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ABSTRACT
Multi-core platforms have proven themselves able to accelerate numerous HPC applications. But programming dataintensive applications on such platforms is a hard, and not
yet solved, problem. Not only do modern processors favor
compute-intensive code, they also have diverse architectures
and incompatible programming models. And even after
making a difficult platform choice, extensive programming
effort must be invested with an uncertain performance outcome. By taking the plunge on an irregular, data-intensive
application, we present an evaluation of three platform types,
namely the generic multi-core CPU, the STI Cell/B.E., and
the GPU. We evaluate these platforms in terms of application performance, programming effort and cost. Although
we do not select a clear winner, we do provide a list of guidelines to assist in platform choice and development of similar
data-intensive applications.

Categories and Subject Descriptors
C.1.3 [Processor Architectures]: Other Architecture Styles
− Heterogeneous (hybrid) systems; C.1.4 [Processor Architectures]: Parallel Architectures; C.4 [Performance of
Systems]: Design studies − Performance attributes; D.1.3
[Programming Techniques]: Concurrent Programming
− Parallel Programming

General Terms
Performance, Measurement, Algorithms

Keywords
The Cell Processor, GPUs, Multi-core processors,
Data-intensive kernels, Memory-bound applications

1.

INTRODUCTION

High performance computing (HPC) applications used to
run on supercomputers with vector or special purpose processors (for example, for digital signal processing or physics
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simulation). With general purpose hardware getting faster
and cheaper, clusters took over the job largely.
Limitations from using more power and instruction-level
parallelism (ILP) redirected processor design to increase core
count. Resulting chip multi-processors (multi-cores) started
to penetrate all areas of computing around 2005. Since
then, multi-core platforms have proven useful for many high
performance applications (see for example Sweep3D [22],
RaX/ML [3], molecular dynamics [18], N-Body simulations,
medical applications [23]). Consequently, new clusters employ multi-cores to solve increasingly bigger computational
problems. However, not only general purpose CPUs are being designed as multi-cores. With various multi-core architectures coming from different areas to snatch a slice of the
HPC market, HPC application designers have to consider
different CPUs (such as Xeon, Opteron, Power, Niagara) as
well as multi-core accelerators (such as Cell/B.E., GPUs,
FPGAs). Generic multi-core CPUs have to run a lot of single threaded code for the foreseeable future, so newer generations duplicate cores and continue to enlarge vast cache
hierarchies (Xeon, Opteron, Power). Higher cache levels are
shared by more hardware threads. Specialized processors
may be heterogeneous for better performance per Watt. Architectures may trade in a lot of processor state and control
logic for many more, but smaller compute cores. With little
on-core state per thread, memory latency must be hidden
with rapid context switching. Cache and coherency logic
can also be traded-in for scratch pad (distributed) memories which operate completely under software control.
In this paper we evaluate the three multi-core types in
terms of performance, programming effort and cost. Together, these platform types cover a wide range of architectures targeted at HPC applications. (1) The multi-core CPU
(MC-CPU), like a x86-64 dual-/quad-core, is a generic CPU
with a traditional memory hierarchy. (2) The STI Cell/B.E.
is a heterogeneous nine core processor, with a scratch pad
memory per core and DMA transfers to access main memory.
(3) The NVIDIA Geforce GPU has up to a few dozen SIMD
multi-processors, and combines small caches and scratch pad
memories.
To use multiple cores, algorithms must be modified to
work on independent jobs of substantial size. Sequential
code may not be directly reusable, as it often exhibits inefficient memory behavior and doesn’t exploit performance enabling hardware features (like scratch pad memories, DMA,
SIMD and hardware synchronization mechanisms). To reach
peak performance, multiple layers of parallelism (in-core,
multi-core and multi-processor (and for grids even multi-
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cluster)) have to be dealt with. Even for experts, understanding and solving bottlenecks can be a black art. In addition, getting close to hardware peak performance is mostly
reserved for applications with compute-bound kernels. Just
how compute-bound an application is, can be quantified
by the arithmetic intensity. This ratio is defined as the
number of compute operations per transferred byte [31, 6].
With multiple cores accessing memory concurrently in interleaved patterns, we are still moving head-first into the
increasing gap between compute and memory performance
known as the memory wall. Typically, data-intensive applications have low arithmetic intensity, as the amount of
processing per data item is low. For HPC, this means that
data-intensive applications require drastic, application- and
platform-specific modifications, leading to low portability.
The price to pay is, that after a difficult platform choice,
significant programming effort must be invested. And as
bandwidth growth continues to fall behind core count increases, the situation is getting worse. This trend is exactly what makes studies into data-intensive applications on
multi-cores worthwhile.
The evaluation presented in this paper provides three types
of contributions, useful for other data-intensive applications
that target multi-core processors: (1) guidelines to make an
informed platform choice, (2) guidelines to implement the
application on these platform types, and (3) insight into
implementation effort and into performance behavior of optimizations and algorithmic properties.
The rest of this paper is organized as follows: In Section 2
we discuss our application kernel and its properties. The
three types of platforms and the programming methods for
our application are described in Section 3. Section 4 contains
our experiments, followed by a discussion in Section 5. We
describe relevant related work in Section 6, and provide our
conclusions in Section 7.

2.

M elements

N_samples

1
elem.

M elements

*

M
elements

*

Convolution matrix

Grid

Figure 1: The gridding kernel and its access pattern.
Similarly shaded regions are for a single visibility
sample. Newly computed data that overlaps existing
grid values is added on.
One data-intensive kernel often found in astronomy software pipelines is convolutional resampling. Briefly, it is used
to convert an incoming data stream with telescope measurements, called visibilities, into a grid-model of the sky.
Convolutional resampling can be solved using the W projection algorithm [8], a low-computation alternative to classical solutions (like, for example, the faceted approach). An
extensive analysis of this application is available in [27].
The most time-consuming kernels of this application are two
complementary operations, gridding and degridding. Gridding transforms visibilities sampled in the (u, v, w) space
(along the antenna trajectories), into a regular grid. Degridding is the inverse operation.
The gridding kernel code is given in Listing 1. Its main
data structures are four arrays: the measurement coordinates, (u, v, w), the visibility data, V , the convolution coefficients matrix, C, and the computed grid, G. The oversampling factor is denoted by OS. Pw is the number of W
planes used by the W projection. Typical values for these
constants depend on various telescope and observation parameters. Without any loss of generality, we have chosen to
analyze the gridding, using OS = 8, Pw = 33 and varying
M , the convolution kernel size. A typical one-night astronomical measurement generates a few thousands samples
(Nsamples ) per antenna, on thousands of frequency channels
(Nf req ).

DATA-INTENSIVE APPLICATIONS: AN
EXAMPLE

In data-intensive computing, very large amounts of data
have to be analyzed. In every stage of the analysis, data
reduction takes place. There may be additional real-time
requirements to keep up with the stream or to respond to
events by changing analysis stages without restarting the
whole process.
Some of the most challenging data-intensive processing
pipelines can be found in radio astronomy. Radio astronomers
want to build ever bigger telescopes, but it is impractical to
construct rotatable, steel dishes with a diameter in excess of
100 meters. Already, a number of large dishes are combined
using the technique of radio interferometry [10] in synthesis arrays [5], placed at distances ranging from few hundred
meters to thousands of kilometers. Meanwhile, several next
generation radio telescopes, like LOFAR and SKA [24, 9]
are being built out of many dozens, or in a couple of years,
up to a thousand small antenna stations. These “software
radio telescopes” generate data streams in the order of many
Tbit/s or more to be analyzed. Initial software will process
the first computational phase on-line and then dump data
to storage. However, it is highly desirable to push back the
point where data is dumped to disk, as more on-line data
reduction means less required storage. Processing must keep
up with the data rate, or else data must be dropped.
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Listing 1: The gridding computation.
// f o r a l l v i s i b i l i t i e s :
f o r a l l ( j = 0 . . Nfreq −1; i = 0 . . Nsamples −1)
// conv k e r n e l p o s i t i o n i n C:
compute c I n d e x=c O f f s e t ( ( u , v , w ) [ i ] , f r e q [ j ] ) ;
// g r i d p o s i t i o n t o add t o
compute gIndex=g O f f s e t ( ( u , v , w ) [ i ] , f r e q [ j ] ) ;
// sweep t h e c o n v o l u t i o n k e r n e l :
f o r ( x=0; x<M; x++)
G[ gIndex+x]+=C [ c I n d e x+x ] ∗V[ i , j ] ;
The c_index stores the offset inside C from where the
current convolution coefficients are extracted; the g_index
stores the offset of the G subregion where the newly computed data is added. These two indices are computed for
each time sample and frequency channel, thus corresponding to each visibility. An intuitive schematic of the gridding
and degridding operations is given in Figure 1.
The arithmetic intensity of gridding (and degridding) is
0.33, so for every floating point operation, three memory
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bytes (2×RD+1×W R) need to be displaced. Together with
the irregular, unpredictable memory accesses into C and G,
we use gridding as a typical example of a HPC data-intensive
kernel. A symmetric partitioning scheme of the large data
structures, C and/or G over available cores leads to heavy
load imbalance, as shown in [26]. No single multi-core platform can possibly process all incoming data, so sub-streams
have to be directed into different systems. Per system, certain (overlapping) regions of C and G are used much more
than others. Solving these irregularities beforehand in a preprocessing step (thus by pre-sorting all data) is to be avoided
as it restricts the implementation to off-line use cases.
Our study of data-intensive applications on multi-cores
starts from porting and then optimizing the gridding kernel
for three different multi-core platforms. To assess platform
sensitivity to differences in arithmetic intensity and memory
access irregularity, we varied these application properties.
Arithmetic intensity was artificially changed by inserting additional computations on loaded data on line 9 of Listing 1.
These operations have been carefully chosen to minimally
affect register requirements, to avoid the compiler from optimizing them out, and to represent similar computational
patterns (thus the same fraction of multiply-adds). For the
performance studies, we have varied the convolution kernel
size (M ), thus assessing the effect of irregular memory accesses: larger kernel sizes generate more contiguous memory
operations. Finally, for scalability studies, we have investigated the potential of such a data-intensive application to
scale with the number of used cores.

3.

As a next step, symmetrical data distribution was replaced
for a master-worker approach. Workers are still operating
on a private grid, but fetch jobs from a private queue, which
is filled by the master. The master improves the worker
cache benefits by increasing data locality in the C and/or
G matrices. To do so, it places jobs with (semi-)overlapping
matrix areas in the same queue, without leaving any queue
empty.
In this case, the computation of grid and convolution matrix offsets has to be performed by the master. We limit
the filling rate with a maximum queue size to avoid effectively sorting too much data, which would be unrealistic in
a streaming environment. We have also improved in-core
performance of the workers with SIMD intrinsics.

3.2 STI Cell Broadband Engine (Cell/B.E.)
The Cell Broadband Engine (Cell/B.E.) is a heterogeneous multi-core processor, designed by Sony, Toshiba and
IBM. It was initially designed for the Playstation 3 (PS3)
game console and is now also used for multimedia and HPC
applications. In fact, for HPC applications, there are dedicated Cell-blades (QS20/21/22) with two interconnected
Cell/B.E. processors.
The Cell/B.E. has nine cores: one Power Processing Element (PPE), acting as a main processor, and eight Synergistic Processing Elements (SPEs), acting as co-processors.
A high-bandwidth Element Interconnection Bus (EIB) connects all cores, main memory, and I/O interfaces in a ring
topology. The theoretical peak performance of the SPEs is
204.8 GFlops (single precision) and the combined bandwidth
of the EIB is 204.8 GB/s [15]
The PPE contains the Power Processing Unit (PPU), which
is a dual-threaded 64-bit Power core with VMX/AltiVec
unit, 2x 32 kB split instruction and data cache, and 512
kB L2 cache. The PPE’s main role is to coordinate the
SPEs. An SPE contains a RISC core (the SPU), 256 kB
Local Storage (LS), and a Memory Flow Controller (MFC).
The LS is used as local memory for instructions and data
and is managed entirely by the application. The MFC contains separate modules for DMA, memory management, bus
interfacing, and synchronization with other cores. All SPU
instructions are 128-bit SIMD instructions, and all 128 SPU
registers are 128-bit wide. Integer and single precision floating point operations are issued at a rate of 8, 16, or 32
operations per cycle for 32-bit, 16-bit and 8-bit numbers respectively. Double precision 64-bit floating point operations
are issued at the lower rate of two double-precision operations every seven SPU clock cycles (14.6 GFlops).
The Cell/B.E. cores combine functionality to execute a
large spectrum of applications, ranging from scientific kernels [30, 22] to image processing applications [2]. The basic
Cell/B.E. programming is based on a simple multi-threading
model: the PPE spawns threads that execute asynchronously on SPEs, until interaction and/or synchronization
is required. The SPEs can communicate with the PPE using simple mechanisms like signals and mailboxes for small
amounts of data, or DMA transfers via the main memory
for larger data.

PLATFORMS AND PROGRAMMING

In this section, we describe the three multi-core architectures and we present our parallelization efforts for the
application kernel. We close this section with a comparison
summary.

3.1 Multi-core CPU (MC-CPU)
Multi-core CPUs have the advantage of availability of
hardware and development tools, and of cost, as they are
by far the most extensively used processors in server, desktop and HPC machines. Our test platforms in this category
are three systems with up to eight x86-64 cores and with
SSE2 support for SIMD operations. On the quad core Xeon
5320 processor, two cores share a L2 cache. Cache coherency
traffic between L2 caches passes through the front-side bus.
The Core i7 has four cores, but exposes eight cores using hyperthreading. All systems use a UMA memory model with
at least 4 GB RAM. The standard programming model for
this platform type is based on multi-threading.

3.1.1 Gridding on the MC-CPU
Using block-wise, symmetrical visibility data distribution,
we parallelized the application using pthreads within a few
days. To solve the problem of concurrent writes to the grid,
each thread works on a private grid. This approach is more
efficient than a locking scheme, because the accesses into
the grid and convolution matrices for each data value can
start at any position and would otherwise require a shared
locking structure, wasting precious memory bandwidth. Besides, conflicts are rare, except in a number of hot spots.
A final reduction step centralizes the private grids, a step
that can be parallelized as well without access conflicts by
partitioning.

3.2.1 Gridding on the Cell/B.E.
To alleviate the severe SPE stalling due to the data-intensive
application pattern, we have used a dynamic master-workers
approach, based on the idea that each SPE works on the in-
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ner loop to do the griddings, while the PPE acts as a job
scheduler. The PPE sends each SPE a visibility and the
associated offsets into the convolution matrix and the grid.
To increase SPE utilization, the PPE reserves a queue
for each SPE, and continuously places job IDs in all these
queues. Each SPEs polls its queue and solves pending work,
thus reducing the communication to the PPE at a minimum.
As the PPE has a good overview of all the sub-regions that
are under computation at the SPEs, it can apply scheduling optimizations. If the SPEs work much faster than their
queues are filled, the scheduling process on the PPE could
become the application bottleneck. To alleviate this potential problem, we have implemented PPE multi-threading
(with 2 and 4 threads, depending on the hardware platform).
The performance gain was insignificant - below 7%, on average, showing that even with multiple threads, the speed
ratio between the work producers (PPE threads) and consumers (SPEs) is too low to avoid SPE stalling.
Each SPE performs a simple loop: bring in the convolution data via DMA, perform the gridding, and do the DMAout transfer. We further optimize this loop by skipping redundant DMA operations if the next convolution area overlaps with the one already loaded. Similarly, no DMA-out is
performed if grid lines overlap. Finally, basic SPE-specific
optimizations, like code vectorization, loop unrolling, and
DMA double buffering have been applied for the gridding
computation itself.

local hardware scheduler determines which (partition of a)
block runs next.

3.3.1 Gridding on GPUs
NVIDIA provides BLAS (CUBLAS) and FFT (CUFFT)
libraries to accelerate the porting effort of an application
based on BLAS or FFT kernels. Required functions of the
CUBLAS library were taken as a starting point to port our
application kernel. Since the source code of CUBLAS and
CUFFT are available for download, we could specialize the
required routines. We pushed looping over the visibilities
into the kernel to launch a kernel only once. The visibility
data is partitioned block-wise, but to run efficiently, we need
at least a few hundred thread blocks. Especially on this
platform, we cannot synchronize write conflicts efficiently.
Atomic memory update instructions, as available on some
GPUs, don’t operate on floating point data. A grid locking
scheme would be expensive in terms of performance. We
cannot send computed grid contributions to host memory
to aggregate there, because this turns a data reduction into
a data expansion, worsening the I/O bottleneck on the PCIe
bus. We have also considered abandoning CUDA in favor
of OpenGL/GLSL, to take advantage of the graphics framebuffer blending hardware for atomically updating the grid
values. This approach was also rejected, because the performance of this hardware on 32 bit floating point data is too
low. Thus, to avoid write conflicts, each block of threads
writes to a private grid. This solution ultimately limits the
size of the grid (bad news for real astronomy usage), and
apart from waiting for GPUs with more memory, only significant algorithmic changes may offer an alternative.
To improve performance, we experimented with texture
fetching for the grid and the convolution matrix. We access
the convolution matrix as a 1D texture. Texture caches are
small and only cache reads. To access the grid, we only generate aligned and contiguous memory requests to allow the
hardware to generate coalesced memory transfers on complex values (float2), substantially improving memory bandwidth. The grid updates for each data sample are computed
by a block of threads working on a row at a time, which is
faster than having a thread for each update, and also avoids
reaching the upper limit of 512 threads per block. Other
minor optimizations we tried include 2D texturing, fetching common data for all threads in a block only once and
spreading it through shared memory, and software prefetching. GPUs with more memory can accomodate more private
grids, so we also tuned the number of launched blocks to the
size of GPU memory.
No data-dependent optimizations and/or job distribution
have been applied to the GPU implementation. For example, we do not use the host CPU to fill multi-processor private queues with overlapping jobs. Although such a solution
may improve data locality, its GPU performance benefits are
limited by the small texture caches. Further, the coordination provided by the host CPU is too slow for the GPU’s
embedded hardware multi-processor scheduler, which only
works efficiently on large amounts of jobs submitted at once.

3.3 Graphical Processing Units (GPUs)
For this category, we use NVIDIA Geforce and Tesla GPUs
with 16 or 30 SIMD multi-processors. Each multi-processor
offers various local storage resources, such as 8k or 16k registers and 16 kB scratch-pad (”shared”) memory, which are
dynamically partitioned, and also a constant cache of 8 kB.
Each cluster of 2 or 3 multi-processors share a single texture
cache (8 kB per multi-processor). Constant memory (64
kB) and texture memory are stored off-chip in up to a few
GB of GPU (”global”) memory. A suitable way to program
NVIDIA GPUs for general purpose applications is by using the API from the Compute Unified Device Architecture
(CUDA) [21]. CUDA is a hardware/software architecture
developed by NVIDIA to perform general purpose computations on a GPU, without the need to first translate an
application into the computer graphics domain. In CUDA’s
Single Instruction, Multiple Threads (SIMT) model, each
execution unit in a multi-processor is often counted as a core,
as it runs a thread that can reference any memory address
(gather/scatter) and can take any branch independently.
However, each branch taken by at least one thread has to be
executed by the multi-processor, masking out threads that
chose a different code path. A compiler, runtime libraries
and driver support are provided to develop and run CUDA
applications. CUDA extends the C/C++ programming languages with vector types and a few declaration qualifiers to
specify that a variable or routine resides on the GPU. It also
introduces a notation to express a kernel launch with its execution environment. A kernel is launched by specifying the
number of threads in a group (”block”) and the number of
blocks that will execute the kernel. On the GPU, a thread
computes the locations of its data by accessing built-in execution environment variables, such as its thread and block
indices. A global hardware scheduler assigns a block to a
multi-processor when enough resources are available and a

3.4 Platform Comparison
We summarize the platform descriptions for parallelization in Table 1. An essential part of the performance of
data-intensive applications is how each platform type deals
with memory latency hiding. Multi-core CPUs hide mem-
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ory latency with a cache hierarchy and prefetching. This
requires temporal (and spatial) data locality. Local memory
on the Cell/B.E. has to be managed by software and can
hide main memory latency with prefetching (double buffering). Data for the next computation can already be fetched,
while computing on the other half of local memory. On the
GPU, memory latency is hidden with rapid context switching between many threads.
The Cell implementation was written first, followed by
the other two. The followed order of implementation is not
intentional. Although some ideas from the Cell implementation have been carried over to the MC-CPU, most code
had to be changed substantially. There is very little code
reuse between the platforms in data distribution and computation, because the high-level strategies to achieve high
performance for our application are too different. Estimating which optimization will pay off the most beforehand is
hard, and the code is easy to break. If the result grid is
wrong, it can be time-consuming to locate the cause, so it is
important to verify the result after each small modification.
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Figure 2: Application performance (GFlop/s) running on the MC-CPUs, using different numbers of
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4.1 Experimental Setup
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Figure 3: Performance (GFlop/s) running with various arithmetic intensity factors on the Core i7

For each platform instance, we present performance graphs
for convolution kernel sizes of 16x16, 32x32, 64x64, and
128x128. Apart from reporting on application performance,
we also use it to demonstrate the effect of varying memory
request irregularity. We show achieved performance from
varying the arithmetic intensity from 1x to 2x, 3x, 6x, 12x,
and 24x of our gridding performance results. The gridding
algorithm has an arithmetic intensity of 0.33, but optimizations to an implementation change the actual arithmetic intensity: improving locality increases it, while compute optimizations decrease it. We also discuss the effect of the optimizations proposed for each platform on both performance
and programming effort.
All tests were run under the Linux operating system, using the GNU C compiler for all multi-core CPUs and Cell/B.E. systems and CUDA 2.1 with driver version 180.22
for the GPUs. We have used several platform instances and
we present them in Table 2. The Compute Rate, Memory
Bandwidth, and Flop/Byte columns list theoretical maxima for single precision floating-point. For the MC-CPU
instances, the highest level caches are shared by multiple
cores, so they are listed per processor. For the GPUs, we
count multi-processors (not cores) and list local memories
per multi-processor. From the Flop/Byte ratios, we can already see that for data-intensive applications, even if we can
use memory bandwidth optimally, we are going to severely
under-utilize the computing capabilities of all platforms, unless we can expose significant data reuse in local memories.

far away in a slower clock domain (the “uncore”). Off-core
is the new off-chip. On smaller kernel sizes, access irregularity is worse and the large, shared cache saves the Core
i7 showing good performance over the whole range of kernel sizes. Even though none of the test platforms can run
more than eight threads in parallel, some of them show a
significant performance gain with more than eight threads.
This behavior is caused by the scheduling of our threads and
background tasks.
The performance results from various arithmetic intensities are shown in Figure 3. With one thread per virtual
core, performance climbs nicely as we approach the system’s
Flop/Byte ratio. Past there, the top has been reached and
a tiny slowdown is observed. Compared to one thread per
physical core, hyperthreading seems to work well. The reason why both 2 and 16 threads lose significantly at higher
arithmetic intensity is not clear to us.
Table 3: MC-CPU Optimizations
Optimization Compute rate Gain Factor Effort
Step
[GFlop/s]
[vs. Base]
[days]
Base
1.6
1
7
4.4x
4
2
18
11.3x
2
3
24.8
15.5x
4

4.2 Experiments with the MC-CPU

We present a brief optimization evolution in Table 3 of the
effort and performance gains for a convolution kernel size of
128x128 running on the dual Xeon system. Optimization
1 is the simple parallelization with a symmetrical data distribution of the visibilities stream over the available cores,
implemented using pthreads. Note that the speed-up is not
as good as expected, due to the data-intensive application

Figure 2 presents the best performance results we obtained on the MC-CPU platforms. The somewhat older
Quad Opteron suffers from low bandwidth and small caches.
As a dual CPU system, the Xeons beat a single Core i7, but
only for the larger kernel sizes. Core i7 can only store a significant amount of data in L3 cache, which lives relatively
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Platform
MC-CPU
Cell
GPU

Table 1: The
Memory
Model
Shared memory,
Coherent caches
Distributed
Memory
Distributed Memory,
Small Caches

Platform
Instance
Dual Intel Xeon 5320

Intel Core i7 920

STI PS3-Cell/B.E.
STI Cell/B.E.
STI QS21-Cell/B.E.
NVIDIA Geforce 8800 GTX
NVIDIA Tesla C1060
NVIDIA Geforce GTX 280

GFlop/s

40

250

PlayStation 3
1x Cell in QS21
2x Cell in QS21
PlayStation 3-noop
1x Cell in QS21-noop
2x Cell in QS21-noop

200

GFlop/s

50

Table 2: Platform characteristics
Clock
Memory per Main
Compute
(GHz) Core (kB)
Memory Rate (GFlop/s)
2x4
1.86
32+32 L1
8 GB
59.5
2x4096 L2
4x2
2.00
64+64 L1
4 GB
64.0
2x1024 L2
4 (HT) 2.66
32+32 L1
6 GB
85.2
256 L2
1x8192 L3
1+6
3.20
256
256 MB 153.6
1+8
3.20
256
1 GB
204.8
2+16
3.20
256
2 GB
409.6
16
1.35
16+8+8
768 MB 345.6
30
1.30
16+8+8
4 GB
936.0
30
1.30
16+8+8
1 GB
936.0
Cores

Quad AMD Opteron 8212

60

characteristics of the platform-specific parallelizations
Core
Programming
In-Core
Data
Type
Model
Optimizations
Distribution
Homogeneous
MultiSIMD
Master-Worker
Threading
Queues
Heterogeneous
Cell
SIMD,
Master-Worker
SDK
Multi-Buffering
Queues
Homogeneous
CUDA
Memory
Symmetric,
SIMT
Accesses
Blocks
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Application
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Memory
Bw (GB/s)
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2.8
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25.6
51.2
86.4
102.0
141.7
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Figure 4: Application performance (GFlop/s) running on the Cell/B.E. instances

Figure 5: Performance (GFlop/s) running with various arithmetic intensity factors on a QS21

behavior. Next, optimization 2 is the implementation of a
“queuing-system”, where each core receives a set of data to
work on from the master thread. Further, the master assigns adjacent visibilities to cores such that data from the
same grid/convolution region can be reused. Finally, in the
third step, these “local queues” are sorted locally (i.e., by
each core), further increasing temporal data locality, thus
speeding up the application.

We have tried several optimizations, each one leading to
more or less surprising results. For example, we have applied the low-level SIMD optimizations and obtained about
30% overall improvement over the non-SIMD code, indicating how low the arithmetic intensity of the application is.
Further, double buffering has added some additional 20%
to the original code. However, the optimizations that have
paid off the most were high-level optimizations, i.e. those
optimizations that tackled the data-intensive behavior of the
application, not only its computational behavior. Therefore,
the reference Cell/B.E. implementation (the “Base”) already
includes the core-level optimizations. Table 4 presents the
effects of these high-level optimizations. In the first step,
we have replaced the original symmetrical data distribution
with a dynamic, round-robin one, based on individual SPE
queues. The PPE acts as a master and fills the queues with
equal chunks of data. In a second step, the PPE acts as
a smarter dispatcher, and distributes the computation such
that the regions used by the SPEs from either the convolution matrix or the grid overlap. Such an approach increases
data reuse, and has a significant impact on performance. Fi-

4.3 Experiments with the Cell/B.E.
As mentioned in Section 3, Cell/B.E. was the most demanding of the platforms we have ported our application to,
mainly due to its distributed memory, as well as because it
was the first (and stripping the application core from the astronomy details was non-trivial). Figure 4 presents the best
performance results for various kernel sizes on the Cell/B.E.
instances. The “noop” measurements show the performance
without any data-dependent optimizations, which makes a
lot of difference. Note that the application scales well with
the number of utilized cores. Performance results from various arithmetic intensities on a QS21 are shown in Figure 5.
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shows that its effective bandwidth is a bit lower, but not
that serious. As far as we know, it is architecturally the
same as a GTX 280, but with more memory providing lower
bandwidth.
Table 5 presents the effort of three optimization steps and
the performance gain on the 8800 GTX GPU. Optimization
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Table 5: GPU Optimizations
Optimization Compute Rate Gain Factor
Step
[GFlop/s]
[vs. Base]
Base
1.6
1
4.9
3.1x
2
22.3
13.9x
3
23.8
14.9x

12

8

Kernel size

Figure 6: Application performance (GFlop/s) running on the GPUs
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step 1 involves running the application on the GPU by means
of modified CUBLAS routines and moving the looping over
the visibilities into the GPU. After using coalesced memory
accesses in optimization step 2, the used memory bandwidth
is at more than 90%. According to the NVIDIA CUDA Programming Manual [21], bandwidth of non-coalesced transfers is about four times as low as coalesced transfers on 64
bits requests, which confirms our experiences quite well. Although it would be possible to generate larger transfers by
reading two complex numbers per thread (using the float4
data type), this would not improve performance significantly,
as larger coalesced requests cannot be generated, and make
the code more complex having to deal with more corner
cases. In the final optimization step 3 we combine a few
minor optimizations that together deliver under 10% extra
performance, such as the best result from using the texture
cache. The optimizations have a larger effect when tested
against non-coalesced memory transfers, but applying them
first would give a false indication of their gain. We did not
include the effect of software prefetching, that is, loading
convolution matrix and grid values for the next processing
iteration. The performance gain is less than 3% and the
resulting code quality makes sure that it is the last optimization that can be implemented.
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Figure 7: Performance (GFlop/s) running with various arithmetic intensity factors on the GPUs
nally, in a third step, each SPE sorts its local copy of the
data queue, such that the locality is increased even more.
Note that we have applied more aggressive tuning on the
Cell/B.E. by using data-dependent optimizations. However,
despite the excellent performance outcome (a further improvement of a factor two in execution time), these optimizations minimize the number of performed operations by
using a property of the application-specific computation. We
do not report here these final results because of two reasons: (1) the same optimizations could be envisioned for all
platforms, and would lead to similar gains, and (2) because
they are very application specific, they may alter the generic
data-intensive behavior we tackle with the other steps.

4.5 A Brief Comparison
The Cell/B.E. is a lot faster on all kernel sizes than all of
its competitors from the same generation and even slightly
ahead of the GTX 280. If the queueing and sorting optimizations don’t apply well to the input data, GPUs score best
performance-wise, due to superior memory bandwidth. Although extensive optimizations can also be applied to multicore CPUs with great relative effect, its performance is still
below that of the other platforms, although for very small
kernel sizes, the Core i7 is getting close. In data-intensive
applications, the strength in performance per core of MCCPUs cannot be leveraged.

Table 4: Cell/B.E. Optimizations
Optimization Compute Rate Gain Factor Effort
Step
[GFlop/s]
(vs. Base)
[days]
Base
2
1
6
3.0x
10
2
14
7.0x
25
3
57
23.5x
3

4.4 Experiments with the GPU
Figure 6 presents the best performance results for various
kernel sizes on the GPUs, while Figure 7 presents the results
from various arithmetic intensities.
Given the relative memory bandwidths of the 8800 GTX
and GTX 280, their results make sense. We are unable to
explain the performance of the C1060, which is only able
to overtake the 8800 GTX on a kernel size of 64x64. An
arithmetic intensity of four or more seems to wake it up.
The memory bandwidth test from the NVIDIA CUDA SDK

5. DISCUSSION
Although a data-intensive application can be sped up to
good application performance when spending a lot of effort, performance is still a large factor below typical performance achieved by multi-core friendlier applications. High
memory bandwidth and arithmetic intensity are the main
factors that influence the attained performance-level for a
reasonable effort approach. Available memory bandwidth
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can only be exploited if requests are regular (thus continuous, aligned, and prefetchable). Although the arithmetic
intensity in data-intensive applications is often low, it must
be increased by exploiting data reuse in local memory. If
regular accesses do not fit the algorithm and the algorithm
or platform allows little local data reuse, performance loss
can be an order of magnitude. In that case the algorithm
designer must go back to the drawing board.
The MC-CPU platform shows heavy under-utilization, as
irregular memory accesses foil efficient caching. The Cell/B.E. performs much better, but its potential can only
be uncovered after extensive data-dependent optimizations.
The price to pay is a lot of programming effort into highly
application- and platform-specific code. However, we have
gained insight into the possible pay-off. The 8800 GTX GPU
programmed using CUDA severely outperforms the other
platforms only if data-dependent optimizations are ineffective, thus slowing down the other candidates. Current generation GPUs perform better, but do not overtake a single
Cell/B.E. in our application.
Nevertheless, the application exposes two significant problems. First, the possibility of write conflicts in the grid requires replication for concurrent computation, thus limiting
the maximum grid size. All platforms suffer from this problem, but with the need for many thread blocks and limited
memory, the GPU suffers the most: only some sort of preprocessing to guarantee conflict-free writes can help, but it
remains to be seen if spending a lot of cycles on the host CPU
pays off in real HPC application environments. Second, data
locality can be increased by optimizing data ordering. While
this is possible on the CPU and Cell/B.E., using powerful
general purpose cores, it is harder on the GPU, where using the “remote” host processor adds significant performance
overheads, because core-local memories cannot be leveraged
and all requests must pass through global memory.
In addition to insight into performance gains and implementation effort, we have drawn a number of guidelines to
make an educated platform choice for implementing dataintensive applications on multi-cores:

• With the ongoing trend that computation rate grows faster
than memory and I/O bandwidth, more and more HPC
applications will become data-intensive. With unfortunately designed applications, all platforms may be a bad
choice, unless different algorithms are developed to solve
the same problem more efficiently.
Below we give a list of guidelines to assist porting and optimization efforts for data-intensive applications, which is also
useful for algorithm design.
• Optimize first for maximum effective memory bandwidth,
instead of maximum compute rate. Data (structures)
must often be re-outlined (for example, tiled, or arrays
of structures converted to separate arrays per member
(type)) to make memory accesses contiguous and aligned.
Such transformations can force major code overhauls, which
is often unavoidable for data-intensive applications. It is
the only way to ensure that hardware can apply request
optimizations, such as hardware-initiated prefetching, request reordering and coalescing, which has a major effect
on performance.
• Multi-cores only perform well on applications with a high
arithmetic intensity. Hence, only by effectively using local
memories, data-intensive applications can perform truly
well.
• Irregular access patterns must be resolved as much as possible, usually at a higher abstraction level. In our case,
both the MC-CPU and Cell/B.E. profited from job queuing and smart filling. A cache can take care of misalignment.
• If an application kernel contains more than a couple of
computations, overlap of memory transfers with computation must be implemented, as applying in-core optimizations on top of compiler optimizations is often more work
than is justified by the pay-off.
Finally, Table 6 presents an efficiency overview of the
behaviour of data-intensive applications on the three platforms. Based on all our findings, we conclude that there is no
“best-platform” (already) available as “the best multi-core”,
and it is still hard to choose a winner even for a specific
applications class.

• For data-intensive applications, choose a platform with
high memory bandwidth and with a local memory size
large enough to fit more than twice the size of a job.
• It is easier and more efficient to implement overlap of
computation and communication on architectures with
software-managed local memory, such as Cell/B.E., and a
GPU. Applications that have larger job footprints, need
the large cache memories of multi-core CPUs, although we
expect that higher level caches will be increasingly more
distant to access in the next generations.
• GPUs are especially suitable for tasks with a lot of data
parallelism. A feature that can be useful for some applications is that caches can be programmed to work for 2D or
3D spatial locality. Synchronization across thread blocks
(which should be very limited) is usually performed by
allowing the kernel to finish and launching a new kernel.
The overhead for a kernel launche is about 10-15 microseconds, depending on the number of blocks and the size of
parameters.
• With the hardware platform market in major turbulence
and developments following each other rapidly, the advantage of general-purpose flexibility, availability, cost, and
ease of programming of MC-CPUs should not be underestimated.

Table 6: An overview of the tested platforms
Platform
Perf. Scal. Cost Effort Efficiency
MC-CPU
∼
+
++
+
∼
Cell/B.E. ++
++
−
−
+
GPU
+
−
∼
∼

6. RELATED WORK
In this section we present a brief overview of previous work
related to significant multi-core case-studies and the efforts
we are aware of in comparing multi-core platforms.
In the past two years, all available multi-core architectures
have been studied for application porting and optimizations.
While MC-CPUs have been mainly targeted by user-level
applications, there have been some interesting case-studies
that link them to HPC as well [7, 4]. The results indicate that previous expertise in SMP machines is very useful. However, developments in the direction of many dozens
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of cores per processor will generate new problems with regard to main memory contention [20], cache hierarchy, and
task-parallelism granularity. Therefore, a systematic way to
program these platforms at a higher level of abstraction is
mandatory for dealing with their next generation. Therefore, most of the software and hardware vendors already
provide HPC solutions for multi-core machines; see, for example, HP’s multi-core toolkit, Microsoft’s HPC Server, or
Intel’s Thread Building Blocks model. Still, most of these
models are very new and unable to make, suggest or estimate
the gain of major algorithmic transformations (data outline)
needed for data-intensive applications. As a result, most
programmers still rely on MPI and basic multi-threading
for HPC, making our study a useful information source.
On the Cell/B.E. side, applications like RAxML [3] and
Sweep3D [22] have revealed the challenges of efficient parallelization of HPC applications on the Cell/B.E. Although
we used some of their techniques to optimize the SPE code
performance, the higher-level parallelization is usually application specific. Therefore, such ad-hoc solutions can only
be used as inspiration for the class of data-intensive applications. Typical ports on the Cell/B.E., like MarCell [17],
or real-time ray tracing [2] are very compute-intensive, so
they do not exhibit the unpredictable data access patterns
and the low arithmetic intensity we have seen in this application. Irregular memory access applications like listranking have been studied in [1]. Although based on similar tasks decompositions, the scheme proposed in our work
is simpler, being more suitable for data-intensive applications. Another option is to use one of the many programming models available for the Cell/B.E., but most of them
are also focused on compute-intensive applications, and do
not address the memory hierarchy properly. A notable exception is Sequoia [13], which focuses on the memory system performance, but it is hard to use for irregular parallel
applications. Although RapidMind [19], a model based on
data parallelism, provides back-ends for all three platform
types, there are no performance evaluations and guidelines
for exposing the required (low-level) data parallelism from
a data-intensive application. Therefore, we consider a comparison of the results generated by these abstract models
with our hand-tuned application a good direction of future
work, which would help prepare these programming models
to tackle data-intensive applications more efficiently. Note
that both these models are fairly portable for all three platforms studied here.
In the case of GPU programming, the NVIDIA CUDA
model is widely used, replacing the somewhat more cumbersome “traditional” graphics programming. As a result, there
are many studies of HPC applications running on GPUs [23,
28, 16]. Most of these studies aim for a decent kernel speedup
or conclude, as well as we do, that a lot of effort is required
to put the application in the right form for being properly
exploited with CUDA. These transformations are application specific. Furthermore, our study is the first to expose
the additional difficulties that irregular data-intensive applications pose to GPUs. We also note the recent release of the
OpenCL 1.0 [14] specifications, a standard for general purpose parallel programming on heterogeneous systems, with
support from all major CPU, GPU, embedded system and
gaming vendors.
An interesting overview that covers some of the memoryrelated problems we have encountered when optimizing a

data-intensive application can be found in [12]. This extensive study treats properties and trade-offs of caches, main
memory, NUMA architectures, access patterns and what
programmers can do to optimize for them. Another dataintensive application from radio astronomy, correlation, has
very recently been compared on five multi-core architectures
in [25]. It concludes that only architectures with a high
bandwidth per Flop or enough local memory to reuse a lot of
loaded data perform correlation computations efficiently. It
also advocates for application-controlled local memory and
notes that I/O must scale with the increase in cores, underlining the PCI-e bus I/O bottleneck for GPUs. Several
similar application-oriented comparative studies have been
developed to investigate bottlenecks and optimizations for
multiple multi-cores [11, 29]. Finally, we note the introduction of the Roofline model [31] to provide visual insight
into upper performance bounds of an application in order
to select the most promising optimization or (multi-core)
platform.

7. CONCLUSIONS
In this paper we have shown our experiences when implementing a data-intensive kernel on three multi-core platforms. When a data-intensive HPC application, possibly
with irregular access patterns, has to be implemented, the
biggest challenges are choosing the right platform and fitting the application to it. Each platform is not only different in its hardware architecture, but also in programming
model. Although at a higher abstraction level similarities in
optimization strategies can be found for all platforms, the
performance gains are different, as are the techniques and
effort to get there. This results in a severe lack of portability, which makes it prohibitively expensive to extensively
evaluate alternatives.
We have found no “best overall platform”, as the choice depends too much on the specific application, programming experience, available design/implementation time, and funds.
Therefore, we have included a list of guidelines to help making an educated choice. Similarly, we have presented guidelines for application porting and optimization on these multicores, focusing on memory and data optimizations. But, if
algorithm parameters like memory access irregularity and
low arithmetic intensity cannot be improved, the algorithm
is simply multi-core unfriendly. Ultimately, hardware developments continue to increase performance conditionally,
and the penalties for misbehavior are getting steeper. Only
if software can be made to fit, HPC can continue to profit
from next-generation multi-cores.
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