
chunks. Each compressed chunk starts with the number of
leading zero bits in each subchunk, which is followed by the
non-eliminated bits of each subchunk. To simplify and speed
up the code, we pad the last chunk in the input with zeros so
that there are no partial chunks. We remove this padding in
the decompressor with the aid of the header information.

SLEEK incorporates several additional optimizations. In the
GPU code, we minimize and coalesce memory accesses as
much as possible and use shuffle instructions to exchange data
between threads in a warp without accessing memory. Both
the compressor and the decompressor read the input from the
main (global) memory exactly once. Once all transformations
have been applied, the final output is written to main (global)
memory exactly once, reducing the number of main-memory
accesses. The GPU code keeps almost all intermediate data
of each thread block in the fast shared memory (a software
managed L1 data cache). The CPU code keeps most of the
intermediate data in two 16 kB buffers. They are accessed
alternately leading to good L1 data-cache presence.

IV. EXPERIMENTAL METHODOLOGY

We compare the throughput of SLEEK’s lossless and lossy
compressors to that of the global memory (cudaMemcpy-
DeviceToDevice) on the three systems detailed in Table
We compiled the GPU codes using the “-O3 -arch=sm_89”,
“-03 -arch=sm_86" and “-O3 -arch=sm_80" flags for the RTX
4090, RTX 3080, and A100 GPUs, respectively. We ran each
experiment 9 times and use the median runtime. The file



TABLE III: Details of the systems used for experiments
I System 1 | System 2| System 3|
CPU Threadripper 2950X | Xeon Gold 6226R | Xeon Gold 6226R
Clock Frequency 3.5 GHz 2.9 GHz 2.9 GHz
Sockets 1 2 2
Cores Per Socket 16 16 16
Threads Per Core 2 2 2
Main memory 48 GB 128 GB 64 GB
GPU RTX 4090 RTX 3080 A100
Compute Capability 8.9 8.6 8.0
Base Clock 2.2 GHz 1.44 GHz 0.8 GHz
Boost Clock 2.5 GHz 1.71 GHz 1.4 GHz
SMs 128 80 108
CUDA Cores per SM 128 128 64
Global memory 24 GB HBM2e 12 GB GDDR6X 40 GB GDDR6X
Peak mem. bandwidth 1008 GB/s 760 GB/s 1555 GB/s
Operating System Fedora 41 Fedora 41 Fedora 37
g++ Version 14.2.1 14.2.1 12.3.1
nvcce Version 12.6 12.6 12.0

reading/writing and result verification are not included, nor
is the time to copy the data to and from the GPU.

Table lists the details of the 7 single- and 3 double-
precision floating-point input suites (with 89 files in total) we
used in our experiments. These inputs, which represent real-
world scientific datasets from various domains, stem from the
SDRBench repository for compression evaluation [18]], [22].

Distinct datasets may contain values that span hugely dif-
ferent ranges, rendering the use of a uniform absolute error
bound inappropriate. To alleviate this problem, users some-
times apply a Normalized Absolute (NOA) error bound [16].
In this case, the user defines a single error bound e that
is normalized t0 €00 = |€ X (Umaz — Umin)| for a dataset
with values in the range [V.in, Umae]- For each original value
v, the reconstructed value r is now considered acceptable if
V—€noa < T < V+€noq. We pre-computed the range of values
in each input and use NOA error bounds.

We report the performance as throughput (the uncompressed
input size divided by the runtime). The compression ratio (CR)
is computed by dividing the original file size by the com-
pressed file size. Note that CR and throughput are higher-is-
better metrics. For each input suite, we compute the geometric-
mean throughput and CR and also report the overall geometric-
mean of these geometric means. Using the geometric instead
of the arithmetic mean helps reduce the influence of inputs that
perform exceptionally well compared to the overall trend [23].

The comparison to memcpy throughputs are shown using
bar plots. The y-axis uses a linear scale in all of these plots.
The term D2D stands for “device to device”. Legend entries
of the form “1E-n” in the bar plots denote the error bounds.

TABLE IV: Information about the input suites (size is per file)

Name Description Format | Files Di i Size (MB)
CESM-ATM Climate Single 33 26 x 1800 x 3600 674
EXAALT Copper | Molecular Dyn. | Single 6 Various 2D 68 to 358
Hurricane Isabel ‘Weather Sim. Single 13 100 x 500 x 500 100
HACC Cosmology Single 6 280,953,867 1124
NYX Cosmology Single 6 512 x 512 x 512 537
SCALE Climate Single 12 98 x 1200 x 1200 564
QMCPACK Quantum MC Single 2 33,120 x 69 X 69 631
NWChem Molecular Dyn. Double 1 102,953,248 824
Miranda Hydrodynamics | Double 7 256 x 384 x 384 302
Brown Samples Synthetic Double 3 33,554,433 268

We also compare SLEEK to state-of-the-art lossy GPU
compressors, which are summarized in Section These
results are from System 1. We use x/y-scatter plots to show
the compression ratio and either the compression or decom-
pression throughput. For space reasons, we omit CPU results.

V. RESULTS

In this section, we evaluate the performance of SLEEK’s
GPU compressors and decompressors. First, we compare
them to cudaMemcpyD2D in terms of throughput on three
GPUs from different generations. Then, we evaluate their
compression ratios. Finally, we compare SLEEK to state-of-
the-art lossy GPU compressors in terms of both throughput
and compression ratio. Note that cudaMemcpyD2D refers to
copying the original uncompressed data from GPU memory
to GPU memory, i.e., the data never leaves the GPU.

A. Lossy compression

This section discusses the throughput of SLEEK’s lossy
compressor on single- and double-precision inputs as we vary
the NOA error bound from 1E-1 to 1E-6.

1) Single-precision inputs: Figure |l| compares the com-
pression and decompression throughput on single-precision
inputs against that of copying the uncompressed data using
cudaMemcpyD2D. The legend indicates the error bound.

On the RTX 4090, SLEEK’s compressor is faster by 1.25x
to 1.66x depending on the error bound. The highest per-
formance is observed for the largest tested error bound. As
larger error bounds yield more compressibility, the size of the
data written after compression is lower, explaining the higher
performance. Similarly, decompression reads less data, which
is why it is 1.18 % to 1.57x faster than cudaMemcpyD2D.

On the RTX 3080, the trends are similar. Compared to cuda-
MemcpyD2D, SLEEK’s compressor is 0.99x to 1.20x faster
on compression and 1.26x to 1.67x faster on decompression.
Note that the absolute performance of SLEEK as well as
that of cudaMemcpyD2D is lower than on the RTX 4090.
Interestingly, the compression throughput is markedly lower
than the decompression throughput on the RTX 3080 (and
the A100). This is primarily due to the aforementioned carry
propagation (see Section [[II-D), which is only needed in
the compressor. The RTX 4090 is able to hide the carry-
propagation latency, but the RTX 3080 and A100 are not.

On the A100, the tested device with the highest mem-
ory bandwidth but the lowest compute-to-bandwidth ratio,
SLEEK’s compressor is slower than cudaMemcpyD2D as
indicated by the speedups that are below 1.0 (from 0.63x to
0.77x). In contrast, the decompressor is between 0.99x and
1.40x faster than cudaMemcpyD2D for all evaluated error
bounds. Note that the performance of cudaMemcpyD2D is
higher on the A100 than on the other two GPUs.

2) Double-precision inputs: Figure [2] shows a similar com-
parison for double-precision inputs. Whereas the trends are
the same as for the single-precision inputs, SLEEK yields
higher speedups on the double-precision inputs because they
compress more (see below). On the RTX 4090, the compressor
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Fig. 1: Throughput comparison of SLEEK’s lossy compressor on single-precision floating-point data against CudaMemcpyD2D
on three different GPUs. The legend entries “le-n” stand for e = 10™"
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Fig. 2: Throughput comparison of SLEEK’s lossy compressor on double-precision floating point data against CudaMemcpyD2D
on three different GPUs. The legend entries “le-n” stand for ¢ = 107"
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Fig. 3: Throughput comparison of SLEEK’s lossless compres-
sor against CudaMemcpyD2D on three different GPUs.

is 1.48x to 1.71x faster and the decompressor is 1.41x to
1.65x faster than cudaMemcpyD2D. On the RTX 3080, the
compressor is faster by 1.08 x to 1.23x and the decompressor
is faster by 1.45x to 1.74x. On the A100, the compressor is
still slower as indicated by the speedups being between 0.68 x
and 0.80x, but the decompressor is faster by 1.01x to 1.38x.

Again, the lower performance is expected since the A100 has a
very high memory bandwidth but relatively low computation
throughput. Consequently, the compression overhead cannot
be hidden as well behind the memory accesses on this GPU.

B. Lossless compression

Figure 3] compares the compression and decompression
throughputs of SLEEK’s lossless compressor to the throughput
of cudaMemcpyD2D. The first three groups of bars show the
results for the single-precision data, and the remaining three
groups show the same for the double-precision data.

SLEEK performs on par with cudaMemcpyD2D on the
RTX 3080. On the RTX 4090, the compression throughput
matches that of cudaMemcpyD2D but decompression is a
few percent slower. On the A100, which has the lowest
compute-to-bandwidth ratio of the 3 tested GPUs, SLEEK’s
compressor reaches 79% and 72% of the throughput of cu-
daMemcpyD2D on the single- and double-precision inputs,
respectively. The decompressor is again faster (due to the lack
of carry propagation) and yields over 90% of the throughput of
cudaMemcpyD2D on the single- and double-precision inputs.



C. Compression ratios

Figure 4] shows the compression ratios of SLEEK’s lossless
and lossy compressors. The lossy compressor is run with six
NOA error bounds. The first group of bars shows the compres-
sion ratios for single-precision inputs and the second group for
double-precision inputs. Each bar shows the geometric-mean
compression ratio across all relevant input suites.

The compression ratios of the lossy compressor lie between
2.5 and 49.8 for the single-precision inputs and between 5.6
and 98.9 for the double-precision inputs, with the lowest
value corresponding to the tightest error bound of 1E-6 and
the highest value corresponding to an error bound of 1E-1.
Double-precision inputs tend to compress more than single-
precision inputs because more bits (i.e., more information)
can be dropped from 64-bit doubles than from 32-bit floats to
reach the same error bound. The lossless compressor’s ratios
are lower than those of the lossy compressor — 1.18 for single-
and 1.09 for double-precision inputs, respectively.

This behavior is expected. As we tighten the error bound
and ultimately allow no error in the lossless compressor,
the amount of information that must be preserved steadily
increases. This makes it progressively harder to compress the
data, explaining why the compression ratios go down.
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Fig. 4: Compression ratios of SLEEK’s lossless and lossy
compressor using various normalized absolute error bounds

D. Comparison with other compressors

Figure [5] compares the lossy compressor of SLEEK to
five state-of-the-art GPU compressors on System 1 using
the single-precision inputs and the four NOA error bounds
1E-1, 1E-2, 1E-3, and 1E-4, which are represented by circles,
triangles, squares, and pentagons, respectively. The x-axis
shows the throughputs and the y-axis the compression ratios.
Note that both axes use a logarithmic scale. We do not show
FZ-GPU results for the 1E-3 and 1E-4 error bounds as it
crashes on some of the inputs.

SLEEK yields much higher throughputs than the other
compressors for every error bound used. When compressing
with an error bound of 1E-1, it is between 2.71x and 64 x
faster. At the tightest measured error bound of 1E-4, it is
between 2.44x and 56.9x faster. When decompressing with
an error bound of 1E-1, it is 1.87x to 167x faster than the

other compressors. With an error bound of 1E-4, SLEEK is
1.69x to 143 x faster than the other compressors.

Even though SLEEK is much faster, it delivers competitive
compression ratios. Only PFPL compresses substantially more.
For all other evaluated compressors, SLEEK’s compression
ratios are on-par or higher at all tested error bounds.

Figure [6] compares SLEEK to the other GPU compressors
using double-precision inputs, which FZ-GPU does not sup-
port. SLEEK’s compressor is faster than the other codes for
every tested error bound. With an error bound of 1E-1, it is
between 2.95x and 1011 x faster. For an error bound of 1E-4,
it is between 3.15x and 937x faster. When decompressing
with the largest error bound of 1E-1, SLEEK is between 1.13x
and 116x faster. For the tightest error bound of 1E-4, it is
between 1.76x and 114 x faster.

VI. RELATED WORK

Most of the research on main-memory compression focuses
on hardware techniques for CPUs [24]]-[29]]. Many of them
assume that compressed pages are of different sizes, and they
perform page re-allocations as the amount of compressibility
changes [24], [27]. They are not suitable for GPUs since GPUs
operate at much higher memory bandwidths [30].

GPU hardware-based solutions such as selective memory
compression [2] and buddy compression [4] have also been
proposed, but they either merely handle read-only pages or
employ a larger-but-slower buddy-memory connected with a
high-bandwidth interconnect. These works primarily study the
architectural changes required for hardware compression [31]].
They cannot be directly used in current systems as they need
special hardware support [32]. Moreover, they do not target
floating-point data. While a few works on domain-specific
compression for GPUs exist [33]], [34]], general-purpose com-
pression of floating-point data remains largely unexplored [4]].

Some other works target improving the host-to-device trans-
fers [35]-[37] by overlapping computation and data transfer
for heterogeneous computing, often guided by knowledge
about the application, hardware, and software. They do not
address main-memory compression.

The CPU-based LIGRA+ framework [1] supports software-
based main-memory compression for read-only graph data
structures. MPLG [3] is the only software-based main-memory
compression technique proposed for GPUs that we are aware
of, but it also targets read-only graph data structures and,
hence, employs compression techniques specific to integers.
In contrast, SLEEK is a software-based GPU main-memory
compression technique for floating-point data that works on
current systems and supports both reading and writing.

A few software-based lossless floating-point compressors
for GPUs exist [38]-[40]. They are all slower than memcpy
speeds. There are also several well-known software-based
lossy floating-point data compressors for GPUs such as FZ-
GPU [41]], cuSZp [42]], MGARD-X [43]], Bitcomp [44]], and
PFPL [6]]. Of these, only PFPL and SLEEK guarantee the error
bound across all categories of values [6], [[16]]. Moreover, only
MGARD-X, PFPL, and SLEEK support CPUs and GPUs. We
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compare SLEEK’s throughput and compression ratio to these
5 compressors. Whereas some of them compress more, none
of them both compress and decompress at speeds comparable
to global memory accesses like SLEEK does.

VII. SUMMARY

The limited global memory capacity in GPUs is a major
challenge for many scientific workloads that process large
amounts of floating-point data. One potential solution is to
keep the data in compressed format in memory, and de-
compress and recompress it on the fly as required. The
effectiveness of on-the-fly compression (also known as main-
memory compression) depends heavily on the speed of the
compression and decompression algorithms. If they are not
sufficiently fast, they can negate any benefits of the reduced
memory footprint and introduce a performance bottleneck.

In this paper, we present SLEEK, a software-based main-
memory compressor for GPUs that operates at speeds compa-
rable to and, in many cases, faster than making a memory
copy of the uncompressed data while yielding substantial

compression ratios. SLEEK supports lossless and lossy com-
pression with guaranteed point-wise absolute error bounds. It
handles all single- and double-precision IEEE 754 floating-
point values, including subnormals, infinities, and NaNs.

We demonstrate the effectiveness of SLEEK on three gen-
erations of GPUs. Compared to the throughput of cudaMem-
cpyD2D, SLEEK’s compressor is up to 1.71x faster when
compressing and up to 1.65x faster when decompressing
single-precision data on an RTX 4090 GPU. We further
show that SLEEK’s lossy compressor is substantially faster
than the state-of-the-art lossy GPU compressors. For error
bounds varying from 1E-6 to 1E-1, it yields geometric-mean
compression ratios between 2.5 and 49.8 on single-precision
inputs and between 5.6 and 98.9 on double-precision inputs.
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Appendix: Artifact Description/Artifact Evaluation

Artifact Description (AD)

I. OVERVIEW OF CONTRIBUTIONS AND ARTIFACTS
A. Paper’s Main Contributions

4 It introduces SLEEK, a new main-memory com-
pression algorithm for single- and double-precision
floating-point data that delivers speeds comparable
to or exceeding the speed of memcpy on GPUs.

Cy It describes both lossless and lossy algorithms that
yield substantial compression ratios at high speeds.
They support all floating-point values, including
NaNs, infinities, and denormals. The lossy compres-
sion algorithm guarantees point-wise absolute error
bounds without the need to check for violations.

Cs It presents GPU and CPU implementations of
SLEEK that produce compressed and decompressed
outputs that are bit-for-bit identical, allowing data
compressed on a GPU to be decompressed on a CPU
and vice versa.

Cy It demonstrates the ability of SLEEK to deliver
much higher throughput at a given compression ratio
compared to the state-of-the-art algorithms from the
literature.

B. Computational Artifacts

A;  This computational artifact includes scripts to run our
SLEEK code on the SDRBench inputs.
URL: https://doi.org/10.5281/zenodo.18705900

Artifact ID Contributions Related
Supported Paper Elements
Ay Cq, Oy, C3 Figures 1 to 4

II. ARTIFACT IDENTIFICATION
A. Computational Artifact Aq
Relation To Contributions

Artifact A; provides codes implementing C7, Cs, and Cj,
i.e., this artifact contains our GPU implementation of SLEEK
along with relevant scripts to download the SDRBench inputs,
compile and run our code, gather results, and generate figures
similar to those shown in the paper. Furthermore, the artifact
contains our CPU implementation of SLEEK and verifies
that the compressed and decompressed outputs are bit-for-
bit identical. It does this by comparing the compressed CPU
output to the compressed GPU output and the decompressed
CPU output to the decompressed GPU output.

Expected Results

After running the provided scripts, the generated figures
should resemble Figures 1 to 4 in the paper. The compression
ratios should exactly match those shown in the paper. The
throughput trends should be similar to those in the paper but
will not match exactly as these results are system dependent.

Expected Reproduction Time (in Minutes)

The expected time for setup is 30 minutes, depending on the
download speed, including the time to clone the repository, the
time to download and install the dependencies, and the time
to download the SDRBench inputs.

The expected time for execution is 90 minutes when running
on a system with an 11th Gen Intel Core i7-11700 CPU and an
NVIDIA GeForce RTX 3060 Ti GPU. However, the execution
time is system dependent.

Artifact Setup (incl. Inputs)

Hardware: We used several different CPUs and GPUs,
which are listed in Table 3 in the paper. Using similar hardware
should yield results similar to those shown in the paper. The
minimum hardware requirement is a CUDA-capable GPU
with a compute capability of 8.0 or higher. Lower compute
capabilities have not been tested.

Software: To run our codes and generate the figures, the
following codes need to be installed. Older versions of these
codes may work but are untested.

Python version 3.13:

https://www.python.org/downloads/release/python-3130/

Matplotlib Python visualization library version 3.10.1:

https://pypi.org/project/matplotlib/3.10.1/

Our SLEEK implementation:

https://github.com/burtscher/SLEEK/

Datasets / Inputs: We used several datasets from the SDR-
Bench suite. Our scripts automatically download the inputs
used in the paper from this URL: https://sdrbench.github.io/.
Furthermore, because the total size of the inputs is over 45
gigabytes, we provide an option to download a subset of the
inputs we used.

Installation and Deployment: To compile our codes, the
nvcce compiler and a g++ compiler with OpenMP support
are required.

NVIDIA CUDA compiler version 12.0:

https://developer.nvidia.com/
cuda- 12-0-0-download-archive

NVIDIA driver version 525.85:

https://www.nvidia.com/en-us/drivers/details/198554/

GNU Compiler Collection version 12.2:

https://ftp.gnu.org/gnu/gec/gec-12.2.0/

Artifact Execution

The following experiments produce results that mimic the
results shown in the paper. There is one Bash script to
download the SDRBench inputs, compile and execute our
codes, and generate the figures. The script runs the lossless and
lossy SLEEK codes with several different error bounds on the
downloaded SDRBench inputs. Then, it performs a device-to-
device cudaMemcpy with the inputs for comparison.

For the experiments shown in the paper, we ran each
code 9 times and used the median runtime. To reduce the


https://doi.org/10.5281/zenodo.18705900
https://www.python.org/downloads/release/python-3130/
https://pypi.org/project/matplotlib/3.10.1/
https://github.com/burtscher/SLEEK/
https://sdrbench.github.io/
https://developer.nvidia.com/cuda-12-0-0-download-archive
https://developer.nvidia.com/cuda-12-0-0-download-archive
https://www.nvidia.com/en-us/drivers/details/198554/
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time required to run the artifact, the script runs each code 3
times and reports the median runtime. Lastly, the script parses
the compression ratio as well as the encoding and decoding
throughputs and generates figures showing geometric-mean
compression ratios and throughputs.

The workflow is as follows:

Ty Download our codes using the link to the repository
provided above.

Ty Download and install the required dependencies
listed above, if necessary.

Ts From the top-level directory in the repository, exe-
cute the following command to run the Bash script
named full-workflow.sh.

T, Analyze the 6 generated figures (PDF files).

The tasks must be completed in this order: T} — T —
T3 — T,. For task 77, execute the following commands to
download the repository and change to the top-level directory.
git clone https://github.com/burtscher/SLEEK/
cd SLEEK

From the top-level directory, to assist with task 75, execute
the following command that checks if the required dependen-
cies are installed, along with what versions are installed.
bash check-deps.sh

Task 73 comprises the bulk of this artifact. There is a
single script named full-workflow.sh that completes
the following steps. 1) It downloads the single- and double-
precision inputs from SDRBench. 2) It compiles and executes
the SLEEK GPU codes on those inputs. 3) It verifies that the
CPU and GPU codes output bit-for-bit the same compressed
and decompressed file for the given inputs. 4) It generates
figures showing the compression ratio, encoding throughput,
and decoding throughput of the GPU codes. To run this script,
execute the following command.
bash full-workflow.sh

Task T, requires opening the generated figures, stored in
a directory named figures, with an installed PDF viewer
or web browser and comparing to Figures 1-4 in the paper.
The xdg-open command is a standard way to open files
in the default application that suits the given file type. The
following commands provide an example of opening the
generated figures from the command line.
cd ./figures
xdg-open Single-Precision.Compression.Ratios.pdf

Below is the full set of commands to complete all tasks.
git clone https://github.com/burtscher/SLEEK.git
cd SLEEK
bash check-deps.sh
bash full-workflow.sh
cd ./figures
xdg-open Single-Precision.
xdg-open
xdg-open

Compression.Ratios.pdf
Single-Precision.
Double-Precision.

xdg—-open Compression.Ratios.pdf

xdg-open Double-Precision.

xdg—-open

Artifact Analysis (incl. Outputs)

To analyze the results, compare the generated figures to
Figures 1 through 4 in the paper. The results are system
dependent but should follow the general behavior and trends
shown in the paper.

The 3 figures for both sets of inputs correspond to the fol-
lowing metrics: 1) compression ratio, 2) encoding throughput,
and 3) decoding throughput. After the full-workflow.sh
script has been executed, the figures directory contains six
figures saved as PDF files, three for the single-precision results
and three for the double-precision results.

Compression.Throughputs.pdf
Single-Precision.Decompression.Throughputs.pdf

Compression.Throughputs.pdf
Double-Precision.Decompression.Throughputs.pdf



Artifact Evaluation (AE)

A. Computational Artifact A,
Artifact Setup (incl. Inputs)

Links to all of the required dependencies are listed above
in the Artifact Description. Each dependency has its own
installation requirements, and the links lead directly to the
version of the software used in our paper. Note that older
versions of these codes may work but are untested.

Artifact Execution

After the codes and scripts have been downloaded and
the required dependencies have been installed (task 77 and
Ty above), task T3 requires executing the script named
full-workflow.sh that runs the experiment workflow.

This script first performs a safety check and runs the
script named check—-deps. sh to ensure nothing is executed
without the required dependencies.

Next, the inputs from the SDRBench suite are
downloaded. This is done by running two scripts
named download_inputs_single.py and

download_inputs_double.py to download the single-
and double-precision inputs, respectively. These scripts
download the tar files from https://sdrbench.github.io/
for each dataset used in the paper, extracts the individual
inputs, places them in a folder named single_inputs
or double_inputs, and then deletes the archive file.
In total, these inputs are over 45 gigabytes in size. A
subset of the inputs can be downloaded instead, which
totals to 5.4 gigabytes in size. By default, the full set of
inputs is downloaded. To download the subset, set the
flag inside of the full-workflow.sh script named
use_limited_input_set to true.

Following the downloads, the SLEEK codes are compiled
and executed on the inputs, starting with the single-precision
inputs then the double-precision inputs.

Focusing on the single-precision inputs, the script
named compile_compressors_single.sh is called
first, compiling the GPU and CPU SLEEK codes. This
script first finds the correct GPU architecture to use when
compiling the SLEEK codes by compiling and running a
code named grabcc.cu. The GPU codes are compiled
with nvcc and the following flags: -03 —-arch=sm_XX
where sm_XX is replaced with the correct architecture flag
to use for the system’s GPU. The CPU codes are com-
piled with g++ and the following flags: ~03 -fopenmp
—-march=native —-std=c++17.

After compiling, the script named
compress_decompress_inputs_single.py is
executed, which runs the GPU SLEEK codes on the single-
precision inputs losslessly and lossily with several different
error bounds. Each version of SLEEK is repeated 3 times
for each input, and the median encoding and decoding
throughput is recorded along with the compression ratio. In
the paper, we run SLEEK 9 times and report the median. To
change the number of iterations, modify the ITERATIONS

variable in the script. After all inputs in a dataset have been
processed, the geometric-mean compression ratio, encoding
throughputs, and decoding throughputs are recorded. Once
all datasets have been processed, the geometric-mean of
the geometric-mean metrics recorded earlier are saved to a
file named single_inputs.results to be used when
generating the figures later. This is a plain-text file and can
be viewed with a text editor to analyze the exact results used
to generate the figures.

Next, the script named verify_cpu_gpu_single.py
is executed. This script verifies that the CPU and GPU
SLEEK codes output bit-for-bit identical compressed and
decompressed files for each single-precision input.

Lastly, the script named generate—-figures.py is exe-
cuted. This script generates 3 figures showing the compression
ratio, encoding throughputs, and decoding throughputs of
SLEEK at different error bounds, respectively. The throughput
figures include CUDA device-to-device (D2D) memcpy results
for comparison. These figures are placed in a directory named
figures.

After these steps are completed, a similar process of com-
piling, running, verifying, and generating results is performed
for the double-precision inputs, outputting the results in a file
named double_inputs.results and saving 3 figures in
the figures directory as before.

Artifact Analysis (incl. Outputs)

After the full-workflow.sh script has been
executed, the figures directory contains six figures
saved as PDF files, three for the single-precision

results and three for the double-precision results. The

figures are named X.Compression.Ratios.pdf,
X.Compression.Throughputs.pdf and
X.Decompression.Throughputs.pdf for the
compression  ratio,  compression  throughput,  and

decompression throughput results, respectively, where X
is either Single—Precision or Double—-Precision.

The compression ratio figure layout is as follows. The
error bound runs along the x-axis, and the compression ratio
achieved with that error bound runs along the y-axis. If using
the full input set from SDRBench, the compression ratios
should exactly match those shown in Figure 2 of the paper,
as the compression ratio is system independent. When using a
subset of the inputs, the trend should remain the same but the
results will not match exactly. In general, a coarser error bound
provides a higher compression ratio, with lossless compression
providing the least amount of compression.

The compression and decompression throughput figure lay-
outs are as follows. The throughput in gigabytes per second
(GB/s) runs along the y-axis, and the code that achieved
that throughput runs along the x-axis. The codes listed in
these figures consist of lossless SLEEK, lossy SLEEK with
6 different error bounds, and device-to-device (D2D) CUDA
memcpy. The hatching of each bar corresponds to the code
type, indicated by the legend in the top right. These results
will not exactly match the ones shown in the paper, as they
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are system dependent. However, the general trends should be
the same. The D2D memcpy copies data from one in-memory
buffer to another. The speed will depend on the memory
throughput of the GPU. SLEEK, in contrast, compresses the
data as it is transferred to another in-memory buffer, there-
fore reducing the amount of data written after compression
or read before decompression. Depending on the GPU, the
compression and especially the decompression overheads can
be hidden by the memory access latency, thus achieving higher
throughput than CUDA memcpy.



