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ABSTRACT

An application provider leases resources (i.e., virtual ma-
chine instances) of variable configurations from a IaaS provider
over some lease duration (typically one hour). The applica-
tion provider (i.e., consumer) would like to minimize their
cost while meeting all service level obligations (SLOs). The
mechanism of adding and removing resources at runtime is
referred to as autoscaling. The process of autoscaling is
automated through the use of a management component re-
ferred to as an autoscaler. This paper introduces a novel
autoscaling approach in which both cloud and application
dynamics are modeled in the context of a stochastic, model
predictive control problem. The approach exploits trade-
off between satisfying performance related objectives for the
consumer’s application while minimizing their cost. Simula-
tion results are presented demonstrating the efficacy of this
new approach.

Categories and Subject Descriptors

I.6 [Simulation and Modelling]: Model Development;
C.4 [Computer Systems Organization]: Performance of
Systems
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Application, Cloud, Autoscaling, Cost, Performance, Model
Predictive Control, Optimization

1. INTRODUCTION
A cloud represents an ultra large-scale system focused on

the delivery of computational power (specifically storage,
network, and computation, and high-level services on top
of these), in an on-demand fashion, to a consumer com-
munity. At the infrastructure as a service (IaaS) layer of

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
ICAC’12, September 18–20, 2012, San Jose, California, USA.
Copyright 2012 ACM 978-1-4503-1520-3/12/09 ...$10.00.

the layered-cloud architecture, the cloud provider partitions
physical resources into various configurations of virtualized
memory, CPU and disk, a virtual machine instance (VMI),
and offers them to consumers, at variable prices for a lease
period (typically one hour).1

An elasticity policy [5] governs how and when resources
are added to and/or removed from a cloud application. An
autoscaler is a component of a management framework that
is responsible for implementing an application’s elasticity
policy. In terms of autoscaling an application on the cloud,
the current state-of-the-art involves specifying rules to im-
plement the elasticity policy for an application server tier.
These rules may or may not implicitly minimize the appli-
cation provider’s cost. Further, a single VMI configuration
is typically considered (per tier).

This paper introduces a new approach to autoscaling that
utilizes a stochastic model predictive control (MPC) tech-
nique to facilitate effective resource acquisition and releases
meeting the service level objectives of the application provider
while minimizing their cost. This technique accounts for the
delay in resource provisioning times (due to the stochastic
nature of the IaaS provider’s infrastructure), the stochas-
tic nature of workloads and does not waste instances (i.e.,
retains instances for the full duration of their lease).

The remainder of the paper is structured as follows. Sec-
tion 2 describes the problem. Section 3 maps the problem to
an optimal control one. In Section 4 we provide a solution
to the formulated control problem using stochastic MPC.
Section 5 presents a brief description of case study where
the technique is applied for a simulated cloud consumer. In
Section 6 we discuss the related work and in Section 7 we
provide our conclusion on the topic.

2. PROBLEM DEFINITION
In general, the task of the autoscaler is to implement the

elasticity policy of the application provider. The elasticity
policy is guided by the values of a set of monitored and/or
computed metrics. Let yk denote a column vector of these

1Each configuration is associated with its own specifica-
tion and cost (e.g., m1.small on Amazon Elastic Compute
Cloud).



metrics at discrete time instant k:
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The approach to autoscaling being introduced in this paper
focuses on two goals: satisfying the application provider’s
objectives2 (as defined in terms of this set of metrics) and
optimizing for the cost incurred by resource usage3.
A IaaS provider offers several VMI configurations for lease.

A configuration represents a specific allocation of CPU, mem-
ory, network bandwidth and storage. VMIs are purchased
on behalf of the application provider by the autoscaler (i.e.
composed of possibly several IaaS providers) in various con-
figurations and over some lease duration (typically one hour).
The leasing model can be generally divided into four cate-
gories: (i) immediate reservation: where resources are
processed right away or rejected. (ii) in-advance reserva-

tion: where resources must be available at specified time.
Often an up-front fixed price charge is required to initiate a
reservation and a discounted rate is charged for the instances
throughout the duration of the reservation. (iii) best effort

reservation: where request are queued and serviced accord-
ingly. (iv) auction based reservation: where customers
bid for some number of a particular configuration and should
the dynamically adjusted resource price be less than the bid
price, the resources are allocated.
In all cases the IaaS provider offers a set of possible VMI

configurations each associated with a set of time interval

and price tuples. Launching a VMI for this configuration
is billed based on the reservation mechanism at the speci-
fied price. Note that, in general, the outcome of a reserva-
tion action in the cloud is non-deterministic, and it is not
the case that a reservation action always succeeds. For ex-
ample: immediate and in-advance reservations fail, prices
in auction-based reservations are non-deterministic, and in
best effort reservations resource may not be provisioned in
a timely manner.
To formalize the notion of a reservation action we do the

following. Assume that κk is the reservation action at time
k, and the amount of resource to be used from the cloud is
denoted by ϑk. The cost to the application provider for us-
ing resources depends on the reservation actions performed
during application lifetime (κ0, ..., κN ), where application
lifetime is denoted by N . An autoscaler seeks to choose
a sequence of optimal reservation actions (κ∗

0, ..., κ
∗
N ) that

minimizes the long term resource cost4,
∑N

k=1
λ(κk), where

λ(κk) denotes the cost of reservations made at time k.

3. OPTIMAL CONTROL FORMULATION
In this work, the objectives of the autoscaler are: guiding

2These objectives might take different forms, such as (i) min-
imization, (ii) regulation, (i) and maximization of certain
performance metrics. For example, it is usually desirable to
minimize response time of web applications, regulate hard-
ware utilization around certain value, and maximize systems
throughput.
3The cost incurred for an amount of computation, storage,
or network usage in cloud, is not only a function of resources
used but also the strategy used to reserve those resources.
4This is done while trying to satisfy performance metrics
over time (as discussed earlier).

performance metrics to a desired region and the minimiza-
tion of the application provider’s cost. However, upon closer
scrutiny, it can be observed that these two set of objectives
conflict.

An optimal control approach searches for a solution that
finds a good trade-off between a set of goals. In optimal
control, the desired behaviour of a system is represented by
a single cost function, J , which captures factors of interest
over a long horizon of time. More formally, the cost function
J that includes the actual cost of resources and the (virtual
or actual) cost of deviation from desired performance ob-
jectives over the whole period that the application provider
leases VMIs from the cloud, can be specified as follows:

J((κ0, ..., κN−1)) = E

[

N−1
∑

k=0

(Φ(yk) + γλ(κk))

]

(1)

where N is the lifetime of cloud usage for a specific appli-
cation provider (i.e., customer), E[...] denotes the expected
value (in statistical sense), Φ(yk) is the virtual (or actual)
cost associated with deviation from desired objectives de-
fined in terms of performance metrics, and γ is a coefficient
that adjusts the trade-off between performance objectives
and cost.5

Notice that we took the expected value over the cost func-
tion due to stochastic effects of software and the cloud. In
other words, although the expression representing the stage
cost6 does not seem to have a random component, the un-
derlying system that drives yk is stochastic.

The idea of optimal control is that by minimizing this cost
function over a long horizon, we penalize the greedy and re-
active reservation actions. A greedy reservation action only
minimizes the current stage cost, ignoring the effect of cur-
rent resource reservations κk on future performance except
for yk+1. This results in a lower cost for the present stage,
due to under-reservation; however, this misjudgment drives
the system to a sub-optimal future state that is difficult to
recover from, incurring very high long-term cost. A reactive
reservation action tries to minimize long-term penalty and
cost, but it tries to do so only through reservation actions
in current or relatively near future states. That is, since it
is not able to trade-off the penalty of subsequent steps with
the resource cost of current step it will incur sub-optimal
resource costs.

In a feedback-based scheme, at any given time instant
the controller (i.e., the autoscaler) makes its decisions (i.e.,
to add/remove resources) based on the information avail-
able from the system up to that time and the information
deduced and maintained by the controller itself. More pre-
cisely, at each time step k this information can be summa-
rized in a collection of variables which we call the state vector
denoted by xk. We will discuss the choice of variables to be
included in this state vector later; however, the assumption
is that it contains enough information so that the controller
can make a decision based on it alone.

Our autoscaler attempts to find a proper reservation ac-
tion κk at any given time k based on the current system
state xk. A stationary reservation policy denoted by φ sug-
gests such a reservation action at any given time, k, based

5In case Φ represents an actual cost or penalty comparable
to resource cost γ is considered 1.
6Stage cost refers to the cost for each time increment, k.



on system state as follows:

κk = φ(xk)

In [5] we investigated the efficiency of an autoscaler where
φ was composed of a set of user defined rules, and described
the issue of finding the optimal policy and state definitions
which was not addressed by the technique. The next section
introduces our new approach to autoscaling that harnesses
model-predictive control technique to address the optimality
issue.

4. PROPOSED SOLUTION
In optimal control techniques there exist numerous ways

to obtain the optimal policy φ∗ such that the cost function
is minimized:

φ∗(x) =argminφJ(φ(x)) (2)

To find a computationally tractable solution, these tech-
niques require that the following conditions are satisfied: (i)
the relation between controllable inputs (here κk) and terms
of the cost function J (here yk) should be formulated in cer-
tain formats such as linear state-space and (ii) the controller
cost function (here including resource cost λ(κk) and perfor-
mance violation cost Φ(yk)) should be expressed in certain
formats such as quadratic or convex.
Model. Regarding item (i), the relation between per-

formance metrics yk and the used resource ϑk over time
has been thoroughly investigated in the queuing theory and
performance modeling literature. There are several ways to
describe the transient effect of resources on well-known per-
formance metrics. For example, it has been shown that tran-
sient response time of a simple homogenous c-server cluster7

handling transactional workload where service demands do
not depend on the queue lengths, can be modeled as a simple
linear difference equation:

µk =
c

∑

i=1

µi
k

qk+1 = qk + (wk − µk).T

rk+1 = (1 + qk)/µk

(3)

where µk is the aggregate cluster service rate, wk is arrival
rate of the workload, qk is the number requests in queues of
servers, and rk is the response time at time k.
Since the service rate of each instance depends on the

hardware specification of the instance, one can expect the
aggregate service rate to be described in terms of the in-
stance quantity vector ϑk:

µk =
c

∑

i=1

µi
k = ρϑT

k (4)

where ϑk represents a vector of the currently obtained quan-
tity of each resource type from the set of the cloud provider’s
available resource types G 8 and ρ is the vector of service
rates9 for different types of resource.

7c is the number of servers in the cluster.
8G can be understood to represent the set of possible VMI
configurations offered by a IaaS provider.
9This can be derived from specifications such as virtual com-
pute units specified by the cloud provider.

Item (i) also implies that one has to model the dynamics
of the reservation rules as explained in subsection 2. In this
paper we targeted modelling the delay in delivery of run-
ning instances10, and the finite property of lease durations.
For example, lets assume that an instance has an associated
delay of D minutes and a single lease duration of T min-
utes. We then model the lifecycle of resource delivery using
a graph of nodes, each node representing the number of each
type of resource in each minute of delivery and usage.11 As
time passes, the resources pass through graph nodes, and
while they are in usage nodes they affect the performance.
A flow model of this form can be represented as an equation
of the form:

Xk+1 = AXk +Bκk

ϑk+1 = CXk

(5)

where X is m×n matrix to represent the nodes (m = T +D
and n = |G|), and Am,m, Bm,n, and C1,m have the form12:

Am,m =











0 · · · 0
1 · · · 0
...

. . .
...

0 · · · 1











, Bm,n =











1
0
...
0











, C1,m =
(

01,D 11,T

)

and κk is a 1×n vector of reservation amounts of resources.
In the rest of this paper, we use a combined form of equations
3 and 5 in a state-space format as a model:

xk+1 =f(xk, κk, wk)

yk =g(xk)
(6)

where workload wk is a random term, κk is control variable,
and xk includes µk, qk, ϑk, and Xk:

xk =









µk

qk
ϑk

Xk









Also our experiments only focus on response time, so we
take the vector of metrics of interest as:

yk = [rk]

Cost function. Regarding item (ii), it is usually possi-
ble to find a convex stage penalty function Φ(yk) for a per-
formance violation, based on the type of the performance
objective (i.e. minimization, maximization, or regulation).
For example for minimization one can use quadratic form
Φ(yk) = yT

k Qyk, while using Φ(yk) = (yk − ȳk)
TQ(yk − ȳk)

for regulation, where Q is a user defined matrix of coeffi-
cients.

Control Algorithm. The approach used to minimize
the cost function has to (i) take into account the distur-
bances wk by considering that an outcome of an action is
non-deterministic and computing the expected value (i.e.,
E[...]) over a long horizon of time and (ii) be tractable in
terms of computational complexity.

10Here, delay refers to a sum of delays specifically: the delay
involved in resource delivery, the delay associated with boot-
up, the delay associated with running the initial installation
scripts, and the delay associated with the initial warm-up.

11A similar approach is used in inventory control and supply
chain management.

12This form represents a simple chain of nodes which was our
flow model in this paper.



In the stochastic MPC approach, both of these items are
dealt with. One converts the stochastic planning problem
into several step-by-step optimizations, and each optimiza-
tion takes place on arrival at each new state by taking the
current observed state as an initial point of planning. Fur-
ther, in each optimization, the planning is only done for a
limited number of steps ahead which is referred to as the
lookahead horizon and denoted by N ′; thus reducing the
number of steps involved in optimization from N − k to N ′

(i.e., this assumes that N ′ << N − k). It is also assumed
that the remaining cost from N ′ to N can be estimated
using a simple cost-to-go function V̂ (xk+N′) which approxi-
mates the accumulated cost from the edge of the lookahead
horizon (i.e. k + N ′) to the end of problem N (here appli-
cation lifetime). This prevents the plan from ending up in
an unrecoverable state at the edge of the lookahead horizon.
In general, planning over a lookahead horizon inhibits the
planner from making reactive or greedy decisions, and that
is the essence of predictive control.
The stochastic property of the system is also dealt with

during the planning phase. We use the certainly equiva-
lent control (CEC) approach to reduce the impact of distur-
bances. In CEC, at each time step k, process disturbances
{wj}j≥k

are fixed at a deterministic value (e.g., their con-

ditional mean) wj(xj , uj) = E[wk|xj , uj ] which in the sim-
plest case can be considered to be zero. Then, at each step,
a perfect information, deterministic optimal control problem
with limited horizon is solved once, and the control value to
be applied is derived13; everything is repeated once a new
observation is available. Our adapted version of CEC is pre-
sented in algorithm 1.

5. CASE STUDY
We simulated an application provider (i.e., a cloud con-

sumer) that uses purchased VMIs of multiple configurations
to build a web server cluster to handle transactional work-
loads. Both computing cluster and application users were
simulated as network of queues. There were two goals: min-
imization of average response time (i.e., an objective on a
metric) and minimization of resource cost.
The input to the simulator at each step is a set of reserva-

tion actions (in terms of VMIs of different configurations),
the number of users using the system, and the service time
per request. The output of the simulator at each step is
the average response times and throughput for users, and
utilization of each server. To resemble a real system, the
queue length of each server is considered a hidden param-
eter. Different VMI configurations are simulated based on
their specified virtual processing units. Presently, Amazon
EC2 offers eleven alternative configurations for lease. Prices
were taken according to the hourly rates advertised for on-
demand instances. The workload used was a 21 hour excerpt
of the FIFA’98 workload [2], day 42.
Application model. We used equation 3 as the model of

the environment. Here, ϑk denotes a vector of quantities of
each VMI configuration class and has 11 elements since we
are considering the 11 VMI configuration of Amazon EC2.
The service rate µ was assumed to be dependent solely on the
VMI configuration and was discovered by performing a least-
squares method on data obtained from offline simulations.

13In original MPC this value is the first value of the planning
sequence.

Algorithm 1: CEC implementation of MPC.

input : system model f , violation penalty function Φ,
resource cost function λ, trade-off coefficient γ,
current system state x0 (i.e. estimated queue
lengths, already reserved resources) , process
disturbance mean wj , approximate cost-to-go

function V̂
output : optimal reservation action sequence {κ∗

k
}

1 initialize: xk = x0

2 while application uses the cloud do

3 take k as current time

4 given xk, at each time k solve the (planning) problem

minimize

k+N′∑

j=k

(Φ(yj) + γλ(κj)) + V̂ (xk+N′ )

subject to xj+1 = f(xj , κj , wj(xj , ϑj))

yj = g(xj) , yj ∈ Y,

for j = k, ..., k +N ′ − 1

5 take solution κ̃j , ..., κ̃j+N′ as plan of action for next N ′

steps

6 take the first reservation action in plan of action (i.e. κ̃j)
as κk and apply it

7 if κk was successful update xk+1 (i.e. ϑk+1,...) with the
obtained resources

8 estimate unobserved portion of xk (queue lengths) and
update xk+1

Estimation. The queue length is estimated at simulation
time on-the-fly using a Kalman estimator.14 The estimation
is iterative; the estimate is updated once a new response time
measurement is available from the simulator.

Cost function. Here, we assumed that the performance
penalty function has a quadratic form for minimizing re-
sponse time. The stage resource cost function λ was built
based on the hourly lease rates of EC2 instances multiplied
by the reservation vector κk. The lower and upper limit on
the number of purchased instances specified by EC2, was im-
posed as an input constraint and the fact that queue length
cannot be negative was imposed as a constraint on state.
Trade-off coefficient γ was lowered in favor of a response
time guarantee.

Challenges. During formulation of the problem, we en-
countered two issues regarding formulation of the problem
into convex format: (i) The first issue was the fact that num-
ber of purchased instances is integer in nature rather than
real and cannot be asserted in convex form, and (ii) that, un-
like what we expected from equation 4, response time in the
simulated heterogeneous server cluster was highly affected
by the server that had the minimum virtual processing unit.
Modelling this effect similar to equation 4, while preserving
linear affine form is impossible.

To alleviate the above issues, we first solved the optimiza-
tion problem in terms of virtual compute units reservation
(as opposed to VMI configurations), and then use a mapping
function R → N to choose the best choice of VMI configura-
tion for the obtained sub-optimal compute unit to purchase.
The mapping function considers the current formation of the

14Kalman estimator is an optimal state estimator for linear
models.



cluster and penalizes choosing a relatively small instance in a
cluster of large ones. It basically pushes the system towards
using homogeneous instance types, with minimum price per
compute unit.
Assessment. We ran several tests to asses the effective-

ness of the approach in autoscaling on the simulated cloud.
The aspects we tested are as follows: (i) The effect of looka-
head horizon (N ′) on the control cost J for different Cloud
dynamics. (ii) The trade-off between resource cost and QoS
violation penalty by performing optimization for a different
value of γ. (iii) Effectiveness of the approach for different
Cloud reservation dynamics (i.e. different resource delivery
delay and lease interval). (iv) Time complexity of a MPC
step based on prediction horizon. Due to shortage of space,
we cannot report the result, however, the result was consis-
tent with MPC literature.

6. RELATED WORK
There is a substantial amount of work on applying optimal

control to management of software systems and the associ-
ated hardware infrastructure. Classical optimal control has
been employed in processor power management [9, 12], QoS
adaptation in web servers [1], and load balancing [6, 8, 10].
The approaches used by these various proposals are referred
to as classical linear proportional-integral-derivative (PID)
or Linear-Quadratic-Gaussian (LQG) control. In fact, LQG
uses an analytical solution of an optimal control problem15

(like the one we targeted in equation 2) but when several
limitations are applied to the problem.
MPC has already been used in web server power manage-

ment (by controlling the CPU frequency) [3, 7], QoS man-
agement (using number of sessions as a handle) [11], and
network throughput maximization (by controlling the disk
cached data) [4]. The main differentiators of the problem
we targeted with existing problems are: (i) number of pos-
sible actions which in our case was very high (i.e. order
of resource type times quantity), (ii) the effect of choices
is both delayed and long lasting, thus we were not able to
use a small lookahead horizon, (iii) we could not calculate
the actual expected value of cost over noise (wj) distribu-
tion because of explosion of states resulting from (i) and (ii),
and (iv) we had to use a new technique for modelling lease
durations and delivery delay that was not used in the above
proposals.

7. CONCLUSION AND FUTURE WORK
This paper has presented a novel autoscaling approach

that exploits the trade-off between satisfying performance
related objectives for a consumer’s application while mini-
mizing their cost. Autoscaling was formulated as a stochas-
tic MPC problem, in which both cloud and application dy-
namics were modeled. Cost functions were formulated based
on objectives of the application. The associated problem
was solved using a convex optimization solver. This tech-
nique accounts for the delay in resource provisioning and
the stochastic nature of workloads.
Future work will proceed along several paths: (i) extend-

ing the reservation model to include auction-based reserva-
tions, (ii) utilizing more sophisticated software models such
as layered and tiered performance models, (iii) studying the

15This solution called LQ optimal gain is obtained by directly
solving the associated Riccatti equation

impact of the model accuracy on the efficiency of the con-
troller and (iv) expanding the context of control from the
case of managing one application to the case of managing
a set of applications with different resource constraints and
performance objectives.
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