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I. Introduction
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Fig. 1: Illustration of energy efficiency and power-utilization
curve of two modern systems and an ideal consolidation which
results in a energy proportional data center with constant
energy efficiency.
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Increase of energy proportionality (i.e. power consumption increases with workload and idle power is very
low) and energy efficiency (i.e. performing more workload in specific power budget) contribute in making data
centers greener. Ideal energy-proportional systems have
zero idle power and the workload-to-power ratio (i.e.,
energy efficiency) is constant (refer Figure 1). Hence,
data center workload management policies can be highly
simplified. Overall energy efficiency of the data center
directly impacts the cost of operations. However, current
data center servers are not ideally energy proportional
(see example power plots in Figure 1). Though the
idle power of modern servers has reduced, the power
utilization curve is not linear. Thus, increasing energy
proportional behavior of data centers involves server
consolidation to operate servers at their peak energy
efficiency. This is because the peak energy efficiency of
servers is when they run near 100% utilization. However,
recent works suggest that consolidation increases the
contention on the shared resources such as on-chip
caches, buses, main memory, CPUs and network [9],
[10]. This contention results in performance degradation of applications. The performance overhead due to
contention depends on the workload type of applications [9], [10] and can be minimized through colocating
workloads that yield the least resource sharing. However,
the colocation of applications can also induce energy
consumption overhead due to increase in runtime. In
this work, we propose an energy composition model that
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Abstract—1 There exists an interference due to colocating
applications which depends on the applications’ workload
types, degrades the performance and affects the energy
consumption of applications. We hypothesize the interference energy consumption and model it as “interference
coefficient” and use it to develop an application-aware
colocation management policy to colocate the applications
in data centers.
Including the interference effect in simulations using
synthetic workload in the colocation management policy
results energy savings of up to 8%.
Index Terms—Energy efficient colocation, energy proportionality and Data center energy efficiency

+/- Interference
power
Utilization power
of App2
Utilization power
of App1
Idle power

Execution time =1.2t

Collocated
Applications 1 and 2

Fig. 2: Energy Composition: Energy of Application A and B
when run in standalone is composed of idle and utilization energy. Application colocation results into a composition energy
that depends on application energy of A and B as well as the
interference energy due to contention.

considers the overhead energy to design an applicationaware colocation management policy.
The major research question of this paper is that
if the standalone energy consumption of applications
in a server is known, is it possible to estimate the
energy consumption and performance of applications
when colocating them in the server? This problem can
be described in Figure 2. When applications are run
separately, they consume idle energy as well as energy
that depends on the utilization of the server. We estimate
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Fig. 3: Scatterplot of historical trends of energy proportionality
(IPR vs LDR) for server systems for the past five years (data
source: SPECPower ssj2008 public results).

•

Energy composition model: The paper introduces
an energy composition model to estimate the energy
consumption of colocated applications. The model
is based on “interference coefficient ” which depends on the workload type of applications and the
energy consumption of applications when running
standalone. We verified the model using a empirical
study with synthetic workload.
Developing an energy efficient colocation management aware of the application types: The
energy composition model is used to design an
application aware colocation management policy to
minimize total energy without compromising applications’ performance requirements. It is modeled as
combinatorial optimization problem and is further
decomposed to set-cover problem and Apriori algorithm to be solved in a time efficient way [11].
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Fig. 4: (a) Savings of server consolidation over a spectrum
of servers’ IPR and LDR values with no colocation overhead
assumption. (b) colocation of VMs induces overhead but the
overhead is minimized if VMs are not competing for the same
resources. (c) Depending on the overall overhead, the server
consolidation savings in (a) significantly or negligibly reduces.

that the colocation incurs energy that is the sum of
utilization energy of individual applications, the idle
energy and extra energy consumption due to interference.
E.g., consider standalone run of a batch application
that requires average utilization power of p (i.e. total
power minus idle power) and execution time t. If two
such applications are colocated, the average utilization
power of the host server becomes p0 , where p0 may
become greater or less than 2p depending on the contention type. Ideally, p0 should equal 2p and performance
degradation should be zero. However, due to contention,
the performance of the applications is reduced e.g., by
20% (i.e., execution time =1.2t). Hence, the total energy
can be estimated as (p0 + idle power) × 1.2t. By being
aware of type of applications, we make p0 close to 2p
and performance degradation to zero.
The main contributions of the paper are as follows:

This section provides a motivation for this work, and
also reviews the related work.
A. Energy proportionality and application colocation in
data centers
Modern data center servers demonstrate energy proportional behavior that can be captured using the metrics
Idle to Peak power Ratio (IPR) and Linear Deviation
Ratio (LDR) [12]. IPR measures how close to zero the
idle power is, and LDR measures the linearity of the
power curve (i.e., how close the power curve is to the
hypothetical linear curve connecting idle power to peak
power).
As the historical trends of IPR and LDR values in Figure 3 show the servers’ IPR value is reducing, however
their power-utilization curve is becoming nonlinear as
well. According to a previous study the energy saving
of the server consolidation over energy proportionality
metrics spectrum is as shown in Figure 4(a) which is
based on assuming zero colocation overhead. However,
in this work, we show how colocation overhead decreases the energy efficiency that can be achieved by
server consolidation. The total colocation overhead in a
host server is governed by two trends: contention overhead and heterogeneity of resource usage by colocated
VMs as illustrated in Figure 4(b). If the heterogeneity
of resource usage outweighs the contention overhead
of shared resources, increasing the number of colocated
VMs does not significantly increase the colocation energy overhead.
Putting the aforementioned trends together, application aware colocation management can play a role in
increasing the energy saving of consolidation as illustrated in Figure 4(c). It is therefore prudent to profile the
colocation interference and introduce it as a parameter
to the decision making of workload consolidation.

B. Performance implication in colocating applications
The interference effect of colocations on applications’
performance has been studied using empirical methods in
some recent works [8], [9]. The “Bubble-up” methodology predicts performance degradation due to colocation
of applications [9]. It is used to design a colocation
policy for delay-sensitive Google workloads. Authors in
[8] consider the applications’ workload type as well as
the effect of underlying hardware to avoid performance
degradation caused by colocation. The above works
are motivation to study energy-efficient colocation of
applications, since the performance degradation (e.g.,
increasing the execution time of applications) is tightly
correlated to the energy consumption. Much of the
research has proposed VM consolidation as an energyefficient technique in data center environment [4], [6],
[7]. However, very few of them consider the performance
degradation caused by colocation interference and workload dynamics [4]–[7]. The most related works to our
work are [9], [5] as they consider the workload type in
colocation policy to reduce contention.
C. Complicating Factors
The colocation of applications has its own challenges.
• Workload intensity is dynamic.
• The data center hardware has inherent heterogeneity, in terms of power profiles. This raises the question of how to distribute the data center workload
amongst servers to yield the best performance.
• The power performance profiles of servers are not
linear. The nonlinearity increases the complexity
of models and solutions of the energy efficient
colocation management.
• There is no benchmark to characterize the interferences among colocated VMs.
III. System architecture
Data centers host different applications ranging from
batch jobs [9] to web services (e.g., e-commerce) [3].
The workload types of such applications are different
e.g., CPU-intensive workloads (e.g., to analyze or organize data) and memory-intensive workloads (e.g., data
retrieval tasks). We consider such a data center with heterogeneous workloads. We assume applications in a data
center consist of one or more tasks where each task can
be assigned to a VM. Let the set At = {a1,t . . . ai,t . . . a|A|,t }
be the set of tasks to be assigned to n total identical
servers at a time t where, |A| is the number of tasks in
set A. Each ai,t represents a VM and is associated with
a workload type wi,t . Each pair of tasks ai,t and ak,t may
or may not have the same workload type.
We represent a colocation set by C j,t ⊆ At ; each C j,t
runs on a single server. The colocation policy partitions
At into n̂ ≤ n colocation sets such that all the tasks
belong to one set: ∃C j,t |ai,t ∈ C j,t , ∀i = 1 . . . kt .

The energy consumption, eCj , of each colocation set
C j,t , captures the energy consumption of its applications
and their interference effect. The next section explains
the model of interference effect for a colocation policy
through an empirical study; This model is further used in
§V to design an energy efficient colocation management
scheme.
IV. Modeling the colocation Interference
The interference effect of colocation specifies how the
performance and energy consumption of applications are
affected, i.e. how much application “A” co-running with
application “B” deviates from its standalone performance
and energy. Studies in [8], [9] show promising results
that there is contention of resources due to colocation.
They characterize the performance degradation of colocated applications due to the contention.
Our proposed hypothesis is that, if such interference
exists amongst the colocated application, it can be modeled as a “separate task”. The utilization energy of an
application is defined as its total energy consumption
minus its idle energy consumption. Consider a case with
two colocated applications, indexed by i and k, in a
host server with an equal running time, the total energy
consumption of the server can be written as follows:
f
ec = eidle + ei + ek + eie
ik ,

(1)

where ei and ek denote the utilization energy consumption of tasks i and k respectively when running solely
on the same system, eidle denotes the idle energy to
run either of the tasks i and k when running separately,
f
and eie
ik denotes additional energy consumption due to
the colocation interference between tasks i and k which
depends on the workload type of the tasks.
f
To calculate eie
ik , we introduce “interference coefficient”, denoted by α, which estimates the interference
energy:
f
idle
eie
)
ik = αik (ei + ek + e

(2)

The following analysis provides insight into the above
equation. Consider two applications indexed by i and k.
Both take t time unit to complete, and consume pi and
pk utilization power at a server with idle power of pidle .
The ideal colocation energy of applications is as follows:
ec,ideal = (pidle + p0 )t = (pidle + pi + pk )t = eidle + ei + ek .
where p0 is the ideal power consumption of the host
server. However, in practice, due to colocation interference, p0 may be greater or less than the sum of
utilization power of applications and can be written
as p0 = pi + pk + poi,k , where poi,k is a real number
and , poi,k > −(pi + pk ). Further, the execution time of
applications, denoted by t0 increase, t0 ≥ t. Let τ > 0

where t0 = t + τ. The energy consumption of colocation
can be written as follows:
ec = (pidle + pi + pk + poi,k )(t + τ)
=e

idle

+ ei + ek + (pidle + pi + pk )τ + poi,k (t + τ).

(3)

We assume that the term poi,k (t + τ) can be approximated
as a percentage of the term (pidle + pi + pk )τ such that
(pidle + pi + pk )τ + poi,k (t + τ) = (pidle + pi + pk )τ0 , where
0
τ0 ≥ 0. Let αi,k = τt . Therefore the colocation energy is:
ec = eidle + ei + ek + (pidle + pi + pk )tαi, j
= eidle + ei + ek + αi,k (pidle + pi + pk ).
The following experiments show how
the workload type of applications.

f
eie
ik

(4)

depends on

A. Characterizing the interference effect of colocation
To understand the interference effect, we performed
some experiments using CPU-intensive and memoryintensive applications.
CPU-intensive benchmark (CPU): We design a multithread benchmark that generates CPU workload using
a prime number generation program. Benchmark input
is the percentage of maximum workload sustained by
the system (i.e. in our experiment, 22000 prime number
generations). For e.g., CPU[10%] is generated by adjusting the number of prime number computations such that
each core sleeps 90% of time and works during rest 10%
with time granularity of 100ms.
Memory-intensive benchmark (MEM): We design a
memory benchmark that scales the memory workload by
generating random accesses to the memory and adjusting
the total number of memory operations (e.g. reading),
sleep time between operations and working set size.
Maximum working set size sustained in our experiments
is 1MiB. For e.g. MEM[10%] means we generate a
workload for working set size 1KiB and adjust the
number of memory operations such that the memory
workload is offered 10% of time compared to the peak
workload.
We run the following experiments to examine the interference effect under different workload types and intensity. When a benchmark is run, the power is observed
during the complete run of the benchmark code. The
energy is computed as the product of average power
during the run into the total execution time.
1) Colocation energy overhead vs. workload type:
We run three experiments on one physical server: (i)
running two CPU benchmarks both at 30% workload, (ii)
running two memory benchmarks both at 25% workload,
and (iii) running one CPU benchmark at 30% workload
and one memory benchmark at 25% workload. Figure 5(a) indicates that colocated CPU MEM application
incur less energy consumption than two CPU and two
MEM colocations. This can be due to less contention
in shared resources in the colocated CPU-MEM applications.

2) Colocation overhead vs. workload intensity: We
run the following experiments. Firstly, on one physical server, we colocate two CPU applications with
increasing workload intensity, CPU [10%-50%]. Similarly, in the second experiment, we run two memory
intensive applications with increasing workload intensity MEM[10%-50%]. Figures 5(b) and (c) show that
colocation energy overhead and performance degradation
increase as workload intensity increases for both CPU
and MEM workload. Colocation of CPU MEM workload
show that the average interference coefficient of CPU
CPU colocation is observed to be four times that of CPU
MEM colocations.
3) Colocation with realistic workloads: To obtain a
realistic value of the interference coefficient, we setup
SPECpower ssj2008 workload on VMs and observed
the energy consumption when two such VMs are colocated. The colocation incurs energy overhead, and the
interference coefficient is observed to be 0.09.
V. Application aware colocation management
Using the results from the previous section, we model
the total energy of the colocation set C j as the sum of idle
energy, utilization energy of each tasks and the overhead
of interference energy as follows.
X
1X X
eCj = eidle +
ei +
αi,k (ei + ek + eidle ), (5)
2
a ∈C
a ∈C a ∈C ,k,i
i

j

i

j

k

j

where eidle = maxai ∈C j (eidle
i ) denotes the idle energy to
run the longest task of C j when running standalone.
The ratio 1/2 ensures that the interference effect for
pair of tasks is considered only once. To consider the
applications’ performance, we model each server as a
M/M/1 queue. In M/M/1, the response time can be
1
modeled as d = µ−λ
where µ and λ denote the server
service rate and the workload arrival rate, respectively.
Let µi , λi be the the service rate and workload arrival rate
of task i respectively. The service rate of the colocation
set j, denoted by µCj , can be estimated using weighted
average:
X λi µi
P
µCj =
ai ∈C j λi
a ∈C
i

j

The applications performance constraints bound the
maximum possible workload arrival to a server as follows:
1
P
 ≤ dire f , ∀ai ∈ C j (6)
dCj =
ie f
µj −
ai ∈C j λi + λ j
where λiej f denotes the extra workload due to the interference effect of applications which can be estimated
similar to the interference energy (see Eq. 5), as follows:
1X X
λiej f =
αi,k (λi + λk )
2 a ∈C a ∈C ,i, j
i

j

k

j
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Fig. 5: (a) Energy consumption versus colocation policy. (b) Utilization energy overhead w.r.t. workload type and intensity of
the colocated applications, (c)Performance degradation due to colocation.

A. Problem formulation of application aware colocation
management
Given the above factors, the energy-aware colocation
problem can be formulated as to minimize the total energy consumption of colocated sets such that all the tasks
are serviced and their performance (delay) requirement
is met. Let x denote the selection of a colocation set,
then the optimization problem can be stated as:
Minimize
X
eCj x j
(7)
j

such that

X

x j = 1 , ∀ai ∈ A [service constraint] (8)

j|ai ∈C j

dCj ≤ dire f , ∀ai ∈ C j [performance constraint]

(9)

.
B. Solution of application aware colocation management
The above problem can be decomposed into two
subproblems: (i) to find all performance-feasible colocation sets C j that respect the applications performance
requirements (Eq. 9), and (ii) to find energy efficient
colocation sets among performance-feasible ones that
cover all applications (i.e., solving the minimization
problem as depicted by Eq. 7 subject to the service
constraint, Eq. 8 over performance-feasible colocation
sets) which is a set-covering problem [13].
The performance-feasible colocation sets i.e., a colocation set that meets its applications’ performance requirement can be denoted by Ĉ = {C j |dCj ≤ dire f , ∀ai ∈
C j } which represents all colocation sets that satisfy the
performance requirement possibly searching through all
subsets (i.e., 2|A| ). Although the size of the power set
grows exponentially in the number of applications, efficient search is possible using “anti-monotonicity” property, “Apriori” or “downward-closure” property [11]).
This property guarantees that for a performance-feasible
colocation set, all its subsets are also feasible and thus for
a performance-infeasible colocation set, all its supersets

must also be performance-infeasible . After obtaining
performance-feasible solutions the energy efficient colocation sets are found using existing polynomial-time
algorithms that solve the set covering problem with a
bounded approximation ratio [13].
VI. Simulation study
We performed a simulation study to evaluate our
Application Aware Colocation Management (AACM)
(§V) with respect to magnitude of interference effect and
servers power consumption model.
AACM is compared with two baseline algorithms:
(i) Application Oblivious Colocation Manager (AOCM),
which performs consolidation to minimize total applications’ standalone energy, disregarding the interference
effect of applications’ colocation; this is a standard
consolidation management scheme which is commonly
used in previous works, and (ii) Worst case Colocation
Manager (WCM), which is similar to AACM but prefers
colocations of applications that incur higher interference
effect; this scheme shows the maximum energy wastage
of a consolidation manager that is not aware of colocation overhead. All schemes run on the performancefeasible colocations sets as described in §V-B. We use
MATLAB 2010 and GNU Linear Programming Kit
(GLPK) to optimally solve AACM, AOCM and WCM
using branch-and-bound technique. Due to the NPhardness of the problem, GLPK solver does not scale to
large problem instances, performs well in our simulation
study. For larger problems, our approxifmation algorithm
(§V-B) can be used. Server model is IBM Systems
x3650 M2 www.spec.org/power ssj2008/results/) with
idle power 100 W and peak power 300 W.
We assume applications of two workload types in the
simulation study. We vary the workload intensity such
number of total VMs (i.e. |A|) varies between 3 and 20
during a simulated time of 24 hours. Further, the average
service rate is set to 5000 requests per second, and the
workload arrival rate of tasks is such that every server
has a maximum of 3 VMs.
The consolidation manager (i.e., both AACM, and
AOCM) runs every hour. The workload of VMs during
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Fig. 6: Energy savings of AACM where (a) α = 0.02 for applications of different types, and (b) α = 0.0.02 for applications of
similar types, and α = 0.1 for applications of different types over IPR values.

every two consecutive consolidation is considered to be
fixed. Both of the applications have equal VMs and
reference delay of 3ms. According to §IV-A for pair
of similar applications α = 0.09, which is almost four
times greater than α for applications of different types.
Therefore, in the experiments we fixed α for applications
of different types to 0.02 and vary it for pair of similar
applications between 0.02 − 0.2 to investigate the energy
saving of AACM in the proximity of the observed
value. Note that very high value for α (e.g., in our
experiment α > 0.2) forbids colocation due to exceeding
the performance threshold.
A. AACM energy efficiency w.r.t. interference effect
Figure 6(a) indicates that the energy saving of AACM
linearly increase with increasing interference coefficient.
B. AACM energy efficiency w.r.t. IPR
Figure 6(b) shows that AACM saves energy over IPR
spectrum (i.e., 2-4.2% energy saving w.r.t. AOCM and
6-8% energy saving w.r.t. WCM). since both idle power
and utilization power contribute in interference energy
and consequently in energy saving of AACM.
VII. Conclusion
This paper tackles the problem of profiling and modeling the application colocation interference overhead on
the energy and performance, which affects the energy
savings and achieved QoS of data center management
policies. The colocation interference changes with the
workload type of the applications. To model it, we
perform an empirical study and introduce an interference
coefficient which rates the colocation of every application of specific workload types. Since characterizing
the interference effect is order of different workload
types in the data center and not on the number of
applications, this model is scalable for data centers with
large number of applications. Using the interference
coefficient, we proposed application-aware colocation
management and showed its energy efficiency is shown
through a simulation study. Currently we consider a
constant interference coefficient with respect to workload

intensity, which will be investigated in future. Also more
investigations are required to incorporate this model into
server provisioning, workload management and crossdata-center management algorithms using realistic workload benchmarks and non-linear power models [1], [2].
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