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Abstract— The problem of virtual machine (VM) consolidation
has received a lot of attention over the past years. Most of the
proposed techniques tackling the VM consolidation problem
focus on energy consumption ignoring the network traffic
incurred within the system. Redundant network traffic may be
crucial for the sustainability of cloud computing systems. To
tackle the aforementioned problem, we propose a
communication-aware graph-coloring algorithm placing the
VMs in the underlying system in an energy efficient manner.
Specifically, the proposed algorithm considers migrating VMs
in batches resulting in energy efficient placements against
approaches tackling single VM migrations.
We have
conducted an experimental evaluation to show the superiority
of the proposed algorithm against state-of-the-art algorithms
in terms of network overhead reduction, while keeping the
energy consumption at low levels.
Keywords-component; VM consolidation, communicationaware algorithms, energy-efficient algorithms

I.

INTRODUCTION

During the last years, the cloud computing paradigm has
received wide attention from academia and industry due to
several promising characteristics, such as elasticity and ondemand computing [1], [20], [21], and [40]. Nevertheless,
the rising energy cost has become a considerable burden to
successfully execute cloud based technologies [4], [7], [8],
[10], and [12]. By reducing the energy expenditures within a
cloud computing environment, a cloud provider can decrease
the Total Cost of Ownership (TCO) and subsequently
increase the Return on Investment (ROI). Because of the
above fact, reduction in energy consumption has become an
ardent desire for the cloud providers. Such a reduction can be
achieved by leveraging on the virtualization technologies
that is one of the most prominent features of cloud

computing to increase system utilization. A part of the
ongoing research focuses on the workload consolidation that
minimizes the number of physical machines by
decommissioning the idle machines. Such a simple technique
can drastically reduce the energy expenditures within a cloud
environment [1] , [22].
Workload consolidation (if not done judiciously) may
adversely affect the performance of executing applications,
due to the overhead incurred by the virtual machine (VM)
migrations. Specifically, Ref. [6] reports that the
performance of an application is likely to be negatively
impacted during the migration process because of the
overhead caused by successive iterations of memory precopying. Another reason is that the VM migrations incur
additional network traffic, causing bottlenecks and out-oforder message relying [5] and [17]. Therefore, extra care
must be taken regarding which VMs are to be migrated, so as
not to overburden the network with extra communicational
overhead, predominantly due to the communication
dependencies between the VMs [30] and [29]. Because of
the above, we propose an innovative graph-coloring
algorithm that performs VM migration such that to minimize
network traffic while keeping the energy consumption at low
levels. Specifically, our primary aim is to develop
competitive solutions for the following problem: Assuming
that a set of VMs is already deployed within a cloud,
reassign the VMs to physical servers so as to minimize both
the aggregate energy consumption within the system, and the
total network overhead incurred due to the: (i)
communicational dependencies between VMs and (ii) VM
migrations.
The main contribution of our work is summarized as
follows.
 We adopt a server power consumption model,
whereby a VM may consume proportionally

different amounts of energy when executed on
different servers. Therefore, the energy
consumption is dependent on both the type of
VM and the server it is executed on.
 The proposed algorithm employs a graph
coloring technique as well as the knapsack
approach to migrate VMs from one server
towards another one in an iterative fashion. The
proposed algorithm aims at optimizing the
network overhead due to the VM
communication inter-dependencies. At the same
time, the proposed algorithm keeps the energy
consumption at low levels.
 We conducted experiments to show the
behavior of the proposed algorithms compared
to the state-of-the-art algorithms found in the
literature. Specifically, the proposed algorithm
achieved energy consumption close to state-ofthe-art algorithms in the literature.
The remainder of the paper is structured as follows.
Section II reports the related work. In Section III, we
describe the system model and formulate the optimization
problem. The proposed graph-coloring algorithm is
presented in Section IV and evaluated in Section V. Finally,
Section VI concludes the paper.
II.

RELATED WORK

Large data center operators, such as Google and Amazon
are actively pursuing solutions to reduce the energy
expenditures of their data centers. Ref. [9] claims that such a
reduction can be achieved by keeping system utilization at a
maximum level decommissioning idle servers. Authors in
[27] propose a workload consolidation algorithm called
Modified Best Fit Decreasing (MBFD) that modifies the
Best Fit Decreasing (BFD) approach. MBFD sorts all of the
VMs in decreasing order as per the computing capacity, and
assigns each of the VM to a host providing the least increase
in the power consumption due to such an assignment. Ref.
proposes Adaptive heuristics are proposed in [3] to address
the VM consolidation problem in an online setting. Gandhi
et al. [11] address the problem of allocating an available
power budget among servers in a virtualized heterogeneous
server farm, while minimizing the mean response time. Bin
packing algorithms are proposed in [36] to reduce energy
consumption in cloud systems. The proposed algorithms
(named LPBP and LPBP’) perform VM migrations in a low
perturbation way to keep the number of VM migrations as
low as possible. Authors also propose a bin packing
algorithm (called PCA_BFD) which is aware of power and
computing capacity when assigning VMs onto servers.
Mertzios et al. [28] have considered the interval
scheduling problem to minimize the power consumption of a
set of machines. In the above problem, authors attempt to
consolidate jobs whose processing times overlap to minimize
the busy time of machines. Curino et al. [7] addresses the
problem of consolidating multiple databases on fewer servers.
Authors perform an analysis about the load characteristics of
multiple dedicated database servers and consolidate the
corresponding workloads into fewer physical machines,

while achieving negligible performance degradation. In [14]
a resource consolidation framework is proposed for multiple
virtual clusters. The authors treat the VMs as “moldable”
during consolidation such that to allocate the VMs into a
fewer number of servers. The main difference between our
work and [14] is the system model since authors assume
virtual clusters, with each VM being assigned to a specific
virtual cluster, while each node can host at most one VM of
each virtual cluster. Authors of [39] and [41] address the
problem of scheduling precedence-constrained parallel tasks
such that to minimize both execution time of the workload as
well as energy consumption.
Redundant communication load may lead to considerable
performance degradation of communication-intensive
applications [29]. Sonnek et al. [29] perform VM migrations
to reduce the total communication overhead, resulting in that
way in an improved application performance. Authors solve
the aforementioned problem by proposing a distributed
bartering algorithm (called DBA) which places the VMs
closer to the required data. Similarly, authors in [31] and [32],
propose an optimal fully distributed algorithm for treestructured networks leveraging on the minimum-cut
maximum-flow techniques. In [37], authors address the
online problem of migrating services such that to minimize
the total network overhead between them. The proposed
algorithm is accompanied with a rigorous analysis about its
competitive ratio. As can be seen from the above, the work
reported in [29], seems to be the closest against our work.
Authors In [36] propose a communication aware algorithm
(called CAM) to reduce network traffic. The proposed
algorithm examines only single VM migrations against our
solution performing batch of VM migrations. In [33], [34],
and [35] authors propose algorithms to co-locate heavycommunicating agents as well as to place them close to data
such that to minimize the total network traffic.
In terms of the below discussion, we report the most
relevant works we found in the literature regarding the
mechanisms of live VM migrations (i.e., the process of
migrating a running VM between two different physical
servers without disconnecting the applications executing on
the respective VM) and the corresponding effects on cloud
computing systems. Specifically, authors in [16] address the
problem of live VM migration across a Gigabit LAN. The
proposed solution facilitates the use of post-copy with
adaptive pre-paging to eliminate any duplicate page
transmission. Ref. [18] leverages on the Remote Direct
Memory Access (RDMA) to optimize the time efficiency of
VM migration. In terms of [26], authors propose a
methodology taking into account both VM migration and
process migration for the execution of high performance
computing applications on clusters and grids. Last, the work
presented in [24] proposes an algorithm that synchronizes the
migrating VM states. Authors demonstrated through
experimental evaluation that their approach can drastically
reduce the migration overheads against a pre-copy algorithm.
We must note that such works are complementary to our
work, as our algorithms could adopt such mechanisms to
implement the VM migrations without disrupting the
functioning of the migrating VMs.

III.

SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model
We assume that the network is organized as a three-level
hierarchical structure. The first level is composed of an
interconnected set of data centers, with each of them
consisting of a number of racks (the second level). These
racks contain a number of physical servers (the third level
level). The communication between the physical servers
takes place through three different methods based on locale.
Specifically: (i) servers within a rack communicate with each
other through the edge layer switch; (ii) servers that are
located within the same cluster but on different racks
communicate through the core layer switch; (iii) the
communication between two servers that are at different data
centers (geographically distributed) is more than often
effected by the bottleneck-links.
To capture the communication dependencies between
processes (or VMs) and nodes, we extend the number of
processes by N virtual ones, with each of them representing a
node. Therefore, the data exchanged between a virtual
process and a real process represents the communicational
demands between the real process and the node represented
by the virtual process. Specifically, pi is a real process iff 0 <
i ≤ P, and a virtual one iff P < i ≤ P+N. By doing so, we are
able to extend the matrix encoding the communicational
dependencies between processes to an (P+N)×(P+N) matrix
that includes the communication dependencies between
processes and nodes (besides the ones between processes).
For simplicity, let the virtual process representing nx be
denoted by pnx .
Let sx and S be the x-th physical server and the total
number of servers within a cloud, respectively. The variable
dxy captures the “cost” of exchanging one abstract data unit
(e.g., byte) between sx and sy, where dxx = 0. Let J be the
number of jobs comprising an application to be executed
within a cloud, and ji identifies the i-th such job. The
communication dependencies between jobs, within a time
interval [t1, t2], are encoded by a J×J matrix, denoted by W,
with wxyt1 ,t2 representing the amount of data (in bytes)
t1 ,t2
 wtyx1 ,t2 . The
exchanged between jx and jy, where wxy
number of VMs is denoted by V, while the k-th VM within
the system is denoted by vk. To capture the communication
dependencies between two VMs vk and vm, we aggregate the
data exchanged between the set of jobs executed on vi and
the set of jobs executed on vj. The total data exchanged
between vk and vm, within a time interval [t1, t2], is encoded
t1 ,t2
t1 ,t2
t1 ,t2
 ckm
by an V×V matrix, denoted by cmk
, where cmk
. The
z-th switch within the system is defined by swz, while SW
denotes the total number of switches. The binary variable
rmkz is equal to one, if the communication between vm and vk

must pass through swz; otherwise, rmkz equates to zero.
z
mk

Because r depends on the VM placement, we must modify
the notion to rmkz ( F ) , where F represents a placement.

B. Problem Formulation
To provide a rigorous mathematical formulation of the
problem we must introduce the following terminologies. The
placement of VMs onto physical servers is captured by an
S×V matrix denoted by F, with Fold and Fnew defining an old
and new placement, respectively. The variable fkx denotes
whether vk is hosted by sx or otherwise. More specifically, fkx
is equal to one, if vk is hosted by sx, otherwise fkx equates to
zero. The computing capacity of a server sx is represented by
C(sx), while the computing capacity required from a vk to be
executed correctly for a specified point in time t is defined
by REQ(vk,t). Let USx(F,t) represent the utilization of sx as a
function of a placement F and time t, which is to be
calculated using Eq. 1. The variable USWx(F,t) denotes the
utilization of the z-th switch as a function of F and t, is
calculated using Eq. 2. Eq. 3 and Eq. 4 state that the total
utilization of a server and a switch, respectively, cannot be
x
j
greater than one. Let PSmax
and PSWmax
denote the
maximum instantaneous power consumed by a server sx and
a switch swj, respectively. Given a placement F and a point
in time t, then the power consumption of a server sx is
represented by PSx(F, t). Recent studies (e.g., [23]) have
shown that different VMs consume different amounts of
power. Specifically, Koller et. al. [23] have shown that the
power consumption does not only depend on the VM but
also on the server it is executed. Therefore, in this paper the
model for the server power consumption is built according to
the aforementioned findings, which may be captured by Eq.
5 and Eq. 6. Particularly, Eq. 5 models the power
consumption of a specific VM vk running on sx. axk and bxk
are VM and server dependent parameters that are predicted
through linear regression [23]. Regarding Eq. 6, it captures
the total power consumption of sx. In terms of Eq. 7, ξj and γj
are network switch dependent parameters that can be easily
obtained through measurements [25], [15]. The total energy
consumed by all of the servers and switches within the cloud
for a given F and within a time interval [t1, t2], is captured by
Eq. 8. Now, Eq. 9 records the total network load incurred
within the cloud with F and within [t1, t2]. The
implementation network overhead for the transition from Fold
to Fnew is given by Eq. 10.
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Based on the above discussion, the problem can be
formally stated as: Given a number of VMs with
communicational inter-dependencies due to intercommunicating jobs that are being hosted by the VMs, find a
feasible placement F* of the VMs onto physical machines to
minimize: (i) energy spent due to the active physical servers
and (ii) total network overhead due to the communication
inter-dependencies between the VMs and the VM migrations
that are performed to implement the transition from Fold to
Fnew.
IV.

GRAPH COLORING ALGORITHM (GCA)

In this section, we present an energy-efficient graph
coloring algorithm for minimizing the network overhead.
The algorithm consists of two procedures: (i) the VMs
exchange procedure called the VXP and (i) the server pair
selection procedure called the SPSP. The VXP procedure
concerns the part where two servers are chosen to exchange
VMs with each other to reduce the communication overhead
incurred within the network. Such an overhead is due to the
communicational dependencies between the VMs hosted on
the chosen pair of servers. The SPSP procedure invokes the
VXP for each pair of the servers within the network until
there are no possible exchanges of the VMs that can further
reduce the total network overhead.
A. VMs Exchange Procedure (VXP)
Initially, given a pair of servers, we construct the VM
communication graph that depicts the communication among
the VMs belonging to the servers in question. The vertices of
the graph have a one-to-one correspondence with the VMs
belonging to the chosen pair of servers. Moreover, each
vertex has a weight equaling to the amount of computing
resources required from the corresponding VM to be
correctly executed. Each edge of the VM communication
graph represents the communicational dependencies between
the corresponding VMs. For example, given the network and
application graph pictured in Fig. 1 and a server pair (s2, s5),
we construct the VM communication graph, as shown in Fig.
2.
Next, the VM communication graph is transformed into a
coloring graph. Specifically, the weight of each of the edge
of the VM communication graph is multiplied by the number
of hops separating the servers of a chosen server pair. The
above is due to the fact that the merger of two vertices must
reflect the actual benefit of a combined hosting of the
respective VMs. Moreover, the VM communication graph is

extended by adding two vertices, with these vertices
corresponding to the servers of the chosen pair. The
aforementioned vertices have weight that is equal to zero and
are colored randomly through a 2-color scheme (e.g. gray,
black). Note that the rest of the vertices (VM vertices)
remain uncolored for the time being. To take into account the
VM migration cost, for each of the VM vertex, we add two
extra edges towards the two server vertices. Because such an
edge represents the migration cost of the corresponding VM,
the weight is calculated in the following way. If the VM
represented by the incident VM vertex to such an edge is not
hosted on the server represented by the incident server vertex,
then the weight is equal to zero. Otherwise, the weight is
equal to the migration cost of the corresponding VM from
the server of the chosen pair hosting it towards the server of
the chosen pair. Fig. 3 shows an illustrative example of the
aforementioned scenario. Specifically, the weight of each
edge pictured in Fig. 2, is multiplied by the number of hops
(three in this case) separating the servers of the chosen pair
(referring to s2 and s5). For clarity, the edges between (s2, s5)
and (v1, v4) are omitted. The weight of the edge between (s2,
v2) equals to the size of v2 (that being two), multiplied by the
number of hops between (s2, s5), giving a total value of six.
Similarly, the weight of the edge (s5, v3) equals a value of
twelve (4×3). In general, the VMs hosted on the servers
other than the ones included in the chosen server pair, may
generate communication overload. In Fig. 1 and Fig. 2, we
can see such a scenario, by considering the server pair (s2, s5),
where v5, v6, and v7 generate communicational loads towards
the v1, v2, and v3, respectively. Such an external (to the server
pair) load must be incorporated within the graph coloring
model. The external load can be viewed as another form of
server related cost within the model, as was the case with the
cost of the VM migration. Consider for instance the
migration of v3 from s5 to s2. Aside from the migration cost
of twelve to transfer v3 from s5 to s2, there will also be a
change to the network overhead in terms of the external
communication load directed to/from v3. For instance, the
load generated by (v3, v7) will not incur a network overhead
of five, but rather a cost of ten, as the hop distance between
v3 and v7 will increase from one to two. To incorporate the
above case in the coloring graph, it suffices to augment: (i)
the weight of the edge incident to v3 and s5 by the network
overhead incurred if v3 moved to s2 and (ii) the weight of the
edge incident to v3 and s2 by the network overhead incurred
if v3 stayed at s5. Repeating the process for all of the external
loads of v3 results in: (i) the weight between v3 and s5 being
augmented by ten (v7’s load) plus eight (v8’s load) for a total
of 18 and (ii) the weight between v3 and s2 being augmented
by five (v7’s load) plus four (v8’s load) for a total of nine.
Fig. 4 illustrates the augmented coloring graph. As indicated
previously, to avoid cluttering, only the edges between s2, s5
and v2, v3 are depicted in the figure.
Recall that the merger of two VM vertices must reflect
the actual benefit of collectively hosting the respective VMs.
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Similarly, the merger of a VM vertex with a server vertex
must also reflect the actual benefit when the respective
server hosts the respective VM. Reverting to the example
scenario, if v2 and v3 are placed together, then the
communication load will be alleviated to, corresponding to
the actual benefit of 27. However, the same is not true when
considering the edges involving a server vertex. For instance,
if v3 and s5 are merged, then the actual benefit will not be 30,
but rather benefit would be the network overhead difference
between placing v3 at s5 and at s2. Accordingly, for each of
the VM vertex we must perform the following: (i) we
remove from the edges connecting the vertex (in question)
the server vertices with the lowest weight and (ii) we change
the weight of the rest of the edges to be equal to the
difference of the weight of the edges. Note that in case the
edges in question have equal weights, then we remove on
random one of the two edges, and we set the weight of the
rest of the edges equal to zero. The aforementioned changes
are reflected in Fig. 5.
After constructing the final coloring graph, we proceed to
the step of merging the vertices of the graph. Such a step is
iterative in nature. In each of the iteration, the edge with the
highest weight is selected and the vertices that it connects
with are merged. Specifically, if the incident vertices to the
aforementioned edge: (i) contain only VMs, then the
merging benefit is obtained from placing the respective VMs
on the same server or (ii) contain a server and VMs, then the
merging benefit is derived from placing the respective VMs

Fig. 6. Merging Step 1
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Fig. 10. Merging Step 5

at the respective servers. The new vertex has the cumulative
weight of the previous vertices and the remaining edges. If
the new vertex has more than one edge towards another
vertex, then such edges are compacted into one edge. If any
of the vertices belonging to the merged vertex is colored,
then the merged vertex will also be colored the same. In the
case when the two vertices to be merged are colored with
different colors, the merging is not performed and the
respective edge becomes grey. The aforementioned scenario
is captured in the example depicted in Fig. 6 through Fig. 10.
Specifically, we choose to merge v2 and v3 in Fig. 6. The
above is performed because the edge incident to v2 and v3 has
the largest weight in the graph shown in Fig. 5. In Fig. 7, v1
is merged with s2, with the new vertex (s1, v1) being colored
gray due to the fact that the uncolored vertex v1 is merged
with the gray-colored vertex s2. Subsequently, the uncolored
vertex (v2, v3) is merged with the black-colored vertex s5 and
the new vertex is colored black. Thereafter, in Fig. 9, v4 is
merged with (s5, v2, v3) and the new vertex is colored black.
In Fig. 10, there are two colored vertices that cannot be
merged. Therefore, the edge connecting the two vertices is
colored grey. Lastly, because there is no other edge to be
considered, the algorithm terminates with the actual benefit
(in terms of network overhead) being equal to fourteen (9×33×3+2-3×2).
Each time when the vertices are merged, the GCA
attempts to find if a feasible vertex coloring exists within the
new graph. To realize such feasibility checks the GCA

solves the knapsack twice. The first time knapsack is run for
the one server of the chosen server pair and next for the rest
(i.e., s2 and s5 according to the chosen server pair in our
running example). The knapsack candidate objects represent
the vertices of the coloring graph (the size of each object
being the weight of the vertex). Having obtained a knapsack
solution for s2 (grey node) the algorithm checks if the
remaining objects fit in s5. If so, then the algorithm accepts
the merging of the respective vertices and proceeds with the
next iteration. Otherwise, the algorithm attempts to find a
valid placement by solving knapsack for s5 (the black node)
and checking whether the remaining objects fit at s2. If after
trying both of the knapsack solutions the VXP is unable to
find a valid placement involving all of the objects, it
backtracks to the graph state before merging, marking the
edge under consideration as grey.
The VXP continues in the same fashion until either all of
the remaining agent-vertices are colored, indicating
migrations; or edges are colored in grey, indicating that no
migrations are performed.
B. Server Pair Selection Procedure
The SPSP iterates through all of the server pairs by
applying the VXP. If during an iteration the VXP reduces the
total network overhead, then the process reiterates.
Otherwise, the VXP terminates with the final VM placement.
We must note that if the VM communicational dependencies
do not change frequently, then the VM migration overheads
instead of fully contributing into the coloring graph;
however, the migrations may contribute in a small
percentage. Such a percentage contribution is captured by a
constant called the MIG_OVERHEAD. For example, when
the MIG_OVERHEAD is equal to 0.1, then it means that the
overhead of the VM migrations contributes by a 10% when
constructing the coloring graph. For the VXP to successfully
optimize (within a server pair), the VM placement
adaptations are required for the contribution of the overhead
of the VM migrations.
V.

EVALUATION AND DISCUSSION RESULTS

The presented algorithms were evaluated through
simulations for various network topologies. the number of
clusters varied between five and ten, with each cluster
consisting of a varying number of racks. Specifically, the
number of racks for each cluster was defined to be between
ten and twenty. Each of the rack had been decided to have a
number of physical servers varying between twenty and forty.
The average number of physical servers amounted to 3,375.
A total of 20 different network topologies were generated
for each of two setups as follows. To simulate a geographical
distribution of the clouds, we placed the clusters in a 80×80
(measured in meters) 2D place. Clusters were assumed to be
within the range of each other, if their Euclidean distance
was less than 30 meters. The network overhead when
transferring one abstract data unit between VMs that are
hosted on the same physical server was considered to be
equal to zero. The cost of transferring one abstract data unit
between two servers that are located on the same rack was
fixed at one. The cost of transferring one abstract data unit

between two servers located on the same cluster but on
different racks was decided to be equal to two. The cost of
transferring one abstract data unit between two servers
located on different clusters was assumed to be equal to two
plus the summation of the inter-cluster communication links
participating to the shortest path between the corresponding
clusters.
The maximum computing capacity of each physical
server varied between 50 and 400 abstract computing units.
The computing capacity required from a virtual machine to
be executed correctly was chosen randomly between 10 and
50 abstract computing units. Each of the VM communicated
with a varying number of randomly selected VMs. The
above number of virtual machines varied in a uniform
distribution between 5 and 20. The data exchanged between
a pair of virtual machines was decided to be uniformly
distributed between 1 KB and 100 KB per time unit. While
the data size of a VM is chosen to be between 500 and 2000
MB. The server power consumption was assumed to be
between 200 and 400 watts [13]. On the other hand, the
power consumption of networking components was decided
according to [15]. VMs have different power consumption
based on the servers they are hosted according to [23].
In the following simulations, we discuss the performance
of GCA against state-of-the-art algorithms. the LPBP, LPBP’,
PCA-BFD, CAM, GCA, CPAM, CPAMI, and CPAM-GCA.
We compare the performance of the above mentioned
algorithms with the most well-known bin packing algorithms
(MBFD [1], BFD [27], pMaP [38], LPBP/LPBP’ and
PCA_BFD [36]) found in the literature. As discussed in the
related work section, the MBFD is power-aware bin packing
algorithm. In terms of the network overhead, we compared
DBA [29] and CAM [36] with our proposed algorithms. As a
reference, we also included results obtained with a naïve
algorithm (RAND) that randomly places a new VM as long
as there is a physical server with enough computing capacity.
In each of the simulations, the quality of the solution is
measured in terms of the total network load and total energy
consumption for the placement produced by the proposed
algorithms. We also recorded the total number VM
migrations performed by our algorithms to reach the final
placement.
A. Experiments
In Fig. 11, we show the normalized energy reduction (in
percentage units) achieved by the proposed algorithms over
the initial placement produced by the RAND. As observed,
the best performance was achieved by LPBP’. The LPBP,
pMaP, MBFD, PCA_BFD, and GCA algorithms have
slightly worst performance compared to the LPBP’. At the
other extreme, BFD, CAM and DBA record the worst
performances. The same performance features of the
algorithms roughly hold when the capacity ratio changes to
the MID and LARGE. As we can observe, the algorithms
perform better for the case when the capacity ratio is set to
LARGE.
In Fig. 12, we demonstrate the normalized network
overhead reduction (in percentage units) achieved by the
proposed algorithms over the RAND. We must report that,
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0,9

communicational dependencies between VMs. The
aforementioned optimization takes place in an energyefficient manner as evidenced by the experimental evaluation.
We have identified the following three directions for
future work: (i) SLA violations could be considered as
another dimension in our problem; (ii) tackling the problem
in an online fashion by proposing online solutions; and (iii)
considering the creation and deletion of VM replicas.
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