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Abstract. In many scientific and industrial applications GPGPU (GeneralPurpose Computing on Graphics Processing Units) programming reported excellent speed-up when compared to traditional CPU (central processing unit)
based libraries. However, for data intensive applications this benefit may be much
smaller or may completely disappear due to time consuming memory transfers.
Up to now, gain from processing on the GPU was noticeable only for problems
where data transfer could be compensated by calculations, which usually mean
large data sets and complex computations. This paper evaluates a new method of
data decompression directly in GPU shared memory which minimizes data transfers on the path from disk, through main memory, global GPU device memory,
to GPU processor. The method is successfully applied to pattern matching problems. Results of experiments show considerable speed improvement for large and
small data volumes which is a significant step forward in GPGPU computing.
Keywords: lightweight compression, data-intensive computations, GPU,
CUDA.

1 Introduction
In all branches of science and industry amount of data which needs to be processed
increase every year with enormous speed. Often this analysis involve uncomplicated
algorithms but working on large data sets which in most cases cannot be efficiently
reduced. This kind of applications are called data-intensive and are characterized by the
following properties:
1. data itself, its size, complexity or rate of acquisition is the biggest problem;
2. require fast data access and minimization of data movement;
3. expects high, preferably linear, scalability of both hardware and software platform.
One of the most typical solutions to process large volumes of data is the map-reduce
algorithm which gained huge popularity due to its simplicity, scalability and distributed
nature. It is designed to perform large scale computations which may last from seconds
to weeks or longer and involve from several to hundreds or thousands of machines
processing together peta-bytes of data.
P. Herrero et al. (Eds.): OTM 2012 Workshops, LNCS 7567, pp. 3–12, 2012.
© Springer-Verlag Berlin Heidelberg 2012

4

P. Przymus and K. Kaczmarski

On the opposite side we can find problems which reside in a single machine but
are large enough to require high processing power to get results within milliseconds.
GPU programming offers tremendous processing power and excellent scalability with
increasing number of parallel threads but with several other limitations. One of them
is obligatory data transfer between RAM (random-access memory) and the computing
GPU processor which generates additional cost of computations when compared to a
pure CPU-based solution. This barrier can make all GPU computations unsatisfactory
especially for smaller problems.
Time series matching is a popular example of this kind of data intensive applications
in which a user may expect ultra fast results. Therefore in the rest of this work we use
this example as a proof of concept application.
1.1 Motivation
Goal of this work is to improve efficiency of data transfer between disk, through RAM,
global GPU memory and processing unit, which is often a bottleneck of many algorithms and gain noticeable higher speed up of algorithms when compared to classical
CPU programming. We focus on memory bound data intensive applications since many
computation intensive applications already proved to be much faster when properly implemented in parallel GPU algorithms.
Let us consider a problem of matching whole patterns in time series. As a distance
function we can use the Hamming distance. Due to the lack of complex calculations
main limitation of this problem is data transfer. To facilitate the transfer of data we can
use either hardware solutions or try to reduce the data size by compressing or eliminating data. Since the hardware is expensive and the elimination of data is not always possible, data compression is usually the only option. Classic compression algorithms are
computationally expensive (gain from the transfer data does not compensate the calculations [1]) and difficult to implement on the GPU [2]. Alternatives such as lightweight
compression algorithms which are successfully used for the CPU are therefore very
attractive.
1.2 Related Works
Lossless data compression is a common technique for reducing data transfers. In the
context of SIMD (Single Instruction Multiple Data) computations data compression
was successfully utilized by [3] in tree searching to increase efficiency of cache line
transfer between memory and processor. The authors indicate that GPU implementation of the same search algorithm is computational bound and cannot be improved by
compression. In [4] authors present interesting study of different compression techniques for WWW data in order to achieve querying speed up. A general solution for
data intensive applications by cache compression is discussed in [1]. Obviously efficiency may be increased only if decompression speed is higher than I/O operation. In
our case we show that decoding is really much faster and eliminates this memory bottleneck. The compression schemes proposed by Zukowski et al. [1] offer good trade-off
between compression time and encoded data size and what is more important are designed especially for super scalar processors which means also very good properties
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for GPU. Delbru et al. [5] develop a new Adaptive Frame of Reference compression
algorithm in order to achieve significant speed up of compression time, which in turn
allows for effective updates of data.
All these works are in fact entry points to our solution. Our contribution is that the
compression methods have been redesigned for GPU architecture and may offer excellent encoding and decoding speed for all compression ratios. Our solution may be
utilised in any data intensive algorithms involving integer or fixed-decimal number data.
We also explain how this method may be extended to other algorithms.
As the preliminary work we checked if lightweight compression algorithms can be
used for different kinds of common time series databases. We collected data from various data sets covering: star light curve (TR1, TR2 – [6]), CFD (contract for difference)
and stock quotations for AUDJPY, EURUSD, Shenzen Development Bank respectively
(IN1, IN2, TS1 – [7,8]), radioactivity in the ground at 2 hourly intervals over one year
(TS2 – [8]) and sample ECG (electrocardiogram) data (PH1,PH2 – [9]). The data used
in this experiment is the data with fixed decimal precision that can be stored as integers, which allows to use lightweight compression. Efficiency of conventional compression algorithms (gzip, bzip2 - with default settings) compared to the lightweight
compression methods (PFOR, PFOR-DIFF) is presented in figure 1. We can notice that
lightweight compression, although not achieving as high compression ratio as gzip, may
also obtain similar results, bzip2 is always much better but also significantly slower.
This is also proved by L. Wu et al. [2] who showed that conventional compression is
too slow to increase overall algorithm efficiency for GPU.
Due to its specificity, time series usually have a good compression ratio (Fig. 1). The
most important benefits of compression can be summarized as follows:
– shorter time to load data from disk
– shorter time to copy data from RAM to device
– possibility to fit larger set of data directly on the GPU (GPU DRAM is often limited)
– reduced data size in storage

Fig. 1. Achieved compression level of lightweight compression and conventional compression
methods for various datasets (higher is better). Data sets: TR1, TR2 – star light curve; IN1, IN2,
TS1 – CFD and stock quotations; TS2 – radioactivity in the ground; PH1, PH2 – ECG data.
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We conclude that lightweight compression may be used in time series data intensive
applications achieving compression ratio from 2 to 7. This initial investigation lets us to
predict that data transfer cost accompanied with decompression time may be noticeably
decreased.
1.3 Research Hypothesis and Methodology
The main research hypothesis for this project is as follows.
– Data-intensive applications may increase their efficiency by utilization of
lightweight compression methods in GPU global and shared memory.
– Cost of data decompression can be amortised by fewer global memory reads.
– Additional benefit may be obtained by proper utilisation of shared memory decompression.
– Data-intensive applications may benefit from GPU computing when applied for
smaller data sets than without the method.
In order to verify the hypotheses we implement a prototype which will be used as
a proof of concept equipped with several real-time and real-data measurements performed by fine grained timers and memory access analysis done by a professional profiler. Checking the hypotheses will involve a few kinds of experiments including data
intensive application using:
1. GPU algorithm without decompression compared to CPU algorithm without decompression. This will allow to estimate possible general speed up of an algorithm
when run on a GPU and also will be a starting point for other experiments by registering time necessary to perform pure computations without any decompression
overhead.
2. GPU algorithm with decompression in global memory compared to CPU algorithm
with decompression. This will show potential speed up when data transfer is minimised by data compression.
3. GPU algorithms with decompression in shared memory compared to GPU with
decompression in global memory and CPU algorithm with decompression. This
will show the speed up when minimising GPU global memory reads.
As an initial set up for this research we use time series matching problems as an exemplar of data intensive applications. Because of efficiency requirements mentioned in the
previous section we utilise lightweight compression methods: PFOR and FOR-DIFF
algorithms.

2 Method Description
2.1 Lightweight Compression
In this section we discuss the algorithm FOR and FOR-DIFF in different variations,
as well as discuss problems and solutions when using this approach on the GPU. FOR
determines range of values for the frame, and then maps the values in this interval using
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a minimum number of bits needed to distinguish the data [10]. A common practice is
to convert the data in the frame to the interval {0, . . . , max − min}. In this situation, we
need exactly log2 (max − min + 1) bits to encode each value in the frame.
The main advantage of the FOR algorithm is the fact that compression and decompression are highly effective on GPU because these routines contain no branchingconditions, which decrease parallelism of SIMD operations. Additionally functions are
loop-unrolled and use only shift and mask operations. This implies that there are dedicated compression and decompression routines prepared for every bit encoding length.
The compression algorithm works as follows, for the data frame of length n loop is
performed each m values (where m is a multiple of 8) and compressed using the same
function at each iteration step. Decompression is similar to compression. We iterate
through the m-coded values, and we use a function that decodes m values.
FOR-DIFF algorithm is similar to FOR, however, stores the differences between
successive data points in frame. Compression needs to calculate the difference, then
compresses them using the FOR compression scheme. Decompression begins by decompressing and then reconstructs the original data from the differences. This approach
can significantly improve the compression ratio for certain types of data.
The main drawback of FOR is that it is prone to outliers in the data frame. For
example, for the frame {1, 2, 3, 3, 2, 2, 2, 3, 3, 1, 1, 64, 2, 3, 1, 1}, if not the value 64 we
could use the log2 (3 − 1 + 1) = 2 bits to encode the frame, but due to the outlier we
have to use 6-bit encoding (log2 (64 − 1 + 1)) thus wasting 4 bits for each element.
Solution to the problem of outliers has been proposed in the work [1] in the modified
version of the algorithm, called Patched FOR or PFOR. In this version of the algorithm outliers are stored as exceptions. PFOR first selects a new range mapping for the
data in order to minimise the size of compressed data frames taking into account the
space needed to store exceptions. Therefore, compressed block consists of two sections,
within the first section the compressed data are kept and in the second exceptions are
stored (encoded using 8, 16 or 32 bits). Unused slots for exceptions in the first section are used to hold the offset of the following exception in the data in order to create
linked list, when there is no space to store the offset of the next exception, a compulsive exception is created [1]. For large blocks of data, the linked lists approach may fail
because the exceptions may appear sparse thus generate a large number of compulsory
exceptions. To minimise the problem of various solutions have been proposed, such as
reducing the frame size [1], or algorithms that do not generate compulsive exceptions,
such as Adaptive FOR [5] or modified version of PFOR [4]. Our publication is based on
PFOR algorithm presented in [4]. Compressed block consists of three parts: the first in
which compressed data are kept, second section where exceptions offsets are stored, and
the last section which holds remainders of exceptions. When the outlier is processed, its
position is preserved in an offset array, and the value divided into bits that are stored in
the first section and the remainder to be retained in the third. Second and third section
are then compressed using FOR(separately).
Decompression proceeds as follows: first decompresses the data section. Then decompresses the offset and exceptions array. Then iterates over the array offset, and
restore the value of by applying patch from exception array.
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2.2 GPU Implementation
To be able to decompress a data frame, decompression functions must be specified (for
block of values, positions and supplements). In the case of the CPU one can use function
pointers. On GPU this is dependent on the GPU computation capabilities (cc). For cc
lower than the 2.x is not possible to use function pointers, which were introduced in
version 2.x and higher. So far we used solution compatible with both architectures. In
future work a version that uses features introduced in 2.x cards may simplify the code
and make it more flexible.
Our current implementation is based on macros and requires information about the
compressed data at compile time. This is not a serious limitation in the case of data
that we analysed, as the optimum compression parameters were found to be constant
within particular sets of data. Usual practice is to determine the optimal compression
parameters based on sample data [1] and use them for the rest of the data set.
Another challenge was the issue of optimal reads of global memory during decompression: first decompression threads do not form coalesced reads leading to a drop in
performance, and secondly the CUDA architecture can not cope well with the types
of readings less than 32 bits in length. Our solution involves packaging data in texture memory, which solves the first problem. The second problem is solved by casting
compressed data (char array) to array of integers. Decompression requires the reverse
conversion. Texture, however, introduces some limitations, the maximum size is 227
elements in case of one dimensional array. In future we plan to abolish the need for
packaging data in the texture by modifying the compression and decompression algorithm. In this way readings of compressed data will allow for coalesced reads.
We prepared two versions of the experiments for GPU. In the first one we decompresses into the shared memory and in the second one into global memory. Algorithm
based on global memory, as expected, is considerably slower than the algorithm based
on shared memory (global memory is hundreds of times slower than shared), but this is
still good choice for the considered experiment. On the other hand using shared memory
is not always possible, so the algorithm based on global memory is still an alternative.
In the case of PFOR-DIFF algorithm we still need to perform reconstruction step,
which involves iterating over decompressed buffer. In our opinion the best solution for
this step, is to use properly implemented parallel prefix sum.
To decompress m (where m is a multiple of 8) values, we use m/8 threads. Each
of the threads decompresses 8 values. Assuming that we have k exceptions (where k
is a multiple of 8) we use the k/8 threads to decompress the offset and exception array. Then we patch 8 values as indicated in offset array using exceptions. This scheme
is easily customisable when we have fewer threads. For performance reasons, we still
need an array of 24 integers (safely located within threads registers) - ensuring best performance. After the decompression phase, array can be safely used for other purposes.
For the convenience we have a macro that entered at the beginning of the kernel will
prepare the appropriate code for uncompressing data, making use of decompression in
other solutions easy.
We prepared uncompressing data code for both algorithms, ie. PFOR and PFORDIFF. In the experimental part we used the PFOR-DIFF algorithm as it is computationally more complex.
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3 Preliminary Results
3.1 Experiment Results
Experiment Settings. In our experiment we used the following equipment: two Nvidia
cards - Tesla C2050 / C2070 with 2687 MB and GeForce 2800 GTX with 896 MB (from
CUDA Capability Major 2.0 and 1.3) - 2 x Six-Core processor AMD Opteron (tm) Processor with 31 GB RAM, Intel (R) RAID Controller RS2BL040 set in RAID5, 4 drives
Seagate Constellation ES ST2000NM0011 2000 GB. We used the Linux operating system kernel 2.6.38-11 with the CUDA driver version 4.0.
Based on the observations that we made when analysis of example time series, we
generated test data sets to ensure equal sizes of test data at different compression ratios.
Each data set consists of 5% of outliers (which is consistent with the analysed data).
Experiments were conducted on different sizes of data (2MB, 4MB, 10MB, 50MB,
100MB, 250MB, 500MB, 750MB, 1GB). For each size, 10 iterations were performed
and the results were averaged. In addition, to ensure the same disk read times for the
same size of data we averaged disk read times for each data size. For the experiment
with 1GB of data we present detailed results in table 1 which is visualised in figure 2.
For the remaining data sizes we present average speed up in figures 3b and 3a.
Table 1. Measured times in seconds for 1GB of data. Level – compression level of input data. IO
– time of disk IO operations. Mem – time of RAM to GPU Device data copying. Computation
– algorithm computation time including data decompression.
Method type
Level IO
No compr. CPU
1 67.295
No compr. GPU
1 67.330
Compr. GPU shar. 2 33.448
Compr. GPU glob. 2 33.495
Compr. CPU
2 33.949
Compr. GPU shar. 4 16.778
Compr. GPU glob. 4 16.785
Compr. CPU
4 17.009
Comp. GPU shar.
6 11.192
Comp. GPU glob.
6 11.178
Comp. CPU
6 11.345

Mem
0.0
0.581
0.286
0.286
0.0
0.104
0.105
0.0
0.095
0.095
0.0

Computation
2.410
0.010
0.085
0.426
7.690
0.083
0.427
7.203
0.082
0.428
6.961

Summarized
69.705
67.922
33.821
34.208
41.640
16.966
17.318
24.213
11.369
11.701
18.307

3.2 Discussion
Figure 2 presents final results of our experiments which were run on whole pattern
matching algorithm. The bars are grouped by levels of compression, from 2 to 6, plus
no compression. On the left we may compare efficiency of global and shared memory
decompression. The right side shows CPU performance.
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Fig. 2. Performance of a whole pattern matching algorithm with and without compression for
1GB of data, excluding IO times (lower is better). g – global memory decompression, s – shared
memory decompression.

CPU performance is highly influenced by data decompression time. We can see that
decompression takes from 4 to almost 6 seconds which is about 200% to 300% of the
algorithm without decompression. The only possible improvement can be then observed
on IO operations.
Thanks to ultra fast decompression GPU implementation of the algorithm performs
much better. We can observe that for compression level 2 decompression in shared
memory improved overall execution time by almost 2 times. For level 6 it is almost 3
times better. Decompression in global memory although also very fast can be slower
for lower levels.
We must point out here that architecture of GPU shared memory limits possible number of algorithms which may use shared memory decompression method. Currently,
subsequent kernel calls is the only method for global synchronisation. However, GPU
cannot store shared memory state between kernel calls. As the consequence data decompression and algorithm execution must be done in single kernel. We are conscious
that this may be improved by more complex kernels and data decompression strategy
which will be addressed in our future research.
Figures 3a and 3b show interesting results concerning our shared memory decompression method. First we must notice that data compression alone increases application speed by reducing necessary data transfer. Fig. 3a demonstrates that pure IO
operation speed up corresponds data compression ratio, which is an obvious result.
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(a) Speed up on IO read time (higher is bet- (b) Computations speed up when using lightweight
ter)
decompression compared to single threaded CPU
version without decompression. This includes IO.
(higher is better)
Fig. 3. Performance improvments when using lightweight compression

However, fig. 3b shows that this speed up may be significantly better if decompression is performed in shared memory. We achieved speed up improvement from 2%
with compression ratio 2 up to 10% with compression ratio 6. These results prove our
hypothesis that shared memory decompression increases efficiency of data intensive
applications.

4 Conclusions and Future Work
In this paper we presented research devoted to improvement of GPU algorithms by
utilisation of shared memory decompression. The hypothesis was evaluated and proved
in many experiments. The contribution of our work may be summarised as follows.
We developed two highly optimised GPU parallel decompression methods: one dedicated for global and one for shared memory. We improved original algorithms by adding
ability to deal with time series data, include negative values and fixed point values. We
have no information about any other GPU implementations of lightweight compression
with similar abilities.

12

P. Przymus and K. Kaczmarski

We tested lightweight compression for time series and applied our novel methods
to data intensive pattern matching mechanism. Our evaluation proved that the method
significantly improved results when compared to other methods.
We showed that data decompression in GPU shared memory may generally improve
performance of other data intensive applications due to ultra fast parallel decompression
procedure since time saved by smaller data transfer is not wasted for decompression.
We analysed relationship between global and shared memory decompression showing that although shared memory may limit number of possible applications due to lack
of global synchronisation mechanism, it significantly improves performance.
We plan to design a general purpose library which could be used in a similar way
to CUDA Thrust library. Utilisation of common iterator pattern with memory blocks
overlapping may offer interesting abilities breaking barrier of inter block threads communication. Such an iterator would require to define size of a shared memory buffer
which would be common for more than one block in parallel threads execution. Description of such an extended iterator pattern for overlapping shared memory will be
the next step of this research. During the preparation of this work, we managed to locate several problems of the current solution. In the future we also plan to prepare a
new version of the algorithm which will allow for better use of CUDA 2.x computation capabilities and remove the constraints which we mentioned in the implementation
description.
This work is a part of a larger project which aims to create a GPU based database for
scientific data (such as time series, array, etc.).
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