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Abstract

In this paper we examine how application performance scales
on a state-of-the-art shared virtual memory (SVM) system
on a cluster with 64 processors, comprising 4-way SMPs con-
nected with a fast system area network. The protocol we use
is home-based and takes advantage of general-purpose data
movement and mutual exclusion support provided by a pro-
grammable network interface. We find that while the level
of application restructuring needed is quite high compared
to applications that perform well on a hardware-coherent
system of this scale, and larger problem sizes are needed for
good performance, SVM, surprisingly, performs quite well at
the 64-processor scale for a fairly wide range of applications,
achieving at least half the parallel efficiency of a high-end
hardware-coherent system and often much more. We explore
further application restructurings than those developed ear-
lier for smaller-scale SVM systems, examine the main re-
maining system and application bottlenecks, and point out
directions for future research.

1 Introduction

A shared address space with transparent coherent replica-
tion of data is recognized to be an attractive programming
model. Research and development in the last decade have
shown that it can be implemented efficiently in hardware
with physically distributed main memory. Beyond small-
scale bus-based machines, most vendors of tightly-coupled
multiprocessors are now building machines of this sort. The
performance of these machines has been demonstrated to be
quite successful on real applications at moderate scale [14, 1,
19, 11]. Recent work [12] has shown that these systems scale
well, at least up to 128 processors. At the same time, less
tightly coupled clusters of commodity workstations or multi-
processors (especially symmetric multiprocessors or SMPs)
have emerged as important platforms for high-performance
computing. These, however, do not provide hardware sup-
port for a shared address space or cache coherence, so this
programming model must be implemented in software.

A lot of research has been done in the area of software

shared memory protocols and systems for clusters, as well
as in optimizing communication layers and recently in struc-
turing applications for software shared memory. By putting
these together, several systems have achieved reasonable
performance on clusters with small processor counts [20,
18, 6, 13, 17]. Protocols and systems have also been devel-
oped to exploit the features of network interfaces in system
area networks to enhance software shared memory perfor-
mance [20, 8, 2, 15].

All this research has helped narrow the performance gap
between SVM on clusters and hardware DSM systems for an
expanding range of applications at the 16-processor scale.
It is now time to examine whether performance can scale-
up to larger processor counts, especially on a wide range
of realistic applications that are known to scale on hard-
ware cache-coherent machines. Since clusters used for high-
performance computing typically use SMP nodes, we exam-
ine a 64-processor cluster composed of sixteen 4-way Pen-
tiumPro SMP nodes connected by a Myrinet [3] point-to-
point system area network, running an extended, high per-
formance, user-level virtual memory mapped communica-
tion library (VMMC) [5]. We use the GeNIMA home-based,
page-level shared virtual memory (SVM) system, which adds
general purpose data movement and synchronization sup-
port in the network interface and exploits it in the SVM
protocol [2]. In this work we enhance the GeNIMA system
to improve performance and memory scalability.

Examining scalability is very challenging because the
true potential for scalable performance cannot be under-
stood via systems research alone; it requires also examin-
ing how applications can be restructured to perform and
scale better as well as the programming or algorithmic dif-
ficulty this entails, and “opening up” the systems and ap-
plications together. Otherwise, limitations of the applica-
tions will affect the conclusions. It was shown in [10] that
starting from SPLASH-2 applications (that are already opti-
mized for moderate-scale hardware-coherent systems), sub-
stantial algorithmic application restructuring was needed in
several cases to achieve good performance under SVM, at
least for a simulated 16-processor, uniprocessor-node clus-
ter. We therefore use both the original SPLASH-2 versions
of the applications as well as these restructured versions, and
even some new or further restructured versions as needed.
In fact, for the cases where the original SPLASH-2 versions
perform very poorly even on a small-scale system [10, 2], we
do not present results for those versions here but use the
restructured versions from [10] as our “original” versions.

To establish context, we loosely compare the speedups
achieved for all applications and versions with those ob-



tained in [12] on a 64-processor SGI Origin2000 hardware-
coherent machine. Since the cluster is a lot cheaper (by al-
most an order of magnitude) than the Origin20001 , we say
an application performs or scales well if it delivers 50% of
the speedup that the Origin2000 does for the same problem
size and processor count.

Communication Layer

Communication Library

Interconnection Hardware
(Node, Network Interface, Network)

Protocol/Programming Model Layer

Application Layer

Figure 1: The three major layers of a cluster SVM architec-
ture.

The main high-level questions we ask are: (i) does per-
formance scale well for a set of reasonably chosen “basic”
problem sizes for which it scales well on the Origin2000; (ii)
if not, does running larger (but still realistic) problem sizes
easily solve the scaling problem; (iii) if not, does applica-
tion restructuring help solve the scaling problem, and how
difficult is it (in particular, in addition to the restructurings
already developed in [10], are new restructurings needed at
larger scale that were not needed at smaller scale); (iv) what
are the key remaining system bottlenecks and in which layer
(Figure 1) do they appear. Answering these questions helps
us identify the next critical areas of research in SVM clus-
ters.

Our highest-level conclusion is that while the level of
application restructuring needed is quite high compared to
applications that perform well on a hardware-coherent sys-
tem of this scale, and larger problem sizes are needed for
good performance, SVM, surprisingly, performs quite well
at the 64-processor scale for a fairly wide range of appli-
cations, achieving at least half the parallel efficiency of a
high-end hardware-coherent system and often much more.

The rest of this paper is organized as follows. Section 2
discusses related work and what is known so far. Section 3
describes the architecture of our systems (both hardware
and software) in some detail, including new optimizations.
In Section 4 we present our results and analyze the system
behavior. Finally, in Section 5 we draw our conclusions and
discuss future directions for work on SVM clusters.

2 Related Work

The scalability of a hardware-coherent shared address space
multiprocessors has been demonstrated to a 128-processor
scale for a real, modern system, the SGI Origin2000 [12].
We use the 64-processor speedup results from that platform

1The cluster we use has a cost in the range of US$300K (assuming
today’s 450MHz processors as opposed to 200MHz in our system),
whereas the Origin2000 has an estimated cost of about US$2.5M for
a configuration similar to the cluster we use.

as a loose standard against which to compare our results in
this paper.

Previous work on examining the performance of software
shared memory clusters at significant scale includes the fol-
lowing. The Cashmere-2L study uses 32 processors in a
system of eight, 4-way DEC Alpha SMPs connected by the
DEC Memory Channel. The focus is on protocol-level issues
for extending the Cashmere protocol to clusters of SMPs and
examining the benefits achieved from using SMP clusters
rather than uniprocessor clusters, not so much on under-
standing scalability. It also does not use a wide enough range
of applications that is needed to understand whether or not
SVM works at larger scale. Three “standard” SPLASH-2
applications are used, together with some other parallel pro-
grams; while the two simpler ones (LU and WaterNsquared)
scale quite well from 4 to 8 SMP nodes, the Barnes-Hut ap-
plication does not. The MGS system [22] examined clus-
tering issues for SVM systems by using a hardware cache-
coherent system to investigate different node partitioning
schemes. They used a TreadMarks-like protocol, and they
find synchronization and data movement across nodes to be
a problem. Fine-grained software shared memory [16] has
also been explored, most recently in the Shasta system [18, 6]
on a small-scale cluster of SMPs.

For the scalability of uniprocessor-node systems, a sim-
ulation study compared a hardware-supported home-based
protocol (the AURC protocol) with a non home-based, orig-
inal Treadmarks-style protocol [9]. It examined both 16-
and 32-processor clusters, and studied the impact of prob-
lem size. However, it used rather small problem sizes, did
not examine application restructuring, and was limited by
not being performed on a real system. Another study ex-
amined the all-software home-based HLRC and the origi-
nal Treadmarks protocols on a 64-processor Intel Paragon
multiprocessor [23]. This study focused on the ability of
a communication coprocessor to overlap protocol process-
ing with useful computation in the two protocols, but it
also compared the protocols at this large scale. However,
the architectural features and performance parameters of
the Paragon system are quite different from those of mod-
ern clusters. Also, the study used mostly simple, not very
demanding computational kernels and only two real appli-
cations (WaterNsquared and Raytrace).

Finally, an interesting contemporary study [4] compares
the scaling of the all-software TreadMarks and HLRC proto-
cols on a cluster of uniprocessors, with 32 uniprocessor nodes
connected with a gigabit Ethernet interconnect. The results
show that the protocols perform similarly overall, and that
neither protocol seems to scale well to this point for non-
trivial applications (generally in their original forms). Here
too, relatively few real applications were used and the focus
was on comparing the two families of protocols rather than
revealing system bottlenecks.

Previous work has shown that starting from “original”
versions of applications that are tuned to perform well on
moderate-scale (32-processor) hardware-coherent systems,
SVM clusters require substantial algorithmic and data re-
structuring to work well even at relatively small scale (16
processors) for many real applications [10]. Similar restruc-
turings were found to be needed to scale hardware-coherent
machine performance, especially to larger processor counts
than we consider here [12], so the restructurings are not
specific to shared virtual memory and we study them on
Origin2000 as well. Overall, while a lot of progress has been
made, the question of whether SVM can be made to work
well for modern clusters at substantial scale, and how dif-



ficult this is on the programming front, has not been ade-
quately addressed.

3 Platform

Each node in our cluster is an Intel PentiumPro Quad SMP.
It contains four 200 MHz processors, a shared snooping-
coherent bus, and 512 MB of main memory. Each processor
has separate 8KB instruction and data caches and a 512KB
unified 4-way set associative second level cache. In the anal-
ysis of the results we explicitly state cases where the small
caches may result in artificially high speedups due to the
reduction of the working set size in the parallel execution.
The operating system is WindowsNT 4.0.

Each SMP node connects to a Myrinet [3] system area
network interface (NI) via a PCI bus. The 16 Myrinet NIs
are connected together via a single 16-way Myrinet cross-
bar switch, thus minimizing contention in the interconnect.
Each NI has a 33 MHz programmable processor and con-
nects the node to the network with two unidirectional links
of 160 MByte/s peak bandwidth each. Actual node-to-
network bandwidth is usually constrained by the PCI bus
(133MBytes/s) on which the NI sits.

In the next subsections we describe the system that we
have built, following the layered architecture of Figure 1, in
a bottom-up fashion. A description of the relevant features
of the Origin2000 system can be found in [12].

3.1 Communication Layer

The communication layer we use in this system is Virtual
Memory Mapped Communication (VMMC) for the Myrinet
network [5]. VMMC provides protected, reliable, low-latency,
high-bandwidth user-level communication. The key feature
of VMMC that we use is the remote deposit capability. The
sender can directly deposit data into exported regions of
the receiver’s memory, without process (or processor) in-
tervention on the receiving side. The communication layer
has been extended to support a remote fetch operation and
system-wide network locks in the network interface without
involving remote processors, as described in [2]. It is impor-
tant to note that these features are very general and can be
used beyond SVM protocols. Table 1 shows the cost for the
basic VMMC operations.

VMMC Operation Cost
1-word send (one-way latency) 14µs
1-word fetch (round-trip latency) 31µs
1-page send (one-way latency) 46µs
1-page fetch (round-trip latency) 105µs
Maximum ping-pong bandwidth 96MBytes/s
Maximum fetch bandwidth 95MBytes/s
Notification 42µs
Remote lock acquire 53.8µs
Local lock acquire 12.7µs
Remote lock release 7.4µs
Host overhead for asynchronous send/fetch 2-3µs

Table 1: Basic VMMC costs. All send and fetch operations
are assumed to be synchronous, unless explicitly stated oth-
erwise. These costs do not include contention in any part of
the system.

3.2 Protocol Layer

We use GeNIMA [2] as our base system. GeNIMA uses gen-
eral purpose network interface support to significantly im-
prove protocol overheads and narrow the gap between SVM
clusters and hardware DSM systems at the 16-processor
scale. Since our larger infrastructure used in this research
supports the WindowsNT operating system, we ported the
GeNIMA system from Linux to WindowsNT and switched
from the process to the thread model. This has many im-
plications for the protocol, since threads share the same ad-
dress space (and the same page table in the operating sys-
tem). To obtain the final version of the protocol we use here,
we added certain protocol-level optimizations to the origi-
nal GeNIMA system to enhance performance and memory
scalability:

(i) On the performance side, we schedule operations in
barriers to achieve maximal overlap of useful work, commu-
nication, and idle time. The cost of mprotecting pages was
found to be substantial at barriers, so we protect ranges of
contiguous pages with reduced per-page protocol processing
(per page checks, etc), in the common case. We reduce the
cost for local lock acquires and releases by making sure there
is no need to manipulate the OS page table and SVM pro-
tocol data; acquiring and releasing a local lock is practically
equivalent with a local test and set operation over the mem-
ory bus. Finally, we modify the protocol to not broadcast
the write notices at lock releases. Instead, each processor
uses a remote fetch operation to get the write notices at the
next acquire operation.

(ii) On the memory side, most LRC-based SVM systems
have very large extra memory overhead for keeping write no-
tices and diffs which greatly restricts the sizes of problems
that can be run. By propagating diffs to the home at release
operations, a home-based protocol dramatically reduces the
memory overhead for diffs compared to traditional LRC pro-
tocols. However, memory overhead for write notices is still
large, which is especially a problem for applications that ex-
hibit a lot of lock synchronization (barriers generate write
notices too, but global garbage collection when needed at
barriers addresses this problem). To reduce these require-
ments we use a scheme for managing dynamically the pro-
tocol data structures that hold the write notices even when
they are accessed directly by remote nodes. More intrusive
solutions would involve different methods for garbage col-
lection that may introduce additional overheads (messages,
protocol processing, etc), or more eager protocols, and we
do not examine them here.

With memory mapped communication systems, another
important issue is the amount of memory that needs to be
pinned. With send-based communication systems, appli-
cation and protocol data structures are updated remotely
with direct-deposit operations and thus need to be pinned.
With the addition of the remote fetch operation, application
and protocol data are updated by the local node, with the
use of fetch operations. Thus, only the remotely read data
structures need to be pinned. This means that for global
application data we need to pin only home pages, and for
protocol data structures only the local copy and not the
remote replicas.

Table 2 shows that the new system has performance ei-
ther comparable or better than the Linux version2. The base

2The difference in FFT is due to the fact that FFT is affected
significantly by memory bus contention. We noted that the compute
time for FFT (as computed in our system) differs between Linux and
WindowsNT. This can be either due to compiler differences (gcc un-
der Linux vs. Microsoft C under WindowsNT), or the system con-



system achieves parallel speedups close to those on a hard-
ware cache-coherent multiprocessor, an SGI Origin2000, at
the 16-processor scale for many classes of applications.

Speedup (16 procs)
Application Problem Size SVM Origin

Linux NT 2000
FFT 1M points 6.1 4.1 13.4
LUcontiguous 4096 × 4096 matrix 12.2 12.9 14.3
OceanRowwise 514 × 514 grids 5.4 4.7 12.5
BarnesSpatial 32K particles 8.8 12.2 12.9
RadixLocal 4M integers 1.4 1.6 12.4
WaterNsquared 4096 mols 9.1 9.6 13.8
WaterSpatial 15625 mols 7.8 7.0 13.4
Volrend 2563 head 11.7 12.2 12.9
Raytrace 256× 256 car 12.8 11.3 14.2

Table 2: Application speedups on 16 processors on three
systems: (i) GeNIMA on Linux [2], (ii) GeNIMA on Win-
dowsNT for this work, and (iii) SGI Origin2000, a hardware
cache-coherent multiprocessor. The second column shows
the problem sizes that were used.

3.3 Applications Layer

We use most of the SPLASH-2 shared-address-space par-
allel applications [21]. In particular, for applications that
have been restructured to perform well on a simulated 16-
processor SVM system in [10], we apply the best versions
from there as the original versions in this scalability study,
because their original SPLASH-2 versions perform poorly
even on the small- to moderate-scale SVM systems. More
specifically: (i) FFT, LUcontiguous, WaterNsquared, and
WaterSpatial are unmodified SPLASH-2 versions. These
versions of the applications are already optimized to use
good partitioning schemes and data structures, both major
and minor, for both hardware coherence and release consis-
tent SVM [7]. (ii) BarnesSpatial, OceanRowwise, RadixLo-
cal, Volrend, and Raytrace are the restructured applica-
tions from [10]. With a drastic algorithmic change for one
phase of Barnes-Hut, BarnesSpatial substantially reduces
the amount of lock synchronization. The restructurings for
the others are less intrusive and try to improve data as-
signment, make remote accesses less scattered, or eliminate
unnecessary synchronizations. (iii) Finally for better scal-
ing, WaterSpatial is further restructured in this paper to
reduce the amount of locking, and SampleSort is introduced
as an alternative algorithm to Radix sorting. In WaterSpa-
tial after the computation performed in each phase of the
application, global variables are updated by locking. The re-
structured version, WaterSpatialFL, fuses these updates in
one critical section after all phases, reducing the number of
lock operations. Sample sort uses two local sorting phases,
separated by a short phase to compute splitter keys, and
a communication phase to copy a contiguous set of remote
keys to a local array (to prepare for the next local sort).
The local sorts can use any sequential sorting method; here,
Radix sort is used. Unlike parallel Radix sort, the all-to-all
communication is based on remote stride-one reads rather
than scattered remote writes, and is therefore better be-
haved.
figuration (queue depth of the memory bus, PCI bus configuration,
etc.) performed by the operating system and the drivers. These af-
fect memory bus behavior and result in different compute times (and
speedups) under the two systems.

4 Results

In this section we present results on a per application ba-
sis, addressing the questions raised in the introduction for
a system of this scale: (i) do these classes of applications
scale well, (ii) does increasing the problem size help, (iii)
are application restructurings effective and how difficult are
they, and (iv) what are the important bottlenecks in the
system? For simplicity of presentation, we consider both
the original application and its further restructured version,
if applicable, at every stage of the performance analysis in
this section (corresponding to the different questions that
were raised above).

In studying the scalability of SVM on clusters we use two
problem sizes: (i) a “basic” problem size, which has been
demonstrated to scale reasonably well at the 16-processor
scale [2] (see Table 2), and (ii) when the basic problem size
does not scale, we use a larger problem size. In general, in-
creasing problem size tends to improve many inherent pro-
gram characteristics, such as load balance, inherent commu-
nication to computation ratio, and spatial locality. On the
other hand, it may increase working set size as well. Ta-
ble 3 presents the problem sizes we use and the size of the
application shared data for each problem size.

Table 4 presents the application speedups on 16, 32 and
64 processors in our system for each problem size. For refer-
ence we also include speedups on an SGI Origin2000 system.
Figures 7 and 6 present analytic execution time breakdowns
and speedup curves for each application. The components
of the execution time are (i) the compute time, which is the
time the system spends doing useful work3, (ii) the data wait
time, which is the time each processor spends waiting on re-
mote memory references, (iii) the lock time, which the time
the system spends acquiring and releasing locks (both local
and remote), (iv) the acquire/release time, which is the time
each processor spends in acquire/release primitives that are
used in some applications to make them release consistent,
and (v) the barrier time, which is the time spent in barrier
synchronization. In the next few paragraphs we analyze the
behavior of each application.

FFT: FFT (Figure 6) is a bandwidth intensive application
because of the all-to-all communication during the transpose
phase. Moreover, FFT exhibits an additional problem in our
platform. When run with multiple processors per node, the
memory bus is saturated and the local memory access time
is increased.

For the basic problem size (1M points), the speedup with
16, 32, and 64 processors is 4.13, 3.94, and 4.65 respectively
(13.4, 31.72, and 45.84 on Origin). We see that FFT not only
exhibits a relatively low speedup at the 16-processor scale
(because of the high data wait time and the local memory
bus contention), but it scales very poorly as well. As the
number of nodes that fetch data from each node increases,
the contention in the network interface of the servicing node
increases. This results in higher remote memory access time.
At the same time, since these remote requests need to access
the memory bus, the additional contention for the memory
bus affects local memory access time as well. Therefore, the
poor scalability of FFT is due to the increased remote and
local memory access time at larger processor counts. We
tried a restructured version for FFT, where the transpose is
performed implicitly while computing, to reduce burstiness

3This time includes the local memory reference time and other
system activity, like context switches, which may take place while the
application is running.



Application Basic Problem Size Amount of Data Large Problem Size Amount of Data
(MB) (MB)

FFT 1M points 48 4M points 192
LUcontiguous 4096 × 4096 matrix 128 6144 × 6144 matrix 288
OceanRowwise 514 × 514 grids 95 1026× 1026 grids N/A
BarnesSpatial 32K particles 46 128K particles N/A
RadixLocal 4M integers 33 32M integers 257
SampleSort 4M integers 53 32M integers 412
WaterNsquared 4096 mols 3 15625 mols 10
WaterSpatial 15625 mols 62 32768 mols 107
WaterSpatialFL 15625 mols 62 32768 mols 107
Volrend 2563 head 22 5123 head 168
Raytrace 256 × 256 car 50 512× 512 car 80

Table 3: Application problem sizes and amount of application shared data for each problem size.

Speedup
Application Base Problem Size Large Problem Size

S-16 O-16 S-32 O-32 S-64 O-64 S-16 O-16 S-32 O-32 S-64 O-64
FFT 4.13 13.40 3.94 31.72 4.65 45.84 4.39 19.36 5.50 37.12 6.86 67.20
LUcontiguous 12.95 14.32 22.99 26.86 37.19 45.39 12.15 14.94 21.78 28.42 39.09 47.51
OceanRowwise 5.25 12.57 6.49 20.52 7.47 9.41 N/A 20.47 N/A 30.98 N/A 44.21
BarnesSpatial 13.28 12.97 24.04 25.03 46.44 36.89 N/A 14.01 N/A 27.12 N/A 47.75
RadixLocal 1.64 12.43 1.93 16.77 2.43 21.57 2.18 12.87 2.84 23.17 5.46 27.21
SampleSort 3.12 21.43 4.21 27.08 6.20 18.63 12.44 16.06 9.82 23.72 17.86 28.48
WaterNsquared 9.61 13.82 13.60 26.24 9.88 44.71 13.01 15.37 22.09 30.40 29.60 58.88
WaterSpatial 7.02 13.42 8.29 25.95 6.77 35.90 8.06 14.11 8.78 27.62 8.73 48.98
WaterSpatialFL 8.66 N/A 12.33 N/A 20.46 N/A 10.97 N/A 17.13 N/A 29.28 N/A
Volrend 12.26 12.97 17.57 23.88 15.43 22.65 15.09 13.45 27.00 24.60 42.91 33.32
Raytrace 11.30 14.23 17.42 27.79 23.15 36.68 14.24 15.17 26.88 30.50 45.14 52.44

Table 4: Application speedups for each problem size on the SVM cluster and the Origin2000 for 16, 32, and 64 processors.

of communication compared to an explicit transpose phase.
However, this increases the number of messages and data
wait time gets even worse (not shown here), which indicates
that contention at the end points remains a problem.

Using a bigger problem size (4M points) improves per-
formance only marginally, and scalability is still very poor.
Thus, the bottleneck for FFT is contention in the network
interface and the memory bus; improving the performance
and scalability of FFT would require faster network inter-
faces and memory buses in SMP nodes.

LU: LUcontiguous (Figure 6) is expected to perform well,
since its communication to computation ratio is very low.
As we can see, it achieves a speedup of 12.95 on the base
system with 16 processors (14.32 on Origin). It keeps scaling
reasonably well up to 64 processors, with speedups of 22.99
and 37.19 for 32 and 64 processors respectively (26.86 and
45.39 on Origin). Figure 7 shows the bottleneck for better
speedup is barrier wait time due to imbalances.

Using a larger problem size improves both performance
and scalability of LU. The speedup on 64 processors in-
creases from 37.19 to 39.09 mainly due to the the reduc-
tion of barrier synchronization cost. The bigger problems
size helps reduce both computational imbalances and barrier
processing costs (because computation increases by O(n3)
and the number of barriers by O(n)).

Ocean: OceanRowwise (Figure 6) performs poorly on the
base system for two reasons: (i) local memory overhead is
high due to capacity misses and contention on the memory
bus because of multiple processors within each node and
nearest neighbor computation patterns, and (ii) the barrier
time is very high due to the large number of barriers in
the application. Because of the same reasons, Ocean scales
poorly as well. Figure 7 reveals that compute, data commu-
nication, and barrier time do not scale down proportionally
to the increased number of processors used. The amount
of data exchanged between neighbor processors does not
change with number of processors, because processors ex-
change entire rows of size n at inter-partition boundaries
due to the row-wise partitioning. The barrier time increases
because of high protocol costs as well as increased load im-
balances.

We do not present data for bigger problem sizes for Ocean,
since they have unrealistically high memory requirements
(for benchmarks). Increasing the problem size will improve
Ocean’s inherent characteristics in communication to com-
putation ratio. At the same time, larger problems will ag-
gravate contention on the memory bus within each node.
Therefore, it is not clear whether bigger problem sizes will
improve the scalability significantly.

Ocean combines part of the problems encountered in
FFT (memory bus contention, but not data wait time) and
the problems encountered in LU (high barrier cost). Im-



proving scalability for Ocean would require addressing both
of these issues, with barrier cost being the most important
one.

Barnes: The original version of Barnes (where both the
tree build and the force calculation phases are run in paral-
lel) performs very poorly even at 16 processors, and it does
not scale at all (not shown here). By applying a totally dif-
ferent tree-building algorithm to eliminate fine-grained and
global locking, BarnesSpatial (Figure 6) performs and scales
well even for the basic problem size. BarnesSpatial appears
to scale on the SVM cluster even better than on Origin on
16 and 64 processors. The reason is that the uniprocessor
performance on the cluster is worse than on Origin because
the cluster has a much smaller cache with each processor
than the Origin, resulting in more capacity misses. Figure 7
shows the factor that limits scalability is the barrier cost.
The barrier cost increases at the 64-processor scale, because
of an imbalance in the data wait time. This turns out to be
due to contention in remote page access, since the number
of pages fetched by different processors is actually relatively
balanced.

Since BarnesSpatial performs and scales very well with
the basic problem size, we do not examine a bigger prob-
lem size. Improving performance further seems to require
reducing barrier cost, partitioning the space in a way for
a better initial load balance, and finding ways to reduce
contention on remote page faults. As we have seen, such
contention-induced imbalance is a frequent problem given
the large granularity and high communication overheads on
SVM systems.

Radix: Radix performs very poorly (Figure 6). Figure 7
shows that it suffers from very high data wait and synchro-
nization overheads due to high communication traffic and
contention, especially on larger processor counts. Increas-
ing the problem size, helps substantially but overall perfor-
mance is still very poor. Major improvements will likely
require using a different sorting algorithm.

We use sample sort as an alternative algorithm to radix
sort. In sample sort the local sorting is done twice, so (ignor-
ing memory data access) the parallel efficiency is limited to
50%. In spite of this algorithmic disadvantage, sample sort
outperforms radix sort on the SVM cluster, and scales much
better (Figure 6), by substantially reducing data commu-
nication overhead and synchronization time on locks. The
remaining bottleneck in sample sort is high barrier cost (Fig-
ure 7).

Raytrace: Raytrace performs well on 16 processors with a
speedup of 11.3 (14.23 on Origin). Moreover, it scales rea-
sonably well to 32 and 64 processors for the basic problem
size. Figure 7 shows that the main reason for the losses in
performance is imbalances in the compute time and high
lock-synchronization costs. Given that remote lock acquires
are substantially more expensive than local lock acquires,
there are two issues that affect the cost of lock synchroniza-
tion: The number of remote versus local lock acquires and
the order in which locks are acquired. In Raytrace, the lock
time in each processor is high either because most of the
lock acquires are remote or because local lock acquires have
to wait for remote ones to be completed. Moreover, at the
64-processor scale, the high cost of lock acquisition reduces
the effectiveness of task stealing and computation is very
imbalanced (Figure 2).

Increasing the problem size for Raytrace improves per-
formance and scalability significantly. Figure 7 shows that
the improved behavior is due to lower lock synchronization
costs and better load balancing at the 64 processor scale.
The bigger problem size results in better load balance, and
less need for task stealing and lock synchronization.

Thus, the major problem for Raytrace is lock synchro-
nization. The high cost of remote locks leads to performance
losses. Task stealing is not effective in improving load bal-
ance due to the high locking overhead and the small task
size. In our experiments, in order to decrease the number
of remote lock acquires and lock contention, we always steal
from processors within a SMP node first. When the work of
a node is done, processors start stealing from other nodes.
For Raytrace and the problem sizes we use, this SMP steal-
ing scheme does not help much. This suggests that further
improvements to Raytrace require improving the cost of lock
synchronization even further, as well as restructuring the ap-
plication to make task stealing more effective.

Volrend: In Volrend, the work per stolen task is much
smaller than in Raytrace, so the performance of locks and
the success of task stealing are much more critical. The
initial partitioning we use for this version of Volrend results
in better load balance [10]. Therefore, Volrend performs the
best with task stealing disabled for the problem sizes we use.
Volrend performs and scales reasonably well up to 32 pro-
cessors for the basic problem size, but it does not scale to 64
processors (Figure 7). Figure 3 shows that on 64 processors
the compute time is very imbalanced leading to imbalances
and high barrier synchronization costs. Also, the cost of the
acquire/release primitives is increased.

Using a bigger problem size improves scalability dramat-
ically. As shown in Figure 6 it scales very well up to 64
processors. Again, due to smaller cache on uniprocessor,
the speedups on the cluster appears to be better than on
Origin. Compute time is more balanced and this leads to
smaller barrier wait time and barrier synchronization costs
in general.

We see that Volrend suffers mainly from imbalances in
compute time for the base problem size. Thus, enabling and
improving task stealing for large configurations can lead to
significant improvements. In addition, the applications
and potentially the SVM protocols, could be structured in
a way such that most of the lock acquires are local, taking
the advantage of the hierarchical nature of the system.

WaterNsqured: WaterNsquared performs well on 16 pro-
cessors for the base problem size. Moreover it scales well
up to 32 processors. At 64 processors the lock synchroniza-
tion time becomes extremely high and performance is poor
(speedup of 9.88; 44.71 on Origin). WaterNsquared uses
per molecule locks to ensure that updates to the molecules
are done properly. Thus, it exhibits a large amount of
fine-grained locking causing lock contention and serializa-
tion, and resulting in high and highly imbalanced lock-based
synchronization costs at the 64-processor scale. We experi-
mented with a version of WaterNsquared that uses per pro-
cessor locks, but the overall performance is not affected.
Lock time is reduced for certain processors, but is still very
imbalanced and performance does not improve.

Increasing the problem size leads to a significant im-
provement in performance and scalability on 16, 32, and
64 processors (speedups of 13.01, 22.09, and 29.60 respec-
tively; 15.37, 30.4, and 58.88 on Origin). Less contented
locking, due to much increased computational complexity
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Figure 2: Execution time breakdown for Raytrace (base problem size).
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Figure 3: Execution time breakdown for Volrend (base problem size).

(O(n2)), results in more balanced lock time and therefore
lower barrier synchronization costs.

Thus, despite the good performance and scalability of
WaterNsquared, lock synchronization overhead and imbal-
ances due to contention are high (Figure 4) and they consti-
tute the dominant bottleneck for further improving applica-
tion performance.

WaterSpatial: In WaterSpatial (Figure 6), although the
performance of the base system is reasonable for base prob-
lem size, performance does not scale up at all at the 32- or
64-processor scales. The main reason is very high imbal-
ances in the lock wait time. These imbalances are due to
the order in which locks are acquired by each processor, and
most of the overhead for lock acquisition is wait time due
to lock serialization. Moreover, the problem size of 15625
molecules results in computational imbalances at the 32-
and 64-processor scales.

Increasing the problem size, helps performance and scal-
ability in two ways: First compute time imbalances disap-
pear, since tasks are divided more evenly across all proces-
sors. Second, synchronization overhead is reduced. How-
ever, lock-synchronization costs still remain highly imbal-
anced across nodes (Figure 5) resulting in low overall per-
formance. To scale well, we restructured WaterSpatial to
reduce the amount of locking (WaterSpatialFL). The final
performance improves substantially (Figure 6). Figure 7
show that WaterSpatialFL performs and scales very well
even at the 64-processor scale.

As in Raytrace and Volrend, to improve WaterSpatial,
we need to take better advantage of the hierarchical features
of the clustered architecture, whereas for WaterSpatialFL
data wait time is the most significant bottleneck.

5 Conclusions

We have investigated the scaling of application performance
on a shared virtual memory cluster of SMPs for a wide range
of application classes, using a hardware-coherent SGI Ori-
gin2000 multiprocessor with similar processor speed (but
much higher cost) as a rough comparison point. The 64-
processor system we use is composed of sixteen 4-way SMPs
connected by a Myrinet network running VMMC as the
communication layer. The home-based SVM protocol we
use, GeNIMA, generally exhibits very good performance at
the 16-processor scale, taking advantage of general-purpose
network interface support for data movement and mutual
exclusion.

Using our metric of 50% of the parallel efficiency ob-
tained at the same scale on the Origin2000 (which has much
higher cost than the cluster), we find that, surprisingly, most
of the applications in our suite, except FFT and Ocean fi-
nally scale well on our 64-processor SVM cluster with rea-
sonable problem sizes (Table 4). However, this does not
come easily. Applications already optimized to the level of
SPLASH-2 run well on a 64-processor Origin2000, but of-
ten very poorly on even a 16-processor cluster and most
always very poorly on a 64-processor cluster. Restructur-
ings of the sort used earlier for 16-processor SVM systems
(and that turn out to be necessary on Origin to scale to 128
processors [12]) help a lot, but are still not enough for many
applications: the basic problem sizes perform poorly, and
increasing the problem size helps achieve 50% of the Origin
speedup for a few applications (e.g. WaterNsquared) but
not for many others (e.g. FFT, Ocean, RadixLocal, and Wa-
terSpatial). Still further restructurings are needed in many
cases. In general, in most cases where success is achieved, it
requires significantly larger problem sizes and more substan-
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Figure 4: Execution time breakdown for WaterNsquared (base problem size).
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Figure 5: Execution time breakdown for WaterSpatial (large problem size).

tial applications restructurings than on hardware-coherent
systems.

Empirically, we divide the applications into four classes
based on their characteristics and their performance on a 16-
processor cluster. The first class is those that perform well
at the 16-processor scale and do not use much locking. These
applications (LU, WaterSpatialFL, and BarnesSpatial) scale
well to 64 processors even for relatively small problem sizes.
The second class is those that perform well at 16-processor
scale despite using a lot of locking. These applications (Wa-
terNsquared, Volrend, and Raytrace) do not scale well for
the base problem sizes but do scale well as problem size
is increased. The third class is those that do not perform
well at 16-processor scale primarily due to an abundance
of locking and acquire/release primitives (e.g. Radix, and
the original, SPLASH-2 forms of Barnes, Volrend, and Ray-
trace, that we do not present in this paper). Increasing
problem size does not suffice here, and restructuring has to
be used to dramatically reduce the frequency of locking. Fi-
nally, the fourth class is applications that do not perform
well at the 16-processor scale primarily due to memory bus
or communication bandwidth problems (e.g. FFT, Ocean,
Radix). These applications require either using an entirely
different algorithm or improving memory bus and commu-
nication layer performance.

In general, there are three major sources of poor per-
formance: an abundance of fine-grained locking, imbalances
in communication or other costs that are not fundamental
due to bandwidth limitations, and memory bus or commu-
nication bandwidth limitations. The first two sources can
be taken care of either by using larger problem sizes or by
restructuring, even though restructuring is often algorith-
mic and substantial. In these cases, barrier time (either
imbalances or protocol processing costs) often becomes the

dominant bottleneck at large scale. The third source is more
difficult to overcome on systems that do not provide enough
effective bandwidth (memory bus or network), unless a com-
pletely different algorithm for the problem can be found (e.g.
in sorting).

We find our final results surprisingly optimistic, given
the nature of the applications used. However, the substan-
tial remaining gap in the performance of the two architec-
tures at the 64-processor scale, the tremendous need for
algorithmic and programming restructuring, and detailed
performance analysis for SVM imply that a lot more work
is needed at all layers to make SVM on clusters of SMPs
scalable. In particular: (i) The cost and bandwidth of com-
munication in system area networks needs to be improved
for certain very demanding applications. (ii) The cost of
many protocol operations needs to be reduced, perhaps by
providing additional support in the network interface and by
adapting protocols to use it. This is particularly important
for reducing the cost of lock and barrier synchronizations
at large scale systems. (iii) The application restructuring
methods must be further developed and codified into a set
of guidelines for performance-portable and scalable parallel
programming, for both tightly-coupled systems and clusters,
so that they can be practiced more naturally. They also
need to be extended to take the advantage of a multi-level
communication hierarchy as in a cluster of multiprocessor
nodes.
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