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Abstract. Data locality optimization in parallel systems is a non-trivial task.
This task is typically done by the programmer: based upon an exhaustive analysis
of an application’s run-time behavior, data access and distribution is re-modeled
manually. Once the system, application, or just the input data set changes this
effort has to be repeated.

Ideally, this task can be automated which requires introduction of Self-X qualities
into the system. We developed an architecture concept for self-organizing parallel
computer systems. This architecture is based on two main principles which are
flexible monitoring to instantiate self-awareness, and adaptive components for all
aspects of self-configuration. It is completed by a self-awareness mechanism, the
autonomic planning. These Self-X properties pervade all system layers.

Based on this architecture concept, we implemented an autonomic data locality
optimization system. With the achieved results presented in this paper we suc-
cessfully demonstrated suitability and applicability of the architecture concept
and were able to highlight the benefits of autonomic data locality optimization.

1 Introduction and Motivation

Past prognoses always saw Moore’s Law as the ultimate barrier for future system devel-
opment. However, in modern systems the complexity has risen to an amount where not
physical constraints but the complexity itself turns into a problem. While it is possible
to build such complex systems, maintenance and especially application optimization
are increasingly difficult to handle by humans.

Because of growing system complexity combined with increasing usability and re-
liability requirements, such tasks should be fulfilled automatically, i.e. the systems with
self-organizing characteristics and capabilities are mandatory. In general, such systems
require introspection to acquire system-wide state-information to tune for desired per-
formance, energy consumption, reliability, security, or other metrics. In a typical self-
organizing system, a monitor probe will acquire state, and then a steering component
will adapt the system — either dynamically at runtime, or statically as in profile directed
feedback techniques for future executions.

This requires flexible and powerful monitoring resources on all system layers. It is
vital to avoid restriction to some few monitoring points as present in current systems:
by extending monitoring to all system layers, it is possible to exploit emergence effects
contributing to improved self-awareness.



Based on this data, a more suitable (i.e. optimized) system configuration can be de-
termined. This requires presence of adaptive components on all system layers which
then supply necessary reconfiguration capabilities. Amount of reconfiguration is deter-
mined by analysis of monitoring data and evaluation against given rules or problem
specifications, so-called objective functions.

Objective functions describe the wanted, optimal system behavior. Because of their
often contradictory nature, weighing these objective functions is a non-trivial task, and
therefore different approaches and strategies exist to achieve what is considered the
“optimal” solution. This weighing process is based on application type, field of use,
and additional system conditions. Further complexity is added from the fact that objec-
tive functions are not necessarily one-dimensional but can also be multi-dimensional,
aggregate functions.

We developed an architecture concept, ASoCS, which specifically supports de-
sign and programming of self-optimizing parallel and distributed computer systems.
As a case study for using this architecture concept, we implemented an automatic
data locality optimization based on the ASoCS concept. Data locality optimization is
a well-known problem within the field of parallel programming: based upon an ex-
haustive analysis of an application’s run-time behavior, data access and distribution is
re-modeled manually. Once the system, application, or just the input data set changes
this effort has to be repeated. With our exemplary implementation we were able to
demonstrate suitability and applicability of this concept and highlight the benefits of
autonomic data locality optimization.

This paper is organized as follows: in Section 2 we present related approaches re-
garding the introduction of autonomous features, so-called Self-X capabilities such as
Self-Awareness or Self-Optimization, for system and application design. We then intro-
duce the ASoCS framework in Section 3 followed by an exhaustive discussion of our
exemplary implementation of an autonomic data locality optimizer based on ASoCS
principles in Section 4. The paper concludes with Section 5.

2 Related Work

Data locality optimization requires sophisticated system introspection by using various
monitoring techniques. That way data access patterns and frequencies can be detected,
which allow better use of local memory and cache resources.

The ASoCS concept was specifically designed to aid such introspection by a pow-
erful monitoring concept explained in Section 3. Monitoring is able to not only gather
data from various system layers, but also capable of processing, interpretation, and eval-
uation against given objective functions already in place without necessarily requiring
a central post-processing instance.

In adaptive systems, this data serves to compute a possible, more suitable system
status resulting in a system reconfiguration affecting all system layers. This optimiza-
tion process ideally runs automatically without human interaction, i.e. the system turns
into what is typically called an autonomic system.



Certain aspects of the above problems have been targeted in current and previous
research activities and industrial initiatives. Within this section activities involving au-
tomatic optimization are discussed.

Initiatives targeting Autonomic Computing IBM’s Autonomic Computing (AC) ini-
tiative [15] targets automated system administration without need for human interac-
tion. The initiative covers performance, energy efficiency, reliability, and security [34,
35]. To achieve this goal, a system is partitioned into several components: Tivoli Mon-
itoring [17] monitors the most important system resources. Collected data is evaluated
against an optimizing objective function; this is done by the Business Workload Man-
ager (BWLM).

Within their AC initiative, IBM already implemented self-repairing and query-opti-
mizing components for their DB2 relational database. The query optimizer is part of
IBM’s Learning Optimizer (LEO) and was developed for the Smart Managing and
Resource Tuning (SMART) database technology project. Additional servers, based on
the eLiza project [16], are able to automatically manage computing and memory re-
sources. Another part of this project is Enterprise Workload Management (eWLM),
which among other features will enable performance self-optimization.

Similar initiatives exist, such as Sun Microsystems’ Network Virtualization Strategy
(N1) for dynamic allocation of network resources [28], or Hewlett-Packard’s Planetary
Computing project [4]. The latter is an architecture enabling supercomputing centers
to automatically reconfigure software infrastructure, and assign needed memory and
server resources.

In addition to the already mentioned industrial projects, numerous academic projects
exist such as UC Texas’ EDGE architecture [9] or the adaptive software from Michigan
State University [10].

Common to all approaches is their limited scope resulting from the addressed sce-
nario, automated system administration. Only certain applications, like database op-
timization or data storage, are addressed. Furthermore those approaches are usually
targeting higher system levels and leave out low-level optimization on hardware level.

Feedback systems Feedback loops are e.g. used in real-time systems for industrial and
automotive control: input data provided by sensors is collected and evaluated. Based on
evaluation result, appropriate control takes place. Such feedback loops are prerequisites
for self-organizing systems.

Current research interest is typically put on adjusting computing power and energy
efficiency. Here, for instance, IPC count is used as a measure to adjust issue width and
number of functional units [7]. Another approach is using miss ratio, IPC count, and
jump ratio for detection of execution phases with intent to reconfigure caches and TLBs
to optimally match phase requirements [3].

Another project, described in [23], targets the memory subsystem by measuring
how much time elapses between consecutive accesses to an energy-aware memory.
Based hereon, appropriate power mode and most energy-saving page allocation are
determined.



Similar to monitoring systems, again a multitude of solutions exists, each targeting
a special area. A generic and flexible architecture could be used as an universal frame-
work for all types of feedback systems. In addition, feedback systems as described
above greatly benefit from a system-wide monitoring infrastructure providing supple-
mental data.

Monitoring Feedback systems as introduced in the previous section require techniques
to gather and process system parameters to be able to create a certain sense of self-
awareness. These parameters can be collected on various system levels such as lowest
hardware level, driver level, OS level, or application level.

On lowest hardware level, performance counters offer some rudimentary monitor-
ing support. They are typically used to profile an application and investigate possible
application optimizations such as enhanced data layout in memory to improve cache
use. Modern processor architectures offer so-called event counter registers [1, 8, 19, 20,
30, 18,29]. Number and use of these registers are dependent on the individual architec-
ture: counter registers are either bound to certain events or can be more or less freely
assigned [29, 19]. The majority of existing tools is based on these counter registers.

Counter-based methods typically suffer from basic limitations [37], and do not al-
low differentiation between events being triggered by speculative and non-speculative
execution. False counts from speculation are addressed with the precise event-based
sampling (PEBS) of Intel’s Pentium 4 architecture [20,36]. Similar, but less complex
methods are implemented in the IBM’s Power architecture [30, 18].

For architectures without such hardware support, monitoring can be achieved using
plain software. For example, gprof [11] uses compiler-generated function prologues
to log information such as called address and number of calls. To collect statistical
information and enable mapping of execution times to functions, gprof periodically
parses the program counter.

It is also possible to embed monitoring routines on driver level as demonstrated by
the Myrinet-based Shrimp Cluster [24]. A combined hardware/software method was
used on the SMiLE monitor for SCI networks [14].

Monitoring APIs as described in [32], [2], or [25,26], decouple monitoring devices
from post-processing software by offering an abstract programming interface rather
than directly accessing the monitoring hardware.

The drawbacks of the above examples can be subsumed as follows: not only are
existing monitoring infrastructures in hardware inherently fixed, they are typically very
application-specific. In addition, no standardized, generic API exists to work with mon-
itoring infrastructures. So far, several approaches for monitoring APIs exist, However,
these are typically bound to certain application such as e.g. monitoring parallel systems
[25-27].

An approach into this direction was taken within the APART project [13] and the
associated EP-Cache project [12]. These, however, only target monitoring and analysis
in parallel and distributed systems. With respect to self-organizing systems, still no
uniform, application-independent, and standardized monitoring API exists including
reporting existing monitoring resources, permitting access to these resources, and —
regarding self-organization — enabling reconfiguration.



3 The ASoCS Architecture Concept

The data locality optimization (DLO) implementation closely follows the ASoCS archi-
tecture concept. This concept was previously presented in [6], therefore in this section
we give a quick overview over our architecture as required to understand how the ex-
emplary DLO implementation makes use of the concept.

3.1 Architecture Details

Integral part of the proposed architecture concept is a novel monitoring infrastructure.
As previously explained, monitoring must take place on all system layers. It further-
more must be flexible to adhere to demands of the planning stage which computes
necessary system reconfiguration according to monitoring data. To achieve this, moni-
toring will not be a monolithic part of respective system layers. Instead, it will be split
into monitoring capsules and monitoring modules.

Monitoring capsules are embedded into all system layers and provide appropriate
interfacing required to dock or plug monitoring modules into the respective layer. Mon-
itoring modules represent the monitoring functionality consisting of the sensory part
(data pickup) and defined pre-processing capabilities. Splitting the monitor resources
into capsule (interface) and module (functionality) enables exchange of monitoring
modules, thus the monitoring infrastructure itself can be reconfigured depending on the
planning stage’s needs. Monitoring modules will be stored in a repository from where
they can be retrieved and docked into the appropriate monitoring capsule.

A dedicated API will serve as an abstraction layer and enable access to monitor-
ing capsules and adaptive components by other system services such as the adaptive
planning stage. This stage decides which monitoring modules are loaded into their re-
spective capsules.

Data collected by the monitoring infrastructure will be buffered in a local perfor-
mance repository. This data can be merged with other local data from additional system
nodes resulting in a global performance manager enabling scalability of the entire per-
formance repository system. A dedicated query interface provides access to all local
performance repositories and the monitoring infrastructure.

This query interface is used by the adaptive planning stage which evaluates col-
lected data against objective functions to determine appropriate system reconfiguration.
This evaluation is based on certain metrics quantizing system parameters and objective
functions; when adapting this architecture to distinct application, it is necessary to in-
vestigate and evaluate existing metrics for use in adaptive planning and to eventually
develop novel metrics aiding in the evaluation process where needed.

The overall architecture concept basically enhances and refines a common control
loop scheme: a system is split into a S-tier hierarchical scheme: the bottom layer is
formed by the system hardware, with the (Real-time) Operating System (OS) includ-
ing hardware drivers on top. The OS is assisted by libraries which in term are required
by the compiler to finally create the desired application. Depending on its type, an ap-
plication might influence only some or all levels. On each hierarchy level monitoring
capsules exist. These capsules can be loaded with monitoring modules stored in a mon-



itoring repository. Data collected and preprocessed by monitoring modules are stored
in a local performance repository.

The architecture concept explicitly addresses parallel and distributed systems: local
repositories of all system nodes can be retrieved by a global repository manager (GRM).
This GRM is virtually centered between the local repositories of all nodes. Repositorys
are accessed by the adaptive planning stage (APS) through a dedicated query interface.
APS then evaluates this data and determines required reconfiguration. To enable such
reconfiguration, each hierarchy level contains adaptive components which are instru-
mented by APS.

In Section 2 several projects and initiatives were presented which more or less ex-
haustively target such closed control loop systems. So far, none of them addresses a
uniform architecture for self-organizing or organic architectures, but rather focuses on
certain applications or system aspects. Contrary to these, our concept is application- and
system-independent, and addresses all system layers rather than specific system param-
eters. It is furthermore applicable to single nodes as well as parallel and distributed
systems.

When applying the architecture concept, methods for data evaluation and compu-
tation of system reconfiguration based on monitoring data, objective functions, and
additional data such as amount of possible reconfiguration must be investigated and
developed with respect to the given application scenario. This also includes evaluation
of existing metrics and eventually developing of novel metrics to be able to quantize
requirements and reconfiguration efforts as required by the target application scenario.

4 Prototypical Implementation with Data Locality as Initial
Objective Function

In order to evaluate the ASoCS concept, we built a prototypical architecture and devel-
oped several components for a feedback loop with respect to data locality optimization
on NUMA architectures. The reason for choosing NUMA locality as the initial objec-
tive function lies in the fact that we have been doing research work in the area of shared
memory programming on top of NUMA architectures [33].

A typical NUMA (Non-Uniform Memory Access) machine is comprised of several
commodity PCs or workstations connected through modern interconnection technolo-
gies. On such a machine, the main memory is distributed over the system, but globally
organized into a shared virtual memory accessible from all processor nodes. Due to the
different property of local and remote memory accesses, however, references targeting
a remote memory can take up to two orders of magnitude longer than local accesses.
As a consequence, unoptimized applications often suffer from poor data locality and
the resulting high memory access latencies. As the first step towards self-organizing
computer systems, we tackle this locality issue on NUMA machines.

4.1 Structure of the Feedback Loop

Figure 1 depicts how we map this problem onto the general framework of ASoCS. First
of all, such data locality optimization needs a set of system parameters such as memory
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Fig. 1. Memory Locality Adapting on NUMA Systems.

access distribution and remote access characteristics. we assume Monitoring Capsules
(MC) integrated in the NUMA network interface capable of observing all remote mem-
ory transaction. On top of these MCs, we use low-level APIs for preprocessing the
original monitoring data. For each MC, a Data Buffer is maintained for storing the local
monitoring information. From there, data is aggregated and combined into the Global
Database. This work is done by the OMIS/OCM [40] monitoring interface. Besides,
OMIS/OCM also provides a Query Interface that delivers the memory locality infor-
mation to higher levels. Finally, an Adaptive Planning and an Adaptive Component are
needed for self-tuning. The former is implemented with a Data Analyzer that automat-
ically analyzes the runtime interconnection traffic and detects access hot spots, while
the latter is achieved with a Migration Component that transparently modifies the data
layout via moving data to its dominating node.

Monitoring Capsule: The design of this component is based on the SMiLE hard-
ware monitor [22] which has been developed for observing the interconnection traffic on
the SMiILE (Shared Memory in a LAN Environment) cluster connected via the Scalable
Coherent Interface (SCI), a low-latency, high-bandwidth interconnection technology.
For acquiring comprehensive data about the inter-node communication, we designed
two analysis modules for monitoring the memory transaction: static and dynamic. The
former allows to explicitly program the hardware for event triggering and action pro-
cessing on special memory regions of interest, while the latter is based on histogram-
driven monitoring, in which all memory transactions through the local interconnect bus
are monitored in order to provide fine-grain monitoring statistics across the complete
application’s working set.

A hardware Monitoring Capsule is also designed to hold these analysis modules,
which can be dynamically loaded into the capsule at the runtime. The capsule imple-
ments two interfaces: a link interface and a PCI interface. The former is used to snoop a
local bus, which connects a single node to the actual interconnection fabric, and extract



information from the transactions delivered over this bus, while the latter, an interface
between the PCI bus and the monitor, offers direct access to the host node enabling
the users or system software to configure the hardware monitor and read the gathered
monitoring data.

Low-level API and the Data Buffer: In order to avoid delivering fully detailed
monitoring data which is not essential for further use, we implemented a library of
functions for data processing. This PAPI-like [5] standard API contains a set of rou-
tines capable of generating statistical information in the form of e.g. memory access
histograms that show the number of accesses from all processor nodes to the whole
working set at different granularity. These histograms can be used to detect commu-
nication bottlenecks where required data is mainly acquired from a remote processor
node. For locally storing this monitoring data a Data Buffer is maintained on each pro-
cessor. The buffer is organized as a histogram chain in order to enable fast searching of
the needed information.

Data Aggregation and Querying Interface: We use the OMIS/OCM [39] moni-
toring system to combine monitoring data from all nodes. OMIS (On-line Monitoring
Interface Specification) is a specification of an interface between a programmable on-
line monitoring system for distributed computing and the tools that reside on top of it.
It offers two interfaces: one for the interaction with different tools and the other for the
interaction with the program and runtime system layers. OCM is an OMIS Compliant
Monitoring system adhering to OMIS. It has been implemented for a series of loosely
coupled environments including clusters and NoWs and has initially been designed for
message passing tools. It is structured into a core and several extensions. For this work
we extended OCM for providing services with respect to the access of data delivered by
the Monitoring Capsules. Further, we extended OCM with a high-level Query Interface
that provides the memory locality information to higher levels.

Adaptive Planning and Component: The remainder components include a Data
Analyzer (Adaptive Planning) and a Migration Component (Adaptive Component). The
former is used to analyze the monitoring data and determine whether to move a data
page to another processor node. Based on the Querying Interface, the Data Analyzer
is capable of accessing the memory access histograms created by the low-level API.
It then compares the number of accesses to a data page from all processor nodes. If
the accesses performed by a remote node exceed a predefined threshold, it is decided
to move this page to the remote node. This decision is then delivered to the Migration
Component, which uses system calls to move the data from the original location to the
node that more requires it. This kind of adapting is performed periodically either at
specified time or by synchronization points, and is held during the whole execution of
the applications.

A critical issue with this approach is the migration algorithm used to make the mi-
gration decision. Commonly used page migration mechanisms are based on competitive
algorithms, which migrate a page if the difference between the number of local refer-
ences and the number of remote references concerning one node exceeds a predefined
threshold. A similar one, called U-Mig, is also proposed within this work. As the lo-
cal accesses can not be acquired by the monitors, the migration decision is based on
the references performed by all remote nodes on the page under consideration. If the



difference between the number of the remote accesses from the dominant node and the
average remote accesses performed on the page exceeds a threshold, it is decided to
move the page to the dominant remote node.

Using this algorithm, however, a correct decision can be made only after a large
amount of references have been issued, resulting in late migrations and thereby a loss
of performance. Therefore, We implemented several novel migration algorithms, which
base their analysis on memory references to multiple shared pages, in a way that the
accesses to a set of pages are combined using a weighted distribution.

An example is the so-called W-Mig scheme that uses the number of relative refer-
ences to decide the location of a page. The number of relative memory accesses to page
P from node N is calculated as the sum of weighted references from the same node to
the pages spatially neighboring page P, using the following formula:

Rpn =321, WiC;

In this formula, W; is a weight representing the importance of the ith page to page
P and C; is the number of references to page ¢, while n is the number of pages located
on node N. The weight is assigned according to the distance of a page to page P,
whereby a closer page is assigned with a higher weight due to the spatial locality of
memory accesses. Besides that, the neighborhood is restricted to the pages located on
the same node of page P, since only these pages see the same remote nodes and hence
their monitoring information includes the accesses from all P’s remote nodes. For any
page located on another node, while a remote node seen by P is a local node, no access
information from this node can be acquired.

Application|Description Working set size
FT Fast Fourier Transformations 64 x64 <64

LU LU-decomposition for dense matrices 32x32x32

MG Multigrid solver 32x32x32

CG Grid computation and communication 1400

RADIX Integer radix sort 262144 keys
OCEAN  |Simulation of large scale ocean movements|130x 130
WATER  |Evaluation of water molecule systems 343 molecules
SOR Successive Over Relaxation 1024 x 1024
Gauss Gaussian elimination 512 x 512

Table 1. Description of benchmark applications

To determine the location of a page, the numbers of relative references from all
remote nodes are compared. If the difference between the number of relative accesses
from the dominant node and the average relative accesses exceeds a threshold, it is
decided to move the page to the dominant remote node. The advantage of this algorithm
comes from the fact that theoretically spatially neighboring pages have similar access
behavior due to the spatial locality of memory accesses. This means that if a node
predominately accesses a page, it is also likely to access its neighboring pages in the



same way. Therefore, the behavior of neighboring pages can be used to determine the
location of this page. The benefit is that, based on the higher number of accesses, a
migration decision can be made earlier.

Summary: Overall, we implemented a closed feedback loop for adapting the data
distribution on NUMA systems. At the same time, we also established the basis frame-
work of the proposed architecture. Most components within this framework can be ap-
plied to build other feedback loops with slight extension. For example, we are currently
working on an adaptation disk for improving the cache performance. Monitoring data is
acquired from performance counters; the established databases and Query Interface are
directly applied; the existing Adaptive Planning component is slightly extended; and a
new Adaptive Component is under development.

4.2 Experimental Results

The prototypical implementation of the proposed architecture has been verified with
standard applications. In this subsection, we discuss the achieved results.

Experimental Setup: Since the hardware Monitor Capsules are not yet available,
we created a simulation environment based on SIMT [38]. SIMT is a multiprocessor
simulator modeling the parallel execution of shared memory applications on NUMA
machines. As it aims at research work on the memory system, SIMT contains mainly
mechanisms for simulating the complete memory hierarchy in detail. This includes a
flexible cache simulator which models caches of arbitrary levels and various cache
coherence protocols, a DSM simulator which models the management of distributed
shared memories and a set of data allocation schemes, and a network mechanism mod-
eling the interconnection traffic. For this experiment, we extended SIMT to model the
Data Analyzer and the Migration Component. We also implemented the Monitoring
Capsule within SIMT, including all interfaces for dealing with memory references pro-
vided by SIMT and configuration information from the user.

Benchmark Applications: The established prototype was evaluated with several
OpenMP applications (FT, LU, MG, CG) from the NAS parallel benchmark suite [21],
a few codes (RADIX, OCEAN, WATER) from the SPLASH-2 benchmark suite [41],
and two self-coded kernels (SOR, GAUSS). A short description and the used working
set size of these applications are shown in Table 1.

Adaptation Effect: First, we compared the parallel execution time with three ver-
sions: transparent (original), manual optimized, and self-tuned. The optimized version
is achieved by manually specifying data allocations in the source code, based on the ac-
cess pattern of applications presented by an existing data visualizer. This visualizer [31]
presents the access pattern of applications in understandable graphical views, providing
guidance towards an improved memory locality.

Figure 2 shows the experimental results on a 32-node NUMA system with a local
access latency of 150 CPU cycles and a remote access latency of 1500 cycles. Overall,
both optimized and self-tuned versions perform better than the transparent execution,
with the manual optimization generally better than self-adaptation. The best perfor-
mance was achieved with the manually optimized version of SOR (a small code used
for iteratively solving partial differential equations), where a performance gain of fac-
tor 1.89 has been observed. This can be explained by the fact that manual optimization
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Fig. 2. Simulated execution time (in million CPU cycles) of tested applications in different ver-
sions

introduces an initial correct data layout and results in no runtime overhead. However,
WATER is an exclusion, with which self-tuning outperforms manual optimization. This
is caused by the dynamic access pattern of WATER, which renders that static optimiza-
tion, which places data on fixed nodes, does not suit for the changing access behavior
where data is alternately accessed by several processors.

Comparison of Migration Algorithms: In order to evaluate the novel migration
schemes, we simulated all applications with different migration algorithms enabled.
Besides U-Mig and W-Mig described in the previous section, we also simulated an L-
Mig algorithm in order to examine the impact of information about local references and
to evaluate the other schemes. L-Mig assumes the awareness of local accesses which
can be acquired by the simulation system. In this case, the number of the dominant
accesses will not be compared with the average accesses as it is the case of U-Mig, but
with the local references.

The result is summarized in Figure 3. The y-axis gives the improvement of each mi-
gration version to the transparent version. This is calculated via dividing the execution
time with transparent version by the execution time with a kind of migration enabled.

Examining U-Mig and W-Mig it can be observed that, as expected, W-Mig performs
better in case of CG, OCEAN, WATER, and GAUSS. For others, both algorithms be-
have similarly. The gain in performance with W-Mig is caused by more migrations
which were shown by the number of migrations provided by the simulation system. It
was also found that these migrations are performed in the earlier phase of the program’s
execution. Programs thereby benefit from the local references that would be remote if
no migration was performed, despite the overhead introduced by the migrations.

Comparing U-Mig and W-Mig with L-Mig, it can be noted that the distance between
the results of migration with or without local access information is insignificant. In
some cases, like for RADIX, W-Mig is even better. According to the migration behavior
shown by the simulator, both U-Mig and W-Mig rarely migrate a page mainly accessed
by the local node to a remote node, even though the information about local references
is not available. Hence, they introduce comparable performance to those algorithms
which have knowledge about local accesses.
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Threshold Adapting: As mentioned, we use a threshold to determine whether a
page should be migrated. However, it is difficult to choose an adequate threshold for all
applications. Depending on the access pattern of individual application, this threshold
can be large or small in order to make correct migrations without causing performance
loss. In this case, we deploy an adaptive threshold which can be dynamically adjusted
according to the runtime execution behavior: if excessive migrations are performed,
the threshold is lowered; if excessive remote accesses are observed, the threshold is
increased.

In order to evaluate this approach, we tested the execution behavior of several ap-
plications with different thresholds. For comparison, we selected other three constant
thresholds which are individually defined as 1.5, 2, and 3 factors of the average refer-
ences performed on a page. Figure 4 presents the experimental results and illustrates
the simulated execution time versus the threshold.
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Fig. 4. Execution time of applications with adaptation using different thresholds.



Examining the constant thresholds, it can be seen that applications behave differ-
ently, with FT and LU presenting a better performance by factor 1.5, WATER and
RADIX a better performance by factor 2, and SOR showing no significant change with
varying factors. This result means that no constant threshold is optimal with respect to
various applications.

For the adaptive threshold, however, it can be seen that all applications show a good
performance, either the same with or only slightly worse than the best performance
acquired by the optimal threshold factor for an individual application. This again proves
the necessity of self-adaptation.

5 Conclusion

In this paper we presented an autonomic method of data locality optimization in parallel
and distributed systems. This implementation was modeled upon our ASoCS architec-
ture concept, proving the general applicability of that concept.

The need for automated optimization was discussed in the Section 1 where it was
shown that future systems must employ self-optimization capabilities to overcome cur-
rent limitations resulting from increased system complexity.

Section 2 presented an overview over related work addressing autonomic systems
and how these are used to achieve self-optimization in their specific field of use. It
was furthermore noted, that — different to our ASoCS concept — these existing concepts
typically either address only certain aspects of autonomic computing or are inherently
limited to dedicated applications and application scenarios.

In Section 3 we presented an overview over the ASoCS concept. The applicabil-
ity of this concept was demonstrated by a prototypical implementation targeting data
locality on NUMA systems described in 4. It was shown, how the locality optimizer
was modeled after the ASoCS concept, and simulation results for various benchmark
applications were presented to compare static (manual) optimization and adaptive (au-
tomatic) optimization.

The presented results are promising and show, although manual optimization is able
to achieve better results in some cases, that on average adaptive optimization is already
on par with manual optimization. With the help of presented and additional results we
expect to further improve the adaptive optimization process.
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