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Abstract—Energy consumption in data centres accounts
for a significant proportion of national energy usage in
many countries. One approach for reducing energy con-
sumption is to improve the server usage efficiency via
workload consolidation. However, there are two primary
reasons why this is not done to a large extent. The
first reason is that greater consolidation could result in
violations of Service Level Agreements if resources are
over-utilised. The second reason is that users specify the
requirements of a VM based on the maximum estimated
usage for each resource over the whole life span of the VM,
and usually over-estimate these maximum values to avoid
possible contract violations. Typically, the VM will have
significantly lower resource usage in most time periods.

Recently, a number of methods have been proposed to
predict resource usage of VMs. We show that although
these prediction techniques are efficient when their per-
formances are measured using well known metrics, a low
prediction error can still result in significant violations of
Service Level Agreements if not handled properly during
workload allocation. Our results emphasise the importance
of analysing workload prediction in conjunction with work-
load allocation techniques. In this work, we examine the
practical impact of using predicted resource usage for
optimal server consolidation. In particular, we investigate
the occurrences of over-utilised resources on servers due
to under-predicted resource usage. We propose methods to
reduce the likelihood of such occurrences, both through
the enforcement of safety capacities on the server side, and
through biasing towards over-prediction on the VM side.
The results indicate that an appropriate balance can be
found between energy savings and non-violation of Service
Level Agreements.

I. INTRODUCTION

Data centres are significant energy consumers due
to the pervasive use of cloud computing, big data,
internet-of-things, e-commerce, etc. The continuing up-
ward trends in these areas suggest a further increase of
the energy consumption in the next years. Reducing the
energy consumption while at the same time ensuring
quality of performance for users has become an impor-
tant goal for many data centres.

The two primary energy consumers within a data
centre are IT and HVAC (Heating Ventilation and Air
Conditioning), i.e. powering of servers to run virtual
machines (VMs) and powering of the ventilation and

cooling system to reduce hotspots and prevent server
overheating, which can negatively impact server perfor-
mance and damage equipment. In a typical data centre,
approximately 60% of the energy is consumed by IT and
35% is consumed by HVAC. Consequently, research into
reducing energy consumption has focused on these two
areas.

From the IT workload side, server consolidation is one
approach which can be implemented to reduce energy
consumption. Servers are often under-utilised, and with
a significant proportion of energy consumption incurred
by just the idle power of a server to be maintained in
an ON state. The reasons for the lack of consolida-
tion are two-fold. Firstly, there is the concern that the
greater the utilisation the greater the risk of a negative
impact on VM performance, which might lead to Service
Level Agreement (SLA) violations. The second reason
is that the user must provide a value for each associated
resource (CPU, memory, network, etc.) such that the
VM will consume less than this value in every time
period. Typically, the user over-estimates the maximum
usage over all time periods to avoid possible contract
violations. Furthermore, these over-estimated values will
then be used for all time periods, when in fact actual
resource usage may be far beneath this value for most
of the operating time.

In order to improve consolidation, accurate predictions
of the time-variable resource usage are required. Re-
cently, a new approach has been proposed for predicting
resource usage of VMs [1]: PRACTISE is a neural net-
work based framework that can efficiently and accurately
predict future loads, peak loads, and their timing. It
has been shown that PRACTISE can outperform both
ARIMA and baseline neural network models in terms
of average prediction errors and that the method is
particularly robust from short-term (e.g. hours) to long-
term (e.g. several days) prediction windows.

However, in the first step the predictions were not
evaluated in conjunction with server consolidation. In
this work, we address this and specifically investigate the
impact of prediction errors on resource over-utilisation.
We present an analysis of both the savings that can be



achieved in terms of energy reduction through consoli-
dation and, more importantly, the impact on VM/server
performance with respect to resource over-utilisation.
Based on the initial results, we propose a number of
techniques for reducing the likelihood of resource over-
utilisation on servers.

In Section II, we first provide some background for the
current work, and describe in more detail the prediction
method. In the following three sections, we describe the
optimisation problem considered, present a mathematical
model of the problem, and then introduce an efficient,
scalable approach to workload allocation which was
used for testing the impact of prediction. A number of
metrics are introduced in Section VI for quantifying the
impact of server over-utilisation. Section VII presents
the experimental evaluation of the prediction method,
and proposes techniques for reducing resource over-
utilisation while maintaining energy reductions through
consolidation.

II. BACKGROUND

Data centre energy requirements have grown mas-
sively in the last few years. One of the optimisation
challenges for reducing energy requirements is to keep
servers well utilised by deciding which virtual machines
to migrate, where to migrate, when to migrate, and when
and which servers to switch on/off. Achieving this goal
optimally requires the capability of predicting the future
time-variable resource demands of VMs accurately and
computing the plan for migrating VMs for efficient
server consolidation quickly.

A. Server consolidation

Many data centres have infrastructure for VM migra-
tion in place. There are several reasons for migrating
VMs from their current servers to different ones. Gener-
ally, if the load on a server is very high, one might want
to move some or all the virtual machines from that server
to others. Also, if there is an energy efficient server
with sufficient resources, one might want to reassign
some VMs to that server so that the overall energy
consumption is reduced. Finally, if a server is under-
utilized, one might want to shut down that server after
having migrated the corresponding VMs to other servers.
In general, the challenge is to consolidate servers so that
energy consumption can be reduced without increasing
the number of SLA violations.

Server consolidation can be static or dynamic [2]. In
static consolidation, peak resource demands are typically
used for each VM, and the assignment of VMs to servers
may not be recomputed for long periods of time. This
technique is done in an off-line fashion. In contrast,
dynamic consolidation is implemented on shorter time-
scales, preferably shorter than periods of significant

variability of the resource demand. It is a reactive
approach in which servers are continuously monitored
and the reconfiguration of VMs to servers is triggered
when the servers are either over-loaded or under-utilised.
Although dynamic consolidation may reduce the energy
consumption for a given time-period, it might violate
SLAs due to its myopic nature. We are therefore inter-
ested in minimising both energy consumption and SLA
violations.

A mixed integer programming approach to dynami-
cally configuring the consolidation of multiple services
or applications in a virtualised server cluster has been
proposed [3]. That work focuses on power efficiency, and
considers the costs of turning on/off the servers. How-
ever, it assumes homogeneous resource requirements of
VMs over time. In [4], a data centre is viewed as a
dynamic bin packing system where servers host appli-
cations with varying resource requirements and varying
relative placement constraints. The objective is to min-
imise the transition time for migrations of virtual ma-
chines, whereas we are concerned with minimising the
energy consumption. A constraint optimisation model for
energy-cost aware data centre assignment systems which
allocates virtual machines with time-variable demands
is studied in [5]. In [6] an energy-aware framework
is proposed for the reallocation of virtual machines in
a data centre to reduce the power consumption, the
goal is to find the best possible placement of virtual
machines for a given time-period subject to service level
agreements.

Most of the work on server consolidation either as-
sumes an oracle that can forecast resource requirements
accurately or does not analyse the impact of prediction
on the consolidation approach. We do not make such
an assumption and specifically analyse the impact of
uncertainty in the prediction on the server consolidation.
A notable difference is the work of [7] where VM mul-
tiplexing is considered for the purpose of consolidation.
The main idea is to partition VMs into VM groups based
on the performance requirement of each VM (and in par-
ticular VMs with complementary resource requirements
across time). For each VM group, the joint-VM sizing
algorithm is employed to determine the capacity being
allocated. Although by exploiting VM multiplexing, it is
possible to achieve more compact static consolidation,
it might still not achieve the efficiency of dynamic
consolidation in terms of energy savings.

B. Online workload prediction

It is of paramount importance for data centres to pro-
vide sufficient resources, catering to multiple demands
of virtual machines, particularly the peak demands [7],
[8], [9], while maintaining energy efficiency [10]. Most
of the related work focuses on developing consolida-



tion strategies, using either heuristics [7] or machine
learning [9], and often assumes that accurate workload
information is provided, except [7]. In contrast to this,
we argue that obtaining accurate workload predictions
for different resources, e.g., CPU, memory, disk and
network, is indeed the first key step to efficient resource
management [11], [12], [13] for large scale data cen-
tres. More importantly, the capability to capture peak
demands is crucial to optimise the resource usage and
energy efficiency of data centres.

Prior art [14], [15], [16] pointed out that resource
demands typically show a strong time variability, e.g.,
seasonality within a day, week or month. Time series
prediction methodologies such as autoregression (AR),
moving average (MA), and ARIMA [17] are commonly
adopted to capture the temporal patterns. For the work-
load time series considered in this study, ARIMA models
fall short in capturing the peak demands [18], whereas
the enhanced neural network model PRACTISE, which
is based on information of autocorrelation, shows a
strong promise in capturing highly bursty time series,
and particularly their peaks.

To motivate the effectiveness of PRACTISE in predict-
ing peak demands of time series, we further extend the
original PRACTISE framework and develop an on-line
version. In particular, we address the practical issues of
developing an on-line process for time series prediction:
i.e. how to obtain sufficient historical information and
how much time to predict ahead. In the following, we
first describe such a general on-line prediction process,
which can be integrated with different kinds of time
series prediction methodologies, and then provide a high-
level summary of the PRACTISE training and prediction
methodology.

C. Prediction process

To simplify the prediction process, we define fixed
length timeslots (e.g. 10 minutes), a constant prediction
horizon Np (e.g. 6 timeslots, corresponding to 1 hour
into the future), and a fixed number of training data sam-
ples Nt (e.g. 1008 samples, covering one week). Since
in general monitoring data is not sampled in regular
intervals, we resample the incoming data and store it into
a circular buffer of length Nc = Nt+1+Np as illustrated
in Fig. 1. Each element of this buffer corresponds to one
timeslot as defined above. To minimize storage overhead,
we calculate the cumulative moving average for timeslot
i recursively with

m
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Fig. 1: Circular buffer for workload monitoring and
prediction data.

timeslot i. If the timestamp of an incoming value exceeds
the window of the current timeslot, the buffer is shifted
to the new timeslot (and the data of the oldest timeslots
is discarded if necessary).

Training of the workload prediction models automat-
ically starts when the Nt-th timeslot is populated. The
specific training process for PRACTISE is explained in
more detail in the next subsection.

After the training is complete, the samples stored in
the circular buffer are used as inputs to the prediction
model. The number and indices of the samples required
to obtain a prediction for timeslot i + 1 depend on
the specific prediction model. In the general case, all
samples up to timeslot i need to be available. To obtain
a prediction for timeslot i+ 2, we therefore first obtain
the prediction for timeslot i + 1 and can then use this
value as an input sample for the prediction of timeslot
i+ 2.

D. PRACTISE

PRACTISE [1] is a neural network based framework
that efficiently and accurately predicts data centre work-
load, and in particular peak loads and their timing.
Fig. 2 provides an overview of the training and predic-
tion methodology. Monitoring data is fed to the feature
selection module, the selected features are then used as
inputs for the training of the neural network and the
ensemble averaging module processes the aggregated re-
sults. Finally, there is a module that continually evaluates
the prediction accuracy and triggers retraining of the
prediction model if large errors are detected.

Artificial neural networks are composed of intercon-
nected neurons whose associated weights are used to
approximate non-linear functions of the inputs. During
the training process, these weights are tuned based on
representative input data. Selecting features that reliably
capture repeating patterns and changing trends is key
to building an accurate and efficient neural network
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Fig. 2: Overview of the training and prediction method-
ology of PRACTISE.

model. PRACTISE identifies the relative peak points of
the autocorrelation function by using a local maximum
function and selects the respective lag values as features
for the training of the neural network. Autocorrelation is
a mathematical representation of the degree of similarity
in a time series and a lagged version of itself over
successive time intervals and as such is well suited to
capture the periodic patterns commonly observed in data
centre workload.

PRACTISE splits the input data into a training set
to tune the weights, a validation set to determine the
convergence point, and a test set to evaluate the training
accuracy. A number of neural networks are trained in
parallel, using randomly split data sets. The resulting
models each produce their own prediction results. To
obtain the final prediction, outliers are filtered out and
the average of the remaining data is computed.

As shown in [1], compared to ARIMA and baseline
neural network algorithms, PRACTISE achieves up to
3 times better prediction accuracy in terms of average
prediction errors, and dramatic improvements (2- to 9-
fold) with respect to the prediction timings. In particular
PRACTICE, in contrast to classic time series models, is
able to efficiently capture the peak loads in terms of their
intensities and timing.

III. PROBLEM DESCRIPTION

We first describe the optimisation problem relevant for
analysing the impact of resource prediction on workload
allocation. The problem is to place a set of virtual
machines on a set of servers in order to minimise
the energy cost of the data centre. The resource usage
(including CPU) of a virtual machine changes over time.
In each time-period, we must ensure that the servers have
enough resources (e.g. CPU, memory, disk, network) to
handle the virtual machines allocated to them.

Let V = {v1, . . . , vn} be the set of virtual machines,
and S = {s1, . . . , sm} be the set of servers.

a) Virtual Machines: A virtual machine vi is
characterised by a set Ai ⊆ S of allowed servers where
it can be hosted, and a potential current server denoted
by initvmi (which might be null if the VM is a new
request). A virtual machine vi has a predicted resource
consumption Rik for the next time-period for each
resource k in the set of resources K. In the following we
will consider CPU to be the resource with index k = 0.

The power consumption of a running server is computed
based on the proportion of the CPU used by the VMs on
the server [19].

b) Servers: A server sj can be in one of two
different states in any time-period: ON=1 or STBY=0
(stand-by). It is characterised by: resource capacities
Rmax

jk ; a fixed power consumption P idle
j (in Watts) when

the server is ON to run the operating system and other
permanent tasks, and P stby

j when the server is in STBY
mode; a maximum number Nmax

j of virtual machines
that can be allocated to it at any time-period; the current
state initsj ∈ {0, 1}; and a unit cost τj per unit of CPU
usage (also in Watts), computed based on Rmax

j0 and
maximum power rating Pmax

j of the server:

∀sj∈S : τj = (Pmax
j − P idle

j )/Rmax
j0 (2)

We assume that Rmax
j0 is the CPU capacity after exclud-

ing the basic consumption of CPU that is required when
a server is in idle mode.

c) Migrations: The maximum number of VM
migrations among all virtual machines from one time-
period to the next is denoted by Migmax and the cost
of a migration by Migcost.

IV. PROBLEM FORMULATION: CONSTRAINT
OPTIMISATION MODEL

The constraint optimisation model of the problem is
presented below.

A. Variables

• Let xi ∈ Ai be the main integer decision variables
that denote the server on which virtual machine vi
is to be run in the next time-period. The forbidden
servers for each virtual machine are trivially en-
forced through the assignment of x to a value from
its domain.

• Let resjk ∈ [0, Rmax
jk ] be the non-negative contin-

uous variable that measures the resource consump-
tion of resource k on server sj .

• Let nvmj ∈ [0, Nmax
j ] be an integer variable that

denotes the number of virtual machines running on
server sj .

• Let cs ∈ [0,Migmax] be an integer variable that
denotes the number of virtual machines that are to
change servers from the current time-period to the
next time-period.

• Let oj ∈ {0, 1} be a Boolean variable that is set to
1 if sj is required to be ON in the next time-period,
0 otherwise.

For each server sj ∈ S and virtual machine vi ∈ V ,
variables ocj and xcio are created for denoting the current
state of the server j and the current server of the VM.



B. Constraints

d) Capacity Constraint.: The following constraints
link the CPU and other resource loads of a server to the
virtual machines assigned to it.

∀sj∈S,k∈K : resjk =
∑

vi∈V ∧xi=j

Rik (3)

The constraint on the server resources not exceeding
their capacities is trivially enforced through the upper
bounds of the domains of resjk.

e) Cardinality Constraint.: The maximum number
of virtual machines that can run on a server is restricted:

∀sj∈S : nvmj = |{vi|vi ∈ V ∧ xi = j}| (4)

f) Migration Constraint.: The number of server
changes over all virtual machines is constrained:

cs = |{vi|vi ∈ V ∧ xi 6= xci}| (5)

g) ON Constraint.: A server is ON if it is hosting
at least one virtual machine:

∀vi∈V : xi = j =⇒ oj = 1 (6)

h) Initial State.: If the initial configuration is given
then the constraints ocj = initsj and xci = initvmi are
enforced for each sj ∈ S and vi ∈ V respectively.
Otherwise, the constraints ocj = oj and xci = xi are
enforced.

C. Objective Function

The objective is to minimise the sum of the following
costs:

i) Migration Cost: The migration cost is the total
number of server changes over all virtual machines
multiplied by the cost of migration:

Migcost × cs

j) Server Usage Cost: The total server usage cost
is the sum of all CPU costs incurred over all servers:∑
sj∈S

(
τj × resj0 + P idle

j × oj + P stby
j × (1− oj)

)
V. SOLUTION APPROACH

A VM can be associated with one of the following
states: running, suspended, newRequest.
• The state running means that a VM is currently

running on a server.
• The state suspended means that a VM is assigned

to a server but it is not running on it. However, it
may be consuming memory.

• The state newRequest means that a VM is not
created and it is not assigned to any server.

Algorithm 1 uses a greedy approach for assigning
VMs to servers to find a feasible solution. It receives

Algorithm 1 findGreedySolution(V, S, o)

1: uvars← {xi|vi ∈ V }; sol← ∅; fvars← ∅;
2: unassigned← ∅
3: for vi ∈ {vj ∈ V |state(vj) = running} do
4: if xi can be assigned to oi by satisfying all the

constraints then
5: xi ← oi
6: nvmxi

← nvmxi
+ 1

7: update resource consumption of server xi
8: else
9: unassigned← unassigned ∪ {vi}

10: end if
11: end for
12: for vi ∈ unassigned do
13: xi ← findSatisfiableMachine(vi)
14: nvmxi ← nvmxi + 1
15: update resource consumption of server xi
16: end for
17: for vi ∈ {vj ∈ V |state(vj) = newRequest} do
18: xi ← findSatisfiableMachine(vi)
19: nvmxi ← nvmxi + 1
20: update resource consumption of server xi
21: end for
22: for mj ∈M (which is an ordered set of machines)

do
23: for vi ∈ {vj ∈ V |xi = mj} do
24: mk ← findBetterMachine(vi,mj)
25: if mk 6= mj then
26: xi ← mk

27: nvmj ← nvmj − 1
28: nvmk]← nvmk + 1
29: update usages of servers mj and mk

accordingly
30: end if
31: end for
32: if nvmj = 0 then
33: put server mj in the standby mode
34: else
35: put server mj in the ON mode
36: end if
37: end for

as input the set of VMs V , the set of servers S, and a
vector o that denotes the current servers where the VMs
are running.

The algorithm first tries to assign the VMs that are
already running to their respective current servers for the
next time period (Lines 3–11). If for any reason a VM
cannot be assigned to its current server (e.g. due to an
increase in resource consumption of the already assigned
VMs of this server) then such VMs are collected in the
set unassigned.



A new server is sought for each unassigned VM,
resulting in the migration of such VMs (Lines 12–16).
The algorithm then tries to satisfy the newly arrived
requests for allocating VMs to servers (Lines 17–21).
The function findSatisfiableMachine returns a
server where a given VM can be created and run.

Once all the VMs are allocated to servers or migrated
to resolve overloaded servers, the algorithm further tries
to migrate VMs from least power-efficient servers to
most power-efficient servers (Lines 23–31). Beloglazov
et al. [19] propose a workload allocation approach called
Modified Best Fit Decreasing where VMs are sorted in
terms of decreasing CPU requirements and allocated to a
server that provides the least increase in power consump-
tion. We generate a static ordering on servers acoording
to the power efficiency relative to CPU usage. Based on
this ordering, VMs running on the least efficient server
are migrated to the most efficient server with available
capacity where possible and subject to the limit on the
number of migrations allowed. This consolidation will
result in the least inefficient servers not running any VM,
and consequently such servers have their state switched
to standby (Lines 32–36), further reducing the energy
cost.

VI. METRICS FOR EVALUATING OVERCONSUMPTION
OF RESOURCES

We now introduce a set of metrics to quantify the over-
utilisation of resources due to inaccuracies in predicted
consumption. Let T be a given set of time-periods. Let
resajkt be the actual (average) utilisation of a resource
k ∈ K on server sj ∈ S during time-period t. Let vmjt

be the set of virtual machines running on a server sj ∈ S
during time-period t. Let rmjt ⊆ vmjt be a minimal set
of virtual machines that if removed from server sj ∈ S
would result in no resource being over-utilised on server
sj during time-period t.

1) The average over-utilisation of a resource k over
all servers over all time-periods can be computed
as follows:

AROk =

∑
t∈T

∑
sj∈S max (resajkt −Rmax

jk , 0)

|T |

2) The following computes the average number of
servers that are over-utilised over a given set of
time-periods:

NSO =

∑
t∈T |{sj |res

a
jkt > Rmax

jk , sj ∈ S, k ∈ K}|
|T |

3) The average number of virtual machines whose
performance can be affected due to over-utilisation
of one or more resources is given by:

NVO =

∑
t∈T

∑
sj∈S,∃k∈Kresajkt>Rmax

jk
|vmjt|

|T |

TABLE I: Specification ranges for 132 servers.

Power (W) CPU (GHz) Memory
Max Idle Cores Speed (GB)

Min 90 30 8 2000 16
Avg 184.6 100.5 14.5 2657.6 117.7
Max 460 300 32 3200 256

4) The average minimal number of virtual machines
that would need to be removed from the over-
utilised servers is computed as:

NVR =

∑
t∈T

∑
sj∈S |rmjt|
|T |

VII. EVALUATION OF SERVER PERFORMANCE WITH
WORKLOAD PREDICTION.

The impact of inaccuracies in the prediction on work-
load optimisation was evaluated in simulation mode as
follows. The simulated data centre involved 132 servers,
of 9 different types, with specifications ranging as shown
in Table I. It should be noted that in this work we only
consider IT power consumption. We do not consider the
thermal impact of consolidation on the HVAC power
consumption.

Actual and predicted usage data was collected for each
of the 4 resources CPU, memory, disk, and network for
1008 time points for 583 VMs emulating the typical
workload patterns experienced by a webfarm based on
the traces from the Wikipedia Grid Report [20]. This
amounted to a sample every 10 minutes for 7 days.
Figure 3 presents CPU usage data for two randomly
chosen VMs across the 7 days. One can observe a clear
periodicity in both cases, albeit there are variations in the
magnitude and there is an inverse correlation between the
usage of the two VMs.
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Fig. 3: CPU usage for two sample VMs.

Server consolidation was performed based on pre-
dicted resource usage, i.e. VMs were migrated to servers
(in order of server preference) provided that the server
had sufficient available capacity on each of its four



resources according to the VM’s predicted resource
usage. The purpose of these experiments was solely to
assess the impact of inaccuracies when performing server
consolidation. Therefore, to remove vagaries imposed by
the migration limit, the experimental setup allowed un-
limited migrations in each time-period for this simulation
study.

The allocation in each time-period was then evaluated
based on actual resource usage. In particular, actual CPU
usage was used to compute the IT power consumption
of the servers in each time-period. Actual values were
also used for identifying the number of servers that had
over-consumed resources in a time-period (i.e. where
predicted usage of a resource was less than the capacity
but actual usage was greater than the capacity), and for
computing the metrics described in Section VI.

There were three baselines for the workload allocation
experiment, providing lower and upper bounds on the
performance with predicted VM resource usage.

1) The first baseline did not allow migrations so all
VMs were run on the same server from the initial
round robin allocation for all time periods. VMs
were initially spread across all servers which, cou-
pled with the limit on migrations, means that this
gives an upper bound on IT power consumption.

2) The second baseline allowed unlimited migrations,
with server consolidation performed based on ac-
tual resource consumption. This represents the ora-
cle, i.e. how good would performance have been if
the prediction was always 100% accurate.

3) The final baseline (StaticMaxVal) provided a stricter
upper bound than the 0 migration case. Server
consolidation was performed with unlimited mi-
grations, but the values used for resource usage
corresponded to the maximum over all 1008 time
periods for that resource on that VM. (In practice
the user would specify a value (much) greater
than this for each resource in order to guarantee
that there is no SLA violation on the user’s side.)
Therefore the value for each resource requirement
of each VM was fixed across time for this baseline,
and thus migrations were only needed in the first
time period.

A. Impact of prediction accuracy

Baseline results are first provided for perspective in
terms of power consumption (Fig. 4a) and number of
servers in ON state (Fig. 4b) in each time period.
Average power consumption for the 0 migration case was
18.2kW, with all 132 servers running in every time pe-
riod. Consolidation using the StaticMaxVal approach was
able to reduce average power consumption to 14.9kW,
requiring 13 fewer servers.

In comparison, the dynamic consolidation approaches
yielded much better results. The oracle had an average
consumption of 10.6kW (over 40% reduction in energy
consumption) with just 87.1 servers operating on average
over all time-periods. Allocation based on predicted
usage resulted in similar behaviour to the oracle, with
average power consumption of 10.6kWh (and a near-
identical value when predicted CPU usage was used in
calculation instead of actual CPU usage), and average
number of operating servers of 87.4.

Finally, one can observe in Fig. 4a periodic peaks and
troughs in total CPU consumption, with the result that for
the oracle often only half as many servers were required
for the off-peak times. This shows the benefits that can be
achieved through dynamic consolidation and migration,
unlike the VM-multiplexing approach of [7] which uses
a static consolidation.
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Fig. 4: (a) Power consumption and (b) Number of servers
in state ON per time period.

However, analysis of the results where prediction
values were used for deciding allocation revealed that
there was at least one server over-utilised in 995 of the
1008 time periods. In every case, CPU was over-utilised
while there were a small number of cases where disk
was also over-utilised (albeit always by less than 0.1%
of disk capacity).

Table II provides more detailed information regarding



the CPU over-utilisation of servers. The results reveal
that a significant number of servers were over-utilised
in the 995 runs where server over-utilisation occurred,
with 22 servers on average (the maximum number of
over-utilised servers in a time-period was 87).

The number of VMs affected by this over-utilisation
was typically in the hundreds (note this is not per server,
but summed across all over-utilised servers for each time
period), although in most cases the removal of only one
or two VMs would have been sufficient for the server to
return to safe performance.

The AROcpu metric shows that the CPU resource
of servers was typically over-utilised by approximately
7.3%. However the maximum of the over-utilisation in
a run was as much as 77% over the CPU capacity of the
servers averaged across all such servers.

TABLE II: Over-utilised server resource (CPU) statistics.

Servers NSO NVO NVR AROcpu AROcpu%
On

87.4 22.0 189.8 1.3 1877.2 7.3

B. Safety capacity for servers

We have shown that prediction inaccuracies (partic-
ularly under-predicting resource consumption) can have
a detrimental impact on the performance of VMs. One
method to mitigate this is to introduce a safety capacity
for each resource on each server. This allows a per-
centage of resource capacity to be kept as a buffer for
inaccuracies when allocating based on predicted values.
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Fig. 5: Safety Capacity Impact on Normalised Metrics

Figure 5 presents results for sample safety capacities
of 100% (i.e. no buffer), 90%, 80% and 50%. The
metrics shown are normalised values for: number of
runs (i.e. time periods) out of 1008 where at least one
server was over-utilised, NSO, AROcpu, average number

of servers running, and average power consumption
(normalised with respect to the first two baselines).

The first three metrics show the positive impact
of safety capacity in reducing server over-utilisation.
For example, the number of runs where server over-
utilisation occurs drops by nearly half with a safety
capacity of 90%, and is down to just one quarter of
runs with a safety capacity of 80%. However, even with
a safety capacity of 50% (i.e. holding back half the
capacity of each resource in reserve), over-utilisation still
occurred in 4% of the runs.

Furthermore, there is an obvious tradeoff between
buffer size and possible savings. Increasing the size of
buffer used will naturally decrease the likelihood of
over-utilisation, but will also reduce the consolidation
that can be performed and thereby decrease the possible
IT energy savings. This can be seen in the results for
average number of servers running and average power
consumption in Figure 5. Indeed, all 132 servers were
running in the majority of runs when the safety capacity
was 50%. This resulted in average power consumption of
16kW, which is 2kW less than the 0-migration baseline
and 6kW greater than the oracle.

C. Biasing towards over-prediction of VM demand

The results in the previous section illustrated that
safety capacity alone is not a sufficient measure to
minimise the likelihood of over-utilised servers. An
additional method is to incorporate the prediction error
in the VM demand and bias towards over-prediction,
adding the error directly to the prediction. There are a
number of ways the error could be computed, here we
used an exponentially weighted moving average of the
absolute prediction error (EWMAE).

A final method we investigated (referred to as
MaxLastEWMAE in the figures below) was to also factor
in the most recent resource usage when biasing towards
over-prediction. More specifically the biased demand
value (RB

ikt) of a VM vi for each resource k in each
time-period t is computed as the maximum of the actual
resource usage of that VM in the previous time-period
(Ra

ik(t−1)), and the error-adjusted prediction.

RB
ikt = max(Ra

ik(t−1), Rikt + Errik) (7)

We first present results in terms of impact on server
over-utilisation, in particular the number of time periods
where at least one server was over-utilised, the average
number of VMs/servers affected by the over-utilisation
across all time periods, and the percentage of resource
(CPU) that was over-utilised in the relevant cases. Fig. 6
compares the default prediction with the two adjusted
predictions (EWMAE for the exponentially weighted
moving average of the absolute prediction error alone,
and MaxLastEWMAE for the maximum of most recent
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Fig. 6: Impact of safety capacity and VM demand error margins on server over-utilisation.
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usage value and error-adjusted prediction) for different
safety capacities.

There is a significant improvement in performance in
both cases with the latter, as expected, slightly better
than the former. The combination of adjusted prediction
with safety capacity of even just 90% removed nearly
all server over-utilisation. For example, there were only
12 runs out of the 1008 where a server was over-utilised
with MaxLastEWMAE with 90% safety capacity, falling
to only 6 runs with a safety capacity of 80%. Conse-
quently the average number of servers/vms affected and
% AROcpu were all less than 1 with 90% safety capacity.

The negative impact of over-prediction bias is shown
in Fig. 7, with 6 more servers running with EWMAE and
MaxLastEWMAE on average than the default for safety
capacities 100%, 90%, and 80%. This was reflected
in the average power consumption which increased by
just under 1kW. Given the reduction in server over-
utilisation (and by extension possible SLA violations),
we believe this moderate increase in energy consumption
is an acceptable tradeoff.

VIII. CONCLUSION

Reducing energy consumption in data centres is of
growing importance, with server consolidation offering
one of the largest potential savings. In order to enable
dynamic consolidation, resource usage of VMs must
be predicted efficiently and accurately. Recent advances
in this area have been encouraging, but the impact of
inaccuracies in the prediction has not been considered
to any great level to date. In this work we have pre-
sented an analysis of the behaviour of prediction-based
server consolidation utilising values from a state-of-the-
art resource prediction method.

Although the prediction method has been shown to be
very accurate relative to a number of common metrics, it
was found in this work that consolidation using these val-
ues still resulted in considerable server over-utilisation.
Based on these findings, we proposed a number of
methods to mitigate the impact of prediction inaccuracy
while still allowing for considerable energy savings.
In particular, combining overbiasing on the predicted
demand side with resource buffers on the supply side was
found to provide a good tradeoff between minimising
SLA violations and minimising energy consumption.
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