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Abstract

The optimization problem addressed by this paper involves the allocation of resources in a private cloud such
that cost to the provider is minimized (through the maximization of resource sharing) while attempting to meet all
client application requirements (as specified in the SLAs). At the heart of any optimization based resource allocation
algorithm, there are two models: one that relates the application level quality of service to the given set of resources
and one that maps a given service level and resource consumption to profit metrics. In this paper we investigate the
optimization loop in which each application’s performance model is dynamically updated at runtime to adapt to the
changes in the system. These changes could be perturbations in the environment that had not been included in the
model. Through experimentation we show that using these tracking models in the optimization loop will result in a
more accurate optimization and thus result in the generation of greater profit.
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1. Introduction

Advances in virtualization [1] techniques and the
construction of numerous large commodity data centers
around the world [2] have resulted in a new approach to
computing referred to as cloud computing [3, 2, 4, 5] be-
coming an important topic of research and development.
The cloud, though still in its infancy, typically refers to
some set of computing resources (infrastructure (IaaS),
platform (PaaS) or software (SaaS)) being provided on
demand over the Internet to users as a service.
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A private cloud represents a set of virtualized data
centers under the ownership of a single administrative
domain (i.e., the cloud service provider). Unlike in a
public cloud where the various layers may be offered
by multiple providers the entire stack (IaaS,PaaS and
SaaS) is controlled by the single provider and so it has
access and control over the various applications, mid-
dlewares and infrastructure simultaneously. The main
objective of a private cloud provider is to maximize
profit (i.e., revenue-cost). Optimization techniques al-
low the provider to determine resource allocations to
various clients in order to best maximize its revenue
while minimizing its costs2. Due to these economic
benefits, optimization has been the subject of much in-
vestigation [11, 12, 13, 14, 15, 16, 17, 18].

The decisions made by a provider with regards to de-
ployment of application tiers in the cloud and resource
allocation to application environments can be enforced

2Notice that in layered cloud, optimization is decomposed into dy-
namic infrastructure pricing mechanism offered by provider [6, 7] and
elastic resource allocation policies employed by individual consumers
[8, 9, 10] to satisfy their QoS requirements.
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through scale-up/down (i.e., adding/removing resource
to individual virtual machines (VM)), scale-out/in (i.e.,
adding/removing VMs to an application environment,
and migration (i.e., moving VMs over the physical in-
frastructure) and will directly impact both the perfor-
mance of an application and the provider’s cost of oper-
ations. Here we focus only on scale-up/down.

The optimization problem addressed by this paper in-
volves the allocation of resources in a private cloud such
that cost to the provider is minimized (through a maxi-
mization of resource sharing) while attempting to meet
all client application requirements as specified in their
respective Service Level Agreements (SLA)s3 [19, 20,
21, 22] (see Figure 1). Many of the current optimiza-
tion approaches, while efficient, assume static models
[11, 23, 24, 12, 13, 14, 15, 16, 17, 18]. In this paper
we attempt to solve the optimization problem through
a feedback-based loop with dynamic models. The re-
sulting optimizer will be compared to one using static
models to demonstrate the benefits of this proposed ap-
proach.
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Figure 1: The interaction of layers in our optimization
mechanism.

The remainder of this paper is structured as follows:
Section 2 describes our feedback based approach for op-
timization of resource shares in a private cloud. This
involves the introduction of general formal definitions
used during problem formulation and the description of

3An SLA is a contract which defines the relationship between a
service provider and its clients that fully specifies all obligations for
both parties, the price to be paid for the service(s) offered and asso-
ciated penalties should obligations be unmet. It can be quite com-
plex and comprehensive (e.g., considering aspects of both functional
and non-functional requirements); however, in this work, only perfor-
mance objectives that can be extracted from an SLA are considered.
No attempt is made to fully model or develop an SLA or an SLA
management framework.

the estimator component of the feedback loop. Section
3 explains the optimizer component of the loop. The ap-
plicability of the proposed approach is demonstrated by
the case studies in Section 4. Related work, conclusions
and future works are discussed in Sections 5 and 6.

2. Proposed Approach

We propose a feedback based Cloud Optimization
Manager (COM) as shown in Figure 2. In this approach,
each application maintains both a dynamically updated
performance model (see Section 2.3) and a utility model
(which defines a specific service level objective e.g., re-
sponse time). The COM has access to the utility model
of each application. Periodically, each application sub-
mits its performance model to the COM which performs
a system-wide global optimization (see Section 3) us-
ing this information and determines new resource allo-
cations for each application for the following period.
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Figure 2: Feedback based optimization of resource
shares.

Consider applications app1,..., appm. Each applica-
tion runs within one or more VMs and experiences a
particular workload. Assume that there are n physical
machines (PM)s in the data center, represented by the
set P = p0, ..., pn. VMs are hosted on PMs on behalf of
applications. Let us assume that the physical server en-
vironment is homogeneous and each physical machine,
say pi has one resource, and, thus has a fixed capacity
ci in one dimensional space 4. The allocation of VMs
on PMs can be represented by an n × m matrix A. Each

4In the case of multi-resource modeling ci can be substituted with
cr

i , where cr
i is the capacity of resource r of pi.
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element ai j of A denotes a resource allocation defining
the percentage of the total resource (i.e. CPU) capacity
of the PM i allocated to a running VM of application j.

2.1. Problem formulation

A global utility function U0 is expressed as the differ-
ence of the sum of application-provided resource-level
utility functions and an operating cost function as fol-
lows:

U0 =

 ∑
j∈App

u j(s j(A j))

 − ω.cost(A) (1)

where ω denotes an adjustable weight (working as tun-
able parameter for the administrator), s j denotes the ser-
vice level function which maps the application j’s re-
source allocations (i.e. A j) to the service level measure
(e.g. response time) of the application, u j is the local
utility function for application j, A represents the allo-
cation matrix of VMs on PMs (defined earlier), and A j

represents j’the column of A. U0 can be associated with
the profit of the cloud and the two terms of equation (1)
represent the revenue and the cost respectively.

Our objective is to maximize U0 subject to a set of ca-
pacity constraints which come form the physical layer
of the private cloud. The optimization problem ad-
dressed here can be expressed as follows:

maximize: U0

subject to: ∀i(
∑

j∈App

ai j < ci)

∀i∀ j(ai j ∈ [0, ci])

(2)

It is assumed that each allocation signal ai j is con-
strained to lie in the interval [0, ci] meaning that an ap-
plication can get the whole capacity of a PM.

Notice that the problem has a best effort nature and
we treat a service level objective (i.e. target on a specific
QoS metric) as a soft constraint by incorporating it into
the objective function.

Figure 3 represents a sample service level utility func-
tion where the vertical line indicates the SLA target of
an application and utility decreases as the value of s j

approaches the SLA limit.
It is worth noting that any other decreasing differen-

tiable function can also be used and the only feature of
this function is simplicity of presentation in mathemat-
ical form. However, one should note that the shape of
a function, especially after passing the SLA threshold,
will impact the behavior of the optimization algorithm.
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Figure 3: Smooth service level utility function; vertical
line indicates the servicel level objective of an applica-
tion (as defined in SLA).

2.2. Modeling QoS Attributes Based on Resource Allo-
cation

A performance model can be used to quantitatively
relate the physical layer specification of a customer’s
application (e.g. its given resource shares) and its as-
sociated workload to a service level measure (e.g. re-
sponse time). We assume that the service level function
of each application j, referred to as s j, can be modeled
by a function g with the column j of A (a1 j, a2 j, . . . , ak j)
and τ j, d j as parameters:

s j = g(a1 j, a2 j, . . . , an j, τ j, d j) (3)

where ai j is the number of allocated CPU cycles (i.e.,
measured in MIPS), τ j denotes the request inter-arrival
time in seconds associated with the workload of the ap-
plication 5 and d j is application j’s hardware demand
per request (i.e. the number of CPU cycles for each re-
quest to be processed).

The model is further simplified by using the aggre-
gate resource capacity measure γ j =

∑
i=1...n ai j instead

of the vector of individual values (a1 j, a2 j, . . . , an j).We
will assume that all applications deployed on the in-
frastructure adhere to the same performance model dif-
fering only in the setting of various configurable pa-
rameters. While there are several types of models (the
model we use is described fully in Section 4) the online-
estimation techniques and optimization method are gen-
eral and will be considered next in Subsection 2.3 and
Section 3.

2.3. Online Estimation

In general the goal of any optimal control approach
is to choose a sequence of feasible control actions that

5 s j is usually the average response time of the application.
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maximizes a defined performance criterion (or objec-
tive function)6. Since calculating the cost and perfor-
mance criterion involves projection of system’s behav-
ior and state in the future, there is a need to have a model
of the system over time. This model can be either de-
terministic or stochastic, and continuous-time, discrete
time, or steady-state.

Adaptive models are used to dynamically take into
account the system differences and re-tune the model.
In adaptive models, parameter estimates of a model are
bootstrapped and improved iteratively over time as more
data is revealed. This is different from off line construc-
tion of the model using training data in supervised learn-
ing.

In adaptive models the process of estimation (i.e.
finding the most likely hidden (or non-measurable) state
sequence given a model and an observation sequence)
and model identification (i.e. finding the probabilistic
relation state variables over time) are mixed together to
form an unsupervised learner. The Kalman filter [25]
is a well-known parameter estimator of this type which
can compensate for system differences from the base
model at runtime for linear dynamical systems. In the
algorithm presented in the next section we performed
dynamic tuning of the models s j using an extended
Kalman filter, a variant of the Kalman filter for a non-
linear measurement equation. The filter is able to take
into account the measurements during runtime and up-
date the model. Focusing only on one application called
j, let B j,n be a vector representing the model coefficients
and φ j,n =

[
γ j,n, τ j,n, d j,n

]
be the measured inputs of the

system (i.e. capacities, inter-arrival time and demand)
at step n. Let z j,n be the measured system output (e.g.
response time) at step n. The model maps φ j,n and B j,n

to the modeled output s j,n:

s j,n = f (φ j,n, B j,n) (4)

where f is a runtime approximation of the service level
function(or performance model) g defined earlier.

The filter maintains the estimate of B j,n and updates
it using the linear feedback equation based on new mea-
surements φ j,n and z j,n:

B j,n = B j,n−1 + K j,n(z j,n − s j,n) (5)

where n denotes a discrete time index, K j,n, the dynami-
cally computed “Kalman Gain” matrix and z j,n− s j,n de-
notes the prediction error7. With certain assumptions,

6One can instead say optimal control minimizes an expected total
cost function

7Notice that s j,n was calculated using equation 4.

the calculated Kalman gain K j,n, is guaranteed to min-
imize the estimation errors for B j,n. The updated state
will result in a dynamic model f (φ j,n, B j,n) that will
be accessed multiple times during optimization cycles.
Function s j and its non-measurable and measurable pa-
rameters can have many representations (as shown in
Section 4).

3. Optimization

In this section, we solve the introduced optimization
problem, as defined in equation 2, through primal de-
composition. Algorithm 1 represents a centralized so-
lution for this problem using the primal method. The
equations referenced by the algorithm are listed in Ta-
ble 1.

input : initial capacities A0, kmax, performance model
s j and utility model u j for each app j

output : optimal allocation Aopt, Maximum utility f pbest

1 initialize: f p = −∞, f pbest = −∞, A = A0

2 while k < kmax do
3 compute constraint value Ui for each PM using

equation 1.

4 if no constraint is violated, move towards optimum:
(max(Ui(A)) > 0) then

5 compute global utility function using equation 2.

6 record the global maxima using equation 3.

7 calculate objective function’s subgradient using
equation 4.

8 move towards subgradient and the optimum
using equation 5.

9 else if there is some violated constraint then
10 find most violated constraint using equation 7.

11 compute the subgradient value of most violated
constraint using equation 8.

12 select step size based on equation 9.

13 move away from subgradient and the optimum
using equation 6.

14 project each individual variable based on its local
constraint using equation 10.

15 k = k + 1;

16 Aopt = A;
Algorithm 1: A centralized solution for the problem
using primal method. The equations referred to are
presented in Table 1.

The input to the algorithm includes the initial ca-
pacities (i.e., A0), the number of iterations during opti-
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mization (kmax), the performance model (s j) and utility
model u j for each application. The output of the algo-
rithm is the optimal allocation matrix Aopt, and maxi-
mum utility gained from that allocation, f pbest which is
obtained iteratively using kmax iterations.

200
300

400
500

600
700

800
900

1000

200

400

600

800

1000
0

2

4

6

8

10

12

14

Figure 4: One sample run of subgradient optimization
algorithm, finding the maximum utility using variations
in capacity.

To demonstrate how the optimization algorithm per-
forms, we optimize a pre-built model of one physical
machine hosting two applications, each running on a
single VM. Both applications have CPU demands of
5100 and 4100 MIPS per request respectively and re-
sponse time thresholds (i.e. rthr j ) of 16 and 7 respec-
tively. The request interarrival time of both applica-
tions is 22 seconds, and their umax is 10. A single PM’s
CPU, which is used to host these applications, has total
capacity of 1200 MIPS. Assuming capacities a11 and
a12 are the CPU allocation for VM1 and VM2 Figure 4
shows the whole configuration space over these alloca-
tions, constrained by inequalities: a11 + a12 < 1200,
a11 > 280, and a12 > 280. Notice how the optimizer
climbs up the global utility function, hits the constraint
(i.e., a11+a12 < 1200) then continues to climb and reach
the maximum.

4. Case Studies

For the case studies in this paper we simulated a pri-
vate cloud with CloudSim [26] simulator. It was as-
sumed that the administrator responsible for configuring
the feedback optimizer had access to enough informa-
tion regarding the deployed applications so as to con-

struct simple models for them8.
A data-set of a sample application’s performance,

was generated synthetically by invoking the CloudSim
simulator using random values for capacity, demand and
inter-arrival time (Figure 5 presents a partial visualiza-
tion of the data-set).

Three steady-state models were considered:

1. A simple linear model only containing predictor
variables9 (s j = β1 + β2d j − β3τ j − β4γ j).

2. A more complex linear model with interaction
terms 10 γ jτ j and γ jd j to capture the effect of γ j on
response time at different arrival rates and demands
(s j = β1 + β2d j − β3τ j − β4γ j − β5γ jd j + β6γ jτ j).

3. A non-linear model derived from the mean value
based formula for open queuing networks (R =

D/(1 − λD)) [27] extended to account for capac-
ity (s j =

β1d j

γ j−β2d j/τ j
) 11

A regression analysis was then performed on the re-
sultant data for each model allowing confidence inter-
vals to be computed for all model coefficients. In all
cases, the approximate 95% confidence intervals for co-
efficients were quite narrow and the margin of error was
orders of magnitude smaller than the coefficient. This
implies that the amount of data for modeling was ade-
quate. However, in linear models the intervals were very
near to zero and coefficients were not significant. In
the end as a result of this analysis, the non-linear model
(i.e., 3) was used.

We further considered a very simple local utility func-
tion for applications:

u j = umax j .

(
arctan(rthr j − r j) + π/2

)
π

(6)

where umax j denotes the maximum possible utility as de-
fined by the curve, rthr j denotes the SLA limit (in terms
of response time) and r j denotes the actual response
time.

8Only a single application was used for which a model was de-
signed. Multiple instances of this application were deployed.

9The model is linear in the parameters βi not predictor variables.
10The interaction term is the product of the subset of our original

predictors.
11This equation can be derived by substituting D j with d j/γ j and λ j

with 1/τ j from the base formula, and adding model coefficients (i.e.
β1 and β2) to compensate for the differences between the system and
pure queuing model. The substitution requires the arrival rate (λ) to
be a homogeneous Poisson process, and inter-arrival times (τ) to be
exponentially distributed with parameter λ (mean 1/λ).
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Num Equation Description

1 Ui(A) =

 ∑
j∈app

ai j

 − ci A constraint for each PMi (i > 0) is the sum of all resources given
to VMs deployed on that PM minus the PM’s total capacity.

2 U0 =

 ∑
j∈App

u j(s j(γ j, τ j, d j))

 − k.cost(A) The global utility function U0.

3 f pbest = max(U0(A), f pbest) Incremental recording of objective value.
4 g = ∂U0(A)/∂A Calculating the objective subgradient as if the problem were un-

constrained.
5 A = A + αg0 Moving towards the objective function subgradient with a fixed

step size (i.e. optimality update).
6 A = A − αgi Projecting the current point onto the set of points that satisfy the

inequality constraint i.
7 i = argmaxi(‖Ui(A)‖) Choosing the most violated constraint.
8 ∀k∀ j{[(k = i ∧ placement(k, j) = 1) →

(gi)k j = 1] ∧ [k , i→ (gi)k j = 0]}
Calculating the subgradiet gi of a constraint i (i.e. ∂Ui(A)/∂A)
while i > 0 .

9 α = (Ui(A) + ε)/(‖g‖22) Calculating the step size in feasibility update, while ε > 0 is a
tolerance and set to 10−3.

10 ∀i∀ j{ai j = min(max(ai j, 0), ci)} Check that each allocated capacity is feasible and is between the
local bounds.

Table 1: Equations referenced by Algorithm 1.

4.1. Case Study One

Consider a small cloud configuration with three ap-
plications (app1, app2, app3) deployed on two PMs
with the following placement matrix:

placement =

(
1 1 0
0 1 1

)
That is, app1 is deployed on PM1, app3 is deployed on
PM2, and app2 uses both PMs by having a VM on each.

Both of the PMs have single core CPUs with each
core having processing speed of 1200 MIPS and 2 GB
of ram. The VMs for applications are identical with
image size of 1 GB, ram of 512 MB, and bandwidth
of 1 GB. The CPU resource share for each VM is ini-
tialized to 280 MIPS but will be adjusted by the opti-
mizer. At the PaaS layer applications are assumed to
have workloads with mean CPU demand per request of
4100, 5700 and 500 MIPS respectively. For app2, the
load gets distributed evenly between the two VMs. We
chose the arrival-rates of applications, from FIFA ’98
workload [28]. The interarrival time of requests for all
dynamic pages were extracted, on a per-minute basis,
from the first six hours of day 21 of FIFA 98 workload.
To have the time-of-a-day effect we divided this into
three 2-hour periods and applied each as an application
workload. Moreover we multiplied interarrival-times of

applications by 14, 11 and 8 respectively. The third ap-
plication is more transactional in nature (i.e. lower de-
mand and higher arrival rate) while the other ones are
characterized as batch-like.

The utility functions are defined for each application
based on equation 6 with the following parameters for
each application:

rthr =[15, 16, 2]
umax =[20, 10, 5]

For each 120 samples of interarrival times, we submit
20 transactions on each application in the simulator. We
ran the experiment twice. One run used the static model
with the coefficients computed off line as mentioned
above. The second run used the same model but tuned at
runtime. In the case of the tuned model, the new mea-
surements obtained from the simulator (e.g. response
times) are passed to the filter. The Kalman filter intro-
duced in Subsection 2.3 re-tunes the dynamic model’s
coefficients and passes the model to the optimizer. In
the case of a static model, the optimizer uses the model
obtained through regression analysis as-is and no tuning
is happening. The optimizer then recalculates the new
resource allocations, passes the new allocation vector to
actuators to apply it to the system.

Figure 6 presents the results. The small mismatch of
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Figure 5: Visualization of pairwise relation between in-
put parameters (capacity,demand) and the response at-
tribute (i.e. response time) for a simulated application
running on a single VM.

model and measurements due to the use of static models
by the applications (see Figure 6(a)) results in a bad al-
location decision for app2, this leads to failure in meet-
ing its SLA (see Figure 6(e)). In contrast, using dy-
namic models results in more efficient resource alloca-
tions being made and better commitment to SLAs (i.e,
response time for app2 (see Figure 6(f)).

4.2. Case Study Two
The second case study was performed to demonstrate

the ability of our approach to successfully update re-
source shares in a way that compensates for additional
workload. Ten applications were deployed on seven
PMs. VMs were assigned randomly to PMs. All appli-
cation workloads were set to have an interarrival time of
40 seconds except app1 whose workload was monoton-
ically increasing (i.e., interarrival time was decreasing
from 40 to seven seconds).

Figure 7 presents both before (a) and after (b) snap-
shots of resource allocations. Notice that both app1

(dark blue) and app7 (yellow) are resident on the
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Figure 7: A snapshot of resource allocation both (a) be-
fore and (b) after an increase in workload is detected.

same PM. Initially, app1 is allocated approximately 300
MIPS while app7 is allocated approximately 310 MIPS.
After the increase in workload app1 is allocated ap-
proximately 510 MIPS while app7 is allocated approx-
imately 100 MIPS.

5. Related Work

Maintaining application level QoS guarantees has
been the subject of much investigation. Recently satis-
fying the dual objectives of QoS guarantees and server
consolidation in cloud computing environments has re-
ceived considerable attention. Current approaches for-
mulate the optimization problem in different forms.

One approach attempts to minimize cost subject to
performance constraints [12, 13]. In this approach the
SLA represents constraints rather than flexible goals.
Constraints could be based on response time or through-
put. For example [12] finds the minimum cost deploy-
ment subject to processing capacity and user throughput
constraints. It seeks deployments which minimizes the
overall cost of the hosts used, subject to meeting average
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Figure 6: The (a) measured and (b) modeled gained global utility using static and dynamic models over time. The
response time of applications together with SLA response times for (c) static and (d) dynamic models. The allocated
capacity to applications over time on (e) server one and (f) server two respectively using dynamic models. The (g)
workload of applications.
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delay and throughput constraints for each application as
posed by its SLA.

A second approach attempts to simultaneously min-
imize cost while maximizing QoS attributes, through
multi-objective optimization or MOO [14]. For exam-
ple, Pareto-optimal solutions can find a good trade-off

between conflicting performance and cost-saving goals
rather than finding a single global optimum [29]. Ge-
ometrically, these well-balanced solutions concentrate
around the “knee” of a multi-objective curve.

A third approach is the one that was used in this pa-
per, that is, to optimize a utility function combining
application-level SLAs and resource costs with tunable
parameters for the administrator to specify trade-offs
between the two [14]. In this approach a system-level
global utility is defined in terms of local utilities which
are in turn based on the achieved service level of the ap-
plications. These local utilities are combined with a set
of coefficients that allows for the high level control of
performance goal fulfillment and the resource cost sav-
ings.

Finally, some techniques try to satisfy SLAs using a
pure control-based feedback loop [11, 23, 24]. These
approaches are categorized as control theoretic con-
straint satisfaction, rather than optimization; however,
they are used in our estimation technique. Also the idea
of dynamically adjusting the resource shares of multiple
applications in order to meet a specified level of service
differentiation, was used in [11] and [30], although us-
ing an adaptive multivariate controller and for a more
limited scenario than ours (i.e. maximum one PM per
application layer).

6. Conclusions and Future Work

The purpose of this work was to demonstrate the ad-
vantage of “adaptive” models relative to “static” models
in optimization. We investigated model based optimiza-
tion of a private cloud where applications are clustered
across a known, homogeneous set of PMs. In this op-
timization, we modified the resource shares of applica-
tions, in order to minimize the SLA violations. While
we focused only on response time, considering multi-
ple service level objectives will not change the approach
(just the complexity of solving the optimization prob-
lem).

The main contribution of this work was dynamically
using tracking models (for each application) within the
global optimization loop. These models update them-
selves at runtime in order to adapt to perturbations in
the environment not captured in initial model specifica-
tion. This results in more accurate models being passed

to the COM allowing for better resource utilization on a
global scale.

The relationship between the number of simulated
VMs and optimization time per step was also consid-
ered and a non-linear relation was observed. While we
acknowledge that this could pose a problem for our ap-
proach (i.e., when working with large numbers of VMs)
a possible solution would be to split the problem into
subsets and solve them individually.

Future work will involve implementing the optimiza-
tion algorithm in a distributed manner in which appli-
cations interact in a peer-to-peer fashion to determine
how much resource should be allocated to each. We are
also investigating optimizing the dual problem, which
is more suitable for mapping to an agent-oriented opti-
mization approach (see [31, 32]).

Another direction will involve extending the perfor-
mance model to include more details about an applica-
tion’s structure. For example the model can be aware
of different layers of an application such as web server,
application server, and database server. Further, con-
sideration of heterogeneous resources is also interesting
and should be considered as well.
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