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Abstract—The popularity of cloud service spurs the increasing
demands of virtual resources to the service vendors. Along with
the promising business opportunities, it also brings new technique
challenges such as effective capacity planning and instant cloud
resource provisioning.
In this paper, we describe our research efforts on improving
the service quality for the capacity planning and instant cloud
resource provisioning problem. We first formulate both of the
two problems as a generic cost-sensitive prediction problem.
Then, considering the highly dynamic environment of cloud, we
propose an asymmetric and heterogeneous measure to quantify
the prediction error. Finally, we design an ensemble prediction
mechanism by combining the prediction power of a set of
prediction techniques based on the proposed measure.
To evaluate the effectiveness of our proposed solution, we
design and implement an integrated prototype system to help
improve the service quality of the cloud. Our system considers
many practical situations of the cloud system, and is able to
dynamically adapt to the changing environment. A series of
experiments on the IBM Smart Cloud Enterprise (SCE) trace
data demonstrate that our method can significantly improve the
service quality by reducing the resource provisioning time while
maintaining a low cloud overhead.
Index Terms—Cloud computing, data mining, cloud analytics,
capacity planning, instant provisioning.

I. I NTRODUCTION

D

Ue to their flexibility, convenience and low cost, cloud
services gradually become a ubiquitous choice for modern IT-solution of business activities. The paradigms such
as IaaS, PaaS, and SaaS provide different styles of services
to the cloud resource users with different flavors. Among
these paradigms, IaaS is an elastic and economical choice
for business IT support. It enables the cloud customers to
dynamically request proper amount of virtual machines (VMs)
based on their business requirements.
As cloud computing promises the pay-as-you-go flexible
charging style, the resource demand becomes more volatile
than that in traditional IT environments. Under such a circumstance, the aspects of effective cloud capacity planning
and instant on-demand VM provisioning face new challenges.
In principle, both of the tasks are about properly preparing the
resources. More specifically, they both aim to ensure that the
prepared resources in cloud is consistent with the real demand
in the near future. However, due to the pay-as-you-go style of
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cloud services, the prediction of resource demands in cloud is
a very challenging task [1].
A. Cloud Capacity Planning
The capacity planning in traditional services is straightforward. To satisfy the increasing demands, the service vendors
simply upgrade the data centers by continuously scaling up
the infrastructure. However, the capacity planing for cloud is
not that trivial due to its elastic service style. The demand
fluctuates and the available cloud resources are not always
fully utilized.
When the capacity is overestimated, the extra prepared but
unused physical resources are purely wasted. As the annual
energy cost of the cloud data centers counts for billions of dollars [2] and it makes up for 23% of the total amortized costs of
the cloud, the energy saving is an important aspect issue when
managing the cloud. Moreover, the unused physical resources
not only cause energy waste, but also result in more early
purchase costs. As the price of the same equipment is always
going down, it is always better to purchase equipment later
than earlier. Furthermore, an overestimated capacity will bring
extra associated cost like network, labor, and maintenance, all
of which are proportional to the scale of the infrastructure [3].
On the other hand, the underestimation of the cloud capacity
would cause resource shortage and revenue loss. For the cloud
platform, hardware resources still require a long acquisition
and deployment process. If the actual demand is higher than
the existing capacity, the cloud has to postpone serving new
customers, and thus lose the potential revenue. Once the shortage is severe, even existing services from existing customers
would be affected, which defeats the promise that application
in cloud can scaling-up whenever workload increases.
B. VM Provisioning
As for the issue of VM provisioning, the volatile style
of cloud service makes the provisioning and de-provisioning
of VM occur frequently. The state-of-art virtual machine
(VM) provisioning technology is able to provision a VM in
minutes. This time delay is affordable for normal services
but is unacceptable for tasks that need to scale out during
computation. To truly enable the on-the-fly scaling, new VM
needs to be ready in seconds upon requests. However, from the
infrastructure perspective, there is dim hope that new invented
cloud-specific device can immediately and significantly reduce
the request fulfillment time. The streaming VM technology [4]
allows the user to preview the VM before it is entirely
prepared, but the VM is still not instantly available until
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enough proportion of it is ready. The rapid VM cloning techniques [5] enables a VM to be created in seconds. However,
since the VM preparing involves a lot of procedures include
VM creation, software installation, automatic patching, VM
verification, security checking, and profiling, the acceleration
of VM creation alone cannot significantly reduce the overall
waiting time. From the business perspective, a simple yet
straightforward solution to reduce the request fulfillment time
is to ask all the customers to provide future VM demand
schedule. However, this idea is impossible for many practical
reasons: (1) The promise of cloud service is to provide the
VM resources whenever they are needed. It is contradicting
to ask the customers provide their plan well in advance. Also,
the customers maybe unwilling to provide such schedules.
(2) The customers themselves are hard to know when they
need the resources, since the demand is associated with the
actual business activity in the future. (3) The constituents of
customers are always changing. New customers can join in and
old customers can leave at any time. (4) Even if the customers
provide their schedules. The actual schedules may change at
any time.
Facing these technology limitations and business constraints, we believe that the only practical, effective and
achievable solution to provide instant cloud is to predict
the demands and prepare the VMs in advance. Similar to
the capacity planning scenario, different types of VM misprovisioning would also cause different consequences. If the
customer sends a request for a certain type of VM and there
is no prepared VM that matches this request, the cloud needs
to provision the VM on-the-fly, which, as mentioned before,
is time-consuming. In this situation, the Service Level Agreement (SLA) would be violated and the penalty is high (The
penalty can be more than a thousand dollars per violation).
On the other hand, if the prepared VM is not consumed
by any customer, it is idled. This would not only make the
prepared VM itself to be wasted, but also indirectly preempt
the physical resources that could be allocated to other useful
VMs. If the mis-provisioning is severe, although the workload
of the cloud is high, its real utility is low.
C. Paper Contribution and Organization
In our prior works [6][7][8], we tackled the capacity planning and instant on-demand VM provisioning problem with
separate models and solutions. In this paper, we propose
an integrated solution to address these two problems within
a unified framework. Generally, both problems can be first
formulated as a generic time series prediction problem. Due
to the pay-as-you-go style of cloud service, the prediction is
a very challenging task. The unbalanced demand distribution,
dynamic changing requests, and continuous customer turnover
makes the prediction difficult. Our empirical studies show that
applying traditional time series prediction techniques on these
two problems cannot achieve acceptable performance. Moreover, traditional prediction techniques are unable to dynamically change the prediction strategy according to actual cloud
environment. Based on aforementioned facts, we introduce a
cost-sensitive model to quantify the heterogeneous cost caused
by the mis-prediction. Using the proposed model, we design

313

a domain-specific self-training prediction mechanism to solve
the prediction problem.
Specifically, our contributions can be summarized as follows:
1) We formulate both the capacity planning and instant VM
provisioning as the time series problem. And we introduce an asymmetric and heterogeneous measurement
called Cloud Prediction Cost in the context of cloud
service to evaluate the quality of our prediction results.
2) We design an integrated system that predicts the future
demands by combining the prediction power of a set of
state-of-art algorithms. Our system is able to properly
predict the future capacity of the cloud based on adhoc setting. Also, this system is able to predict the
future demand of each VM type. Especially, based on
the temporal dynamics of the VM type importance,
our system is able to dynamically take different preprovisioning strategies.
3) We conduct a series of simulation experiments on the
trace data of IBM Smart Cloud Enterprise (SCE) [9],
a real world cloud environment, to demonstrate the
effectiveness of our system.
The scope of this paper is confined to optimize the utility
of existing resource based on the middle-term optimization
strategy. The real-time cloud utility optimization is one of our
future works.
The rest of this paper is organized as follows. We formulate
the problem of capacity planning and VM provisioning as
a time-series problem in Section II. Then we discuss our
solution and the corresponding system framework in Section
3. In Section IV, we introduce the details about the prediction
approach. An extensive evaluation results of our system are
reported in Section V. Finally, we discuss the related works
and summarize the paper in Section VI and Section VII,
respectively.
II. P ROBLEM D ESCRIPTION
In principle, both the problems of achieving effective cloud
capacity planning and instant VM provisioning are about
properly preparing the resources. More specifically, they both
aim to ensure that the prepared resources in cloud is consistent
with the real demand in the near future.
Without loss of generality, we use the number of VM units
to quantify the amount of resources that is needed at a time
slot. (We will discuss how we choose the proper time slot in
later sections.) The VM unit is defined as the basic unit of
virtual resource, which is associated with a set of physical
resources such as CPU time, main memory, storage space,
electricity etc. In real cloud systems, any virtual resource a
customer can apply should be a multiple of the VM unit. For
example, IBM’s cloud product SCE defines one 64-bit VM
unit as one 1.25 GHz virtual CPU with 2G main memory
and 60G of storage space. The customer can request VMs
with different multiples of the basic VM unit, such as Copper,
Bronze, Silver, Gold, and Platinum. In the remaining of this
paper, the amount of needed resources is quantified by the
number of VM units.
Let v (t) be the future resource at a future time t in terms of
number of VM units, and v̂ (t) be the corresponding prepared
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resources at time t, the goal of effective capacity planning and
instant provisioning is to prepare the needed resources at each
time slot t, such that the prediction error:

E=
f (v (t) , v̂ (t) )
(1)

User
Number of Users
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t

III. T HE S YSTEM F RAMEWORK
According to the problem description mentioned above, a
natural solution for both of the problems is to leverage the
state-of-art time series prediction techniques to predict the
future needed resources. However, based on our empirical
study about the available SCE trace data, we found the
following difficulties make the task non-trivial:
1) The resource demands are highly unstable. This
is caused by two reasons: the unstable customer
constituents and the freestyle of resource acquisition/releasing. In the presence of dynamic varying customer group, both the time series of the cloud capacity
and the required VMs for each type may contain random factors that can mislead the prediction algorithms.
Figure 1 shows the change of the customer number
over time 1 . This figure implies that the number of
customers is continually increasing. Therefore, even the
old customer keep their request behavior, the overall
request demands still change over time. This phenomena
would cause the distributions of the resource demands
to be unstable. Figure 2 illustrates the request history
of three frequently requested customers. As is shown,
these time series share no common property from each
other.
2) To enable instant provisioning, we need to predict
the demand of each VM type separately, and then
prepare them accordingly. Since each type of VM has
different characteristics in terms of demand amount, VM
life-time, degrees of emergence, and physical resource
requirements, their corresponding time series (See Figure 3) also show different temporal properties such as
scale, degree of sharpness, length of cycle, degree of
fluctuation, etc.
To properly address the above difficulties, we design and
implement a flexible resource prediction system that enables
1 For

confidential issue, we remove y-axis in all the time series.
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The change of cloud service customer over time.
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is minimized. In Equation (1), f (·, ·) represents an arbitrary
cost function that is used to quantify the prediction error. A
good resource predictor should be able to reduce the error as
much as possible.
Specifically, for the cloud capacity planning scenario, v
semantically denotes the quantified amount of physical machines, associated available cooling systems, corresponding
power supplies, and the number of system operators working
for the cloud. As for the instant VM provisioning scenario,
v represents the number of VM instances with a certain type
that should be prepared before the customers actually send the
requests. In this paper, we focus on the IaaS paradigm resource
provisioning, so each VM is associated with a certain OS or
middle-ware type, i.e. Linux Red Hat Enterprise 5.5, Windows
Server 2003, etc.
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Fig. 2. Time series of resource demands group by customer. The three time
series show the demand of three frequently requesting customers. The scales
of all the time series are not normalized for ease of visualization.

the automatic cloud management. At the core of our system,
we propose the ensemble time series predictor (we will
discuss it in detail in Section IV) that combines the prediction
power of a set of state-of-art prediction techniques. Besides
combining individual predictors, we also consider the temporal
correlations to ameliorate the prediction. Figure 4 illustrate the
framework of our system. As is depicted, our system works
as an associated system for the cloud. It mainly contains the
following modules:
1) Data Preprocessing Module. This module conducts the
preprocessing works. It is responsible for: (1) filtering
out the unnecessary information from the raw data; and
(2) extracting the high-level characteristics of the filtered
data and transform them into time series.
2) Model Generation Module. This module is responsible
for building the models of separate predictors. It periodically selects and trains the most suitable models of each
predictor based on the latest requests. Once the work is
finished, the new parameters of the trained models are
stored into a particular file and the demand prediction
module is notified.
3) Ensemble Prediction and Adjustment Module. Once the
individual prediction models are built, they are used to
predict the future demands separately. Then an ensemble
mechanism is used to obtain the final prediction results,
and the results are sent to the configuration module.
Finally, if necessary, the temporal correlations are considered to help adjust the prediction result. The details
of this model will be introduced in Section IV.
4) Configuration Module. This module is responsible to
configure the cloud based on the prediction results. It
knows all the running status of the cloud, including the
amount of available computing resources, the workload

Demand
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Considering the characteristics of the cloud, we propose a
novel cost measure called Cloud Prediction Cost (CPC) to
quantify the prediction result quality. CPC is an asymmetric
and heterogeneous measure that models the prediction error
as two different kinds of costs: the cost of SLA penalty and
the cost of idled resources. Respectively, we use P (v (t) , v̂ (t) )
and R(v (t) , v̂ (t) ) to quantify their costs. The total costs can
be represented as:
C = βP (v (t) , v̂ (t) ) + (1 − β)R(v (t) , v̂ (t) ).

Time

Fig. 3. Time series of resource demands group by VM types. The three
time series show the demand of three frequently requested VM types. The
scales of all the time series are not normalized for ease of visualization. For
confidential issue, the value on y-axis are removed.
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The system framework.

of cooling system, and the power supply will dynamically adjust the cloud capacity based on the current
status and the prediction results.
IV. P REDICTION A PPROACH
In this section, we will first discuss the criteria as well as
the cost function of how to quantify the prediction result error.
Then we will introduce the ensemble prediction model based
on the proposed cost function. Finally, we will discuss how to
adopt this model to the problems of capacity prediction and
VM instant provisioning.
A. Prediction Result Evaluation Criteria
Traditional regression cost measure such as mean average
error (MAE), least square error (LSE), and mean absolute
percentage error (MAPE) are all symmetric measures [10]. In
cloud demand prediction scenario, the consequence of overprediction and under-prediction are semantically different, and
they result in heterogeneous costs. Therefore, a symmetric
measures is not proper to model the asymmetric cost.
In cloud scenario, if the prepared resources are more than
the actual demand, the customers would not be affected but
the service vendor will suffer. This is because the idled and
wasted resources are not billable. On the other hand, if the
prepared resources are less than actual demand, the service
quality of the customers would be affected and the SLA would
be violated.

(2)

Here β is used to tune the importance between two costs. Take
the capacity prediction scenario for example, if the workload
(the proportion of current capacity to the maximum capacity)
of the cloud is low, the system operator can increase β, and
thus the cost measure focusing more on the SLA penalty.
CPC is a generic cost measure that can be used for both
capacity management and instant VM provisioning scenarios.
Moreover, since different cloud has different objectives, the
concrete quantification of the costs may vary accordingly.
Basically, the R function and P function can be defined in
any form that satisfies the following two properties:
≥
0 and
1) Non-negativity. Both P (v (t) , v̂ (t) )
R(v (t) , v̂ (t) ) ≥ 0 should be hold for arbitrary
non-negative v (t) and v̂ (t) .
2) Consistency. If v1 (t) − v̂1 (t) ≥ v2 (t) − v̂2 (t), then
P (v1 (t), v̂1 (t)) − P (v2 (t), v̂2 (t)) is either consistently
positive or negative. Similarly, if v1 (t)− v̂1 (t) ≥ v2 (t)−
v̂2 (t), then R(v1 (t), v̂1 (t)) − R(v2 (t) − v̂2 (t)) is either
consistently positive or negative.
Predicting cloud resource is different from traditional
time series prediction due to its asymmetric and heterogeneous characteristics, where the over-estimation and underestimation of the resource would result in different consequences with different physical meaning. To measure the
prediction cost intuitively, we define the cost of SLA penalty
and the cost of resource waste as follows.
1) Cost of SLA penalty: The cost of SLA penalty is used to
quantify the satisfaction of the customer. This cost is largely
due to the under-estimation of the future resource requests.
For simplicity, we use the request fulfillment time to quantify
the SLA penalty. We denote the request fulfillment time of
this situation as Tavail . When available resources are enough,
the resources associated to the request can be immediately
allocated to the requester. On the other hand, if there is not
enough resources, the requester has to wait for Tdelay until
new resources are available and allocated. The time of wait is
undecidable, but typically Tavail  Tdelay since this situation
always involves garbage collection and resource reallocation.
In our system, we quantify the SLA penalty with P function
and its definition can be seen as Equation 3. Based on the
definition, the penalty is proportional to the degree of underestimation. More sophisticated forms of the P function can
also be used. For example, a common SLA typically specifies
a penalty threshold for resource fulfillment time. The cost of
a non-violated request in this case would have zero values for
P function.
P (v (t) , v̂ (t) ) = min(v (t) , v̂ (t) )Tavail
+ max(0, v (t) − v̂ (t) )Tdelay .

(3)
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TABLE I
T IME SERIES PREDICTION TECHNIQUES USED FOR ENSEMBLE
Method Name
Moving Average
Auto Regression
Artificial Neural Network
Support Vector Machine
Gene Expression Programming

Description
Naive Predictor
Linear Regression
Non-linear Regression
Linear Learner with Non-linear Kernel
Heuristic Algorithm

2) Cost of resource waste: This is the non-billable part on
the service vendor side. It includes the server aging, electricity
waste and labor cost etc. We use Rvm to denote the cost of
waste caused by one VM unit. The R function is defined as
Equation 4.
R(v (t) , v̂ (t) ) = max(0, v̂ (t) − v (t) )Rvm .

(4)

Combining Equation 3 and Equation 4, the total resource
prediction error is quantified as Equation 5.

the ensemble result. Therefore the updating strategy should be
carefully quantified.
We make use of the difference between each predicted value
(t)
v̂p and the real value v (t) . In order to update the weights, we
(t)
calculate the relative error ei caused by predictor i at time
t according to
(t)
c
(t)
(t)
ei =  i (t) wi ,
(7)
c
p p
(t)

(t)

where ci (or cp ) is the prediction cost of predictor i (or
p) computed by the cost functions such as MAE, LSE, MAPE
and CPC (as described in Section IV-A).
Note that the relative errors cannot be used as the new
weights of the predictors since they are not normalized. As
the final predicted value is the linear combination of all the
results of individual predictors, Equation 8 should be used to
normalize the weight.
(t)

e
(t+1)
=  i (t) .
(8)
wi
C = f (v (t) , v̂ (t) ) = βP (v (t) , v̂ (t) ) + (1 − β)R(v (t) , v̂ (t) )

p ep
(t)
(t)
(t)
(t)
(t)
βv Tavail + (1 − β)(v̂ − v )Rvm , if v̂ ≥ v
=
It is easy to prove that the weight of the best predictor at
β(v̂ (t) Tavail + (v (t) − v̂ (t) )Tdelay ),
if v̂ (t) < v (t)
each time is guaranteed to be increased by this weight update
(5)
strategy.
For different clouds, the trade-off between SLA penalty and
idled resources can be different. We use the parameter β to C. Capacity Prediction
tune the importance between P function and R function. As
1) Time Series Selection: Before adopting ensemble predicmentioned in Section II, we aim to minimize the total cost
tion for the problem of capacity prediction, we need to pick
quantified by Equation 1.
a suitable type of time series first. Given the cloud trace data,
three types of time series are available for capacity prediction:
B. Ensemble Prediction Model
The original capacity time series (See Figure 5(a)), the capacTo incorporate the prediction power of individual prediction ity change time series (See Figure 5(b)), and the separated
algorithm, we utilize ensemble prediction techniques to handle provisioning/de-provisioning time series (See Figure 5(c)).
It is easy to observe that the capacity of the cloud gradually
most of the prediction tasks. The ensemble prediction is
motivated by its classification counterpart but it has differ- increases from the long-term perspective. The non-stationarity
ent property. In prediction scenario, temporal correlation is property of this time series makes most of the time series
contained between records, while in classification scenario prediction models to be invalid. It is true that we can leverage
the data is assumed to be i.i.d (independent and identically ARCH [12] to directly model and predict such non-stationary
distributed) [11]. Moreover, the labels of prediction are con- time series. However, ARCH is a parametric model that only
tinuous, so the scale of the ensemble results should be well performs well under stable conditions. The highly fluctuate request of the cloud service makes the prerequisite of this model
controlled.
In ensemble prediction, we employ five different time series unsatisfied. Furthermore, ARCH is based on symmetric cost
prediction techniques as shown in Table I. To combine their functions. This makes it inappropriate to the cloud scenario.
The capacity change time series is obtained by taking the
prediction result, we propose a weighted linear combination
strategy. Suppose the predicted value for predictor p ∈ P at first derivative of the original capacity time series. This time
(t)
(t)
time t is v̂p and its corresponding weight at time t is wp , series shows a stationary trend, and it is proper to be modeled
by most of the time series prediction models. However, the
the predicted value for a certain VM type at time t is


irregularity of the trends implies that its temporal pattern is
wp(t) v̂p(t) , subject to
wp(t) = 1.
(6) not easy to be discovered.
v̂ (t) =
p
p
If we further decompose the capacity change time series into
Initially (t = 0), all the individual predictors have the same a provisioning component and a de-provisioning component,
(0)
1
. The a weekly periodic pattern appears. This pattern implies that
contribution to the prediction result, i.e. wp = |P|
weight updating strategy for the prediction based ensemble is this type of time series is easier than the previous two. In
also different from the traditional classification based strategy. our system, we utilize this kind of time series for prediction.
In classification scenario, the results can only be “correct” Generally, the capacity change can be estimated according
or “incorrect”, and the ensemble just needs to increase the to the difference between the provisioned and de-provisioned
weights of those correctly classified classifiers for weight resources, i.e. Δ = provt − deprovt , where Δ denotes the
updating. In the prediction scenario, the results are continuous change of capacity at each time slot, provt and deprovt denote
values and the weights of the predictors would directly affect the quantified provisioned and de-provisioned resources.
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TABLE II
C OST MATRIX FOR CAPACITY ESTIMATION

Over-estimation
Under-estimation

Provisioning
resource waste
SLA penalty

De-provisioning
SLA penalty
resource waste

2) Interpretation of cost functions: Over- and underestimation have different consequences when estimating the
provisioning and de-provisioning of resources. Table II illustrates the cost matrix for these two situations. For provisioning
prediction, an over-estimation has no negative effect on the
customer and only causes idled resources, but an underestimation degrades the service quality. For de-provisioning
prediction, the costs are reversed.
Cost of SLA penalty (P function): In the scenario of
capacity prediction, when there is not enough resource, the
requester has to wait until new resources are available. New
resources are supplemented by starting new servers at the
back-end of the cloud. Therefore, Tdelay is used to indicate
the waiting time plus the physical server cold start time plus
the VM fulfillment time, i.e. Tdelay = Twait + Tstart + Tvm .
On the other hand, if available resources are enough for
current request, the resources associated to the request can
be immediately allocated and the provisioning procedure can
immediately start. In this situation Tavail only include the
VM fulfillment time Tvm . In our system, we define the P
function for provisioning prediction syntactically the same as
Equation 3. The P function for de-provisioning prediction can
be obtained by switching the variables v (t) and v̂ (t) .
Cost of resource waste (R function): Syntactically, the R
function in the generic cost function is the same as the one
for capacity prediction. Semantically, Rvm in R function is
used to denote the waste of physical server plus the amortized
waste of cooling system, electricity supply, and human labor,
etc. Also, the R function for de-provisioning prediction can
be obtained by exchanging v (t) and v̂ (t) .
3) A Better Prediction Approach for De-provisioning: The
future de-provisioned VM are bounded by the number of total
used VMs in the cloud. At any time, any customer cannot
de-provision more VMs than they requested. The ensemble
technique is workable for de-provisioning prediction, but we
have an alternative way to estimate the de-provisioning in a
more intuitive way [7]. We will first introduce this method
and then show that the new proposed method can achieve
better accuracy than the ensemble prediction approach through
experiments in Section V.
Since we have all the information of the potential deprovisioned VMs, we can build profiles using the temporal

dynamics for the VM image types. Rather than the observed
time series, the temporal characteristics provides more interpretable context of the de-provisioning that can facilitate
the estimation. Our empirical exploration demonstrate that
knowing the current life time of individual VM is helpful for
estimating the de-provisioning [8]. That is, we can infer when
a certain VM would be de-provisioned through the life time
distribution of the images. Since the true distribution of the
image life time is not available, we need to estimate it from
the historical data first.
To investigate whether the VM life time depends on the
time when it is requested, we divide the requests into two
groups by putting the requests recorded during Monday and
Wednesday to the first group and the remains to the second
group. Then we conduct statistical test on these two datasets.
The result indicates that we can safely assume that the VM
life time distribution does not depend on the time they are
requested. Suppose lif e(V M ) is the current life time of a
VM, and ni is the frequency of VMs with life time ti . We
estimate the empirical cumulative distribution function (CDF)
of the life time with a step-wise function in Equation 9.
F̂ (x) = P (lif e(V M ) ≤ x)
⎧

n1 / i ni ,
⎪
⎪
⎪
⎨(n + n )/  n ,
1
2
i t1
=
⎪
·
·
·,
⎪
⎪ n−1

⎩
( i=1 ni )/ i ni ,

t1 ≤ t < t2 ,
t2 ≤ t < t3 ,
···
tn ≤ t.

(9)

The output of the estimated CDF denotes the probability
of a VM that would be de-provisioned when its current life
time is ti . Utilizing F̂ (x), the de-provisioning demand can be
estimated by

F̂ (lif e(i) ≤ tnow − tstart (i)),
(10)
i∈V Mactive

where V Mactive denotes the set of VMs currently used, tnow
denotes the current time and tstart (i) denotes the provisioned
time of VM i.

D. Instant VM Provisioning
In this section, we firstly introduce how we adopt the
generic cost function according to the instant VM provisioning
scenario. Then we introduce how we reuse the prediction
techniques with minor modification to solve the instant VM
provisioning problem.
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series to help post-process the prediction results. Suppose

(t)
(t) is the covariance matrix of VM types at time t, covij
denotes the covariance between resource types i and its jth
correlated resource. By considering the positive influence of
the strongly correlated time series (in our system, we set
correlation as 0.8, based on the empirical study), the prediction
(t)
value ûi of time series i at time t now becomes
k

Time

Fig. 6.
series.

(t)
ûi

Total requests time series and individual VM type requests time

1) Interpretation of cost function: The cost function for the
instant VM provisioning scenario has the same form with the
generic cost function, but they have different semantics. The P
function and R function represent the the cost of provisioning
delay and the cost of idled VM in the instant provisioning
scenario.
When a request for a particular type of VM arrives, if there
is no VM with the same type prepared in the cloud pool,
the cloud has to provision the VM on-the-fly. We denote the
on-the-fly provisioning delay as Tdelay = Tmiss , which is
similar to the “miss” in system cache scenario. On the other
hand, if the requested VM has already prepared in the pool,
the cloud can simply transfer its ownership to the customer
and immediately finish the provisioning procedure. In this
case, the request is “hit” and the delay is Tavail = Thit .
Typically, Thit  Tmiss . A “hit” request can be handled in
seconds, but the on-the-fly provisioning time for a “miss”
request could be up to minutes for the state-of-art cloud
systems. If the requested VM is configured with complex
service components, a missed request would take even longer
due to the software integrity, security checking, and sometimes
other manual processes.
When the provisioning of a certain VM type is overestimated, part of the prepared VMs would be wasted. The
service vendor would be responsible for the cost of this part
of VMs, since they cannot be charged to the customers. Same
as in capacity prediction scenario, the cost of an idled VM can
be quantified by the number of VM units and we can use Rvm
to denote its cost. Therefore, the over-predicted cost can be
quantified by the same equation (Equation 4) used in capacity
prediction scenario.
2) Prediction of individual VM provisioning: Different
from the provisioning and de-provisioning prediction for capacity prediction, to enable instant VM provisioning, we need
to separately handle the VM provisioning time series of each
VM type. As shown in Figure 6, the time series of individual
type requests demonstrates high irregularity comparing with
the total requests time series. This phenomenon implies that
the auto-correlation of these time series is more difficult
to discover. Therefore, besides the auto-correlation, we also
exploit the correlation between different VM types to mitigate
the risk of serious prediction deviation. For instance, the
requests time series of the same series of VM type, i.e.
Windows Server 2003 and Windows Server 2005, are highly
correlated. We called this procedure Correlation Ensemble.
In our system, we utilize the correlation matrix of time

=

j=1

(t−1)

covij

k

(t)

sij v̂k

j=1 sij covij

,

(11)

where sij = t¯i /t¯j denotes the scale difference between two
time series and k is the number of strongly correlated time
series. In our current design, we only considered the positively
correlated time series, the negative influence consideration is
one of our future works.
To further mitigate the cost of mis-prediction caused by the
inherent prediction difficulty, we introduce a module called
Reservation Controller. Its function is to reserve the unused
VMs and only notifies the cloud to prepare new VMs when
all the reserves of the VM type are used up. Reservation
Controller provides a good buffer mechanism that effectively
reduces the waste of VMs. It can be integrated into the cloud
configuration module.

V. E XPERIMENTAL E VALUATION
To evaluate the effectiveness of our system, we use the
real VM trace log of IBM Smart Cloud Enterprise (SCE) to
conduct the experiments. The trace data we obtained records
the VM requests for more than 4 months (from late March
2011 to July 2011), and it contains tens of thousands of
request records with more than 100 different VM types. In
this trace data, each request record contains 21 features such
as Customer ID, VM Type, Request Start Time, and Request
End Time, etc. The goal of the experimental evaluation is to
answer the following questions:
•
•
•

Whether our prediction mechanism for capacity planning
and instant VM provisioning reliable?
Whether the measure CPC is practical and flexible?
To what extent can our system decrease the average
request fulfillment time for both problems?

A. Data Filtering and Aggregation
Data preprocessing is the step before data modeling and
prediction. There are two reasons for data preprocessing of
the raw trace data recorded by SCE.
1) The raw data contains useless request fields that would
not be used during prediction. Also, it contains the
internal test requests that brings noise during temporal
pattern mining.
2) The records of the requests are stored in a low-level
representations. The requests need to be aggregated into
proper granularity first, and then feed to the algorithm
for prediction.

requests
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Fig. 7. Time series with different granularities. From top to bottom, the time
series are aggregated by week, day, and hour, respectively.
TABLE III
S TATISTICS FOR TIME SERIES IRREGULARITY
Measure Granularity
Coefficient of Variance
Skewness
Kurtosis

Week
0.1241
-0.5602
2.7595

Day
0.4048
-0.2536
2.5620

Hour
0.7182
2.6765
20.5293

1) Feature Selection: Not all the 21 features features of a
request record are useful. In our current implementation, we
only consider the VM Type, which illustrates the type of VM
the customer requests; Request Start Time, which indicates
the time that the customer sends the request; Request End
Time, which indicates when the VM is released. Other features
like Customer ID, Customer Priority and Data Center will be
considered in our future work for personalized service quality
improvement.
2) Time Series Aggregation Granularity Selection: All the
time series we present in this paper are obtained through
aggregating the raw trace records with a certain granularity.
The time series aggregated by different granularities would
have different levels of difficulty for prediction. For example,
Figure 7 shows the capacity provisioning time series aggregated by week, day, and hour, respectively.
This figure shows that the coarser the granularity, the larger
the provisioning amount in each time slot. Therefore, the
weekly aggregated time series requires the cloud to prepare
the most VMs for each time slot. Compared with a finer
granularity, a smaller portion of prediction deviation for
weekly aggregated time series would result in a larger waste.
Moreover, through exploration, we found the life time of most
of the VMs is shorter than one week. Therefore, the weekly
aggregated time series cannot reflect the real situation.
On the contrary, it is also not suitable to aggregate the
records by hour, since the lifetime of the VMs is not so
short. A too fine granularity would make the value on each
timestamp lacks statistical significance. Table III list the results
by measuring the irregularity of these time series in different
perspectives with Coefficient of Variance (CV), Skewness, and
Kurtosis [13]. Higher CV indicates larger volatility, higher
Skewness indicates stronger asymmetry, and higher Kurtosis
means more of the variance is the result of infrequent extreme
deviations. In our comparison, the time series aggregated by
hour has the largest values in all the three measures, indicating
the hour granularity is not suitable to aggregate the time series.
Therefore, based on above investigation, we aggregate the
daily time series in our implementation.
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3) VM Type Selection: VM type selection is only relevant
to instant VM provisioning problem. As mentioned in Section IV-D, we need to predict the future demand for each VM
type separately. Figure 8(a) plots the distribution of requests
in a time-type-request view. This figure clearly indicates one
obvious characteristics: The distribution of VM request is
highly uneven, and a small number of the VM types dominate
the distribution. We also plot the corresponding cumulative
distribution function (CDF) and rank the VM based on their
requests frequency in Figure 8(b) and Figure 8(c), respectively.
The CDF shows that the VM requests obey the 80/20 rules —
more than 80% of the requests concentrates on less than 20%
of the VM types. In the frequency ranking plot, we observe that
there is an inflection point between the 12th and 13th types,
which explicitly divides the types into frequent and infrequent
groups. The measures like CV, Skewness and Kurtosis on time
series of these infrequent types also show higher values than
those of frequent types, which demonstrate that the time series
of these infrequent types are not regular enough to be modeled
and predicted.
Notwithstanding the inherent prediction difficulty caused by
the irregularity, the future demand of the infrequent VM types
can be handled in a more empirical way. We design the data
preprocessing module to periodically checks the change of
the rank, and build prediction modules for the frequent VM
types only. For the infrequent types, the cloud prepare a fixed
number of VMs for each type. The fixed number is set as the
moving average of the recent requests of the type. Once the
prepared VMs are used up, the cloud just needs to prepare
another batch of VMs.
B. Provisioning Prediction Evaluation
To evaluate the performance of provisioning prediction, we
compare the accuracy of our ensemble predictor with the
individual predictors mentioned in Table I. In this experiment,
we use CPC as the measure. For parameter setting, we set
β = 0.5, Tdelay = 1200 (the time for on-demand preparation,
including server boot up, VM creation, security checking,
patching, and configuration etc.), Tavail = 10 (resource is
available almost instantly), and Rvm = 500 (the cost of wasted
resources for one VM unit).
We partition the time series horizontally into two parts: the
records before May 2011, and the records after May 2011.
Then we use the data before May 2011 for training. The
precision of these predictors are evaluated on the month of
May, June, and July, respectively.
For each individual predictor, the parameter setting is as
follows. Random Guess simply guesses the future demand
by randomly picking a number between 0 and the maximum
demand known so far. We set the sliding-window of MA and
the number of variables in AR as 7, since we have observed a
suspected weekly periodical pattern. For Neural Network, we
leverage a 3-layer topology with 1 hidden layer. The neurons
in the input layer take the information of the latest 7 days as
input variables, and the number of hidden layer and output
layer is set as 7 and 1, respectively. This topology enables
the neural network to capture any combinations of the input
variables. As for SVM, we first leverage the grid search to
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TABLE IV
T HE COST OF DIFFERENT PREDICTORS MEASURED BY CPC
May
2281555
1295550
504912
980780
866117
3746005
538302

June
3507600
1293620
760110
1095102
640405
2199010
626585

July
3080320
1293620
1047275
1577127
1037705
1147240
1072840

Average
2956491
1294263
770765
1217669
848075
2364085
745909

# Deprovisioning

Predictor
Random Guess
Moving Average
Auto Regression
Artificial Neural Network
Gene Expression Programming
Support Vector Machine
Ensemble
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The effect of tuning β for capacity prediction.

identify the best parameter combinations with training dataset,
and then we use regression SVM for prediction. For GEP, we
set the population as 40, the number of evolution generation
as 1000, the operator set as {+, −, ×, /, √, sin}. To eliminate
the randomness of some predictors (Random Guess, Artificial
Neural Network and Gene Expression Programming), the
results are computed by averaging 10 runs of each predictor.
Table IV lists the evaluation results of all the predictors. The
results clearly show that the best predictor is different for
different test datasets. And on average, the ensemble method
achieves the best performance.
1) Effectiveness of Parameter Tuning: As mentioned before, the parameter β can be used to tune the preference of
the predictor (optimistic vs. pessimistic). A higher β results
in less SLA penalty risk (more time reduction) but increases
the chance of resources waste. A lower β can reduce the idled
resources risk but increases the chance of SLA violation.
Figure 9 illustrates how β affects the prediction results. In

Prediction result of de-provisioning time series.

this figure, the x-axis denotes the value of β while y-axis
denotes the average ratio of VM fulfillment time reduction
(left) and the average cost of idled resource (right) each day
quantified by R function.
As is shown, alone with the increasing of β, both the time
reduction ratio and the cost of idled resource cost increase.
This is because when β is small (close to 0), the R function
would have higher impact to the cost function than P function.
In this case, the cloud would prepare relatively less resources
to avoid the waste and does not take too much action to reduce
the waiting time. On the contrary, when β is big (close to
1), the cost function will pay more attention to reduce the
VM fulfillment time. In this case, the cloud would prepare
relatively more resources to ensure the resource supply on the
cost of higher chance of resource wasting.
C. De-provisioning Prediction Evaluation
We try four different methods to predict the de-provisioning
demands based on the information of VM life time. For all
these methods, the evaluation is conducted on the last 60 days
of de-provisioning records, and all the other data are used as
the training data. The details of these methods are listed as
follows:
1) Dist All: This method leverages all the training data to
estimate the global VM life time distribution by ignoring
the VM type. For each day, it estimates the expected
number of VMs that would be de-provisioned based on
the probability of de-provisioning.
2) Dist 60: This method leverages the latest 60 days
of training data to estimate the global VM life time
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distribution by ignoring the VM type. For prediction,
it is the same as the first method.
3) Dist Individual: This method first estimates the life time
distributions of each VM type, and then it predicts
the expected number of de-provisioning VMs based on
the life time distributions of corresponding types. This
method is a finer granularity version of the first method.
4) Dist Hybrid: This method leverages all the training data
to estimate both the global life time distribution and
individual life time distribution. The expected number
of de-provisioned VMs is calculated as αF̂i +(1−α)F̂g ,
where α equals to the fraction between the frequency of
specified image type and the most popular image type.
Besides these four methods, we also predict the future deprovisioning with the ensemble method and their prediction
results (6 methods in total) are shown in Figure 10, where
the x-axis denotes the time and y-axis denotes the number
of de-provisioned VMs. As is illustrated, all of these methods successfully discover the periodic patterns of the deprovisioning trend. However, the ensemble method has limited
ability to fit the scale of the peaks. Among all these methods,
the time series predicted by Dist All fits the real time series
the best. Moreover, all these four life time distribution based
methods have approximately the same accuracy and they all
outperform the ensemble prediction method. The reason is that
the methods Dist All, Dist 60, Dist Individual, and Dist Hybrid
all estimate the de-provisioning from the empirical life time
distributions, rather than simple inference from the observed
time series.
We also use CPC to quantify the errors of the ensemble time
series prediction and two best distribution based prediction
method – Dist 60 and Dist All. To better demonstrate the
effectiveness of the prediction methods, we also calculate the
cost of two naive method: None and Maximum. None takes no
action for capacity planning. All the requests are responded by
preparing the resource on-the-fly. Maximum always prepares
the maximum capacity for the cloud. Figure 11 shows the
evaluation result after normalization. It clearly shows that any
method that takes the pre-action is significantly better than
None. Moreover, all three sophisticated methods are better
than Maximum. Among all these methods, Dist All makes least
error among all the methods.

To evaluate the effectiveness of request prediction for individual VM type, we compare the prediction performance
of individual predictors with our ensemble predictor. Besides
CPC, we also use MAP, MSE and MAPE to measure the
precision of these predictors.
For VM type, we pick the top 12 (before the inflection point
in Figure 8(c)) most frequent VM types for experiments. All
the time series are partitioned into two sets, the records for
the last 30 days are used as the test data, while the remaining
are used as the training data. Similar to the experiment in
provisioning evaluation, grid search is utilized to seek the best
parameter combinations for individual predictors.
Table V shows the precision of all the predictors on all the
time series. Due to the space limit, we only list the details
of the top 3 time series (Red Hat Enterprise Linux 5.5 32bit, Red Hat Enterprise Linux 5.5 64-bit, and SUSE Linux
Enterprise Server) and the average CPC of all the time series.
It can be easily observed that the best predictor is different
for different VM types. For example, GEP performs the best
on the 1st VM type; ANN achieves good results on the 2nd
VM type. Moreover, the winner predictor of one VM type can
also perform badly for other VM types. For example, ANN
obtains a poor precision on the 1st VM type.
For our ensemble predictor, although it does not perform the
best on any single VM type, it is very robust as its performance
is always close to the winner predictor on all the types. The
average CPC shows that our ensemble predictor has the best
average performance, indicating its self-adaptation capability.
Figure 12 displays the real time series of the three most
frequent VM types and their corresponding prediction results
of all the predictors. In this figure, the ensemble predictor
can always identify the best predictor for the time series and
quickly converge to it. Since under-prediction is worse than
over-prediction in cloud provision scenario, the predictor that
rarely under-predicts the demands is considered better than the
one whose outputs are always close to but less than the real
demands. It can also be noted that although MA and SVM do
not have the best performance in either of the three VM types,
they can also make contributions to the ensemble predictor
according to their weights.
1) Detailed Cost: To better investigate the composition of
cost, we also calculate the prediction cost for each component.
Provisioning time reduction: The most important criterion
to evaluate the performance is how much provisioning time
can be saved. We calculate the proportion of time reduction
obtained by predictors based on (12), where the save portion
(psave ) is calculated according to Equation 12:

(max(v (t) − v̂ (t) , 0)Tmiss + v̂ (t) Thit )
 (t)
psave = t
. (12)
t v Tmiss
Figure 13(a) shows the proportion of time reduction of each
predictor. It is good to observe that most of the predictors
can significantly decrease more than 60% of the provisioning
time. However, in the presence of large variations across time
series, the saved time achieved by the predictor is not stable
for different VM types. On average, our ensemble predictor
performs the best due to its strong self-adaptation ability.
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TABLE V
T HE COST OF PREDICTION ALGORITHMS UNDER DIFFERENT MEASUREMENTS . F OR THE ACRONYM , MA DENOTES Moving Average, AR DENOTES
Autoregression, ANN DENOTES Artificial Neural Network, GEP DENOTES Gene Expression Programming, AND SVM DENOTES Support Vector Machine
Predictor

1st VM Type
MSE MAPE
2740.23
0.87
4034.57
1.52
1203.07
0.67
1757.5
0.21
5604.77
0.9
1212.1
0.21

MAE
40.3
45.1
30.27
17.37
68.03
16.7

MA
AR
ANN
GEP
SVM
Ensemble

CPC
437305
300687.5
388535
154440
1010422.5
158862.5

2nd VM Type
MSE MAPE
4904.4
1.63
3893.63
5.32
706.4
2.04
5621.97
6.59
5578.37
2.89
1057
2.04

MAE
51.53
50.5
20.8
54.77
59.5
21.67

real demand

CPC
532132.5
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473347.5
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Fig. 12. Prediction results on testing data of three most frequent time series.  denotes the original time series while  denotes the predicted time series.
From top to bottom, the time series are: (1) The real time series; (2) Time series predicted by MA; (3) Time series predicted by AR; (4) Time series predicted
by ANN; (5) Time series predicted by GEP; (6) Time series predicted by SVM; (7) Time series predicted by Ensemble.

5

100

Time Reduction (%)

80
70
60

x 10

MA
AR
ANN
GEP
SVM
Ens

5

Resource Waste

90

6

MA
AR
ANN
GEP
SVM
Ens

50
40
30
20

4

3

2

1

10
0

1st

2nd

3rd

Avg.12

(a) Average Provisioning Time
Reduction
Fig. 13.

0

1st

2nd

3rd

Avg.12

(b) Average Resource Waste

Average provisioning time reduction and average resource waste.

2) Idled VMs: The cost of idled resources is another
evaluation criterion of the quality of prediction. It is true
that an always over-predicted predictor can save a lot of
provisioning time, but such a predictor would also waste a lot
of resources. Figure 13(b) shows the amount of idled resource
caused by each predictor. On average, the best resource saver

is SVM, but its performance in time reduction is the worst.
Also note that GEP achieves a good performance on time
reduction, but it wastes the resources twice as much as our
method.
3) Effectiveness of Reservation Controller: Table VI shows
the ratio of provisioning time reduction that can be achieved
by incorporating the Reservation Controller. For all the time
series, Reservation Controller further improves the reduction
of the average provisioning time from 83.79% to 94.22%.
Moreover, with the assistance of reservation controller, the
over-prediction portion of the VMs prepared before can be
used for following days without going through the provisioning process again.
4) Effect of Sophisticated Cost Functions: As mentioned
before, our proposed framework is flexible and can use different cost functions to guide the prediction process. In this
section, we explore how the prediction is influenced by the
use of complex cost functions.
For instance, in practice, a fixed amount of resource Rf ix ,
i.e. the standing resources, is always provided for VMs prepa-
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TABLE VI
P ROVISIONING TIME R EDUCTION BY INCORPORATING R ESERVATION
C ONTROLLER
VM Type
Reduction
VM Type
Reduction

1
97.77%
7
98.17%

2
91.58%
8
94.37%

3
96.81%
9
99.56%

4
96.26%
10
85.35%

5
96.76%
11
84.98%

6
91.67%
12
97.45%
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TABLE VII
WAITING T IME R EDUCTION AND R ESOURCE WASTE OF P REDICTOR
G UIDED BY D IFFERENT C OST M EASUREMENTS
Time Reduction
MAE
MSE
MAPE
CPC

Avg. Time Reduction
81.77%
80.13%
79.01%
83.79%

Avg. Resource Waste
28300
37100
33133
38533

Predicted demand
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0
0

Fig. 14.
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ration. If the over-predicted value lies below such a threshold,
the cost of resource is still 0. Equation 13 shows the form of
this cost function:
⎧
⎪
⎨0
R(v (t) , v̂ (t) ) = (v̂ (t) − Rf ix )Rvm
⎪
⎩(v̂ (t) − v (t) )R
vm

if v̂ (t) < min(Rf ix , v (t) ),
if v (t) < Rf ix < v̂ (t) ,
if Rf ix ≤ v (t) < v̂ (t) .
(13)

Figure 14 shows three predicted demands time series time
generated by different Rf ix values. As Rf ix increases, the
predicted demand tends to be more optimistic than pessimistic.
Experimental results show that the average waiting time can
be reduced by 93.94% when Rf ix increases to 200, but the
amount of idled resources becomes huge.
E. Comparison of Different Measures
Table VII shows the time reduction and the idled resources
of the ensemble predictor guided by various cost measures.
CPC clearly outperforms the other three cost measures in provisioning time reduction. We also find that CPC has the largest
idled resources. Such a phenomenon can be well interpreted
by the basic idea of these cost measures. MAE, MSE and
MAPE are all symmetric cost measurements and they guide
the ensemble predictor to equally weight the under-predictors
and over-predictors. While CPC gives more penalty to underpredictors than over-predictors, the ensemble predictor always
prefers to giving larger weights to the over-predictor, which
results in more time reduction and also more likely to waste
resources. As in cloud service scenario, customer service
quality is much more important, it is worth reducing the
provisioning time on the costs of a reasonable amount of idled
resources.
F. Model Computational Cost
Our proposed method is neither computationally intensive
nor storage intensive. In terms of CPU cost, given the historical requests (about tens of thousands per month), the training
time costs less than 1 minute. Once the training is finished,
the prediction can be conducted constantly (within 1 second).
The consumption of memory cost can also be ignored. This
is because the only thing need to be put in memory is the

parameters of these algorithms. Forexample, the number of
L
parameters in Neural Network is
i=1 si−1 ∗ si , where si
denotes the number of neurons in level i. Therefore, the total
storage cost of the proposed method is no more than 1000.
In terms of scalability, the growth of cloud would only
increase the value of requests at each timestamp, it would not
increase the scale of the input data of the proposed algorithm.
VI. R ELATED W ORKS
A. System Oriented Data Mining
The increasing complexity and scale of modern computing
systems make the analytic difficulty far beyond the capability
of human being. The emergence of system auxiliary technologies liberates the heavy burden of system administrators by
leveraging the state-of-art data mining technologies. There are
mainly two types of system auxiliary technologies: the system
analytical techniques and the system autonomous techniques.
For the first type, [14][15][16] utilized text mining to find
out the category of events and then exploit visualization
techniques to show the results. [17][18][19][20][21] utilized
temporal mining and encoding theory to discover the event
interaction behaviors from systems logs and then summarizes
them in a brief way. Xu et al [22][23][24] focus on proposing
anomaly detection algorithms to detect the system faults
by utilizing the system source code and logs. These above
methods are all off-line algorithms and are unable to tell the
system to take reactions on-the-fly. For the second type, [25]
used motif mining to model and optimize the performance of
data center chillers. [26] proposed a signature-driven approach
for load balance in the cloud environment with the help of
utilization data. Our proposed solution can be categorized
as an system autonomous technique. Different from existing
works, the capacity planning and instant VM provisioning
problems we face are related to the whole cloud environment
scale.
B. Behavior Modeling and Prediction for System
In operating system, caching is one of the common techniques used to improve the system performance through
forecasting. Partitioned Context Modeling (PCM) [27] and
Extended Partitioned Context Modeling (EPCM) [28] are two
statistical based caching algorithms, which model the file
accesses patterns to reliably predict upcoming requests. These
two methods have shown much better performance over the
traditional caching algorithms like Least Recent Used (LRU),
Least Frequent Used (LFU) and their extensions. While in
the area of modern large-scale system behavior prediction,
there is only little related works. Different from the traditional
shared memory scenario, the virtual machines in the cloud
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environment can not be shared and reused due to the security
issue. Therefore, there should be multiple copies of virtual
machines prepared for multiple requests. The work of [1] also
studied the cloud resource prediction problem. But it only
focuses on predicting the VM resource (CPU, memory, etc)
for individual VMs. For our work, rather than predicting the
resource usage within VMs, we aim to predict the capacity and
VMs demands for the whole cloud. AutoScale [29] proposes
the control policy on data center capacity management. Their
method mainly focus on reducing the SLA violation when the
bursts come, instead of improving the expected provisioning
accuracy. The work of CloudScale [30] is a good compliment
of our work. While our work focusing on resource prediction
from the macro perspective (at the day level), they focus on
prediction adjustment on the micro perspective (at the minute
and second level).
C. Virtual Environment Management
Virtual environment management technologies are mainly
based on control theory, meaning that the actions are taken
after the event happens. Auto-scaling proposed by Amazon
[31] is the customer side auto-scaling management component,
which allow customers to set up their own rules to manage
the capacity of their virtual resources. This method focuses
on the customer side post-processing of capacity tuning rather
than the provider side. For the provider side, [6] proposed a
self-adaptive system based on temporal data mining to reduce
the VM provisioning time. In [32], the resources allocation
problem is modeled as a stochastic optimization problem with
the objective of minimizing the number of servers as well
as the SLA penalty. [33] proposed a technique to enable the
auto-scaling of visualized data center management servers.
All these works are focusing on the resource allocation and
scheduling with a fixed amount of resources, while our work
aims at estimating the total amount of resources for the whole
cloud environment.
VII. C ONCLUSION AND F UTURE W ORK
In this paper, we discuss two data mining based analytical
techniques to improve the cloud service quality. Specifically,
we believe that both the capacity planning and the instant VM
provisioning problems can be handled by prediction, where
the first problem can be solved by preparing the available
resources beforehand and the second problem can be solved
by pre-provisioning the needed VM instances. According to
the unique characteristic of cloud service, we propose a novel
cost-sensitive measure called CPC to guide the prediction
procedure. To demonstrate the effectiveness of our approach,
we implement a prototype and conduct a series of simulation
experiments based on the trace data of IBM Smart Cloud
Enterprise. The experimental evaluation results demonstrate
that our approach is able to effectively improve the service
quality while retaining a low resource cost.
There are several promising directions for our future works.
First, only a subset of the features of the trace records is
used to build the prediction model in our current work. We
believe that we can further improve the service quality by
incorporating more features into the prediction model. Second,

we can further improve the prediction accuracy by providing
customer-oriented personalized prediction. Such a target can
be fulfilled by leveraging the customer profile information.
Third, our current solution for capacity planning is a kind of
mid-term prediction. The irregularity of small granularity time
series makes the prediction inherently difficult. To conquer this
difficulty, we consider to leverage the techniques in control
theory to conduct the short-term capacity planning. Finally, we
can reasonably assume that some VM requests are the scaleout attempts to reduce workload from the overloaded VMs.
So by monitoring resource utilization of individual VMs, we
can predict the imminent provisioning requests and prepare
the right types of VMs in advance.
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