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Abstract
In this paper we present mechanisms and models for building autonomically scalable and resilient
services in wide-area shared computing environments. Wide-area shared computing platforms as exemplified by PlanetLab provide a cooperatively shared pool of computing resources. Building services in
such environments poses unique challenges due to the fluctuations in available resource capacities and
node availability. Autonomic mechanisms for building scalable and resilient services in such environments need to appropriately scale the service capacity under fluctuating available resource capacities,
node crashes, and fluctuations in client load. Towards addressing these issues, we have developed models
and mechanisms for estimating the service capacity under varying available resource capacities through
online micro-benchmarking. The mechanisms for autonomic scaling of service capacity perform dynamic
replication and regeneration of service replicas based on the estimated service capacity and observed
load. This requires selection of appropriate nodes for the placement of new replicas. Furthermore due
to the fluctuations in resource capacities, the load distribution for such services need to adapt to the
varying service capacities of the individual service replicas. For this purpose we develop mechanisms for
adaptive load distribution. We present here the evaluation of these mechanisms through experiments
conducted over the PlanetLab environment.
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Introduction

We present here the results of our investigation of models and mechanisms for building resilient and scalable
services using cooperatively shared pool of computing resources over the Internet. Our study is conducted on
the PlanetLab platform, which exemplifies such environments. In such an environment, typically a large pool
of globally distributed computing resources is available that can be used for building resilient and scalable
services. However, a number of challenges arise due to the intrinsic characteristics of such environments.
The availability of a node and its resource capacities are not guaranteed at any time. The available resources
at a node are allocated to different users on a fair-share basis. A node may shutdown at any time, and
the available computing capacity at a node may fluctuate significantly over a short time [8, 18] because of
the load imposed by other users and applications running on that node. In building a service over such an
environment, the requirements of resiliency and scalability both demand a service to be replicated at different
nodes in the network, and the degree of replication needs to be dynamically controlled for scalability under
widely varying operating conditions.
For building scalable services using a globally shared infrastructure such as the PlanetLab, several challenging problems need to be addressed. The available service capacity may diminish abruptly due to the
crash or shutdown of a replica’s node. Moreover, the load generated by the clients typically changes with
time, and sometimes it may change quite significantly over a short duration, as characterized by the phenomenon of flash crowds. Building a scalable service requires dynamic provisioning of service capacity to
meet the current load demands by maintaining an appropriate number of service replicas to handle the client
requests. The service deployment mechanisms need to ensure that the aggregate service capacity provided
collectively by the service replicas is sufficient to handle the current and projected load conditions, but at
the same time there should not be over-provisioning beyond some level. This requires dynamic creation of
new replicas or shutting down of some existing ones, and dynamic adjustment of load distribution. The
deployment of a new service replica requires selection of a suitable node for hosting it. Such a node needs
to be picked based on its available resource capacity and the likelihood that it would remain suitable for
service hosting for some time in the near future.
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In order to determine the aggregate service capacity, the service deployment mechanisms need models
to estimate the request handling capacity provided by each service replica at any given time. The service
capacity of a replica depends on the available capacities of resources such as the CPU cycles, memory,
network bandwidth, and I/O rates at its node. The available resource capacities can fluctuate significantly
in a short time, such as a few minutes, due to the presence of other users. Because the service replicas have
different service capacities, which typically fluctuate, we need adaptive and agile mechanisms to distribute
the client requests according to the capacities of individual replicas. The distribution of client requests to
different service replicas needs to be determined dynamically based on the capacities of all service replicas.
We present here the design and evaluation of the mechanisms that we have developed for addressing the
above problems for building autonomically scalable services. We evaluate and demonstrate the performance
of these mechanisms on the PlanetLab environment. Specifically, our contributions are in the following areas.
First, we develop models for estimating the request handling capacity of a service replica by using online
microbencharking of the workload and then using this information in relation to the currently available
resource capacities at its host. The workload characteristics and resource usage are continually monitored
for this purpose. We develop models for predicting the available resource capacity at a node. For making
the service capacity estimation, we use techniques based on operational analysis models [7] to determine the
bottleneck resource at any given time.
Second, we develop mechanisms for dynamic provisioning of the service capacity based on the load
condition. We present here a model for dynamic control of the degree of service replication. This model
utilizes the estimated service capacity of each replica to estimate the aggregate service capacity. This model
is based on the notion of capacity slack, and it aims at maintaining in the system some target amount of
overall slack capacity to deal with fluctuations in the load and the aggregate service capacity. This model
also strives to avoid over-provisioning by shutting down some service replicas if the slack capacity exceeds
certain limit.
Third, we develop mechanisms for adaptive distribution of client requests to different service replicas based
on the estimated service capacities of the individual replicas. We present here mechanisms that operate at
two levels. At a relatively coarse level, a distributed hash table (DHT) is used to direct client requests to
different replicas according to the desired load distribution. The second set of mechanisms operate at the
level of replicas. Here, each replica assesses it own load, and dynamically determines if it needs to redirect
some of the client requests to other replicas.
For selecting a node for the deployment of a new service replica, we have developed an infrastructure to
monitor a subset of the PlanetLab nodes for their available resource capacities. Some of the initial results of
our observations in the characterization of the resource availability of the PlanetLab nodes were presented
in [18].
In the next section we present an overview of the framework which we have developed over the PlanetLab
platform for experimental evaluation of the models and mechanisms for building autonomically scalable
services. Section 3 presents the models we have developed for microbenchmarking, capacity prediction and
service capacity estimation. In this section, we also present our evaluation of the capacity estimation models.
In section 4 we present the models and mechanisms for dynamic service capacity management. Section 5
describes the mechanisms for adaptive load distribution. Section 6 presents the results of our experiments
over the PlanetLab environment to evaluate the mechanisms for dynamic service capacity management and
load distribution. The related work is discussed in Section 7, and conclusions are presented in the last
section.

2

A Framework for Deploying Replicated Services

The research presented here was conducted using the experimental framework that we presented in [18]
for building migratory services on the PlanetLab environment. We extended this framework to include
mechanisms for adaptive load distribution and resource-aware load-dependent replication control, which we
present in this paper. A service is implemented by a group of replicated service agents. Each service agent is
implemented as a mobile agent using the Ajanta system [19, 17]. A mobile agent is capable of autonomously
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migrating to another host in the network. The architecture of the service deployment framework is shown
in Figure 1.
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Figure 1: Service Deployment Framework
Each service in our system is assigned a unique service-id (SID). A DHT is used to maintain for each
service a record containing its deployment configuration information, such as the list of all replicas, their
network addresses, and their currently estimated service capacities. The record for a service is queried or
updated using the SID of the service. The DHT is implemented using the Free Pastry system [12]. The
DHT maintains the network location information of all replica agents of a registered service, and it also
has information indicating for each replica the fraction of the load that should be directed to it for the
desired load distribution across the system. The primary function of the DHT is to direct a client to one of
the replicas. DHT directs clients to service replicas in proportion to their estimated service capacity. The
load distribution fractions may need to be changed continuously because of the fluctuating availability of
resource capacities at the replica agents’ hosts. For this, each service agent periodically reports its estimated
service capacity to the DHT. The number of replicas, their network locations, and the corresponding load
distribution information can change with time. Service replica agents may be added or removed for a service.
In order to access a service, a client first queries the DHT, providing the SID of the service, to find one
of the service replicas. The DHT randomly chooses one for the replicas, with the probability of selecting a
replica being proportional to its load fraction. It returns to the client this agent’s name, its IP address, and
the port number. The client then sends its requests directly to this service agent. If at any time it is unable
to contact the service agent, it once again queries the DHT. In response to a client request, a service agent
sends one of the two types of responses: success, or redirection. In case of redirection, the client is directed
to send its request to another service agent; the response contains the name and network address of that
agent. The details of the redirection policies for load distribution are discussed later in Section 5.
The service replicas monitor their operating conditions and make autonomic decisions such as shedding
client load by redirecting the clients to other service replicas. We present in the next section the mechanisms
used by a service agent for monitoring the available resource capacities and estimating the service capacity.
We utilize for this purpose the SliceStat [10] data provided by the PlanetLab host, indicating the resource
utilization by different slices at that host. Slices represent different users on the system, and a service agent
is executed under the privileges of a particular slice. A service agent contains mechanisms to monitor its
load. We present in Section 5 the models and mechanisms that we have developed for a service replica to
assess whether it is underloaded or overloaded in relation to its estimated service capacity. A token-based
model is developed for this purpose.
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In this framework a special agent, called Deployment Agent (DA), is used for creating and launching the
replica agents of a service. This agent is responsible for controlling the pool of the service replicas in the
system to maintain certain level of aggregate resource capacity in the system in relation to the currently
observed load condition. It strives to maintain a service capacity slack in the system. The Deployment Agent
obtains from each service replica agent periodic status reports. It includes the number of requests served by
it during the current reporting period and its estimated service capacity for the next period. It also includes
per request resource utilization information obtained by continuous monitoring of the resource utilization of
the service agent. The Deployment Agent continually monitors the load conditions and the aggregate service
capacity. We develop in Section 4 the capacity slack model which determines if the aggregate idle resource
capacity is at least equal to some target threshold in relation to the current load as reported by the service
agents. If not, then it adds additional service capacity by launching new service agents on some PlanetLab
nodes that have sufficient idle resource capacity. It is also responsible for detecting the crashes of any service
replicas and a creating new ones to ensure the desired slack capacity in the system.
In order to find and select a suitable node for hosting a service agent, the Deployment Agent needs to
find a node on the PlanetLab with sufficient idle resource capacity. For this we utilize the node monitoring
service which is presented in [18]. This service periodically monitors a large set of nodes and maintains the
following node-level statistics: average utilization and free capacity based on 10-second observations over a
sliding window of 5 minutes, the standard deviation of these average utilization values, and exponentially
weighted utilization.

3

Service Capacity Estimation

Accurate estimation of service capacity at the replica level is crucial for appropriately scaling the aggregate
service capacity in the system. The request handling capacity of a particular replica at a given time is based
on the available capacities of the resources on the replica’s node and the average resource usage demand of
a request. The estimation of service capacity is needed to be done continuously since the available resource
capacities and the workload characteristics may change significantly with time. Our model for service
capacity estimation is based on the following three aspects, utilizing operation analysis techniques [7]: First,
we estimate the average resource usage demand of a request through online micro-benchmarking of requests.
Second, we develop a model for predicting the available resource capacities at a node in the near future based
on the node’s recent behavior. Finally, we estimate service capacity of the replica based on the predicted
available resource capacity and the per request resource usage demand.

3.1

Online Micro-benchmarking

For estimating the average resource usage demand of a request, each service replica performs continuous
monitoring of its resource usage and workload. In our experimental system over the PlanetLab environment,
a service replica collects resource usage information of different types of resource such as CPU, memory and
bandwidth by probing the SliceStat service on the PlanetLab. These probes are performed at 15 seconds
interval by the service replica to obtain information about its own slice and also for other slices executing on
its host. This information is used for determining the service replica’s own resource usage and the unused
resource capacities. A service replica also monitors its workload to maintain information about the number
of requests served over the past one minute observation interval. Each service replica maintains the following
statistics for resource usage at interval i.
• ci Average CPU usage (measured in MHz) of replica’s own slice over the past 1 minute window. It is
calculated by observing the percentage CPU usage of replica’s own slice and the node’s intrinsic CPU
capacity measured in MHz. In determining a nodes intrinsic CPU capacity we take into consideration
the number of cores and CPU speed.
• mi Average memory usage (measured in MB) of replica’s own slice over the past 1 minute window
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• bi Average bandwidth usage (measured in KBps) of replica’s own slice over the past 1 minute window
For monitoring the workload characteristics, the following statistics are maintained for the i′ th interval:
• si Number of requests served per second
• ti Average service time per request
• ni Average amount of per request data communication over the network (number of bytes)
The above information is used for characterizing the average resource usage demand per request, as
follows.
• Dc i Per request CPU consumption, measured in terms of the number CPU cycles required to service
a request. This is given by:
Dc i = ci /si
(1)
• Dmi Per request incremental memory consumption, measured in MB. This is the incremental amount
of memory required for handling a request since some base amount of memory Bm is always used by
a service replica. The amount of base memory usage is given by the memory usage under no load
condition. We calculate the incremental per request memory requirement as follow:
Dm i = (mi − Bm )/si

(2)

The average values of the above per-request resource demand measures computed over the past five
minutes are represented by Dc and Dm . Similarly, per request network usage Dn is obtained based on the
five minute average of the ni values. These values are used for estimating the service capacity in the near
future, as detailed below.

3.2

Prediction of Available Resource Capacity

Since available resource capacity at a node may fluctuate significantly, the currently available capacity may
not be an accurate estimate of the available capacity in the near future. For this purpose, we develop models
for predicting resource capacity that is likely to be available in the near future with high probability. We then
use this predicted resource capacity for estimating the service capacity. Our model for capacity prediction is
based on developing heuristics that take into consideration the average available resource capacity observed
in the recent past and determine what fraction of it is likely to be available with high probability in the near
future. The heuristics developed here are independently applied to different resources types such as CPU
and network bandwidth.
We developed these heuristics by collecting traces of a large collection of PlanetLab nodes and observing
how the available resource capacity at a node changes with time. These traces were collected by probing
PlanetLab nodes every 10 seconds. For each 1 minute interval we calculated the average available capacity
over the past 5 minutes and observed the available capacity in the next 1 minute. Our goal was to observe
what fraction of the currently available capacity (observed over the 5 minute window) remains available
in the next 1 minute with a given confidence level. For developing the desired heuristics we analyzed the
distribution of the ratio of the capacity available in the next 1 minute to the average available capacity over
the last 5 minute. We refer to this ratio as conditional idle capacity ratio. Based on the observation of
309 PlanetLab nodes for a duration of four hours, in Figure 2 we show the complement of the cumulative
distribution of the probability for different values of this ratio for available CPU capacity. For a given value
on the x-axis, it gives the probability that this ratio would be larger than or equal to that value. Since this
ratio may also depend on whether the node is heavily loaded or lightly loaded, we show this distribution
separately for the three different classes of load conditions of the observed nodes: heavily loaded, moderately
loaded, and lightly loaded. Table 1 shows how node were characterized in these categories with respect to
their CPU and network usage.
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Figure 2: Conditional Availability of CPU Capacity
We can see that the 90 percentile value for heavily loaded nodes (i.e., those with available CPU capacity
less than 1GHz) is 40%. which indicates that at least 40% of the currently available CPU capacity was
available in next minute with 90% probability. For lightly loaded nodes, at least 95% of the currently
available CPU capacity was available in the next minute with 90% probability.
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Figure 3: Conditional Availability of Network Bandwidth
Figure 3 shows the same data for bandwidth capacity. These 90-percentile values can then be used as
cutoff points to determine how much capacity can be assumed with 90% confidence level to be available in
the next minute. Based on this observed data, we take the cutoff points for different categories of nodes as
given in Table 1 . We show here cutoff values for CPU and bandwidth. Similarly cutoff data can be obtained
for memory.
For predicting the available capacity, each replica observes its 5 minute average of available capacity and
categorizes the node into one of the three categories accordingly. It then uses the cutoff point for a particular
resource for that category and assumes that much fraction of currently available capacity will be available
in the next minute. This predicted resource capacity is then taken into account for estimating the service
capacity.
We refer to this model of predicting available resource capacity as a static model. One can extend such
6

Table 1: Node Categories and Cut-offs used
Heavily loaded
Moderately loaded
Lightly loaded

CPU
Idle Capacity
<1GHz
1-2GHz
>2GHz

Cut-off
40%
65%
90%

Bandwidth
Unused BW Cut-off
<50%
30%
>50%
75%
>90%
90%

a model to an online model in which a replica observes how the available capacity at it’s host changes and
develop this heuristics online and adapt it continuously. In our experiments, we evaluated the static model
only. Evaluation of an online model will be part of our future work.

3.3

Estimation of Service Capacity

The capacity estimation model and online micro-benchmarking model described above are used in estimating
the request handling capacity of a replica at a particular time. We use the average resource demand of a
request estimated through online micro-benchmarking and the predicted available capacity for each type
of resource in determining the maximum number of requests that can be handled based on each type of
resource. This estimation also indicates the bottleneck resource and the maximum number of requests that
can be handled by the replica at that time.
A service replica predicts the available capacity at each interval i and calculates the following
• Ci predicted available CPU capacity for next observation interval
• Mi predicted available memory capacity for next observation interval
• Bi predicted available bandwidth for next observation interval
• ri Maximum number of request that can be handled per second predicted for the next observation
interval
The predicted available capacity of a particular type of resource together with the average resource usage
demand of a request for that type of resource can be used to determine the maximum number of requests
that can be handled based on that type of resource. For example, the maximum number of request that can
be serviced per second based on CPU capacity (rc ) can be calculated as follow
rc = Ci /Dc

(3)

Similarly, the maximum number of request that can be served per second based on predicted available
bandwidth is given by
rn = Bi /Dn
(4)
We can calculate number of request based on memory (rm ) in a similar way. The maximum number of
request ri that can be handled per second is then calculated by taking the minimum value of rc , rn and
rm Our current work has mainly focused on CPU, network, and memory demand of the workload because
in offline benchmarking of our workload we found that the network and CPU were the bottleneck resources
most of the time, and file I/O was never found to be the bottleneck. However, further work needs to be
done for developing file I/O resource demand model in this framework. This would require access to I/O
utilization data from the host environment.

3.4

Evaluation of Capacity Estimation Models

The evaluation of the service capacity estimation model presented above is performed for two aspects. The
first aspect of our evaluation is the accuracy of the prediction model in predicting the service capacity for the
7

next observation interval. The second aspect is to evaluate how accurately the estimated service capacity
reflects the actual request handling capacity of the service replica. Precisely, this aspect is related to the
evaluation of the micro-benchmarking models in accurately capturing the resource requirement of a request.
We refer to the service capacity predicted for a particular interval as predicted service capacity. The
service capacity actually observed according to our model at that particular interval is called as observed
service capacity. The observed service capacity is calculated based on the resource capacity observed to be
available during that interval. The actual service capacity of the service replica during that interval is the
maximum number of requests that could be successfully handled without causing saturation. This may be
different from the observed service capacity. Thus for each interval i we record the following information:
• pi predicted service capacity for interval i. It is the same as ri−1
• oi observed service capacity at interval i, It is calculated in same way as ri but using the actual available
resource capacities observed during that interval.
• ai actual service capacity
Our first set of experiments focused on evaluating the performance of the prediction models. In these
evaluations, we observed the ratio of observed service capacity to predicted service capacity, which we call
the prediction-ratio (ρ).
ρ = oi /pi
(5)
A ρ value greater than 1 indicates that the prediction model is underestimating the capacity while a
ρ value less than 1 indicates overestimation. Since our model only assumes some fraction of the currently
idle capacity to be available in the next minute with high probability, we expect the prediction ratio to be
greater than 1 most of the times. In order to evaluate the goodness of our prediction model in terms of
the prediction ratio, we conducted several experiments over PlanetLab and observed the distribution of the
prediction ratio.
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Figure 4: Distribution of prediction-ratio
Figure 4 shows the distribution of over 3300 observations of the ρ value from four experiments of deployment over PlanetLab. In these experiments, we deployed total of 55 service replicas over different PlanetLab
nodes. We generated a client load at the level of 50% of the estimated service capacities. The median value
of ρ is 1.3 which means that 50% of time the prediction model underestimated the capacity by 30%. As
explained above a certain amount of underestimation is expected.
The second aspect of our evaluation was to assess how the estimated service capacity reflects the actual
request handling capacity of the replica. However, the actual request handling capacity of a service replica
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at a particular time can only be determined by generating the load up to the point where it saturates. The
immediately preceding level of load where the replica could successfully handle the request can be considered
as the actual service capacity of the replica. For this purpose we programmed clients to gradually increase the
load and observed the performance of service replica. Since the service capacity may fluctuate significantly
in short time, a service replica may saturate earlier or later depending on the fluctuations. We considered the
immediately preceding point before saturation2 where it could successfully handle the load and calculated
for those points the ratio of actual service capacity to predicted service capacity, called the estimation-ratio
(δ).
δ = ai /pi
(6)
The estimation-ratio indicates the accuracy of our capacity estimation model in estimating the actual
service capacity. We considered predicted service capacity instead of observed service capacity in calculating
the estimation-ratio, since our capacity scaling and load distribution mechanisms are to be driven by the
predicted service capacity values.
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Figure 5: Histogram of estimation-ratio At Saturation
We performed many such experiments of deploying service replicas on PlanetLab nodes and induced client
load to the point of saturation of service replicas. We observed the distribution of δ values at the saturation
points. Figure 5 shows the distribution of δ values for 75 saturation points. A δ value less than 1 indicates
that the service replica saturated at lower load than predicted while a value greater than 1 indicates that
service replica could handle higher load than predicted. The average δ values for these saturation points was
1.07 and the median was 1.06. From Figure 4 we can see that the service replica could saturate at a load
around 70% of the predicted service capacity.

4

Dynamic Capacity Scaling

Our goal here is to develop models and autonomic mechanisms for dynamic scaling of aggregate service
capacity based on the service capacities estimated by each service replica and the currently observed load
conditions. The main objective of the capacity management model is to maintain sufficient aggregate service
capacity under events such as: fluctuating service capacities of individual service replicas, replica crashes,
and fluctuating load conditions. Moreover, the capacity management model should not over-provision the
service capacity beyond some level.
Towards these goals, the capacity scaling models and mechanisms need to address the following questions:
2 We considered a continuous increase in average queue length of the service replica as the indication of saturation and we
marked the point when the queue length increased above 10 as the saturation point.
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• How much aggregate service capacity should be maintained in order to tolerate fluctuations in available
resource capacities, client load and events such as replica crashes?
• When to generate additional capacity to meet the current load requirements?
• When to reduce the provisioned service capacity in order to avoid over-provision?

4.1

Capacity Management Model

Our capacity management model is based on the notion of capacity slack, which attempts to maintain a
certain amount of slack capacity in the system with respect to the currently observed client load. Maintaining
such additional capacity in the system ensures that the client load can be successfully handled when the
aggregate capacity falls below some level due to fluctuations in service capacities of individual replicas and
the fluctuations in client load. However, the slack capacity must also be maintained below certain level to
avoid over-provisioning.
We define the fraction of the capacity that must be maintained as slack as the target slack fraction (fs ).
Such a slack capacity must be maintained based on the currently observed load. Let L be the current load,
measured in number of requests per second. Let C be the aggregate service capacity which is the sum of the
estimated service capacities of the individual service replicas measured as the maximum number of requests
that can be served by each replica per second. In order to maintain the desired capacity slack, C should
always satisfy the following criteria.
C ≥ L ∗ (1 + fs )
(7)
In order to avoid over-provisioning the service capacity, the provisioned capacity should not be more than
certain level called as high watermark (fh ).
C < L ∗ (1 + fh )

(8)

Furthermore, the capacity management model should also account for the crash of service replicas. For this
purpose, we enforce that the aggregate capacity should not fall below certain level due to the crash of a
single replica. We refer to this level as low watermark (fl ). Let Cm be the maximum amount of service
capacity amongst the individual service replicas, then the following condition ensures that the system is not
vulnerable to one replica crash.
C − Cm ≥ L ∗ (1 + fl )
(9)
Based on the above criteria, the capacity scaling is performed as follow. At every observation interval
the aggregate service capacity and total client load is calculated using the capacity and load information
provided by each replica. If the current aggregate service capacity does not satisfy the criteria specified by
equations (7) and (9), then the sufficient amount of additional capacity required to satisfy these two criterion
is generated. If the current aggregate service capacity is beyond the high watermark, then the lowest capacity
replica is marked for removal to reduce the capacity. However, it is only removed if the remaining aggregate
service capacity still satisfies the conditions given by equations (7) and (9).
In the evaluations of our service capacity estimation models described in Section 3, we observed that
a service replica may saturate at a load around 70% of the estimated service capacity. Based on this
observation, we configured our capacity management model to always maintain 30% slack capacity in the
system. Therefore, in our experiments we set the value of fs to be 0.3. For low and high watermarks, we
set the value of fl to be 0.1 and value of fh to be 0.5. The performance of the capacity management model
can be evaluated by observing the ratio of provisioned capacity to the client load. We refer to it as the
provisioning-ratio (τ ). According to our model a τ value greater than 1.5 indicates over-provisioning while
a τ value less than 1.3 indicates under-provisioning. The evaluation of our capacity management model is
detailed in Section 6
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4.2

Autonomic Mechanisms for Capacity Scaling

We present here the autonomic mechanisms we have developed for dynamic scaling of service capacity based
on the capacity management model presented above. Our capacity scaling mechanisms are based on dynamic
replication and adjustment of the number of service replicas. We consider here a content distribution service
with read-only requests, therefore we do not address here the issues related to update synchronization.
Furthermore we assume that the content distribution files are already present at the host where the service
replica is to be deployed. Therefore we do not address in this paper the issue of provisioning service content.
In our experimental system, the dynamic capacity scaling is performed by the Deployment Agent. The
Deployment Agent continuously monitors the aggregate service capacity and current load conditions. The
aggregate service capacity and total load is calculated using the service capacities and load information
reported by individual replicas. The Deployment Agent then checks the current load conditions and according
to the capacity management model presented above, decides if additional capacity needs to be generated or
the existing service capacity needs to be reduced. When more capacity is to be generated, Deployment Agent
calculates the additional amount of capacity that needs to be generated and requests a list of available nodes
from the monitoring service which satisfy certain minimum resource capacity requirements. The monitoring
service also provides information about the currently observed available resource capacities at those nodes.
Based on the available resource capacities, the Deployment Agent picks a set of high capacity nodes. It
also calculates the average resource demands of a request from the resource demands values reported by the
individual service replicas. These average resource demands are used as seed values to assess the approximate
service capacity that would be provided if the new service replicas are deployed on the selected hosts. Based
on this calculation, the Deployment Agent creates one or more service replica agents on the appropriate
nodes. Since the new service replicas would need to perform online benchmarking for some time for service
capacity estimation to accurately reflect the actual service capacity, the Deployment Agent waits for two
observation intervals before making further decisions of capacity management. When the aggregate service
capacity needs to be reduced, Deployment Agent calculates the amount of capacity that needs to be reduced
and marks the lowest capacity replica for removal. It then checks if removal of that replica violets conditions
given by equations (7) and (9). If not, it sends a ’terminate’ message to the service replica, removes the
replica record from DHT and recalculates the new aggregate service capacity. If further reduction of capacity
is required, the Deployment Agent performs the above procedure again.
For detecting the crashes of the service replicas, the Deployment Agent monitors the periodic reports
received from the service replicas. If the Deployment Agent does not receive reports from a service replica
for more than two observation intervals, it marks the service replica as suspect-failed. It then tries to ping
and verify the status of replica. If the Deployment Agent fails to communicate with the replica it marks the
replica as failed and removes the replica from the system. It then checks if additional capacity is required to
be generated due to the replica crashes, and generates capacity as described above.

5

Adaptive Load Distribution

As discussed earlier, one of the challenges in building scalable services over shared computing environments is
the distribution of load according to the fluctuating service capacities of the service replicas. The fluctuations
in service capacities of the individual service replicas necessitates the need for adaptive load distribution. In
this section, we present the mechanisms we developed and evaluated for the adaptive load distribution.
In our system model a client first queries the DHT for accessing a particular service. In response to the
client query, the DHT selects one of the replica and returns its network address to the client. The client
then sends subsequent requests to that service replica. A DHT lookup is performed again by the client only
after some number of requests. Based on this service access model, we have two different levels at which
load distribution is performed:
• DHT-Level: This is the load distribution performed by the DHT while selecting the service replicas
for client queries. The load distribution mechanisms at DHT level operate at a relatively coarse level.
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• Replica-Level: Each service replica performs the load distribution based on its current load conditions.
This is at a more fine-grain level.
At a replica-level the load distribution is primarily performed by redirecting the load to another service
replica. At replica-level we have the following mechanisms of load redirection.
• Request Redirection: A service replica redirects a single request to another replica. This is also called
temporary redirection, since the subsequent requests are sent to the original service replica.
• Client Redirection: A service replica may also redirect the client permanently to another replica. The
client then sends the subsequent requests to the new replica until it performs the DHT lookup again.
Hence it is also called permanent redirection.
• Forced DHT Lookup: A service replica may force the client to perform DHT lookup again.

5.1

DHT-Level Load Distribution

The load distribution at DHT level is performed based on the service capacities of the individual service
replicas. For a balanced distribution of load, each replica should handle the fraction of the load proportional
to its service capacity. We define fraction of the load that should be distributed to a particular replica as the
load distribution fraction(F ) of that replica. This load distribution fraction is given by how much fraction of
the total service capacity is provided by that replica. Thus for replica r, if Cr is the service capacity, then
load distribution fraction Fr of that replica is given by
Cr
Fr = Pn

i=0

Ci

(10)

Each replica periodically reports its service capacity to DHT. Based on this reported service capacity,
DHT calculates the load distribution fraction for each replica. When a client performs a DHT lookup, the
DHT selects one of the replica randomly with the probability of the selection a replica being proportional to
its load distribution fraction.

5.2

Replica-Level Load Distribution

The mechanisms for load distribution at the DHT level can only perform distribution of clients and hence
only operate at a coarse level. For more fine-grain load distribution we need mechanisms which operate at
the level of individual replicas. A replica may become overloaded due to fluctuations in its service capacity
or due to increase in client load distributed to that replica. In such cases, the replica needs to redirect a
fraction of its load to another replica. A replica may shed its client load through request redirection, client
redirection or forced DHT lookups. For this purpose, the load distribution mechanisms at the replica level
need to address following questions:
• How to detect an overload situation?
• How to find the target replicas for the redirection of load?
• When to perform request redirection, client redirection or forced DHT lookup?
The first problem is to accurately assess the current load condition at a replica level. For this purpose,
we develop a token-based model for effectively characterizing the load and service capacities. In this model
tokens represent the maximum number of requests that can be serviced by a replica during an observation
period. As described in Section 3, in each observation period i a service replica estimates its service capacity
for the next period, represented by ri (as number of requests per second). This represents the estimated
maximum service processing rate over the next period. Based on this rate, at the beginning of an observation
period, the replica computes the number of tokens Ti representing the maximum number of requests that it
12

can service over that period. A token is consumed every time a request is served. In case of balanced load
conditions, the tokens will be consumed at a uniform rate. An overload condition is suspected if the tokens
are consumed at a rate higher than the estimated rate. Similarly, a replica is considered to be underloaded
when the token consumption rate is significantly below the estimated service rate.
At time t from the beginning of the current period, a replica can detect if it’s overloaded by observing
the number of tokens consumed by that time. If xt is the number of tokens consumed by the time t, then
the replica is overloaded if
xt > ri ∗ t
(11)
Similarly the replica is underloaded if
xt << ri ∗ t

(12)

In case of balanced load situations xt is close to ri ∗ t.
When a replica detects overload situations, it needs to find suitable targets for redirecting its load. A
replica also needs to decide if it should perform request-redirection or client-redirection. In our model, a
replica performs client-redirection in case of high overload conditions, which happen when the number of
redirected requests exceed some threshold, which is set to 30% of token count Ti . Otherwise, in case of low
overload conditions it redirects individual requests only. It forces a client to relookup the DHT if it cannot
find any suitable target.
In order to find target replicas for redirection, the replica needs information about load shared by other
replicas. For this purpose, in our system the replicas periodically exchange load information such as the
number of requests served, the number of tokens left and the current load status (underloaded, overloaded
etc). This periodic exchange is performed at each quarter of the total observation interval. Only the replicas
which have underload status are considered as redirection targets by a replica. For each such potential target
replicas, the replica calculates the maximum number of requests that can be redirected to that target replica
in a given interval, called as the as the redirection quota of that target replica. The redirection quota of
a target replica is calculated as follow. Let N be the total number of replicas in the system, and Tr be
the number of tokens remaining of the target replica r then redirection quota qr of the target replica r is
calculated as
Tr
qr =
(13)
(N/2)
This redirection quota is calculated by considering that some other replica may also redirect its requests to
that target replica. Therefore, we assume that the remaining number of tokens of a target replica can be
consumed equally by the potential number of replicas who may perform load redirection. Furthermore we
assume that, on average half of the total number of replicas may be overloaded so we divide the remaining
number of tokens of a target replica by N/2.
For client redirection, only the target replicas with redirection quota more than certain limit (we set this
limit to 100) are considered. When a replica decides to redirect a request or a client it selects a replica from the
list of target replicas in round-robin manner. For request redirection, it sends a ’request-redirection’ message
to the client along with the network address of the selected target replica. In case of client redirection, it
sends a ’client-redirection’ message and the network address of the selected replica.
If a replica can not find any target replicas for redirection or if it has already exhausted the redirection
quota of each target replica by redirecting those many number of requests to that replica, it decides to force
the client to perform DHT lookup again. A ’re-lookup’ message is sent to the client in this case.

5.3

Evaluation of the Load Distribution Mechanisms

We present here our methods for evaluating the proposed DHT level and replica level load distribution
mechanisms. Our evaluation is based on the deviation of the observed load shared by each replica from its
expected load. Let Fr be load distribution fraction of replica r for a given interval calculated using equation
(10). Let Sr be the number of requests served by that replica in that interval and L be the total client load.
Then the load deviation (βr ) of replica r is calculated as follow
βr = |Sr − (Fr ∗ L)|
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(14)

The overall deviation in load distribution across all replicas called as the distribution deviation(β) is calculated
in terms of the fraction of the total load that deviated from expected distribution. It is calculated as follow:
Pn
βi /2
β = i=0
(15)
L
In our evaluations over PlanetLab, we observed the distribution deviation. The details of these evaluations
are presented in next section.

6

Evaluations

In this section, we present our evaluations of the dynamic capacity scaling and load distribution models and
mechanisms. Our main criterion in these evaluations is the client side behavior in terms of the response times.
To assess the performance of capacity provisioning models, we observed the provisioning-ratio. Specifically,
our evaluations were based on following parameters. These parameters were observed every 1 minute.
• 90 percentile values of client side response times
• fraction of requests that were retried due to errors such as connection failure, socket timeouts etc.
• provisioning ratio (τ )
• distribution deviation (β)
• ratio of DHT load (number of lookup requests sent to DHT) to total service load to assess the load on
DHT
We evaluated the performance of our models and mechanisms under a load conditions of constant load and
step increase in load in which a constant step increase is added with each step. These evaluations were
performed by deploying the service replicas over a pool of 150 nodes on PlanetLab. In PlanetLab, if a slice
transfers more than total of 10 GB data in a day on a single node, its bandwidth is capped at a low rate.
Since such cases would affect our capacity estimation, we programmed the replicas to measure the amount
of total data they have communicated. If a service replica performs more than 9 GB of data communication,
such a service replica is shut-down and a new service replica on a different host is created. The Deployment
Agent keeps track of the nodes which have exhausted their data limit and such nodes are not used for hosting
replicas for that particular day. This limitation is specific to PlanetLab environment only and hence does
not affect our capacity models in general. In these experiments, we did not address the fault-tolerance of
DHT and Deployment Agent. They were deployed in a controlled environment of our lab cluster.

6.1

Constant Load

The first aspect of our evaluation was to assess the performance of capacity provisioning and load distribution
mechanisms under fluctuating service capacities and situation such as replica crashes. To evaluate these
aspects of our mechanisms, we induced a constant load and observed the performance of the system. The
requests were made for files with variable sizes with average file size of 100KB. Figure 6 shows the 90
percentile values for the client side response times observed every 1 minute for the step load increase from
3000 requests per minute to 25000 requests per minute. The statistics such as average values, standard
deviations, min and max for client side response times and other performance parameters are given in the
Table 2.
Figure 6 shows that most of the times client side response times were within 1 or 2 seconds. From Table 2,
we can see that the average response time was 1.51 seconds with standard deviation of 0.7 and the average
fraction of retried requests was 0.07. Figure 7 shows the provisioning ratio observed in this experiment. The
average provisioning ratio was 1.36 and it rarely dropped below 1.0. Situations where it dropped below 1.0
were mainly caused by crash of more than one replicas. The performance of load distribution in terms of
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Figure 6: Client Side Response Times under Constant Load
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Figure 7: Provisioning Ratio under Constant Load
distribution deviation is shown in Figure 8. The average load distribution deviation was 0.12, which means
that only 12% of load was deviated from its expected distribution. The average value of DHT load fraction
was observed to be 0.02 which means the load on DHT was 2% of the total service load. In our experiments
we set the value of number of requests after which a client performs DHT relookup as 100. Therefore, the
DHT load fraction would always be greater than or equal to 0.01.

6.2

Step Increase in Load

The goal of this experiment was to evaluate how the dynamic scaling and load distribution mechanisms
perform when the load increases in a short duration. We programmed the load generation such that it will
add a constant step increase in load every 10 minutes. Such a step increase in the client load was induced
within 1 to 2 minutes. We observed the performance of the system in terms of the parameters mentioned
above. The statistics for the performance parameters mentioned above are shown in Table 3. The client side
behavior in terms of response times is shown in Figure 9
Figure 10 shows how the capacity was generated as the load increased. The average provisioning ratio
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Figure 8: Load Distribution Deviation under Constant Load
Table 2: Performance Statistics for Constant Load Experiment
response times (secs)
fraction of retried requests
provisioning ratio
distribution deviation
DHT load fraction

Average
1.51
0.07
1.36
0.12
0.02

Std.Dev
0.7
0.06
0.11
0.05
0.01

Min
0.82
0
0.92
0.02
0.01

Max
5.5
0.3
1.59
0.56
0.23

was observed to be 1.32. The provisioning ratio never dropped below 1.0. The average load distribution
deviation was 0.18 and load on DHT was found to be 7% of total service load. The DHT load fraction is
slightly higher than that observed under constant load. This is expected as during a step increase in load,
a number of requests will fail forcing the clients to relookup DHT.

7

Related Work

Our goal of building scalable and available services over the Internet is similar to those for cluster-based
services, but our underlying implementation environment is characteristically different. The problems of
building highly available and scalable cluster-based network services have been addressed by many research
projects in the past [5, 9, 3, 15, 2, 23, 14]. In these systems, the client requests are distributed by the frontend nodes to different servers that are connected to it by a high-speed local area network. The available
capacities at the servers are fixed, and utilized solely by the load placed on them by the front-end nodes.
Moreover, in the cluster based systems the front-end has a good estimate of the load status of the back-end
servers. In our environment, there are no “front-end” nodes for performing request distribution and load

Table 3: Performance Statistics for Step Load Experiment
response times (secs)
fraction of retried requests
provisioning ratio
distribution deviation
DHT load fraction

Average
2.22
0.1
1.32
0.18
0.07
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Std.Dev
0.67
0.11
0.19
0.08
0.06

Min
0.95
0
1
0.05
0

Max
4.08
0.36
1.77
0.42
0.34
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Figure 9: Client Side Response Times under Step Increase in Load
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Figure 10: Capacity Generation under Step Increase in Load
balancing operations, and the service replica agents are deployed over a wide-area network. Moreover, there
is no guarantee of the available resource capacities on the service agents’ hosts. Such hosts are not under the
control of the service administrator, and hosts may be shutdown or become unavailable at any time. Our
design copes with such situations that may make a service agent unavailable.
Autonomic techniques for resource management and provisioning for services using online internal models
for characterizing workload have been developed and studied in [4]. That work focused on provisioning of
storage resources on a shared server cluster. Our work has also taken a model based approach for resource
provisioning in a large-scale wide-area environment. We use models for characterizing workload demands,
capacity prediction and aggregate service capacity management. Resource provisioning techniques for a
cluster-based shared hosting platform based on online profiling of an application’s resource consumption are
presented in [20].. The problem addressed there is from the viewpoint of the hosting platform management,
whereas our work is focused on the management and control of a service deployment. A control theoretic
approach for resource management on web servers is presented in [1], focusing on limiting the utilization of
bottleneck resources. Our models for autonomic service capacity management also include feedback-based
control mechanisms controlling the degree of service replication.
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Figure 11: Load Distribution Deviation under Constant Load
Several researchers have proposed and developed system architectures for Internet-based anycasting [6,
21, 22]. Various approaches to build this functionality range from DNS level modifications [13], networklayer anycasting requiring routing level modifications, or building a service similar to DNS at the application
level [22]. Our DHT-based redirection mechanism is at the application-level and does not require any
modifications to the existing network infrastructure. The DNS based and network level solutions [11] are
tedious to deploy. As shown in [13], DNS based solution are slow to react to changes in the replication
configuration, such addition or removal of replica. In our environment we need mechanisms that are agile
to react to such changes. Systems supporting anycast functionality for overlay-based routing have been
developed [21, 6]. The topic of load balancing [16] techniques has been extensively studied in the past for
environment the processing capacities of nodes are constant. In our environment, the service capacities of
the replicas are typically fluctuating, and therefore the load distribution mechanisms have to be adaptive
and agile. The load distribution mechanisms developed here address these needs.

8

Conclusions

In this paper, we have presented models and mechanisms for dynamic capacity management and load distribution for scalable services over wide-area shared computing platforms. Our approach was based on
model-driven service capacity estimation and provisioning and dynamic control of degree of replication using
feedback-based control mechanisms. Our mechanisms for adaptive and agile load distribution were based on
continuous adaptation of load distribution fractions and use of token-based mechanisms for overload detection and fine-grain load distribution. We evaluated the performance of such models and mechanisms over
PlanetLab. We demonstrated the capability of these mechanisms in autonomically controlling the degree
of replication to provide the scalability and resiliency for services. Our evaluations demonstrated that the
client side response times were always within some acceptable limits.
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