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Abstract. Increasing demands for interconnectivity, adaptivity and flexibility are
leading to distributed component-based systems (DCBS) where components may
dynamically join and leave a system at run-time. In this paper we focus on the
way that data distribution is handled in such dynamic systems. Current architec-
tures for DCBS provide fixed policies for distributing data between components.
Consequently, they cannot cater for changes in usage patterns that may result
from changes in the configuration of the components of the system.

In previous work, we proposed an architecture for a distributed shared data space
that provides a suite of distribution strategies. We showed that simultaneously
supporting different strategies for different usage patterns improves overall per-
formance. In this paper, we study the dynamic adaptation of distribution policies
based on the evolving behaviour of applications. We experimentally demonstrate
the benefits that may be gained by dynamic adaptation of distribution policies.
The architecture we propose improves over existing architectures for distributed
shared data spaces by providing mechanisms for self-management.

1 Introduction

Software engineering is witnessing increasing demands for interconnectivity, adaptiv-
ity, and flexibility. Existing systems need to be able to exchange information, even in
the presence of transient connections; they need to adapt dynamically to different usage
contexts; and their structure should support the addition and removal of functionality.

This leads to architectures for distributed component-based systems (DCBSes) where
components may dynamically join and leave the system at run-time. The dynamic evo-
lution of the configuration of applications poses new challenges to the balancing be-
tween resource usage and performance optimization.

Dynamic composition and reconfiguration of DCBS applications is achieved by
means of an extra software layer, caltedtidleware The middleware has to provide the
infrastructure that allows components to communicate. Since components are subject
to reconfigurations it is important that they are loosely coupled. This decoupling can be
realized in two dimensions: time and space. Decoupling in time means that components
do not need to be active at the same time to exchange information. Decoupling in space,



also called referential decoupling, means that components need not refer to each other
in order to communicate.

The shared data space modptovides both types of decoupling and thus is well
suited for DCBS. In the literature, several designs have been proposed for shared data
space implementations. Common to those solutions is the use of a single system-wide
policy for distributing data produced by applications. Often, these policies are dictated
by constraints that are specific to the application-domain or type of hardware used.
Thus, when those systems are used with applications extraneous to the original domain
or on different hardware platforms, their performance may be dramatically affected.

The novelty of our approach resides in exploiting the Separation of Concerns (SoC)
concept in a shared data space system. In our design, it is possible to separate extra-
functional concerns—in particular data distribution, security, avalaibility—from the ba-
sic functionality of an application (for a general overview of our approach see [15]).
Since the definition of a concern is not tangled with the definition of other concerns, the
design, implementation and verification phases are simplified. Moreover, the reusability
of code is enhanced since the changes needed for tuning the application components to
different requirements of the new environment can be localised in a single place in the
system.

The way in which applications interact with the shared data space determines the re-
source usage for distributing data across the network. In [17] we experimentally proved
that applications may benefit in performance if the middleware provides several poli-
cies to deal with data distribution. In the architecture that we propose, we provide an
extensible suite of distribution policies.

However, identifying which distribution policy best suits the application behaviour
it is often very difficult if at all possible—before application deployment. To complicate
matters, it might be the case that the behaviour of an application changes during its
execution time due to component reconfigurations.

The contributions of this paper are as follows: (i) we propose a design that enables
the middleware to monitor and subsequently adapt its distribution policy to the actual
application behaviour; (ii) as proof of concept we built a prototype that employes our
design; and (iii) using the prototype, we conduct a series of experiments that proves the
benefits of continuous dynamic adaptation of distribution policies.

The rest of this paper is organized as follows. Section 2 introduces to the basic
concepts of the shared data space. Section 3 focuses on our approach, providing more
insights on its architectual design. The experimental results are presented in Section 4.
Section 5 describes other research related to the work discussed in this paper. Finally,
we conclude and describe future directions of our research in Section 6.

2 Data Space Basic Concepts

The data space concept was introduced in the coordination language Linda [8]. In Linda,
applications communicate by inserting and retrieving data through a data space. The
data space is similar to multisetof data, where multiple instances of the same data
item can co-exist.



The unit of data in the data space is caltegle. A tuple is an ordered collection of
typed fields, each of them containingactualvalue. Tuples are retrieved from the data
space by means ¢émplates A template is similar to a tuple except that fields might
containformal values. Tuples stored in the data space are matched against a template
using an associative method. A tuple matches a given template if they have the same
number of fields, the type of each field in a tuple is of the same type as the respective
field in the template, and either the value of the fields are the same, or the template field
is a formal.

An application interacts with the data space using three simple operations:

put(tuple) : insertstuple in the data space.

read(template) : A read operation searches the data space for a tuple that matches
plate. When a matching tuple is found, a copy of this tuple is returned to the caller.
This means that the tuple is still available in the space. The operation blocks the
caller until a matching tuple is found.

take(template) : A take is similar to aread except that the matching tuple is removed
from the space.

In the data space there is no ordering of tuples. If during a retrieve operation multiple
tuples match a template then an arbitrary tuple is returned. The data space does not
guarantee that tuples are returned in the same order in which they have been inserted.

The data space model separatesfthectionality of an application (the basic exe-
cutional activities) from itcoordination(the way in which executional activities are
created and communicate). These two aspects of an application are treated orthogo-
nally. This means that the method that an application uses for computing its results is
not interweaved with the way in which the application coordinates its actions. As a con-
sequence, the application designer can focus on each aspect separately without having
to worry about details that do not belong to the considered aspect.

3 GSpace

In this section we provide some general design decisions and more insightful details of
the shared data space system that we have designed and implemented.

3.1 System Overview

GSpaceis our implementation of a distributed shared data space. A typical setup con-
sists of severalGSpace kernelsistantiated on several networked nodes. Each kernel
provides facilities for storing tuples locally, and for discovering and communicating
with other kernels. GSpace kernels collaborate with each other to provide to the ap-
plication components a unified view of the shared data space. Thus the physical dis-
tribution of the shared data space across several nodes is transparent to the application
components, preserving the simple coordination model of the shared data space.

In GSpace tuples are typed. Separate distribution policies can be associated with
different tuple types. The design of GSpace is such that new distribution policies can be
downloaded in the system at any time.
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Fig. 1. The deployment of GSpace kernels in two nodes. Each kernel consists of two subsystems:
the Operation Processing Subsystem and the Adaptation Subsystem.

A contribution of this paper is the mechanism for dynamically adapting distribution
policies at run-time. This mechanism works roughly as follows. During execution the
system logs the operations that are executed by the applications. After a certain number
of operations has passed, the system performs an evaluation. In particular, the system
evaluates how the available distribution policies would have performed for the most
recent log of operations. The system selects the policy that performed best for this log
as the policy to use after the evaluation.

In the following sections we will focus on describing the part of the system that deals
with the process of dynamically identifying the best distribution policy for a given tuple

type.

3.2 Physical Deployment

Figure 1 shows an example of a component-based application distributed across in-
terconnected nodes that uses GSpace. On each node, a GSpace kernel is instantiated.
A GSpace kernel consists of two subsystems:@peration Processing Subsystem
(OPS)and theAdaptation Subsystem (AS)

The OPS provides the core functionality necessary for a node to participate in a
distributed Gspace: handling application component operations; providing mechanisms
for communication with kernels on other nodes; and monitoring connectivity of other
GSpace that join and leave the system; and maintaining the information about other ker-
nels. Finally, the OPS provides the infrastructure to differentiate distribution strategies
per tuple type. The internal structure of the OPS is described in [16].

The adaptation subsystem is an optional addition to GSpace that provides the fun-
cionality needed for dynamic adaptation of policies. The AS communicates with the
co-deployed OPS for obtaining information about the status and actual usage of the
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Fig. 2. Internal structure of the Adaptation Subsystem.

system. Periodically, the AS analyzes this information and evaluates the system perfor-
mance. Based on this information, the AS may decide to change to another distribu-
tion policy. To minimize the interferences in communication between application data
and adaptation-specific messages, the communication between AS on different nodes is
handled via a separate communication module.

Figure 2 shows the internal structure of an AS. It consists of the following modules:

Logger: The Logger is responsible for logging all the space operations executed on the

local kernel. When the OPS receives a request for a space operation from an ap-
plication component, it informs the Logger about the operation. The Logger keeps

track of the number of operations that have been executed for each tuple type.
When the number of operations for a particular type reaches a threshold, the logger
notifies its localAdaptation Module

Adaptation Module (AM): The AM is the core of the Adaptation Subsystem. The AM

is responsible for deciding when the different phases o&tlaptation mechanism
should be started. The code of the AMs on all nodes is identical. However, for each
tuple type in the system one AM operates asasterand all other AMs operate as
slaves The master AM is responsible for the adaptation decisions for a particular
tuple type. The slave AMs follow the decisions taken by the master. Because the
AMs on all nodes are identical, it is in principle possible for any slave to take over
the role of master if the latter leaves the system.

Cost Computation Module (CCM): This module performs a simulation of a log. It

obtains the logs from the AM. For all operations in the log it asks the DPCM (de-
scribed next) to provide the cost of execution of this operation. The CCM aggre-
gates the cost over a complete log and passes the results of this simulation to the
AM.
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Distribution Policy Cost Models (DPCM): In order to enable adaptation, a distribu-
tion cost policy model must be provided for every distribution policy available in
to the GSpace system. The task of the DPCM is to compute the cost incurred by
the corresponding distribution policy for a given log of operations. When a run-
time extension of the suite of distribution policies available to a GSpace system is
required, a DPCM must be provided for every new distribution policy.

Transition Policies: When the distribution policy for a tuple type is adapted, it is pos-
sible that tuples of that type are present in the shared data space. We refer to these
tuples adegacy tuplesA transition policy prescribes how to handle legacy tuples
in order for them to be placed at locations where the new distribution policy ex-
pects to find them. For each tuple type, the application developer can specify which
transition policy to apply.

Adapt-Comm Module (ACM): This module provides communication channels be-
tween the ASes on different nodes in the system.

The adaptation mechanism allows GSpace to select the best distribution policy for
a given tuple type during run time. These actions can be grouped into three phases.

The first phase is callddgging phaseDuring this phase, statistical data is collected
about the operations that application components perform for each tuple type. Based on
the data collected during this phase, the system will determine the distribution policy
that best fits the application distribution requirements for a given tuple type. In Figure 3
a message sequence chart shows the actions executed during this phase. The OPS, who
receives the requests for space operations from the application components, passes the
data about the current operation to the Logger. This data contains:

— Operation type: the space operation executed (eitheada take or put)
— Tuple type: the type of the tuple or template passed as argument with the operation
— Location: the address of the kernel where the operation is executed
— Tuple ID: a unique id provided to each tuple that enters the shared data space
— Tuple size: the size of the tuple inserted througtuaoperation or returned by a
read or take operation
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Fig. 4. The MSC of the evaluation phase.

— Template size: the size of the template passed as argumenteafl @r a take
operation.
— Timestamp: the time when the operation is executed

After a number of operations for a tuple type exceeds a threshhold, the system starts
an evaluation phaseThe exchange of message in this phase is shown in the message
sequence chart in Figure 4.

In this phase the master AM asks all slave AMs to report their local logs for the
tuple type. The timestamps in the operation logs are compensated for clock drift. Sub-
sequently, when all logs are gathered by the master, the CCM at that node sorts the log
in chronological order.

For each distribution policy available in the kernel at the time when the evaluation
phase is executed, the CCM feeds the logs to the respective DPCM. The DPCM gener-
ates the predicted costs that the system would have incurred if that distribution policy
had been applied to the tuple type. The CCM collects the costs from the DPCM and
passes them to the AM. The AM combines the predicted costs for each policy in a cost
function value (more on this in section 3.3). The AM compares this values and selects
the bestpolicy, that is the one that minimizes this value. The AM checks whether the
actual policy associated with the tuple type (it retrieves this information from the pol-
icy table) is also the best policy. If this is the case, no further actions are undertaken.
Otherwise, the AM starts thedaptation phase

Figure 5 shows the message sequence chart for the adaptation phase. The master
AM starts by freezing the operations for the tuple type in the system. This means that
during the adaptation phase, the adaptation subsystem will block all incoming requests
from application components. The master AM updates its local policy table and then
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commands to each slave to update their local policy table. The update consists of setting
the best distribution policy as the distribution policy for the tuple type.

At this point, each AM retrieves the transition policy associated with the tuple type.
The transition policy takes care of possible legacy tuples present in the local data space.
Subsequentially, the master unblocks the operations for the tuple type and the normal
activity is resumed.

Note that all communication between AS modules located on different nodes is
mediated through the ACM.

3.3 Distribution Policy Evaluation

We next discuss the method that we use in the evaluation phase to quantify the efficiency
of each distribution policy in distributing a tuple type.

In a distributed shared data space, such as GSpace, finding the location of a match-
ing tuple might be an expensive task. Ideally, to minimize tuple access time tuples
should be stored locally on the same node where the application component consumes
it. However to provide this, the system should have to pay some costs in terms of net-
work access and storage space for moving and storing the tuple at the consumer loca-
tion. Moreover, some extra communication may be needed since the space has to be
maintained in a consistent state.

Currently, a number of distribution policies is available for GSpace. Each policy
strikes a different balance between tuple access time and resource usage. Together with



1 readModel(Vector putLogs, Log readlLog) {

2

3 while (putLogs.hasMoreElements()) {

4 put = putLogs.next();

5 if (put.location.equals(readLog.location)) {

6 readLatency += Profiler.readLocalLatency(readLog.templateSize);
7 return;

8 }

9 }

10

13  while(addrTable.hasMoreElements()) {

14 msgSize = Profiler.sendingPacketSize(readLog.templateSize);
15 bandwidthUsage += msgSize;

16 readLatency += Profiler.networkLatencyTCP(msgSize);

17

18 addr = addrTable.next();

19 while (putLogs.hasMoreElements()) {

20 put = putLogs.next();

21 if (addr.equals(put.location)) {

22 msgSize = Profiler.sendingPacketSize(put.tupleSize);
23 bandwidthUsage += msgSize;

24 readLatency += Profiler.networkLatencyTCP(msgSize);
25 return;

26 }

27 msgSize = Profiler.nullReplyPacketSize();

28 bandwidthUsage += msgSize;

29 readLatency += Profiler.networkLatencyTCP(msgSize);
30 }

31}

32}

Fig. 6. ThereadModel operation in the SL-DMM

the patterns of tuple accesses by application components these factors determine the
performance of a distribution policy.

To compare the performances of distribution policies we follow the approach de-
scribed in [12]. We define eost function as a linear combination of metrics that cap-
ture the different aspects of the costs incurred by a policy. The cost function combines
these costs in an abstract value that quantifies the performance of a distribution policy.
We used the following metrics in the cost functish:andtl represent the cumulative
latency for the execution akad andtake operations, respectivelyau represents the
total network bandwidth usage; amirepresents the memory consumption for storing
the tuples in each local data space. For these parameters, the cost function for a policy
p becomes:

CFy = wyxrl(p) +wa xtl(p) + Wz bu(p) +ws* mu(p) 1)



Becauseput operations are non-blocking, application components do not perceive any
difference in latency for different distribution policies. Therefore,ghelatency is not
used as a parameter for the cost function. Wi control the relative contribution of
individual cost metrics to the overall cost.

Periodically, the master AM for a tuple type has to evaluate the cost function value
for each distribution policy. These evaluations are performed by means of simulation
using policy models.

Currently in GSpace the following distribution policies are available: Store locally
(SL), Full replication (FR), Cache with invalidation (CI), and Cache with verification
(CV). Details on these policies can be found in [17]. For each of thes policies, we
developed the respective DPCM.

The DCPM contains a model of a specific policy. This model predicts the cost for
executing a data space operation. This cost is expressed in terms of the variables that
occur in the cost function (latency, bandwith use and memory use). For each DPCM,
the CCM iterates through the logs and for each log the CCM invokes the respective
operation model.

As an example, Figure 6 shows the pseudo-java code foeth®&odel operation in
the SL-DPCM. The operation takes two parameters: 1) the set of logstfoperations
that insert tuples that thead operations can match (this set of logs is maintained by
the CCM), and 2) the log for thead operations.

According to the Store-locally policy, thead operation has to search first on the
local node for a matching tuple. In lines 3-7, tteadModel iterates through the set
of logs of put operations searching forput executed on the same location of tead
operation. If such aut has been logged, then thead can return a copy of the matching
tuple. In this case, just the latency for accessing the local data space is accounted (line
6). Otherwise, theead operation has to send the request to the other kernels. As for the
real operation, theeadModel goes through the addresses in the address table in search
of the location of a matching tuple (lines 13-21). For each request sent to a node, the
readModel accounts the bandwidth usage (line 15). This value is given by the size of the
requested message. The message contains the header and the payload, which contains
the size of the template, given as argument ta¢hd operation (line 14). Furthermore,
the network latency for sending this request using TCP is accounted (line 1§jutf a
operation has been logged in the current location (meaning that a matching tuple is in
this node), then a copy of the tuple is returned. TdaiModel accounts the bandwidth
for sending the reply message with the matching tuple (line 22-23) and the latency
for sending the message back to the requester (line 24). If in the current location no
put operation have been logged, then a message with a null reply is send back to the
requester. Also in this case, theadModel accounts the bandwidth usage (line 27-28)
and the network latency (line 29).

Information about the latency for network accesses and for local data space accesses
is provided by the profiler module. When GSpace is deployed for the first time in a
new environment, the profiler creates these network and data space profiles. For the
network profile, the profiler sends a number of packets of different sizes to a remote
echo server (for both TCP and UDP packets) and measures the time for the round-
trip. This data is used for builing a function that for a given packet size returns the



latency for sending the packet. For profiling the access to the local space, the profiler
executes a number efad andtake operations on a local data space with templates of
different sizes measuring the time to complete each operation. Also in this case, the data
collected is used for building a function that for a given template size returns the access
latency. The parameters to build those functions are stored in a file, padifie.inf. At

booting time, the system tries to load the file. If the file is present, then the environment
was already profiled. Otherwise, the profiler of a kernel is chosen to start the profiling
phase. Once the necessary data has been collected and processed, the profiler stores the
data in the profile.inf file and makes the file available to the other kernels.

3.4 Adapting the Data Space Content

According to the semantics ofad andtake operations, when a matching tuple is in-

side the shared data space it should be returned. Since GSpadistisbaitedshared

data space, each distribution policy has its own strategy for searching a matching tuple
accross the nodes duringead or take. This strategy is influenced by the modality in
which tuples are inserted through thet operations of that distribution policy. When

the system changes the policy associated with a tuple type as consequence of an adap-
tation, it is most likely that legacy tuples are still inside the data space. If the searching
strategies of old and the new policy are different, then the system cannot guarantee that
a matching tuple inside the shared data space is always returned. Depending on the
particular application, it could be the case that those tuples could be ignored since new
tuples will be soon available.

For this reason we introduce transition policies. A transition policy lets the applica-
tion designer specify the actions to take for the legacy tuples of a given tuple type when
an adaptation is executed. If for a given tuple type the transition policy is not specified,
a Default Transition Policy (DTP) is available. This DTP removes all legacy tuples
and reinserts them according to the new policy. This ensures that the space is kept con-
sistent, and reduces the effort of the developer of distribution policies (who does not
have to invent a transition policy). The default policy may be costly. To provide the
possibility to reduce these cost, GSpace provides the option to define specific policies
for transiting from existing policies to the new policy.

As an example, let us assume that the system has to change policy from SL to
FR. Theread andtake operations in FR search in the local data space for a matching
tuple since all tuples are replicated. If a tuple is not found in the local data space then
matching should fail. When switching from SL to FR, we need to guarantee that these
operations will behave correctly. Therefore, upon switching policy, it is necessary to
replicate the legacy tuples to all local data spaces. The DTP simply first removes all
legacy tuples and subsequently reinserts them according to, in this case, the FR policy.
As a result, tuples are replicated across the entire system.

The execution of a transition policy may involve extra costs. These costs should be
taken into account when switching policy. Depending on the number of legacy tuples
that needs to be reinserted, the costs of redistribution could be too high compared to the
actual gain that the system achieves by adopting the best policy. However, for a long
period of execution the best policy may reduce the overall costs to such a level that the
extra costs for the redistribution actually pay off. This problem falls in the category of



Online Decision Making with Partial Informatigoroblems, of which th&he Ski Rental
Problemis a classic formalization [9]. Currently, we are working on the adoption of an
algorithm to deal with this problem during the adaptation phase.

4 Experiment

In this section we present the results of the experiments. These show that a signif-
icant gain in performance can be achieved through the use of dynamic selection of
data distribution policies. We also measured the overhead introduced by the adaptation
mechanism. This overhead is small compared to the gain in performance.

4.1 Experiment Setup

For the execution of the experiments we used the application model described in [17].
Using this model, we are able to simulate several application usage patterns. Such a
usage pattern consists of (1) the ratioedd, put andtake operations, (2) the ordering

in which these operations are executed, and (3) the distribution of the execution of these
actions across different nodes. We generated a set of runs (sequence of operations) in
which the pattern in which the application uses the data space changes a number of
times. All experiments were executed on 10 nodes of the DAS-2 [2] distributed com-
puter.

4.2 Accuracy of the Model

As we explained in Section 3, the adaptation mechanism uses models for predicting the
metrics used for the calculation of the cost function. Because everytime the system is
deployed in a new environment it is necessary to calibrate the network and local data
space access latency.

For evaluating the accuracy of our models we executed several runs of operations.
For each run, we collected both the measured values and the values predicted by the
models.

Read Take Memory |Bandwidth|Cost
latency latency usage usage
Relative errofd4.75%  |54.15% |0.14% 1.1% 25.45%

Fig. 7. The percentage of error between predicted and actual values for the metrics and cost
function values.

Figure 7 shows the percentage of error between predicted and actual values. In par-
ticular, our models of the memory and bandwith usage are quite precise. Instahd,
andtake latency prediction values are quite far from the actual values. This is explained
by the fact thatead andtake latency is mostly influenced by the network latency. At



the time the network is calibrated it was not loaded with the network traffic introduced
by GSpace itself. To improve the accuracy it is necessary to introduce a mechanism that
monitors at run-time the network latency. Finally, the reader should notice that for the
particular setting used for these experiments the predicted cost function is only 25% off
the actual value. It could be the case that during an evalution phase two or more poli-
cies produce similar cost function values. Due to this loss of accuracy, the adaptation
mechanism could take a wrong decision. However, we argue that system performance
loss due to this imprecision should be not so high compared to the system gain by using
adaptation.

4.3 Performance and Overhead

To measure the performance gain when adaptation is used, we executed the follow-
ing experiments. We produced a set of operation runs in which the application model
changes behavior during execution. In each run, at least 500 operations are executed
according to the same application usage pattern. We refer to this part of a run where the
same application usage pattern is used asiarphase

Firstly, we instantiated GSpace without the adaptation mechanism. For each policy
we executed each operation run, collecting the operation logs. At the end of the run,
we executed the simulation on the logs for each policy, obtaining the cost function
values for each policy. Out of these values, we selected the best cost function values.
Subsequentially, we executed the same runs but this time GSpace used the adaptation
mechanism. We employed different threshold values used for triggering the evaluation
phase. Everytime the evaluation phase was terminated we stored the best cost function
value. In the end of the execution these values were summed together, producing an
aggregated cost function value. This value represents the total cost incurred during the
execution of the run with the adaptation.
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Fig. 8. Accumulated cost funciton values for different threshold values compared to the cost func-
tion of the best static policy.



Figure 8 shows the graph where the threshold values are placedXyattie and on
theY-axis the cost function values. In the graph, the aggregated cost function values for
different thresholds are compared with the best cost function value produced during the
first phase of the experiments. For all threshold values, the performance of the system
with adaptation outperforms the performance of the policy that performs best without
adaptation. In particular there is a gain of 30% when the threshold is 50 and it reduces
to a 5% when the threshold is 2000. The graph shows that the smaller the threshold the
better the performance. When the threshold value is much smaller then the length of
a run-phase, the system can detect more quickly when there is a change in application
usage. Hence GSpace can decide sooner to switch to the best policy. Therefore, the total
aggregated costs for small threshold values are lower then the costs for larger threshold
values.
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Fig. 9. The percentages of adaptation phases compared to the number of evaluation phases for
different threshold values.

This is also confirmed by the graph in Figure 9. This graph shows olY tes

the percentages of executed adaptations (change of policy) for each threshold value
(X-axis). For small threshold values the system has to adapt less often, since once the
best policy is determined it has to change only during the next run-phase. As the graph
shows, the percentage of adaptations per evaluation increases upto a threshold-value of
1000 and then starts to decrease. This is due to the fact that the simulation is executed
with a large number of logs. In such a large number of operations, more run-phases are
captured, leading to a random usage pattern beavior. In earlier work [17] we showed
that such behavior is best matched by the Full Replication distribution policy. Thus the
system just employs such policy for most of the execution. This explanation is also
supported by the fact that the performance of the system for larger threshold values



is very close to the static case, where the cost function value is obtained by the Full
Replication policy.
The costs incurred by an adaptation come from two factors:

1. the costs from performing an evaluation. This leads to additional network traffic for
collecting logs and to additional computation time for simulating the policies for
the logs.

2. the costs of transiting from one policy to a new one. These costs depend on the
particular transition policy.

50 100 | 250 500 750 | 1000 | 1500 | 2000
Total evaluation timg201810192820192572 1928511193389 133408 195261{193584
Total transition time3735 |3092 [1626 (669 650 1131 |21 205

% of total exec. timgl5% |14% (14% |14% [14% |9% 14% |14%

Fig. 10. The evaluation time, transition time and their percentage respect to the total execution
time. Time is in milliseconds.

For the default transition policy (DTP) we performed a number of measurements.
Figure 10 shows the time needed for evaluation and transition for increasing thresholds.
As expected, the threshold value does not influence the total evaluation time because
the number of evaluated logs (directly proportional to the threshold value) is inversely
proportional to how often the evaluation is done. Instead, the total time spent on tran-
siting from one policy to another using the DTP decreases when the threshold value
increases.

Notice that during the evalution phase on the master node, the system is still able to
serve application requests. Only during the transition phase requests are blocked until
the transition is completed at all nodes. Thus, choosing small threshold values has the
advantage of increasing system performance, but increases the cumulative time waiting
for transitions to complete. Finally, the last row in the table shows the percentage of
the total time spent in evaluating and transiting in respect to the total execution time
of the run. We argue that this extra 14% overhead due to the adaptation mechainsm is
worthwhile to pay compared to the gain in performance that the system achieves.

5 Related Work

5.1 Shared Data Spaces

Several different approaches for realizing shared data space systems have been pro-
posed. The most common approach is to builceatralizeddata space in which all
tuples are stored at a single node. The main advantage of such an approach is its simplic-
ity. Examples of this approach include JavaSpaces [7] and TSpaces [21]. The obvious
drawback is that the single node may become a bottleneck for performance, reliability
and scalability.



For local-area systems, a popular solution is stetically distributeddata space,
in which tuples are assigned to nodes according to a system-wide hash function [14].
Static distribution is primarily done to balance the load between various servers, and
assumes that access to tuples is more or less uniformly distributed across nodes. With
the distributed hashing techniques as now being applied in peer-to-peer file sharing
systems, hash-based solutions can also be applied to wide-area systems, although it
would seem that there is a severe performance penalty due to high access latencies.

The shared data space has been used also in highly dynamic environments, such
as in home networks. Those environments are characterized by devices that unpre-
dictably join and leave the network. An approach for coping with such dynamic en-
vironments is tadynamically distributehe data space. A system that follows this ap-
proach is Lime [11]. In Lime, the shared data space is divided into several transient
data spaces that are located on the different devices that form the network. The content
of the shared data space changes dynamically upon connections and disconnections of
devices. Tuples generated on a device are stored in the local transient data space. When
a device connects to the network, the content of its local data space is made available
to the entire shared data space. If the device is disconnected the content of its local data
space is no longer available unless special actions are taken upon departure time.

A somewhat similar yet simpler approach is followed in SPREAD [6], which is a
shared data space system tailored towards mobile and embedded computing. SPREAD
follows a store-locally strategy anake operations can be performed only by the node
that stored the tuple. Howeveead operations can be carried out by any node that is in
range of a tuple.

Fully replicated data spaces have also been developed, as in [5]. In these cases,
which have been generally applied to high-performance computing, each tuple is repli-
cated to every node. Since tuples can be found locally, search time can be short. How-
ever, sophisticated mechanisms are needed to efficiently manage the consistency amongst
nodes. The overhead of these mechanisms limits the scalability to large-scale networks.

Much research has been done on developing distributed shared data space systems
that are fault tolerant. Notable work in this area is FT-Linda [1] and LiPS [18]. FT-
Linda provides a data space that guarantees persistence of tuples in the presence of
node failures. It also guarantees atomic execution of a set of data space operations.
LiPS provides mechanisms that allows the system to recover from data loss and process
failures.

Eilean [19, 4] is a distributed shared data space system that explicitly addresses
scalability issues. Together with GSpace, Eilean is the only example of a shared data
space system that provides multiple tuple distribution policies. Like GSpace, Eilean is
able to differentiate distribution policies on a per-tuple-type basis.

In contrast to GSpace, the tuple-distribution policy association in Eilean can only be
statically defined as part of the application. The programmer uses his knowledge of the
application access pattern to define the association. In previous work [17] we demon-
strated that this static association is not enough for providing an efficient distribution of
tuples. With the adaptation mechanism described in this paper, GSpace is able to mon-
itor the application behaviour and dynamically adapt the distribution policy for each
tuple type. Another difference between Eilean and Gspace is that in GSpace the set of



distribution policies can be extended and new distribution policies can be downloaded
in the system even during execution.

5.2 Adaptive Shared-object Systems

We are not aware of any shared data space systems that are able to dynamically adapt to
the application needs. Systems with this type of adaptive capability do exist in the the
domain of shared objects.

One of the first systems that adopted a form of automatic differentiation was Orca [3].
This system provides support for physically distributed objects. An object can be in one
of two forms: fully replicated or as single copy. By monitoring the read—write ratios,
the run-time system can dynamically switch an object between the two forms.

Further differentiation is offered by fragmented objects [10], and Globe’s distributed
shared objects [20]. Both systems separate functionality from distribution aspects by
subdividing objects into at least two subobjects. One subobject captures functional be-
havior and can be replicated across multiple nodes. Each copy of such a subobject is
accompanied by a subobject that dictates when and where invocations can take place,
similar to the role of distribution manager in GSpace (as part of the OPS [16]). The
main difference between GSpace and these two systems, is GSpace’s more evolved ap-
proach towards run-time adaptations. With fragmented objects, distribution strategies
were more or less static; in Globe, dynamic adaptation has only been partly imple-
mented.

For sake of completeness, we also mention the support for differentiating distribu-
tion in distributed shared memory systems, notably Munin and later Treadmarks (for an
overview, see [13]). In these cases, distribution strategies have mostly been static and
needed to be fixed at compile time.

6 Conclusion and Future Research Direction

In this paper we presented a middleware system that has a mechanism for self-optimization
of data distribution policies. The middleware allows application developers to specify
distribution policies per tuple type. A basic suite of policies is available and can be ex-
tended, during execution, with new policies. Additionally, and this is a unique feature
among distributed shared data space systems, the middleware adjusts the distribution
policy used for tuple types to the usage pattern of applications during execution.

We demonstrated by means of experiments that a gain in performance can be ob-
tained when the middleware adapts the distribution policy to the actual needs of appli-
cations.

Our adaptation mechanism is based on models to predict cost values for system pa-
rameters (latency, bandwith use and memory use). We provided a mechanism by which
these models are calibrated automatically. The comparison between the predicted val-
ues and the measure values show that a reasonable accuracy of these models is obtained.
The automatic calibration alleviates the burden on the system designer by avoiding the
need for obtaining detailed measurements about the environment in which the appli-
cation will be deployed. As future research, we are investigating possible cost opti-



mization of the adaptation phase. Furthermore, we are currently extending the extra-
functional concerns that GSpace is able to handle, such as real-time constraints and
fault-tolerant properties.
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